
DOCTORAL THESIS

Integrated Sensing and User 
Localization in Reconfigurable 
Intelligent Surfaces-Assisted 
Dynamic Rich-Scattering 
Environments

Anum Umer

TALLINNA TEHNIKAÜLIKOOL

TALLINN UNIVERSITY OF TECHNOLOGY 
TALLINN 2026



 
 

TALLINN UNIVERSITY OF TECHNOLOGY 
DOCTORAL THESIS 

64/2026 

Integrated Sensing and User Localization 
in Reconfigurable Intelligent Surfaces-

Assisted Dynamic Rich-Scattering 
Environments 

ANUM UMER 

 

 



 
 

TALLINN UNIVERSITY OF TECHNOLOGY 
School of Information Technologies 
Thomas Johann Seebeck Department of Electronics 
This dissertation was accepted for the defence of the degree 02/09/2026  

Supervisor: Professor Muhammad Mahtab Alam, 
Thomas Johann Seebeck Department of Electronics, 
School of Information Technologies 
Tallinn University of Technology 
Tallinn, Estonia 
 

Co-supervisor: Dr. Ivo Müürsepp, PhD, 
Thomas Johann Seebeck Department of Electronics, 
School of Information Technologies 
Tallinn University of Technology 
Tallinn, Estonia 
 

Opponents: Professor Luca Reggiani, 
Dept. of Electronics, Information and Bioengineering, 
Politecnico di Milano 
Milan, Italy 
 
Professor Riku Jäntti, 
School of Electrical Engineering, 
Aalto University, 
Espoo, Finland 

Defence of the thesis: 09/10/2026, Tallinn 

Declaration: 
Hereby I declare that this doctoral thesis, my original investigation and achievement, 
submitted for the doctoral degree at Tallinn University of Technology has not been submitted 
for doctoral or equivalent academic degree. 

Anum Umer  

 signature 
 
Copyright: Anum Umer, 2026 
ISSN 2585-6901 (PDF) 
ISBN 978-9916-80-560-2 (PDF) 
https://doi.org/10.23658/taltech.64/2026 
 
 
 
Umer, A. (2026). Integrated Sensing and User Localization in Reconfigurable Intelligent 
Surface-Assisted Dynamic Rich Scattering Environments [TalTech Press]. 
https://doi.org/10.23658/taltech.64/2026 



 
 

TALLINNA TEHNIKAÜLIKOOL 
DOKTORITÖÖ 

64/2026 

Lõimitud tuvastamine ja lokaliseerimine 
peegeldusterikkas keskkonnas 

ümberkonfigureeritavate tarkade 
pindade abil 

ANUM UMER 

 

 





Contents

List of Publications . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7
Author’s Contributions to the Publications . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8
Abbreviations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10
1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 121.1 Problem Statement and Research Questions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 121.2 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 131.3 Thesis Outline . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14
2 Reconfigurable Intelligent Surfaces in 6G Radio Localization . . . . . . . . . . . . . . . . . . . . . . 162.1 RIS-assisted Radio Localization . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 162.2 Review Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 182.3 Overview of RIS Operation. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 192.4 Fundamentals of RIS-Assisted Localization. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 192.5 RIS-Assisted Localization Taxonomy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 222.6 State of the Art in RIS-Assisted Radio Localization. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 232.6.1 Outdoor and Far-field Localization . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 232.6.2 Indoor Localization . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 242.6.3 Near-field Localization . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 242.6.4 RIS Hardware . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 242.7 Challenges and Research Gaps . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 252.8 Related Work for RIS-assisted Localization in Rich-Scattering Environments. 262.8.1 RIS Configuration Codebooks for Localization . . . . . . . . . . . . . . . . . . . . . . . . 262.8.2 Adaptive RIS Configuration Design for Localization . . . . . . . . . . . . . . . . . . . 272.9 Summary and Research Gaps . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29
3 RIS Configuration Codebooks for User Localization in Dynamic RSE . . . . . . . . . . . . . . . 313.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 313.2 System Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 313.2.1 Problem Formulation. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 333.3 RIS Configuration Codebook Design Approach . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 333.4 Performance Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 343.4.1 Simulation Setup . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 343.4.2 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 363.5 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37
4 Adaptive RIS Configuration Design by Environmental Sensing for User Localiza-tion in RSE . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 384.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 384.2 System Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 384.2.1 Channel Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 404.2.2 Signal Transmission and Reception . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 414.2.3 Problem Formulation. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 424.3 Adaptive biLSTM-based Localization Approach . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 434.3.1 Loss Function . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 444.4 Performance Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 454.4.1 Simulation Setup . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

5



4.4.2 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 464.5 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52
5 Integrated Sensing, User Location and Orientation Estimation in Dynamic RIS-Assisted RSE . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 535.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 535.2 System Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 535.2.1 Signal Transmission and Reception . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 545.2.2 Problem Formulation. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 555.3 Joint User Location and Orientation Estimation Approach . . . . . . . . . . . . . . . . . . . . 565.3.1 Loss Function . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 575.4 Analytical-Modeling-based approach forUE Localizationwith Environmen-tal Sensing in RSE . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 585.4.1 BCRLB Calculation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 595.5 Performance Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 615.5.1 Simulation Setup . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 615.5.2 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 635.6 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64
6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 706.1 Limitations and Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71
List of Figures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73
List of Tables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75
Acknowledgements . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85
Abstract . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 86
Kokkuvõte . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88
Appendix 1 Reconfigurable Intelligent Surfaces in 6G Radio Localization: A Survey ofRecent Developments, Opportunities, and Challenges . . . . . . . . . . . . . . . . . . . . . . . . . . . . 91
Appendix 2 Reconfigurable Intelligent Surfaces in Dynamic Rich Scattering Environ-ments: biLSTM-Based Optimization for Accurate User Localization . . . . . . . . . . . . . . . 129
Appendix 3 Adaptive RIS Configuration Design with Environmental Sensing for UserLocalization in Dynamic Rich Scattering Environment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 137
Appendix 4 Integrated Sensing, User Location and Orientation Estimation in RIS-Assisted Dynamic Rich Scattering Environment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 153
Curriculum Vitae . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 168
Elulookirjeldus . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 170

6



List of Publications
The present Ph.D. thesis is based on the following publications that are referred to in thetext by Roman numbers.

Publications

I A. Umer, I. Müürsepp, M. M. Alam, and H. Wymeersch, “Reconfigurable IntelligentSurfaces in 6g Radio Localization: A Survey of Recent Developments, Opportunities,and Challenges,” IEEE Communications Surveys & Tutorials, vol. 27, no. 6, pp. 3526–3560, 2025II A. Umer, I. Müürsepp, and M. M. Alam, “Reconfigurable Intelligent Surfaces in Dy-namic Rich Scattering Environments: BiLSTM-Based Optimization for Accurate UserLocalization,” in 20243rd International Conference on6gNetworking (6gNet), pp. 122–126, 2024III A. Umer, I. Müürsepp, and M. M. Alam, “Adaptive RIS Configuration Design With En-vironmental Sensing for User Localization in Dynamic Rich Scattering Environment,”
IEEE Transactions on Mobile Computing, vol. 25, no. 7, pp. 9770–9783, 2026
Under Review

IV A. Umer, I. Müürsepp, andM.M. Alam, “Integrated Sensing, User Location and Orien-tation Estimation in RIS-Assisted Dynamic Rich Scattering Environment,” IEEE Trans-
actions on Wireless Communications (Under review), 2026

7



Author’s Contributions to the Publications
I Publication I: In this paper, I was the first author. I provided a comprehensive surveyof reconfigurable intelligent surfaces (RIS) for sixth generation (6G) radio localiza-tion, reviewing their capabilities, deployment scenarios, and recent advancementsin RIS-assisted localization techniques. I presented a taxonomy of RIS based local-ization approaches and I discussed key challenges, limitations, and future researchdirections for integrating RIS into 6G networks. I identified the research questionsfor systematic literature review, I defined the search string and identified the ap-propriate databases to find the most relevant literature, I filtered it on the basis ofpredefined inclusion and exclusion criteria, I prepared the figures and tables, and Iwrote themanuscript with supervisors’ guidance, and I revised it based on reviewers’comments.
II Publication II: In this paper, I was the first author. I defined the problemof user equip-ment (UE) localization in a downlink single-input-single-output (SISO) RIS-assistedcommunication system in an indoor rich-scattering environment (RSE). I presenteda codebook-based approach for optimizing RIS configurations in dynamic RSE to im-prove UE localization accuracy. I proposed a data-driven model to learn the rela-tionship between varying wireless channels and RIS configurations and I created andtested a codebook for RIS configurations that improved UE localization accuracy. Iwrote the experiments code and conducted simulations for data generation, I wrotethe code for data processing, I designed themodel and used the data to train and testthemodel. I analyzed the results and evaluated the performance of the proposed ap-proach, I prepared the figures and tables, I wrote the manuscript with supervisors’guidance, and I revised it based on reviewers’ comments.
III Publication III: In this paper, I was the first author. I addressed the problem of adap-tive RIS configuration design for UE localization in downlink SISO and multiple-input-multiple-output (MIMO) RIS-assisted communication system in an indoor RSE. I pro-posed an adaptive learning-based localization approach using a data-driven modelto capture temporal correlations in measurements and sequentially update RIS con-figurations. I wrote the experiments code and conducted simulations for data gen-eration, I designed the model and used the data to train and test the model. I wrotethe codes for baseline approaches, I trained and tested themwith the simulated dataand evaluated their performance against proposed approach. I prepared the figuresand tables, I wrote the manuscript with supervisors’ guidance, and I revised it basedon reviewers’ comments.
IV Publication IV: In this paper, I was the first author. I addressed the problem of up-link UE location and orientation estimation in indoor RSEs for a MIMO RIS-assistedcommunication system. I proposed an approach to adaptively sense the environmentwith the help of RIS and to sequentially design the RIS configuration, BS beamformingand UE beamforming vectors, using the sequence of pilot transmissions from the UEto the BS. I wrote the experiments code and conducted simulations for data genera-tion, I trained a data-driven network based controller and used data to train and testit. I derived the Bayesian Cramér-Rao lower bound (BCRLB) based estimator for UElocation and orientation estimation in the RSE; supervisors reviewed and verified thederivation. I wrote the codes for baseline approaches, I trained and tested themwiththe simulated data and evaluated their performance against proposed approach. Iconducted experiments to evaluate the proposed approach under various RSE condi-

8



tions to test its robustness. I prepared the figures and tables, I wrote the manuscriptwith supervisors’ guidance, and I revised it based on reviewers’ comments.

9



Abbreviations

2D two dimensional3D three dimensional5G fifth generation6G sixth generationAI artificial intelligenceANN artificial neural networkAoA angle-of-arrivalAoD angle-of-departureBCRLB Bayesian Cramér-Rao lower boundBi-ARULN Adaptive RIS-Assisted User Localization NetworkbiLSTM bidirectional long short-term memoryBi-SEN Scattering Estimation NetworkBO Bayesian OptimizationBS base stationCDF cumulative distribution functionCNN convolutional neural networkCRB Cramér-Rao boundCRF conventional radio frequencyCRLB Cramér-Rao lower boundCS compressive sensingCSI channel state informationDFL device-free localizationDL deep learningDNN deep neural networkDSP digital signal processorsFIM Fisher information matrixFPGA field-programmable gate arraysGDoP geometric dilution of precisionGNSS global navigation satellite systemsIoT internet of thingsISAC integrated sensing and communicationJCAL joint communication and localizationLoS line-of-sightLSTM long short-term memoryMCRB misspecified Cramér-Rao boundMIMO multiple-input-multiple-outputMISO multiple-input-single-outputML machine learningMLE maximum likelihood estimationmmW millimeter waveMSE mean square errorMUSIC multiple signal classificationNLoS non-line-of-sightOEB orientation error boundOFDM orthogonal frequency division multiplexingOTFS orthogonal time frequency spacePEB position error bound

10



REB rotation error boundRF radio frequencyRIS reconfigurable intelligent surfacesRL reinforcement learningRMSE root mean squared errorRSS received signal strengthRSE rich-scattering environmentRSEs rich-scattering environmentsRNN recurrent neural networkRTT round-trip timeSIM stacked intelligent metasurfacesSIMO single-input-multiple-outputSISO single-input-single-outputSL sidelinkSLAC simultaneous localization and communicationSLAM simultaneous localization and mappingSNR signal-to-noise ratioSO scattering objectSOs scattering objectsSTAR simultaneously transmitting and reflectingTDoA time-difference-of-arrivalTHz terahertz bandToA time-of-arrivalTOF time-of-flightUAV unmanned aerial vehicleUE user equipmentUL uplinkUWB ultra wide bandVLP visible light positioning

11



1 Introduction
Wireless communication networks are undergoing a fundamental transformationwith theadvent of sixth generation (6G) systems. Among the most critical capabilities envisionedfor 6G is centimeter-level radio localization, the ability to determine the position and ori-entation of a user equipment (UE) with high accuracy, low latency andminimal infrastruc-ture overhead [5]. Achieving this goal in complex environments, such as indoor spaces andrich-scattering environments (RSEs) populated bymultiple dynamic scatterers, representsone of the most demanding technical challenges in modern wireless research [6, 7, 8].

Reconfigurable intelligent surfaces (RIS) have emerged as a pivotal technology for 6Glocalization. A RIS consist of a planar array of passive or active electromagnetic elementswhose reflection, transmission, or absorption properties can be tuned electronically [6, 7].By controlling the phase and amplitude of the reflected signals, a RIS can reshape wire-less propagation to create favorable channel conditions for communication, sensing, andlocalization. Crucially, RIS can create low cost, low power virtual anchor points throughcontrollable reflections, enabling accurate localization with fewer physical base stations(BSs) and extending coverage into non-line-of-sight (NLoS) areas that are inaccessible totraditional systems [8]. In hybrid-mode operation, RIS can sense as well as reflect the sig-nals, enabling it to perform environmental sensing alongside assistance in communicationand localization [9]. It can, thus, assist in integrated sensing and communication (ISAC)implementation with the integration of sensing, localization and communication within aunified framework, enabling more efficient spectrum usage, improved situational aware-ness, and enhanced system performance, which are expected to be key capabilities in 6Gnetworks.
Despite their promise, the deployment of RIS for UE localization in dynamic RSEs,where multiple scattering objects (SOs) move along unpredictable or partially predictabletrajectories, introduces significant technical challenges. The wireless channel in such en-vironments is highly nonlinear and varies in time, making it difficult to obtain accuratechannel models or rely on static RIS configurations [10, 11, 12]. Furthermore, existing lo-calization approaches predominantly rely on simplified channel assumptions, fixed RISconfigurations, or scattering-agnostic models, all of which degrade in performance whenthe propagation environment changes continuously [13]. Therefore, there is a need foradaptivemethods that can sense the environment, intelligently design RIS configurations,and accurately estimate UE location parameters.

1.1 Problem Statement and Research Questions
A dynamic RSE is characterized by multiple simultaneously active SOs, representing, forexample, human occupants or moving machinery, whose positions vary over time andwhose collective effect on the wireless channel is analytically intractable via conventionalcascaded channel models. This setting is representative of indoor deployment scenariossuch as industrial facilities, warehouses, and smart buildings. In a dynamic RSE, three in-terrelated difficulties compound the localization problem. First, the relationship betweenthe RIS configuration, the channel observed at theUE, and theUE location is nonlinear andenvironment-dependent, ruling out closed-form analytical solutions. Second, the channelchanges continuously as the SOs move, meaning that a fixed RIS configuration or a staticRIS configuration selected during an offline calibration phase may quickly become subop-timal. Third, localization accuracy must be maintained despite these temporal variationswithout requiring frequent offline retraining or exact knowledge of the SO’ positions.

Informed by these observations, the thesis pursues four research questions:
12



• RQ1: What is the current state of research on RIS-assisted radio localization in 6Gnetworks and what are the key developments, opportunities, and challenges in thefield?• RQ2: How can a codebook-based RIS configuration approach, combined with adata-driven learning model, be designed to improve UE localization accuracy in dy-namic RSEs?• RQ3: How can an adaptive, sensing-assisted RIS configuration strategy be devisedthat dynamically responds to temporal variations in the scattering environment tominimize UE localization error without relying on a fixed codebook?• RQ4: How can the adaptive sensing and RIS configuration approach be extended tojointly estimate UE location and orientation while simultaneously designing BS andUE beamforming vectors, and how does a learning-based design compare with ananalytically derived one?
The findings from RQ1 formed the basis for formulating the remaining three interre-lated research questions. Research questions RQ1 through RQ4 examine enhancementsachieved through procedural, algorithmic, and signal processing techniques applied todata originating from the channel simulator.

1.2 Contributions
To answer the research questions posed in the previous subsection, this thesis makes thefollowing four contributions, each corresponding to one of the four publications on whichit is based.

Contribution 1 — Survey of RIS-Assisted Radio Localization (Chapter 2). To ad-dress RQ1, a comprehensive survey of RIS-assisted radio localization in 6G networksis presented. It introduces a detailed taxonomy spanning application scenarios, lo-calization measurement modalities, RIS types and deployment configurations, localiza-tion algorithms, and performance metrics, and consolidates recent developments acrossoutdoor/far-field, indoor, and near-field scenarios. The survey also identifies open re-search challenges, including artificial intelligence (AI)-controlled RIS-assisted localization,mobile and multi-user localization, integrated sensing, localization and communication,and hardware standardization. Unlike prior RIS localization surveys, it provides a unifiedtaxonomy that explicitly couples the sensing and localization roles of the RIS and framesopen research problems. (Publication I).
Contribution 2 — Codebook-Based RIS Configuration Design in Dynamic RSE (Chap-

ter 3). To address RQ2, a codebook-based approach for optimizing RIS configurations insingle-input-single-output (SISO) dynamic RSE is proposed. A data-drivenmodel learns themapping from the wireless channel, comprising both the UE-side and sensing-elementchannels, to the optimal RIS configuration and UE location, exploiting a subset of sens-ing RIS elements to estimate the scattering-object (SO) state and selecting the optimalconfiguration from a pre-learned codebook at runtime. Experiments show that enlargingthe codebook reduces the mean square error (MSE) of UE localization relative to randomRIS configurations. Unlike prior codebook methods indexed only by UE geometry, thecodebook is conditioned on an estimated scattering state, removing the geometry-onlyassumption (Publication II).
Contribution 3 — Adaptive RIS Configuration Design with Environmental Sensing

(Chapter 4). To address RQ3, an adaptive localization approach is developed that removesthe dependence on a fixed codebook by sequentially designing RIS configurations fromaccumulated measurements and environmental sensing. A data-driven model estimatesthe dynamic SOs positions, which move along predefined trajectories, from RIS sensing-
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element observations, and uses the estimated scattering state to design the next RIS con-figuration and ultimately estimate the UE position. Evaluated in both SISO and multiple-input-multiple-output (MIMO) configurations, it yields consistent improvements in lo-calization accuracy over codebook-based, random-configuration, and scattering-unawarebaselines. Unlike prior RIS sequential configuration designs, scattering is explicitly esti-mated and fed into sequential design, making the proposed method suitable for environ-ments characterized by rich-scattering (Publication III).
Contribution 4 — Integrated Sensing, Beamforming, and Joint Location and Orien-

tation Estimation (Chapter 5). To address RQ4, the adaptive approach of Contribution3 is extended to the uplink scenario, where the BS jointly estimates the UE position andorientation while designing RIS configurations and BS and UE beamforming vectors acrosssequential time frames. The data-driven controller adaptively senses an RSE containingmultiple randomly moving SOs and produces the RIS configuration and the BS and UEbeamforming vectors, and an analytical design based on the conditional Bayesian Fisherinformation is derived to provide a benchmark against the learning-based approach. Ex-periments under varied SO densities, RIS sizes, RIS deployment geometries, and signal-to-noise ratio (SNR) conditions confirm the gains of the proposed approach against all base-lines. The main novelty lies in joint sequential co-design of RIS configuration and BS, UEbeamforming for location and orientation in dynamic RSE, with theoretical benchmarking(Publication IV).Table 1 is mapping each RQ onto its corresponding publication and chapter.
Table 1: Mapping of research questions, publications, and corresponding chapters.

Research Question Publication ChapterRQ1 Publication I Chapter 2RQ2 Publication II Chapter 3RQ3 Publication III Chapter 4RQ4 Publication IV Chapter 5

1.3 Thesis Outline
The remainder of this thesis is organized as follows.• Chapter 2 presents an overview of the comprehensive survey of RIS-assisted radiolocalization in 6G networks, covering principles of RIS operation, the localizationtaxonomy, state of the art in deployment scenarios, and research challenges. Italso reviews the closely related literature for subsequent chapters of this thesis, in-cluding RIS-assisted localization, codebook-based RIS design for UE localization, andadaptive sensing-assisted UE localization, from the perspective of their applicationin RSE.• Chapter 3 describes the codebook-based approach for UE localization in dynamicRSEs, including the system model, the learning approach, and the experimentalevaluation.• Chapter 4 describes the adaptive RIS configuration design using the environmentalsensing, learning approach, its training and evaluation in SISO and MIMO settings,and performance evaluation against baselines.• Chapter 5 addresses the joint location and orientation estimation of the UE with in-tegrated sensing and adaptive beamforming design, including the analytical bench-mark.
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• Chapter 6 concludes the thesis with a summary of contributions, and directions forfuture work.Appendices 1 to 4 reproduce, in full, Publications I to IV on which this thesis is based.

15



2 Reconfigurable Intelligent Surfaces in 6G Radio Localization
In this chapter, an overview of RIS-assisted radio localization in 6G networks including RISoperation principles, explanation of fundamentals of RIS-assisted localization through abasic system scenario, and brief discussion on comprehensive taxonomy of RIS-assistedlocalization is presented. It also presents the state-of-the-art in RIS-assisted localizationacross outdoor/far-field, indoor, and near-field scenarios while identifying the researchgaps. Afterwards, it provides an overview of more focused related work relevant to thesubsequent chapters of this thesis.

This chapter is primarily based on Publication I:
• A. Umer, I. Müürsepp, M. M. Alam, and H. Wymeersch, “Reconfigurable IntelligentSurfaces in 6g Radio Localization: A Survey of Recent Developments, Opportunities,and Challenges,” IEEE Communications Surveys & Tutorials, vol. 27, no. 6, pp. 3526–3560, 2025

2.1 RIS-assisted Radio Localization
RIS are engineered metasurfaces consisting of a large number of individually controllableelectromagnetic elements, each capable of adjusting the phase, amplitude, and polar-ization of incident radio waves in real time [14, 15]. In contrast to conventional arrayelements that actively transmit signals, RIS elements are typically passive and requireminimal power consumption. Their collective behavior is governed by a central con-troller, which configures each element according to channel conditions and system objec-tives [16, 17]. This programmability enables RIS to dynamically manipulate the reflection,transmission, and absorption of electromagnetic waves, offering a high degree of controlover the wireless propagation environment [18].

One of the most promising applications of RIS is in radio-signal based localization. Tra-ditional localization systems without RIS typically require at least four synchronized BSsto determine the location of a UE with reduced error, leading to significant infrastructuredemands [19, 20]. RIS technology alleviates this requirement by introducing additionalcontrollable propagation paths between a single BS and the UE. Acting as a virtual anchorwith a known location, RIS provides additional angular and delay diversity that enhanceslocalization performance [14, 21], as shown in Figure 1. Information embedded in reflectedsignals, such as time-of-arrival (ToA), angle-of-arrival (AoA), and angle-of-departure (AoD),received signal strength (RSS) and channel state information (CSI) can be extracted andused to estimate the location of the UE by geometric inference [20]. Analytical studiesshow that the localization root mean squared error (RMSE) decreases as the RIS aper-ture increases and as multiple RIS units are spatially distributed [22, 23, 24]. RIS improveslocalization in challenging environments by creating virtual LoS paths in NLoS scenariosat millimeter wave (mmW) and terahertz band (THz) frequencies and enabling iterativeaccuracy refinement through adaptive configurations, supporting applications such as si-multaneous localization andmapping (SLAM), joint communication and localization (JCAL)and integrated sensing and communication (ISAC) [14, 19, 25, 26, 21, 18, 27].
Several review papers address localization fundamentals, though most focus on spe-cific signal types, environments, or localization methods. For example, the topic of indoorlocalization is surveyed in [28, 29, 30, 31, 32], outdoor localization in [33, 34, 35], and local-ization in ground-air-space networks in [36]. Regarding signal types, radio-based localiza-tion is covered in [29, 37, 32], while visible light positioning (VLP) is reviewed in [38]. Sur-veys have also examined localization techniques such as SLAM [33, 29], multi-dimensionalscaling [39], and machine learning (ML) methods [31, 40]. Application-oriented surveys
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(a) Conventional non-RIS-assisted localization network.

(b) RIS-assisted localization network.

Figure 1: Illustration of non-RIS-assisted and RIS-assisted localization networks.

have explored device-free localization (DFL) [35], autonomous driving [33, 34, 41], pedes-trian localization [40], emergency response [28], and network localization [29]. More re-cent works investigate localization use cases in 6G [42], enabling technologies for beyondfifth generation (5G) and 6G such as RIS [14, 18], localization algorithms and signal pro-cessing techniques for 6G [43, 44, 45], as well as joint communication, localization, andsensing through ISAC [46, 18] and high-frequency localization [14, 18, 47, 43]. A broad
17



overview of localization in 6G is presented in [42].Several studies have investigated the role of RIS in 6G systems, including its use in radiolocalization and mapping [14, 18], as well as signal processing techniques in RIS-assistednetworks [43, 44, 45]. A tutorial on high-frequency radio localization with RIS is providedin [47]. The area of IoT positioning is surveyed in [48]; however, its limited scope doesnot fully capture the broader research landscape of RIS-assisted localization in 6G, nordoes it include the latest developments. Its lack of reproducibility also restricts its util-ity for validation and future extensions. The concept of RIS-enabled ISAC is introduced inthe tutorial in [27]. In addition, [19] studies RIS across different network settings, includ-ing SISO, MIMO, multiple-input-single-output (MISO), and single-input, multiple-output(SIMO). Performance gains of RIS over conventional wireless designs in smart environ-ments are further discussed in [49], with emphasis on architecture, deployment, band-width, and coverage.In general, substantial effort is being devoted to advancing RIS for localization. Tostrengthen understanding of the fundamentals of RIS-assisted radio localization and iden-tify open research directions, a comprehensive survey that, in contrast to existing sur-veys and tutorials, emphasizes the role of RIS in radio localization by outlining its poten-tial applications and introducing a taxonomy for RIS-assisted localization, presenting anoverview of recent studies on the role of RIS in radio localization for 6G networks remainsessential. This work brings together and extends existing knowledge to support furtherprogress in RIS-assisted localization within 6G networks.
2.2 Review Method
The survey has been conducted following a systematic methodology to ensure complete-ness, reproducibility, and relevance. The sub-research questions guiding the reviewwere:1. How has RIS been used for localization in 6G networks?2. What are the current trends and developments in RIS technology for 6G radio lo-calization?3. What are the future directions, technical challenges, and limitations of RIS-assistedradio localization?The search string was defined by combining two keyword groups. The first group cov-ered RIS terminology, including “intelligent reflecting surface,” “reconfigurable intelligentsurface,” “RIS,” “IRS,” “LIS,” and “large intelligent surface.” The second group covered lo-calization terminology, including “localization” and “positioning,” combinedwith the “6G”qualifier. The resulting combined search stringwas applied to digital databases such as theIEEE Xplore digital library, covering journal papers, workshop papers, and conference pub-lications. Backward referencing was additionally employed to identify relevant works notcaptured by the primary search.Inclusion and exclusion criteria were applied to the collected literature. Duplicate pub-lications, for example where both a preprint and a published version were collected, wereresolved in favor of the published version. All remaining studies were assessed for rele-vance to RIS-assisted localization in 6G, and only those presenting a method, approach,or technique for this purpose were included in the final corpus. Full-text analysis was per-formed for all included papers to ensure accurate characterization of their contributions,techniques, and performance metrics.From an initial set of 187 records identified through database searches and back-ward referencing, 19 were removed during duplication screening, 23 during title/abstractscreening, and 12 during full-text assessment, leaving 133 studies that form the basis ofthis review.
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2.3 Overview of RIS Operation
RIS are an advanced electromagnetic surface composed of a large number of tunable ele-ments, each capable of modifying the amplitude, phase, and polarization of incident elec-tromagnetic waves either by reflection, refraction, or absorption [50]. These individualelements are typically small, low-cost, and programmable, enabling the surface to adaptdynamically to varying channel conditions and operational requirements [14, 18]. The keydifferentiator of RIS from conventional antenna arrays is that RIS elements are predomi-nantly passive, consuming little or no power, and their collective response is coordinatedby a central controller that adjusts the configuration of each element [27, 15].

RIS operates through several distinct modes. Passive reflective RIS is the most widelystudied variant that alters the phase of incident signalswithout active amplification, actingas a programmable mirror that shapes and directs radio waves toward desired directions[17]. Each element reflects the incoming signal via a copper backplane, and the overallreflection is described by a diagonal reflection coefficient matrix whose entries encodethe amplitude and phase applied by each element, as shown in Figure 2a. Active reflec-tive RIS extends this by incorporating amplification circuitry, as shown in Figure 2b, allow-ing the reflected signal to be boosted at the cost of additional power consumption [51].Transmissive RIS, also known as simultaneously transmitting and reflecting (STAR) RIS, al-lows signals to pass through the surface while modifying their properties, enabling full360-degree spatial coverage rather than half-space coverage available from conventionalreflective designs [17, 52], as shown in Figure 2c. RIS with non-diagonal phase control in-troduces inter-element signal routing, allowing the signal incident on one element to bereflected from a different element, providing additional degrees of freedom for beam-forming and localization [53]. Hybrid sensing-and-reflecting RIS use meta-atoms that cansimultaneously sense and reflect incident waves, enabling the surface to estimate chan-nel parameters and perform localization-relevant measurements alongside its reflectivefunction [9]. This mode of RIS operation is used in the contributions of this thesis.
From a hardware perspective, RIS can be fabricated using low-cost printed circuitboard technology and can be mounted on building facades, walls, ceilings, or even un-manned aerial vehicles (UAVs) [18]. Their limited power requirements and passive oper-ation make them attractive for large-scale deployment in 6G networks, where coverage,energy efficiency, and spectral utilization are all critical considerations.

2.4 Fundamentals of RIS-Assisted Localization
The introduction of RIS into the localization network addresses three fundamental limita-tions of conventional localization infrastructure. First, conventional systems require over-provisioned BS deployments to ensure sufficient geometric diversity for localization, eventhough a single BS is sufficient for communication [19]. RIS provides additional geomet-ric anchors without requiring active hardware infrastructure, reducing deployment costssubstantially [54, 55, 26]. Second, even large-scale MIMO BSs offer limited angular reso-lution at sub-6 GHz and higher frequencies, restricting localization accuracy in multipathenvironments. RIS, operating atmmWor THz frequencies where its electrically large aper-ture provides fine angular resolution, enables centimeter-level localization with a singleBS [14]. Third, ToA-based localization at sub-6 GHz requires nanosecond-level synchro-nization among multiple BSs, a significant engineering challenge. With RIS providing aknown, synchronized reflection path, synchronization requirements can be substantiallyrelaxed [19].

RIS-assisted localization also offers significant benefits in NLoS scenarios, where the
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Figure 3: Flowchart demonstrating the typical processing phases in RIS-assisted localization in 6G
networks. In the downlink scenario, the transmitted signal received at the UE is used for channel
parameters estimation and UE localization. Tracking information is utilized to optimize the RIS con-
figuration.

direct path between the BS and UE is obstructed by walls, furniture, or other objects. Insuch environments, RIS acts as a programmable reflector that creates a virtual LoS pathfrom the BS to the UE, restoring geometric diversity and enabling localization that wouldotherwise be infeasible [56]. This property is particularly valuable in indoor environmentsincluding industrial facilities, hospitals, and smart homes, where LoS blockages are com-mon.
RIS-assisted localization exploits the controllable electromagnetic properties of RIS tocreate additional signal paths between the BS and the UE. Single-anchor localization isalready attainable without RIS such that a BS with a sufficiently large array can estimatethe AoA or AoD and, when the geometry of the surrounding scatterers is known, can ex-ploit deterministic reflections as additional pseudo-anchors. These approaches, however,place the entire burden of geometric diversity on the array aperture and on prior knowl-edge of the environment, and they degrade when the reflecting geometry is unknown ortime varying. In a standard non-RIS localization network operating at sub-6 GHz frequen-cies and relying on time-difference-of-arrival (TDoA) or ToA measurements, four or moresynchronized BSs are typically required to determine the three-dimensional UE position.The contribution of the RIS is that the reflection center is at a known location and its re-sponse is programmable, so the additional propagation paths are both identifiable andcontrollable rather than incidental. A single BS combined with one or more RIS can there-fore achieve accurate localization while relaxing the requirement for over-provisioned an-chor deployments and for prior knowledge of the passive scattering geometry.
The typical processing phases of the RIS-assisted localization network are shown inFigure 3. The fundamental signal model for RIS-assisted localization considers a multi-antenna BS transmitting known pilot symbols xn,k on multiple subcarriers n, which prop-agate to the UE via a direct path (if unobstructed) and via RIS-reflected paths, altered bythe channel Hn,k [57]. The received signal at the UE yn,k = Hn,kxn,k +nn,k, observed overmultiple frequencies and time slots, encodes information about the ToA of each path τ ,the AoA at the UE θ , and the AoD φ , at the BS. These channel parameters are geometri-cally related to the positions and orientations of the BS, the RIS, and the UE. By estimating
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Figure 4: Illustration of RIS-assisted localization taxonomy.

these parameters f̂(.) from the received pilots and mapping them to the UE state throughthe known geometric relationships, the UE can be localized with accuracy that scales fa-vorably with signal bandwidth and array aperture [57, 58].
The RIS configuration ΩΩΩk directly controls the properties of the RIS-reflected signal,including its strength and direction. Optimizing the RIS phase profile to maximize theFisher information contained in the received signal about the UE state is therefore a cen-tral problem in RIS-assisted localization. This optimization can be performed offline usingprior location information, or adaptively using sequential channel measurements, as inthe contributions of this thesis.

2.5 RIS-Assisted Localization Taxonomy
RIS-assisted localization systems can be characterized along five dimensions: applicationscenario, localization measurements, RIS type, RIS configuration and deployment, andlocalization algorithm and performance evaluation. This taxonomy is illustrated in Figure 4and provides a structured framework for comparing and positioning the existing literatureand approaches.

In terms of application scenario, localization systems can be deployed in indoor oroutdoor environments [48]. Indoor environments are characterized by dense multipath,NLoS conditions, and limited propagation range,making RIS particularly valuable for creat-ing controlled reflection paths and enhancing signal diversity [59]. Outdoor environmentsbenefit from larger propagation distances and the ability to leveragemmWand THz bandswith large RIS apertures for high angular resolution [60].
The primary localization measurements used in RIS-assisted systems are ToA, AoA,AoD, RSS, and CSI [61]. ToA-based methods extract path delay information with a reso-lution determined by signal bandwidth [62]. AoA and AoD-based methods exploit spatialinformation from antenna arrays. RSS-based methods use the signal power attenuation,which depends on the distance and the propagation environment [63]. CSI-based meth-ods use the full channel frequency response, which encodes both delay and spatial infor-mation [64].
Localization algorithms can be broadly classified intomodel-based and learning-basedapproaches [47]. Model-based approaches, including geometry-based trilateration and
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Figure 5: Systematic classification of RIS-assisted localization research.

triangulation, Kalman filtering [65], and CRLB-minimizing optimization, exploit the geo-metric relationship between the channel parameters and the UE state [57, 58]. Thesemethods are analytically transparent and do not require training data, but they are sensi-tive to model mismatch and may fail in complex propagation environments. Learning-based approaches, including fingerprinting [37] with deep neural network (DNN) andconvolutional neural network (CNN), deep reinforcement learning (RL), and recurrentnetwork-based sequential estimation, can handle nonlinear and non-Gaussian settingsand are trained directly on observed data [66, 47, 67], at the cost of requiring representa-tive training datasets.
2.6 State of the Art in RIS-Assisted Radio Localization
The reviewed literature is classified into three deployment scenarios: outdoor and far-fieldlocalization, indoor localization, and near-field localization, as shown in Figure 5. Acrossall categories, there is a clear trend toward high-frequency operation at millimeter wave(mmW) and terahertz band (THz) bands, where RIS provides large aperture gains and finespatial resolution, and passive reflective RIS is the most commonly studied configuration.
2.6.1 Outdoor and Far-field Localization
Outdoor and far-field RIS-assisted localization studies span both conventional radio fre-quency (CRF) bands below 24 GHz and high-frequency bands at mmW and THz frequen-cies. At CRF bands, research has demonstrated that a single RIS combined with one BScan replace multiple BSs in TDOA-based localization, offering centimeter-level positioningaccuracy while reducing infrastructure requirements [68]. Studies at these frequencieshave explored RSS fingerprintingwith RIS formulti-user outdoor positioning, fundamentalperformance limits through Fisher information analysis, joint communication and localiza-tion designs, and RIS configurations optimized for integrated sensing and communication[69, 70, 71, 72].At mmW and THz frequencies, the high signal bandwidth and large antenna arraysenable sub-centimeter accuracy in RIS-assisted systems. A substantial body of litera-ture has developed CRLB-optimal RIS phase profiles, maximum likelihood estimators forjoint localization and synchronization, Bayesian tracking algorithms for mobile users, co-operative localization frameworks, and SLAM systems that use RIS as virtual anchors[23, 73, 24, 74, 64, 75]. Recent studies have also explored active RIS for scenarios where
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multiplicative path loss of passive RIS limits performance [76], STAR-RIS for simultaneousindoor and outdoor coverage [77], and RIS-assisted vehicle-to-vehicle localization for intel-ligent transportation. The trend toward integrated sensing and communication has led tostudies optimizing the joint trade-off between localization accuracy and communicationrate, with RIS phase design playing a central role [78].
2.6.2 Indoor Localization
Indoor RIS-assisted localization has been studied extensively atWiFi-band frequencies andat higher mmW bands. At 2.4–5 GHz, fingerprinting-based approaches have shown thatRIS can substantially enrich the signal fingerprint database by providing a controllable RISconfiguration that can be varied to create a large and diverse set of fingerprints for eachlocation [79, 63]. This approach addresses the fundamental limitation of traditional finger-printing, where the number of fingerprints is determined by the number of observable BSsand is often insufficient for fine-grained localization. Fingerprintingmethods enhanced bydeep reinforcement learning have demonstrated significant improvement in localizationaccuracy compared to conventional nearest-neighbor matching [80].

RSS-based indoor localizationwith RIS has been studied for both single-user andmulti-user scenarios, with proposed algorithms for optimizing RIS configurations to maximizethe differentiation of RSS signatures between reference locations [81]. Passive localiza-tion for determining the position of individuals without requiring them to carry a trans-mitter has also been demonstrated using WiFi signals reflected from RIS [82], achiev-ing sub-centimeter accuracy by optimizing the RIS phase profile to separate the person-reflected signal from multipath interference. SLAM frameworks incorporating RIS havereduced agent position estimation errors and demonstrated the value of RIS in environ-ments where traditional wireless SLAM suffers from poor signal diversity [83, 84, 85].
2.6.3 Near-field Localization
Near-field localization arises when the UE is within the Rayleigh distance of the RIS, wherethe spherical wavefront assumption rather than the plane wave assumption of far-fieldmodels applies. This regime is increasingly relevant as RIS sizes grow with the operationfrequency and aperture requirements of 6G systems, and as indoor deployments atmmWand THz frequencies bring the UE into proximity with large RIS arrays.

Near-field localization offers an important advantage of the wavefront curvature thatencodes depth information that is absent in far-field measurements, enabling range es-timation from a single RIS without requiring multiple BSs or time synchronization [86].Studies have derived CRLB expressions for near-field RIS localization accounting for prac-tical effects such as phase-dependent amplitude variations at each RIS element, hardwareimpairments including pixel failures, asynchronous operation, and beam squint [87]. Lo-calization algorithms designed for the near-field regime have demonstrated feasibility ofretaining high localization accuracy even under significant LoS blockage, and near-fieldsidelink positioning using a single active RIS has been shown to achieve accurate jointposition and clock bias estimation [88, 89, 90, 91, 87]. Near-field localization is an areaof rapidly growing interest, driven by the anticipated large RIS deployments and high-frequency operation of 6G networks.
2.6.4 RIS Hardware
RIS hardware has moved from single-purpose laboratory samples to surfaces that arefabricated in quantity and tested outside the laboratory. Prototypes are available fromboth industrial and academic groups and frommulti-partner European projects, and cover
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bands from sub-6 GHz through mmW to sub-THz [92]. Reported surfaces are predom-inantly reflective, with one-bit or low-resolution phase control realized with PIN diodeson printed circuit board substrates and driven by an on-board controller [92]. Elementcounts of the order of a thousand are being used such that a 5.8 GHz surface with 1100controllable elements has been reported together with an over-the-air configuration pro-cedure [93], and tiled architectures with per-tile addressing and standard control inter-faces have been demonstrated to support larger installations [94]. Experimental equip-ment beyond the surfaces themselves includes dedicated channel sounders, with mea-surement campaigns providing path loss models at mmW [95] and broadband channelmodels at sub-6 GHz [96]. Demonstrators have been evaluated with off-the-shelf termi-nals in commercial 5G networks across indoor, outdoor and mixed scenarios [93, 97], andlocalization-specific demonstrations have also begun to appear [98]. These trials reportthe practical limits of present hardware, namely reflection amplitude that varies with theselected phase state and a response that depends on the angle of incidence.The literature surveyed in this chapter establish their results analytically, throughderived error bounds, or numerically, through simulation. Among the reviewed work,[80] supports its claims with measurements from a physical reconfigurable metasurface,showing experimentally that changing the surface configuration alters the received signalstrength at a given location and thereby resolves the ambiguity between nearby positionswith similar signal strength. A comparison of measured localization accuracy against theanalytical prediction derived for the same system, so the agreement between predictedand attainable accuracy in RIS-assisted localization is at present untested. This scarcityfollows directly from the state of the hardware, i.e., standardized RIS platforms are notyet available, and the absence of common hardware on which theoretical methods canbe exercised is one of the open challenges identified.
2.7 Challenges and Research Gaps
Despite substantial progress in recent studies, a number of challenges remain before RIS-assisted localization can be practically realized in 6G networks. These issues span techni-cal, operational, and standardization aspects.Accurate localization of mobile users is a major challenge. A large portion of exist-ing work assumes static UEs, whereas it should account for Doppler effects, time-varyingchannels, continuous UE movement and environment dynamics. Developing methodsthat adapt RIS configurations and localization algorithms based on present channel condi-tions, while also handling NLoS dynamics, requires new algorithmic approaches and eval-uation frameworks.Scalablemulti-user localization presents another key difficulty. Challenges includemit-igating interference among multiple users, efficiently allocating resources in RIS-enablednetworks, and designing algorithms that remain computationally feasible as the numberof users increases.The integration of localization, sensing, and communication is a fundamental objectivein 6G. Achieving this requires RIS configurations that can jointly optimize communicationperformance, positioning accuracy, and environmental awareness, often across multipleusers and services. This calls for a deeper understanding of trade-offs and the develop-ment of unified optimization strategies.From a deployment standpoint, questions remain regarding the optimal placement,density, and orientation of RIS in various environments such as urban outdoor areas, in-dustrial indoor settings, and vehicular scenarios. Calibration is another significant chal-lenge, as it demands precise knowledge of the response of each RIS element. This be-
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comes increasingly complex with larger surfaces and the presence of hardware imper-fections such as element variability or failures. Additionally, RIS control for high-mobilityscenarios imposes stringent latency requirements on system design.Artificial intelligence offers a promising avenue to address many of these challenges.Data-driven approaches, particularly deep learning models, can learn direct mappingsfrom observed channel conditions to optimal RIS configurations, reducing reliance on ex-plicit channel models and improving robustness in dynamic environments.Finally, RIS hardware standardization is still in its infancy. The development of stan-dardized platforms would facilitate experimental validation, enable fair comparisonsacross studies, and support the establishment of best practices for deployment [99].Bridging the gap between theoretical predictions and practical performance requires sys-tematic experimental evaluation using real prototypes.
2.8 RelatedWork for RIS-assisted Localization in Rich-Scattering Environ-

ments
This section provides an overviewof relatedworks for the upcoming sections of this thesis.Discussion begins with the creation of RIS configuration codebooks for user localization.The design of adaptive RIS configurations, particularly for UE localization and environmentsensing is discussed. Throughout this section, we highlight how these concepts impact thedesign of localization and sensing algorithms for users in indoor RSE.
2.8.1 RIS Configuration Codebooks for Localization
The body of research on RIS-assisted localization has expanded significantly since the earlywork that demonstrated the feasibility of RIS as programmable reflectors in wireless sys-tems [100]. However, much of this development has relied on assumptions that do notreflect actual deployment scenarios. A large portion of the literature considers quasi-free-space environments, where channels can be analytically modeled and are assumed to beeither known or obtainable with minimal overhead. In practice, acquiring accurate CSIincurs considerable overhead [101], which has led to alternative approaches that operatewithout explicit knowledge about the channel [102]. This trade-off between the need forprecise channel information and the difficulty of obtaining it defines a central challengein codebook-based RIS research.The problem becomes more complex in environments characterized by rich scatter-ing, such as industrial facilities, public spaces indoors, transportation hubs, and enclosedstructures such as aircraft and ships [13, 103]. In such scenarios, signal propagation de-viates from simple geometric models, as waves undergo multiple reflections and arrivefrom diverse directions. This invalidates conventional cascaded channel models and theassumptions underlying them. Additionally, the presence of moving objects introducesrapid temporal variations, causing channel conditions to fluctuate and reducing the reli-ability of static models [13]. As a result, both spatial complexity and temporal dynamicslimit the effectiveness of traditional analytical and model-based approaches.Initial efforts to address the operation of the RIS in RSEs relied on iterative adjustmentof RIS configurations through experimental feedback [103, 104] or based on partial CSI[105]. While thesemethods improved communication performance, theywere not explic-itly designed for localization objectives and did not take advantage of temporal correla-tions in the channel. The introduction of sensing-enabled hybrid RIS architecturesmarkeda shift in this direction [106]. By allocating some RIS elements to sensing rather than re-flection, it became possible to infer environmental characteristics directly from receivedsignals without external coordination. This development suggested a new paradigm in
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which RIS contributes not only to wave manipulation but also to environmental aware-ness.
Building on this idea, more recent work has explored data-driven techniques to ad-dress the complexity of RSEs [107]. These methods avoid reliance on explicit channelmodels by learning relationships between observed signals and system parameters, in-cluding UE location and RIS configurations. However, many such approaches depend oniterative optimization procedures, which can be computationally intensive and may notmeet the latency requirements.
Codebook-based approaches for RIS configuration offer a practical solution to the chal-lenge of environment-aware RIS control by discretizing the configuration space and se-lecting the optimal configuration from a finite set of pre-designed codewords. In local-ization applications, codebooks have been employed at mmW frequencies to reduce theoverhead of beam scanning and to adapt the RIS configuration to the estimated UE lo-cation. For instance, hierarchical codebooks were introduced to enable efficient angularsearch strategies, reducing measurement requirements for localization tasks, albeit withsensitivity to low signal-to-noise ratios and increased training complexity [108, 109]. Infingerprinting-based localization, the reconfigurability of RIS is exploited to enhance thediversity of observable channel signatures. By cycling through a set of RIS configurationsand recording the corresponding RSS patterns, a detailed radio map can be constructedthat significantly improves spatial discrimination compared to conventional fingerprintingmethods based on static infrastructure [110].
However, existing codebook-based methods are predominantly designed for freespace or LoS-dominated channel models and do not account for the impact of dynamicscattering objects on the RIS-to-UE channel. In a RSE, the optimal RIS configuration de-pends not only on the location of the UE but also on the current state of all SOs in theenvironment, making a static codebook indexed solely by location insufficient. Moreover,most codebook designs are derived analytically and rely on explicit geometric channelmodels, which are invalid in environments where signal propagation involves complex,analytically intractable multipath interactions.

2.8.2 Adaptive RIS Configuration Design for Localization
While codebook-based approaches provide a clear improvement over random selection,they inherently suffer from a key limitation: the configuration set is predetermined duringthe design phase, and no finite codebook can fully represent the continuous and evolvingnature of a dynamic RSE. Here on wards, the latest studies are discussed to understandhow this limitation has been addressed in the literature.

