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1 Introduction 
Without vision, it could have been extremely difficult for humans and animals to thrive. 
Similarly, computer vision plays a significant role in providing vision input for industrial 
robots. So does Autonomous Ground Vehicles (AGVs). All the cutting-edge driverless 
vehicles’ autonomous systems heavily depend upon their vision sensors to perceive the 
environment for its autonomy apart from other sensor modalities. Some vehicle 
manufacturers solely rely on computer vision for self-driving [1, 2]. It was not technically 
feasible to achieve such a feat of self-driving without the latest developments in Artificial 
Intelligence (AI). The advancements in AI made it possible to solve highly complicated 
computer vision problems such as object detection and recognition. The AGVs are not 
only for passenger transportation, but also they are disrupting various application 
domains in transportation and logistics. Numerous research institutes, private companies, 
are working on developing AGVs in recent years. These autonomous mobile robots are 
meant to accomplish various tasks such as transportation of passengers, search and 
rescue operations, seeding, weeding, and harvesting in agriculture, parcels, and grocery 
delivery in the logistics sector, etc. Growing demand for different kinds of driverless 
vehicles fuelling the research and development of autonomy makes it one of the most 
active research areas today. Figure 1 shows different autonomous ground vehicles which 
are commercially available and in research these days.   

 
 

  
(a)     (b) 

  
  (c)                                                           (d) 

Figure 1. (a) Military UGV developed by Rheinmetall AG[3], (b) agriculture robot weeding on a 
farm land[4], (c) Starship parcel delivery robot running on snow[5], (d) driverless shuttle bus in 
Japan for rural public transport [6]. 
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Typically, AGVs can self-steer, self-regulate, avoid obstacles, and navigate without 
any human intervention. The first known research effort to develop an autonomous 
vehicle dates back to 1984 with the introduction of the Autonomous Land Vehicle (ALV) 
project by NavLab at Carnegie Mellon University [7]. It laid the groundwork to identify 
the main challenges of autonomous vehicle systems development, such as required 
sensing and computing capabilities.  

Whether autonomous on-road vehicles or off-road vehicles, the fundamental 
technical problem is the environment perception. Perception is the ability of the 
autonomous system to collect information about its surroundings and extract relevant 
data [8]. The objective of a perception system is to enable the autonomous vehicle to 
navigate safely and efficiently. In contrast to the on-road autonomous vehicles, off-road 
AGVs face many more challenges in traversable terrain perception. The off-road 
environments are unstructured where it is not clear the traversable areas and 
non-traversable areas. Below, Figure 2 shows structured and unstructured terrains. 
The levels of hazards are often unpredictable, and constraints on mobility make it difficult 
for off-road navigation compared to on-road scenarios. Thus, off-road navigation demands 
a sophisticated perception system to realise complete autonomy, which is level 5 based 
on the vehicle autonomy levels classification proposed by the Society of Automotive 
Engineers (SAE). The levels of autonomy for road vehicles are not described here, which 
can be found on the SAE J3016 standard [9], and it is harmonised with ISO standards as 
ISO-PAS 22736 [10]. 

Figure 2. (a) A structured terrain where traversable and non-traversable areas can be easily 
distinguished. (Tallinn University of Technology parking lot) (b) Unstructured terrain where the 
traversable terrain is ambiguous (Location near Lasnamäe, Estonia). 

The perception problem is currently being addressed by using various sensing 
modalities and processing methods. Nowadays, most AGVs depend upon Light Detection 
and Ranging sensors (LiDARs) and RGB colour cameras for localisation and environment 
perception [8, 11, 12]. Even the first autonomous vehicle, ALV, has used a TV camera and 
a laser scanner for terrain perception [7]. Different sensor modalities such as ultrasound 
sensors and radars are also used in specific applications to detect specific obstacles 
without being restricted to the RGB and LiDAR sensors mentioned above. Comprehensive 
details about sensors and measurements used on various unmanned systems are available 
in the reference [13]. Each of these sensors has its advantages and drawbacks. And some 
of them are prohibitively expensive for commercial applications. 