Model-based approaches have formed the dominant branch of RIS-assisted localiza-tion research, primarily because they allow tractable analytical treatment. By construct-ing the Fisher Information Matrix (FIM) from measurements such as ToA and AoA, thesemethods derive Cramér-Rao lower bound (CRLB) of location estimation errors, which inturn provide principled guidance for optimization of the RIS phase [24, 86, 23]. Numerousextensions of this framework have been proposed, including joint localization and syn-chronization for single-antenna receivers under known geometry [111], localization underuser mobility and spatial-wideband effects [112], and studies of how the RIS phase designinfluences the rank of the FIM and therefore the observability of the UE state [23]. Itera-tive optimization techniques, such as gradient-based adjustment of reflection coefficientsof the RIS elements, have been used to minimize the position error bound (PEB) derivedfrom the CRLB [24]. Closed-form expressions for localization performance in near-fieldscenarios, including position- and orientation estimation, have also been developed [86].
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The FIM framework has been widely employed to study how RIS configurations influenceestimation accuracy, showing that directing reflected energy toward the UE improves lo-calization performance [23]. Extensions to multi-RIS systems and high-frequency scenar-ios have incorporated advanced optimization techniques such as particle swarm optimiza-tion to further reduce positioning errors [113]. Joint channel estimation and localizationstrategies have also been proposed for RIS-assisted multi-antenna systems, leveragingstructured training designs to improve angular estimation [114]. Overall, this body of workdemonstrates that CRLB-based formulations provide valuable theoretical insights.
To address the limitations of deterministic geometric models, Bayesian extensionsof the CRLB framework have been developed. Bayesian FIM formulations and robustBayesian Cramér-Rao lower bound (BCRLB) incorporate prior uncertainty in channel andgeometric parameters [115], enabling adaptive RIS beamforming strategies that accountfor posterior uncertaintywhen selecting the nextmeasurement configuration [116]. Thesemethods provide a conceptual bridge between purely analytical and fully data-driven de-signs by recognizing that optimal configuration choices depend on previously acquiredinformation. Nonetheless, they remain rooted in explicit geometric channel models andtherefore do not capture the unmodeled scattering phenomena that dominate RSEs. Re-lated model-based efforts have sought to exploit rather than suppress multipath, includ-ing Bayesianmulti-target trackingmethods [117], cooperative three-dimensional position-ing schemes with low-complexity estimators [118], and tensor-based ISAC frameworkssupporting joint multi-user communication with near-field and far-field localization [119].Adaptive beamforming strategies that account for location uncertainty have also been ex-plored, though they often overlook the impact of complex scattering [116]. While thesecontributions advance model-based multipath exploitation, they remain constrained bystructured geometric assumptions. These approaches are analytically elegant and re-quire no training data, making them useful benchmarks. Their practical utility, however,decreases substantially in multipath-RSE where reliable path separation and associationbecome infeasible, especially in narrowband indoor scenarios involving unknown and dy-namic scatterers.
This perspective has led to the emergence of learning-based sequential optimizationmethods for RIS-assisted systems. Early work in this area focused on sequential beam-forming for initial access in mmW systems, using neural networks to map estimated chan-nel statistics to optimal beamforming decisions [109, 120]. These methods were laterextended to multipath environments using recurrent architectures such as long short-term memory (LSTM) and gated recurrent unit (GRU) networks, which capture tempo-ral dependencies across successive measurements [121, 122]. Similar techniques havebeen applied to beam tracking, enabling dynamic adaptation of RIS configurations to usermobility [123], and sequential joint optimization of RIS and BS beamforming has beenexplored for localization tasks, with extensions to multi-RIS and multi-antenna systems[124, 125]. Further developments have integrated RIS control with power allocation strate-gies to simultaneously enhance communication and localization performance [126]. Fin-gerprinting techniques mapping received signal measurements collected under multipleRIS configurations directly to UE locations [110], offer robustness to model mismatch, anddeep reinforcement learning has been investigated as a mechanism for optimizing RISconfigurations to improve localization accuracy [127]. However, both fingerprinting andRL-based approaches typically rely on predefined or static configuration sets and there-fore underutilize the adaptive reconfigurability of RIS. A more principled framework hasemerged through adaptive sensing, which treatsmeasurement acquisition as an active se-quential design process: methods developed for initial beam alignment in mmW systems
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[121, 122, 128], precoder and combiner optimization in reciprocal MIMO systems [129],RIS-assisted beam tracking [130], and localization in single-path and multipath channels[125, 131, 132] have collectively demonstrated that recurrent neural network architecturescan iteratively refine beamforming decisions based on previously observed pilot signals,steering each newmeasurement toward configurations that maximize information aboutthe unknown UE state. Learned beamforming codebooks for active RIS sensing furthershow that this sequential decision-making framework is realizable under practical hard-ware constraints [132]. Despite these collective advances, two critical gaps persist: ex-isting sequential methods do not explicitly incorporate knowledge of the environment’sscattering state into RIS configuration decisions, and the underlying propagation assump-tions are generally too simplified to transfer directly to complex RSEs. Recent research hasbegun addressing this transferability challenge through learning-basedmethods explicitlydesigned for RSEs. These include joint fingerprinting and feature extraction networks forUE localization [133], and self-adaptive RIS optimization based on learned surrogate scat-tering models [107].
The progression from static codebooks to adaptive sequential sensing, discussedabove, addresses one major source of complexity in RIS-assisted localization: the tem-poral variability of the propagation environment. A second equally important challengeconcerns the estimation objective itself. Jointly estimating the orientation and locationof a UE while sensing the SOs expands the parameter space and increases demands onmeasurement diversity as well as RIS configuration design.

2.9 Summary and Research Gaps
The chapter establishes the conceptual foundation for RIS-assisted radio localization in 6Gnetworks, tracing the development of RIS from its fundamental operating principles to itsrole as a virtual anchor capable of enabling UE localization with fewer physical BSs. Al-though substantial progress has been made across a wide range of deployment scenariosand frequency bands, the field required a unified, systematic, and reproducible synthesisspanning conventional radio frequency, mmW and THz systems, while simultaneously ad-dressing indoor, outdoor, and near-field regimes together with emerging paradigms suchas ISAC and SLAM, and identifying open research areas. To address this gap, this chap-ter presented a comprehensive survey of RIS-assisted radio localization in 6G networks,based on Publication I. A structured taxonomy of RIS-assisted localization systems wasintroduced, and recent advances were synthesized across outdoor and far-field, indoor,and near-field deployment scenarios. The survey highlights several key observations, in-cluding the rapid expansion of research at mmW and THz frequencies, the dominant useof passive reflective RIS architectures, the growing adoption of learning-based localizationtechniques for complex propagation environments, and the increasing focus on integratedsensing, communication, and localization within ISAC-enabled RIS systems. In addition,the chapter outlined open challenges, such as dynamic environment andmulti-user local-ization, AI-driven RIS control, hardware standardization, and near-field operation, whichcollectively shape the future research landscape.

Building on the identified research gaps, particularly AI-driven RIS control, the absenceof adaptive and scattering-aware localization methods for dynamic radio environments,and RIS optimal placement and element density in such scenarios, the subsequent chap-ters of this thesis develop progressively advanced solutions and this chapter reviews themore closely related work. The review of codebook-based approaches for RIS configura-tion in RSEs demonstrates that while data-driven codebook selection significantly outper-forms random and static configurations, such methods remain constrained by offline dis-
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cretization and their inability to continuously adapt to environmental changes. The reviewof adaptive and model-free approaches for RIS-assisted localization, highlights that al-though sequential learning, fingerprinting, and reinforcement learning methods improveupon fixed-configuration strategies, they are generally developed under simplified prop-agation assumptions and do not explicitly incorporate knowledge of the scattering state.The challenges discussed above expose three research gaps that this thesis directlyaddresses. The list below summarize each gap and its link to the subsequent chapters.
• Gap 1 — Lack of scattering-aware, adaptive RIS configuration for dynamic RSE.Most existing approaches assume static users and a quasi-static channel, and donot account for the continuous movement of scattering objects that characterizesa dynamic RSE. This gap is addressed in two complementary ways: Chapter 3 intro-duces a codebook-based RIS configuration that captures distinct scattering states(RQ2), and Chapter 4 extends this to an adaptive, sensing-assisted configurationthat tracks temporal channel variations (RQ3).• Gap 2 — Reliance on fixed codebooks and offline calibration. Configurations se-lected during an offline phase quickly become suboptimal as the scattering objectsmove. Chapter 4 addresses this gap with an adaptive biLSTM-based localizationscheme that responds to present channel conditions without offline retraining orexact knowledge of the scattering-object positions (RQ3).• Gap 3 — Absence of joint location–orientation estimation with co-designed RIS
and BS/UE beamforming, and of theoretical bounds. Prior work largely treats se-quential RIS configuration design for static users and a quasi-static channel for po-sition estimation. Chapter 5 closes this gap by jointly estimating user location andorientation while co-designing the BS and UE beamforming vectors, and by derivingthe corresponding theoretical bound in RSE (RQ4).

The following three chapters give an overview of the technical publications of thisthesis. Chapter 3 provides an overview of the data-driven codebook selection approachin which the model learns to map joint UE-side and sensing-element channel measure-ments, together with the estimated SOs state, to the optimal codebook entry. Chapter 4provides an overview of the codebook-free adaptive approach which sequentially designsRIS configurations using temporal sensing of the dynamic scattering state without relyingon offline discretization or geometric channel models. Chapter 5 extends the approach tojointly design RIS configurations, base station, and user beamforming vectors, for simulta-neous location and orientation estimation, while deriving an analytical estimator for thisextended problem in RSEs. Chapter 6 concludes the thesis and formulates future researchdirections.
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3 RIS Configuration Codebooks for User Localization in Dy-
namic RSE

3.1 Introduction
In this chapter, a codebook-based approach aimed at identifying the optimal RIS config-uration to enhance UE localization accuracy in dynamic RSE is presented. The approachis particularly well suited to structured scenarios such as industrial facilities and indoorspaces, where human, robot and object movement patterns tend to follow predictabletrajectories. The proposed approach combines location-related parameters with channelsensing information obtained at sensing RIS elements, together with location-dependentchannel features, in order to exploit their underlying relationships.

This chapter is based on Publication II:
• A. Umer, I. Müürsepp, and M. M. Alam, “Reconfigurable Intelligent Surfaces inDynamic Rich Scattering Environments: BiLSTM-Based Optimization for AccurateUser Localization,” in 2024 3rd International Conference on 6g Networking (6gNet),pp. 122–126, 2024

3.2 System Model
Consider an enclosed indoor scenario (top view), illustrated in Figure 6, to examine theinteractions among system components in a dynamic RSE. It is an indoor scenario with aBS, a UE, and a distributed RIS that partially covers the four walls of the enclosure withits eight elements dedicated to environment sensing. In addition, four SOs moving alongthe indicated trajectory are also present. The enclosure induces multiple reflections andreverberations as electromagnetic waves repeatedly interact with surrounding walls. Atthe center of the system model, the BS receives the localization request from the UE lo-cated at position U . The SOs moving along predefined trajectories introduce temporalvariations in the wireless channel, leading to dynamic fading conditions. These SOs altersignal propagation paths, thereby increasing environmental complexity and producing arich-scattering scenario [103]. The state of the SOs is represented by the vector P, whichaggregates the parameters required to describe their spatial configuration.

A hybrid RIS is strategically deployed along the boundary of the communication envi-ronment in a distributed manner. The RIS comprises NRIS reflective elements, each con-figured according to a predefined state vector K ∈ CNRIS of dimension 1 × NRIS. Sincepractical RIS implementations typically support a limited number of discrete states, forexample using PIN diode control [14], the configuration setC is assumed finite and binary.Furthermore, SRIS elements are allocated for channel sensing purposes [13, 9].
It is assumed that channel variations induced by SOs occur sufficiently fast to modelthe input-output relationship as a discrete-time, fast-fading, frequency-selective channel.In a RSE, the observed field at any location arises from the superposition of multiple re-flections, where object-dependent reflections vary with their spatial positions [9]. As aresult, sequences of field measurements form distinctive wave fingerprints that enableaccurate UE localization.
Thewireless channel at the UE depends on both the RIS configurationK and the SO lo-cation state P. Let HBS−UE denote the channel impulse response at the UE, incorporatingLoS components aswell as signals reflected by theRIS, SOs, and enclosure boundaries. Therelationship between K and HBS−UE is highly nonlinear and analytically intractable [13].To capture environmental dynamics, SRIS sensing elements estimate the channel HBS−Sbetween the BS and sensing RIS elements, enabling inference of the SO state P.
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Figure 6: Considered deployment scenario[134] (Top view).

During the offline training phase, the SO state P is the ground-truth SO location pro-duced by the simulator. At inference, P is not observed directly; instead, the SRIS sensingelements measure HBS−S, from which an estimate P of the SO state is inferred and usedto select the RIS configuration from the codebook. During an offline calibration phase, thesystem learns optimized RIS configurations for all possible SOs states P using the methoddescribed in Section 3.3. At the inference phase, the RIS selects the optimal configurationfrom a predefined codebook-based on the currently estimated P.Conventional cascaded channel models fail to capture the nonlinear RIS parametriza-tion of multipath propagation. Therefore, training data for the proposed learning-basedapproach is generated using a physics-based end-to-end simulator designed for RISparametrized wireless environments with controllable fading characteristics [10]. Built ona coupled dipole formulation, it models wireless entities as individual or grouped dipolesdefined by physical properties such as resonance frequency and absorption. As shownin Figure 6, scattering surfaces are represented as dipole arrays, while RIS configurationsare controlled through dipole resonance tuning [10]. For simplicity, simulations are per-formed in a two dimensional setting within the x−y plane, with dipole moments orientedalong the z axis. The simulator computes both HBS−UE and HBS−S while accounting forwave propagation constraints including causality, dispersion, frequency selectivity, phaseamplitude coupling, mutual coupling effects, and long rangemesoscopic correlations. Fur-ther simulator details are provided in [10].The environment model contains two classes of scatterer with different roles. The
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static dipoles forming the enclosure boundary represent the fixed structure of the room,that is, walls, permanent fixtures and immobile equipment. They are present in everyrealization and generate the strong, time-invariant multipath component that makes theenvironment rich scattering in the first place. The SOs represent the mobile part of theenvironment, such as personnel, autonomous vehicles, forklifts, robotic arms and trans-ported goods in an industrial hall, and it is their motion that makes the optimal RIS config-uration time varying. The chosen configuration of four clusters moving along predefinedtrajectories corresponds to a structured indoor setting in which movement follows re-peatable paths determined by the layout of the facility, which is the regime in which anoffline-calibrated codebook is meaningful. Because the static and the mobile scatterersare present simultaneously in every realization, the reported results reflect the combinedeffect of fixed obstacles and SOs; the two are not evaluated as separate scenarios, and theinfluence of the fixed structure alone therefore corresponds to the limiting case in whichthe SOs do not move between consecutive localization requests.
3.2.1 Problem Formulation
The objective is to determine the RIS configuration K that enables accurate UE localiza-tion. Localization performance is evaluated using the MSE between the estimated coor-dinates (x̂, ŷ) and the ground truth location (x,y), defined as

MSE= 1
N

N

∑
i=1

[Yi − f (Yi)]
2 =

1
N

N

∑
i=1

[
(x̂i − xi)

2 +(ŷi − yi)
2] (1)

where N denotes the number of measurements, f (Yi) represents the estimated position,
Yi the true location, and (x̂i, ŷi) and (xi,yi) correspond to the estimated and actual UEcoordinates at the i-th sample. Under fast fading conditions, the goal is to minimize thelocalization MSE by adapting K according to the stochastic channel behavior induced byRIS configurations.In free space, the channel HBS−UE is often modeled as a linear cascade betweenthe BS, RIS, and UE. This approximation becomes invalid in RSEs, where signals inter-act with multiple RIS elements and dynamic SOs along complex propagation paths, lead-ing to analytically intractable channel parametrization. To address this, proposed ap-proach uses a learned biLSTM model. Because the relationships among UE location U ,channels HBS−UE and HBS−S, RIS configuration K, and SOs state P are unknown andhighly nonlinear, a training dataset is constructed containing joint samples in format
{(HBS−UE)l ,(HBS−S)l ,Pl ,Kl ,Ul}L

l=1. This dataset enables learning an adaptive mappingthat optimizes RIS configurations, thereby minimizing localization MSE and improving po-sitioning accuracy under varying channel conditions.All distances in the coupled-dipole model are expressed in wavelengths, including theenclosure dimensions, the dipole spacings, the RIS element spacing and the grid of UEpositions; the localization error is therefore reported in the same unit.
3.3 RIS Configuration Codebook Design Approach
The proposed RIS optimization approach, aligned with the localization objective in (1),employs a biLSTMmodel trained on historical samples described in 3.2.1. Themodel learnsthe mapping between input features {HBS−UE ,HBS−S,P} and the corresponding outputs
{K,U}.To jointly estimate the UE position and optimize the RIS configuration, a biLSTM net-work parameterized by θ is utilized, with architectural details provided in Section 3.4.
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The model performs dual tasks: UE localization formulated as a regression problem andRIS configuration selection formulated as a classification problem that minimizes (1). Ahybrid loss function is adopted to support both objectives. The regression branch min-imizes localization error using MSE, while the classification branch employs categoricalcross-entropy for RIS configuration prediction. The combined loss is expressed as
L(θ) =

1
N

N

∑
i=1

(Yi − fθ (Yi))
2 +

N

∑
i=1

M

∑
m=1

(−ym log(pm))+α∥θ∥2 (2)
where fθ (Yi) denotes the predicted coordinates, Yi the ground truth location, ym and pmrepresent true labels and predicted class probabilities, M is the number of RIS configura-tions, and α is an l2 regularization coefficient to mitigate overfitting.The resulting closed-loop approach updates RIS configurations according to environ-mental variations by selecting optimal settings from a pre-learned codebook, enablinglow-latency operation without explicitly modeling nonlinear channel parametrizations.While effective when the SOs parameter space is tractable, performance depends on ac-curate offline calibration and sufficient discretization resolution of SOs locations. biLSTMnetworks are particularly suitable due to their bidirectional sequence processing capa-bility, which captures temporal dependencies and contextual correlations essential forreliable prediction in dynamic RSEs [135, 136].
3.4 Performance Evaluation
3.4.1 Simulation Setup
The proposed method is evaluated through numerical simulations of the RSE shown insystem model and implemented using a physics-based end-to-end simulator [10]. Thesetup consists of a single-antenna BS, a mobile-single antenna UE, and a RIS with NRIS =
(20,60,100) binary tunable elements. In the simulator, dipole parameters are set in termsof resonance frequency fres, charge term χ and absorptive damping term ΓL. Dipole pa-rameters for transceivers are set to { fres = 1,χ = 0.5,ΓL = 0}, while scattering objectsuse { fres = 10,χ = 50,ΓL = 104} with spacing of λ/4. RIS elements adopt parameters
{ fres = {1,5},χ = 0.2,ΓL = 0.03}. The dipole parameters are guided by [107].Data preparation involves collecting channel response and SOs state across multipleRIS configurations and UE positions as described in Section 3.3. UE locations are sam-pled on a regular grid with λ/4 spacing. For each fixed UE position and RIS size, multipleRIS configurations are evaluated, while SO positions are randomly selected at ten pointsalong predefined trajectories. Corresponding channel responses HBS−UE and HBS−S arerecorded, and RIS configurations Kl are one-hot encoded for classification.The resulting dataset {(HBS−UE)l ,(HBS−S)l ,Pl ,Kl ,Ul}L

l=1 is divided into 80% trainingand 20% testing, with the training portion further split into 80% training and 20% vali-dation for hyperparameter tuning via grid search and overfitting control. Each recordedchannel response is a complex value. The dataset is composed of 84,000 samples. Thedataset split in this chapter differs from the 70/15/15 partition used in Chapters 4 and 5,which allocates a larger validation set to support Bayesian optimization over a broaderhyperparameter space. As the model here is tuned by grid search over a substantiallysmaller space and requires correspondingly less validation data. Training, validation andtest sets contain disjoint SO trajectory realizations, so that no test realization is seen dur-ing training or hyperparameter selection.The implemented biLSTM adopts a dual input architecture. Sequential channel dataare processed using a biLSTM layerwith 50 units followed by an additional LSTM layerwith
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Figure 7: Cumulative distribution function (CDF) of MSE for random and optimized RIS configuration
with K = 500 and NRIS = 20.

Table 2: AverageMSE for randomand optimized RIS configuration, standard deviationσb of baseline
MSE, σo of optimized MSE, and percentage error reduction compared to baseline.

NRIS k Baseline MSE
(λ 2)

Optimized MSE
(λ 2)

σb σo % error reduc-
tion20 10 0.87 0.35 0.630 0.271 59.90%20 100 0.87 0.08 0.630 0.086 90.84%20 500 0.87 0.04 0.630 0.038 95.42%60 100 0.59 0.17 0.591 0.166 71.19%100 100 2.45 0.07 1.484 0.075 97.14%

50 ReLU-activated units for feature refinement. RIS configuration inputs pass through anembedding layer that maps categorical values into a 20-dimensional representation be-fore flattening. Features from both branches are concatenated and fed into two denseoutputs: a linear layer for UE coordinate regression and a softmax layer for RIS configu-ration classification. The model is trained using the Adam optimizer [137] with a learningrate of 0.0001, employing MSE loss for localization and categorical cross entropy for con-figuration prediction. Training runs for 200 epochs with batch size 32, using checkpointingto retain the model with minimum validation loss for final testing. For baseline compar-ison, a simple neural network using random RIS configurations is trained under identicaldataset splits to establish reference MSE performance. After training, the biLSTM modelis evaluated for RIS configuration optimization aimed at minimizing localization MSE. Per-formance is assessed with test samples with NRIS = 20 and three RIS configuration setsizes k = {10,100,500}.
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Figure 8: MSE percentile for optimized and random RIS configuration with K = 100 and NRIS = 100.

3.4.2 Results
As illustrated in Figure 7 and Figure 8, optimized RIS configurations significantly improveUE localization accuracy compared to random configurations. With NRIS = 20 held fixed,increasing k from 10 to 500 raises theMSE reduction relative to the random-configurationbaseline from 59.90% to 95.42%. Over the same range the absoluteMSE of the optimizedconfiguration falls from 0.35λ 2 to 0.04λ 2, a reduction of 88.6%. Localization accuracyalso benefits from training over a richer configuration space, noting that up to 2NRIS dis-tinct RIS configurations are theoretically available. The random-configuration baseline isindependent of the codebook size and is therefore evaluated once per value of NRIS, av-eraged over the independent runs for NRIS.The impact of varying the number of RIS elements, NRIS = {20,60,100}, is also an-alyzed using the proposed biLSTM model, as shown in Table 2. Although increasing NRISleads to reducedMSE, the observed improvement remainsmoderate. This behavior arisesbecause the number of configurations used during training remains fixed despite the ex-ponential growth of the achievable configuration space with larger NRIS. Consequently,the available RIS diversity is not fully exploited. Greater performance gains are expectedby incorporating a wider range of RIS configurations, particularly in environments withfrequently changing SO positions. Effective selection of NRIS should therefore account forenvironmental dynamics, including the density, size, and mobility of SOs, to maximize lo-calization performance.The number of configurations Kl sets the resolution at which the configuration spaceis sampled. A larger K gives the classifier a finer set to choose from and reduces the lossincurred when no available configuration suits the current SO state. It also increases thenumber of classes to be separated from a training set of fixed size and the number ofsimulator evaluations required during calibration, so K in practice is limited by the cali-bration budget. The available space of 2NRIS configurations remains far larger than any Kused here.The trend observed as k increases indicates the direction in which performancemovesas the discretization of the configuration space is refined. The limiting case of an un-
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bounded codebook is a design that synthesizes a new configuration for each channel real-ization instead of selecting a stored entry, which is the adaptive scheme developed in thefollowing chapter. That scheme is evaluated against the codebook-based method of thischapter under the same environment model, and attains lower localization error acrossthe range of RIS sizes and signal-to-noise ratios considered there, which quantifies theresidual penalty of the finite codebook used here.
3.5 Summary
This chapter presents an overview of the data-driven RIS configuration approach designedin Publication II, for dynamically evolving RSEs, avoiding reliance on explicit analyticalchannelmodeling. A biLSTMmodel is employed to learn environment dependent patternsand adapt RIS configurations to improve UE localization accuracy throughminimization ofthe MSE. Performance evaluation validates the effectiveness of the method, demonstrat-ing reliable optimization of RIS settings under complex propagation conditions. Despitethese gains, the codebook-based approach has three intrinsic limitations. It depends onan offline calibration phase that must be repeated whenever the environment statisticschange; it discretizes the configuration space, so accuracy is bounded by the resolutionof the SO-state grid; and it adapts only by re-selecting a pre-stored entry, which limitsresponsiveness in highly dynamic RSEs. These limitations motivate the codebook-free,adaptive sensing-assisted design developed in following chapter. The following chapteroutlines the adaptive RIS configuration by environmental sensing approach for UE local-ization under rich scattering multipath conditions, based on Publication III. It explores thepotential of going beyond static and pre-stored RIS configuration settings inUE localizationin RSE.
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4 Adaptive RIS Configuration Design by Environmental Sens-
ing for User Localization in RSE

4.1 Introduction
In this chapter, an adaptive RIS configuration approach for UE localization in dynamic RSEusing a distributed RIS-assisted network is presented. The BS transmits pilot signals, whichare redirected toward the UE by the RIS. A subset of RIS elements actively senses the envi-ronment to estimate scattering contributions from SOs, quantized via their location esti-mates. RIS-assisted sensing leverages predefined sequences of randomized RIS configura-tions, implemented using hybrid meta-atoms [9] that simultaneously capture and reflectwaves, providing sufficient diversity to extract non-cooperative SOs information from asingle node pair [107]. Learned sensing further optimizes configuration sequences to en-hance UE localization accuracy [138]. Given the highly nonlinear and sequential relation-ships between RIS configurations, UE measurements, and scattering, scalable, context-aware solutions are necessary. The system dynamically adapts RIS configurations basedon accumulated measurements, enabling tracking of evolving multipath conditions andminimizing localization error without relying on static settings or pre-stored mappings.

This chapter is based on Publication III:
• A. Umer, I. Müürsepp, andM.M. Alam, “Adaptive RIS Configuration DesignWith En-vironmental Sensing for User Localization in Dynamic Rich Scattering Environment,”
IEEE Transactions on Mobile Computing, vol. 25, no. 7, pp. 9770–9783, 2026

This chapter presents scalars by italic symbols (for example, b), vectors by bold lower-case symbols (for example, b), and matrices by bold uppercase symbols (for example, B).The notation | · | represents the magnitude, while b̂ indicates an estimate of b. The oper-ator diag(y) forms a diagonal matrix whose diagonal entries are taken from y. The realand imaginary parts of a complex quantity are expressed by ℜ(·) and ℑ(·), respectively,and the expectation is denoted by E(·). A complex Gaussian random variable with mean
m and variance v is represented as CN(m,v).
4.2 System Model
Consider a RSE where a user equipmentU with NU antennas estimates its position u withsupport from a BS equipped with NBS antennas and a uniform linear array of RIS elementspositioned along the enclosure’s periphery, as illustrated in Figure 9. The RSE consists of
NE dipoles whose locations are indicated by a black dipole fence and collections of clus-ters of colored dipoles at various locations, inside the enclosure, representing SOs. Thelocation of dipoles presented with black color always stays the same, while the location ofcolored dipoles is varied randomly, in each simulation realization, along their fixed trajec-tories indicated by the dotted line. The locations of the dynamic dipoles representing SOsare shown in three different colors for first three realizations (plum, orange, cyan corre-sponding to each realization). The RSE is equipped with NBS antenna BS (blue dipoles), a
NU antenna user equipmentU (red dipoles), and a uniform linear array of distributed RISinstallation with NRIS elements (yellow dipoles) that partially covers the four walls (blackdipole fence) of the enclosure. SRIS denotes the subset of RIS elements (green dipoles)used to estimate the SO location state. The environment contains M SOs, each follow-ing a fixed trajectory, with positions updated simultaneously while moving independentlyalong their respective paths, reflecting structured indoor scenarios such as industrial orcontrolled spaces.

The RIS configuration is managed by a controller receiving commands from the BS.
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Figure 9: Illustration of considered RSE.
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Figure 10: Distribution of HBS−U in the complex plane for a SISO setup.

Each of the NRIS elements applies a tunable phase shift represented by k ∈C1×NRIS underthe unit-modulus constraint |[k]n| = 1, ensuring amplitude preservation while adjustingthe phase δn ∈ [0,2π). A subset SRIS of elements is dedicated to channel sensing, withzero power splitting to prevent reflection [9, 13].Wave propagation in this scenario undergoes multiple reflections and scattering fromwalls, RIS, and moving SOs, producing a dynamic, complex fading environment [103].The estimated locations of the M SOs, obtained via SRIS, are represented by the vector
p ∈ R2M . Figure 10 illustrates the distribution of the wireless channel HBS−U in the com-plex plane across 100 random realizations of RIS configurations k and SOs locations p.Variations in either RIS phases or SO positions highlight the channel’s sensitivity to bothelements, demonstrating the rich scattering and dynamic nature of the considered envi-ronment.
4.2.1 Channel Model
The channel is assumed constant over a coherence period, while subtle, configuration-dependent fluctuations arise in RSE due to slight SOsmotion ormultipath dynamics. Theseare modeled as structured fast-fading in discrete time, enabling capture of temporal de-pendencies across RIS configurations for enhanced scattering and user localization esti-mation. The stochastic channel frequency response at the user, HBS−U ∈ CNU×NBS , in-cludes both line-of-sight and multipath components interacting with RIS elements, SOs,and walls.To model these effects, a physics-based end-to-end channel simulator tailored forRIS-parameterized environments is employed [10]. Using the coupled-dipole formal-ism, the simulator represents walls, SOs, RIS, and transceivers as dipole assemblies with
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configurable properties such as resonance frequency and absorption, ensuring realis-tic scattering and adherence to electromagnetic principles. The total dipole count is
N = NBS +NU +NE +NRIS, where NE and NRIS represent the RSE and RIS elements, re-spectively.The user channel response is expressed as

HBS−U = V [(NBS+1) : (NBS+NU),1 : NBS] , (3)
with

V ≜ diag([α−1
1 ,α−1

2 , . . . ,α−1
N ]

)
W−1, (4)

where α−1
i is the inverse polarizability of the ith dipole. The polarizability is defined as

αi( f ) =
χ2

i

4π2 f 2res,i −4π2 f 2 + j(γR
i +2π f ΓL

i )
, (5)

with χ2
i as a charge-related amplitude factor, fres,i the resonance frequency, γR

i theradiation damping, and ΓL
i the absorptive damping term. Off-diagonal entries in Ware −Gi j( f ), representing two-dimensional free-space Green’s function interactions be-tween dipoles at positions ri and r j:

Gi j(ri,r j, f )≜− j
k2

4εδ
H(2)

0

(
k|ri − r j|

)
, (6)

where H(2)
0 (·) is the Hankel function of the second kind.The channel model inverts the coupled-dipole matrix W separately at each frequency,so one frequency point gives a single complex coefficient in which every path is summedwith its phase. With one observation per frame the paths stay superposed, and the geo-metric information comes from how that coefficient varies across frames which is drivenboth by the designed RIS configurations and by the scatterer motion between frames.This end-to-end modeling accurately captures space-time causality, frequency-selectivedispersion, phase-amplitude coupling of RIS elements, mutual coupling, and long-rangemesoscopic correlations, providing a realistic representation of wave propagation in com-plex, dynamic scattering environments.

4.2.2 Signal Transmission and ReceptionAssuming a narrowband system, the BS transmits T known pilot symbols x(t) ∈CNBS×1 tothe user over T time frames during a localization request. The received signal y(t) ∈CNU×1

comprises contributions from the direct path, if present, and multipath components re-flected by the RIS and scattering environment. User responses are fed back to the BS viaa low-rate link, enabling centralized RIS configuration and localization. The input-outputrelation is expressed as
y(t) = H(t)BS−Ux(t)+w(t), t ∈ Z, (7)

where w(t) ∼ CN(0,σ2) represents additive Gaussian noise.Simultaneously, SRIS RIS elements are dedicated to environmental sensing by measur-ing the channel HBS−S ∈ CSRIS×NBS between the BS and sensing elements. Observationsfollow
y(t)s = H(t)BS−Sx(t)+w(t), t ∈ Z, (8)

enabling inference of the SO location state p at time t and estimating environmental scat-tering without requiring user cooperation.
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Unlike conventional approaches using random RIS configurations, this method adap-tively optimizes k to enhance user localization in RSE. A centralized architecture is as-sumed, with the BS coordinating scattering estimation, RIS updates, and user localization.
4.2.3 Problem FormulationThe localization task aims to estimate the unknown user position u from T received obser-vations [y(t)]T−1

t=0 , given known BS and RIS positions and estimated SOs locations. The SOs
state p is inferred from RIS sensing signals [y(τ)s ]tτ=0 collected by SRIS elements, capturingenvironmental scattering in the RSE. In this context, the RIS acts as a set of virtual anchors:it cannot transmit or receive directly, but dynamically adjusting its configuration inducesobservable variations in received signals to aid localization. RIS operation in RSE involvestwo stages: sensing to obtain context awareness and identifying optimal configurationsfor user localization, requiring offline training and online inference. Sensing estimates theSOs state from field measurements, informing RIS configuration design for subsequentlocalization.The channel HBS−U reflects combined effects of RIS configurations and SOs interac-tions, while HBS−S provides information to infer p. Sequential measurements form aunique wave fingerprint enabling user localization.The SOs location at time t is estimated from pilot signals sensed at SRIS as

p̂(t) = G(t)([y(τ)s ]tτ=0]), (9)
where G(t) maps past sensed pilots to p̂(t) ∈R2M . Based on this estimate and user obser-vations [y(τ)]tτ=0, the next RIS configuration is selected as

k(t+1) = F(t)
(
[y(τ)]tτ=0, p̂

(t)
)
, (10)

where F(t) maps prior signals and estimated SOs state to the next RIS setting. The up-dated configuration generates the next measurement y(t+1). At initialization (t < 0), afixed default k(0) is used.After collecting all T pilot signals, the user location estimate is obtained as
û(T ) = Q

(
[y(t)]T−1

t=0 , p̂(T−1)
)
, (11)

where Q maps the pilot signals and estimated scattering to the two-dimensional userposition.The overall objective is to minimize the localization error by jointly optimizing
{G(t)}T−1

t=0 , {F(t)}T−1
t=0 , and Q under the constraints

min
{G(t),F(t)},Q

√
E
[
∥û(T )−u∥2

] (12a)
s.t. p̂(t) = G(t)([y(τ)s ]tτ=0), (12b)

k(t+1) = F(t)
(
[y(τ)]tτ=0, p̂

(t)
)
, (12c)

û(T ) = Q
(
[y(t)]T−1

t=0 , p̂(T−1)
)
, (12d)

|[k(t+1)]n|= 1, ∀n ∈ NRIS, t. (12e)
The estimators use both the magnitude and the phase of the received signal at user.The phase carries information about the user position only if the receiver is phase-coherent and time-synchronized with the transmitter, and this is assumed throughout.
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Figure 11: Proposed adaptive localization approach for RIS-assisted RSE.

Carrier frequency offset, phase noise, and timing error would rotate the phase of the re-ceived signal and reduce localization accuracy.Directly solving this problem is challenging due to the joint estimation of scattering,RIS configuration, and user localization. Codebook-based approaches reduce complex-ity by discretizing RIS settings [108], but limit flexibility and adaptability in dynamic RSE,restricting localization accuracy.
4.3 Adaptive biLSTM-based Localization Approach
A deep learning-based adaptive RIS configuration approach is proposed to solve the local-ization problem in (12)without relying on predefined geometric channelmodels or limitingconfigurations to a fixed codebook. At each time step t, the RIS configuration k(t+1) is de-termined from prior user observations [y(τ)]tτ=0 and the estimated SOs state p(t). A keychallenge is the linear growth ofmeasurements over time, which increases computationalcomplexity for large t. To ensure scalability, the network compresses past observationsinto a fixed-dimensional information vector while retaining relevant features for decisionmaking.To achieve this, a biLSTMmodel is employed to encode sequential measurements andcapture temporal dependencies. The approach uses a two-stage deep learning structure:first, the Scattering Estimation Network (Bi-SEN) estimates the dynamic SO positions fromsensing observations at SRIS, characterizing the current scattering environment. Second,the Adaptive RIS-Assisted User Localization Network (Bi-ARULN) designs the RIS config-urations for the next time slot based on the estimated scattering and user pilot signals,aiming to optimize user localization at the final time T . The bidirectional structure of thenetwork allows it to leverage information from both past and future contexts, enhancingscattering estimation and improving adaptive RIS configuration for accurate localization.The network architecture, shown in Figure 11, employs a biLSTM-based model com-

43



posed of two sequential networks, Bi-SEN and Bi-ARULN, each integrating fully connectedlayers for feature extraction and biLSTM layers for sequential processing over multiplesensing frames.
In the Bi-SEN network, at each time step t, forward and backward hidden states sss(t)p, f ,

sss(t)p,b and corresponding cell states ccc(t)p, f , ccc(t)p,b are updated using the input f(t)p = [|y(t)s |,∠y(t)s ],which concatenates the magnitude and phase of sensed signals. The biLSTM updates andgate activations follow standard formulations with trainable fully connected layers uuucp(·)and rrrcp(·) for input, forget, and output gates. The estimated SO positions are producedvia a fully connected output layer:
p̂(t) = ℓp([ccc(t)p, f ;ccc(t)p,b]), (13)

representing the inferred scattering environment at time t.
The Bi-ARULN network receives the concatenated vector f(t)u = [|y(t)|,∠y(t), p̂(t)], com-bining user pilot measurements and estimated SO positions. Forward and backward hid-den and cell states are updated similarly to Bi-SEN, producing a concatenated hidden state

su(t) = [su, f (t);su,b(t)]. This vector passes through a multi-layer fully connected networkwith ReLU activations to generate an intermediate output γ(t), which is mapped via afinal linear layer to the real-valued vector k̄(t+1) ∈ R2NRIS representing the real and imag-inary components of the next RIS configuration. The unit-modulus constraint is enforcedelement-wise to obtain k(t+1):
[k(t+1)]n =

[ℜ(k̄(t+1))]n + j[ℑ(k̄(t+1))]n√
[ℜ(k̄(t+1))]2n +[ℑ(k̄(t+1))]2n

. (14)
The adaptive design in this chapter generates a new configuration at every time framerather than selecting one from a codebook, so the network must produce the configura-tion directly. Training by gradient descent requires this output to vary smoothly, which atwo-state configuration does not allow, and the phase is therefore treated as continuous.This is an idealization of a practical surface, where the phase is quantized to a small num-ber of bits, and the reflection amplitude varies with the phase state. Quantization andamplitude variation reduce the achievable gain but do not change the structure of thedesign problem, and the results in this chapter should be read as the performance attain-able with a continuously variable surface. The quantization of configurations generatedby the network to form a codebook is potential future work.Finally, the estimated user position at time T is computed by processing the concate-nated forward and backward cell states through a fully connected network:

û(T ) = ℓu([ccc
(T )
u, f ;ccc(T )u,b ]), (15)

yielding the final localization output.
4.3.1 Loss FunctionThe biLSTM model is trained using the Adam optimizer [137] to minimize the root meansquared error (RMSE) between the true and estimated UE positions. The user localizationloss in Bi-ARULN is defined as √

E
[
∥û(T )−u∥2

]
. (16)

For scattering estimation, the cumulative RMSE loss in localizing M SOs at each stageusing Bi-SEN is √
E
[
∥p̂(t)−p∥2

]
. (17)
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These losses guide the network to accurately estimate the user positionwhile adaptingto environmental dynamics through a sequence of optimized RIS configurations. The lossin (16) focuses on the final time step, allowing the network flexibility to optimize RIS con-figurations across all T measurement stages. After training, the model generalizes acrossthe deployment area, dynamically generating RIS configurations based on received signalsfrom the user and SRIS elements, independent of the user’s location within the coverageregion.
4.4 Performance Evaluation
4.4.1 Simulation Setup
The simulation parameters are summarized in Table 3. Two experimental scenarios areconsidered, namely SISO andMIMO, to evaluate the impact of transceiver antenna arraysalongside RIS operation in RSE. As illustrated in Figure 9, the BS location is fixed, whiledistributed RIS units are deployed at known positions. The unknown user locations u areuniformly distributed over the enclosed x–y plane on a regular grid with λ/2 spacing andfixed orientation. The pilot signal x(t) is deterministic and set to unity.The trajectories of M SOs are predefined such that each object begins from a knowninitial position and moves with deterministic steps of maximum length λ/4, perturbed byGaussian variations in direction and position, given by ∆θ ∼N(0,σ2

θ )with σθ = 0.052 ra-dians and ∆p ∼N(0,σ2
p)with σp = λ/20. The central dipole position of each SOs clusteris tracked in every realization. Training, validation and test sets contain disjoint SO tra-jectory realizations, so that no test realization is seen during training. A training sampleis therefore a sequence of T frames along a moving trajectory. The number of objects isheld at M = 4 throughout this chapter, and the environment is not varied in this respect.The sensitivity of the same two-stage design to the number of SOs is examined in Chapter5, where M is varied over 2,4,6 and reported in results.The tunable dipole parameters for transceivers, environment (including SOs), and RIS,namely the resonance frequency fres, charge term χ , and absorptive damping term ΓL,follow the configuration specified in Table 3 and are guided by [10]. Each RIS elementintroduces insertion loss which is configured by ΓL.The proposed biLSTM-based adaptive RIS configuration method for sensing-assisteduser localization in RSE is implemented using the parameters in Table 3, optimized viaBayesian Optimization (BO). The network is trained for 200 epochs using 1,806,000 sam-ples. Training data for Bi-SEN consists of channel responses measured at SRIS, while Bi-ARULN uses user-side channel responses together with Bi-SEN outputs. Channel mea-surements are generated by simulating moving SOs across arbitrary user locations to pro-duce received pilot observations. The labels for Bi-SEN correspond to the 2M-dimensionalground-truth SO positions, whereas Bi-ARULN is trained using two-dimensional user lo-cation labels. The dataset is divided into 70% training, 15% validation, and 15% testingsubsets. The network architecture and training hyperparameters were selected by hyper-parameter optimization, with each candidate trained from a randomly initialized startingpoint and evaluated on the validation set. The configuration achieving the lowest valida-tion loss was retained, and evaluated on the held-out test set.After training, the biLSTM model autonomously generates sequential RIS configura-tions using recurring scattering estimates and received pilot measurements, enabling lo-calization of users throughout the coverage region. Localization performance is evaluatedagainst the following baseline strategies:• Random RIS configuration: A random configuration baseline selects RIS states inde-pendently at each time step and employs a DNN with dimensions [200, 200, 200,
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Table 3: Simulation and Network Parameters for Adaptive biLSTM-based Localization Approach

Label Value
Simulation Parameters

M 4
NBS {1,4}
NU {1,4}
NRIS 20,60,100Transceivers dipole parameters fres = 1, χ = 0.5, ΓL = 0Transceivers dipole spacing λ/2Environment and SOs dipole parameters fres = 10, χ = 50, ΓL = 104

Environment and SOs dipole spacing λ/4RIS dipole parameters fres ∈ {0.8,1.2},
χ = 0.2,ΓL = 0.03RIS dipole spacing λ/2

Parameters of the biLSTM NetworkBatch size, B [32,64,128]BiLSTM Layers, NL [2,4,6]Hidden state dimension, ds [25,35,45]Learning rate, η [0.001,0.01,0.005,0.05]Maximum epochs 200DNN layers, Ln 4

2] to map received pilot magnitude and phase over T frames to user position byminimizing the error in (16).• Codebook-based approach: A codebook-based method learns configuration candi-dates offline and selects the closest configuration during inference based on esti-mated environmental conditions, as in [2].• DNN-based Scattering Estimation: A DNN-based scattering estimation baseline re-places sequential Bi-SEN modeling with a feedforward network of size [200, 200,200, 2M] while retaining Bi-ARULN for localization.• Bi-ARULN only: This baseline employs Bi-ARULN alone without incorporating envi-ronmental scattering estimation. This baseline is based on [125, 124].
All baseline models are evaluated in the MIMO setting, whereas the proposed method istested under both SISO and MIMO scenarios.
4.4.2 Results
To assess performance relative to benchmark methods, the impact of RIS size NRIS on lo-calization accuracy is analyzed in Figure 12. Increasing NRIS consistently reduces RMSE forall approaches, highlighting the advantage of larger RIS sizes in dynamic RSE due to im-proved spatial information. The proposed method achieves the lowest RMSE across allconfigurations, demonstrating effective adaptive optimization of RIS settings for accuratelocalization. A reduction of 79% in RMSE is observed as NRIS increases from 20 to 100 forthe MIMO network, and 76% for the SISO network, while other methods achieve smaller
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Figure 12: RMSE of user localization versus NRIS, for T = 21 and SNR = -20 dB.

improvements below 70%. TheMIMO configuration consistently outperforms SISO owingto higher spatial diversity. The proposed biLSTM approach remains scalable across varyingRIS sizes, requiring only minor architectural adjustment by modifying the output dimen-sion of the (L+1) layer following the biLSTM cells. Results further indicate that adaptive RISdesign and the inclusion of antenna arrays at transceiver nodes significantly enhance lo-calization accuracy in dynamic RSE. The key quantitative takeaway is that enlarging the RISfrom NRIS = 20 to 100 reduces localization RMSE by about 79% (MIMO) and 76% (SISO),the largest gain among all methods.
User localization performance versus SNR is defined as SNRdB =

10log10
(
PBSE

[
||HBS−U ||2

]
/σ2

), is evaluated in Figure 13, where PBS denotes theBS transmit power. Localization accuracy increases with SNR for all methods, withdifferent improvement rates. The proposed approach consistently achieves the highestaccuracy, demonstrating effective adaptive refinement of RIS configurations usingsequential channel observations while accounting for scattering in RSE. Both SISO andMIMO variants improve steadily with increasing SNR, while MIMO outperforms SISO dueto greater spatial diversity, most evident in the mid-SNR region. The smaller performancegap at very low and high SNR corresponds to noise-limited and system-limited regimes,respectively, where additional antennas provide limited benefit. The key quantitativetakeaway is that across the evaluated SNR range, the proposedmethod attains the lowestRMSE at every SNR, with the MIMO–SISO gap largest in the mid-SNR region.
The codebook-based method achieves moderate accuracy but lacks adaptability tovarying propagation conditions, particularly at low SNR. The DNN-based scattering esti-mation approach outperforms nonadaptive or scattering-unaware methods but remains
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Figure 13: RMSE of user localization versus the SNR for NRIS = 100 and T = 21.

inferior to sequential modeling, as it captures channel structure without exploiting tem-poral dependencies. The Bi-ARULN-only method yields the lowest accuracy due to theabsence of scattering awareness in dynamic RSE, even at higher SNR.
Figure 14 evaluates scattering estimation error in (17), measured as the cumulativeRMSE in estimating M SOs, as a function of the number of time frames used for RIS con-figuration design and user localization. The proposed Bi-SEN method achieves the lowesterror for both MIMO and SISO settings by exploiting sequential modeling for dynamicscattering estimation. Increasing T leads to a consistent RMSE reduction, with MIMOattaining superior performance due to higher spatial diversity and gradual SOs motion,which strengthens temporal correlation learning. The DNN-based estimation approachyields higher RMSE across all T since it lacks temporal modeling and cannot capture long-term scattering dependencies. Although its accuracy improves with larger T , it remainsinferior to the biLSTM-based Bi-SEN, highlighting the advantage of recurrent sequencelearning for adaptive scattering estimation in dynamic RSE. Key takeaway is that Bi-SENyields the lowest scattering-estimation RMSE for all T , and the error falls monotonicallyas T increases, with best performance at MIMO.
Figure 15 analyzes user localization error versus the number of time frames. The pro-posed approach consistently outperforms benchmark methods, with the MIMO networkachieving slightly lower error than SISO. For example, the proposed MIMO configurationreaches a localization error of approximately 2.5λ using 6 time frames, matching or sur-passing benchmark performance obtained at 12 or more frames, corresponding to nearlya twofold reduction in required observations. The performance advantage is most signif-icant at small frame counts, indicating efficient extraction of informative features from
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Figure 14: Scattering Estimation RMSE from (17) versus T for SNR = 30 dB.

Figure 15: RMSE of user localization versus T for NRIS = 100 and SNR = 30 dB.
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Figure 16: CDF of proposed and baseline approaches versus RMSE of user localization at T = 21 for
NRIS = 100 and SNR = 30 dB.
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limited temporal data and reduced localization latency. Although the gap decreases asthe number of frames increases, the proposed method maintains consistent superior-ity, demonstrating robustness across operating conditions. The improved performanceof MIMO further reflects enhanced spatial diversity, enabling faster convergence to low-error regimes. These results indicate that accurate localization can be achievedwith fewerobservations, reducing latency, energy consumption, and signaling overhead, which is par-ticularly beneficial in bandwidth-constrained or highly dynamic RSE environments. Thekey takeaway is that the proposed MIMO configuration reaches approximately 2.5λ lo-calization error in 6 frames, matching baselines that need 12+ frames, i.e., a near-twofoldreduction in required observations.
Figure 16 shows the underlying error distribution from which average RMSE areformed. Each curve is the CDF of the localization RMSE over the test set. The proposedapproach has the steepest rise and the leftmost distribution, indicating that low errors oc-cur consistently. The codebook-based and DNN-based scattering estimation approachesfollow, with a wider spread at the upper end. The Bi-ARULN and random configurationapproaches rise most gradually, so their errors are both larger and less consistent acrossthe test set. The separation between the distributions is wide which indicates that therelative performance of the methods holds across the test set.
The localization error is the objective minimized during training, but it is not the vari-able that drives the adaptation at online stage. The true UE position is unavailable duringoperation, so no error signal can be formed online. The mappings F(t) are instead fixedafter training, and at each frame the configuration k(t+1) is computed from quantities thatare directly observable at the BS, namely the magnitude and phase of the received pilotsaccumulated up to frame t and the scattering estimate p̂(t) produced by Bi-SEN from thesensing measurements. The dependence on the localization error is therefore embeddedin the learned parameters rather than evaluated online. In a practical deployment this cor-responds to an offline calibration campaign in the target environment, during which theerror can be measured against reference positions, followed by an online phase in whichthe BS executes a fixed forward pass per frame and issues the resulting configuration tothe RIS controller. Recalibration is required only when the statistics of the environmentchange to the extent that the trained mappings no longer apply.
The baselines considered here all vary the RIS configuration over the T frames, eitherat random, by selection from a codebook, or adaptively. A further reference point that isnot evaluated is a single fixed configuration held constant over all frames, for instance onein which every element is set to a common resonance so that the surface acts as a uniformreflector. Such a baseline would separate the benefit of varying the configuration fromthe benefit of varying it adaptively, since a constant configuration produces T repetitionsof the same channel and the received observations then differ only through noise andthrough the motion of the SOs. On this basis the fixed-reflector configuration is expectedto fall below the random baseline, which supplies some configuration diversity, and thecomparison would isolate the contribution of measurement diversity as such.
The computational complexity of the proposed two-stage approach scales as

O[T (DiZi +2Ω+ζ +2ds(∑k Nk +M)+DoZo)] where Zi and Zo are the input- andoutput-layer dimensions and Di and Do are the corresponding feature dimensions, with
Di determined by the concatenated magnitude and phase of the sensed and pilot sig-nals. The term Ω represents the cost of a single biLSTM inference operation over onesensing stage, and the factor of two reflects the two recurrent networks, Bi-SEN and Bi-ARULN, that constitute the model. The term ζ corresponds to the Ln-layer fully con-nected network that designs the RIS configuration vectors, while the remaining terms
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scale with the number of sensing stages T , the number of scattering objects M, and thereflective elements Nk at the k-th RIS. Because past observations are compressed intoa fixed-dimensional information vector, this cost remains independent of the configura-tion space and does not grow with the sensing horizon, in contrast to codebook-basedselection. The recurrent and fully connected operations reduce to dense matrix compu-tations, which are efficiently handled by modern graphics processing units, allowing theapproach to operate with low overhead during online inference. The recurrent term 2Ωand the design network term ζ dominate the per-stage cost. A single biLSTM pass scalesasΩ=O(ds(ds+Di)) and the design network as ζ =O(Lnd2
s ), so both grow quadraticallywith the hidden dimension ds, with ζ the larger of the two once several fully connectedlayers are used. The remaining terms grow only linearly, with the number of reflectiveelements Nk and the number of scattering objects M.