       (a) (b) 
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Various terrain surfaces and conditions make it difficult for an off-road AGV to 
navigate with LiDAR sensors and RGB cameras alone. One of such limitations with LiDAR 
sensor-based perception is its inability to distinguish navigable obstacles such as grass 
and non-navigable obstacles like rocks and other hard objects [14]. The visual similarities 
between different terrain objects like construction rubble with painted objects may lead 
to false object detections, affecting path planning.  In industrial vision applications,  
the Hue, Saturation and Values (HSV) colour model is used to overcome the issues such 
as illumination variations, shadows, reflections, etc. [15]. The HSV colour model has been 
used to detect traffic signs[16] and drivable roads[17] due to the advantages mentioned 
above.  

Not only monocular RGB cameras but also various other imaging technologies are in 
use with mobile robots. Stereo cameras, infra-red cameras, omnidirectional cameras, 
and event cameras are examples of them [13]. Besides RGB and monochrome vision 
sensing technologies, spectral imaging is an advanced vision technology that combines 
both imaging and spectroscopy [18]. The spectral sensor collects image data on 
numerous spectral bands across the electromagnetic spectrum. Depending on the number 
of spectral bands present in the image, spectral imaging is classified into different classes. 
They are mainly Multispectral imaging (MSI), Hyperspectral imaging (HSI), and Ultraspectral 
Imaging (USI) methods. MSI and HSI are the widely used spectral imaging methods in the 
industry. Typically, MSI contains tens of spectral bands while HSI contains hundreds of 
spectral bands of narrow bandwidths [19]. Each pixel of such image is a high-dimensional 
vector that contains spectral reflectance in tens or hundreds of contiguous wavelength 
bands within a specific wavelength range.  This technology can provide more information 
about the objects in the scene as it captures the reflectance on numerous spectral bands 
or image channels. 

Combined spectra of the reflectance variation in each spectral band form a 
characteristic signature for each material which is the spectral signature. Such spectral 
characteristics can distinguish various terrain objects with better accuracy than RGB 
images. The spectral imaging technology initially appeared in the early 1970s with the 
Landsat satellite program, where it used a multispectral scanning system (MSS) 
comprised of visible and near-infrared spectral bands [20]. Spectral imaging is not limited 
to the visible light range in the electromagnetic spectrum compared with the RGB vision 
systems.  Using appropriate wavelength ranges such as visible light, Near Infrared (NIR), 
Short Wave Infrared (SWIR), and Medium Wave Infrared (MWIR), it is possible to capture 
images that cannot be done using RGB cameras. Even though spectral imaging is widely 
used in precision agriculture, remote sensing, and various other industrial domains, it still 
finds little presence in AGV sensor suits used in mobile robotics. 

1.1 Background and motivation 
Multiple AGVs were introduced to the world from Estonia for package delivery  [21, 22] 
military and civilian applications [23]. And Tallinn University of Technology is actively 
involved in research and development activities related to AGVs and UGVs. Ground 
vehicle autonomy is one of the hottest research topics in robotics. Therefore, 
improvements for the UGV perception based on hyperspectral imaging methods could 
be a valuable contribution.  

Hyperspectral/multispectral imaging systems for autonomous driving has appeared 
in a few studies. Mainly for detecting a certain kind of obstacle that cannot be done 
otherwise. It is due to the abundance of information contained in the hyperspectral 
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image datacube. Typically, a hyperspectral datacube can be well over ~100MB in file size. 
Pedestrian detection for self-driving vehicles is one such application where it uses a 
multispectral camera [24]. Based on terrain classification research by Winkers et al., HSI 
could be used for terrain perception by combining machine learning methods for image 
analysis [25]. Ice, mud, and loose gravel are often challenging terrain conditions for 
UGVs. In the reference [26],  various imaging techniques were tried for mud detection.  
It has been concluded that the wettest regions of the terrain can be identified using SWIR 
wavelength range images, where wet mud from dry surroundings can be detected with 
RGB colour cameras. 

In hyperspectral imaging, the image datacube, also called a hypercube, contain 
hundreds of spectral bands. These hypercubes often contain redundant data in most of 
the spectral bands. Thus, it requires selecting an optimal number of image bands from 
the datacube. Such band selection for terrain surfaces detection in various outdoor 
environments is still a challenging task.  