4.5 Summary
This chapter presents an overview of the data-driven RIS configuration approach designedin Publication III, for RIS-assisted RSE that adaptively designs RIS configurations by ex-plicitly accounting for environmental scattering. A biLSTM-based model leverages RIS-assisted sensing and sequential measurements to dynamically minimize user localizationerror. The integration of Bi-SEN for scattering estimation and Bi-ARULN for configurationdesign enables context-aware adaptation of RIS operation throughout the localization pro-cess. Simulation results show consistent improvements over fixed-codebook, random,and scattering-unaware adaptive methods across varying RIS sizes and SNR conditions,with reliable generalization to both SISO and MIMO networks. Channel reciprocity allowsdirect application in uplink settings without modification of the learning scheme. In thefollowing chapter, the proposed approach is expanded to design UE and BS beamformingvectors in addition to RIS configurations and perform UE location and orientation esti-mation with environmental sensing, based on Publication IV. Various RSE scenarios areexplored to study the robustness of the proposed approach and its analytical bounds arederived.
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5 Integrated Sensing, User Location and Orientation Estima-
tion in Dynamic RIS-Assisted RSE

5.1 Introduction
This chapter considers uplink localization in RSEs, where a UE repeatedly transmits knownpilot signals and the BS estimates the location and orientation of the UE from the receivedobservations. As thewireless channel depends on theUE position, the problem can be for-mulated as an inverse mapping task that infers location from channel realizations derivedfrom received pilots. The signals received at the BS propagate throughmultiple paths cre-ated by RIS reflections and environmental scattering. Localization accuracy is improved byexploiting multipath diversity, where the BS jointly utilizes received measurements andsensing information from dedicated RIS elements to adaptively update RIS, BS, and UEbeamforming vectors across multiple time slots.

This chapter is based on Publication IV:• A. Umer, I. Müürsepp, and M. M. Alam, “Integrated Sensing, User Location andOrientation Estimation in RIS-Assisted Dynamic Rich Scattering Environment,” IEEE
Transactions on Wireless Communications (Under review), 2026This chapter presents scalars by italic symbols (for example, b), vectors by bold lower-case symbols (for example, b), and matrices by bold uppercase symbols (for example, B).The notation | · | represents the magnitude, while b̂ indicates an estimate of b. The oper-ator diag(y) forms a diagonal matrix whose diagonal entries are taken from y. The realand imaginary parts of a complex quantity are expressed by ℜ(·) and ℑ(·), respectively,and the expectation is denoted by E(·). A complex Gaussian random variable with mean

m and variance v is represented as CN(m,v).
5.2 System Model
The scenario is illustrated in Figure 17. A multi-antenna UE transmits known pilot symbolsto a multi-antenna BS through a distributed RIS installation deployed on the periphery ofan indoor enclosure that contains M randomly moving SOs. The BS, at a known location,estimates the UE position u = [ux, uy]

T ∈ R2 and the orientation α ∈ [0,2π), collected
in the UE state ue ≜ [uT, α]T ∈ R3. The SO positions at frame t are collected in p(t) ≜
[(p(t)

1 )T, . . . ,(p(t)
M )T]T ∈ R2M , with p(t)

m ∈ R2, and the corresponding estimate is denoted
p̂(t).The UE and the BS are each equippedwith a single RF chain and perform analog beam-forming with unit-modulus phase shifters. The UE therefore transmits a single streamthrough ωωωUE ∈ CNUE , and the BS combines the outputs of its NBS antennas into a sin-gle observation through ωωωBS ∈ CNBS , with |[ωωωBS]q| = 1 for all q ∈ {1, . . . ,NBS} and
|[ωωωUE]q′ |= 1 for all q′ ∈ {1, . . . ,NUE}.In the adopted end-to-end model, every RIS element is a dipole with a programmableresonance frequency, and the surface is configured by tuning these resonances. The RISconfiguration is accordingly the real vector k ∈RNRIS whose n-th entry [k]n = fres,n is con-tinuously tunable within the admissible range [k]n ∈ [ fmin, fmax] for all n ∈ {1, . . . ,NRIS},with fmin and fmax given in Table 4, guided by [10]. This is the physical control variable usedin Chapter 3, where each element is switched between two fixed resonance states underPIN diode control, and the two chapters therefore differ in the resolution with which theresonance is set. Chapter 4 abstracts this as a unit-modulus reflection coefficient.A subset SRIS of elements at fixed positions is dedicated to environment sensing. Fol-lowing the hybrid reflecting and sensing RIS concept, each such element reflects part of
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Figure 17: Depiction of the investigated RSE.

the impinging signal and couples the remainder, determined by a non-zero splitting coef-ficient, to a reception RF chain at the RIS. These measurements are conveyed to the BSover the same control link that carries the configuration commands to the RIS controller,so that the BS processes the received pilots and the sensing measurements jointly to esti-mate the SOs positions and to design the configuration for the next frame. Updating theconfiguration at every frame requires this link to deliver a new configuration within theframe duration, which in practice bounds the number of time frames T that can be usedwithin a channel coherence period.
5.2.1 Signal Transmission and ReceptionUnder a narrowband system model, a localization request triggers the transmission of asequence of T known uplink pilot symbols from the UE to the BS over T time frames usingbeamforming vector ωUE(t). Let x(t) ∈CNU×1 denote the pilot transmitted at frame t. TheBS combines the received signal using beamforming vector ωBS(t). The effective receivedsignal y(t) ∈ CNU×1 is expressed as

y(t) =
(
ωωω(t)

UE

)HH(t)
BS-U

(
k(t),p(t))ωωω(t)

BS x(t)+w(t), t ∈ Z, (18)
where w(t) ∼ CN(0,σ2) denotes additive Gaussian noise. The received pilot depends onthe UE and BS beamforming vectors and the RIS configuration at time t.A subset SRIS of RIS elements is further used for environment sensing to estimate scat-tering object locations p(t) by measuring the channel HBS−S ∈CSRIS×NBS . The correspond-
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ing observations are
y(t)s = H(t)

BS-S
(
k(t),p(t))ωωω(t)

BS x(t)+w(t)
s , t ∈ Z. (19)

The carrier observation model and the phase coherence assumption of Chapter 4 ap-ply in this chapter as well, where each time frame produces complex observation at theBS after combining. Since ωUE and ωBS are applied coherently across the arrays, phasecoherence is additionally required between the elements of each array, so that calibra-tion error in the arrays would reduce accuracy in addition to any synchronization errorbetween the transmitter and the receiver.
5.2.2 Problem FormulationThe objective is to estimate the unknownUE location u and orientationα from T receivedobservations [y(t)]T−1

t=0 , assuming known BS and RIS positions and a predicted SOs location
at each time frame. The SOs state p is inferred from RIS sensing signals [y(τ)s ]tτ=0 col-lected over SRIS elements to capture scattering dynamics in the RSE. The RIS acts as a setof virtual anchors, providing directional information through its reflective elements. Ac-cordingly, the RIS configuration, BS beamforming vector, and UE beamforming vector aresequentially designed across t stages to improve final location and orientation estimationat time T .The field at any point in the RSE results from the superposition ofmultiple propagationcomponents influenced by dynamic SOs with state p(t). Let G(t)(·) : Ct+1 → R2M denotethe mapping from received sensing pilots to the estimated SOs location at time t,

p̂(t) = G(t)([y(τ)s ]tτ=0), (20)
where τ indexes past observations up to time t. Based on prior pilot signals and the esti-mated scattering state, define themapping F(t) : Ct+1×R2M →CNBS×1×CNUE×1×RNRIS

that jointly determines the next RIS configuration and beamforming vectors as
[ω(t+1)

BS ,ω(t+1)
UE ,k(t+1)] = F(t)

(
[y(τ)]tτ=0, p̂

(t)
)
. (21)

The final mapping Q : CT ×R2M →R3 estimates the UE location and orientation fromall received pilots and inferred scattering information,
[û, α̂] = Q

(
[y(t)]T−1

t=0 , p̂(T−1)
)
. (22)

The goal of RIS-aided localization is to minimize estimation error based on receivedpilot signals. This objective is formulated as
min

{G(t),F(t)}T−1
t=0 ,Q

√
E
[
∥û(T )−u∥2

]
+
√
E
[
dw(α̂(T ),α)2

] (23a)
s.t. p̂(t) = G(t)([y(τ)s ]tτ=0

)
, (23b)

[ωωω(t+1)
BS ,ωωω(t+1)

UE ,k(t+1)] = F(t)([y(τ)]tτ=0, p̂
(t)), (23c)

[û, α̂] = Q
(
[y(t)]T−1

t=0 , p̂(T−1)), (23d)
[k(t+1)]n ∈ [ fmin, fmax], ∀n ∈NRIS, t, (23e)
∣∣[ωωω(t+1)

BS ]n
∣∣= 1, ∀n ∈NBS, t, (23f)

∣∣[ωωω(t+1)
UE ]n

∣∣= 1, ∀n ∈NUE, t, (23g)
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Figure 18: Block diagram of the proposed UE localization approach with adaptive sensing in RIS-
assisted RSE.

where dw(α̂,α) = min
(
|α̂ − α|, 2π − |α̂ − α|

) accounts for the periodicity of the ori-entation, so that estimates lying on either side of the boundary between 0 and 2π arepenalized by their true angular separation. Constraint (23e) is the tuning range of theRIS elements and the remaining two constraints are the unit-modulus constraints of theanalog phase shifters at the BS and the UE.The number of SOs, M, is assumed known and fixed within a localization request. In adeployment, M would be fixed at calibration from knowledge of the site, for instance thenumber of vehicles or personnel admitted to a controlled industrial area.
5.3 Joint User Location and Orientation Estimation Approach
UE localization in RSE assisted by RIS integrates environmental sensing with adaptive de-sign of the BS and UE beamforming vectors and the RIS configuration. Environmentalsensing extracts the SOs state from field measurements, providing contextual informa-tion that guides configuration and beamforming decisions to improve localization accu-racy. A learning-based adaptive approach jointly optimizes these parameters to address(23), combining environment-specific offline training with online inference. At time step
t, the RIS configuration k(t+1), BS beamforming ω(t+1)

BS , and UE beamforming ω(t+1)
UE are

selected using the observation history [y(τ)]tτ=0 and the current scattering estimate p̂(t). Aneural network compresses the growingmeasurement sequence into a fixed-dimensionalrepresentation that preserves relevant temporal information. The proposed neural net-work architecture is illustrated in Figure 18.Temporal correlations in sensing and pilot observations are modeled using coupled
biLSTM networks. The sensing feature vector f(t)p = [ |y(t)s |,∠y(t)s ] is processed to update
forward and backward hidden states s(t)p, f ,s

(t)
p,b and cell states c(t)p, f ,c

(t)
p,b according to

(c(t)p, f ,c
(t)
p,b,s

(t)
p, f ,s

(t)
p,b) = biLSTMp

(
f(t)p ,c(t−1)

p, f ,c(t−1)
p,b ,s(t−1)

p, f ,s(t−1)
p,b

)
, (24)

where previous states summarize temporal sensing information. The concatenated cellstates provide the scattering estimate
p̂(t) = DNNp

(
[c(t)p, f ;c(t)p,b]

)
. (25)

Localization decisions incorporate both pilot observations and the estimated scatter-
ing state through a second biLSTM. The feature vector f(t)u = [ |y(t)|,∠y(t), p̂(t) ] updates
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hidden and cell states as
(c(t)u, f ,c

(t)
u,b,s

(t)
u, f ,s

(t)
u,b) = biLSTMu

(
f(t)u ,c(t−1)

u, f ,c(t−1)
u,b ,s(t−1)

u, f ,s(t−1)
u,b

)
. (26)

The concatenated hidden state s(t)u = [s(t)u, f ;s(t)u,b] is mapped by a fully connected deep neu-ral network (DNN) with Ln layers,
γ(t) = βLn

(
WLnβLn−1(. . .β1(W1s(t)u +b1) . . .)+bLn

)
, (27)

where βl(x) = max(0,x) and Wl ,bl are trainable parameters. Linear output mappingsgenerate intermediate vectors for the RIS configuration and beamforming design,
k̄(t+1) = ẆLn+1γγγ(t)+ ḃLn+1, k̄(t+1) ∈ RNRIS , (28a)
ω̄(t+1)

BS = ẄLn+1γ(t)+ b̈Ln+1, (28b)
ω̄(t+1)

UE =
...
WLn+1γ(t)+

...
b Ln+1, (28c)

whose dimensions match NRIS, NBS, and NUE. Each element is normalized to enforce unitmodulus constraints,
[k(t+1)]n = min

(
fmax, max

(
fmin, [k̄(t+1)]n

))
, ∀n, (29a)

[ωωω(t+1)
BS ]q =

[ℜ(ω̄ωω(t+1)
BS )]q + j[ℑ(ω̄ωω(t+1)

BS )]q√
[ℜ(ω̄ωω(t+1)

BS )]2q +[ℑ(ω̄ωω(t+1)
BS )]2q

, ∀q, (29b)

[ωωω(t+1)
UE ]q′ =

[ℜ(ω̄ωω(t+1)
UE )]q′ + j[ℑ(ω̄ωω(t+1)

UE )]q′√
[ℜ(ω̄ωω(t+1)

UE )]2q′ +[ℑ(ω̄ωω(t+1)
UE )]2q′

, ∀q′. (29c)

This design satisfies themappings in (23). The final UE location and orientation at time
T are estimated from the concatenated bidirectional cell states,

[
û(T )

α̂(T )

]
= DNNu

(
[c(T )u, f ;c(T )u,b ]

)
. (30)

5.3.1 Loss FunctionThe overall training objective is defined by a composite loss combining the RMSE of UEposition estimation, orientation estimation, and SOs state estimation. The UE localizationlosses are
Lu =

√
E
[
∥û(T )−u∥2

]
, (31a)

Lα =
√

E
[
dw(α̂(T ),α)2

]
, (31b)

where dw(α̂,α) = min(|α̂ −α|,2π −|α̂ −α|) accounts for the periodicity of the orienta-tion. The scattering estimation loss is
Lp =

√
E
[
∥p̂(T )−p∥2

]
. (32)

These objectives jointly enforce accurate UE localization and scattering estimation whileimplicitly guiding adaptive design of the RIS configuration and the BS and UE beamform-ing vectors under varying propagation conditions. The optimization promotes sequences
57



of configurations over T stages that minimize the final localization error. After training,the model directly generates the required vectors from received signals for arbitrary UEpositions and sensing elements SRIS within the coverage region. Since supervision is ap-plied only at time T , intermediate stages remain unconstrained, enabling exploration ofconfigurations that yield optimal final accuracy.
Two aspects of the recurrent architecture bear on its use in a time-varying environ-ment. The first is timing. The design produces one configuration per frame, so the for-ward pass of both networks, the transfer of the configuration over the control link, andthe settling of the RIS elements must all complete within a frame duration, and the Tframes of a localization request must fit within the coherence time of the environment.The second aspect is the bidirectional structure. Within a localization request the T framesare processed as a complete sequence before the location and orientation are read out atframe T, so both directions are available and the backward pass allows the representationat each frame to be informed by later observations, which improves the scattering esti-mate in the early frames when fewmeasurements have accumulated. The cost is that thereadout is not available until the sequence is complete, and that the number of recurrentparameters and the inference cost are approximately doubled with respect to a unidirec-tional LSTM. A unidirectional LSTM would permit an estimate to be produced at everyframe and would suit an application requiring a running estimate, at the price of accuracyin the early frames. A feedforward network over the stacked observations, evaluated asthe DNN-based baseline in Chapter 4, avoids the recurrence entirely but does not exploitthe temporal correlation of the SO motion and attains higher error.

5.4 Analytical-Modeling-based approach for UE Localization with Envi-
ronmental Sensing in RSE

Analytical modeling of UE localion estimation with scattering estimation in RSE providesan important benchmark for performance evaluation. The learning-based formulationsolves (23) by estimating scattering through (20) and jointly optimizing the RIS configu-ration and the BS and UE beamforming mappings {F(t)(·)} in (21) across time frames toreduce localization error. Direct analytical optimization of this multistage design becomescomputationally prohibitive as the number of time frames increases [115, 125], requiringa typical greedy sequential design. Since exact RMSE evaluation is intractable, analyticalestimation would optimize the lower bound on RMSE. Nevertheless, such an analyticaldesign is an important benchmark. Throughout this thesis, BCRLB based design refers tothis idea of designing an analytical approach for user localization in RIS-assisted RSE byminimizing BCRLB using gradient descent in every time step, as discussed below.
The presented model-based analytical approach is similar to the one proposed in[115,125]. Instead of optimizing the direct mapping of received observations to configurationsand beamforming vectors, it decomposes F(t)(·) in (21) into two-step mapping: accumu-lated observations are first mapped to the conditional BCRLB, which then determines theRIS configuration and beamforming vectors. At each time step, received pilots update theposterior distribution of the UE and SOs location, the conditional BCRLB is subsequentlyrecomputed based on posterior distribution, and then the configuration and beamform-ing vecors are selected to minimize the bound.
The UE state ue and the SO positions p are modeled as random vectors with knownpriors f (ue) and f (p), and the augmented parameter vector is

θθθ =
[
uT

e , pT
]T ∈ R3+2M. (33)
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Given observations [y(τ)]t−1
τ=0 and [y(τ)s ]t−1

τ=0, the objective is to determine the next RIS
configuration k(t+1) such that the conditional RMSE of estimating ue is minimized whileaccounting for environmental scattering. The optimization at time t is formulated as

min
G(t)(·),F(t)(·),Q(·)

√
E
[
∥û(t)

e −ue∥2 | [y(τ)]tτ=0, [y
(τ)
s ]tτ=0

] (34a)
s.t. p̂(t) = G(t)([y(τ)s ]tτ=0), (34b)

[ωωω(t+1)
BS ,ωωω(t+1)

UE ,k(t+1)] = F(t)([y(τ)]tτ=0, p̂
(t)), (34c)

ûe
(t) = Q([y(τ)]tτ=0), (34d)

[k(t+1)]n ∈ [ fmin, fmax], ∀n ∈ NRIS, (34e)
∣∣[ωωω(t+1)

BS ]n
∣∣= 1, ∀n ∈NBS, t, (34f)

∣∣[ωωω(t+1)
UE ]n

∣∣= 1, ∀n ∈NUE, t. (34g)
Let

ΓΓΓ(t) = E
[
(û(t)

e −ue)(û
(t)
e −ue)

⊤ | [y(τ)]tτ=0, [y
(τ)
s ]tτ=0

] (35)
denote the conditional error covariance. Direct evaluation is intractable due to high-dimensional integration; therefore, the conditional BCRLB is adopted as a tractable sur-rogate objective providing a parameter-independent lower bound on the RMSE while in-corporating posterior information.At time t, the joint Bayesian Fisher Information Matrix (FIM) is

J(t) =

[
J(t)uu J(t)up

J(t)pu J(t)pp

]
, (36)

with entries
[
J(t)

]
i, j =−E




∂ 2 log f
(

y(t),y(t)s ,θθθ | {y(τ)}t−1
τ=0,{y(τ)s }t−1

τ=0

)

∂θi ∂θ j


 , (37)

where the expectation is taken with respect to the corresponding conditional distribution. Theconditional error satisfies the BCRLB
tr(ΓΓΓ(t))≥ tr

((
J(t)uu −J(t)up(J

(t)
pp)

−1J(t)pu
)−1

)
. (38)

Consequently, the RIS configuration is obtained by minimizing this bound,
min

F (t)(·)
tr
((

J(t)uu −J(t)up(J
(t)
pp)

−1J(t)pu
)−1

) (39a)
s.t. [k(t+1)]n ∈ [ fmin, fmax], ∀n ∈NRIS, (39b)

k(t+1) = F(t)([y(τ)]tτ=0). (39c)
The procedure is applied sequentially over T time frames to obtain the RIS configurations, after
which a maximum a posteriori estimator Q(·) produces the final estimate û(T )

e .
5.4.1 BCRLB Calculation
The joint Bayesian FIM in (37) admits a decomposition based on Bayes’ theorem [115],

[J(t)]i, j = [J(t)D ]i, j +[J(t−1)
P ]i, j, (40)
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where J(t)D denotes the information contributed by the current observation and J(t−1)
P representsthe information accumulated from prior measurements. Equation (42) separates the informationinto what the past frames have already established and what the next frame will add. The prior

term J(t−1)
P carries the former. The data term J(t)D carries the latter.

Conditioned on θθθ and the past observations, y(t) and y(t)s are complex Gaussian with meansobtained from the observation model of Section 5.2.1 as,
µ(t)(θθθ) =

(
ωωω(t)

UE
)HHBS−U

(
k(t),p

)
ωωω(t)

BSx(t), (41a)
µµµ(t)

s (θθθ) = HBS−S
(
k(t),p

)
ωωω(t)

BSx(t). (41b)
[
J(t)D

]
i, j =

2
σ2 E

[
ℜ

{
∂ µ(t)(θθθ)∗

∂θi

∂ µ(t)(θθθ)
∂θ j

+
∂ µµµ(t)

s (θθθ)H

∂θi

∂ µµµ(t)
s (θθθ)

∂θ j

}]
, (42)

where the expectation is taken with respect to the posterior distribution of θθθ given the past obser-
vations, and y(t) and y(t)s are conditionally independent given θθθ and those observations. From themeans above, the required gradients are

∂ µ(t)(θθθ)
∂θi

=
(
ωωω(t)

UE
)H ∂HBS−U

(
k(t),p

)

∂θi
ωωω(t)

BSx(t), (43a)
∂ µµµ(t)

s (θθθ)
∂θi

=
∂HBS−S

(
k(t),p

)

∂θi
ωωω(t)

BSx(t), (43b)
so that the Fisher information is determined by the derivatives of the end-to-end channel with re-spect to the UE position, the UE orientation and the SOs positions. These are obtained in closedform from the coupled dipole model described Section 4.2.1.The parameters in θθθ enter the interaction matrix W(t) only through the Green’s functions in(6), since the inverse polarizabilities in (5) are set by the dipole material parameters and by the RISresonances, and are therefore independent of θθθ . Writing di j = ∥ri − r j∥ for the distance between
the i-th and j-th dipoles and using dH(2)

0 (z)/dz =−H(2)
1 (z), the derivative of an off-diagonal entrywith respect to any parameter θl is

∂Gi j

∂θl
= j

κ3

4εδ
H(2)

1
(
κdi j

) ∂di j

∂θl
, (44)

where H(2)
1 (·) is the first-order Hankel function of the second kind. Let U denote the index set ofthe UE dipoles and Sm that of the dipoles forming the m-th SO cluster. The UE dipoles have fixedlocal offsets δδδ j with respect to the UE center, so that the global position of the j-th UE dipole is

rUE
j = u+R(α)δδδ j , and the dipoles of an SO cluster translate rigidly with the cluster position. Thedistance derivatives are therefore

∂di j

∂u
=

rUE
j − ri

di j
, j ∈ U, (45a)

∂di j

∂α
=

(
rUE

j − ri
)⊤R′(α)δδδ j

di j
, j ∈ U, (45b)

∂di j

∂pm
=

r j − ri

di j
, j ∈ Sm, (45c)

where R′(α) is the derivative of the two-dimensional rotation matrix R(α) = [cos(α) −
sin(α);sin(α) cos(α)]. Only those entries of W(t) that couple a dipole whose position dependson θl are non-zero in ∂W(t)/∂θl . The channel derivatives then follow from the derivative of thematrix inverse,

∂V(t)

∂θl
=−diag

[
a−1

1 , . . . ,a−1
N

](
W(t))−1 ∂W(t)

∂θl

(
W(t))−1

, (46)
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and ∂HBS−U/∂θl and ∂HBS−S/∂θl are read off as the corresponding sub-blocks, in the same way
that HBS−U and HBS−S are extracted from V(t). Since (W(t))−1 has already been formed in eval-uating the channel, the derivatives with respect to all 3+2M parameters are obtained without anyfurther matrix inversion.The Fisher information accumulated from previous observations is

[J(t−1)
P ]i, j =−E




∂ 2 log f
(

θθθ | [y(τ)]t−1
τ=0

)

∂θi∂θ j


−E



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)

∂θi∂θ j


 (47a)
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
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
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−E
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∂ 2 log f (θθθ)
∂θi∂θ j

]
. (47b)

The summations represent the cumulative information from all past measurements together withthe prior distribution of θθθ .The conditional FIM in (38) depends on k(t) only through JD(t) [115], leading to the optimizationproblem
min
k(t+1)

tr
((

J(t)uu −J(t)up(J
(t)
pp)

−1J(t)pu
)−1

)
. (48)

This problem is solved using projected gradient descent [139]. The posterior distribution is updatedrecursively as
f
(

θθθ | [y(τ)]tτ=1, [y
(τ)
s ]tτ=1, [k

(τ)]tτ=1

)
= L · f

(
y(t) | θθθ ,k(t)

)
f
(

θθθ | [y(τ)]t−1
τ=0, [y

(τ)
s ]tτ=1, [k

(τ)]t−1
τ=0

)
,

(49)where L is a normalization constant. For the MIMO case, the likelihood becomes vector valued andthe Bayesian FIM is obtained from derivatives of themean vectors with respect to θθθ as in [24], whilethe Schur complement and conditional RMSE expressions remain unchanged.
5.5 Performance Evaluation
5.5.1 Simulation Setup
The simulation parameters are summarized in Table 4. As shown in the system model, the BS anddistributed RIS locations are fixed and known. The UE position u is uniformly generated within therectangular service region in the x–y plane with spacing λ/2, while the orientation α is indepen-dently sampled from α ∈ [0,2π). The pilot signal x(t) is deterministic and equal to unity at all timestages.The environment contains M SOs that move within the enclosure according to a Gauss-Markov
mobility model. Let p(t)

m and v(t)m denote the position and the velocity of the m-th SO at frame t. The
velocity is updated as v(t)m = ρ v(t−1)

m +(1−ρ)v̄+
√

1−ρ2 σv w(t)
m , w(t)

m ∼ N(0,I2), followed
by the position update p(t)

m = p(t−1)
m + v(t)m , with reflection at the enclosure boundaries. Here v̄ isthe mean drift, σv sets the per-frame step size, and ρ ∈ [0,1] controls the temporal correlationof the scattering process, so that values approaching unity produce smooth motion while ρ = 0reduces to independent steps. The initial positions are drawn independently and uniformly overthe enclosure in each realization, and all SOs are updated simultaneously and move independentlyof one another. The central dipole position of each SO cluster is recorded in every realization. Thetemporal correlation introduced by ρ is what the sequential model of Section 5.3 exploits whenestimating the scattering state.Dipole parameters for transceivers, the environment, and the RIS, including resonance fre-quency fres, charge term χ , and absorptive damping ΓL, follow Table 4 and are guided by [10].The proposed learning-based approach performs joint UE localization, orientation estimation,and environment sensing using the settings in Table 4. Hyperparameters of the biLSTM networks
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Table 4: Simulation and Network Parameters for Joint User Location and Orientation Estimation
Approach

Label Value
Simulation Parameters

M 2, 4, 6
NBS 4
NUE 4
NRIS 20, 60, 100
SRIS 2, 4, 6, 8Transceivers dipole parameters fres = 1, χ = 0.5, ΓL = 0Transceivers dipole spacing λ/2Environment and SOs dipole parameters fres = 10, χ = 50, ΓL = 104

Environment and SOs dipole spacing λ/4RIS dipole parameters fres ∈ [ fmin = 0.8, fmax = 1.2],
χ = 0.2,ΓL = 0.03RIS dipole spacing λ/4SOs motion parameters σv = 0.7λ ,ρ = 0.85, v̄ = 0

Parameters of the biLSTM NetworkBatch size, B [32,64,128]BiLSTM layers, NL [2,4,6]Hidden state dimensions, ds [25,35,45]Learning rate, η [0.001,0.01,0.005,0.05]Maximum epochs 200DNN Layers, Ln 4

are optimized via Bayesian Optimization (BO) [140, 141], selecting the number of layers NL, hiddendimension ds, learning rateη , and batch sizeB to balance accuracy and complexity [3]. Training usesthe Adam optimizer [137] on 2,136,000 samples for 200 epochs. The dataset is partitioned into dis-joint subsets containing 70% of the samples for training, 15% for validation and 15% for testing. Thenetwork architecture and training hyperparameters were selected by hyperparameter optimization,with each candidate trained from a randomly initialized starting point and evaluated on the valida-tion set. The configuration achieving the lowest validation loss was retained, and evaluated on theheld-out test set. Scattering estimation labels have dimension 2M, while localization labels corre-spond to UE position and orientation. After training, the model sequentially selects RIS configura-tions and BS/UE beamforming vectors from received pilots and scattering estimates to localize UEswithin the coverage region. Performance is compared against the following benchmarks:
• Beamforming-free biLSTM network[3]: the RIS configuration is adapted over T time frameswhile accounting for the scattering in the environment, without any design of the BS or UEbeamforming vectors. As the reference design estimates the UE position only, it is extendedhere to estimate the UE orientation as well, again so that every approach is evaluated on thesame estimation task.• BCRLB-based design: the conditional BCRLB is used as the optimization metric at every timeframe, as described in Section 5.4. The posterior distributions of the UE state and the SOspositions are refined recursively from the received pilot and sensing measurements, and theRIS configuration and the BS and UE beamforming vectors are designed by projected gradi-
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ent descent to minimize the resulting bound. For the posterior evaluation, the 35λ × 55λservice region in the x–y plane is discretized into 350×550 grid cells and the orientation αis discretized into 180 bins over [0,2π). The SOs positions enter the augmented parametervector through the prior f (p), which is taken as uniform over the service region.• Adaptive design without scattering estimation [125, 124]: a single recurrent network sequen-tially designs the beamforming vector and the RIS configuration from the accumulated pilotobservations and reads out the UE state from its terminal representation, without a dedi-cated subset of sensing elements and without an explicit scattering estimate. As the refer-ence design considers a single-antenna UE in a channel dominated by a line-of-sight com-ponent, a UE beamforming vector and an orientation output are added here so that everyapproach is evaluated on the same estimation task over the same channel.
5.5.2 Results
The UE localization performance versus the number of time frames T and SNR is evaluated in Fig-ure 19 and Figure 20. The proposed method achieves consistently lower RMSE in both location andorientation estimation compared with all benchmark approaches across all values of T and SNR.Although performance improves for all methods as T increases, the proposed approach maintainsa clear advantage over the adaptive beamforming-free biLSTM and the localization-only biLSTM ap-proaches, the latter neglecting environmental scattering.The BCRLB-based maximum a posteriori estimator design attains higher RMSE than thelearning-based methods. The proposed formulation in (23) jointly estimates scattering and de-signs configuration vectors over all stages t to minimize the final localization RMSE at T , through
{G(t)(·),F(t)(·)}T−1

t=0 . In contrast, the BCRLB-based design in (34) optimizes the configuration inde-pendently at each time frame. The BCRLB-based scheme selects each RIS configuration to min-imize the one-step conditional bound, i.e., it optimizes the information obtained at the currentframe without regard to how that choice shapes future measurements. The proposed learning-based controller, in contrast, is trained with supervision applied only at the frame T , so it learnssequences of configurations that maximize cumulative, multi-stage information gathering towardthe final estimate. Because the localization objective depends on the joint information collectedover all T frames, the multi-stage policy attains lower RMSE than the single-step greedy optimiza-tion, particularly as T grows and as scattering dynamics become stronger. The BCRLB optimization isa nonconvex problem, thus the designed beam vectors are suboptimal. The bound based design isretained for reasons independent of the accuracy of the design. It is the tractable analytical designthat provides a model-based reference for interpreting the learned design.Figure 21 shows the effect of RIS deployment and element count onUE localization RMSE. Single-wall deployments produce the highest RMSE due to limited angular diversity. Adding elements im-proves gain but not directional richness. Two- and three-wall deployments enhance reflections andangular resolution, reducing RMSE, while four-wall deployment achieves the lowest RMSE, withgains saturating at high densities due to noise and channel limits. The proposed method consis-tently outperforms beamforming-free biLSTM, UE localization biLSTM only, and BCRLB-based base-lines. Distributed RIS panels with centralized control improve spatial diversity and measurementidentifiability. Both configuration design and panel geometry critically influence UE localization ac-curacy in RSE.The impact of the number of SOs M on UE and SOs localization is shown in Figure 22. Higher
M increases RMSE for UE location, orientation, and SO positions due to denser multipath, inter-path interference, and higher estimation dimensionality, especially at low SNR. Figure 22a shows UElocation RMSE rises with M; higher SNR improves accuracy but cannot fully offset dense scattering.Figure 22b shows orientation errors grow with M from angular ambiguity. Figure 22c shows SOsRMSE increases with M, saturating at moderate-to-high SNR. These results indicate moderate SOsdensities balance multipath diversity and estimation complexity, while dense dynamic scatteringlimits performance. Adaptive RIS configuration and accurate scattering modeling are crucial forreliable UE localization and SOs sensing.Figure 23 reports the cumulative distribution function (CDF) distribution of the UE localizationerror over the test set at a fixed operating points. The proposed approach concentrates themajority
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of its errors at low RMSE and rises steeply, so the reported mean is representative of the individ-ual test cases. The beamforming-free and scattering-agnostic designs remain competitive but withvisibly wider dispersion.
5.6 Summary
This chapter proposes a learning-based method for UE location and orientation estimation in RIS-assisted networks within RSE. The approach sequentially designs the RIS configuration, BS beam-forming, and UE beamforming while estimating scattering from dynamic SOs. Leveraging RIS-assisted sensing and historical measurements at the BS, it models temporal features to adaptivelyoptimize RIS and beamforming vectors, minimizing UE localization error. The following chapter pro-vides concluding remarks and future directions.
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(a) UE location estimation.

(b) UE orientation estimation.

Figure 19: RMSE of UE localization versus time frames T for NRIS = 100, SNR= 30 dB and M = 4.
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(a) UE location estimation.

(b) UE orientation estimation.

Figure 20: RMSE of UE localization versus SNR for NRIS = 100, T = 21 and M = 4.
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(a) Left wall only. (b) Left and Right wall.

(c) Left, right and top wall. (d) All 4 walls.

Figure 21: RMSE of UE localization versus NRIS under various distributed RIS installations with SNR
= 30 dB, T = 21, M = 4.
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(a) UE location estimation.

(b) UE orientation estimation.

(c) SO location estimation.

Figure 22: RMSE of UE and SOs localization versus SNR for different numbers of SOs withNRIS = 100,
T = 21, SRIS = 8. 68



Figure 23: CDF of proposed and baseline approaches versus RMSE of user localization at T = 21 for
NRIS = 100, SNR = 30 dB, M = 4.
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6 Conclusion
This thesis addresses the UE localization and non-cooperative environment sensing problem thatarises from the analytical intractability of dynamic RIS-assisted RSEs, where multiple moving SOsjointly influence the wireless channel. Existing methods often assume that the optimal RIS config-uration is a stationary function of UE geometry and neglect time-varying scattering effects in se-quential measurement design. To address these limitations, this thesis shifts from static geometricoptimization to a scattering-aware sequential inference approach, in which the RIS senses the en-vironment, adapts its configuration to maximize measurement information, and enables the jointestimation of UE position and orientation.

The research was guided by four interrelated research questions (RQ1–RQ4). Each question isrestated below and answered directly, with reference to the publication in which the correspondingcontribution was developed.
RQ1: What is the current state of research on RIS-assisted radio localization in 6G networks, andwhat are the key developments, opportunities, and challenges in the field?
Despite rapid progress in RIS-assisted localization, the field lacked a unified taxonomic synthesisspanning radio-frequency, millimeter-wave, terahertz, indoor, outdoor, near-field, ISAC, and SLAMparadigms, which hindered the systematic identification of open research problems. This questionwas answered through the first part of the thesis, which presents a systematic survey of RIS-assistedlocalization in 6G networks and introduces a comprehensive five-dimensional taxonomy structuredby scenario, localization modality, RIS architecture, deployment strategy, and algorithm class. Thesurvey identified the principal structural gaps in the literature, particularly the scarcity of scattering-aware adaptive methods for dynamic indoor environments and the limited development of near-field localization approaches. These findings, reported in Publication I, motivated and shaped thethree subsequent research questions.
RQ2: How can a codebook-based RIS configuration approach, combined with a data-drivenlearning model, be designed to improve UE localization accuracy in dynamic RSEs?
Conventional codebook-based RIS configuration methods assume that the optimal configura-tion depends only on UE geometry. In dynamic RSEs, however, the optimal configuration dependsjointly on the UE state and the evolving SO positions, so static codebook indexing introduces ir-reducible localization errors. This question was answered through a codebook-based, data-drivenapproach that maps joint UE-side and sensing-element channel observations, conditioned on es-timated scattering states, to optimal RIS configurations. In doing so, codebook selection is re-framed as an environment-aware inference problem rather than a fixed geometric lookup, yieldingimproved localization accuracy in dynamic scattering conditions. Quantitatively, codebook-basedselection reduces localization MSE by up to 97.14% relative to random RIS configurations, while en-larging the codebook from 10 to 500 entries reduces the MSE of the optimized configuration by88.6%.
RQ3: How can an adaptive, sensing-assisted RIS configuration strategy be devised that dynami-cally responds to temporal variations in the scattering environment tominimize UE localization errorwithout relying on a fixed codebook?
Existing adaptive sequential methods update RIS configurations from pilot observations with-out explicitly modeling dynamic scattering effects, which reduces localization accuracy under time-varying environments. This question was answered through an adaptive approach that sequentiallyestimates the dynamic SO positions and adapts the RIS configuration using explicit scattering aware-ness, thereby removing the dependence on a fixed codebook. Results showed that the adaptiveapproach lowers RMSE by up to 79% as the RIS grows from 20 to 100 elements, and the samelocalization accuracy could be achieved using approximately half the pilot transmissions requiredby the benchmark methods, demonstrating substantially improved measurement efficiency undertemporal channel variation. This contribution is reported in Publication III.
RQ4: How can the adaptive sensing and RIS configuration approach be extended to jointly esti-mate UE location and orientation while simultaneously designing BS and UE beamforming vectors,and how does a learning-based design compare with an analytically derived one?
Prior to this work, adaptive RIS sensing had not been applied to the joint estimation of UE lo-
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cation and orientation in MIMO systems with jointly designed RIS and beamforming vectors, andno analytical design existed against which such a scheme could be compared in RSEs. This questionwas answered by extending the adaptive framework to the joint sequential design of RIS config-urations, BS receive beamforming vectors, and UE transmit beamforming vectors. In parallel, ananalytical design was derived, in which the conditional Bayesian Fisher information over UE loca-tion, orientation, and SO positions is used to select each configuration and a maximum a posterioriestimator produces the final estimate. Results showed that the learning-based controller attainslower localization and orientation RMSE than the analytical design. The two differ in the informa-tion each design rule exploits: the BCRLB-based design optimizes the information collected at thecurrent frame only, whereas the learned controller is supervised at the final frame and thereforeselects configuration sequences that maximize the information accumulated across the full sens-ing horizon. The BCRLB optimization is a nonconvex problem, thus the designed beam vectors aresuboptimal.
Taken together, these answers establish scattering-aware sequential adaptive design as a foun-dational framework for accurate localization in RIS-assisted indoor RSEs. By replacing static geo-metric optimization with integrated scattering-aware sequential inference, the proposed methodsattain performance previously unattainable with scattering-agnostic methods, including reducedpilot overhead and robust joint position and orientation estimation in dense, dynamic RSEs.

6.1 Limitations and Future Work
While this thesis has advanced the state of the art in UE localization and sensing in RIS-assistedRSEs, several scope limitations define the boundaries of the current contribution. The followingparagraphs discuss each limitation and outline directions for future work aimed at addressing it.

The dynamic RSE channels were generated using the physics-consistent fading model and theresults were obtained through numerical simulation. While the simulator captures the multiple-scattering interactions that motivate this work, the conclusions are inherently conditioned on thefidelity of this model, and results may differ under alternative channel-generation frameworks ormeasured propagation data. Although the simulated scenarios were designed to reflect representa-tive dynamic indoor conditions, experimental validation on a hardware testbedwould be required toconfirm performance under real radio-frequency impairments, hardware non-idealities, and mea-surement noise.
The system geometry, SO motion, and localization were modeled in two dimensions. Exten-sion to full three-dimensional deployments, including elevation-dependent propagation and three-dimensional SO mobility, remains to be studied and may affect both estimation accuracy and theassociated bounds. Extending the modeling and estimation framework to three-dimensional ge-ometries, and validating it on an over-the-air testbed, would strengthen the practical relevance ofthe results and expose effects, such as hardware impairments and elevation-dependent scattering,that cannot be captured in two-dimensional simulation.
The BS and RIS positions were assumed to be known and fixed. In practice, calibration errorsor imperfect knowledge of infrastructure placement could degrade performance, and robustnessto such uncertainty was not evaluated. An important direction is to develop methods that remainrobust to calibration errors and uncertain infrastructure placement, for example through joint self-calibration of RIS and BS parameters alongside UE localization.
The receiver was modeled as ideal and no reconfiguration latency was considered. The RISelements carry a fixed absorptive damping, so element insertion loss is represented but is not cal-ibrated against a measured device, and its effect on the reported accuracies was not studied. Thesystem is assumed phase-coherent and time-synchronized. The reported accuracies are those at-tainable when the full complex field is observed without synchronization error, and they would de-grade under carrier-frequency offset and phase noise. Moreover, narrowband assumption is takenthroughout the thesis due to lower computation time, however, the developed problem statementsand approaches can be extended to wideband scenarios, although additional modeling and compu-tational challenges must be addressed. Quantifying the degradations with phase noise and carrier-frequency offset, together with a sensitivity study over element loss and an extension of the design
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to wideband pilots, is the most direct route from these results to a hardware demonstration.The localization problem was formulated for a single UE. Multi-user settings, in which severalUEs share the RIS infrastructure and pilot resources, introduce contention and interference effectsthat fall outside the present scope. Futureworkmay explore federated or cooperative architectures,graph neural networks, andmulti-task learning to extend the proposed scattering-aware frameworkto the multi-user setting, where the joint allocation of sensing and pilot resources across users be-comes a central design problem.The dynamic RSE model considered structured indoor environments with bounded motion.Outdoor and vehicular scenarios introduce faster non-stationary dynamics and shorter coherencetimes, which challenge the assumptions underlying the present sequential design. Future workshould investigate adaptive sensing under Doppler-affected channels, joint localization and velocityestimation, and extensions of the analytical framework to high-mobility settings.The adaptive approach relied on recurrent biLSTM models. Alternative deep-learning architec-tures, such as transformer-based sequencemodels and attentionmechanisms, may further improveperformance by capturing long-range temporal dependencies and by scalingmore favorably to largeRIS arrays. Investigating the trade-offs among accuracy, training efficiency, and online inference costfor these architectures is a natural continuation of this work.Finally, the developed analytical BCRLB based estimation approach provides a foundation forfurther theoretical investigation of localization in RSEs. Extending the analysis to account for im-perfect scattering estimation, correlated SO motion, and distributed RIS deployments could yieldtighter and more practically relevant performance bounds, supporting the principled design of fu-ture localization systems for complex propagation environments.
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Abstract
Integrated Sensing and User Localization in Reconfigurable In-
telligent Surfaces-Assisted Dynamic Rich-Scattering Environ-
ments
This thesis considers the problem of radio localization in dynamic reconfigurable intelligent surfaces(RIS)-assisted rich-scattering environment (RSE). This problem is central to autonomous indoor nav-igation, industrial robotics, smart factory management, and context-aware services in 6G environ-ments where global navigation satellite systems are unavailable. Existing works exhibit three majorlimitations. First, the lack of a unified and reproducible taxonomic synthesis of RIS-assisted local-ization spanning conventional radio frequency, millimeter wave (mmW), and terahertz band (THz)systems, and emerging paradigms such as integrated sensing and communication (ISAC) and simul-taneous localization and mapping (SLAM) hinders systematic identification of research gaps andunresolved challenges. Second, codebook-based RIS configuration methods discretize the configu-ration space through offline calibration indexed only by user equipment (UE) geometry, while ignor-ing dynamic scattering conditions, leading to an irreducible localization error floor that increaseswith environmental dynamics. Third, adaptive sequential methods reconfigure RIS using accumu-lated pilot observations without explicitly estimating the effect of dynamic scattering objects (SOs),causing scattering induced variations to be confounded with configuration induced changes andreducing robustness under time-varying propagation.

This thesis addresses these limitations through four main contributions. First, a systematic sur-vey of RIS-assisted radio localization in 6G networks is presented, introducing a five-dimensionaltaxonomy and consolidating the state of the art across outdoor far-field, indoor, and near-field sce-narios. Second, a codebook-based data-driven approach is proposed which learns the mappingfrom joint UE-side and sensing element channel observations, conditioned on estimated scatter-ing states, to the optimal pre learned RIS configuration. Third, an adaptive codebook free data-driven approach is developed to sequentially estimate dynamic SO positions and adapt RIS config-urations for improved UE localization. Fourth, this adaptive framework is extended to the uplinkmultiple-input-multiple-output (MIMO) setting for joint estimation of UE position and orientationthrough sequential co-design of RIS configurations, base station (BS) receive beamforming vectors,and UE transmit beamforming vectors, alongside derivation of analytical bounds. Performance isbenchmarked against random RIS configurations, static codebook selection, deep neural networkbased scattering estimation without sequential modeling, scattering agnostic adaptive data-drivendesigns, and analytical bounds-based greedy optimization. Performance is tested under varying RISsizes, signal-to-noise ratio (SNR) conditions, SOs densities, and distributed RIS deployment geome-tries.
Quantitatively, codebook-based RIS configuration selection reduces localization mean squareerror (MSE) by up to 97.14% relative to random configurations, while enlarging the codebook from10 to 500 entries reduces theMSE of the optimized configuration by 88.6%. The adaptive codebook-free approach reduces localization root mean squared error (RMSE) by up to 79% as the RIS growsfrom 20 to 100 elements, while achieving target accuracy using nearly half the pilot transmissionsrequired by benchmark methods, corresponding to a twofold reduction in localization latency. Thejoint position and orientation estimation approach attains lower RMSE than all learning-based base-lines across varying SO densities, RIS element counts, and distributed RIS deployment geometries.It also attains lower RMSE than the Bayesian Cramér-Rao lower bound (BCRLB)-based design, thatis, the configuration sequence obtained by minimizing the one-step conditional BCRLB bound ateach frame followed by a maximum a posteriori estimator. Overall, the results demonstrate thatRIS-assisted localization in RSE can be transformed from a static geometric optimization probleminto a scattering-aware sequential inference framework where RIS not only adapts to maximize in-formation from successivemeasurements, but also enables accurate joint estimation of UE positionand orientation under indoormultipath dynamics. For practical RIS deployments in industrial, ware-house, and smart building environments, this provides a principled adaptive framework that avoidsexplicit geometric channel modeling, path separation, and static offline calibration, while scaling
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favorably with RIS aperture, antenna array dimensionality, and temporal observation depth.
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Kokkuvõte
Lõimitud tuvastamine ja lokaliseerimine peegeldusterikkas
keskkonnas ümberkonfigureeritavate tarkade pindade abil
Käesolevas doktoritöös käsitletakse raadionavigatsiooni probleemi dünaamilises keskkonnas kuseksisteerib ohtralt signaale peegeldavaid ja hajutavaid objekte (Rich-Scattering Environment, RSE)kasutades ümberkonfigureeritavate tarkade pindade (Reconfigurable Intelligent Surfaces, RIS) abi.Probleem on keskse tähtsusega siseruumides positsioneerimises, tööstusrobootikas, nutikate te-haste halduses ning kontekstitundlikes 6G teenustes, kus globaalsed satelliitnavigatsioonisüstee-mid ei ole, ühel- või teisel põhjusel, kasutatavad. Olemasolevatel lahendustel on kolm peamist puu-dust. Esiteks puudub ühtne ja reprodutseeritav RIS-toega lokaliseerimise taksonoomiline käsitlus,mis hõlmaks tavapäraseid raadiosageduslikke süsteeme, millimeeterlainete (mmW) ja terahertssa-gedusala (THz) süsteeme ning uusi paradigmasid, nagu integreeritud sensor- ja sidevõrgud (Integ-rated Sensing and Communication, ISAC) ning samaaegne lokaliseerimine ja kaardistamine (Simul-taneous Localization and Mapping, SLAM). Koodiraamatu põhised RIS-i häälestusmeetodid kasuta-vad eelnevalt kalibreeritud konfiguratsioone, mis on indekseeritud üksnes kasutajaseadme (UserEquipment, UE) geomeetria alusel, jättes arvestamata dünaamilised levikeskkonna mõjudega. Sel-le tulemusena tekib vältimatu lokaliseerimisviga, mis suureneb keskkonna dünaamilisuse kasvades.Kolmandaksmuudavad adaptiivsed järjestikusedmeetodid RIS-i konfiguratsiooni kogunenud piloot-signaalide vaatluste põhjal, hinnates seejuures dünaamiliste hajumisobjektide (Scattering Objects,SO) mõju kaudselt. Seetõttu segunevad hajumisest tingitud muutused konfiguratsioonist tingitudmuutustega, mis vähendab meetodite töökindlust ajas muutuvate levitingimuste korral.

Doktoritöö pakub lahendused ülaltoodud puuduste jaoks järgneva nelja panuse kaudu. Esiteksesitatakse süstemaatiline ülevaade RIS-toega raadiolokaliseerimisest 6G võrkudes, milles tutvusta-takse viiemõõtmelist taksonoomiat ning koondatakse senine teadustöö välitingimustes kaugtsoo-nis, sisetingimustes ja lähitsoonis toimuvate rakenduste kohta. Teiseks pakutakse välja koodiraa-matul baseeruv andmepõhine meetod, mis õpib seose kasutajaseadme ja sensorite poolt kogutudkanali hinnangute ning hinnatud hajumisseisundi põhjal optimaalse eelõpitud RIS-i konfiguratsioo-niga. Kolmandaks töötatakse välja adaptiivne koodiraamatu vaba andmepõhinemeetod,mis hindabjärjestikku dünaamiliste, levi mõjutavate, objektide asukohti ning kohandab RIS-i konfiguratsioo-ni kasutajaseadme lokaliseerimise täpsuse parandamiseks. Neljandaks laiendatakse seda adaptiiv-set raamistikku üplüli mitme sisendi ja mitme väljundiga (Multiple-Input Multiple-Output, MIMO)süsteemile, võimaldades kasutajaseadme asukoha ja orientatsiooni ühist hindamist RIS-i konfigurat-sioonide jamobiilside tugijaama (Base Station, BS) ning kasutajaseadme antennide suunadiagrammisamaaegse modifitseerimise teel. Lisaks tuletatakse ka lahenduse analüütilised jõudluspiirid. Mee-todite toimivust võrreldakse erinevate alternatiivsete lahendustega erinevate konfiguratsioonide japarameetrite väärtuste korral.
Kvantitatiivsed tulemused näitavad, et koodiraamatu mahu suurendamine vähendab lokalisee-rimise ruutkeskmist viga kuni 88,6% võrreldes juhuslike konfiguratsioonidega. Adaptiivne koodiraa-matuvaba meetod vähendab lokaliseerimise ruutkeskmist viga kuni 79%, kui RIS-i elementide arvsuureneb 20-lt 100-ni. Seejuures saavutatakse soovitud lokaliseerimise täpsus ligikaudu poole väik-sema pilootsignaalide arvu juures kui võrdlusmeetoditel, mis tähendab ligikaudu kahekordset loka-liseerimisviite vähenemist. Ühise asukoha ja orientatsiooni hindamise meetod ületab järjepidevaltkõigi võrdlusmeetodite tulemusi erineva hajumisobjektide tiheduse, RIS-i elementide arvu ja haju-tatud RIS-paigutuste korral. Samuti näidatakse, et analüütilistel piiridel põhinev ahne optimeerimis-meetod on oma olemuselt lokaalse otsustushorisondi tõttu mitteoptimaalne. Kokkuvõttes näitavadtulemused, et RIS-toega lokaliseerimist signaale hajutavas keskkonnas saab käsitleda mitte enamstaatilise geomeetrilise optimeerimisülesandena, vaid hajumisteadliku järjestike otsuste raamisti-kuna, milles RIS mitte üksnes kohandub maksimeerimaks järjestikuste mõötmiste informatiivsust,vaid võimaldab ka kasutajaseadme asukoha ja orientatsiooni täpset ühist hindamist mitmekiireliselevi dünaamilistes tingimustes. Tööstus-, lao- ja nutikate hoonete praktiliste RIS-rakenduste jaokspakutakse põhimõttelist adaptiivset raamistikku, mis väldib kanalite geomeetria otsest modelleeri-mist, leviteede eraldamist ja staatilist eelkalibreerimist ning mille skaleeritavus paraneb RIS-i suuru-
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se, antennimassiivi mõõtmete ja ajaliste vaatluste arvu kasvades.
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Reconfigurable Intelligent Surfaces in 6G Radio
Localization: A Survey of Recent Developments,

Opportunities, and Challenges
Anum Umer , Ivo Müürsepp, Muhammad Mahtab Alam , Senior Member, IEEE,

and Henk Wymeersch , Fellow, IEEE

Abstract—In this survey paper, we present an extensive review
of the use of reconfigurable intelligent surfaces (RIS) in 6G radio
localization, highlighting their pivotal role as a low-cost, energy-
efficient technology that reshapes wireless communication and
localization landscapes. Investigating the versatile capabilities of
RIS, we explore their dynamic control over electromagnetic wave
manipulation, including reflection, refraction, and transmission,
which opens new horizons in diverse applications ranging from
Internet of Things (IoT) connectivity to advanced mobile com-
munication, and various innovative applications in Industry 4.0.
Our comprehensive review provides an overview of RIS use in 6G
radio localization, highlighting recent progress in RIS technology
assisted localization. It focuses on key aspects, including network
scenarios, transmission bands, deployment environments, and
near-field operations. We discuss studies to examine the state-of-
the-art RIS-assisted localization and optimization techniques and
their performance evaluation matrices. In addition, we present a
detailed taxonomy of RIS-assisted radio localization, emphasizing
the rapid evolution and potential of RIS technology in non-line-
of-sight scenarios as an alternative to traditional base stations.
Based on the careful investigation of the reviewed studies, the
survey also sheds light on future research directions, technical
challenges, and limitations, offering a clear perspective on the
integration and optimization of RIS in 6G networks for enhanced
localization capabilities.

Index Terms—6G, localization, reconfigurable intelligent sur-
faces, RIS.

I. INTRODUCTION

THE reconfigurable intelligent surfaces (RIS) are advanced
metasurfaces designed with the remarkable capability of

being able to be reprogrammed to alter their electromagnetic
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properties and functionalities according to specific require-
ments [1]. These intelligent surfaces enable dynamic control
over the reflection, transmission, and absorption of electro-
magnetic waves, allowing for unprecedented flexibility and
adaptability in manipulating wireless signals and optimizing
wireless communication systems. Through their programma-
bility, RIS empower researchers and engineers to explore a
wide range of applications, including wireless communica-
tion networks, smart environments, Internet of Things (IoT)
connectivity, radar systems, and more [2]. By harnessing the
potential of RIS technology, we can revolutionize the way we
interact with and shape the electromagnetic world around us.
They provide the ability to control and program the wireless
communication channel, making it a highly versatile tool for
wireless communication [3]. This feature makes RIS favorable
for radio communication and localization since we can control
the illumination of non-line-of-sight (NLoS) areas where direct
signaling from the anchor node is not possible. Moreover,
radio localization typically requires more than one anchor to
function, in contrast, RIS offer a cost-effective and energy-
efficient solution to replace additional anchor nodes and
relays [4]. This is due to the simpler hardware implementation
of RIS, which are easier to deploy and maintain. RIS, with
their limited power requirements, can be installed on surfaces
like walls, billboards, or even autonomous aerial vehicles for
emergency services [5].

Besides reconfigurability, there are other key features that
promise to make RIS suitable for use in wireless networks.
RIS can be fabricated using low-cost materials such as
printed circuit boards, making it affordable for widespread
deployment [26]. It can significantly reduce the energy con-
sumption of wireless communication systems. By reflecting
and focusing the signal towards the intended receiver, RIS
can reduce the need for high-power transmitters and increase
the energy efficiency of the whole system [27]. RIS can
mitigate interference in wireless communication systems by
reflecting and manipulating the signal, it can create nulls in the
directions where interference is present, leading to improved
signal quality and channel capacity [28], [29].

RIS are, thus, perceived as state-of-the-art technology for
the localization of users in sixth generation (6G) mobile
communication networks provided the location of the RIS
is already known [1]. The research community is actively
working on modeling and optimization of various aspects
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TABLE I
TOPIC WISE COMPARISON WITH RECENT LOCALIZATION AND RIS-ASSISTED LOCALIZATION SURVEYS AND TUTORIALS

of RIS-assisted radio localization to enable bigger-impact
techniques and applications for 6G networks, such as simulta-
neous localization and communication (SLAC), simultaneous
localization and mapping (SLAM), and numerous inventive
applications in the realm of Industry 4.0, as elaborated further
in the paper. While research in this area of radio localization
is advancing rapidly, it is essential to consolidate the progress
made in this field and pinpoint both past accomplishments and
future avenues for exploration.

A. Related Work and Motivation

In this subsection, we discuss the related works published
in the recent years and highlight the motivation behind
current study. Several review studies exist on localization that
share the localization basics in common but each of them
is primarily focused on either the type of signals used for
localization, the localization environment, or the techniques
for localization. For instance, indoor localization is discussed
in [7], [9], [11], [14], [16], outdoor localization in [6], [8], [30]
and localization in ground-air-space networks in [31]. As for
the types of signals, radio signals are covered in [9], [10], [16]
and visible light positioning (VLP) in [32]. Localization
techniques such as SLAM [6], [9], multi-dimensional scal-
ing [12], machine learning (ML) [14], [15] have also been
discussed in the dedicated surveys. Several surveys exist on
the application of localization such as device-free localiza-
tion (DFL) [30], autonomous driving [6], [8], [19], pedestrian
localization [15], emergency response [7] and network local-
ization [9]. Recent studies focus on envisioned applications
and use cases of localization in 6G [21], technological enablers
for beyond fifth generation (5G) and 6G localization including
RIS [1], [2], surveys on localization signal processing tech-
niques and algorithms for 6G [22], [25], [33], as well as the
convergent communication, localization, and sensing including
integrated sensing and communication (ISAC) [2], [20], and
high-frequency localization [1], [2], [23], [33]. While [21]

provides a holistic overview of localization in 6G networks,
our study is focused only on RIS-assisted localization in 6G
networks. Several studies explore the potential and applica-
tions of RIS in 6G systems. Research has been conducted
on the potential of RIS in radio localization and mapping,
which are detailed in [1] and [2]. Further studies and surveys
discuss signal processing in RIS-assisted networks, as can be
found in [22], [25], [33]. A tutorial that gives an overview on
radio localization with RIS at higher frequencies is presented
in [23]. The domain of IoT positioning has been explored in a
contemporary survey presented in [24]. However, the breadth
of this study is relatively limited. This constrained scope
suggests that it may not fully encapsulate the entire spectrum
of research conducted in RIS-assisted radio localization in 6G
networks. Furthermore, the survey’s content is not up-to-date
with the most recent advancements in the field. Additionally,
a notable limitation of this survey is its lack of reproducibility,
which could be a critical factor for those seeking to validate
or build upon its findings. The concept of ISAC with RIS is
explained in a tutorial overview in [3]. Lastly, the study in [34]
examines the use of RIS in different network scenarios, such
as single-input, single-output (SISO), multiple-input, multiple-
output (MIMO), multiple-input, single-output (MISO), and
single-input, multiple-output (SIMO). The recent study pro-
vided an overview of the performance improvements offered
by RIS over traditional network designs in smart wireless
environments. It specifically focused on the network architec-
ture, deployment scenarios, bandwidth, and area of influence
enabled by RIS [35]. Topic wise comparison of recent articles
on localization and RIS-assisted radio localization with our
work is provided in Table I.

The research community is actively exploring various
aspects of RIS in radio localization. These include modeling,
analysis, and optimization of various localization scenarios
with base station (BS), user equipment (UE), and RIS, deter-
mining the number and type of RIS elements, as well as
designing phase control and coefficient values for enhanced
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TABLE II
RESEARCH QUESTIONS BASED COMPARISON O WITH EXISTING

SURVEYS, TUTORIALS AND REVIEW STUDIES WITH � FOR FULLY

ADDRESSED, ∂ FOR PARTIALLY ADDRESSED AND × OF

NOT ADDRESSED QUESTIONS

localization [26], [36], [37], [38], [39], [40], [41], [42],
[43], [44], [45], [46], [47], [48], [49], [50], [25], [34], [51],
[52], [53], [54], [55], [56], [57], [58], [59], [60], [61], [62],
[63], [64], [65]. Other factors being studied primarily include
the placement of RIS in indoor and outdoor scenarios with
variations in the number of antennas on BS and UE, and
RIS operation at multiple frequency bands, i.e., frequency
range 1 (FR1) (450 MHz to 6 GHz), frequency range 2 (FR2)
(between 24.25 GHz and 52.6 GHz), millimeter wave (mmW)
(30-300 GHz) and terahertz band (THz) (0.1-10 THz), as
well as the near-field and far-field operation of RIS-assisted
localization [23], which are the focus of this article. Overall,
there is significant interest and effort being dedicated to
advancing the use of RIS for localization. To develop the
understanding of basics of RIS-assisted radio localization and
to determine the unexplored research avenues within this field,
it is deemed necessary to carry out a comprehensive survey.
We briefly shed light on role of RIS in 6G radio localization
and compile the recent developments in terms of state-of-the-
art areas of investigation as well as the techniques. In contrast
to the existing surveys and tutorials, in this survey, we first
highlight the role of RIS in radio localization in terms of its
potential applications and by the introduction of RIS-assisted
localization taxonomy. Then we provide a comprehensive
overview of the recent studies on the role of RIS in radio
localization in 6G networks. Our work consolidates and builds
upon existing knowledge to promote the advancement of RIS-
assisted localization in 6G networks. In this study, we seek
answers to the following questions:

1) How has RIS been used for localization in 6G networks?
2) What are the current trends and developments in the use

of RIS technology for 6G radio localization?
3) What are the future directions of RIS-assisted radio

localization in 6G and what are the associated technical
challenges, and limitations?

The comparison of this survey with recent localization
surveys, tutorials and review studies on the basis of aforemen-
tioned questions is given in Table II.

B. Review Method

After having identified the research questions, we defined
our search string and identified the appropriate databases to

find the most relevant literature based on the inclusion and
exclusion criteria. For the search string, we selected the key-
words from our research questions, based on which two search
strings were defined. The first string limits the investigation
to the RIS and its synonyms. Similarly, the second string
limits the literature to localization and its synonyms. Both
search strings were combined using logical operators before
being applied to the literature databases. The final search
string is: (“intelligent reflecting surface” OR “reconfigurable
intelligent surface” OR “RIS” OR “IRS” OR “LIS” OR “large
intelligent surface”) AND (“localization” OR “positioning”)
AND (“6G”). The search string was used on digital databases,
i.e., IEEE Xplore, to identify the most pertinent papers. We
searched for journal, workshop, and conference papers in the
databases. As various studies use diverse terms to describe
RIS-assisted radio localization, it is possible that our search
string might not capture all relevant works. Therefore, we also
performed comprehensive backward referencing. To ensure we
did not miss pertinent articles, we included full texts in our
analysis, even if they did not have our search terms in their
titles or abstracts. In short, deliberate effort has been put to
include all the works relevant to the topic of our survey.

After having collected all the relevant studies, we passed
it through a rigorous inclusion and exclusion criterion to
narrow down the database of relevant studies. We excluded
all the studies that fulfilled the following exclusion criteria: if
multiple versions of the same work are collected, such as a
peer-reviewed published version and its pre-print archive ver-
sion, only the published version shall be kept. The remaining
set of studies was evaluated for the following inclusion criteria:
the study is relevant to the topic of RIS in radio localization
in 6G, and it showcases or illustrates a method, approach, or
technique for RIS-assisted radio localization.

The unique aspects of our work are stated below:
• Via the survey, answers to the 3 research questions are

provided in the following sections, where Section II
answers research question 1, Section III answers research
question 2 and Section IV answers research question 3.

• We present the potential applications of RIS-assisted
localization from the use case families in RISE-6G
project, to motivate the reader towards the topic. We
also discuss the RIS-assisted radio localization taxonomy,
which has not been comprehensively presented anywhere
in literature before.

• We conducted our survey systematically and outlined
the review method in Section I-B, ensuring the entire
review process is reproducible for validation and fur-
ther research. Our method for collating, analyzing, and
interpreting data is explicitly stated as part of systematic
approach. Consequently, our work covers all significant
advances in RIS-assisted localization, including the latest
studies and their implications.

• Finally, we provide a detailed, updated, and diverse
perspective on what are the future research directions in
RIS-assisted radio localization in 6G networks, particu-
larly in light of recent advancements.

In the subsequent sections, we present the results of our
review. In Section II, we give the comprehensive background
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TABLE III
ABBREVIATIONS

2D two dimensional

3D three dimensional

5G fifth generation

6G sixth generation

AI artificial intelligence

AOA angle-of-arrival

AOD angle-of-departure

BS base station

CNN convolutional neural network

CRF conventional radio frequency

CRB Cramr-Rao bound

CRLB Cramr-Rao lower bound

CS compressive sensing

CSI channel state information

DFL device-free localization

DL downlink

DNN deep neural network

FIM Fisher information matrix

GDoP geometric dilution of precision

GNSS global navigation satellite systems

IoT internet of things

ISAC integrated sensing and communication

JCAL joint communication and localization

LoS line-of-sight

mmW millimeter wave

MIMO multiple-input, multiple-output

MISO multiple-input, single-output

MCRB misspecified Cramr-Rao bound

ML machine learning

MLE maximum likelihood estimation

MSE mean square error

MUSIC multiple signal classification

NLoS non-line-of-sight

OEB orientation error bound

OFDM orthogonal frequency division multiplexing

OFTS orthogonal time frequency space

PEB position error bound

REB rotation error bound

RIS reconfigurable intelligent surfaces

RL reinforcement learning

RSS received signal strength

RTT round-trip time

SISO single-input, single-output

SIMO single-input, multiple-output

SL sidelink

SLAC simultaneous localization and communication

SIM stacked intelligent metasurfaces

SLAM simultaneous localization and mapping

STAR Simultaneously transmitting and reflecting

SNR signal-to-noise ratio

THz terahertz band

TOA time-of-arrival

TDOA time-difference-of-arrival

UE user equipment

UL uplink

UWB ultra wide band

VLP visible light positioning

of RIS technology and discuss it from the perspective of
its potential for radio localization. In Section III, the devel-
opments in RIS-assisted radio localization are consolidated
in terms of research in various frequency bands, deploy-
ment scenarios, and RIS placement for enhanced localization.
In Section IV, we outline the limitations and unexplored
research directions of RIS for localization in 6G networks,
followed by conclusions in Section V. The sections and
main topics of this article are shown in Figure 1. A list

Fig. 1. The overall outline of the article.

of definitions of frequently used abbreviations is given in
Table III.

II. RIS IN RADIO LOCALIZATION

In this section, we briefly discuss the RIS and the different
types of its working operations. We focus on the reflective
RIS signal and channel modeling, as it is the most commonly
researched type of RIS operation. We provide the brief
overview of the system model and channel model for RIS-
assisted radio localization networks to demonstrate how RIS is
used in 6G radio localization. Subsequently, we highlight why
RIS is an advantageous technology for 6G radio localization,
followed by a discussion on the taxonomy of RIS-assisted
localization.

A. Overview of RIS Operation

RIS represents a novel electromagnetic surface capable of
altering the behavior of wireless channel, paving the way
for more efficient and adaptable wireless communication
systems. A RIS comprises a multitude of tunable elements
designed to regulate the amplitude, phase, and polarization
of electromagnetic waves either passing through or reflecting
off its surface [45]. These individual elements are gener-
ally small, cost-effective, and programmable to accommodate
varying channel conditions and modulation methods. The
structure of RIS operating across different modes is depicted in
Figure 2.
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Fig. 2. Comparative structure of RIS under different modes of operation,
(a) Passive Reflective RIS can alter the phase of the incident signal only,
(b) Active Reflective RIS can amplify and alter the phase of the incident signal,
(c) Transmissive RIS passes the signal through while STAR RIS can perform
both transmission and reflection simultaneously. The reflection coefficient of
each RIS element is reconfigurable in real time via the controller.

The RIS operates by modifying the propagation of
electromagnetic waves by reflecting, refracting, or scatter-
ing them [1]. Typically, the tunable elements within RIS

are diminutive antennas or resonators that can be electri-
cally manipulated to adjust their electromagnetic properties,
including resonant frequency, impedance, and polariza-
tion [69]. By altering the impedance of each tunable element,
the RIS can govern the amplitude and phase of the reflected or
transmitted wavefront, effectively directing the wave towards a
desired direction or concentrating it on a specific location [2].
Entrusted with the role of tweaking the electrical parameters
of these tunable elements in real-time, the RIS controller
uses feedback from the wireless channel conditions, modu-
lation scheme, and performance targets. It employs feedback
from the receiver to fine-tune the settings of the tunable
elements, optimizing signal quality while curbing interference
and noise [3]. Various hardware and software technologies,
ranging from analog, digital, or hybrid to software-defined or
artificial intelligence (AI)-based solutions, can implement the
RIS controllers [69]. The selection of a controller hinges on
the RIS‘s application, complexity, and performance prerequi-
sites [70].

Here, we briefly discuss some of the RIS working opera-
tions:

• Reflective RIS: This is the most common type, shown in
Figure 2(a), where elements of the surface can alter the
phase of the incident signal. These essentially act as pro-
grammable mirrors that shape and direct the radio waves
toward a specific direction [71]. Each RIS element reflects
the incoming signal due to the copper backplane [72].
An RIS can reflect electromagnetic signals independently
in reflection mode using its N reflection units. The
magnitude, αn ∈ [0, 1], and phase, φn ∈ [0, 2π),
of the reflection coefficient of each reflection unit are
reconfigurable via the controller. This leads to a base-
band signal model of, yn = αne

jφnxn , for each
unit, where xn is the incident signal and yn is the
reflected signal, respectively. For the entire RIS sur-
face, the relationship between the incident and reflected
signals can be represented by a diagonal matrix, as
the reflection units are independent, given as, y =
diag(α1e

jφ1 , . . . , α1e
jφn , . . . , α1e

jφN )x = Ωx, where
Ω is the reflection coefficient matrix of RIS. The RIS is
designed to reflect incident signals maximally, i.e., ideally
α = 1. However, α in practice may not be equal to 1.
It is usually a constant with a value dependent on the
specific circuit [52]. The magnitude and phase, α and φ,
can be varied within an interval with the limitation on cost
and complexity. This leads to three practical reflection
coefficient types: constant amplitude with continuous
phase shift, optimized amplitude with continuous phase
shift, and constant amplitude with discrete phase shift.
Continuous phase shift is assumed in some papers, but
it is limited by high hardware costs. Thus, a discrete
phase shift is often used to increase cost-effectiveness. It
is worth mentioning that the amplitude and phase control
are not necessarily independent, i.e., when the phase is
varied, this also varies the amplitude.

• Transmissive RIS: This type allows signals to pass
through the surface, modifying their characteristics in the
process. This provides an additional degree of flexibility
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in controlling the wave propagation. Incident signal
penetrates the RIS elements due to the absence of copper
backplane as shown in Figure 2(c) [72].

• Hybrid RIS: Common RIS designs feature metasur-
faces made of passive meta-atoms (building blocks of
the meta materials) that can reflect incoming waves
in adjustable ways. However, this exclusive reflection
method poses considerable coordination challenges in
wireless networks. For instance, RIS don’t possess the
needed data to modify their reflection patterns indepen-
dently; this data must be gathered by other network
components and then relayed to the RIS controller.
Moreover, gauging the communication channel, vital
for coherent RIS-aided communication, is problematic
when using existing RIS models. Hybrid Reflecting and
Sensing RIS offer a solution by allowing metasurfaces to
not only adjustably reflect the incoming signal but also
sense a fraction of it [73]. This sensing ability of hybrid
RIS supports many network management tasks, like
estimating channel parameters and pinpointing locations,
paving the way for potentially self-regulating and self-
setting metasurfaces.

• Simultaneously transmitting and reflecting (STAR) RIS:
This variant allows the RIS to perform both transmission
and reflection simultaneously, making it highly efficient
and versatile for various communication needs [74].
Conventional RIS, due to their hardware design, are capa-
ble of only reflecting incident signals, serving wireless
devices situated on the same side. This restricts their
deployment adaptability and coverage span [75], [76].
To overcome these limitations, a new type of metama-
terial called STAR-RIS has been introduced [77], [78].
It supports both electric-polarization and magnetization
currents, enabling it to reflect and/or transmit the incident
signals [79]. In contrast to conventional RIS, it can offer
full-space service coverage (i.e., 360 degrees), leading to
enhanced deployment flexibility.

• RIS with Non-Diagonal Control: In conventional RIS
structures, it is assumed that a signal hitting a specific
element can only be reflected from that same element
after the phase shift adjustment. There was no deliberate
association between the RIS elements. The phase shift
matrix in such designs was diagonal, such that each
RIS element is connected to the load disassociated from
the other elements on the surface, leaving untapped
potential for system performance enhancement through
RIS. On the contrary, RIS with non-diagonal control has
a design based on non-reciprocal connections, allowing
the signal impinging on one element to be reflected from
a different element after phase shift adjustment [80].
Consequently, the phase shift matrix can be non-diagonal.
This allows for greater adaptability in configuring the
RIS structure to optimize system performance. They can
increase reflected power, enhance aggregate data rate, and
provide versatility in a variety of deployment scenarios.

• Active RIS : In the case of passive RIS, the path loss
between the transmitter-RIS-receiver connection is deter-
mined by multiplying, rather than adding, the path losses

of the transmitter-RIS and RIS-receiver connections. This
value is typically many times greater than the direct
link’s path loss [81]. Consequently, this “multiplicative
fading” phenomenon often renders it highly challenging
for passive RIS to realize significant capacity gains in
numerous wireless settings [82]. It is, thus, a significant
performance hindrance to passive RIS operation [83].
Active RIS was introduced as a solution. Like its passive
counterpart, it can reflect incident signals with adjustable
phase shifts, but it can also amplify these signals, as
shown in Figure 2(b). Its hardware architecture is, thus,
different from the passive RIS such that its design
involves reflection-type amplifiers in addition to the phase
shift circuits. Active RIS needs considerably more power
to operate [84].

B. RIS-Assisted Localization in 6G Networks

In this subsection, we present a fundamental example
for RIS-assisted radio localization, providing a foundational
framework upon which more advanced and specialized meth-
ods can be developed to address a range of complex problems.
The flowchart presenting the typical processing phases is
shown in Figure 3. To further illustrate the functioning of RIS
in collaboration with BS for UE localization, consider the sce-
nario showing the RIS-assisted radio localization environment
in Figure 4(b) where a multiantenna BS equipped with NBS
antennas is located at pBS = (xBS, yBS, zBS). RIS has NRIS
reflecting elements with its center located at (xRIS, yRIS, zRIS)
and the UE with NUE antennas is at pUE = (xUE, yUE, zUE).
In the context of localization, the UE has an unknown state,
i.e., location, orientation and clock bias that needs to be
determined based on received downlink signals. The BS, with
a known state transmits signals on distinct subcarriers. These
signals create observations yn,k at the UE receiver over the
channel Hn,k . By analyzing these downlink observations, the
UE can estimate its location based on the known location of
the BS and the RIS.

1) Signal Model at UE: We consider a generic frequency
domain representation of the received signal and channel
model for N samples spaced Δf apart [85]. The received signal
at the UE for frequency n ∈ {0, . . . , .,N − 1} and symbol
k ∈ {0, . . . , ., k − 1} can be represented as,

yn,k = Hn,kxn,k + nn,k , (1)

where yn,k is the received pilot signal at the UE, xn,k is the
transmitted pilot signal from the BS, and nn,k is the additive
Gaussian noise.

2) Channel Model: Two types of propagation paths are
available from the BS to the UE in this scenario, i.e., a
direct, line-of-sight (LoS), path from the BS to the UE and
reflected, NLoS, paths through the RIS or other objects in the
environment. In the illustrated downlink scenario, considering
a far-field channel with planar wave assumptions (as opposed
to the spherical wave structure of near-field channels), the
combined channel response, encompassing both the direct and
NLOS reflected paths, is given as,

Hn,k = Hdirect
n,k + HNLoS

n,k . (2)
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Fig. 3. Flowchart demonstrating the typical processing phases in RIS-assisted localization in 6G networks. In the downlink scenario, the transmitted signal
received at the UE is used for channel parameters estimation and UE localization. Tracking information is utilized to optimize the RIS configuration.

Fig. 4. Illustration of non-RIS-assisted and RIS-assisted localization networks. Localization without RIS requires multiple BSs. The use of RIS makes
localization possible with lesser infrastructure with the added advantage of energy efficiency, minimal deployment, and maintenance cost.

Here, Hdirect
n,k ∈ CNBS×NUE is the channel frequency response

of the direct path, given as [85]

Hdirect
n,k =

L∑

l=1

αlaUE(θl )aBS(φl )e
−j2πnΔf τl , (3)

where

|αl |2 =
λ2

(4π)2
GUE(θl )GBS(φl )

‖dBS−UE‖2
, (4)

is the complex channel gain with L being the number of direct
signal propagation paths, aUE(θ) ∈ CNUE is the UE array
response as the function of angle-of-arrival (AOA) θ ∈ R2

in azimuth and elevation, aBS(φ) ∈ CNBS is the BS array
response as function of angle-of-departure (AOD) φ ∈ R2 in
azimuth and elevation, λ is the carrier wavelength, GBS(·) and
GUE(·) are the antenna gains at the BS and UE, and τl is the
time-of-arrival (TOA) given by

τl =
dBS−UE

c
+ K (5)

where dBS−UE is the distance from BS antenna element to
the UE antenna element, c is the speed of light and K is the
clock synchronization offset.

From (2), HNLoS
n,k is the combination of reflected signal

channel frequency response at the UE from the intended RIS
reflectors as well as the random obstacles in the environment.
It can, thus, be expressed as,

HNLoS
n,k = HRIS

n,k +

I∑

i=1

H
NLoS(i)

n,k , (6)

where I is the number of reflectors between BS and UE, other
than RIS. The channel response from such reflectors is defined
as [21]

HNLoS
n,k =

I∑

i=1

αiaUE(θi )aBS(φi )aRe
−j2πnΔf τi , (7)

such that

|αi |2 =
λ2

(4π)2
ΓRi−UEGUE(θi )GBS(φi )(

dBS−Ri
+ dRi−UE

)2 , (8)

and

τi =
dBS−Ri

+ dRi−UE

c
+ K , (9)
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where dBS−Ri
and dRi−UE are the distances from BS to

reflector Ri and from Ri to UE, aR is the steering vector of the
reflector R and ΓRi−UE is the attenuation coefficient. Given
the point of incidence of signal on a reflector be pinc,m ∈ R3,
the UE array response aUE(θi ) (similarly for BS array response
vector aBS(φi ) consists of entries given by [86],

[aUE(θi )]k = exp

(
j
2π(pUE,k − pUE)�u(θi )

λ

)
, (10)

where pUE,k −pUE represents the position of the k-th antenna
element relative to the reference UE location, and u(θi ) =
pinc,m − pUE/‖pinc,m − pUE‖, all defined in the UE’s frame
of reference. These NLoS signals become increasingly impor-
tant when the LoS between the BS and UE is absent.

The HRIS
n,k in (6) is the RIS incident and reflected signal

channel response such that H
BS,RIS
n,k ∈ CNBS×NRIS is the

channel response of the path from the BS to the RIS and
H

RIS,UE
n,k ∈ CNRIS×NUE is the channel response from the RIS

to the UE, collectively given as [86],

HRIS
n,k = H

BS,RIS
n,k H

RIS,UE
n,k (11)

= αRIS
k aUE(θRIS)aBS(φRIS)e−j2πnΔf τRIS , (12)

where

αRIS
k = αBS−RISαRIS−UEa�

RIS(φRIS−UE)ΩkaRIS(θBS−RIS).

(13)

Here, αRIS
k is controllable, αBS−RIS is the complex gain from

BS to RIS, αRIS−UE is the complex gain from RIS to the
UE, aRIS(.) is the RIS response function as the function of
AOA from BS, θBS−RIS, and the AOD to the UE, φRIS−UE
and Ωk determines the RIS configuration [86]. A RIS with a
known location can provide valuable geometric information,
such as TOA, an angle at the UE, and an angle at the RIS.
Essentially, the RIS operates as an auxiliary, synchronized
BS with a phased array, transmitting the same signal as the
primary BS [86]. The RIS configurations Ωk can be optimized
based on prior location information.

3) UE Localization: For the localization of the UE, its
position, orientation, and clock bias information are inferred
from the received signal yn,k , details of which are well
summarized in [85], [86] and discussed briefly below. The
process encompasses three steps: first, the channel parameters
(TOAs, AOAs, AODs) are estimated. Second, if the LoS is
available then its parameters, NLoS and RIS path parameters
are extracted, and finally, the UE is localized.

a) Channel parameter estimation: In wireless
communication, channel estimation methods like
FFT/Periodograms [87], ESPRIT [88], and orthogonal
matching pursuit [89] use principles of sparsity or harmonic
retrieval [85]. A common approach is to first obtain a
least-squares channel estimate Ĥn,k , which can then be
vectorized for compressive sensing to estimate path counts
and delays. Another way is to arrange least-square estimates
of channel parameters in tensor form which allows multi-
dimensional harmonic retrieval. Initial path estimates, gains,
and geometry can be refined by maximizing the likelihood

function log p(y|κ), where κ includes parameters like path
gains, angles, and delays.

b) Location estimation: To estimate the UE’s location,
the channel parameters η̂ (e.g., angles, delays), whose esti-
mator uncertainties need to be known, are mapped to the
UE state f through the relationship η̂ = h(f) + n, where
h(f) represents the geometric model linking the UE state to
channel parameters (τ, θ, φ) and n represents measurement
noise with statistics that depend on the channel parameter
estimation. The parameter η̂ provides estimated angles, and
delays with associated noise. We estimate f by minimizing the
cost function [85] given by

f̂ = arg min
f

(η̂ − h(f))�Σ−1(η̂)(η̂ − h(f)). (14)

After obtaining an initial estimate, local optimization refines
f̂ . The uncertainty, Σ(f̂), is then calculated as

Σ−1(f̂) =

(
∂η

∂f

)�
Σ−1(η̂)

∂η

∂f

∣∣∣
f=f̂

. (15)

This estimated location and uncertainty, (f̂ , Σ(f̂)), can be
further integrated into tracking algorithms for more robust
localization and RIS configuration optimization.

4) Extensions: The aforementioned channel and signal
modeling represent the most simple version of the RIS-assisted
localization problem, setting the stage for many extensions.
For instance, the channel model can be generalized to include
wavefront curvature, the RIS model can be generalized to
hybrid, STAR, or Non-Diagonal Control RIS, each with their
own localization benefits and challenges.

C. RIS Support for Radio Localization

In a standard SISO non-RIS-assisted localization network,
shown in Figure 4(a), four synchronized single antenna BSs
transmit pilots, generating time-difference-of-arrival (TDOA)
or TOA. The UE position is estimated by intersecting
hyperboloids (TDOAs) or calculating TOAs for clock bias
synchronization [34]. Using round-trip time (RTT) with three
BSs allows localization by intersecting spheres centered
at the BSs. The UE‘s velocity is determined from four
Doppler shifts. The limitations of such conventional local-
ization include: (i) the need for several BSs for localization,
whereas only one is needed for communication, leading to
network over-provisioning to support localization systems; (ii)
even massive MIMO BSs offer limited angular resolution,
making localization constrained by multipath; and (iii) time-
based measurements, i.e., TOA and TDOA, which provide
the most information for localization, require BSs to be
time-synchronized at the sub-nanosecond level. In the fol-
lowing subsection, we show how the inclusion of RIS can
address these limitations by reducing reliance on infrastruc-
ture, offering high angle resolution, and eliminating extreme
synchronization requirements. We delve into the multifaceted
role of RIS in enhancing radio localization capabilities, exam-
ining how RIS transforms cellular networks into intelligent
environments, how it works in tandem with BS for effective
UE localization, and exploring applications of RIS-assisted
localization in emerging technologies.
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1) RIS-Enhanced Localization in Smart Radio
Environments: Next-generation cellular networks are evolving
towards “smart radio environments” enhanced by RIS-
covered walls and objects, enabling them to reconstruct and
modify radio signal properties like transmission direction
and polarization. This innovation leads to an intelligent
transmission environment, offering new possibilities in
communication, sensing, and localization [69], [90], [91]. The
integration of RIS promises improved localization accuracy
and extended coverage, contingent upon the development of
suitable models and algorithms [1]. Compared to traditional
MIMO systems, RIS offers superior localization due to its
large surface area, which improves its signal transmitting,
receiving, or reflecting capabilities. The Cramér-Rao lower
bound (CRLB), a measure of the lower limit of the variance for
an unbiased estimator, for UE localization decreases as the RIS
area increases, barring certain positions [27], [36]. Distributed
RIS deployments are found to enhance CRLB and broaden
localization coverage. Further, RIS allows for high-precision
radio localization and sensing, significantly estimating UE and
device positions [38]. The RIS-aided downlink localization
offers better coverage and accuracy than traditional reflecting
surfaces and scatter points [39]. These advancements highlight
the role of RIS in enhancing radio localization systems.

Accurately quantifying phase and amplitude is essential for
effective localization with RIS, but full-resolution measure-
ments can be expensive. Exploring the impact of phase and
amplitude quantization on localization is therefore important.
The comparison of full-resolution measurements with varying
quantization resolutions shows that phase quantization has
a more significant effect on the CRLB of localization than
amplitude quantization, but both do not greatly differ in
CRLB loss [36], [37]. This insight is pivotal for practical RIS-
assisted localization, suggesting enhanced phase resolution
at the RIS for better accuracy. Utilizing explicit geometric
information in wireless channels below 6 GHz is challenging
due to limited delay and angle resolution and weak path
connectivity to environment geometry. In contrast, frequencies
above mmW link more closely to environment geometry and
offer better resolution [85], [93]. The high bandwidth and large
antenna arrays in mmW and THz bands provide high spatial
and temporal resolution, leading to a focus on these higher
frequency bands in the majority of the studies in contemporary
literature [40], [89], [94], [95], [96]. Moreover, often indoor
scenarios are considered due to the limited transmission range
of mmW or THz frequencies. While global navigation satellite
systems (GNSS) can offer acceptable outdoor localization, its
effectiveness is reduced indoors where signal strength is low.
In such environments, RIS not only aids in precise localization
but also helps alleviate communication congestion caused by
obstructions.

When considering algorithms for RIS-assisted localization,
it is important to distinguish between far-field and near-field
assumptions [1]. In the far-field, energy travels away from
the source, and the plane wave assumption is valid, while in
the near-field, energy is periodically stored and returned to
the source, with radiation patterns varying based on distance
from the source, hence the spherical wave model applies. The

near-field region’s extent in RIS-assisted networks is linked to
the RIS‘s surface area. Near-field propagation, characterized
by wavefront curvature, becomes significant at moderate dis-
tances to the RIS and must be accurately represented in the
communication system. The near-field area of RIS inversely
correlates with the wavelength of the incident signal, and its
size increases with both operation frequency and surface area,
making the UE likely to be in this region. Therefore, partic-
ularly in indoor environments at mmW and THz frequencies,
far-field models are generally inapplicable [97].

2) Applications of RIS-Assisted Localization in Emerging
Technologies: RIS-assisted localization offers significant ben-
efits for various applications requiring high accuracy and
low latency. It revolutionizes indoor and outdoor localiza-
tion in IoT networks, smart cities, and automated factories,
as shown in Figure 5 [92]. RIS enhances IoT network
performance by optimizing signal propagation in different
communication scenarios, contributing to advanced multisen-
sory extended reality applications and tele-control technologies
by ensuring precise device tracking and location accuracy
(Figures 5(d) and 5(g)) [24]. It also plays a crucial role in
wireless brain computer interfaces, improving signal quality
and reliability for patient tracking and tele-surgery applica-
tions (Figure 5(f)) [98], [99]. In smart indoor services, RIS
overcomes NLoS challenges and improves privacy protection,
crucial for secure and efficient local coverage (Figure 5(c)).
It is pivotal in smart transportation, enhancing autonomous
driving and vehicle-to-vehicle communications by providing
accurate three dimensional (3D) mapping and robust local-
ization in dynamic environments (Figure 5(b)). For automated
factories and connected robotics and autonomous systems
(CRAS), RIS facilitates cooperative localization, essential
for IoT device interaction and efficient production processes
(Figure 5(a)) [98], [100]. However, fulfilling these applica-
tions in 6G networks presents challenges as outlined in
Section IV. The integration of RIS into communication
networks can significantly enhance localization and sensing
performance. By intelligently manipulating wireless signals,
RIS can optimize signal paths, minimize delay, and improve
accuracy, thereby enabling intelligent interactions across var-
ious applications.

D. RIS-Assisted Localization Taxonomy

RIS-assisted localization works by estimating the location
and orientation of a UE with the help of anchor nodes (BS
and RIS) provided the location of anchor nodes is already
known [1]. To locate itself, UE sends out a known uplink pilot
signal to the BS or receives a downlink pilot signal from the
BS. The signal’s behavior is influenced by the propagation
channel, which depends on the location and orientation of the
BS and UE, as well as the environment surrounding them.
The level of distortion in the received signal is determined by
reflections from the RIS and other objects in the vicinity [86].
The direct unobstructed link from the BS to the UE is called
the LoS path, the path of the signal reflected by the RIS is
RIS path, and all the other NLoS paths from walls and objects
in the environment are classified as the reflected paths and
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Fig. 5. Illustration of RIS-assisted localization applications in 6G networks from the use case families in [92]. Use cases prominently include sustainable
development, massive twinning, telepresence, robots to collaborative robots, and local trust zones.

the scattered paths, respectively. Successful modeling of the
pilot signal and the channel allows us to estimate the channel
state information (CSI) and identify the parameters for the
signal paths [23]. These parameters, which aid in localization,
include TOA/delay, AOA, and AOD. UE location can be
estimated based on these parameters and their geometrical
relationships with the BS and RIS locations [85]. RIS-assisted
radio localization scenarios can be either in indoor or outdoor
environments, based on which the channel modeling is differ-
ent.

RIS-assisted localization can also be classified on the
basis of the application scenario, localization technique,
functionality of RIS employed and its configuration and
deployment details, localization method as well the localiza-
tion performance matrices. A brief taxonomy of RIS-assisted
localization systems is shown in Figure 6 and illustrated in
Figure 7, respectively.

1) Localization Measurements: Geometry-based tech-
niques are widely used for radio localization and typically
involve timing-based (TOA) and angle-based (AOA/AOD)
methods [17]. The TOA is the time taken by the signal to
travel from the BS to the UE. Timing-based localization
technique, named trilateration, uses the measured TOA while
considering the effects of RIS reflections, to estimate the
location. The technique requires at least three BSs to get
an unambiguous two dimensional (2D) estimate of the UE

location when RIS are not considered. An alternative is to
estimate RTT by recording signal transmission, processing and
reception times, providing necessary TOA information. Well-
synchronized systems can directly infer TOA from signals,
with resolution dependent on signal bandwidth. Angle-based
localization technique, named triangulation, estimates the
angle from which signals arrive at the receiver, incorporating
RIS-assisted reflections, to determine the location [101]. It is
typically employed when an antenna array is available at the
BS. Some of the other estimation techniques rooted in TOA
and AOA include TDOA estimation, AOD-based estimation,
angle-difference-of-arrival location and orientation estimation.

The received signal strength (RSS)-based localization tech-
niques utilize the RSS measurements from RIS-assisted
reflections to estimate the location of the receiver [38]. It
assists with the geometry-based trilateration and fingerprinting
localization algorithms [64]. This method capitalizes on the
sensitivity of RSS to spatial variations, allowing for accurate
localization even in complex indoor or outdoor urban sce-
narios [102]. The reconfigurability of RIS enables real-time
adaptation to changing propagation conditions, enhancing the
precision and robustness of the localization system.

The channel state information (CSI)-based localization
methods exploit the fine-grained CSI obtained through RIS-
assisted reflections for accurate localization. CSI contains
valuable insights into the wireless propagation environment,
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Fig. 6. Taxonomy of RIS-assisted localization. Signal processing involving localization measurements and algorithms could take place at the UE or BS
depending on the mode of communication, i.e., uplink or downlink.

Fig. 7. Illustration of RIS-assisted localization taxonomy. Signal processing involving localization measurements and algorithms could take place at the UE
or BS depending on the mode of communication, i.e., uplink or downlink.

including path loss, multipath components, and spatial sig-
natures [59]. Using advanced signal processing and machine
learning (ML) algorithms, the collected CSI data can be used
to estimate the position of the devices [61]. The integration of
RIS with CSI-based localization enables radio localization in
dynamic scenarios with changing propagation conditions.

2) RIS Type: As discussed in Section II-A, in 6G radio
localization, RIS are pivotal, functioning in either passive or
active states. Passive RIS, requiring little external power, adjust

only the phase of electromagnetic waves, offering simpler,
energy-efficient deployment but limited signal control. In
contrast, active RIS, equipped with elements like integrated
circuits, can independently manipulate both signal phase and
amplitude, enabling more complex functions like dynamic
beamforming and interference cancellation [71], [82], [103].

3) RIS Configuration and Deployment: The configuration
and deployment of RIS play a crucial role in RIS-assisted
radio localization. The optimization of the phase configuration
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in RIS systems holds immense significance in unlocking its
full potential. By precisely fine-tuning the phase shifts of
the RIS elements, we can achieve remarkable control over
signal propagation, allowing for unprecedented customization
and optimization of wireless communication links [1]. The
optimization process involves carefully analyzing the channel
characteristics, understanding the desired signal characteris-
tics, and employing advanced algorithms to determine the
optimal phase shifts for each RIS element [86]. Through this
optimization, we can exploit constructive interference, nullify
destructive interference, and shape the signal to match specific
requirements, such as maximizing coverage, minimizing signal
attenuation, or focusing energy in desired directions [23].

The placement and arrangement of RIS in the environment
directly impacts the accuracy, coverage, and performance of
the localization system [84]. Determining the optimal locations
for deploying RIS elements is fundamental to achieving the
desired coverage area, signal propagation characteristics, and
localization requirements. Proper deployment ensures optimal
coverage of the desired area, minimizing low coverage spots
and maximizing the availability of RIS reflections for localiza-
tion purposes [1]. Additionally, the number of RIS elements
deployed per unit area or volume affects the granularity of
control and the accuracy of localization. The configuration
of the RIS elements, including the reflection coefficients, is
vital in manipulating the signal propagation and optimiz-
ing the received signal at the receiver [104]. The dynamic
reconfigurability of RIS further enhances their role, allowing
for real-time adaptation to changing propagation conditions
and environmental dynamics [105]. Moreover, ensuring proper
synchronization among the RIS elements to avoid interference
is equally important to configure [106], [107]. By intelli-
gently configuring and deploying RIS, the localization system
can achieve improved accuracy, robustness, and scalability,
enabling a wide range of location-based applications in various
scenarios.

4) Localization Algorithms and Optimization: RIS-assisted
localization algorithms can be broadly classified as model-
based and learning-based [23]. Model-based methods include
deductive (physics-based) techniques such as geometry-based
location estimation algorithms, Kalman filters, fingerprinting,
and SLAM. On the other hand, learning-based techniques are
inductive (data-driven) and leverage ML algorithms such as
neural networks to learn and model the relationship between
RIS-assisted signals and the receiver’s location. The advan-
tages of model-based approaches versus data-driven methods
are numerous. They are supported by performance constraints
that give solid assurances of optimality and dependability, rely
on well-established signal processing techniques, and offer
typically less complexity than data-driven systems. Some of
the model-based approaches that are commonly employed in
RIS-assisted localization are briefly discussed below.

• Geometry-based methods: Geometry-based methods rely
on the TOA and AOA measurements or their combination
to determine the 2D or 3D location of the UE [85], [86].
In traditional systems, such methods require a combina-
tion of measurements from multiple BSs to determine
the UE location. However, the location of the UE can

be estimated with the help of one BS and a RIS [39],
more details in [34]. Location estimation typically entails
creating an objective function that incorporates geometric
information and solving an optimization problem with
geometric constraints. Geometry-based localization tech-
niques are characterized by being free from training
requirements, easily analyzable from a theoretical stand-
point, and scalable across various environments.

• Kalman filter: The Kalman filter is a recursive estimation
algorithm that optimally fuses noisy measurements with
a dynamic model to estimate the state of a system. In
the context of localization, the Kalman filter predicts the
device’s position based on the previous state estimate and
motion dynamics and then updates it using RIS-assisted
measurements such as RSS or TOA [108]. The Kalman
filter-based approach can effectively mitigate the impact
of noise, multipath, and other propagation effects on
localization accuracy by iteratively updating the state esti-
mate and incorporating RIS-assisted measurements [86].
Despite its widespread use in localization, Kalman fil-
tering has several limitations. Its assumptions of system
linearity and Gaussian noise can be inaccurate in com-
plex, real-world scenarios [23]. The initial state, which
the filter requires, may not always be accurately known,
and any errors in it can propagate, causing inaccuracies
in state estimation. Furthermore, Kalman filters assume
constant process and measurement noise covariances, an
assumption often violated in real-world conditions. For
nonlinear challenges, one can utilize an extended Kalman
filter [109]. This approach estimates the state distribution
by employing a Gaussian random variable and advances
it through first-order linearization. Finally, Kalman filters
are sensitive to model mismatches and outliers, which
can significantly affect their performance [23].