The purpose of computer vision in AGVs is for scene understanding. Thus, a smart 
algorithm labels each pixel of an image, whether an RGB image or spectral image 
hypercube, with a terrain class. Such pixel-wise image labelling is called Semantic 
Segmentation [27]. Most of the existing scene understanding models in autonomous 
driving use RGB image semantic segmentation.  Since current research has drawn 
significant attention for on-road autonomy, object detection and classification in 
structured environments have been thoroughly explored. Thus, there are a significant 
number of research publications on man-made object detection and semantic 
segmentation. They cover both unimodal approaches with single sensor input and  
multi-modal approaches by fusing multiple sensor inputs [28–30]. Hence, man-made 
object detection is not the primary objective for this thesis and instead, it focuses on 
detecting natural obstacles as they appear in their native environment. In contrast to 2D 
image classification, a combination of spectral-spatial feature-based classification could 
paint a more accurate picture of the terrain. 

Self-driving vehicle manufacturers like Tesla, Inc already harnessing the power of 
modern machine learning methods such as deep neural networks for object detection, 
lane marking detection, etc. With state-of-the-art algorithms such as convolutional 
neural networks (CNN), it has been possible to extract the essential visual features crucial 
for autonomous navigation. Similarly, deep learning is becoming widely popular in HSI 
processing in various application domains [31]. 

1.2 Problem statement and research objectives 
Hyperspectral imaging has excellent potential in terrain object detection, thus improving 
UGV perception, as explained in the previous section. Here are the research gaps found 
out in current research related to HSI for terrain perception. 

• Most of the feature selection and feature extraction methods for HSI are 
developed based on various use cases. However, there has not been any such 
feature selection/ extraction methods developed for terrain classification.  
As autonomous vehicles have limitations in computational capabilities in their 
computing hardware resources, the methods should be efficient. Therefore,  
it requires developing a simple and effective feature selection algorithm for HSI 
terrain classification applications. The computation power for the perception 
system could be reduced by reducing the number of spectral bands in the images. 
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• The RGB imaging sensors work as the primary vision input in most of the ground 
vehicles available nowadays. These RGB images are used in semantic 
segmentation algorithms to classify various terrain objects, and these 
algorithms require large amounts of accurately labelled image data. Manual 
image labelling is a time-consuming and labour-intensive process, which hinders 
large scale dataset creation. There is a need for an efficient method to minimise 
the cost and effort of manual labelling. 

• Although hyperspectral imaging is a novel technology in computer vision, still it 
finds little research effort put into spectral imaging to use this technology as a 
visual input for terrain perception in ground vehicles by the research 
community. There is a gap in terrain perception research to investigate the 
possibilities to use HSI segmentation to augment RGB image segmentation.  

• Multispectral image semantic segmentation shows profound advantages over 
RGB image semantic segmentation in biomedical applications. The use of 
spectral images in the spectral-spatial classification method has not been 
validated for unstructured terrain segmentation. And there is no data to assess 
the effectiveness of spectral image based semantic segmentation accuracy over 
RGB for unstructured terrains. 

• There are challenging environmental conditions such as black ice on driving 
terrain or wet soil encountered by both on-road and off-road vehicles. Driving 
on such terrain conditions poses a danger to both vehicles and operators. 
Whether there is a possibility to detect such challenging environments using 
spectral images should be explored. 
  

Below are the main research objectives which will cover in this thesis. 
 

1. Develop an effective band selection method to distinguish various terrain classes 
in unstructured environments. The method should be computationally simpler 
and efficient, thus enabling the outcome to implement on embedded computing 
hardware platforms with low computing capabilities often used in mobile robots. 

2. Introduce an efficient method for image dataset generation using HSI. 
a. Hyperspectral image pixel-wise classification in the spectral domain could be 

used as labels for image datasets. 
b. RGB images could be created from HSI.   
c. Thus, compare the effectiveness of such segmentation vs manually labelled 

image datasets. 
3. Investigate state-of-the-art spectral-spatial HSI semantic segmentation networks 

based on deep convolution neural networks for terrain semantic segmentation. 
Draw necessary comparisons with RGB semantic segmentations. 
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1.3 Thesis contributions 
This thesis made the following contributions to address above mentioned research 
questions. 
 