• Fingerprinting: In the fingerprinting approach, a database
of signal fingerprints is created by collecting and mapping
the received signal characteristics at various locations in
the environment [10]. The fingerprint database contains
information such as RSS, CSI, or signal amplitude pat-
terns specific to each location. RSS has limited precision
and CSI demands significant computational resources,
spatial beam signal-to-noise ratio (SNR) is chosen as
an intermediate channel measurement with moderate
granularity [110]. When a device needs to be localized,
it measures the RSS or other signal characteristics at
multiple RIS-assisted points in the environment. These
measurements are then compared with the fingerprint
database to find the closest match. The RIS play a crucial
role in this process by manipulating the wireless channel
to enhance the quality and reliability of the measure-
ments. By adjusting the reflection coefficients of the RIS
elements, the received signal can be optimized, leading
to more accurate and consistent measurements. However,
if the configuration of the RIS changes over time, it
would effectively alter the environmental characteristics
that the fingerprint is based on, potentially decreasing
the accuracy of location estimates. To guarantee the
stationarity of the environment when employing RIS
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in fingerprinting, the configuration of the RIS should
be kept constant during both the fingerprinting process
and when using the fingerprint for location estimation.
This means that the phase shifts or other manipulations
applied to signals by the RIS should be fixed and not
vary over time. In practice, this might require careful
design and control of the RIS, and thorough testing to
ensure its configuration remains stable under different
conditions. This issue is resolved by including in the
fingerprint the RIS configuration. This provides a richer
set of fingerprints. The fingerprint matching process
can utilize techniques such as pattern matching or ML
algorithms, deep learning methods such as deep neural
network (DNN) and convolutional neural network (CNN)
to find the best match between the measured signals
and the fingerprints in the database [23], [110], [111].
Once the closest match is found, the device’s location is
estimated based on the known location associated with
the matched fingerprint [64]. Fingerprinting can handle
complex indoor or outdoor environments where multipath
and NLoS conditions pose challenges for traditional
localization techniques [14].

• Simultaneous localization and mapping: SLAM is a well-
established method used to estimate the position of a
device while constructing a map of its surroundings [6].
In this approach, RIS are strategically deployed in the
environment to manipulate the wireless channel [112].
During the SLAM process, the device measures parame-
ters such as RSS or TOA at multiple RIS-assisted points.
These measurements, along with the known positions
of the RIS, are used to estimate the UE location and
construct a map of the environment [113]. The RIS plays
a crucial role in improving the accuracy and reliability
of the localization and mapping process by optimizing
the quality of the received signals. It offers the advantage
of accurate localization in complex environments where
multipath propagation and NLoS conditions may exist.
Additionally, RIS can adaptively adjust their reflection
coefficients, enhancing the performance and robustness
of the SLAM-based localization system.

Explicit modeling of geometry information becomes
difficult in complicated cases when there are several non-
resolvable NLoS paths [17]. Under such conditions the
learning-based approaches are recommended [15], [114]. ML-
based techniques need offline training, which drastically
decreases online calculations, in contrast to the practical
algorithms employed in geometry-based localization. To train
the models, however, a significant amount of system data
must be gathered, and the learned models must be updated
on a regular basis to account for changes in the environment.
The DNN are used to perform environmental sensing to
achieve the best performance in RIS-assisted radio localiza-
tion [22], [64]. Since the channels are sparse at the higher
frequency bands, therefore, most of the studies use geometry-
based algorithms [23].

5) Localization Performance Evaluation: A radio local-
ization system is designed on the basis of a number
of performance objectives that include accuracy, coverage,

latency, robustness, resolution, update rate, stability, scalabil-
ity, mobility and system complexity, etc [23]. Here we discuss
most relevant ones.

Accuracy and precision are metrics to assess the accuracy
of the estimated location compared to the ground truth,
and the level of precision in determining the location, often
represented by the standard deviation or confidence interval.
Accuracy is the most widely used localization metric in state-
of-the-art studies as it accounts for localization resolution as
well as identifiability. CRLB are the commonly used bounds
on the achievable accuracy in studies. The deployment geom-
etry, also known as geometric dilution of precision (GDoP) or
UE relative position with respect to BSs, determines accuracy
in addition to link-level SNR [34].

The separability of completely correlated radio propagation
channels in at least one domain is referred to as resolution.
Unresolvable signal paths will be treated as a single path,
limiting accuracy (regardless of SNR), and producing worse
performance than predicted by analytical bounds. The resolu-
tion is constrained by the physical resources available, such as
antenna array aperture for angle resolution and bandwidth for
delay/distance resolution [85]. Despite having a high degree
of resolution, radio localization can nevertheless suffer from
ambiguity and non-identifiability [34]. This indicates that the
localization problem of UE might have many solutions or
a continuous space of solutions. This might happen when
there are barriers in the way of specific BS signals, or when
infrastructure rollout or coverage is insufficient. Ambiguity,
which emerges as numerous unique locations, is frequently
addressed by prior knowledge or external signals. On the other
hand, non-identifiability poses a more significant challenge as
there are numerous equally valid solutions to the localization
problem, and it is difficult to discard them based on external
information.

The robustness of the localization algorithm evaluates its
performance under various environmental conditions, such
as multipath fading, interference, and mobility. It accounts
for availability, latency, and update rate under such condi-
tions [23]. Likewise, assessing the energy consumption of
RIS-assisted localization techniques, considering both RIS
elements and the receiver device is an important measure in
RIS-assisted localization in comparison to the systems without
RIS. Energy-efficient techniques aim to minimize energy con-
sumption while achieving accurate localization. Computational
complexity quantifies the computational resources needed
to perform RIS-assisted localization at the hardware and
algorithm level. It includes the processing power, memory
requirements, and time complexity of the localization algo-
rithm. Lower computational complexity allows for faster and
more efficient localization.

III. STATE OF THE ART IN RIS-ASSISTED RADIO

LOCALIZATION

In this section, we discuss the recent literature on RIS-
assisted radio localization for 6G networks. The trends in
the latest studies are on developing algorithms, optimization,
and investigation of RIS-assisted localization systems from the
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Fig. 8. State of the art literature breakdown. Studies can be broadly cate-
gorized into outdoor, far-field, indoor and near-field RIS-assisted localization.
Within these categories, we notice trend towards investigation of systems on
mmW and THz frequencies. Further, the passive reflective RIS is the most
common type of RIS used in literature for RIS-assisted localization.

perspective of accuracy and availability at various frequency
bands, near-field and far-field modeling, and indoor and
outdoor scenarios, as summarized in Figure 8.

In the realm of RIS-assisted localization, we classify
the frequency bands into two categories: conventional radio
frequency (CRF)- and high frequency bands. CRF bands
typically refer to those below 24 GHz, encompassing well-
known sub-bands such as FR1. CRF bands are recognized
for their longer wavelengths, better penetration capabilities,
and widespread application in various wireless services. For
outdoor localization, GNSS is predominantly employed, pro-
viding meter-level precision with support from long-term
evolution (LTE) communication signals. Yet, this method
proves ineffective for indoor environments, where intricate
surroundings and LoS channel obstructions are common chal-
lenges. As alternatives, there are documented localization
systems utilizing ultra wide band (UWB) [115], WiFi [116],
wireless local-area network (WLAN) [117], and LoRA [11],
[118]. By leveraging CRF bands systems in association with
the RIS, advantages are gained in location-centric services,
including navigation and identification of nearby amenities.

On the other hand, we refer to the localization services in
the range of spectrum above 24 GHz as high frequency bands
localization. This category consists of FR2 frequencies, mmW
and THz band. The range of 100- 300 GHz in mmW band is
also referred to as the sub-terahertz (sub-THz) according to
the deliverable D2.1 of the European HEXA-X project [119].
These higher frequency bands offer significant advantages
in terms of data rate, capacity and localization performance
but come with challenges related to limited propagation and
penetration. Utilizing antenna arrays at the UE enables to
estimation of its orientation [89]. Furthermore, through the
use of NLoS paths [120] and RIS [1], [40] localization tasks
can be accomplished with only one BS. The THz systems
are anticipated to complement mmW systems in diverse
environments, and the comparison between the two reveals dis-
tinct advantages and challenges in terms of localization [23].
As technology progresses from CRF to 5G and onto 6G,
expectations include higher frequencies, increased bandwidths,
more compact footprints, and larger array sizes [121]. These
changes will affect path loss, delay estimation resolutions,
and antenna array design, among other features. Challenges
may arise with hardware imperfections and synchronization at
THz frequencies. The design of localization algorithms must

also consider the specific properties of THz signals, such as
the beam split effect and high path loss [23]. Ultimately,
the adaptations and innovations within the THz systems are
expected to lead to improved localization performance in 6G
networks.

We group the studies as the development of methods for
localization of UE in outdoor and far-field, indoor and near-
field, respectively. To enhance reader clarity, it is important
to emphasize that the first group predominantly encom-
passes studies centered around far-field and outdoor scenario
investigations. Distinct groupings have been established to
specifically address indoor scenarios and near-field localiza-
tion, both of which are considered specialized cases. Studies
are presented in comprehensive detail and tabular format in
the subsequent subsections.

A. RIS-Assisted Outdoor and Far-Field Localization

In this subsection, we explore the latest advancements and
contemporary studies focused on leveraging RIS technology
to augment outdoor and far-field localization at CRF and high
frequency bands.

1) RIS-Assisted Conventional Radio Frequency Bands
Localization (Below 24 GHz): Studies are briefly summarized
in Table IV. We attempt to categorize the works into thematic
groups based on their core focus as follows.

a) Foundational studies: Authors in [126] introduce
RIS to enhance RSS fingerprinting-based outdoor local-
ization using just one BS. By adjusting the RIS phase
shifts, the approach creates distinct RSS values at the
same location, optimizing this through a localization error
minimization algorithm. Simulations confirm the scheme’s
efficacy. Article [63] introduces the concept of continuous
intelligent surfaces and investigates the fundamental limits
of RIS-aided ISAC systems. The paper proposes a general
signal model, derives theoretical limits on localization and
communication performance, and performs Fisher information
analyses. The numerical results demonstrate that optimized
RIS can improve the SNR and spectral efficiency of commu-
nication, as well as enhance localization accuracy. Authors
in article [60] propose a RIS-assisted positioning method for
simultaneously localizing multiple energy-limited IoT devices
in location-based IoT services. The proposed method utilizes
triangulation-based localization, estimating the propagation
delay difference between the direct and reflected paths using
cross-correlation. By optimizing the multi-antenna BS and
RIS to minimize total transmission power, significant power
gain and decimeter-level positioning accuracy are achieved,
demonstrating the effectiveness of the proposed optimization
approach compared to unoptimized RIS-assisted localization.

b) Novel techniques and systems: In [122], the authors
propose a new RIS self-sensing system where the RIS con-
troller transmits probing signals and dedicated sensors at
the RIS are used for location and angle estimation based
on the reflected signals by the target. The multiple signal
classification (MUSIC) algorithm is applied to accurately
estimate the AOA of the target in the RIS‘s vicinity, and
the RIS passive reflection matrix is optimized to maximize
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TABLE IV
SUMMARY OF RIS-ASSISTED OUTDOOR AND FAR-FIELD LOCALIZATION ARTICLES AT CONVENTIONAL RADIO FREQUENCY BAND.

HERE “R” REFERS TO “REFLECTIVE RIS”

the received signals’ power at the RIS sensors, leading to
minimized AOA estimation mean square error (MSE). The
results demonstrate the benefits of using the RIS controller
for probing signals and provide the CRLB for target AOA
estimation. In [123], a positioning algorithm is introduced
for RIS-assisted networks, focusing on multi-antenna BS and
single-antenna UE. Leveraging three RIS and specific phase
shifter adjustments, the method effectively overcomes LoS
obstructions and minimizes the adverse effects of the AOD,
resulting in improved localization accuracy compared to non-
AOD estimating algorithms. The study [124] introduces a
joint active and passive beamforming design for RIS-enabled

ISAC systems, accounting for target size. Through an alter-
native optimization method, the paper addresses non-convex
problems involving beamforming solutions and RIS phase
shifts, with the developed algorithm showcasing superior target
detection performance in simulations, especially for practical
target sizes, against existing benchmarks. The article [133]
presents a Bayesian analysis of the information contained in
a signal received by a UE from a BS that includes reflections
from RIS. The analysis considers both near and far-field
scenarios and incorporates prior information about the UE
and the RIS for localization. The results indicate that the
orientation offset of the RIS affects the pathloss of the RIS

Authorized licensed use limited to: Tallinn University of Technology. Downloaded on May 28,2026 at 18:37:49 UTC from IEEE Xplore.  Restrictions apply. 



UMER et al.: RIS IN 6G RADIO LOCALIZATION 3541

paths when the RIS elements are spaced half a wavelength
apart. In the far-field regime, an unknown phase offset in the
received signal prevents the correction of the RIS orientation
offset. However, in the near-field regime, the estimation of
the RIS orientation offset is possible when the UE has
multiple receive antennas. The article also demonstrates that
accurate localization with RIS is only possible when there is
prior knowledge of their locations. Finally, numerical analysis
shows the loss of information when applying a far-field model
to signals received in near-field propagation.

Unlike the methods that rely on channel matrices or RIS
codewords, the authors in [130] proposed an approach that
uses a domain adversarial neural network to extract codeword-
independent representations of fingerprints for online location
inference in RIS-assisted localization network. The solution is
evaluated using the DeepMIMO data set, and the results show
that the proposed method performs significantly closer to the
theoretical upper bound (oracle case) than the lower bound
(baseline case), indicating its effectiveness and robustness.
Authors in [131] article investigate the estimation of position
and angle of rotation for a UE in a MIMO system with the
assistance of a RIS. The RIS creates a virtual LoS link, along
with NLoS links from scatterers in the environment, to aid
in the estimation process. A two-step positioning scheme is
utilized, where channel parameters are acquired first and then
position-related parameters are estimated. Coarse estimation
is performed using various algorithms, followed by joint
refinement using the space-alternating generalized expectation
maximization (SAGE) algorithm. The performance of the
proposed algorithms is demonstrated to be superior through
simulation results, and theoretical quantification is done using
the CRLB. The authors in [134] introduced HoloFed, a
high-precision, environment-adaptive user positioning system
that integrates multi-band reconfigurable holographic surface
with federated learning. To enhance positioning accuracy,
the system uses a calculated lower bound on error vari-
ance to guide multi-band reconfigurable holographic surface
beamforming design. An federated learning framework is
implemented for collaborative training of a position estimator,
utilizing transfer learning to compensate for the lack of user
position labels, while a scheduling algorithm optimizes user
selection for training based on federated learning conver-
gence and efficiency. Simulation results indicate that HoloFed
reduces positioning error variance by 57% compared to
traditional beam-scanning methods, demonstrating significant
adaptability and precision across diverse environments. A
novel RIS-enabled wireless fingerprinting localization method
that addresses missing RSS data using a graph-based radio
map interpolation technique is proposed in [137]. This
approach leverages RIS configuration flexibility and encodes
similarities through a multi-layer graph. Numerical results
show improved radio map recovery and localization accuracy
compared to other methods.

c) Integrated sensing and communication: The work
presented in [135] explores the use of RIS in future wire-
less networks for enhanced positioning and communication
in extended reality applications. It introduces a positioning
algorithm based on MUSIC and optimized RIS configurations.

The joint optimization of UE beamformers and RIS phase
shifters maximizes channel capacity under CRLB constraints,
solved via alternating optimization. Authors in [136] present
a low-cost RIS-assisted sensing system, featuring a novel
atomic norm minimization direction of arrival estimation
network method for improved localization and communication
reliability. The system uses a cost-effective RIS structure and
a practical signal model that accounts for RIS phase shifts.
The atomic norm minimization direction of arrival estimation
network method combines atomic norm minimization for
spatial spectra and direction of arrival estimation network
for angle estimation, using generative adversarial network
to generate a large dataset. Experimental results show that
proposed technique effectively localizes sources in the RIS-
aided sensing system.

2) RIS-Assisted High Frequency Bands Localization
(24 GHz and Above): Studies on RIS-assisted localization in
this band of operation are briefly summarized in Table V, VI
and VII and discussed as follows.

a) Foundational studies: Authors in [39] discussed the
use of RIS in 6G radio positioning. The authors propose a
two-step optimization scheme that selects the best combina-
tion of RIS and controls their constituent elements’ phases
to improve positioning performance. Preliminary simulation
results demonstrate gains in coverage and accuracy compared
to natural scattering, but limitations are identified in terms
of low SNR and inter-path interference. Assuming the LOS
route between the BS and the MS is present, authors in [40]
introduced RIS as a reflector into the mmW MIMO posi-
tioning system. The CRLB of the positioning as well as the
orientation estimation error are obtained by calculating FIM,
which reveals that the RIS-aided mmW MIMO positioning
system offers better localization accuracy and coverage as
compared to the conventional localization system comprising
BS nodes only. It has also been demonstrated that one BS with
the help of reflection from RIS can also achieve promising
positional precision. Nevertheless, nothing is discussed about
how to localize the UE in a LOS-obscured environment. To
determine the absolute location of the MS under the NLoS
scenario, authors in [41] developed the CRLB based on FIM.
The study suggests that, in the given setup, the localization
can reach the decimeter level of accuracy by refining the
reflect beamforming architecture to reduce CRLB. Authors
in [56] present localization and synchronization in a wireless
system with a single-antenna UE, a single-antenna BS, and a
RIS. They calculate the CRLB and develop a low-complexity
estimator to determine the AOD from the RIS, as well as the
delays of direct and reflected signals. The results indicate that
efficient 3D localization and synchronization are achievable
in the considered system, showcasing the potential of RIS for
enabling radio localization in simple mmW wireless networks.

Authors in [108] investigate the potential of RIS in replacing
the function of a remote cell for DL-TDOA measurements
in 6G positioning. The study demonstrates that the TDOA
between the LoS path and the reflected path through the RIS
can effectively replace DL-TDOA measurements, enabling
accurate localization within a single cell. Simulation results
indicate that RIS-enabled localization achieves positioning
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TABLE V
SUMMARY OF RIS-ASSISTED OUTDOOR AND FAR-FIELD LOCALIZATION ARTICLES AT HIGH FREQUENCY BANDS. HERE “R” REFERS TO “REFLECTIVE

RIS”, “S” REFERS TO “STAR RIS”, “A” REFERS TO “ACTIVE RIS”

accuracy comparable to the traditional two-cell structure,
offering a cost-effective solution. Authors present an effi-
cient CSI acquisition method for a RIS-aided communication

system in [59]. They propose a coplanar maximum likelihood-
based 3D localization approach and utilize the concept of
reflecting unit set to acquire channel information with minimal
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TABLE VI
SUMMARY OF RIS-ASSISTED OUTDOOR AND FAR-FIELD LOCALIZATION ARTICLES AT HIGH FREQUENCY BANDS. HERE “R” REFERS TO “REFLECTIVE

RIS”, “H” REFERS TO “HYBRID RIS”, “A” REFERS TO “ACTIVE RIS”, “S” REFERS TO “STAR RIS”

training resources. Study indicates substantial performance
improvements in terms of the SNR of the received signal.
Article [62] presents a low-overhead joint localization and
channel reconstruction scheme for extra-large RIS-assisted
MIMO systems. The proposed scheme accurately identifies
the visibility region of each user, achieves centimeter-level

user localization accuracy, and obtains more accurate channel
reconstruction results compared to existing works. The results
demonstrate the potential of RIS for improving communication
and sensing integration.

Authors in [144] focus on the challenges of channel
estimation and user localization in a RIS-assisted MIMO-
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TABLE VII
SUMMARY OF RIS-ASSISTED OUTDOOR AND FAR-FIELD LOCALIZATION ARTICLES AT HIGH FREQUENCY BANDS.

HERE “R” REFERS TO “REFLECTIVE RIS”

OFDM system. The article proposes a unique twin-RIS
structure that incorporates spatial rotation to extract the 3D
propagation channel. They employ tensor factorization, sparse
array processing, and atomic norm denoising techniques to
design training patterns and recover the associated parameters.
By decoupling the channel’s angular and temporal parame-
ters, they achieve precise channel parameter extraction and
centimeter-level positioning resolution. A two-stage method is
proposed in [150], utilizing the tunable reflection capability
of passive RIS and the multi-reflection wireless environment.
The first stage employs an off-grid CS approach to estimate
the angles of arrival associated with each RIS, followed by a
maximum likelihood location estimation in the second stage.
The study demonstrates the high accuracy of the proposed
3D localization method, consistent with the theoretical CRLB
analysis.

Authors in [168] establish fundamental localization bounds
for OFDM systems aided by RIS. It derives Bayesian local-
ization bounds using the Bayesian FIM and the equivalent
FIM. The study reveals that constant RIS reflection coefficients
across OFDM symbols make angle estimation impossible,
necessitating varying coefficients for effective localization. It
also decomposes the FIM for RIS-related parameters into
contributions from the receiver, transmitter, and RIS com-
ponents, and concludes that single-antenna UE localization
via a single RIS reflection is infeasible in the far-field with
constant RIS coefficients. A RIS-assisted positioning method
for high-precision user localization, considering the incident
planar wavefront on the RIS is proposed in [169]. It derives
the MSE to evaluate system accuracy and offers solutions for
optimal RIS placement and configuration. Numerical analyses
are conducted to assess performance across different scenarios,

focusing on RIS location, element count, and communication
bandwidth. Results indicate that RIS significantly enhances
positioning accuracy in 6G networks.

b) Advanced techniques and systems: In [141], the
authors investigate the potential of STAR-RIS for enhanced
indoor and outdoor localization. They study the fundamental
limits of 3D localization performance using Fisher information
analysis and optimize the power splitting between refraction
and reflection at the STAR-RIS, as well as the power allocation
between the UE. The results indicate that high-accuracy 3D
localization can be achieved for both indoor and outdoor UEs
when the system parameters are well optimized, demonstrating
the potential of STAR-RIS in concurrent localization. Existing
RIS-aided localization approaches assume perfect knowledge
of the RIS geometry, which is not realistic due to calibration
errors. The authors in [149] derive the MCRB for localization
with RIS geometry mismatch and propose a closed-form solu-
tion for determining pseudo-true parameters. Numerical results
validate the derived parameters and MCRB, demonstrating that
RIS geometry mismatch leads to performance saturation in
high SNR regions. The article [143] introduces a concept of 3D
UE self-localization using a single RIS. The approach involves
the UE transmitting multiple OFDM signals and processing
the reflected signal from the RIS to estimate its position. The
estimation process includes separating the RIS-reflected signal
from the undesired multipath, obtaining a coarse position esti-
mate, and refining the estimation through maximum likelihood
techniques. The performance of the estimator is evaluated in
terms of positioning error and compared to an analytical lower
bound. The results demonstrate the potential of RIS as an
enabling technology for radio localization, offering improved
positioning accuracy.
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Authors in [148] introduce the concept of partially-
connected receiving RIS that can sense and localize users
emitting electromagnetic waveforms. The receiving RIS hard-
ware architecture consists of meta-atom subarrays with
waveguides that direct the waveforms to reception RF chains
for signal and channel parameter estimation. The focus is on
far-field scenarios, and a 3D localization method is presented
based on narrowband signaling and AOA estimates using
phase configurations of meta-atoms. The results include the-
oretical CRLBs and extensive simulations, demonstrating the
effectiveness of the proposed receiving RIS-empowered 3D
localization system, providing cm-level positioning accuracy.
The impact of various system parameters on localization
performance is also evaluated, such as training overhead,
distance between R-RIS and the user, and spacing among
R-RIS subarrays and their partitioning patterns. The joint
calibration and positioning problem in an uplink system with
an active RIS is addressed in [103]. Existing approaches often
assume known positions and orientations for RIS, which is not
realistic for mobile or uncalibrated RIS. The proposed two-
stage method includes a tensor-ESPRIT estimator followed
by parameter refinement and a 2D search-based algorithm
to estimate user and RIS positions, RIS orientation, and
clock bias. The derived CRLBs verify the effectiveness of
the algorithms, and simulations show that the active RIS
significantly improves localization performance compared to
the passive case. Low coverage areas that limit localization
performance can be mitigated by providing additional prior
information or deploying more BSs.

A novel RIS-enabled SLAM framework is presented
in [112] for 6G wireless systems that operates without access
points. RIS phase profiles are designed to illuminate the
likely location of UE. The modified Poisson multi-Bernoulli
SLAM filter estimates UE state and maps the radio environ-
ment efficiently. Theoretical CRLB are derived for channel
parameters and UE state estimations. Performance evaluations
show the method’s effectiveness in scenarios with limited
transmissions and channel coherence time considerations. This
study performed in [170] introduces a high-precision 6G
positioning method using ISAC and STAR-RIS. It employs
the CsiNet-Former network to extract spatial features from
CSI for accurate 3D user localization and trajectory prediction.
Simulation results show that in energy splitting mode, the
method achieves an average localization error of 0.75 m
and a single-side error of 0.034 m, outperforming existing
methods and covering a larger area. The authors in [157]
present a method for joint localization of a hybrid RIS and a
user, using a single radio frequency chain for reflections and
sensing. A multi-stage approach estimates hybrid RIS position,
orientation, and user location where simulations confirm the
method’s efficiency and identify an optimal HRIS power
splitting ratio.

c) Advanced beamforming and phase shifter designs:
The adaptive beamforming of RIS-assisted mmW MIMO
placement with obstructed LoS between the BS and the
UE is studied in [26]. The authors suggest a hierarchical
codebook and receiver feedback-based adaptive phase shifter

architecture to optimize the phase of each of the RIS units
and in turn optimize performance in terms of localization
accuracy and data rate. Authors in [44] have proposed a two-
stage localization technique using dual RIS. The reflecting
element’s phase shift is first designed for each RIS, and
then in the second stage, the location data is calculated
and it demonstrates the localization accuracy in the range
of 10−5–10−4 meters. Article [160] explores the potential
of RIS for improving cooperative localization performance
in mmW MIMO systems. The paper presents a study on
the fundamental limits of cooperative localization using the
CRLB and proposes an optimal phase design at the RIS to
enhance position accuracy. The study demonstrates that the
proposed optimal passive beamforming algorithm significantly
improves localization accuracy, and achieves near-optimal
performance with minimal computational complexity. Authors
in [43] suggest a simultaneous beam training and placement
technique to address the LoS obstruction in mmW MIMO
network. The UE estimates its location using the AOD, which
is determined via beam training. The location of UE, in turn,
helps to improve the beam training. Results demonstrate that
the proposed approach can obtain centimeter-level multi-user
localization accuracy.

A low-complexity method for joint localization and syn-
chronization in mmW systems using RIS is proposed in [140].
Their approach involves optimizing the beamforming strate-
gies of the BS active precoding and RIS passive phase profiles,
considering a single-antenna receiver. The results indicate
that the proposed joint BS-RIS beamforming scheme achieves
enhanced localization and synchronization performance com-
pared to existing solutions, with the proposed estimator
achieving the theoretical bounds even under challenging
conditions such as low SNR and uncontrollable multipath
propagation. The authors in [142] focused on the successive
localization and beamforming design of a RIS-aided mmW
communication system. They formulated the problem as a
multivariable coupled non-convex problem and proposed an
alternating optimization algorithm to solve it. The results
showed that their proposed scheme, called joint localization
and beamforming optimization, significantly improved the
performance compared to existing joint localization and beam-
forming methods, as demonstrated through simulation results.

The authors in [164] proposed simultaneous localiza-
tion and phase Shift method for enhancing RIS-equipped
autonomous aerial vehicles in 6G networks. It focuses on
integrating accurate localization with phase shift adjust-
ments to improve coverage and address blockage issues.
The method utilizes geometry-based localization to optimize
passive beam-steering, benefiting aerial line-of-sight commu-
nication, especially in vehicle-to-vehicle scenarios. Simulation
results validate the effectiveness of the method, showing sig-
nificant improvements in communication performance and safe
navigation in complex urban environments. This study [167]
explores environment-aware active and passive beamforming
for RIS-aided communication using Channel Knowledge Map,
which eliminates the need for online training and reduces
overhead in mmWave systems while maintaining high energy
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efficiency. Simulation results show that CKM significantly
enhances beamforming performance compared to traditional
training-based methods and remains robust against errors in
UE location.

d) Multiuser and joint communication and localization
approaches: Authors in [42] examined a multiuser localization
method based on an hierarchical codebook design in light of
the LoS obstruction scenario. The study results under various
SNR situations demonstrate that, with the right hierarchical
codebook design, the suggested approach has the ability to
provide multiuser localization in mmW MIMO radar systems.
In [53], authors present an RIS-aided mmW-MIMO system
for JCAL. They derive closed-form expressions of CRLB for
position/orientation estimation errors and effective achievable
data rate based on RIS phase shifts. They propose a joint
optimization algorithm to balance the trade-off between the
two metrics, and simulation results demonstrate the effec-
tiveness of the algorithm in terms of estimation accuracy
and effective achievable data rate, even in the presence of
estimation errors and user mobility. Authors in article [57]
address the problem of joint localization and synchronization
in a mmW MISO system using a RIS. They formulate the
joint maximum likelihood estimation problem in the posi-
tion domain and propose a reduced-complexity decoupled
estimator for position and clock offset. Simulation results
demonstrate that their approach achieves high accuracy in
localization and synchronization, even in low SNR scenarios,
without the need for optimizing transmit beamforming, RIS
control matrix, or prior knowledge of the clock offset.

e) Localization in special scenarios: Authors in [155]
address the challenge of positioning a single-antenna user in
3D space by considering the received signal from a single-
antenna BS and the reflected signal from an RIS. They take
into account both user mobility and spatial-wideband effects.
Initially, a spatial-wideband channel model is derived under
the assumption of far-field conditions, focusing on OFDM
signal transmission with a user of constant velocity. CRLB
are derived as a benchmark, and a low-complexity estimator
is developed to achieve these bounds under high SNR ratios.
The proposed estimator compensates for user mobility by
estimating radial velocities and iteratively accounting for their
effects. The results indicate that spatial-wideband effects can
have a detrimental impact on localization accuracy, especially
for larger RIS sizes and signal bandwidths deviating from
the normal of the RIS. However, the proposed estimator
demonstrates resilience against spatial-wideband effects up to
a bandwidth of 140 MHz for a 64x64 RIS. Notably, user
velocity does not significantly affect the bounds or accuracy of
the estimator, indicating that high-speed users can be localized
with similar precision as static users.

The potential of 6G THz systems for localization and
comparison with mmW localization systems is performed
in [23]. They compare various aspects including system prop-
erties, channel modeling, localization problem formulation,
and system design. Preliminary simulations demonstrate the
potential of THz localization in terms of PEB and OEB com-
pared to mmW systems. The article provides recommendations

for efficient localization algorithm design for RIS-assisted
adaptive optics-based spatial modulation MIMO systems and
highlights the anticipated applications in future communi-
cation systems, such as intelligent networks, autonomous
transportation, and tactile internet. A framework for RIS-
enabled SLAM without the need for access points is proposed
in [112]. They design RIS phase profiles based on prior
information about the UE, allowing for uniform signal illu-
mination in the UE’s probable location. They also modify
the Poisson multi-Bernoulli SLAM filter to estimate the
UE state and landmarks, facilitating efficient mapping of
the radio propagation environment. Theoretical CRLB are
derived for the estimators of channel parameters and UE state.
The proposed method is evaluated under scenarios with a
limited number of transmissions and considering the channel
coherence time. Study demonstrates that RIS can solve the
radio SLAM problem without the need for access points, and
incorporating the Doppler shift improves UE speed estimates.

f) High frequency sensing operations: The authors
in [163] perform the sensing of the user’s uplink channel and
location in THz extra-large RIS systems. The authors propose
a joint channel and location sensing scheme that includes
a location-assisted generalized multiple measurement vector
orthogonal matching pursuit algorithm for channel estimation
and a complete dictionary-based localization scheme. They
address challenges such as the hybrid far-near field effect and
beam squint effect caused by the extra large array aperture
and extra large bandwidth. The proposed schemes demonstrate
superior performance compared to existing approaches, as
indicated by simulation results. They also introduce a partial
dictionary-based localization scheme to reduce sensing over-
head, where the RIS serves as an anchor for user localization
using TDOA. An ISAC scenario using RIS is investigated
in [156] where multiple devices communicate with a BS in
full-duplex mode while simultaneously sensing their positions.
RIS are mounted on each device to enhance reflected echoes,
and device information is passively transferred to the BS
through reflection modulation. The problem of joint localiza-
tion and information retrieval is addressed by constructing
a grid-based parametric model and formulating it as a CS
problem. An expectation-maximization algorithm is applied
to tune the grid parameters and mitigate model mismatch.
The efficacy of various CS algorithms is analyzed using the
Bayesian Cramér-Rao bound. Numerical results demonstrate
the feasibility of the proposed scenario and the superior
performance of the EM-tuning method.

The challenge of enhancing user-centric sensing capabilities
in future 6G networks is studied in [165]. The study explores
the use of RIS to support monostatic sensing, improving
localization accuracy and sensing performance despite the
limited hardware capabilities of user equipment. The proposed
method leverages RIS to create a more effective sensing
environment, showcasing significant enhancements in sensing
precision and efficiency through simulation results. Authors
in [166] have introduced a novel target localization system
that combines RIS and passive radars for enhanced ISAC. The
system leverages the preamble of communication signals to
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perform detection and localization tasks. RIS helps passive
radar detect targets obscured by obstacles within the propaga-
tion channel. The proposed algorithm is designed to uniquely
position targets by estimating their AOA and TOA, and it
can detect the number of targets present. Simulation results
show that the localization method performs effectively across
various detection metrics and with increasing RIS sizes.

Authors in [172] address high-frequency fading in 6G ISAC
systems using dual-RIS for 3D localization and beamform-
ing. They proposes a stepwise matching pursuit algorithm
for accurate, low-complexity localization and uses this data
for RIS beamforming to maximize system rate with a
triangle inequality-based alternating optimization algorithm.
Simulations show the proposed method achieves near-optimal
rates, confirming its effectiveness. The authors in [179] present
a nested tensor-based algorithm for ISAC in RIS-assisted THz
MIMO systems. It uses Khatri-Rao space-time coding and RIS
phase shifts to model the received signal as nested tensors.
The algorithm includes low-complexity factorization for joint
channel estimation and symbol detection, and optimized esti-
mation of sensing parameters. Simulations show it outperforms
current methods with more relaxed parameter conditions.

g) Practical localization scenarios and applications: The
authors in [105] focus on leveraging RIS to enhance commu-
nication performance when the LoS path between the UE and
BS is blocked. The authors propose a novel framework that
integrates localization and communications by fixing RIS con-
figurations during location coherence intervals and optimizing
BS precoders every channel coherence interval. This approach
reduces pilot overhead and the need for frequent RIS reconfig-
uration. The framework utilizes accurate location information
from multiple RIS, along with novel RIS optimization and
channel estimation methods. The results indicate improved
localization accuracy, reduced channel estimation error, and
increased achievable rate, demonstrating the effectiveness of
the proposed approach. Authors in [184] focus on the require-
ments of localization and sensing in the context of smart cities
and highlight the limitations of traditional communication
infrastructure for meeting localization and sensing demands.
The authors argue that RIS and sidelink communications are
promising technologies that can address the localization and
sensing needs of smart cities. They propose and evaluate
anchor point-coordinated and self-coordinated RIS-enabled
localization and sensing architectures, considering different
application scenarios such as low-complexity beacons, cooper-
ative localization, and full-duplex transceivers. The article also
discusses practical issues and research challenges associated
with implementing these localization and sensing systems.

Authors in [153] address the importance of localization
in intelligent transportation systems and explore the use of
reflective RIS to enhance high-precision localization. The
authors propose a two-stage 3D sidelink positioning algorithm
that utilizes at least two RIS and sidelink communication
between UEs to achieve localization without the involvement
of BSs. They evaluate the effects of multipath and RIS profile
designs on positioning performance, analyze localizability in
various scenarios, and propose solutions to eliminate low
coverage areas. The study demonstrates the promising accu-
racy of the proposed BS-free sidelink communication system

in challenging intelligent transportation systems scenarios. A
low-complexity, two-stage method for 3D localization and
synchronization using multiple RISs in multipath scenarios
is proposed in [171]. First, signals are preprocessed and a
DL model estimates AOD. An initial user position is then
estimated using an asynchronous AOD TOA approach. Finally,
an optimization refines the position using estimated delays and
clock offset. This method improves accuracy and robustness
against multipath effects.

B. RIS-Assisted Indoor Localization

Studies on RIS-assisted indoor localization are briefly sum-
marized in Table VIII and discussed as follows.

1) Foundational Techniques: The multipath signal trav-
eling through each RIS may be labeled, which offers a
workable concept for processing them, provided each of the
RIS elements has a unique phase, i.e., φ1 �= φ2, · · · · · · �= φn ∈
[0, 2π). Taking advantage of the high multipath resolution of
UWB signals and the capability of RIS to identify multipath
channels, authors in [47] created a unique indoor RIS-assisted
localization technique. The suggested localization scheme’s
CRLB is calculated, demonstrating how RIS has the ability to
provide precise location with just one access point. Also, the
suggested system offers a more precise and economical option
for indoor placement because it only calls for a single access
point and a few inexpensive RIS devices. RIS may be used
to complement the RSS-based localization technique in many
ways, such as, strengthening the signal received, diminishing
co-channel interference, and providing additional propagation
paths. As a result, RIS can significantly improve the RSS-
based localization algorithms that rely on it. Nevertheless,
because it is challenging to tell apart nearby RSS data, the
accuracy of such algorithms is constrained. A deep learning
method for efficient online wireless configuration of RIS in
indoor communication environments is proposed in [38]. They
use a database of coordinate fingerprints to train a DNN
that maps user location information to the optimal phase
configurations of the RIS, maximizing the RSS at the intended
location. Simulations in a 3D indoor environment show that
the proposed DNN-based configuration method effectively
increases the achievable throughput at the target user location
in all considered cases.

A RIS-assisted localization scheme utilizing multiple
RSS fingerprints and a DNN is presented in [64]. The
scheme utilizes RSS values obtained under different RIS
configurations as fingerprints and employs an optimization
method based on the CRLB to find the optimal RIS
configurations. A DNN regression network is trained for local-
ization. The simulation results demonstrate that the proposed
scheme achieves robust and accurate location estimation,
with an accuracy of approximately 0.5 meters in the NLoS
scenario.

2) Accuracy Improvement With RIS: By theoretical analy-
sis and practical testing, it has been shown in [102] that RIS
can in fact customize the wireless environment. Authors have
clearly shown with the help of measurements that RIS con-
figuration changes the RSS at a particular location. Thus, the
issue of similar RSS values from nearby sites can be resolved
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TABLE VIII
SUMMARY OF RIS-ASSISTED INDOOR LOCALIZATION ARTICLES. HERE “R” REFERS TO “REFLECTIVE RIS,

“T” REFERS TO “TRANSMISSIVE RIS”, “H” REFERS TO “HYBRID RIS”

in smart radio environments enabled by the RIS. Authors
in [45] have designed an RIS-assisted localization algorithm
that is focused on enhancing localization accuracy. To do so,
an iterative configuration optimization algorithm is proposed
whose purpose is to select the RIS configuration that improves
the localization accuracy. The localization accuracy of the
suggested technique is substantially higher than that of the
localization method without RIS. The authors also designed a
Phase shift optimization technique to address the same issue
in [46]. This approach offers a unique solution to the multiuser
localization problem and can minimize localization error by
at least three times when compared to the conventional RSS-
based solution.

Work presented in [198] focuses on improving the accuracy
of RSS-based indoor positioning system by addressing the
limitations caused by temporal and spatial uncertainties in the
indoor wireless environment. An algorithm is introduced that

utilizes RIS technology to optimize RSS values at specific
reference points. This is achieved by adjusting the RIS
reflection coefficients to enhance the differentiation of RSS
values between reference points. Simulation results indicate
that this method, even with a relatively small number of RIS
elements, significantly boosts the efficiency and accuracy of
indoor positioning. Authors in [190] present an RIS-enabled
fingerprinting-based localization method enhanced by deep
RL. The methodology involves creating a database of RSS
lists through periodic RIS configurations, which are then
used to estimate receiver positions by comparing them with
online-measured RSS data via the nearest neighbor algorithm.
Additionally, a deep RL-based RIS configuration selector
is developed to optimize RIS configurations and minimize
localization error. A communication protocol for the system’s
operation is also proposed. Extensive simulations demonstrate
that the localization accuracy improves with an increasing
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number of RIS configurations and is further enhanced by over
40% with the incorporation of deep RL compared to previous
methods.

3) Wireless Indoor Simultaneous Localization and
Mapping: Researchers developed a RIS-assisted wireless
indoor SLAM system in [113]. Channel models incorporating
RIS are proposed, and a RIS-aided SLAM protocol is intro-
duced to coordinate the RIS and the agent. An optimization
problem for SLAM is formulated and solved using a particle
filter-based localization and mapping algorithm. The study
demonstrates that the RIS significantly enhances channel
amplitudes compared to scattered environments. Furthermore,
the RIS-assisted SLAM system reduces agent estimation
errors by 0.1 meters compared to non-RIS wireless SLAM
systems. The article [186] presents a framework for passive
human localization using WiFi signals enhanced by RIS.
The RIS, consisting of controllable reflective elements,
overcomes the limited spatial resolution of WiFi devices
to achieve accurate localization. The proposed framework
includes a phase control optimization algorithm to maximize
the discrepancy between human reflection and multipath
interference. Simulation results demonstrate sub-centimeter
accuracy in locating moving individuals passively, even
in the presence of noise and multipath interference. As
an extension, the article [187] addresses the challenge of
achieving accurate passive multi-human localization using
commodity WiFi devices. A side-lobe cancellation algorithm is
introduced to achieve accurate localization iteratively. Results
indicate that the proposed framework enables sub-centimeter
accurate localization of multiple moving individuals without
modifications to existing WiFi infrastructure, even in the
presence of multipath interference and random noise.

A new application for RIS-enabled passive localization and
tracking is introduced in [199]. It utilizes a single-antenna full
duplex transceiver to send multiple OFDM signals and analyze
the reflections from a RIS-equipped object in an efficient use
of the spectrum. The RIS phase profile is designed to separate
desired signal reflections from unwanted multipath signals,
allowing for the estimation of the object’s location and velocity
with low-complexity estimators. Simulations show that this
method can achieve centimeter-level location accuracy with
just 6 MHz of bandwidth.

4) Wireless Indoor Integrated Sensing and Communication:
Authors in [196] introduced a RIS-aided method to enhance
RSS fingerprinting-based indoor positioning accuracy in 6G
networks. By utilizing RIS diversity and requiring RSS from
a single access point, it achieves centimeter-level precision.
The proposed near-field multi-focal focusing method maintains
communication performance while supporting high-precision
positioning. Simulations confirm the scheme’s effectiveness,
offering improved positioning accuracy with only a 10%
reduction in average throughput.

C. RIS-Assisted Near-Field Localization

Studies on RIS-assisted near-field localization are briefly
summarized in Table IX and discussed as follows.

1) Foundational Studies: A two-stage positioning tech-
nique for determining the transmitter’s location with a RIS,
employed as a lens, running at mmW frequency demon-
strates the capability of decimeter-level localization accuracy
in the near-field region [48]. A generic model of near-field
as well as the far-field placement was constructed in [49],
and it suggests an SNR-based RIS phase design algorithm
for CLRB reduction. The suggested technique can reduce
PEB and directional error bounds significantly compared to
the conventional system without RIS. Both of these RIS-
assisted near-field localization studies disregard the scenario
of LoS obstruction, however, it is necessary to take care of
to cater for the successful localization in real-world scenarios.
Authors in [202] propose a general framework for RIS-assisted
regional localization, including RIS phase design and position
determination. The results demonstrate the effectiveness of
the proposed framework, showing that the designed RIS
phase schemes lead to near-optimal localization performance.
Authors in article [61] investigate the localization and CSI
estimation scheme for a near-field sub-THz system with a
RIS. The authors propose a near-field joint channel estima-
tion and localization algorithm, which demonstrates superior
performance in terms of localization and CSI estimation
root MSE compared to conventional far-field algorithms. The
complexity of near-field CSI estimation is influenced by the
array steering vector formulation, which takes into account the
reflection elements and their coupling effects, leading to higher
resolution accuracy. The study highlights the importance
of considering the near-field effects and angle separations
between UEs for achieving high-precision localization with
a single RIS panel. Additionally, it is emphasized that the
inclusion of a large RIS panel with more elements must
consider the spherical wavefront feature to avoid performance
degradation.

A RIS-assisted OFTS system in both near-field and far-field
conditions is studied in [215]. It derives signal expressions
in the Doppler-delay domain and uses the FIM to find
localization error limits. Simulations show that localization
error decreases with more antennas and RIS elements. The
paper also investigates estimating RIS orientation from UE
signals, finding it feasible only in near-field conditions. A
major finding is that RIS orientation errors significantly impact
localization accuracy. Authors in [217] describe the near-
field features of new 6G technologies, such as the spherical
wave model, spatial non-stationarity, and beam squint effect,
and explores their implications for localization, sensing, and
communication.

2) LoS Blockages: Researchers in [50] have investigated
the SISO system’s near-field localization capabilities in the
presence of a significant LoS blockage. A two-step localization
algorithm based on TOA was presented in [51], and the results
supported the feasibility of retaining high localization accuracy
even under the situation of significant blockage in the near-
field region of RIS. Using the Jacobi-Anger expansion and
taking into account the RIS amplitude, a low complexity near-
field localization approach, termed approximation mismatched
maximum likelihood, has been devised in [52]. It also suggests
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TABLE IX
SUMMARY OF RIS-ASSISTED NEAR-FIELD LOCALIZATION ARTICLES. HERE “R” REFERS TO “REFLECTIVE RIS”,

“H” REFERS TO “HYBRID RIS”, “A” REFERS TO “ACTIVE RIS”

an iterative refinement approach for joint localization and
RIS amplitude model parameter updating, using the result as
the initial location estimate. The suggested low-complexity

localization technique performs well in simulations, and the
iterative algorithm’s localization accuracy is asymptotically
approaching CRLB.
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3) Performance and Considerations: RIS-based asyn-
chronous localization is studied in [58] by examining the
PEB and equivalent Fisher information for the intermediate
parameters involved. The study considers multi-paths between
the BS and the RIS, taking into account amplitude differ-
ences. The results indicate that near-field spherical wavefront
modeling enables UE localization in the asynchronous sce-
nario, but the equivalent Fisher information decreases as
the distance between the UE and RIS increases. The study
also highlights the performance difference between spatial
gain and power gain in the BS-RIS channel, and cautions
against using the SNR-maximizing focusing control scheme
for RIS in localization applications. In article [65], the
performance of a holographic RIS assisted mmW near-field
localization system is investigated. The FIM and CRLB are
derived, considering the radiation pattern of antennas. The
theoretical analysis demonstrates that the position accuracy
improves quadratically with the size of the RIS. An iterative
entropy regularization-based method is proposed to minimize
the worst-case CRLB by optimizing the holographic RIS
phases. Authors in [207] propose a low-complexity approach
to optimize the precoders that control the RIS, considering
hardware constraints. The method approximates desired beam
patterns using pre-characterized reflection coefficients. The
evaluation includes beam fidelity for different RIS hardware
prototypes and theoretical analysis of the impact on near-field
downlink positioning in NLoS conditions. Results demonstrate
the effectiveness of the proposed optimization scheme in
producing desired RIS beams within hardware limitations,
while also highlighting the sensitivity to hardware character-
istics and the specific requirements of RIS-aided localization
applications.

Authors address the problem of near-field localization using
RIS in the presence of phase-dependent amplitude variations at
each RIS element in [52]. The authors analyze the performance
limitations using a MCRB and demonstrate that performance
penalties can occur, particularly at high SNRs, when the UE
is unaware of the amplitude variations. They propose a low-
complexity approximated mismatched maximum likelihood
estimator, leveraging Jacobi-Anger expansion, to mitigate
performance loss. The method shows fast convergence and
performance close to the CRLB, indicating the effectiveness of
the proposed method in recovering performance and calibrat-
ing the RIS amplitude model. The issue of RIS pixel failures
is studied in [208], which can severely impact localization
accuracy. The paper investigates the impact of pixel failures on
accuracy and develops two strategies for joint localization and
failure diagnosis to detect failing pixels while accurately locat-
ing the UE. The proposed algorithms demonstrate significant
performance improvements over conventional failure-agnostic
approaches, enabling successful localization in the presence of
pixel failures. The sidelink positioning in near-field wireless
communication using a single active RIS is studies in [214]. It
jointly estimates transmitter and receiver positions and clock
bias. A time-orthogonal random codebook is used for channel
separation, followed by coarse positioning and least-squares
refinement. The CRLB validates the algorithm’s efficiency.
Simulations show that positioning accuracy depends on RIS

size and transmission power, with an optimal power allocation
ratio that minimizes CRLB.

IV. CHALLENGES AND RESEARCH OUTLOOK

Based on the review performed in the previous section, in
this section, we present a detailed overview of the limitations,
open areas of research and challenges in RIS-assisted radio
localization that need to be investigated to make it a practical
and feasible solution to radio localization in 6G networks.
While RIS offers significant benefits for localization, there
are some associated limitations, as shown in Figure 9 [71].
Implementing RIS-assisted localization may involve signifi-
cant costs, including the installation and maintenance of RIS
devices throughout the target environment. The deployment
of RIS infrastructure can be challenging and require careful
planning. Inferring from the reviewed literature, RIS devices
typically rely on LoS communication with the devices they
assist in localizing. This means that obstacles, such as walls
or objects, can obstruct the signal path and potentially degrade
the accuracy or reliability of localization. While RIS can
optimize signal propagation, there may still be scenarios where
NLoS signal paths exist, leading to potential inaccuracies
in localization. Overcoming NLoS challenges in complex
environments with reflective or obstructive surfaces can be a
limitation for RIS-assisted localization. RIS devices require
power and connectivity to function effectively. Ensuring an
adequate power supply and reliable connectivity to each RIS
device can be a logistical challenge, particularly in large-scale
deployments or areas with limited infrastructure. RIS-assisted
localization may face scalability limitations when applied to
larger or more complex environments. As the number of
devices and users increases, coordinating and optimizing the
RIS network can become more challenging. Additionally,
adapting the RIS configuration to accommodate changes in
the environment or user requirements may require significant
adjustments and maintenance. In situations where multiple RIS
devices are deployed in proximity, potential interference and
coexistence challenges may arise [106]. Careful planning and
coordination are necessary to ensure that RIS devices do not
interfere with each other or with other wireless communication
systems operating in the same frequency band [107]. These
limitations should be carefully considered and addressed dur-
ing the planning, deployment, and operation of RIS systems
to maximize their effectiveness.

Here we discuss the research directions related to the
limitations and open areas of research in the path of practical
applications of RIS-assisted radio localization in 6G networks
that includes the technical as well as the deployment chal-
lenges.

• Availability, Scalability, Privacy and Security: It is
observed in the previous section that the theoretical
approaches being developed in the literature are pri-
marily focused on the accuracy of localization. While
devising new methods for RIS-assisted localization in
6G networks, it is an important factor to consider also
the coverage area and availability of the service [218].
Techniques must be developed in a fashion that it is
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Fig. 9. Illustration of limitations to RIS-assisted radio localization. (a) NLoS challenges in complex environments with reflective or obstructive surfaces
can be challenging, (b)The deployment, installation and maintenance of RIS infrastructure can be challenging and require careful planning (c) Ensuring an
adequate power supply, RIS calibration and reliable connectivity to each RIS device can be a logistical challenge, (d) when multiple RIS devices are deployed
in proximity, potential interference and coexistence challenges may arise.

scalable without any major hardware as well as the
software limitations, as shown in Figure 9(a) and 9(d).
Lastly, user privacy in such networks is an interesting area
of investigation since the transmission and processing of
data within RIS systems can be susceptible to eavesdrop-
ping, leading to the leakage of sensitive information [34].

• Mobile User Localization: Mobility of the UE is an
important factor in a real-world scenario that needs to
be considered in addition to the 3D position and 3D
orientation to localize the user with maximum accu-
racy [86]. If the Doppler delay effects due to user
mobility are ignored, it will negatively impact the loca-
tion estimates. It is, thus, necessary to account for
the velocity of the user and its relative impact on
UE position and orientation in a RIS-assisted localiza-
tion scenario. Continuous monitoring of mobile UEs
would gain advantages by incorporating NLoS channel
identification to ensure optimal activation of RIS, and
the ability to control RIS with low-latency location-
based capabilities. Consequently, this necessitates the
availability of accurate UE location and uncertainty
information at all times. Adapting localization algo-
rithms to changing propagation conditions would be
required.

• Multi-User Localization: Methods scalable to multi-user
localization need to be developed for both LoS and
obstructed LoS scenarios for more realistic and holistic

designs for 6G networks [2]. It would require the devel-
opment of algorithms for managing interference and
optimizing resource allocation.

• Modeling and Analysis of RIS-assisted Localization at
Multiple Frequencies: In practical scenarios, access points
operating at different frequency bands, i.e., conventional,
mmW and THz, will coexist in future 6G networks. The
operation of RIS when interacting with BS operating
at different frequency bands needs to be modeled and
analyzed. What kind of element configuration is required
at RIS to how would the phase and amplitude change
of the RIS be modeled to successfully allow multi-band
radio localization.

• Integrated Localization, Sensing and Communication:
Convergence of hardware as well as the technical design
of radio localization, sensing and communication is one
of the major agenda of 6G network design [219], [220].
In light of this design requirement, it would be an
interesting study direction to devise and analyze the
methods for RIS-assisted joint localization, sensing and
communication such that a unique trade-off is worked out
between their performance matrices, thus, they comple-
ment one another depending on the scenario at hand. The
introduction of these services within a wireless environ-
ment enabled by RIS presents new challenges related to
optimizing RIS for multiple purposes. These challenges
involve striking a suitable balance between configurations
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that prioritize localization, communication, and sensing.
It entails selecting the appropriate protocols, managing
resource sharing among multiple users and operators in
complex ecosystems, achieving synchronization between
BS and RIS, and seamlessly integrating RIS into
open radio access network (RAN) architectures. Such
RIS-based solutions also need to be cost-effective for sup-
porting localization and sensing functionalities together
with communication. These alternatives include vehicle-
mounted reflective RIS, approaches resembling BS-free
or multi-static radar systems, and hybrid RIS that can
operate in the receiving mode to sense both connected
UEs and passive objects.

• Deployment and Optimization of RIS-Assisted
Localization Radio Network: Most of the contemporary
literature quoted in the previous section is based on the
development of theoretical approaches where there have
been little to no practical campaigns to study the practical
design and deployment perspectives of RIS-assisted radio
localization. It is, therefore, an important area to explore
the practicality of the methods proposed in the literature.
The optimization of both the number and positioning of
RIS is essential to achieve optimal performance in terms
of communication metrics, localization/sensing accuracy,
and coverage. Additionally, it is crucial to ensure that
the optimized RIS deployment indeed offers advantages,
when compared to traditional BS deployments, in terms
of overall power consumption and coordination efforts.
This optimization process also includes addressing the
challenge of accurately calibrating the location and
orientation of the RIS and its synchronization with BSs.

• AI Controlled RIS: In the age of AI, model-based signal
processing is being replaced with data-driven approaches
as it leads to more robust algorithms [86]. Based on
this, developing AI-driven methods for RIS-assisted radio
localization can prove to improve the radio localization
performance manifolds. Control of RIS using AI can
empower their design manifolds, it is thus an important
direction to study.

• Low Latency Control: Efficient radio localization with
RIS requires low-latency control capabilities. This
necessitates real-time knowledge of UE location and
uncertainty. Developing location-based RIS control
mechanisms that offer low-latency control while main-
taining accuracy and reliability is a challenge that must
be overcome.

• RIS Standardization: In order to analyze the theoretical
methods by practical experimentation as well as to
develop more suitable methods while considering the
practical deployment scenarios, standardization of RIS
hardware is necessary. Global standardization of RIS is
in very early stages and the process is well summarized
in [221]. RIS hardware is not yet available but the efforts
for the development of RIS hardware prototypes are
underway [222], [223], [224], [225], [226], [227], [228].
Standardized RIS hardware platforms will contribute to
the acceleration of development progress. Researchers
can build upon existing work, leveraging the availability

of standardized platforms to iterate and refine their ideas.
The collective efforts of researchers using standardized
platforms can lead to the development of best practices,
optimization techniques, and benchmark datasets that
drive innovation and efficiency in RIS-related research.

• Multi-Operator and Multi-RIS Localization: The coor-
dination and communication between multiple operators
can be complex, especially in heterogeneous network
environments, potentially leading to increased latency
and decreased system efficiency. The synchronization of
signals between different operators is another hurdle, as it
requires precise timing control to avoid interference and
ensure accurate localization. Moreover, the deployment
and management of multiple RIS introduces further
complexities, from determining optimal placement and
density of the RIS to managing their phase configurations,
as shown in Figure 9(d) [229]. Additionally, privacy
and security concerns may arise with multiple operators,
necessitating robust protocols to protect data integrity.
Lastly, as the number of operators and RIS increases,
so does the computational complexity of localization
algorithms, potentially impacting system performance
and energy-efficiency.

• RIS Control and User Mobility: The process of
controlling a RIS typically involves adjusting the elec-
tromagnetic properties of the RIS elements to optimize
signal reflection and transmission. However, this pro-
cess can be relatively slow, which poses significant
challenges for high-mobility applications. As devices
move rapidly across the coverage area, the channel
conditions change quickly. By the time the RIS has
collected enough information and adjusted its properties
for optimal performance, the device may have already
moved to a different location with entirely different
channel conditions. Thus, the slow control of RIS may
lead to outdated or ineffective configurations that fail to
improve, or even degrade, the system performance. This
lag in RIS control poses a major challenge in realizing
the full potential of RIS technology in high-mobility
applications such as autonomous vehicles, drones, and
high-speed trains.

• RIS Hardware Limitations and Pixel Failures: The hard-
ware components of RIS bring about several challenges
that can impact their performance and efficacy [71]. RIS
are composed of numerous smaller elements or “pixels”
that each need to be individually controlled to manipulate
the phase and amplitude of incoming electromagnetic
waves. However, these pixel-level controls can be limited
by hardware constraints such as processing speed, energy
consumption, and design complexity. Additionally, the
risk of pixel failures is a significant concern. Given the
high density of pixels in an RIS, even a small percentage
of pixel failures can lead to significant degradation
in the overall performance of the RIS. Furthermore,
identifying and repairing these failed pixels can be a
complex and time-consuming task, especially when the
RIS is deployed in hard-to-reach locations, as shown in
Figure 9(b). These hardware limitations and pixel failures
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pose substantial challenges to the reliable and effective
deployment of RIS technology.

• RIS Calibration: The calibration of RIS is a challeng-
ing phase due to the inherent complexities of these
devices [230]. RIS calibration involves adjusting each
individual element, or “pixel”, on the surface to manip-
ulate the phase and amplitude of incident signals. Given
that a RIS can consist of hundreds or thousands of
these elements, this process can be highly complex
and time-consuming. In addition, each element may
respond differently to adjustments due to manufacturing
variances, further complicating the calibration process.
Real-world environmental factors, such as temperature
and humidity, can also cause drift in the performance of
the elements over time, necessitating frequent recalibra-
tion. Given that RIS are often deployed in inaccessible
or hard-to-reach locations, performing this recalibration
can be logistically challenging and costly, as shown in
Figure 9(c). Consequently, achieving precise and efficient
RIS calibration remains a major hurdle in the wider
adoption of RIS technology.

• New RIS Antenna Technologies:
Developing and integrating RIS antenna technologies into
everyday items, such as clothing [71], [230], is an area
ripe with potential but also rife with challenges. For
instance, creating antennas thin and flexible enough to
be woven into fabric without sacrificing performance is
a significant technical obstacle. The material used in
clothing also presents difficulties as it must be able to
withstand regular wear and tear, washing, and various
weather conditions while maintaining the antenna’s func-
tionality. Furthermore, it is critical to ensure that these
RIS antennas do not negatively affect the wearer’s health,
particularly given concerns around prolonged exposure
to electromagnetic fields. This necessitates strict control
of the emitted power levels. From a design perspective,
seamlessly incorporating the antennas in a way that is
aesthetically pleasing and unobtrusive is also a major
challenge. Given that each piece of clothing may be
shaped and sized differently, custom calibration of these
antennas could be needed for each garment, presenting
further complexities.

• From RIS to SIM: The introduction of stacked intelligent
metasurfaces (SIM) opens new possibilities in the context
of radio localization [231]. Unlike traditional single-layer
RIS, SIM consist of multiple reconfigurable metasurface
layers, providing enhanced control over electromagnetic
wave propagation in 3D. This added dimensionality
enables SIM to manipulate complex multi-path envi-
ronments more effectively, improving the robustness of
localization or providing means for replacing digital with
analog processing. Additionally, SIM can support multi-
functional operations, such as SLAM and ISAC [232],
by leveraging their ability to perform spatial filtering,
polarization control, and adaptive beamforming across
multiple layers. The inter-layer coupling in SIM also
allows for greater flexibility in addressing near-field

localization challenges, particularly at higher frequency
bands like mmW and THz. These capabilities suggest
that SIM could serve as a transformative enabler for
high-accuracy and resilient localization in 6G networks,
warranting further exploration and experimental valida-
tion.

V. CONCLUSION

We presented a comprehensive overview of the utilization
of RIS technology for radio localization in 6G networks.
We discussed the RIS-assisted localization taxonomy, and
recent advancements in theoretical approaches for RIS-assisted
localization, identified opportunities, explored challenges, and
examined various applications alongside the limitations of
RIS-assisted localization. Recent advancements are based pri-
marily on modeling and ML-based techniques where the focus
is on improving the accuracy of the user location estimate.
RIS can optimize wireless signals for improved localization
in smart indoor services, smart transportation, and automated
factories. However, there are some limitations to its use that
need to be overcome such as the line-of-sight dependency,
scalability, and interference. There are technical challenges
and open areas of research that need to be addressed such as
multi-user and mobile user localization, integrated localization,
sensing, and communication algorithms, RIS standardization
for practical experimentation as well as the investigation of
availability, scalability, and privacy in RIS-assisted localiza-
tion. Therefore, further research is required to fully realize the
potential of RIS technology for localization in 6G.

REFERENCES

[1] H. Wymeersch, J. He, B. Denis, A. Clemente, and M. Juntti, “Radio
localization and mapping with reconfigurable intelligent surfaces:
Challenges, opportunities, and research directions,” IEEE Veh. Technol.
Mag., vol. 15, no. 4, pp. 52–61, Dec. 2020.

[2] C. De Lima et al., “Convergent communication, sensing and localiza-
tion in 6G systems: An overview of technologies, opportunities and
challenges,” IEEE Access, vol. 9, pp. 26902–26925, 2021.

[3] S. P. Chepuri, N. Shlezinger, F. Liu, G. C. Alexandropoulos, S. Buzzi,
and Y. C. Eldar, “Integrated sensing and communications with reconfig-
urable intelligent surfaces: From signal modeling to processing,” IEEE
Signal Process. Mag., vol. 40, no. 6, pp. 41–62, Sep. 2023.

[4] M. Jian et al., “Reconfigurable intelligent surfaces for wireless com-
munications: Overview of hardware designs, channel models, and
estimation techniques,” Intell. Converg. Netw., vol. 3, no. 1, pp. 1–32,
2022.

[5] A. Albanese, V. Sciancalepore, and X. Costa-Pérez, “First responders
got wings: UAVs to the rescue of localization operations in beyond 5G
systems,” IEEE Commun. Mag., vol. 59, no. 11, pp. 28–34, Nov. 2021.

[6] G. Bresson, Z. Alsayed, L. Yu, and S. Glaser, “Simultaneous localiza-
tion and mapping: A survey of current trends in autonomous driving,”
IEEE Trans. Intell. Veh., vol. 2, no. 3, pp. 194–220, Sep. 2017.

[7] A. F. G. G. Ferreira, D. M. A. Fernandes, A. P. Catarino, and
J. L. Monteiro, “Localization and positioning systems for emergency
responders: A survey,” IEEE Commun. Surveys Tuts., vol. 19, no. 4,
pp. 2836–2870, 4th Quart., 2017.

[8] S. Kuutti, S. Fallah, K. Katsaros, M. Dianati, F. Mccullough, and
A. Mouzakitis, “A survey of the state-of-the-art localization tech-
niques and their potentials for autonomous vehicle applications,” IEEE
Internet Things J., vol. 5, no. 2, pp. 829–846, Apr. 2018.

[9] C. Laoudias, A. Moreira, S. Kim, S. Lee, L. Wirola, and C. Fischione,
“A survey of enabling technologies for network localization, track-
ing, and navigation,” IEEE Commun. Surveys Tuts., vol. 20, no. 4,
pp. 3607–3644, 4th Quart., 2018.

Authorized licensed use limited to: Tallinn University of Technology. Downloaded on May 28,2026 at 18:37:49 UTC from IEEE Xplore.  Restrictions apply. 



UMER et al.: RIS IN 6G RADIO LOCALIZATION 3555

[10] J. A. del Peral-Rosado, R. Raulefs, J. A. López-Salcedo, and G. Seco-
Granados, “Survey of cellular mobile radio localization methods:
From 1G to 5G,” IEEE Commun. Surveys Tuts., vol. 20, no. 2,
pp. 1124–1148, 2nd Quart., 2018.

[11] F. Zafari, A. Gkelias, and K. K. Leung, “A survey of indoor localization
systems and technologies,” IEEE Commun. Surveys Tuts., vol. 21, no. 3,
pp. 2568–2599, 3rd Quart., 2019.

[12] N. Saeed, H. Nam, T. Y. Al-Naffouri, and M.-S. Alouini, “A
state-of-the-art survey on multidimensional scaling-based localiza-
tion techniques,” IEEE Commun. Surveys Tuts., vol. 21, no. 4,
pp. 3565–3583, 4th Quart., 2019.

[13] F. Wen, H. Wymeersch, B. Peng, W. P. Tay, H. C. So, and D. Yang,
“A survey on 5G massive MIMO localization,” Digit. Signal Process.,
vol. 94, pp. 21–28, Nov. 2019.

[14] X. Zhu, W. Qu, T. Qiu, L. Zhao, M. Atiquzzaman, and
D. O. Wu, “Indoor intelligent fingerprint-based localization: Principles,
approaches and challenges,” IEEE Commun. Surveys Tuts., vol. 22,
no. 4, pp. 2634–2657, 4th Quart., 2020.

[15] V. F. Miramá, L. E. Díez, A. Bahillo, and V. Quintero, “A survey of
machine learning in pedestrian localization systems: Applications, open
issues and challenges,” IEEE Access, vol. 9, pp. 120138–120157, 2021.

[16] A. Motroni, A. Buffi, and P. Nepa, “A survey on indoor vehicle localiza-
tion through RFID technology,” IEEE Access, vol. 9, pp. 17921–17942,
2021.

[17] O. Kanhere and T. S. Rappaport, “Position location for futuristic
cellular communications: 5G and beyond,” IEEE Commun. Mag.,
vol. 59, no. 1, pp. 70–75, Jan. 2021.

[18] Z. Xiao and Y. Zeng, “An overview on integrated localization and
communication towards 6G,” Sci. China Inf. Sci., vol. 65, no. 1,
pp. 1–46, 2022.

[19] J. Laconte, A. Kasmi, R. Aufrère, M. Vaidis, and R. Chapuis, “A survey
of localization methods for autonomous vehicles in highway scenarios,”
Sensors, vol. 22, no. 1, p. 247, 2022.

[20] A. Liu et al., “A survey on fundamental limits of integrated sensing
and communication,” IEEE Commun. Surveys Tuts., vol. 24, no. 2,
pp. 994–1034, 2nd Quart., 2021.

[21] S. E. Trevlakis et al., “Localization as a key enabler of 6G wireless
systems: A comprehensive survey and an outlook,” IEEE Open J.
Commun. Soc., vol. 4, pp. 2733–2801, 2023.

[22] S. Zhang, M. Li, M. Jian, Y. Zhao, and F. Gao, “AIRIS: Artificial
intelligence enhanced signal processing in reconfigurable intelligent
surface communications,” China Commun., vol. 18, no. 7, pp. 158–171,
2021.

[23] H. Chen, H. Sarieddeen, T. Ballal, H. Wymeersch, M.-S. Alouini, and
T. Y. Al-Naffouri, “A tutorial on terahertz-band localization for 6G
communication systems,” IEEE Commun. Surveys Tuts., vol. 24, no. 3,
pp. 1780–1815, 3rd Quart., 2022.

[24] R. Chen, M. Liu, Y. Hui, N. Cheng, and J. Li, “Reconfigurable
intelligent surfaces for 6G IoT wireless positioning: A contemporary
survey,” IEEE Internet Things J., vol. 9, no. 23, pp. 23570–23582, Dec.
2022.

[25] C. Pan et al., “An overview of signal processing techniques for
RIS/IRS-aided wireless systems,” IEEE J. Sel. Topics Signal Process.,
vol. 16, no. 5, pp. 883–917, Aug. 2022.

[26] J. He, H. Wymeersch, T. Sanguanpuak, O. Silven, and M. Juntti,
“Adaptive beamforming design for mmWave RIS-aided joint localiza-
tion and communication,” in Proc. IEEE Wireless Commun. Netw. Conf.
Workshops (WCNCW), 2020, pp. 1–6.

[27] S. Hu, F. Rusek, and O. Edfors, “Cramér-Rao lower bounds for
positioning with large intelligent surfaces,” in Proc. IEEE 86th Veh.
Technol. Conf. (VTC-Fall), 2017, pp. 1–6.

[28] S. Zeng, H. Zhang, B. Di, Z. Han, and L. Song, “Reconfigurable
intelligent surface (RIS) assisted wireless coverage extension: RIS
orientation and location optimization,” IEEE Commun. Lett., vol. 25,
no. 1, pp. 269–273, Jan. 2021.

[29] C. Huang, A. Zappone, G. C. Alexandropoulos, M. Debbah, and
C. Yuen, “Reconfigurable intelligent surfaces for energy efficiency in
wireless communication,” IEEE Trans. Wireless Commun., vol. 18,
no. 8, pp. 4157–4170, Aug. 2019.

[30] R. C. Shit et al., “Ubiquitous localization (UbiLoc): A survey and
taxonomy on device free localization for smart world,” IEEE Commun.
Surveys Tuts., vol. 21, no. 4, pp. 3532–3564, 4th Quart., 2019.

[31] H. Sallouha, S. Saleh, S. D. Bast, Z. Cui, S. Pollin, and H. Wymeersch,
“On the ground and in the sky: A tutorial on radio localization
in ground-air-space networks,” IEEE Commun. Surveys Tuts., early
access, Jun. 19, 2024, doi: 10.1109/COMST.2024.3417336.

[32] M. F. Keskin, A. D. Sezer, and S. Gezici, “Localization via visible
light systems,” Proc. IEEE, vol. 106, no. 6, pp. 1063–1088, Jun. 2018.

[33] E. Björnson, H. Wymeersch, B. Matthiesen, P. Popovski, L. Sanguinetti,
and E. de Carvalho, “Reconfigurable intelligent surfaces: A signal pro-
cessing perspective with wireless applications,” IEEE Signal Process.
Mag., vol. 39, no. 2, pp. 135–158, Mar. 2022.

[34] K. Keykhosravi et al., “Leveraging RIS-enabled smart signal prop-
agation for solving infeasible localization problems: Scenarios, key
research directions, and open challenges,” IEEE Veh. Technol. Mag.,
vol. 18, no. 2, pp. 20–28, Jun. 2023.

[35] G. C. Alexandropoulos et al., “Smart wireless environments enabled
by RISs: Deployment scenarios and two key challenges,” in Proc. Joint
Eur. Conf. Netw. Commun. 6G Summit (EuCNC/6G Summit), 2022,
pp. 1–6.

[36] S. Hu, F. Rusek, and O. Edfors, “Beyond massive MIMO: The potential
of positioning with large intelligent surfaces,” IEEE Trans. Signal
Process., vol. 66, no. 7, pp. 1761–1774, Apr. 2018.

[37] J. V. Alegría and F. Rusek, “Cramér-Rao lower bounds for positioning
with large intelligent surfaces using quantized amplitude and phase,”
in Proc. 53rd Asilomar Conf. Signals, Syst., Comput., 2019, pp. 10–14.

[38] C. Huang, G. C. Alexandropoulos, C. Yuen, and M. Debbah, “Indoor
signal focusing with deep learning designed reconfigurable intelligent
surfaces,” in Proc. IEEE 20th Int. Workshop Signal Process. Adv.
Wireless Commun. (SPAWC), 2019, pp. 1–5.

[39] H. Wymeersch and B. Denis, “Beyond 5G wireless localization with
reconfigurable intelligent surfaces,” in Proc. IEEE Int. Conf. Commun.
(ICC), 2020, pp. 1–6.

[40] J. He, H. Wymeersch, L. Kong, O. Silvén, and M. Juntti, “Large
intelligent surface for positioning in millimeter wave MIMO systems,”
in Proc. IEEE 91st Veh. Technol. Conf. (VTC-Spring), 2020, pp. 1–5.

[41] Y. Liu, E. Liu, R. Wang, and Y. Geng, “Reconfigurable intelligent
surface aided wireless localization,” in Proc. IEEE Int. Conf. Commun.,
2021, pp. 1–6.
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Abstract—The integration of reconfigurable intelligent surfaces
(RIS) in wireless environments offers channel programmability
and dynamic control over propagation channels, which is ex-
pected to play a crucial role in sixth generation (6G) networks.
The majority of RIS-related research has focused on simpler,
quasi-free-space conditions, where wireless channels are typically
modeled analytically. However, many practical localization sce-
narios unfold in environments characterized by rich scattering
that also change over time. These dynamic and complex condi-
tions pose significant challenges in determining the optimal RIS
configuration to maximize localization accuracy. In this paper,
we present our approach to overcoming this challenge. This
paper introduces a novel approach that leverages a bidirectional
long-short term memory (biLSTM) network, trained with a
simulator that accurately reflects wave physics, to capture the
relationship between wireless channels and the RIS configuration
under dynamic, rich-scattering conditions. We use this approach
to optimize RIS configurations for enhanced user equipment (UE)
localization, measured by mean squared error (MSE). Through
extensive simulations, we demonstrate that our approach adapts
RIS configurations to significantly improve localization accuracy
in such dynamically changing rich scattering environments.

Index Terms—reconfigurable intelligent surface, localization,
long-short term learning, sensing, channel estimation, rich scat-
tering, dynamic wireless environment.

I. INTRODUCTION

The reconfigurable intelligent surfaces (RIS) are increas-
ingly recognized for their potential in reshaping wireless com-
munications by converting traditionally unpredictable propa-
gation channels into controllable systems [1]. These dynamic
metasurfaces, consisting of numerous low-cost scattering el-
ements, can be tuned almost passively to optimize signal
propagation. From a localization and sensing perspective, RIS
significantly enhance the accuracy of user equipment (UE)
positioning and environment sensing by managing multipath
effects and reducing signal degradation [2]. This capability
improves signal integrity and strengthens the reliability of
localization and sensing techniques essential for applications
requiring high spatial accuracy, such as automated naviga-
tion and context-aware services [3]. The dynamic nature of
RIS technology allows real-time adaptation to environmental
changes, enhancing both communication and localization per-
formance, which is crucial for robust, efficient communication

systems in scenarios characterized by rich scattering and
dynamic changes typical of emerging network technologies
[4]. Understanding the optimal configurations of RIS in such
scenarios is critical for realizing the full potential of next-
generation communication networks, particularly for enhanc-
ing precise localization capabilities of sixth generation (6G)
networks.

Recent studies on RIS assisted communication and local-
ization networks have predominantly focused on quasi-free-
space contexts with minimal known scatterers, which allow
for the application of traditional analytical channel models for
wireless propagation. Most algorithmic explorations presume
that channel conditions are known, but consistently acquiring
this information entails substantial overhead [5], leading to
innovative approaches to employ RIS without deterministic
channel data [6]. The challenge of accurately estimating chan-
nels within RIS-enhanced networks escalates in environments
characterized by rich scattering, such as factory settings, in-
door settings, metro stations, and inside vehicles like airplanes
and ships that present irregularly shaped enclosures leading
to significant reverberation [4], [7]. Wave propagation in such
environments markedly diverges from the extensively analyzed
free-space scenarios. Prior research has focused on optimizing
communication metrics in these settings, employing methods
such as iterative experimental RIS adjustments [7], [8], or
leveraging available channel state information [9]. However,
the dynamic nature of these environments, driven by the move-
ment of people and objects, introduces rapid changes and fast
fading, which challenges the reliability of channel knowledge
and complicates the optimization of RIS configurations [4]. In
such rich-scattering environments, wireless channels consist
of a superposition of numerous reflected waves arriving from
apparently random directions, rendering traditional free-space
logic and methods inapplicable. The integration of sensing
capabilities into RIS has emerged as a solution [3]. It has
initially been explored in simpler free-space scenarios for basic
tasks like direction-of-arrival estimation for getting the channel
estimate [10], but now increasingly required in more complex,
real-world environments that demand advanced data-driven
AI approaches to manage rich scattering and unpredictable

979-8-3503-7859-7/24/$31.00 ©2024 IEEE 122

20
24

 3
rd

 In
te

rn
at

io
na

l C
on

fe
re

nc
e 

on
 6

G 
N

et
w

or
ki

ng
 (6

GN
et

) |
 9

79
-8

-3
50

3-
78

59
-7

/2
4/

$3
1.

00
 ©

20
24

 IE
EE

 |
 D

O
I: 

10
.1

10
9/

6G
N

ET
63

18
2.

20
24

.1
07

65
77

9

Authorized licensed use limited to: Tallinn University of Technology. Downloaded on May 28,2026 at 18:40:20 UTC from IEEE Xplore.  Restrictions apply. 



propagation conditions [11]. While leveraging RIS sensing
capabilities and data-driven approaches, these approaches pre-
dominantly utilize iterative algorithms for optimizing the RIS
configuration which are typically time-consuming.

In contrast to the existing works, in this paper, we introduce
a robust framework designed to effectively determine the
optimal RIS configuration to improve UE localization accuracy
within dynamically changing, rich-scattering environments
using bidirectional long-short term memory (biLSTM) [12].
This design is adeptly suited for environments, including
factories and indoor settings, where the movement trajecto-
ries of people and objects are generally predictable. Due to
the formidable complexity of the rich-scattering environment,
an explicit analytical approach is unfeasible. Instead, our
proposed method integrates location parameters and channel
sensing at RIS elements, along with channel features specific
to these locations, to leverage their inherent correlations. We
employ the advanced biLSTM model to enhance the network’s
ability to discern correlations across various signal contexts
and establish a link between the RIS configuration and the key
statistical channel parameters, i.e., channel impulse response
and fading, that significantly impacts UE localization accuracy.
The proposed method performs the RIS configuration with
lower latency compared to the iterative algorithms. We nu-
merically demonstrate that the proposed BiLSTM-assisted op-
timization effectively tunes the RIS configuration to minimize
MSE in UE localization without needing explicit knowledge
of channel statistics or their interactions with the RIS settings.

II. SYSTEM MODEL

We consider an enclosed indoor scenario (top view), shown
in Figure 1, to analyse the interactions among various elements
in a rich-scattering wireless environment. The environment
causes scattering as waves reverberate and reflect multiple
times off the walls. At the core of the system model lies the
base station (BS) that communicates at a desired frequency
with the UE at location U . The scattering objects (SO)
moving along a fixed predefined trajectory are present in the
environment, resulting in the dynamic nature of the fading
wireless channel. The presence of SO introduce complexity
into the system by affecting the propagation paths of the
signals, resulting in a rich scattering scenario [7]. The status
of the SO is presented by the vector P that concatenates all
essential parameters required to comprehensively describe the
location status of the SO.

The RIS operating in hybrid fashion is strategically placed
on the periphery of the communication environment in a
distributed manner. It consists of NRIS reflective elements,
each capable of adopting states from a predefined vector K of
dimensions 1xNRIS, where K →CNRIS . Given that RIS systems
generally have a limited set of configurations, such as those
managed by PIN diodes [2], we assume C to be finite and
binary. In addition, we assume that SRIS RIS elements are
dedicated to channel sensing [3], [4].

Fig. 1: Considered deployment scenario in PhysFad in arbi-
trary units [a.u.] [13] (Top view). An indoor scenario with a
BS, a UE, and a distributed RIS that partially covers the four
walls of the enclosure with its eight elements dedicated to
environment sensing. In addition, four SO moving along the
indicated trajectory are also present.

A. Channel Model

We assume that channel perturbations owing to SO occur
rapidly enough to model the input-output relationship as a fast-
fading, frequency-selective channel in discrete time. The field
observed at any given point in a rich-scattering environment
results from the superposition of all reflections, with reflections
off specific objects varying according to their location [3].
Consequently, a sequence of field measurements can serve as a
unique wave fingerprint, facilitating the accurate determination
of the UE location.

The wireless channel at the UE is influenced by the RIS
configuration, K, and SO location status, P. Let, HBS↑UE
denote the channel impulse response at the UE, which includes
line of sight signals, and the signals that interact with the
RIS, SO and walls of the enclosure. The influence of the RIS
configuration setting K on HBS↑UE can be highly complex
and potentially intractable [4]. We further employ SRIS RIS
elements to sense and learn the channel HBS↑S, between the
BS and SRIS, to acquire SO status P. It is assumed that in
the offline calibration phase, the system model identifies and
learns the optimized RIS configurations corresponding to every
potential set of SO locations P using the method descried
in Section III. Then, during the real-time operation, the RIS
adopts the best configuration from the codebook based on the
currently detected P by the SRIS.

Traditional cascaded models do not adequately represent the
nonlinear parametrization of the multipath wireless channel via
the RIS. The training data for our biLSTM approach is simu-
lated using a channel simulator, Physfad, a physics-based, end-
to-end communication model tailored for RIS-parametrized
wireless environments that accommodates adjustable fading
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and accurately reflects the wave physics of the described rich-
scattering environment [14]. Developed from first principles
through a coupled-dipole formalism, PhysFad strictly adheres
to fundamental physical laws by describing wireless entities
as either individual dipoles or assemblies, characterized by
properties such as resonance frequency and absorption. As
illustrated in Figure 1, it models continuous surfaces of
scattering objects as arrays of dipole fences, with each RIS
element’s configuration determined by its dipole’s resonance
frequency [14]. For the sake of simplicity, we are operating in
a two-dimensional space where we examine dipoles positioned
within the x-y plane, with their dipole moments aligned verti-
cally along the z-axis. PhysFad computes the wireless channel
HBS↑UE between designated BS and UE dipoles, and HBS↑S
between BS and SRIS dipoles, considering both RIS and SO
in the environment. It comprehensively covers aspects such as
space and causality, dispersion with frequency selectivity, and
the interconnection between phase and amplitude responses of
RIS elements. The model also accounts for mutual coupling
effects and long-range mesoscopic correlations, alongside the
nonlinear parametrization of wireless channels influenced by
both RIS configurations and environmental SO. PhysFad is
constructed using arbitrary units, with the central operating
frequency, trasnmit power and the medium’s permittivity and
permeability uniformly set to one, further mathematical details
can be found in [14].

III. METHODS

In this section, we formulate our problem and present the
proposed solution to optimize RIS configuration, minimiz-
ing MSE of UE localization in dynamically changing, rich-
scattering environments.

A. Problem Formulation

Our objective is to develop a method for optimizing the
RIS configuration, K, to localize the UE accurately. The
localization performance is quantified by the MSE between
the estimated (x̂, ŷ)and actual (x,y) locations, i.e., ground truth
of the UE. This is mathematically expressed as

MSE =
1
N

N

!
i=1

(Yi ↑ f (Yi))
2 =

1
N

N

!
i=1

(
(x̂i ↑ xi)

2 +(ŷi ↑ yi)
2)

(1)
where N is the number of measurement points, f (Yi) denotes
the estimated coordinates, Yi represents the true coordinates,
(x̂i, ŷi) represent the estimated coordinates of the UE at the i-
th measurement, and (xi,yi) are the actual coordinates. As the
channel experiences fast-fading, our focus is on minimizing
the MSE in UE localization, which involves adjusting K
based on understanding of the channel’s stochastic behavior
influenced by this configuration.

In free-space operations, the wireless channel HBS↑UE is
typically divided into a straightforward linear cascade: from
the BS to the RIS, through the RIS configuration, and from
the RIS to the UE. However, this model falls short in rich-
scattering environments where each signal path might interact

with various RIS elements along its complex trajectory. Conse-
quently, the parametrization of the channel HBS↑UE involving
RIS and dynamic SO becomes highly complex and analytically
intractable. To tackle this challenge, we use a learned biLSTM.
Since the direct correlation between the UE location U ,
HBS↑UE , HBS↑S, and K is unknown, highly intricate, and
influenced by the status of SO, P, we developed a training
dataset comprising HBS↑UE , HBS↑S, P and, respective config-
urations K for each user location U . This dataset includes L
pairs in the format {(HBS↑UE)l ,(HBS↑S)l ,Pl ,Kl ,Ul}L

l=1. This
dataset enables us to precisely fine-tune the RIS configuration,
thereby achieving optimal UE localization with minimal MSE.
Through intelligent adaptation of the RIS settings in response
to observed channel variations, we systematically minimize
the MSE, enhancing localization accuracy.

B. RIS Configuration Optimization

Our proposed approach for optimizing the RIS config-
uration K, based on the UE localization objective (1),
employs a BiLSTM model. This is achieved by train-
ing the BiLSTM to recognize patterns from historical data
{(HBS↑UE)l ,(HBS↑S)l ,Pl ,Kl ,Ul}L

l=1, learning the relationships
between input features, {HBS↑UE ,HBS↑S,P} and their corre-
sponding outcomes {K,U}.

In order to learn how to optimize K with the estimate
of U , we use a biLSTM model, termed as ! , whose exact
architecture employed in the experimentation is explained in
detail in Section IV. The model is designed to generate two
combined outcomes: it predicts the UE location coordinates
as a regression problem as well as the RIS configuration as
a classification problem that results in the minimum of (1).
The model employs a hybrid loss function to cater to the
dual objectives of the network. For the regression output, i.e.,
predicted UE coordinates, Û , we use the MSE, and for the
classification output, K̂, we use Categorical Crossentropy, such
that the combined loss function is given as

L(!) =
1
N

N

!
i=1

(Yi ↑ f! (Yi))
2 +

N

!
i=1

M

!
m=1

(↑ym log(pm))+∀↓!↓2

(2)
here, f! (Yi) denotes the predicted coordinates by the biLSTM
parameters ! , Yi represents the true coordinates, and N is the
number of data points. ym are the true class labels, pm are the
predicted probabilities for each class, and M is the number
of classes. We have added ∀ as a l2-regularization parameter,
which is used to avoid overfitting.

C. Discussion

The proposed closed-loop approach, where the RIS config-
uration is adjusted based on environmental changes, demon-
strates significant advantages in scenarios where the SO pa-
rameter space is manageable, streamlining real-time opera-
tional decisions by quickly referencing pre-stored configu-
rations from a codebook. This method bypasses the need
for learning complex nonlinear channel parametrizations di-
rectly, instead utilizing a codebook that matches observed
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environmental conditions with optimal configurations, thus
minimizing latency and computational overhead. However, it
requires precise initial calibration and faces challenges due to
the necessary discretization of continuous SO parameters, i.e.,
location, which can lead to performance losses if the codebook
resolution is not sufficiently fine. The degree to which a SO
affects the wireless channel further affects the accuracy of
the biLSTM to estimate U , even with limited measurement
sequences or in noisy conditions [15]. BiLSTM networks are
particularly suited for this task over other neural network
architectures due to their ability to process sequence data
in both forward and backward directions, providing a richer
understanding of context and temporal relationships within the
data [12]. This capability is critical in dynamic environments
where the influence of past and future data points can provide
crucial insights for accurate prediction and optimization.

IV. RESULTS

We have implemented our proposed method in a numerical
study where a rich-scattering environment, shown in Figure
1, was simulated using [14]. This setup includes a single-
antenna BS, a single-antenna UE with changing location,
and a RIS equipped with NRIS = (20,60,100), binary-tunable
elements. For clarity, the specific parameters of the dipoles,
the resonance frequency ( fres), charge term (#), and absorptive
damping term (∀L), utilized in our PhysFad simulations are set
for transceivers as { fres = 1,# = 0.5,∀L = 0}. In the scattering
environment, these parameters are { fres = 10,# = 50,∀L =
104} with dipole spacing of one-fourth of the wavelength,
∃ . Lastly, for the RIS, the parameters are { fres = {1,5},# =
0.2,∀L = 0.03}.

The data preparation phase includes acquiring frequency
response measurements and SO status across various RIS
profiles and UE locations, as detailed in Section III-B. The
UE locations were taken along a regular grid with ∃/4
spacing. For a fixed UE location and a fixed NRIS, different
RIS configuration were considered. For each configuration,
the SO was located at 10 randomly chosen locations along
their fixed trajectory of motion, from which channel response
measurements HBS↑UE and HBS↑S were obtained. RIS con-
figurations Kl are one-hot encoded to facilitate classification
tasks within the network architecture. The dataset, represented
as {(HBS↑UE)l ,(HBS↑S)l ,Pl ,Kl ,Ul}L

l=1, was divided into 80%
for training and 20% for testing. For validation purposes the
training set is further divided into 80% training and 20%
validation which assists in hyper parameter optimization using
grid search to fine tune the model settings and helps prevent
overfitting.

The designed biLSTM incorporates a dual-input architec-
ture. It employs a biLSTM layer with 50 units to capture
temporal dependencies from sequential channel data, followed
by an additional long-short term memory (LSTM) layer with
50 units using ReLU activation to further refine the features.
A separate input for RIS configuration features includes an
embedding layer that transforms categorical inputs into a 20-
dimensional vector, subsequently flattened for processing. The

Fig. 2: Cumulative distribution function (CDF) of MSE for
random and optimized RIS configuration with K = 500 and
NRIS = 20.

Fig. 3: MSE percentile for optimized and random RIS config-
uration with K = 100 and NRIS = 100.

outputs from both LSTM and embedding layers are concate-
nated and directed into two dense output layers—one with
linear activation for predicting UE coordinates and another
with softmax activation for classifying RIS configurations.
The model was compiled using the Adam optimizer [16]
with a learning rate of 0.0001, applying MSE as the loss
function for coordinates and categorical cross-entropy for RIS
configuration classification. Training spanned 200 epochs with
a batch size of 32, and included a checkpointing mechanism to
save only the model iteration with the lowest validation loss,
ensuring the highest performance during final evaluations on
the test set. Furthermore, for the sake of comparison and to
establish a baseline MSE, a simple neural network was trained
with random RIS configuration to predict user location given
the same dataset splits.

After extensive training of the biLSTM model, we eval-
uated its efficacy in optimizing RIS configurations for UE
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TABLE I: Average MSE for random and optimized RIS
configuration, standard deviation %b of baseline MSE, %o of
optimized MSE, and percentage error reduction compared to
baseline.

NRIS K Baseline
MSE (∃ 2)

Optimized
MSE (∃ 2)

%b %o % error
reduc-
tion

20 10 0.94 0.35 0.771 0.271 62.77%
20 100 0.27 0.08 0.223 0.086 70.37%
20 500 1.41 0.04 0.740 0.038 97.16%
60 100 0.59 0.17 0.591 0.166 71.19%

100 100 2.45 0.07 1.484 0.075 97.14%

localization, aiming to minimize the MSE. This evaluation
was conducted using 100 randomly selected test instances.
We employed NRIS = 20 and three distinct RIS configurations,
K = {10,100,500}, to assess the model’s performance. The
results, depicted in Figure 2, exhibit a high degree of accuracy
in determining the UE location with proposed RIS config-
uration optimization method compared to the random RIS
configuration. Results for varying K are summarized in Table
I, where we see that increasing K from 10 to 500 improved the
performance by approximately 34.39%. Notably, the accuracy
of the localization will improve significantly as the model is
trained on data rich in RIS configurations, i.e., in our case
2NRIS distint configuration are possible.

We further investigated the influence of the varying number
of RIS elements, NRIS = {20,60,100}, on the localization
accuracy of system model using proposed biLSTM network,
as illustrated in Figure 3 and summarized in Table I. The
analysis shows that while the MSE decreases as NRIS increases,
the improvement in MSE is relatively modest. This could
be attributed to the same number of configurations used in
the model, regardless of the significant increase in NRIS,
despite the exponential growth in the potential number of
configurations, theoretically 2NRIS . It suggests that the full
potential of increasing NRIS is not being harnessed. Further
enhancement in MSE could likely be achieved by utilizing a
broader variety of RIS configurations, particularly in scenarios
involving frequent changes in the location of the SO. Hence,
optimizing the selection and deployment of NRIS is critical,
and should consider the environmental dynamics, including
the size, number, and mobility of SO, to maximize the system
performance.

V. CONCLUSION

In this paper, we address the challenges posed by dy-
namically changing rich-scattering environments with a novel
RIS configuration algorithm that forgoes traditional analyt-
ical modeling in favor of learning directly from data. Our
method utilizes a biLSTM model to dynamically optimize
RIS configurations, for enhancing UE localization accuracy
by minimizing the MSE. Numerical evaluations demonstrate
the effectiveness of this approach, showcasing its capability to
fine-tune RIS settings to improve localization accuracy in com-
plex scattering conditions. Proposed approach holds potential
for jointly optimizing communication parameters within a
unified framework encompassing communication, sensing, and

localization tasks. The exploration of this integrated approach
has been left for future work.
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Adaptive RIS Configuration Design with
Environmental Sensing for User Localization in

Dynamic Rich Scattering Environment
Anum Umer, Ivo Müürsepp, Muhammad Mahtab Alam, Senior Member, IEEE

Abstract—This paper addresses the problem of adaptive recon-
figurable intelligent surfaces (RIS) configuration design for user
localization in rich-scattering environment (RSE), where elec-
tromagnetic waves undergo multiple interactions with dynamic
scatterers and RIS elements. We propose an adaptive learning-
based localization approach for a distributed RIS-assisted net-
work in a RSE using a bidirectional long-short term memory
(biLSTM) model that captures temporal correlations between
observations. The proposed approach actively senses the environ-
ment using sequential pilot transmissions from the base station
(BS), accounting for scattering effects, and adaptively updates
the RIS configuration based on prior measurements to eventually
accurately estimate and minimize the user localization error. The
proposed model comprises two neural sub-networks: Scattering
Estimation Network (Bi-SEN), for estimation of scattering in
the environment, and Adaptive RIS-Assisted User Localization
Network (Bi-ARULN), for RIS configuration and localization.
Bayesian optimization is used for hyperparameter tuning of the
model. The simulation results demonstrate the effectiveness of the
proposed approach, achieving significantly lower localization root
mean squared error (RMSE) compared to random configuration,
prestored codebook look-ups, and adaptive baselines in both
single-input-single-output (SISO) and multiple-input-multiple-
output (MIMO) RIS-assisted networks in RSE. The design is
generalized across configurations and scales with RIS size and
network dimensions. The results highlight the strong potential of
RIS deployment and of the proposed approach to enable reliable
location services in RSE.

Index Terms—reconfigurable intelligent surface, localization,
long-short term memory, sensing, channel estimation, rich scat-
tering, dynamic wireless environment.

I. INTRODUCTION

Traditional localization techniques often fail in rich mul-
tipath or rapidly changing environments-herein referred to
as rich-scattering environments (RSEs)-and face infrastructure
limitations, particularly indoors [1], [2]. The programmable
nature of reconfigurable intelligent surfaces (RIS) offers a
transformative solution by enabling fine-grained control over
the wireless propagation environment with minimal power
consumption [3]–[5]. Composed of numerous passive elements
that manipulate the phase of reflected electromagnetic waves,
RIS can act as intelligent anchors or improve existing in-
frastructure to overcome challenges such as synchronization,
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interference, and directional ambiguity [1], [2], [6]. These
capabilities make RIS especially valuable for precise, sus-
tainable, and adaptive localization—critical for applications
such as autonomous vehicles, robotics, virtual reality, smart
factories, and traffic systems [2], [7], [8]. With 6G’s all-
spectrum integration-from microwave to terahertz and optical
bands-indoor environments like offices and industrial settings
are particularly prone to such rich scattering effects [9].

Dynamic RSE introduces complex propagation conditions,
where electromagnetic waves experience multiple interactions
with surrounding objects and RIS elements, resulting in a
superposition of reflected signals with varying angle-of-arrival
(AOA) and polarizations [10]–[12]. Unlike free space, where
wave propagation is predictable and RIS parameterization is
typically linear (via base station (BS)-RIS-receiver cascades),
or quasi-free space, where RIS serves as an alternative relay
due to blocked line-of-sight (LoS) paths, RSE conditions lead
to highly nonlinear and dynamic RIS behavior [8]. Here, RIS
act as controlled perturbations, while the environment con-
tributes uncontrolled, time-varying disturbances such as mov-
ing objects or humans-herein referred to as scattering objects
(SOs), resulting in a nonlinear double-parameterized system
influenced by both RIS configurations and environmental fac-
tors [13]. Addressing these challenges requires advanced RIS
configuration algorithms that transcend free-space assumptions
and leverage environmental context to minimize localization
errors and meet the precision and robustness demands of next-
generation localization, sensing, and communication systems
[8], [11], [14]. This requires context-aware adaptation of RIS,
achieved through sensing and estimating the evolving state
of SOs. Although incorporating sensing capabilities into RIS
offers a promising direction [14], the optimal design of RIS
configurations guided by such environmental awareness in
dynamic RSE remains an open research challenge.

This work considers the problem of accurate user local-
ization in a dynamic RSE using a distributed RIS-assisted
network deployed in a reverberant enclosure. In the considered
scenario, simulated with a physics-based end-to-end channel
[10], a BS, a user, and multiple non-cooperative SOs, each
following their own fixed trajectory, are present. The BS
transmits pilot signals, while the RIS assists in redirecting
them toward the user. A subset of RIS elements is dedicated
to actively sensing the environment to estimate the scattering
contributed by SOs and quantized by their location estimate.
Estimation of SOs location at any instant can leverage RIS-
assisted sensing by utilizing a predefined sequence of ran-
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domized RIS configurations. This is achieved using hybrid
meta-atoms [14], which simultaneously capture and reflect
electromagnetic waves, providing sufficient configurational
diversity to enable the extraction of noncooperative SOs in-
formation from transmission measurements between a single
node pair [15]. Learned sensing further enhances this capabil-
ity by optimizing RIS configuration sequences to improve the
accuracy of user localization [16]. However, the underlying
relationships between RIS configurations, user measurements,
and scattering are highly nonlinear and sequential in nature.
As measurements accumulate, the need for scalable, context-
aware solutions becomes essential. We address this by se-
quentially configuring the RIS using an adaptive, data-driven
model based on prior and current measurements. This dynamic
sensing and configuration mechanism enables the system to
track evolving multipath conditions and minimize localization
error without relying on static configurations or pre-stored
mappings.

To address the challenges of user localization in dynamic
RSE, we propose a deep learning (DL)-based approach that
jointly performs RIS configuration design and user position
estimation. Leveraging prior measurements and real-time sens-
ing of SOs, the RIS is adaptively configured to improve
localization accuracy. At the core of our approach is a recurrent
neural network with bidirectional long-short term memory
(biLSTM) units, which capture long-term dependencies and
temporal patterns in sequential observations by processing
data in both forward and backward directions [17]. This
enables the dynamic construction of compact information
vectors for guiding RIS updates and refining user location
estimates without relying on complex real-time computations
or static pre-stored mappings. The biLSTM architecture is
particularly suited for RSE environments due to its adaptability
to diverse data types, efficient training through parallelization,
and superior performance over traditional machine learning
(ML) models that rely on manual feature extraction [18],
[19]. By integrating DL with RIS-assisted RSE, the system
continuously learns to extract key signal characteristics and
environmental features, yielding accurate and robust localiza-
tion in complex propagation scenarios [20]. The numerical re-
sults demonstrate superior localization performance in single-
input-single-output (SISO) and multiple-input-multiple-output
(MIMO) RSE scenarios, highlighting the generalizability and
effectiveness of the proposed approach.