1. One of the contributions of this thesis is an unsupervised band selection method 
to extract a few spectral bands from a hypercube. The proposed method can 
efficiently identify the most significant spectral bands for terrain image 
classification. The method was validated by classifying various terrain object 
classes found in off-road terrain scenarios (Publication I). 

2. HSI pixel-wise classification using spectral data have been compared with RGB 
semantic segmentation, which shows that HSI pixel-wise classification is more 
accurate than that of the RGB semantic segmentation for terrain classes. 
Therefore, it can be summarised as the HSI pixel-wise classification can be used 
as ground truth labels for further semantic segmentation CNNs (Publication II).  

3. The capabilities of HSI imaging were demonstrated as an alternative way to 
minimise manual image annotation for RGB image dataset preparation. The RGB 
images generated from 9-band HSI datacubes using manifold alignment 
methods proves that those images have a higher correlation to the actual RGB 
images captured from the same scene. The results show that the approach can 
be used effectively to train CNNs for RGB vision. 

4. Demonstrated the effectiveness of HSI semantic segmentation in spectral-spatial 
domains for terrain classification scenarios. Introduced encoder-decoder based 
CNN architectures are highly effective in classifying such images trained with 
small image datasets.  
 

The scope and boundaries of this thesis are as follows. Even though the work mainly 
focuses on ground vehicle application in off-road scenarios, it is not focused on a specific 
vehicle platform.  The HSI processing and classification methods proposed in this thesis 
are not limited to ground vehicle navigation applications but equally can be applied to 
various other application domains.  

This study was carried out at Tallinn University of Technology from 2017 to 2021.  
The outcomes of this doctoral research have been published in several IEEE conference 
proceedings, including MSM2020 and REM2019. And they are available on IEEE Xplore. 
The most relevant articles to the thesis are attached in the Appendix. 

1.4 Research methods 
The end goal of the thesis is to produce research outcomes that are feasible and viable 
to implement in real-world robotic applications. And the cost of the components used in 
the research is an important factor for future commercial viability. The hyperspectral 
cameras in the VNIR wavelength range are commercially cheaper than other cameras 
beyond the VNIR range. Although beyond the VNIR range, SWIR might provide more 
information of the scenes that cannot be captured in the VNIR range, it would limit the 
viability of real-life implementation. The hyperspectral imaging sensors in VNIR spectral 
range are based on silicon semiconductors, while the SWIR range is made of expensive 
semiconductors such as InGaAs, making those SWIR sensors pricey [32].  Therefore, this 
study focuses on hyperspectral imaging cameras in the VNIR wavelength range, which 
spans 400 – 1000 nm. 



16 

Following cameras were used in this research for HSI datacube acquisition: 
• Ximea xiQ MQ022HG-IM-LS150-VISNIR camera from Ximea GmbH [33] 
• Specim IQ mobile hyperspectral camera from Specim Spectral imaging Ltd 

[34]  
• Resonon Pika II VNIR hyperspectral cameras from Resonon Inc [35] 

 
Hyperspectral images captured using a portable camera tripod and mounting the 

hyperspectral camera at around 1,0 m height mimic the camera position of an actual 
AGV. The hyperspectral imaging sensor calibration was performed in-situ before taking 
images using the white reference calibration target provided by the camera 
manufacturer. The HSI hypercubes containing off-road terrain scenarios were captured 
at various locations in Estonia.  

The RGB colour space will be used to compare the HSI perception methods. 
All the algorithms, program codes, software test tools for this research were 

developed by the author. Furthermore, the experiments were carried out using the 
captured hyperspectral datacubes. MATLAB 2020b and its libraries were used as the 
primary programming tool, while Python and Visual C# programming languages have 
been used to develop software tools for various experiments. 

The main processing computer is an HP Z4 workstation with Intel Xeon W-2123 
3.6GHz Central Processing Unit (CPU), 32GB Random Access Memory RAM, and Nvidia 
P4000 GPU with 4GB RAM as hardware configuration. 