A. Related Work

Numerous recent studies have explored RIS-assisted local-
ization, focusing on fingerprinting-based methods, optimiza-
tion and error-bound driven approaches, and more recent
learning-based solutions, all aiming to enhance localization
accuracy by exploiting RIS reconfigurability [6], [21]–[32].
The authors in [6] enhance diversity in fingerprint-based local-
ization by leveraging the RIS ability to reconfigure its electro-
magnetic response by selecting optimal configurations from a
large codebook to generate distinct radio maps. This variation
in configurations improves the discriminability of received sig-
nal strength (RSS) fingerprints, enriching the feature space and

improving localization accuracy without requiring multiple
access points. In [21] a hierarchical RIS codebook is proposed
to facilitate adaptive bisection search across the angular space
for enhanced 2D localization, although such codebooks may be
suboptimal in low signal-to-noise ratio (SNR) conditions and
training overhead can be substantial [33]. In [24], the authors
categorize RIS profiles into three distinct classes and analyze
their effects on the 3D positioning error bound of the user. Two
classes are designed heuristically to generate narrow or broad
beams, while the third class comprises randomly generated
RIS profiles. The authors in [26] and [27] improve indoor
localization by optimizing RIS profiles to maximize received
signal strength (RSS) variations between nearby locations, us-
ing local and global search techniques. Their proposed scheme
achieves a threefold reduction in localization error compared to
traditional RSS based methods. Analytically derived profiles,
as in [28], jointly optimize communication throughput and
localization performance based on geometric models, but often
rely on idealized channel assumptions that may not hold in
practice for RSEs.

Other studies focus on channel-aware optimization and
theoretical error bounds. A codebook-based RIS configuration
method for user localization in RIS-assisted SISO networks
under RSE is proposed in [34], leveraging historical and real-
time channel data to jointly predict optimal RIS settings and
user position. The approach achieves up to 97.16% reduction
in localization error compared to random RIS configurations.
In [22] a gradient descent method is used to iteratively adjust
RIS reflection coefficients to minimize the Cramér-Rao lower
bound (CRLB) of the user location. In [31], the CRLB is de-
rived for near-field localization and orientation in RIS-assisted
systems using synchronous and asynchronous signaling, and
a closed-form RIS phase profile is proposed to maximize
SNR at the BS while accounting for spherical wavefronts.
Similarly, [35] investigates RIS-aided downlink positioning by
optimizing RIS elements to improve the Fisher Information
Matrix (FIM) rank, emphasizing the importance of directing
the reflected energy toward the user. In [36], a multi-RIS-
assisted millimeter positioning system is examined, where RIS
phase shifts are optimized using particle swarm optimization
to minimize the position and rotation error bounds. Chan-
nel estimation and user positioning in RIS-assisted MIMO-
frequency division multiplexing (OFDM) systems are stud-
ied in [25], which proposes four RIS training coefficient
designs—random, structured, grouping, and sparse—for im-
proved estimation followed by AOA-based positioning. These
studies demonstrate that CRLB-based formulations can pro-
vide strong theoretical guidance. Extensions such as Bayesian
FIM and robust Bayesian Cramér-Rao lower bound (BCRLB)
allow uncertainty in prior knowledge to be formally integrated,
for example, through prior distributions on channel or geom-
etry parameters [37]. Adaptive RIS beamforming strategies
that exploit the estimated location of the user and associated
uncertainty have been proposed in [38], although these designs
neglect scattering effects, which may limit their applicability
in dynamic RSEs.

Learning-based approaches for sequential beamforming and
RIS optimization have also been investigated. In [33] and
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[39], sequential beamforming for initial access in single-path
millimeter channels is addressed using a Deep Neural Network
(DNN) that maps the estimated AOA posterior distribution
to the next beamforming vector. This is extended in [40] to
multipath channel models settings using an LSTM model,
while [41] employs Gated Recurrent Units for the same task.
The LSTM in [40] is also applied to beam tracking, where
RIS is dynamically adjusted to follow user movement over
time [42]. A sequential RIS and BS beamforming design
is proposed in [43] for RIS-assisted localization in a SISO
network using LSTM, and extended to a multi-RIS multiple-
input-single-output (MISO) network in [29]. An LSTM-based
approach is also proposed in [30] to optimize user positioning
through adaptive RIS control and power allocation, enhancing
channel capacity. These methods highlight the potential of
data-driven solutions to exploit temporal correlation in user
mobility. However, these works do not address adaptive RIS
configuration design for user localization as a function of
previous measurements while accounting for the impact of
scattering in RSEs.

B. Main Contributions

In this study, we introduce a learning-based user local-
ization approach for a RIS-assisted RSE that dynamically
adjusts the RIS configuration based on sensing of scattering
in the environment, contributed by dynamic SOs, as well
as historical environmental measurements to improve accu-
racy. Unlike free-space localization [44], which relies on
ray-tracing techniques and AOA estimation, rich-scattering
conditions involve multiple reflections from various angles,
rendering conventional methods ineffective [13]. Instead, we
extract information about object location and movement from
scattered wave patterns by learning the correlation between
SOs positions and received field measurements. Our approach
leverages a data-driven optimization strategy to refine the
mapping from prior observations to future RIS configurations,
enabling accurate localization. In such environments, signal
propagation exhibits long-range dependencies due to scatter-
ing, which biLSTM effectively models through sequential data
processing. This enables the model to adapt to dynamic chan-
nel and RIS conditions while mitigating gradient vanishing
or explosion, ensuring robust performance [17]. At each time
step, a biLSTM cell processes current and past measurements
to update a hidden state that represents the environment. This
hidden state undergoes successive updates through multiple
layers until it effectively encodes the necessary information
for designing the next RIS configuration. After accumulating
sufficient measurements, the final cell state is passed through a
fully connected neural network, which generates the estimated
position of the user. The approach supports both moving SOs
and user scenarios, with RIS configurational diversity enabling
efficient sensing at a single frequency with minimal sensing
nodes. The main contributions of this work are as follows.

1) We propose an adaptive sensing-based localization ap-
proach for a distributed RIS-assisted SISO network in
RSE, where RIS configurations are dynamically designed
using prior measurements and sensed scattering in the

environment. The designed RIS configuration is used to
enable better user location estimates in terms of accuracy.

2) We employ a biLSTM model to map pilot signal re-
sponses, from user and RIS elements dedicated to en-
vironment sensing, to RIS configurations. The model
consists of two sequential networks: Bi-SEN (Scattering
Estimation Network) for scattering estimation, feeding
context into Bi-ARULN (Adaptive RIS-Assisted User
Localization Network) for RIS configuration design and
user localization. Additionally, Bayesian Optimization
(BO) is integrated for hyperparameter tuning [45]–[47]
to improve prediction accuracy by efficiently identifying
optimal model settings.

3) We extend the proposed approach to a MIMO network to
evaluate the impact of antenna array size at transceiver
nodes in dynamic RSE scenarios.

The proposed approach produces interpretable results, demon-
strating that the sequential design of the RIS configuration
progressively enhances the SNR of received pilots and im-
proves localization accuracy. Simulation results confirm that
the adaptive RIS configuration design in RSE via the devised
approach achieves lower localization errors than conventional
random configuration, non-adaptive pre-stored configuration
lookup based RIS designs, or adaptive designs not taking scat-
tering into account. When extended to a MIMO network, the
proposed learning-based adaptive approach delivers a higher
localization accuracy compared to the SISO network, demon-
strating the advantages of having multiple antenna nodes in
addition to RIS in RSEs.

C. Paper Organization and Notations

The remainder of the paper is organized as follows. The
system model and the formulation of the problem are presented
in Section II. Section III presents the architecture of the
devised approach. The results are presented in Section IV.
Conclusions are derived in Section V.

Notations: Scalars, vectors, and matrices are represented
in italic (e.g. a), lowercase bold letters (e.g. a), and capital
boldface letters (e.g. A), respectively. Furthermore, | · | denotes
the modulus, â denotes an estimate of a, diag(x) presents a
diagonal matrix with entries of x on diagonal. The real and
imaginary components of a complex number are represented
by ℜ(·) and ℑ(·), respectively. The expectation of a random
variable is denoted by E(·). The complex Gaussian distribution
with mean m and variance v is presented by C N (m,v).

II. SYSTEM MODEL AND PROBLEM FORMULATION

A. System Model

This paper considers the problem of localization in a dis-
tributed RIS-assisted enclosed indoor scenario, presenting a
RSE, where a user equipment U with NU antennas aims to
estimate its location u with the help of a BS equipped with
NBS antennas and uniform linear array of RIS strategically
placed on the periphery of the communication environment as
in Figure 1 (top view). To maintain tractability and relevance
to structured RSEs such as industrial or controlled indoor
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Fig. 1: Illustration of considered RSE, modeled in physics-
based end-to-end channel [10] as a many-wavelengths large
regularly shaped room (described by wavelength λ scale).
The RSE consists of NE dipoles whose locations are indicated
by black dipole fence and collections of clusters of colored
dipoles at various locations, inside the enclosure, presenting
SOs. The location of dipoles presented with black color
always stays the same, while the location of colored dipoles
is varied randomly, in each simulation realization, along their
fixed trajectories indicated by the dotted line. The locations
of the dynamic dipoles presenting SOs is shown in three
different colors for first three realizations (plum, orange, cyan
corresponding to each realization). The RSE is equipped with
NBS antenna BS (blue dipoles), a NU antenna user equipment
U (red dipoles), and a uniform linear array of distributed RIS
installation with NRIS elements (yellow dipoles) that partially
covers the four walls (black dipole fence) of the enclosure.
SRIS donates the subset of RIS elements (green dipoles) used
by the BS to estimate the SOs location status based on the
measurement of the wireless channel from SRIS.

settings, we assume that there are M SOs present in the envi-
ronment and each of them moves along its fixed trajectory. For
simplicity, the SOs positions are updated simultaneously, while
their movements remain independent along their respective
paths.

The distributed RIS installation configuration design is
managed by a RIS controller, which operates based on control
signals received from BS. It comprises of NRIS reflective
elements, each applying a tunable phase shift to the incident
signal. The configuration of these elements is represented by
the vector k ∈ C1×NRIS , where each entry satisfies the unit-
modulus constraint, i.e., |[k]n| = 1,∀n ∈ {1, . . . ,NRIS}. This
ensures that each element reflects the incoming wave with
a controllable phase shift δn ∈ [0,2π) while preserving its
amplitude. In addition, SRIS, a subset of RIS elements placed
at fixed locations, is specifically allocated for channel sensing
where the power splitting ratio is set to zero, resulting in no

Fig. 2: Distribution of HBS−U in the complex plane for a
SISO setup, shown over 100 random realizations of RIS
configurations k and SOs locations p (red), of p with fixed
k (green), and of k with fixed p (blue), simulated with
[10]. The SO positions are sampled uniformly along their
predefined trajectories (as shown in Figure 1), and RIS phase
configurations are sampled independently and uniformly from
the range [0,2π). Here, σ is the standard deviation of the
complex-valued HBS−U.

signal reflection [13], [14].
Electromagnetic waves undergo multiple reflections and

scatter off from walls. RIS and SOs, causing significant
signal scattering, while the movement of SOs further alters
propagation paths, creating a dynamic and complex fading
wireless communication environment [48]. The estimated lo-
cation status of M SOs, via SRIS, is represented by the vector
p ∈ R2M .

B. End-to-End Channel Modeling

We assume that the channel is constant within a coherence
period. In RSE, subtle, configuration-dependent fluctuations
in observed signal responses may occur due to fine-grained
environmental perturbations, e.g., slight SOs motion or mul-
tipath dynamics. These fluctuations are modeled as structured
fast-fading behavior in discrete time. This allows our model
to capture temporal dependencies across RIS configurations
for improved scattering and user location estimation. Let
HBS−U ∈ CNU×NBS represent the stochastic channel frequency
response at the user, encompassing both the LoS signals and
multipath components that interact with the RIS elements,
SOs, and the walls.

The influence of RIS configuration k and moving SOs
location p on statistical properties of the channel response
at the user, HBS-U, simulated with the physics-based end-
to-end channel model [10], is illustrated in Figure 2. It
shows the standard deviation σ of the complex-valued HBS-U
distribution when k, p, or both are varied independently. As
expected, when k and p are changed simultaneously, the
standard deviation increases. These observations underscore
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the significant parametric dependence of HBS-U on both k
and p. This renders simplified analytical models, typically
used in free-space scenarios, inadequate for RSE. In free-
space conditions, the channel HBS−U is typically modeled as
a linear cascade from the BS to the RIS and then to the user.
In contrast, RSE introduces complex multipath interactions
involving multiple RIS elements and dynamic SOs, making
the channel highly nonlinear and analytically intractable [48].

To address this, we simulate the RSE using a physics-
based end-to-end channel simulator specifically designed for
RIS-parameterized environments [10]. Based on the coupled-
dipole formalism, end-to-end channel models wireless entities
as dipole assemblies with configurable properties such as
resonance and absorption, enabling realistic simulation of
scattering effects and ensuring compliance with fundamental
electromagnetic principles.
As shown in Figure 1, end-to-end channel models SOs, walls,
RIS and transceiver surfaces as dipole arrays. Note that
N ≜ NBS +NU +NE +NRIS gives the total count of dipoles
within the system where NE dipoles constitute the RSE and
NRIS dipoles constitute the RIS. To simplify the analysis,
the model operates in a two-dimensional space, with dipoles
positioned in the x-y plane with their moments aligned along
the z-axis.

The channel frequency response at the user is given by

HBS−U = V [(NBS +1) : (NBS +NU),1 : NBS] , (1)

where
V ≜ diag

([
α−1

1 ,α−1
2 , . . . ,α−1

N
])

W−1, (2)

and α−1
i is the inverse frequency-dependent polarizability of

the ith dipole. The ith diagonal element of N ×N complex-
valued matrix W represents the inverse polarizability α−1

i ( f )
of the ith dipole. The polarizability αi( f ) of the ith dipole is
given by

αi( f ) =
χ2

i

4π2 f 2
res,i −4π2 f 2 + j(γR

i +2π f ΓL
i )
, (3)

where χ2
i represents a charge-related term functioning as an

amplitude factor for αi( f ). The parameter fres,i denotes the
resonance frequency, while γR

i accounts for intrinsic radiation
damping. Additionally, ΓL

i ≥ 0 corresponds to the absorptive
damping term.

The off-diagonal entry in W at position (i, j) is given
by −Gi j( f ), which corresponds to the negative of the two-
dimensional free-space Green’s function describing the inter-
action between the ith and jth dipoles at the positions ri and
r j, given by

Gi j(ri,r j, f )≜− j
k2

4εδ
H(2)

0 (k|ri − r j|) . (4)

where H(2)
0 (·) denotes a Hankel function of the second kind.

The channel response from the end-to-end channel modeling
accurately incorporates aspects such as space-time causality,
frequency-selective dispersion, phase-amplitude coupling of
RIS elements, mutual coupling effects, and long-range meso-
scopic correlations, providing a realistic depiction of wave
propagation in complex scattering environments.

C. Signal Transmission and Reception

Assuming a narrowband system model, the BS transmits a
sequence of T known pilot symbols x(t) ∈ CNBS×1 to the user
over T time frames when a localization request is initiated. The
received signal y(t) ∈CNU×1 at the user includes contributions
from the direct path, if available, and multipath components
reflected by the RIS and scattering environment. We assume
that the BS receives the user’s responses through a low-
rate feedback link, enabling centralized inference for RIS
configuration and localization. The input-output relationship
is given by:

y(t) = H(t)
BS−Ux(t)+w(t), t ∈ Z (5)

where w(t) ∼ C N (0,σ2) is additive Gaussian noise.
In parallel, the BS uses SRIS dedicated RIS elements set

to sense the environment by observing the channel HBS−S ∈
CSRIS×NBS , between BS and SRIS with observations y(t)s =

H(t)
BS−Sx(t) +w(t), t ∈ Z. This sensing enables inference of

the scattering object (SO) location status p at an instant
t, providing an estimate of the scattering in RSE without
requiring cooperation from the user.

Unlike conventional methods that rely on random RIS
configurations, this paper aims to adaptively optimize the RIS
configuration k to improve user localization accuracy in RSE.
The proposed approach assumes a centralized architecture
in which the BS coordinates the scattering estimation, RIS
configuration updates and user localization.

D. Localization in RSE

The goal of the localization task is to estimate the unknown
position of the user u from T received observations [y(t)]T−1

t=0 ,
given the known positions of the BS and RIS and predicted
SOs location. The SOs location status p is inferred from RIS
sensing signals [y(τ)s ]tτ=0 collected by SRIS elements, to account
for environmental scattering in the RSE. In this setting, RIS
serves as a cost-effective source of directional information,
acting as a set of virtual anchors through its dense and
distributed reflective elements. Although RIS cannot transmit
or receive directly, it aids in localization by dynamically
adjusting its configuration to induce observable variations in
the received signal.

Previous studies suggest that strategically selecting RIS
configurations in RSE can improve the localization accuracy
by shaping the received signal distribution to make nearby
spatial samples yield more distinguishable observations [15],
[34], [49]. However, most studies rely on fixed configurations
that remain unchanged during operation, using predetermined
beams to scan the search area at set angles. In contrast,
this paper introduces an adaptive sensing-based approach that
sequentially refines the search space by dynamically updating
RIS configurations based on received pilot signals and sensed
environmental changes, thus improving the accuracy of local-
ization.

RIS operation in RSE involves two key stages: sensing
the environment to gain context awareness and identifying
the optimal configurations to support user localization. This
process requires offline training tailored to the specific RSE
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and online inference during deployment. Sensing focuses on
estimating the SOs state from field measurements, enabling
informed configuration design for the subsequent localization
process.

In a RSE, the observed field at any point results from the
superposition of multipath signals, with variations introduced
by dynamic SOs depending on their location p. The channel
response HBS−U reflects the combined effects of the RIS
configurations and SOs interactions on the transmitted pilot
signal, while HBS−S captures information used to infer p.
A sequence of such measurements forms a unique wave
fingerprint that enables user localization.

To adapt to temporal variations in scattering, the SOs
location p̂(t) at time t is estimated as a function of the pilot
signals sensed at SRIS,

p̂(t) = G(t)([y(τ)s ]tτ=0]), (6)

where G(t)(·) : Ct+1 → R2M represents mapping from previ-
ously sensed pilots to the estimated SOs location. Here, τ
accounts for previous time steps up to the current time t.

Using the estimate in (6) and the user’s prior received
observations, i.e., [y(τ)]tτ=0, the BS determines the next set
of k RIS configurations, denoted as k(t+1), at time t. The RIS
configuration vector at the (t +1)-th stage is expressed as

k(t+1) = F(t)
(
[y(τ)]tτ=0, p̂

(t)
)
, (7)

where F(t) : Ct+1 × R2M → C1×NRIS defines the mapping
from the previously received pilot signals and estimated SOs
location to the next RIS configuration. The updated RIS
configuration is then used to generate the next measurement
y(t+1) in time frame (t + 1). For initialization at t < 0, there
are no prior observations. Here, the function F(−1)( /0) takes
an empty input set and provides a fixed default initial RIS
configurations k(0).

After collecting all T pilot signals, the estimated user
location û(T ) is obtained as a function of all past observations
at the user and environment sensing:

û(T ) = Q
(
[y(t)]T−1

t=0 , p̂(t)
)
, (8)

where Q : CT ×R2M → R2 maps the collected pilot signals
and the estimated scattering to the estimated two-dimensional
user location.

The general objective is to minimize localization error by
jointly optimizing {G(t)}T−1

t=0 in (6), {F(t)}T−1
t=0 in (7) and Q in

(8), under the following constraints:

min
{G(t)(·),F(t)(·)}T−1

t=0 ,Q(·)

√
E
[
∥û(T )−u∥2

]
(9a)

subject to p̂(t) = G(t)([y(τ)s ]tτ=0) (9b)

k(t+1) = F(t)
(
[y(τ)]tτ=0, p̂

(t)
)
, (9c)

û(T ) = Q
(
[y(t)]T−1

t=0 , p̂(t)
)
. (9d)

∣∣∣
[
k(t+1)

]
n

∣∣∣= 1, ∀n ∈ NRIS, t. (9e)

The solution of the optimization problem in (9) is challeng-
ing due to the joint estimation of scattering {G(t)}T−1

t=0 , the

RIS configuration design {F(t)(·)}T−1
t=0 and user localization

Q(·). To simplify the problem, a common approach is to
use codebooks to select RIS configurations heuristically. For
example, [21] addresses RIS-aided localization in free space
by employing a hierarchical codebook to adaptively scan the
space. While codebooks are appealing due to their low control
overhead and hardware feasibility, such strategies inherently
limit design flexibility by restricting RIS configurations to
a discrete predefined set, which cannot fully adapt to the
dynamic nature of RSE, thereby constraining localization
accuracy.

In this paper, we directly optimize (9) using a neural
network to parameterize the functions G(t)(·), F(t)(·) and Q(·).
This enables scalable adaptation to rich scattering conditions
while maintaining localization accuracy and computational
efficiency. As demonstrated in Section IV, our learning-based
strategy significantly outperforms codebook-based designs in
dynamic RSE environments.

III. PROPOSED ADAPTIVE BILSTM BASED LOCALIZATION
APPROACH

We present a deep learning-based adaptive RIS configu-
ration approach to address the localization problem in (9),
without relying on a predefined geometric channel model or
restricting the design space to a fixed codebook. At each
time step t, the RIS configuration k(t+1) is determined based
on prior user observations [y(τ)]tτ=0 and the estimated SO
status p(t). A core challenge is the linear accumulation of
measurements over time, making it computationally expensive
to process them when optimizing RIS configurations for large
t. To maintain scalability, the neural network must condense
past observations into a compact fixed-dimensional informa-
tion vector.

To this end, we employ a biLSTM model that captures
temporal dependencies and efficiently encodes sequential mea-
surements. Unlike conventional approaches that adapt RIS
configurations solely based on user pilot signals, the proposed
method introduces a two-stage deep learning model:

1) Scattering Estimation Network (Bi-SEN): Estimates dy-
namic SOs positions at time t using sensing observations
at SRIS, characterizing the current scattering in RSE.

2) Adaptive RIS-Assisted User Localization Network (Bi-
ARULN): Designs the RIS configurations for the time
slot (t +1) based on the estimated scattering via Bi-SEN
and pilot received at the user at t, with the objective of
localizing the user at final time T .

By leveraging a bidirectional recurrent neural network, the
proposed approach captures dependencies from both past
and future contexts, improving scattering estimation and RIS
adaptation for user localization.

A. Bayesian Optimization Based Hyperparameter Tuning

We employ BO to fine-tune the hyperparameters of the
Bi-SEN and Bi-ARULN models prior to training, efficiently
identifying optimal settings for the number of BiLSTM layers
NL, hidden state dimension ds, learning rate η and batch
size B. This optimally balances computational efficiency and
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localization accuracy. BO models the relationship between
hyperparameters and validation loss using a Gaussian Process
(GP) regression model,

Lval(NL,ds,η ,B)∼ GP(µ(Θ),k(Θ,Θ′)) (10)

where Lval is the validation loss, µ(Θ) is the mean function
and k(Θ,Θ′) is the covariance kernel function measuring the
similarity between hyperparameter sets Θ = (NL,ds,η ,B).

To explore promising hyperparameter configurations, BO
uses the Expected Improvement (EI) acquisition function,

αEI(Θ) = E[max(0,Lmin −Lval(Θ))]. (11)

where, Lmin denotes the best validation loss observed among
all previously evaluated hyperparameter configurations. The
next set of hyperparameters is selected as

Θ∗ = argmax
Θ

αEI(Θ). (12)

This process enables effective hyperparameter tuning of
both models while minimizing overall computational over-
head.

B. Neural Network Architecture

The network architecture is illustrated in Figure 3. The
proposed BiLSTM-based localization model comprises two
sequential networks-a Bi-SEN and Bi-ARULN. Both networks
incorporate fully connected layers for feature extraction and
BiLSTM layers for processing sequential data across multiple
sensing frames.

1) Bi-SEN Network: At each time step t, a biLSTM cell
updates its forward- and backward hidden states, s(t)p, f and s

(t)
p,b,

and forward- and backward cell states c
(t)
p, f and c

(t)
p,b, based on

the newly received input f(t)p . The input vector is formed by
concatenating the magnitude and phase of the sensed signal,
i.e., f(t)p = [|y(t)s |,∠y(t)s ].

The updates for the forward and backward cell states and
hidden states are given by

c
(t)
p, f = f

(t)
p, f ◦c

(t−1)
p, f + i

(t)
p, f ◦ tanh(ucp(f

(t)
p )+rcp(s

(t−1)
p, f ,s

(t+1)
p,b )),

(13a)

s
(t)
p, f = o

(t)
p, f ◦ tanh(c(t)p, f ), (13b)

c
(t)
p,b = f

(t)
p,b ◦c

(t+1)
p,b + i

(t)
p,b ◦ tanh(ucp(f

(t)
p )+rcp(s

(t−1)
p, f ,s

(t+1)
p,b )),

(13c)

s
(t)
p,b = o

(t)
p,b ◦ tanh(c(t)p,b), (13d)

where ucp(·) and rcp(·) are fully connected linear layers, and
f
(t)
p,. , i

(t)
p,., and o

(t)
p,. represent the forget, input, and output gate

activation vectors, respectively. The element-wise updates for
these gates are defined as

f
(t)
p, f = σs(up, f (f

(t)
p )+rp, f (s

(t−1)
p, f )), (14a)

i
(t)
p, f = σs(up,i(f

(t)
p )+rp,i(s

(t−1)
p, f )), (14b)

o
(t)
p, f = σs(up,o(f

(t)
p )+rp,o(s

(t−1)
p, f )), (14c)

where the element-wise sigmoid function is σ(x) = 1
1+e−x . The

parameters up, f ,up,i,up,o,rp, f ,rp,i,rp,o are trainable linear

layers in the network. The backward states update follows the
similar structure to ensure bidirectional processing.

The final estimated SOs positions are computed via a fully
connected network output layer

p̂(t) = ℓp([c
(t)
p, f ;c(t)p,b]), (15)

where ℓp(·) is a trainable fully connected network. The esti-
mate in (15) corresponds to the criterion in (9b).

2) Bi-ARULN Network: A biLSTM cell processes newly
received input to update its forward and backward hidden
states, denoted as s

(t)
u, f and s

(t)
u,b, along with the corresponding

cell states c(t)u, f and c
(t)
u,b. The input vector at time t, f(t)u , consists

of the magnitude and phase of the pilots received at the user,
and the estimated p̂(t), given by f(t)u = [|y(t)|,∠y(t), p̂(t)]. The
update equations for the forward and backward cells, hidden
states, and their respective gates are as in (13) and (14).

The final hidden state at time t is obtained by concatenating
the forward and backward hidden states,

su(t) = [su, f (t);su,b(t)]. (16)

The hidden state vector su(t) is used as input to a fully
connected neural network with Ln layers to derive the next
RIS configurations at an instant t + 1. The transformation is
performed as

γ(t)= βLn (WLnβLn−1 (. . .β1 (W1su(t)+b1) . . .)+bLn) , (17)

where βl is the activation function for the l-th layer, set as
ReLU(x) = max(0,x) where l ∈ {1, . . . ,Ln}. The parameters
Wl and bl are trainable weights and biases.

The (Ln +1)-th layer outputs the real-valued vector

k̄(t+1) = ẆLn+1γ(t)+ ḃLn+1. (18)

Here, k̄(t+1) represents the sequence of real and imaginary
components of the RIS configuration vector. The trainable
weight and bias matrices, ẆLn+1, ḃLn+1, are structured to
maintain the appropriate output dimensions such that k̄(t+1) ∈
R2NRIS , producing NRIS complex-valued entries. To ensure that
each element of the RIS configuration vector satisfies the unit-
modulus constraint, it undergoes element-wise normalization:

[k(t+1)]n =
[ℜ(k̄(t+1))]n√

[ℜ(k̄(t+1))]2n +[ℑ(k̄(t+1))]2n

+ j
[ℑ(k̄(t+1))]n√

[ℜ(k̄(t+1))]2n +ℑ[(k̄(t+1))]2n
,

(19)

Design in (19) corresponds to the criterion in (9c) and (9e),
respectively.

The final estimated UE position is obtained in the time
frame T as

û(T ) = ℓu([c
(T )
u, f ;c(T )u,b ]), (20)

where ℓu(·) is a fully connected network that processes the
concatenated forward and backward cell states to obtain the
final position estimate as in (9d).
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Bi-SEN Bi-ARULN
Environment layer

neural network

Bi-SEN Bi-ARULN
Environment

 layer
neural network

Bi-SEN Bi-ARULN

Fig. 3: Proposed adaptive localization approach for RIS-assisted RSE. At each time step t ∈ [0,T −1], sensed signals from SRIS

is fed as input feature set f(t)p = [|y(t)s |,∠y(t)s ] to Bi-SEN to estimate SOs locations p̂(t), corresponding to (9b). The feature set
f(t)u = [|y(t)|,∠y(t), p̂(t)] is input to Bi-ARULN, which predicts the next RIS configuration k(t+1), corresponding to (9c) and (9e).
The designed configuration k(t+1) is used to make next received pilot measurements y(t+1)

s and y(t+1) in (t +1)-th time frame.
After all the pilot measurements have been received, user location û(T ) is estimated at the T -th time frame via a feedforward
prediction layer, as a function of all T historical measurements, corresponding to (9d).

C. Loss Function

The overall BiLSTM model is trained using the Adam op-
timizer [50] to minimize the root mean squared error (RMSE)
loss between the true and estimated user location. The loss
for user localization in Bi-ARULN, corresponding to (9a), is
defined as √

E
[
∥û(T )−u∥2

]
. (21)

To account for scattering estimation loss, the cumulative
RMSE loss in localizing M SOs with Bi-SEN at each stage is
given by √

E
[
∥p̂(t)−p∥2

]
. (22)

These losses guide the model to accurately estimate location
of the user and adapt to environmental changes by learning
a sequence of optimal RIS configurations. The loss function
in (21) encourages the model to design a sequence of T
RIS configurations that minimize the localization error in the
final stage. After training, the network generalizes across the
deployment area and dynamically generates RIS configuration

vectors based on the recurring received signals for any user
and SRIS, regardless of the location of the user within the
coverage area. Notably, the loss function for the location of
the user focuses solely on the estimation error in the final
stage T . This is good since it gives the network the freedom
to design the RIS configuration strategy at all T measurement
stages.

IV. NUMERICAL RESULTS

A. Simulation Setup

The simulation parameters are summarized in Table I. We
consider two scenarios in the experiments, SISO and MIMO
to account for the impact of the antenna array at transceiver
nodes in addition to RIS in RSE. As shown in Figure 1, the
location of BS is fixed and the distributed RIS is installed at
known locations. The unknown user locations u are uniformly
distributed on the x-y plane within the simulated enclosed
area, arranged on a regular grid with λ/2 spacing and a
known, fixed orientation. The pilot signal x(t) is a known
deterministic scalar fixed to unity. The M SOs trajectories
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TABLE I: Numerical Results Parameters

Label Dimension
Simulation Parameters

M 4
NBS {1,4}
NU {1,4}

NRIS 20,60,100
Transceivers dipole parameters fres = 1, χ = 0.5, ΓL = 0

Transceivers dipole spacing λ/2
Environment and SOs dipole parameters fres = 10, χ = 50, ΓL = 104

Environment and SOs dipole spacing λ/4
RIS dipole parameters fres ∈ {0.8,1.2},

χ = 0.2,ΓL = 0.03
RIS dipole spacing λ/2

Parameters of the biLSTM Network
B [32,64,128]

NL [2,4,6]
ds [25,35,45]
η [0.001,0.01,0.005,0.05]

Maximum epochs 200
Ln 4

are predefined a priori such that each SOs starts at a known
initial position and moves along a path with deterministic steps
of maximum size λ/4, with random Gaussian offset in di-
rection, ∆θ ∼ N (0,σ2

θ ), σθ = 0.052 radians, and position,
∆p ∼ N (0,σ2

p), σp = λ/20, at each step. The positions of
the central dipoles in each SOs cluster are tracked in each
simulation realization. The same base trajectories are used in
training and testing, with independently sampled perturbations
producing different realized paths. The tunable dipole param-
eters for transceivers, environment (including SOs), and RIS
namely the resonance frequency ( fres), the charge term (χ) and
the absorptive damping term (ΓL), are configured as in Table I
[10].

B. Proposed Approach and Baseline Approaches

The proposed biLSTM approach for adaptive RIS config-
uration design via sensing of RSE for user localization is
implemented using the parameters described in Table I, which
are optimized using BO. For training, the network is trained
on 1,806,000 samples over 200 epochs. The training data
for Bi-SEN comprises of channel response measurements at
SRIS and for Bi-ARULN channel response measurements at
the user alongside the outputs of Bi-SEN. We need channel
responses to generate the received pilots. These measurements
are generated by moving SOs across arbitrary user locations
in the simulation. The training labels for Bi-SEN are of
dimension 2M which includes the two-dimensional true SOs
locations, whereas the labels for Bi-ARULN correspond to the
two-dimensional true user locations. We partitioned the dataset
into 70% for training, 15% for validation, and 15% for testing.
Once the BiLSTM model is trained, it autonomously deter-
mines a sequence of RIS configurations utilizing recurring
sequential scattering estimation and user received pilot mea-
surements, enabling accurate localization of any user within
the coverage area. We evaluated the localization accuracy
of our proposed approach in comparison with the following
baseline approaches.

1) Random RIS Configurations: The sequence of RIS config-
urations at each time instant are randomly chosen and do

Fig. 4: RMSE loss curves for proposed and baseline ap-
proaches for 200 evaluation epochs.

not adapt dynamically based on sensing of the scattering
in RSE. Randomness in configurations introduces diver-
sity in the observed signals, which is leveraged during
training. A DNN with dimensions [200, 200, 200, 2]
is used to map the magnitude and phase of the user
response received over T time frames, [y(t)]T−1

t=0 to predict
the location of the user by minimizing the loss in (21).

2) Codebook based Approach: This employs a codebook-
based RIS configuration design such that a BiLSTM
model is trained to learn optimal RIS configurations
corresponding to various SOs states, as in [34]. During
inference, the BS estimates the current environment and
selects the closest RIS configuration from the precom-
puted codebook to optimize the accuracy of the user
localization quantized by the loss in (21).

3) DNN based Scattering Estimation: Here, we use Bi-
ARULN for user localization, but replace the sequential
modeling of Bi-SEN with a DNN with dimensions [200,
200, 200, 2M] to estimate SOs location from the sensed
signals [y(t)s ]T−1

t=0 at SRIS.
4) Bi-ARULN only: This model uses Bi-ARULN for user

localization and RIS configuration design, but does not
take into account scattering in the environment, according
to [29], [43].

All baseline models have been evaluated for the MIMO setting,
while the proposed approach is tested in both SISO and MIMO
scenarios.

C. Results
The results in Figure 4 show the user localization RMSE

loss curves for various approaches, demonstrating fast conver-
gence across all methods. The loss function exhibits a rapid
decline within the first 25 epochs, indicating efficient learning
and adaptation of model parameters. The loss stabilizes near
zero after epoch 50, indicating effective training with no signs
of overfitting or divergence. Smooth convergence confirms that
the models generalize well and that the training process was
efficiently optimized.
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Fig. 5: RMSE of user localization versus NRIS, for T = 21 and
SNR = -20 dB.

To evaluate the performance of the developed approach
against the benchmarks, we first examine the effect of RIS
size NRIS on localization accuracy, as shown in Figure 5.
The results show that increasing NRIS, consistently reduces
RMSE across all approaches, confirming the benefit of large
RIS sizes on localization performance in dynamic RSE. This
performance gain is expected, as a larger RIS provides more
spatial information. The proposed approach achieves the low-
est RMSE across all RIS sizes, indicating its effectiveness in
adaptively optimizing RIS configurations for accurate localiza-
tion compared to the baseline approaches. In particular, there is
a 79% reduction in RMSE as NRIS increases from 20 to 100
for the MIMO network, and a 76% reduction for the SISO
network. The MIMO network consistently outperforms SISO
due to its greater spatial diversity. All other methods show
meaningful but relatively smaller drops, that is, below 70%,
in error. The proposed biLSTM approach remains scalable
across various RIS sizes. Adapting the localization process for
different RIS dimensions requires only a minor modification
in the architecture of the neural network, specifically, by
modifying the output size of the neural network in the (L+1)
layer following the biLSTM cells. The findings emphasize the
importance of the adaptive RIS design in RIS-assisted and
dynamic RSE. It is also observed that incorporating antenna
array at the transceiver nodes further enhances the localization
accuracy due to increased spatial diversity.

Next, we examine cumulative distribution function (CDF)
of the user localization error from (21) for the proposed and
benchmark approaches, as shown in Figure 6. The proposed
adaptive BiLSTM approach exhibits the most favorable dis-
tribution, with most localization errors concentrated at lower
RMSE values, indicating high accuracy and reliability. The
codebook-based approach and DNN-based scattering estima-
tion follow closely, demonstrating relatively good performance
but with slightly higher RMSE variability. In contrast, the bi-
ARULN method and random RIS configuration show notably
poorer performance. Their CDF curves rising more gradually

Fig. 6: CDF of proposed and baseline approaches versus
RMSE of user localization for NRIS = 100, T = 21 and SNR
= 30 dB.

Fig. 7: RMSE of user localization versus the SNR for NRIS =
100 and T = 21.

indicate higher and more variable errors. The random RIS
configuration, in particular, exhibits the worst performance,
with a large fraction of instances experiencing high RMSE
values. These results confirm that adaptive, learning-based
RIS configuration approaches offer substantial improvements
in localization accuracy, while non-adaptive approaches or
adaptive approaches not taking scattering into account suffer
from greater uncertainty in dynamic RSE.

We now examine the user localization performance against
the SNR, i.e., SNRdB = 10log10

(
PBSE

[
||HBS−U ||2

]
/σ2

)
in

Figure 7, which plots the accuracy of the user localization
versus SNR, where PBS is BS transmit power. The results in-
dicate that increasing SNR significantly improves the accuracy
of the localization in all approaches, with varying degrees of
effectiveness. The proposed approach consistently outperforms
other benchmark approaches with nonadaptive designs or ones
that do not take into account the scattering in RSE. This
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Fig. 8: Scattering Estimation RMSE from (22) versus T for
SNR = 30dB.

demonstrates its superior ability to refine RIS configurations
using historical and current channel observations, ensuring its
adaptive nature against other approaches. Both the SISO and
MIMO networks in the proposed approach exhibit a consistent
improvement with increasing SNR. MIMO generally outper-
forms SISO due to spatial diversity, particularly evident at low
SNRs where robustness is critical. The narrow gap between
SISO and MIMO performance at the lowest and highest SNR
values likely reflects regimes where the estimator is dominated
by noise at low SNR or by model and system limitations at
high SNR. In both extremes, additional antennas provide little
exploitable spatial information, and the benefits of MIMO
become visible mainly in the mid-SNR range where spatial
features can be effectively resolved.

The codebook-based approach, which utilizes pre-learned
RIS configurations, shows moderate performance since it
has limited adaptability to varying propagation environments,
especially at lower SNR. The DNN based scattering esti-
mation approach performs worse than the codebook based
and proposed approach, but better than a method not taking
scattering into account or with random RIS configuration. It
shows a consistent drop with increasing SNR. This is because
DNNs can effectively model complex channel behaviors and
compensate for non-ideal conditions in RSE. However, it does
not fully capture sequential dependencies as efficiently as
the biLSTM-based method. The Bi-ARULN only approach
performs worse than deep learning-based approaches, mainly
because it cannot effectively handle the scattering effects
introduced by dynamic SOs in RSE, even at higher SNR.

The random RIS configuration is not optimized for system
requirements, leading to ineffective signal enhancement and
poor localization accuracy such that its performance is largely
insensitive to SNR changes. This underscores the necessity of
accurate scattering estimation and well-designed adaptive RIS
settings for improved localization. In general, the results high-
light the superiority of adaptive learning-based approaches and
the pivotal role of optimized RIS configurations in achieving
high-precision user localization in RIS-assisted RSE.

Fig. 9: RMSE of user localization versus T for NRIS = 100
and SNR = 30 dB.

In Figure 8 we study the scattering estimation error in
(22), accounting for cumulative RMSE in estimating M SOs,
as a function of the number of time frames that is used
for designing RIS configuration and estimating user location,
highlighting the performance of different estimation tech-
niques. The proposed Bi-SEN approach, for both MIMO
and SISO networks, outperforms the baseline by effectively
leveraging sequential modeling for scattering estimation. As
T increases, both the MIMO and SISO networks exhibit a
significant reduction in RMSE, with MIMO achieving the
lowest error due to enhanced spatial diversity and limited
movement of SOs along their trajectories, which allows the
Bi-SEN to leverage temporal correlations effectively. In con-
trast, the DNN-based scattering estimation approach, shows
consistently higher RMSE across all values of T , as it lacks
temporal modeling and thus fails to capture long-term scat-
tering dependencies. Although its performance improves as
T increases, it remains inferior to the biLSTM-based Bi-
SEN approach. In general, the performance gap between BiL-
STM and DNN-based approaches highlights the importance
of leveraging recurrent architectures for dynamic scattering
estimation, reinforcing the benefit of adaptive, sequence-based
learning in RIS-assisted localization in dynamic RSE.

Next, we examine the user localization error against varying
time frames in Figure 9. We observe that the devised approach
performs consistently better than the benchmark approaches
with the MIMO network giving slightly better performance
than the SISO network. To demonstrate, observe that the
devised approach with MIMO network at 6 time frames
achieves a localization error of approximately 2.5λ , which is
comparable to or better than the error achieved by benchmark
approaches at or after 12 time frames. This demonstrates a
twofold reduction in the number of observations required to
reach the same accuracy level. The performance gap is most
pronounced at lower frame counts, highlighting the efficiency
of the proposed method in rapidly extracting useful features
from limited temporal information. In particular, the advan-
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Fig. 10: RMSE of user localization versus time frames t up to
the last time frame T = 9 for NRIS = 100 and SNR = 30 dB.

tage of requiring fewer time frames translates into reduced
localization latency. Although the gap narrows somewhat as
the number of frames increases, the devised approach con-
sistently maintains a margin over all benchmarks, indicating
robustness across different operating conditions. The role of
MIMO is also evident, as the richer spatial diversity in the
MIMO network allows more reliable feature extraction, thus
accelerating convergence to low-error regimes. This suggests
that combining the proposed method with multi-antenna net-
work configurations can further reduce latency and improve
performance in practical deployments. From an application
standpoint, these results imply that high localization accuracy
can be achieved with fewer observations, which may lead to
reduced latency, lower energy consumption, and diminished
signaling overhead in comparison to the baselines. Such char-
acteristics are particularly advantageous in power-limited or
bandwidth-constrained scenarios, as well as in highly dynamic
RSEs where long observation windows are impractical due to
user or environmental mobility.

We next plot the user localization RMSE as a function
of the time stages t ≤ T in Figure 10. To observe the
RMSE at t < T , the localization process must be terminated
before reaching the final stage T . In this case, the biLSTM
network should still provide reliable position estimates at
earlier stages of RIS configuration design and environment
sensing. However, the loss function in (21) does not explicitly
account for this requirement. To address this issue, we employ
a weighted RMSE loss, defined as

√
E[∑T

t=1 αt∥û(t)−u∥2],

where û(t) = ℓu([c
(t)
u, f ,c

(t)
u,b]), and the weights satisfy ∑T

t=1 αt =
1. By assigning higher weights to earlier stages, the network
is encouraged to reduce localization error even when early
termination occurs.
The results in Figure 10 illustrate that RMSE consistently de-
creases as t increases, showing that each method progressively
refines the RIS configuration with additional pilot observa-
tions. The proposed adaptive BiLSTM approach achieves the
most significant improvements, consistent with the ability of

recurrent models to capture and exploit temporal dependencies
in the scattering environment. The use of multiple transceiver
antennas provides richer information on the scattering geome-
try, thereby accelerating error reduction. In contrast, the DNN-
based scattering estimator lacks explicit temporal memory and
treats each frame independently, limiting its ability to exploit
correlations over time. This explains its inferior performance
relative to the BiLSTM-based methods, which effectively
integrate information over multiple stages.
The codebook-based approach performs moderately well, but
is constrained by quantized RIS states. While it benefits from
improved selections as the environment estimate stabilizes, its
performance ceiling is ultimately dictated by the codebook
resolution. Thus, although codebook-based methods are at-
tractive for their simplicity, they cannot match the continuous
adaptivity and robustness of recurrent approaches in RSE. The
adaptive Bi-ARULN-only method relies solely on user-side
signals without modeling scattering in the RSE, thus limiting
its ability to design configurations suitable for environmental
conditions. The random configuration strategy provides mea-
surement diversity, but lacks directed adaptation, resulting in
slow convergence and the highest error.
A general trend across all methods is that performance gaps
widen with t. The early stages capture only coarse infor-
mation, whereas the later stages refine both the environment
representation and the RIS design. This allows adaptive meth-
ods to accelerate improvements, while non-adaptive methods
provide only limited gains. In the final stage, the proposed
adaptive biLSTM with MIMO converges to the lowest error,
demonstrating stable tracking of the SOs and robust RIS
configuration design in the considered RSE.
From a practical standpoint, if the system is subject to stringent
latency or pilot constraints, the proposed BiLSTM with MIMO
should be prioritized where hardware resources allow, while
the SISO variant offers an alternative with lower complexity.
For applications requiring early termination, training with a
weighted early-stage loss is particularly valuable, as it drives
the network to place the RIS in informative states earlier,
reducing RMSE even at small t.

V. CONCLUSION

This paper presents a learning-based localization approach
for RIS-assisted RSE to adaptively design the RIS configu-
ration for accurate user localization by taking into account
scattering in the environment. By leveraging RIS-assisted
sensing and sequential measurement history, our proposed
biLSTM-based model adaptively configures RIS elements to
minimize user localization error. The integration of Bi-SEN
for scattering estimation and Bi-ARULN for RIS configuration
design allows the system to maintain context awareness and
adaptively design RIS configuration for user localization. Sim-
ulation results validate that the proposed approach outperforms
fixed-codebook, random, and adaptive designs that do not take
scattering into account across varying RIS sizes and SNR
conditions. The proposed approach also generalizes well to
both SISO and MIMO networks. Given the reciprocity of
the underlying channel model, the proposed approach can
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also be applied in an uplink configuration without modifying
the core learning method. Future work may explore analyt-
ical benchmarking of the proposed solution, and quantizing
the adaptive configuration space to enable deployment under
practical bandwidth and storage constraints. Moreover, the
extension of the proposed approach to the estimation of user
orientation in addition to location and unstructured RSEs with
unknown or varying numbers of SOs and their mobility and
different RIS deployment strategies may also be investigated.
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Integrated Sensing, User Location and Orientation
Estimation in RIS-Assisted Dynamic Rich

Scattering Environment
Anum Umer, Ivo Müürsepp, Member, IEEE, Muhammad Mahtab Alam, Senior Member, IEEE

Abstract—This paper investigates uplink user equipment (UE)
location and orientation estimation in an indoor rich-scattering
environment (RSE) for a multiple-input multiple-output (MIMO),
reconfigurable intelligent surface (RIS)-assisted system, where
the uplink pilot undergoes repeated interactions with the RIS
and with non-cooperative, dynamic scattering objects (SOs). We
propose an adaptive design in which the base station (BS) senses
the environment through a dedicated subset of RIS elements
and sequentially designs the RIS configuration and the BS
and UE beamforming vectors over the pilot sequence. A two-
stage bidirectional long short-term memory (biLSTM) network
realizes this design, first estimating the SOs positions and then,
conditioned on this estimate, the UE position and orientation.
As an analytical benchmark, we derive a conditional Bayesian
Cramér-Rao lower bound (BCRLB) based design that treats
the SOs positions as nuisance parameters. The approach is
evaluated under diverse RSE conditions against this benchmark,
a beamforming-free baseline, and an adaptive design without
scattering estimation. Simulation results show that the proposed
approach consistently attains lower localization and orientation
error than the considered baselines across the evaluated SNR
range, number of time frames, and RIS deployment configu-
rations, and that the localization error decreases significantly
relative to the beamforming-free design, confirming the benefit
of sensing the scattering for accurate localization in dynamic
RSEs.

Index Terms—reconfigurable intelligent surfaces (RIS), local-
ization, long-short term memory, sensing, channel estimation,
rich scattering, dynamic wireless environment.

I. INTRODUCTION

Achieving reliable localization in rich-scattering environ-
ments (RSEs) dominated by dense multipath and rapid changes
has become increasingly important as many modern appli-
cations depend on precise and resilient positioning [1], [2].
Conventional approaches often fail in such settings, especially
indoors, where infrastructure constraints and rich scattering
further complicate signal behavior. The need is amplified in
emerging 6G networks that span microwave through tera-
hertz and optical bands, where indoor environments exhibit
strong scattering [3]. The user equipment (UE) localization is
particularly challenging in narrowband indoor RSEs, where

A. Umer, I. Müürsepp, and M. M. Alam are with Thomas Johann See-
beck Department of Electronics, Tallinn University of Technology, 19086
Tallinn, Estonia. (e-mail: anum.umer@taltech.ee, ivo.muursepp@taltech.ee,
muhammad.alam@taltech.ee). This project has received funding from the
European Union’s Horizon Europe Research Program under grant agreement
No. 101058505 - 5G-TIMBER, and from the Estonian Education and Youth
Board ÕÜF11 ÄIoT*5G - Artificial intelligence, edge computing and IoT
solutions in distributed systems.

the UE pilot signal is reflected by discrete, mobile, non-
cooperative objects and reaches the base station (BS) through
multiple paths after several reflections. Thus, the overlapping
propagation components, with different amplitudes and phases,
are hard to distinguish from one another.

This paper explores the role of reconfigurable intelligent
surfaces (RIS) as an affordable substitute for large antenna
arrays for localizing the UE in RSEs. RIS use numerous
passive low power elements to tune reflected wave phases
and regulate the propagation environment [4]–[6]. These
characteristics enable them to act as intelligent anchors or
to enhance existing systems by mitigating interference and
directional issues, supporting the localization requirements of
autonomous platforms, robotics, immersive applications, smart
manufacturing, and traffic management [1], [2], [7]–[9]. They
are viewed as a key enabler for 6G localization because they
maintain a dependable reflected link when the direct path is
weak or obstructed, and introduce additional anchor points
without extra Radio Frequency (RF) chains [2], [9]. Under
dynamic RSE conditions, repeated interactions with objects
and RIS elements create composite reflections with diverse
angle-of-arrival (AoA) and polarizations [10]–[12], leading to
nonlinear behavior far from free or quasi free space models [9].
In these settings, RIS supply controlled perturbations, whereas
moving objects or humans, referred to as scattering objects
(SOs), introduce uncontrolled, time varying effects, yielding
a nonlinear system shaped jointly by RIS configurations and
environmental evolution [13]. It is shown in [14] that adaptive
sensing enables accurate UE localization in RSEs, with the
RIS acting as a virtual anchor.

In this work we consider the uplink localization problem
in RSEs, in which the UE transmits known pilot signals and
the BS determines the UE location and orientation from the
received pilots. Since the wireless channel depends on the UE
location, the considered scenario can be viewed as an inverse
mapping problem, where the goal is to infer the UE location
from the channel realizations. The main idea is to exploit the
multiple paths, such that the BS senses the environment via a
dedicated subset of RIS elements and adaptively reconfigures
the RIS, BS and UE beamforming vectors over multiple time
slots, with the objective of localizing the UE with accuracy.

A. Related Work

Prior studies on RIS-assisted UE localization can be broadly
grouped into model based and learning based approaches [9].
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Model based methods design the RIS configuration through
analytical formulations, most commonly by minimizing the
Cramér-Rao lower bound (CRLB) of the UE position [15]–
[19]. Such formulations rely on an explicit relationship be-
tween the UE location and geometric measurements, such
as time-of-arrival (ToA) or AoA, to construct the Fisher
Information Matrix (FIM). However, they become impractical
in multipath dominated RSEs, where reliable path separation
and association are difficult, particularly in narrowband in-
door scenarios with unknown SOs. Extensions based on the
Bayesian FIM and the robust Bayesian Cramér-Rao lower
bound (BCRLB) incorporate prior uncertainty in the channel
or geometric parameters [20], and have enabled adaptive RIS
beamforming that exploits location uncertainty [21]. These
methods, however, typically neglect scattering effects and
therefore degrade in dynamic environments. More recent
model based works instead exploit multipath structure for im-
proved estimation, including Bayesian multi target trajectory
tracking [22], cooperative RIS-assisted 3D positioning with a
low complexity estimator [23], and a tensor based integrated
sensing and communication framework supporting joint multi
user communication and near and far field localization [24].
While effective, these approaches still assume resolvable prop-
agation paths and do not address the dense, dynamic scattering
that characterizes indoor RSEs.

In contrast, learning based localization has gained attention
with advances in machine learning. Fingerprinting methods
map received signal measurements under multiple RIS config-
urations to UE locations [7], and deep reinforcement learning
has been used to optimize RIS configurations for improved ac-
curacy [25]. These techniques, however, generally rely on fixed
or predefined configurations and therefore do not fully exploit
adaptive RIS reconfiguration. Adaptive sensing has recently
emerged as a powerful paradigm across wireless applications,
including initial beam alignment in millimeter wave systems
[26]–[28], precoder and combiner design for reciprocal MIMO
channels [29], RIS assisted beam tracking [30], and localiza-
tion in single path and multipath environments as well as with
adaptive RIS codebooks [31]–[33]. These works commonly
employ recurrent neural network (RNN) based architectures
that sequentially adapt the sensing vectors from previously
observed pilots, progressively refining the design toward a
target objective. In particular, the active sensing framework of
[31] sequentially designs the BS beamforming vector and the
RIS reflection coefficients for a single antenna UE; however,
it assumes a Rician fading channel in which the line-of-sight
(LoS) component carries the geometric information, and it
estimates the UE position only. Such models are generally
not directly transferable to rich scattering conditions, where
propagation is dominated by dense multipath [14]. Recent
studies address this gap with learning driven designs tailored
to RSEs, including joint fingerprinting and feature extrac-
tion networks for 3D localization [34], self adaptive RIS
optimization via learned surrogate models [35], and RNN
based codebook driven joint RIS phase design and position
estimation [36]. Closest to the present work, our earlier study
[14] introduces an adaptive, beamforming-free scheme that
sequentially designs only the RIS configuration in a downlink

RSE, employing a dedicated subset of sensing RIS elements
to estimate the scattering contributed by non-cooperative SOs
that follow fixed trajectories, and estimates the UE position.

This paper addresses joint UE location and orientation esti-
mation in an uplink, MIMO RIS-assisted RSE with randomly
moving SOs. It differs from [14] and from the aforementioned
active sensing frameworks, such as [31], in four essential
respects. The first is the propagation regime, as in [31] a
dominant specular component carries the geometric informa-
tion, the scattered field is a weak diffuse term that is never
estimated, and higher-order reflections are neglected. In the
considered RSE no single path dominates, the narrowband
pilot cannot resolve the constituent paths, and the geometry
must be recovered through the scattering itself, which we
sense explicitly using a dedicated subset of RIS elements. The
second is the design space, as [14] is beamforming-free and
configures only the RIS, and [31] considers a single antenna
UE for which no receive beamformer exists, we jointly design
the RIS configuration and the BS and UE beamforming vectors
over the sequence of uplink pilots. The third is the environ-
ment dynamics, as [31] assumes block fading with a static
environment, and [14] confines the SOs to fixed trajectories,
whereas this work considers SOs moving randomly within
the enclosure. The fourth is the analytical benchmark as the
analytical approach in [31] is formulated over the UE position
alone, we augment the parameter vector with the SOs positions
and marginalize them as nuisance parameters, yielding a bound
on the joint UE position and orientation error under unknown
scattering. We further evaluate the approach under scenarios
not considered in [14] or [31], including distributed RIS
deployments across one to four enclosure walls, and varying
numbers of randomly moving SOs and sensing RIS elements.

B. Main Contributions

In this paper we develop an adaptive learning based local-
ization approach for distributed RIS assisted MIMO networks
operating in RSEs, where both the propagation medium and
the network geometry are dynamic due to randomly moving
SOs. Since the localization information is embedded in dense,
spatio temporally coupled scattering patterns rather than in
resolvable geometric paths, we exploit sequential learning to
capture the long range dependencies in the received pilot and
environmental sensing measurements, and to learn the evolv-
ing relationship between the scattering dynamics, the designed
configurations, and the resulting localization accuracy. The
main contributions of this work are summarized as follows.

1) In a distributed RIS assisted uplink MIMO network oper-
ating in a dynamic RSE, we formulate an adaptive sensing
based approach that jointly designs the RIS configuration,
BS beamforming and UE beamforming vectors from the
past measurements at the BS and the sensed environ-
mental scattering, with the objective of simultaneously
estimating the UE position and orientation.

2) We propose a biLSTM based network that realizes this
design. A dedicated subset of RIS elements senses the
environment and BS estimates the positions of the non-
cooperative SOs, and this estimate conditions the sequen-
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tial design of BS, RIS and UE beams as the pilot sequence
proceeds.

3) We derive an analytical approach for UE localization
in RSE. The conditional BCRLB that augments the
parameter vector with the SOs positions and marginalizes
them as nuisance parameters is used to construct a greedy
analytical estimator.

4) We conduct a comprehensive performance evaluation
under a variety of RSE conditions, including different
deployment configurations of distributed RIS arrays, and
varying numbers of randomly moving SOs and sensing
RIS elements, providing insight into the impact of the
environmental complexity and the sensing capability on
the scattering estimation, the localization and orientation
accuracy, and the robustness of the proposed approach.

The joint sequential design progressively reduces the ter-
minal localization and orientation error of UE as the pilot
sequence proceeds, and the achievable accuracy improves with
the density and the spatial diversity of the distributed RIS
deployment.

The rest of the paper is organized as follows. The system
model, end-to-end channel modeling, pilot transmission and
observation protocol and the problem formulation are pre-
sented in Section II. Section III presents the devised neural
network architecture. The analytical modeling approach is
derived in Section IV. The simulation results are presented
in Section V and conclusions are drawn in Section VI.

Notations: Scalars, vectors, and matrices are represented
in italic (e.g. b), lowercase bold letters (e.g. b), and capital
boldface letters (e.g. B), respectively. Furthermore, | · | denotes
the modulus, b̂ denotes an estimate of b, diag(y) presents a
diagonal matrix with entries of y on diagonal. The real and
imaginary components of a complex value are given by ℜ(·)
and ℑ(·), respectively. The expectation of a random variable
is denoted by E(·). The complex Gaussian distribution with
mean m and variance v is presented by CN(m,v).

II. SYSTEM MODEL AND PROBLEM FORMULATION

A. System Model

The considered scenario is illustrated in Figure 1. A multi-
antenna UE transmits known pilot symbols to a multi-antenna
BS through a distributed RIS installation deployed on the
periphery of an indoor enclosure containing M randomly
moving SOs. The BS, at a known location, estimates the
UE position u = [ux, uy]

⊤ ∈ R2 and orientation α ∈ [0,2π),
collected in the UE state ue ≜

[
u⊤, α

]⊤ ∈ R3.
The UE and the BS are each equipped with a single RF

chain and perform analog beamforming with unit-modulus
phase shifters. The UE therefore transmits a single stream
through ωUE ∈ CNUE , and the BS combines its NBS antenna
outputs into a single observation through ωBS ∈ CNBS , where∣∣[ωBS]q

∣∣ = 1, ∀q ∈ {1, . . . ,NBS}, and
∣∣[ωUE]q′

∣∣ = 1, ∀q′ ∈
{1, . . . ,NUE}.

In the adopted end-to-end model [10], each RIS element
is a dipole whose resonance frequency is programmable, and
the RIS is configured by tuning these resonance frequencies.
Accordingly, the RIS configuration is k ∈ RNRIS whose n-th

Fig. 1. Top view of the investigated RSE, modeled as a two-dimensional
assembly of dipoles. The environment is represented by NE dipoles: a
stationary black dipole fence forms the enclosure boundary, and clusters of
colored dipoles represent the M SOs, whose positions are drawn randomly
in each realization; plum, orange, and cyan show the SOs positions for three
such realizations. The BS, with NBS antennas, is shown as blue dipoles, and
the UE, with NUE antennas, as red dipoles. The distributed uniform linear RIS
installation, comprising NRIS elements, is shown as yellow dipoles partially
covering the four enclosure walls. Green dipoles indicate the subset of SRIS
hybrid reflecting-and-sensing elements used for environment sensing.

entry [k]n = fres,n is continuously tunable, within the admissi-
ble range [k]n ∈

[
fmin, fmax

]
,∀n ∈ {1, . . . ,NRIS}, with fmin and

fmax given in Table I.
A subset of SRIS RIS elements at fixed positions is used for

environment sensing [13], [37]. Following the hybrid reflecting
and sensing RIS concept [13], each such element simultane-
ously reflects a portion of the impinging signal and couples the
remaining portion, set by a non-zero splitting coefficient, to
a reception RF chain at the RIS. The resulting measurements
are conveyed to the BS over the same control link through
which the RIS controller receives the configuration, so that
the BS jointly processes the received pilots and the sensing
measurements to estimate the SOs positions and to design the
configuration for the next frame. The SOs positions at frame
t are given by p(t) ≜

[
(p(t)

1 )⊤, . . . ,(p(t)
M )⊤

]⊤ ∈ R2M , where
p(t)

m ∈ R2, and the corresponding estimate is denoted p̂(t).

B. End-to-End Channel Modeling

As the rays in an RSE interact with the RIS elements
repeatedly, the channel cannot be represented by a linear BS–
RIS–UE cascade [12], [38]. We therefore adopt the physics
based end-to-end model of [10], which represents each en-
tity as a dipole assembly and captures mutual coupling, the
amplitude-phase coupling of the RIS elements, and the long-
range correlations induced by reverberation. Only the elements
of [10] relevant to our study are summarized here.

The enclosure walls, the SOs, the RIS and the transceivers
are modeled as dipole arrays. Let NE be the number of dipoles
representing the enclosure fence and the SOs, so that the total
number of dipoles is N =NBS+NUE+NE +NRIS. The coupled
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dipole system is governed by the N×N interaction matrix W,
whose i-th diagonal entry is the inverse polarizability a−1

i ( f )
of the i-th dipole and whose (i, j)-th off-diagonal entry is
−Gi j, the negative of the two-dimensional free-space Green’s
function between the dipole positions ri and r j, with

ai( f ) =
χ2

i

4π2 f 2
res,i −4π2 f 2 + j

(
γR

i +2π f ΓL
i

) , (1)

Gi j(ri,r j, f ) =− j
κ2

4εδ
H(2)

0

(
κ∥ri − r j∥

)
, (2)

where χ2
i scales the amplitude of ai( f ), γR

i captures radiation
damping, ΓL

i ≥ 0 is the absorptive damping term, H(2)
0 (·) is

the zeroth-order Hankel function of the second kind, κ is the
wavenumber, ε is the permittivity and δ is the dipole length.

The quantities of interest enter W through distinct mecha-
nisms. By (1), the RIS configuration k(t) sets the resonance
frequencies, and hence the inverse polarizabilities a−1

i ( f ), of
the RIS dipoles, which occupy the diagonal of W. By (2),
the SOs positions p(t) determine the Green’s functions, and
hence the off-diagonal entries of W. The UE is an array of
NUE dipoles whose local offsets {δ j}NUE

j=1 are fixed with respect
to the UE center. For UE position u and orientation α , the
global coordinate of the j-th UE dipole is rUE

j = u+R(α)δ j,

where R(α) =
[
cosα −sinα; sinα cosα

]
. Both u and α

therefore enter W(t) through the Green’s functions in (2) that
couple the UE dipoles to the BS and RIS dipoles, so that H(t)

BS-U
depends on the full UE state ue = [u⊤,α]⊤. This dependence
renders the UE position and orientation recoverable from the
received pilots.

We therefore write W(t) ≜ W
(
k(t),p(t)

)
, where the argu-

ments make explicit only the variables the BS actively designs,
k(t), and estimates online, p(t), the UE position and orientation
being the fixed unknown to be inferred, and define

V(t) ≜ diag
([

a−1
1 , . . . ,a−1

N
])(

W(t))−1
, (3)

where the diagonal prefactor converts the solved dipole mo-
ments into the received fields [10]. Ordering the dipole indices
as BS, UE, environment and RIS, the BS–UE channel is the
corresponding sub-block of V(t),

H(t)
BS-U

(
k(t),p(t))= V(t)[(NBS +1) : (NBS +NUE), 1 : NBS

]
,
(4)

with H(t)
BS-U ∈ CNUE×NBS . Similarly, denoting by S the row

index set of the SRIS sensing dipoles, the channel between
the BS and the sensing elements is given by,

H(t)
BS-S

(
k(t),p(t))= V(t)[S, 1 : NBS

]
∈ CSRIS×NBS . (5)

The enclosure, the BS and the RIS remain static over the T
frames of a localization request, whereas the SOs positions are
updated at each frame. The M SOs move within the enclosure
according to a Gauss–Markov mobility model. Let p(t)

m ∈ R2

and v(t)m ∈R2 denote the position and velocity of the m-th SO
at frame t. The velocity evolves as v(t)m = ρ v(t−1)

m +(1−ρ) v̄+√
1−ρ2 σv w(t)

m , w(t)
m ∼N(0,I2), followed by the position

update p(t)
m = p(t−1)

m + v(t)m , with reflection at the boundaries
of the enclosure. Randomness of the channel stems from

the random SOs positions p(t)
m as for the fixed geometry the

channel is deterministic. The variation of H(t)
BS-U across frames

is, therefore, structured and temporally correlated, which is
exploited by the sequential design in Section III. The UE
position and orientation are constant within a localization
request.

C. Pilot Transmission and Reception

Assuming a narrowband system, upon a localization request
the UE transmits a sequence of T known pilot symbols over T
frames. Let x(t) ∈ C be the pilot symbol at frame t. Since the
UE and the BS each employ a single RF chain, the transmit
beamformer ω(t)

UE and the combiner ω(t)
BS reduce each frame to

a scalar observation at the BS given by,

y(t) =
(
ω

(t)
UE

)HH(t)
BS-U

(
k(t),p(t))ω(t)

BS x(t)+w(t), t ∈ Z, (6)

where y(t) ∈C and w(t) ∼CN(0,σ2). The observation therefore
depends jointly on the UE and BS beamforming vectors and,
through H(t)

BS-U, on the RIS configuration.
In parallel, the BS senses the environment through the

SRIS sensing elements. As these are read individually at their
reception RF chains, the sensing observation is given by,

y(t)s = H(t)
BS-S

(
k(t),p(t))ω(t)

BS x(t)+w(t)
s , t ∈ Z, (7)

with y(t)s ∈ CSRIS×1 and w(t)
s ∼ CN(0,σ2I).

D. Problem Formulation

Our objective is to estimate the unknown UE position u and
orientation α from the T received observations [y(t)]T−1

t=0 , given
the known BS and RIS locations, while the SOs positions
are estimated online from the sensing measurements [y(τ)s ]tτ=0
collected at the SRIS elements, so as to account for the
scattering in the RSE. To this end, the BS designs the RIS
configuration and the BS and UE beamforming vectors over
the T frames to improve the terminal UE state estimate,
through the mappings defined below.

The BS estimates the SOs positions at frame t from
the accumulated sensing observations through the mapping
G(t)(·) : (CSRIS)t+1 → R2M ,

p̂(t) = G(t)([y(τ)s ]tτ=0
)
, (8)

where τ indexes the frames up to the current frame t.
Using the past pilot observations together with this estimate,

the BS designs the configuration and beamforming vectors
for the next frame through the mapping F(t) : Ct+1 ×R2M →
RNRIS ×CNBS ×CNUE ,

(
k(t+1),ω

(t+1)
BS ,ω

(t+1)
UE

)
= F(t)([y(τ)]tτ=0, p̂

(t)). (9)

After T frames, the UE state is estimated through the
mapping Q : CT ×R2M → R3,

û(T )
e = Q

(
[y(t)]T−1

t=0 , p̂(T−1)). (10)
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Fig. 2. Block diagram of the proposed UE localization approach with adaptive sensing in RIS-assisted RSE.

The design and estimation mappings are optimized to
minimize the combination of the terminal UE position and
orientation errors,

min
{G(t),F(t)}T−1

t=0 ,Q

√
E
[
∥û(T )−u∥2

]
+
√
E
[
dw(α̂(T ),α)2

]

(11a)
s.t. (8), (9), (10), (11b)

[k(t+1)]n ∈ [ fmin, fmax], ∀n, t, (11c)
∣∣[ω(t+1)

BS ]q
∣∣= 1,

∣∣[ω(t+1)
UE ]q′

∣∣= 1, ∀q,q′, t
(11d)

where dw(α̂,α) = min(|α̂ − α|,2π − |α̂ − α|) accounts for
the periodicity of the orientation. Constraint (11c) is the
tuning range of the RIS elements, and (11d) the unit-modulus
constraint of the analog phase shifters at the BS and the UE.

The analytical solution to (11) is difficult, as it involves the
joint estimation of the UE location and orientation and the
scattering, together with the joint design of the three vectors.
Evaluating the exact objective requires a high-dimensional
integration that is difficult to compute numerically. A common
approach instead minimizes a surrogate metric at each frame,
and the BCRLB has been suggested for this purpose [20]. We
adopt a design driven by the conditional BCRLB, described
in Section IV to treat the SOs as nuisance parameters, as an
analytical benchmark, and solve (11) with the biLSTM based
approach of Section III.

III. PROPOSED JOINT USER LOCATION AND ORIENTATION
ESTIMATION WITH ENVIRONMENT SENSING SOLUTION

We propose a learning based adaptive approach that jointly
designs the RIS configuration together with the BS and UE
beamforming vectors to solve (11), comprising offline training
specific to the RSE and online inference during deployment.
At each frame t, the configuration k(t+1) and the beamformers
ω

(t+1)
BS , ω

(t+1)
UE are designed from the measurement history

[y(τ)]tτ=0 and the current SOs estimate p̂(t). As the number
of measurements grows with t, a neural network compresses
the past observations into a fixed dimensional representation.

The proposed two stage approach comprises a scattering
estimation biLSTM, which estimates the time varying SOs
positions from the SRIS sensing measurements to characterize
the RSE, and a UE localization biLSTM, which designs the
configuration and beamforming vectors for frame (t+1) from
the estimated scattering and the UE pilot at frame t, so as
to enable accurate localization at the final frame T . The
architecture is shown in Figure 2.

A. Scattering Estimation BiLSTM

At each frame t, a biLSTM processes the sensing feature
vector f(t)p =

[
|y(t)s |, ∠y(t)s

]
∈R2SRIS , formed by the magnitude

and phase of the sensing observation, and updates its forward
and backward hidden states s(t)p, f ,s

(t)
p,b and cell states c(t)p, f ,c

(t)
p,b,

(
c(t)p, f ,c

(t)
p,b,s

(t)
p, f ,s

(t)
p,b

)
=BiLSTMp

(
f(t)p ,c(t−1)

p, f ,c(t−1)
p,b ,s(t−1)

p, f ,s(t−1)
p,b

)
,

(12)
where the superscript (t − 1) denotes the states carrying the
information of the measurements before frame t. The biLSTM
update rules follow [14].

The concatenated cell states are passed to a fully connected
layer to estimate the SOs positions,

p̂(t) = DNNp
(
[c(t)p, f ;c(t)p,b]

)
, (13)

where DNNp(·) is a trainable network. This realizes the
mapping G(t)(·) in (8).

B. UE Localization BiLSTM

At each frame t, a second biLSTM updates its forward and
backward hidden states s(t)u, f ,s

(t)
u,b and cell states c(t)u, f ,c

(t)
u,b from

the input f(t)u =
[
|y(t)|,∠y(t), p̂(t)

]
,

(
c(t)u, f ,c

(t)
u,b,s

(t)
u, f ,s

(t)
u,b

)
=BiLSTMu

(
f(t)u ,c(t−1)

u, f ,c(t−1)
u,b ,s(t−1)

u, f ,s(t−1)
u,b

)
,

(14)
with the state update rules as in [14].

The per-frame configuration and beamforming vectors for
frame (t +1) are designed from the states that summarize the
measurements up to frame t only. The backward recursion of
the biLSTM is evaluated only at the terminal frame T , where
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Algorithm 1: Joint UE Location and Orientation Esti-
mation with Environmental Sensing in RSE Algorithm

Input: Initial configuration k(0), BS beamformer ω(0)
BS ,

UE beamformer ω(0)
UE.

Output: k(t+1),ω
(t+1)
BS ,ω

(t+1)
UE , û(T ), α̂(T ), trained

BiLSTMp,BiLSTMu,DNNp,DNNu.
1 for t = 0 to T −1 do
2 UE transmits pilot x(t);
3 BS receives y(t) and the SRIS elements receive y(t)s ;
4 Update s(t)p,·,c

(t)
p,· using (12);

5 Estimate p̂(t) using (13);
6 Update s(t)u,·,c

(t)
u,· using (14);

7 Design k̄(t+1), ω̄
(t+1)
BS , ω̄

(t+1)
UE using (15);

8 Project onto feasible sets using (16);

9 Estimate û(T ), α̂(T ) using (17);
10 return

k(t+1),ω
(t+1)
BS ,ω

(t+1)
UE , û(T ), α̂(T ),BiLSTMp,BiLSTMu,

DNNp,DNNu;

all T measurements are available, and is used to refine the
terminal UE state estimate. The forward hidden state is passed
through a fully connected Deep Neural Network (DNN) with
Ln layers to produce an intermediate representation

γ(t) = βLn

(
WLn βLn−1

(
. . .β1(W1 s(t)u, f +b1) . . .

)
+bLn

)
, (15)

where βl(x) = max(0,x) is the ReLU activation and Wl ,bl are
trainable parameters.

Three output layers map γ(t) into the real RIS configuration
and the complex BS and UE beamforming vectors,

k̄(t+1) = ẆLn+1 γ(t)+ ḃLn+1, (15a)

ω̄
(t+1)
BS = ẄLn+1 γ(t)+ b̈Ln+1, (15b)

ω̄
(t+1)
UE =

...
WLn+1 γ(t)+

...
b Ln+1, (15c)

where k̄(t+1) ∈ RNRIS contains the RIS configuration, and
ω̄

(t+1)
BS ∈R2NBS , ω̄(t+1)

UE ∈R2NUE contain the real and imaginary
parts of the BS and UE beamforming vectors.

The outputs are projected onto their feasible range such that
the RIS configuration entries are clipped to the tuning range,
while the beamforming entries are normalized to unit modulus,

[k(t+1)]n = min
(

fmax, max( fmin, [k̄(t+1)]n)
)
, ∀n, (16a)

[ω
(t+1)
BS ]q =

[ℜ(ω̄
(t+1)
BS )]q + j [ℑ(ω̄(t+1)

BS )]q√
[ℜ(ω̄

(t+1)
BS )]2q +[ℑ(ω̄(t+1)

BS )]2q

, ∀q, (16b)

[ω
(t+1)
UE ]q′ =

[ℜ(ω̄
(t+1)
UE )]q′ + j [ℑ(ω̄(t+1)

UE )]q′√
[ℜ(ω̄

(t+1)
UE )]2q′ +[ℑ(ω̄(t+1)

UE )]2q′

, ∀q′. (16c)

This realizes the mapping F(t)(·) in (9) and satisfies the
constraints (11c) and (11d).

Finally, the UE state at frame T is estimated as

û(T )
e =

[
û(T )

α̂(T )

]
= DNNu

(
[c(T )u, f ;c(T )u,b ]

)
, (17)

where DNNu(·) maps the concatenated terminal cell states
to the UE position û(T ) and orientation α̂(T ), realizing the
mapping Q in (10).

C. Loss Function

The composite loss combines root mean squared error
(RMSE) for the terminal UE position and orientation with
the SOs estimation RMSE. The position, orientation and the
scattering estimation losses are

Lu =
√

E
[
∥û(T )−u∥2

]
, (18a)

Lα =
√

E
[
dw(α̂(T ),α)2

]
, (18b)

Lp =
√

E
[
∥p̂(T )−p∥2

]
. (19)

Since only the terminal estimate at frame T is penalized, the
network is free to explore different designs at earlier frames to
minimize the final error. After training, the network produces
the configuration and beamforming vectors directly from the
received signals for any UE and SRIS across the coverage
region. The procedure is summarized in Algorithm 1.

IV. ANALYTICAL APPROACH FOR UE LOCALIZATION
WITH ENVIRONMENT SENSING IN RSE

Analytical modeling of the UE localization problem with
scattering estimation in RSE provides a benchmark for the
proposed learning driven approach. The proposed learning
driven approach addresses UE location and orientation es-
timation problem in (11) by estimating scattering in RSE
in (8) and jointly optimizing the RIS configuration, BS and
UE beamforming vectors mapping {F(t)(·)} in (9) over t
time frames, with the goal of reducing localization error. The
computational cost of an exact multistage design grows with
the number of time frames, and the exact conditional MSE is
analytically intractable. Such modeling, therefore, requires a
stage by stage design that optimizes a tractable bound instead.

In this section we outline an analytical modeling approach
devised on similar lines as [20], [31]. Rather than learning a
direct mapping from the observations to the design variables,
the mapping F(t)(·) in (9) is decomposed into two consec-
utive mappings: from the accumulated observations to the
conditional BCRLB, and from that bound to the RIS con-
figuration and the beamforming vectors. At every time frame,
the posterior distribution of the parameters is refined using
the previously received pilots and sensing measurements, the
conditional BCRLB is recomputed, and the design variables
are selected so as to minimize it.
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A. Problem Formulation

We assume that ue and p are random vectors with known
priors f (ue) and f (p), and define the augmented parameter
vector

θ =
[
u⊤

e p⊤]⊤ ∈ R3+2M. (20)

Using the observations [y(τ)]tτ=0 and [y(τ)s ]tτ=0, the goal is
to design the next RIS configuration k(t+1) and beamforming
vectors ω

(t+1)
BS , ω(t+1)

UE while accounting for the scattering in
the environment, so that the conditional mean square error
(MSE) of the estimate of ue is reduced. To this end, the
optimization task in (11) is reformulated to be solved at each
frame t as

min
G(t),F(t),Q

tr
(
Γ(t)), (21a)

subject to p̂(t) = G(t)([y(τ)s ]tτ=0
)
, (21b)

(
k(t+1),ω

(t+1)
BS ,ω

(t+1)
UE

)

= F(t)([y(τ)]tτ=0, p̂
(t)), (21c)

û(t)
e = Q

(
[y(τ)]tτ=0, p̂

(t)), (21d)

[k(t+1)]n ∈ [ fmin, fmax], ∀n, t, (21e)
∣∣[ω(t+1)

BS ]q
∣∣= 1,

∣∣[ω(t+1)
UE ]q′

∣∣= 1, ∀q,q′, t, (21f)

where

Γ(t) = E
[(

û(t)
e −ue

)(
û(t)

e −ue
)⊤∣∣∣ [y(τ)]tτ=0, [y

(τ)
s ]tτ=0

]
(22)

is the conditional error covariance matrix of ue, and p̂(t), û(t)
e

denote the estimates of the SOs positions and the UE state at
frame t.

Although the formulations in (11) and (21) are both adap-
tive, the latter designs a single time frame such that F(t)(·) is
optimized independently at each instant to minimize the condi-
tional MSE at the immediately following stage, whereas (11)
optimizes the sequence {F(t)(·)}T−1

t=0 jointly over T frames.
Computing Γ(t) requires a high dimensional integration. We
therefore adopt the conditional BCRLB as the design criterion,
as it provides a parameter independent lower bound on the
conditional MSE while incorporating the posterior information
from prior measurements [39].

At the t-th frame, the joint Bayesian FIM is partitioned
according to ue and p as

J(t) =

[
J(t)uu J(t)up

J(t)pu J(t)pp

]
, (23)

with entries

[
J(t)

]
i, j =−E

[
∂ 2 log f

(
y(t),y(t)s ,θ | [y(τ)]t−1

τ=0, [y
(τ)
s ]t−1

τ=0

)

∂θi ∂θ j

]
,

(24)
where θi and θ j are any two components of θ in (20), encom-
passing both the UE state and the SOs positions. The joint
density factors by Bayes’ rule into the posterior f (θ | ·) and
the conditional likelihoods of y(τ) and y(τ)s , and the expectation
is taken with respect to this conditional distribution.

Since the SOs positions are unknown, they are treated
as nuisance parameters and marginalized through the Schur

complement of (23), so that the conditional MSE of ue is
lower bounded by

tr
(
Γ(t))≥ tr

((
J(t)uu −J(t)up(J

(t)
pp)

−1J(t)pu
)−1

)
. (25)

The design problem is therefore formulated as

min
F(t)

tr
((

J(t)uu −J(t)up(J
(t)
pp)

−1J(t)pu
)−1

)
(26a)

subject to (21c), (21e), (21f). (26b)

The problem in (21) is addressed sequentially by repeatedly
solving (26) across the T frames. Once all stages are com-
pleted, the mapping Q(·) in (21d) is realized by a maximum
a posteriori estimator to produce the final estimate û(T )

e .

B. BCRLB Calculation

The block partitioning in (23) and the Schur complement
in (25), which marginalize the SOs positions as nuisance
parameters, together with the formulation for MIMO end-to-
end channel, are specific to the considered problem.

The joint Bayesian FIM in (24) is decomposed using Bayes’
theorem as [20], [31]

[
J(t)

]
i, j =

[
J(t)D

]
i, j +

[
J(t−1)

P

]
i, j, (27)

where J(t)D is the incremental Bayesian information from the
latest observation and J(t−1)

P the information accumulated from
prior observations and the prior of θ.

Conditioned on θ and the past observations, the distributions
of y(t) and y(t)s are complex Gaussian, CN

(
µ(t)(θ),σ2

)
and

CN
(
µ
(t)
s (θ),σ2I

)
, with means given by (6) and (7) as

µ(t)(θ) =
(
ω

(t)
UE

)HHBS-U
(
k(t),p

)
ω

(t)
BS x(t), (28a)

µ
(t)
s (θ) = HBS-S

(
k(t),p

)
ω

(t)
BS x(t). (28b)

The entries of the incremental Bayesian FIM are obtained
from the gradients of the means as

[
J(t)D

]
i, j =

2
σ2 E

[
ℜ

{
∂ µ(t)(θ)∗

∂θi

∂ µ(t)(θ)

∂θ j
+

∂µ(t)
s (θ)H

∂θi

∂µ(t)
s (θ)

∂θ j

}]
,

(29)
where the expectation is taken with respect to the posterior
f (θ | [y(τ)]t−1

τ=0, [y
(τ)
s ]t−1

τ=0), and y(t) and y(t)s are conditionally
independent given θ and the past observations. From (28), the
gradients follow as

∂ µ(t)(θ)

∂θi
=
(
ω

(t)
UE

)H ∂HBS-U
(
k(t),p

)

∂θi
ω

(t)
BS x(t), (30a)

∂µ(t)
s (θ)

∂θi
=

∂HBS-S
(
k(t),p

)

∂θi
ω

(t)
BS x(t). (30b)

Since only the Green’s functions in (2) depend on θ , the
derivative of the interaction matrix ∂W(t)/∂θi is available in
closed form, with

∂Gi j

∂θl
= j

κ3

4εδ
H(2)

1

(
κ di j

) ∂di j

∂θl
, di j = ∥ri − r j∥, (31)

where H(2)
1 (·) is the first-order Hankel function of the second

kind. Let U and Sm denote the index sets of the UE dipoles
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and of the dipoles of the m-th SO cluster, respectively. The
distance derivatives with respect to the estimated parameters
are

∂di j

∂u
=

rUE
j − ri

di j
, j ∈U, (32)

∂di j

∂α
=

(
rUE

j − ri
)⊤R′(α)δ j

di j
, j ∈U, (33)

∂di j

∂pm
=

r j − ri

di j
, j ∈ Sm. (34)

The channel derivatives then follow from the derivative of the
matrix inverse,

∂V(t)

∂θl
=−diag

[
a−1

1 , . . . ,a−1
N
](

W(t))−1 ∂W(t)

∂θl

(
W(t))−1

,

(35)
and ∂HBS-U/∂θl and ∂HBS-S/∂θl are obtained by extracting
the corresponding sub-blocks of (35), as in (4) and (5). The
prefactor diag[a−1

1 , . . . ,a−1
N ] depends on the dipole resonances,

and hence on the design k(t), not on θ ; only W(t) is therefore
differentiated in (35). Since (W(t))−1 is already available from
the channel evaluation, the gradients for all 3+2M parameters
are obtained without any additional matrix inversion.

The elements of the FIM accumulated from the historical
observations are

[
J(t−1)

P

]
i, j =

t−1

∑
t ′=0

−E

[
∂ 2 log f

(
y(t

′) | θ, [y(τ)]t ′−1
τ=0

)

∂θi ∂θ j

]

+
t−1

∑
t ′=0

−E

[
∂ 2 log f

(
y(t

′)
s | θ, [y(τ)s ]t

′−1
τ=0

)

∂θi ∂θ j

]

−E
[

∂ 2 log f (θ)
∂θi ∂θ j

]
, (36)

where the summations over t ′ accumulate the information
contributed by all measurements up to frame (t −1), and the
last term is the contribution of the prior.

By (27), only J(t)D depends on the design variables, through
the means in (28). The design problem (26) is solved with
the projected gradient descent method of [40], where each
iterate is projected onto the feasible set, i.e., the RIS entries
are clipped to [ fmin, fmax] as per the constraint in (21e), and
the beamforming entries are normalized to unit modulus as
per (21f). The posterior is updated recursively as

f
(
θ | [y(τ)]tτ=0, [y

(τ)
s ]tτ=0, [k

(τ)]tτ=0
)
=

L · f
(
y(t),y(t)s | θ,k(t)) f

(
θ | [y(τ)]t−1

τ=0, [y
(τ)
s ]t−1

τ=0, [k
(τ)]t−1

τ=0
)
,

(37)

where L is a normalization constant. The BCRLB based design
is summarized in Algorithm 2.

V. PERFORMANCE EVALUATION

A. Simulation Setup

The simulation parameters are summarized in Table I. As
in Figure 1, in the system model considered, the location of
BS and the various distributed RIS installations are known and
fixed. The UE locations u are generated uniformly within the

Algorithm 2: Greedy BCRLB based design for UE
localization in RSE

Input : Priors f (ue), f (p); initial k(0), ω(0)
BS , ω(0)

UE.
Output: Estimated UE state û(T )

e .
1 for t = 0 to T −1 do
2 Draw samples from the posterior

f
(
θ | [y(τ)]tτ=0, [y

(τ)
s ]tτ=0, [k

(τ)]tτ=0
)

using (37);
3 Compute the mean gradients (30) via (31) and (35);
4 Compute J(t)D in (29) and J(t−1)

P in (36);
5 Solve (26) by projected gradient descent to obtain

k(t+1), ω(t+1)
BS , ω(t+1)

UE ;

6 return û(T )
e from the posterior via the Maximum a

Posteriori (MAP) estimator in (21d);

TABLE I
NUMERICAL RESULTS PARAMETERS

Label Dimension
Simulation Parameters

M 2, 4, 6
NBS 4
NUE 4
NRIS 20, 60, 100
SRIS 2, 4, 6, 8

Transceivers dipole parameters fres = 1, χ = 0.5, ΓL = 0
Transceivers dipole spacing λ/2

Environment and SOs dipole parameters fres = 10, χ = 50, ΓL = 104

Environment and SOs dipole spacing λ/4
RIS dipole parameters fres ∈ [ fmin = 0.8, fmax = 1.2],

χ = 0.2,ΓL = 0.03
RIS dipole spacing λ/4

SOs motion parameters σv = 0.7λ ,ρ = 0.85, v̄ = 0
Parameters of the biLSTM Network

B [32,64,128]
NL [2,4,6]
ds [25,35,45]
η [0.001,0.01,0.005,0.05]

Maximum epochs 200
Ln 4

rectangular periphery in the x-y plane with spacing λ/2. The
unknown orientation α of the UE is independently drawn from
a uniform distribution over the interval α ∈ [0,2π). The pilot
signal x(t) is a deterministic scalar set to unity for all time
stages.

The initial positions {p(0)
m }M

m=1 of SOs are drawn indepen-
dently and uniformly over the enclosure in each simulation
realization, and all SOs are updated simultaneously with
mutually independent motion. Here v̄ is the mean drift, σv sets
the per-frame step size, and ρ ∈ [0,1] is a persistence parameter
that controls the temporal correlation of the scattering process
such that ρ→1 yields smooth motion, whereas ρ = 0 reduces
to independent continuous steps. The positions of the central
dipoles in each SOs cluster are recorded in each simulation
realization. The adjustable dipole parameters for transceivers,
the environment including the SOs, and the RIS such as
the resonance frequency ( fres), the charge term (χ) and the
absorptive damping term (ΓL), are set as in Table I [10].
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B. Proposed and Baseline Approaches

The proposed approach for UE location and orientation
estimation with environment sensing is implemented with the
parameters settings given in Table I. Bayesian Optimization
(BO) [41], [42] is used to tune the hyperparameters of the
biLSTM networks before training by selecting the number of
BiLSTM layers NL, the hidden dimension ds, the learning rate
η , and the batch size B to balance localization accuracy and
computational cost [14]. The dataset of 2,136,000 samples is
partitioned into disjoint sets with 70% for training, 15% for
validation, and 15% for test. The network is trained on the
training set using the Adam optimizer [43] for 200 epochs.
The training labels for scattering estimation biLSTM are of
dimension 2M and for UE localization biLSTM are UE loca-
tion and orientation. Network training is offline on simulated
data of the target enclosure and online operation is one forward
pass per frame. After training, the model autonomously selects
a sequence of RIS configurations, BS and UE beamforming
vectors using sequential scattering estimates and received pilot
measurements at BS to accurately localize UEs within the
coverage area.

The performance of the proposed approach is evaluated
against the following benchmarks.

• Adaptive design without scattering estimation [31], [44]:
A single recurrent network sequentially designs the BS
beamforming vector and the RIS reflection coefficients
from the accumulated pilot observations and reads out
the UE state from its terminal representation, without a
dedicated subset of sensing RIS elements and without
an explicit scattering estimate. As [31], [44] considers a
single-antenna UE in a LoS-dominated Rician channel,
a UE beamforming vector and an orientation output
are added so that all approaches are compared on the
same estimation task over the same channel. The design
principle, however, is as of approach in [31], [44].

• Beamforming-free biLSTM network [14]: The adaptive
RIS configuration is designed over T time frames while
accounting for scattering in the environment, without any
BS or UE beamforming design. As [14] estimates the UE
position only, it is extended here to also estimate the UE
orientation, so that all approaches are compared on the
same estimation task. The performance of the approach is
quantified with the RMSE loss in location and orientation
estimation as in (18) and scattering estimation as in (19).

• BCRLB based design: An analytical model is constructed
using the conditional BCRLB as the optimization metric
at every time frame, as derived in Section IV. At each
frame t, the posterior distribution of the unknown UE
state and SOs positions is refined using the previously
received pilot and sensing measurements, which yields
an updated conditional BCRLB. The RIS configuration
k(t+1) and the BS and UE beamforming vectors ω

(t+1)
BS ,

ω
(t+1)
UE are then designed by projected gradient descent to

minimize this bound. To determine the posterior distribu-
tions, the 30λ × 50λ service region in the x–y plane is
discretized into 300×500 grid cells, and the orientation
α is discretized into 180 bins over [0,2π). The M SO

(a) UE location estimation.

(b) UE orientation estimation.

Fig. 3. RMSE of UE localization versus time frames T for NRIS = 100,
SNR= 30 dB and M = 4.

positions p = [pT
1 , . . . ,p

T
M]T enter the augmented parame-

ter vector through their prior f (p), taken as uniform over
the service region. The performance is shown with the
RMSE loss of location estimate obtained with the MAP
estimation.

C. Results

We first study the UE localization performance against the
number of time frames T in Figure 3. It is observed that
the proposed approach has a consistently lower RMSE for
UE location and orientation estimation against all benchmark
approaches for all T . The performance of all approaches im-
proves with T but the proposed approach outperforms both the
beamforming-free design and the without scattering estimation
design, which does not take into account the scattering in the
environment.

It is also observed that the BCRLB based design is subop-
timal relative to the learning-based approach in the RSE. This
gap follows from the two design strategies. The proposed ap-
proach in (11) learns the adaptive policy {G(t)(·),F(t)(·)}T−1

t=0 ,
which estimates the scattering in the RSE and shapes the
configuration vector across all t to minimize the RMSE of UE
localization evaluated at the terminal frame T . In contrast, the
BCRLB based design in (21) designs G(t)(·),F(t)(·) greedily at
each frame t, optimizing the per-frame BCRLB in isolation.
The bound optimization is a nonconvex problem, thus, the
designed beam vectors are suboptimal.
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(a) UE location estimation.

(b) UE orientation estimation.

Fig. 4. RMSE of UE localization versus SNR for NRIS = 100, T = 21 and
M = 4.

Fig. 5. CDF of the proposed and baseline approaches versus RMSE of UE
localization for NRIS = 100, T = 21, SNR= 30dB and , M = 4.

We examine the UE localization performance, quantified
with (18), against SNR in Figure 4. The receive SNR is defined
as SNR = E

[
|(ω(t)

UE)
HH(t)

BS-Uω
(t)
BSx(t)|2

]
/σ2, i.e., the average

received pilot power after combining relative to the noise
power σ2. The proposed approach exhibits the lowest RMSE
in the range of SNR compared to the other learning based
and analytical benchmarks. This demonstrates the benefit of
using the past measurements and the estimated scattering
contribution of the RSE to design the UE and BS beamforming
vectors and the RIS configuration for the next time frame.

Next, we analyze CDF of the UE localization error for

the proposed method and the baselines, as illustrated in
Figure 5. The proposed approach achieves the most favorable
distribution, with the majority of localization errors clustered
at low RMSE values, reflecting strong accuracy and robust-
ness. The beamforming-free and without scattering estimation
designs also deliver competitive performance, though with
slightly wider error dispersion. In comparison, the BCRLB
based design performs significantly worse. Its more gradually
increasing CDF curve reveals larger and more inconsistent
localization errors. In general, these findings demonstrate that
adaptive learning driven design approaches markedly improve
localization accuracy, whereas non adaptive methods or adap-
tive solutions that neglect scattering effects lead to increased
uncertainty in dynamic RSE scenarios.

We study the impact of distributed RIS deployment and the
number of RIS elements on UE localization RMSE in Fig. 6,
varying the RIS deployment across the walls of the system
model in Fig. 1. The single-wall deployment in Fig. 6a yields
the highest RMSE: the RIS illuminates the UE from a single
direction, so the observations are spatially redundant and the
UE is weakly observable despite the multipath propagation.
Increasing the number of RIS elements raises the received
signal power, but the single illumination direction limits the
achievable accuracy. Mounting RIS panels on two walls,
Fig. 6b, reduces the RMSE markedly, as illumination from
independent directions supplies the BS with less redundant
spatial information about the UE. Extending the deployment
to three walls, Fig. 6c, provides near-surround coverage and a
more pronounced RMSE reduction as RIS density increases.
The four-wall deployment, Fig. 6d, attains the lowest RMSE
overall through maximal spatial diversity. At large RIS den-
sities the gains diminish, as the additional elements provide
progressively less independent spatial information under the
prevailing noise and scattering conditions.

We investigate the influence of the number of sensing RIS
elements SRIS on scattering estimation using the scattering-
estimation biLSTM, with the SOs localization RMSE given
by (19), in Fig. 7. The RMSE decreases consistently as SRIS
increases, across all considered time-frame lengths T . A larger
SRIS provides more independent sensing measurements per
frame, improving the spatial sampling of the field and the
observability of the SOs positions, which the network exploits
to infer the underlying scattering. The RMSE also decreases
with T for all SRIS, as longer observation windows let the biL-
STM exploit temporal correlations in the scattering process.
For small SRIS the reduction with T is gradual, as limited
spatial sampling constrains the benefit of temporal averaging;
for large SRIS the combination of rich spatial measurements
and extended temporal information produces a steeper RMSE
decay and a lower overall error.

The impact of the number of SOs M on both UE and
SOs localization is shown in Fig. 8. Increasing M raises the
estimation RMSE across all considered SNR values for UE
location, orientation, and SOs localization. As M grows, the
number of coupled dipoles increases, which enlarges the set
of jointly estimated parameters and strengthens the coupling
in the interaction matrix W. This reduces the separability of
individual scattering contributions and elevates the uncertainty
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(a) Left wall only. (b) Left and Right wall. (c) Left, right and top wall. (d) All 4 walls.

Fig. 6. RMSE of UE localization versus NRIS under various distributed RIS installations with SNR= 30dB, T = 21, M = 4.

Fig. 7. RMSE of SOs localization versus time frames T for different number
of SRIS for SNR= 30dB, NRIS = 100, M = 4.

of the learning-based scattering estimation, and the resulting
errors propagate to the subsequent UE localization. The effect
is most pronounced at low SNR, where noise further obscures
the scattering structure. For UE localization in Fig. 8a, the
location RMSE increases with M. Higher SNR improves
accuracy for all M, but the gap between scattering densities
remains largely unchanged, so increased SNR alone does not
compensate for the loss of spatial information under dense
scattering. UE orientation in Fig. 8b follows the same trend,
with additional SOs making the orientation harder to estimate.
For SOs localization in Fig. 8c, the RMSE likewise increases
with M, as stronger dipole coupling reduces the identifiability
of individual SOs. Increasing SNR mitigates this degradation,
with the rate of improvement decreasing at high SNR.

Overall, these results show that the proposed approach
remains robust across the considered RSE conditions, with the
localization and SOs sensing RMSE degrading gradually as the
SOs density M increases. The degradation reflects the higher-
dimensional, more strongly coupled estimation problem that
dense scattering induces, and it is mitigated but not removed
by higher SNR. These trends underline the role of adaptive RIS

configuration and explicit scattering estimation in sustaining
reliable UE localization and SOs sensing under dense and
dynamic RSE.

D. Complexity and Scaling

The online cost of the proposed approach is one forward
pass of the biLSTM networks per frame, and is therefore linear
in the number of frames. For a fixed hidden dimension, the per-
frame cost grows only with the input and output widths, i.e.,
the observation dimension scales with the number of sensing
elements SRIS, and the design output with NRIS +NBS +NUE.
Enlarging the array or the surface, thus, widens the first and
last layers of the controllers but leaves the recurrent structure,
the training procedure, and the number of frames unchanged.
Generating each observation requires one evaluation of the
end-to-end channel, whose dominant cost is the N ×N solve
implied by (W(t))−1 in (3) with N = NBS +NUE +NE +NRIS.
This cost is intrinsic to the channel model rather than to the
proposed design. Larger antenna arrays, surfaces, and number
of SOs, therefore, affect the proposed approach only through
the layer widths and this shared channel evaluation, indicating
how it extends to larger-scale regimes and identifying the
channel evaluation as the principal target for acceleration.

VI. CONCLUSION

This paper presents a learning-based approach for joint
UE location and orientation estimation in a distributed RIS-
assisted MIMO network operating in a dynamic RSE. A two-
stage biLSTM controller senses the environment through a
dedicated subset of RIS elements to estimate the positions of
the non-cooperative SOs, and uses this estimate to sequentially
design the RIS configuration and the BS and UE beamforming
vectors, progressively focusing them onto the UE over the pilot
sequence. As an analytical reference, a conditional BCRLB
that marginalizes the SOs positions is derived. Simulation re-
sults across the considered SNR range, number of time frames,
and distributed RIS deployment configurations show that the
proposed approach consistently attains lower UE localization
and orientation error than the beamforming-free design, the
design without scattering estimation, and the BCRLB based
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(a) UE location estimation.

(b) UE orientation estimation.

(c) SOs location estimation.

Fig. 8. RMSE of UE and SOs localization versus SNR for different number
of SOs for NRIS = 100, T = 21, SRIS = 8.

design, and that this gain grows with the number and spatial
diversity of the deployed RIS elements, confirming the benefit
of explicit environmental sensing for accurate UE localization
in dynamic RSEs. The approach is developed for a two-
dimensional RSE and extension to three dimensions follows
by replacing the two-dimensional Green’s function with its
three-dimensional counterpart, which enlarges the parameter
and feature dimensions but leaves the coupled-dipole channel
structure and the learning pipeline unchanged, and is left for
future work.
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