1.5 Thesis structure 
Chapter two of this thesis covers the existing literature review regarding state-of-the-art 
of terrain perception and spectral imaging. The same review further covers hyperspectral 
band selection approaches, classification methods, and semantic segmentation 
approaches on autonomous vehicle perception. The novel band selection method 
describes in the third chapter, where it presents experimental results and comparison 
results of image classification with existing methods. Hyperspectral images could be 
visualised in RGB colours to use on RGB semantic segmentation. The fifth chapter contains 
terrain segmentation using developed band selection methods and a comparison of RGB 
image semantic segmentation for off-road scenarios. The seventh chapter concludes the 
thesis with a summary of each contribution. The future research directions are also 
presented included in this chapter. 
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2 Literature Review 
2.1 Terrain perception 
Terrain perception is the core technical challenge for autonomy, and this topic has been 
in research for several decades. From early experimental autonomous vehicles, imaging 
and laser scanning were integral to terrain perception [7]. The RGB images and LiDAR 
point clouds are the most dominant inputs for terrain perception [36–39]. In addition to 
RGB imaging, several studies have explored the advantages of RGB-D imaging methods 
[30, 40, 41]. The majority of them focused on structured-environment perception, while 
a few studies went into unstructured environment perception. 
On the contrary, an unstructured terrain object recognition method that has been 
presented by Erkan et al. [42] is purely based on vision sensors. As opposed to the impact 
of depth-sensing for off-road scene classification, Holder et al. suggest that RGB-D does 
not provide a significant advantage for detecting hazardous off-road terrains by taking 
several off-road datasets, including water puddles [43].  Alternatively, stereo vision for 
off-road object detection has been in multiple studies, including Defence Advanced 
Research Project Agency’s Grand Challenge competition in 2005 [44], in agricultural 
environments [45] and a few other off-road autonomous driving projects [46]. Moreover, 
several studies have dived into beyond the visible light wavelength range imaging such 
as SWIR, MWIR and Long-Wave Infrared (LWIR) [26, 47, 48]. Objectives of such 
investigations were to detect various hazardous objects, hazardous terrains, safely 
navigate under adverse weather conditions and achieve passive terrain perception for 
sensitive applications. 

The MSI/HSI based perception research attracted less attention than the RGB  
imaging-based perception research over the years. Here is a summary of recent 
developments in spectral imaging in terrain perception for autonomous navigation of 
ground vehicles. 

One of the early research work into spectroscopic imaging for terrain perception had 
been realised using Acousto-optic tunable filters (AOTF) along with a Charge Coupled 
Device (CCD) camera in the late ‘90s [49]. Apart from the AOTF, polarising filters have 
been used in the same research to detect road hazards such as wet and icy roads.  

For a natural terrain classification task, a multispectral imaging-based technique with 
machine learning has been used by Namin et al. [50]. The authors have used VNIR 
spectral range multispectral camera with seven spectral bands where they achieved a 
classification accuracy of 92 % and 89 % with SVM and Adaboost classification methods. 
The number of terrain classes used for the classification was ten which include natural 
and man-made terrain objects. Winkens et al. have proposed an HSI approach using a 
snapshot hyperspectral camera with 16 spectral image bands for drivable and un-drivable 
terrain detection. Even though the camera spectral range is limited to 470 – 620 nm,  
the authors presented successful results for a terrain classification of four classes using 
the Random Forest algorithm [51]. A four-channel multispectral camera has been used 
in vegetation and bare soli detection within the visible light wavelength range.  
The authors suggest that the Normalised Difference Vegetation Index (NDVI) index is 
successful vegetation and soil differentiation measure [26]. The research works 
mentioned above fulfil the needs for scene understanding further ahead of the vehicle, 
which would improve long-range path planning. 

Long-range path planning, and nearby ground analysis for the traversability around 
the vehicle, are both important tasks in autonomous driving. The ground surface texture 
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around a vehicle captured using a mosaic hyperspectral camera with 25 image bands 
organised in a 5x5 mosaic pattern has been used to project the texture to the ground 
surface height map created using 3D LiDAR. Using the method suggested by Fuchs et al., 
the navigation system can map the terrain around the vehicle. The proposed approach 
suggests that semantic analysis of the environment can help detect and avoid risks posed 
by terrain right ahead of the vehicle [52]. 

2.2 Semantic segmentation of terrains 
2.2.1 Overview of semantic segmentation 
For AGV navigation, drivable and undrivable terrain should be identified by the 
perception systems, which typically comprised of RGB cameras and LiDAR sensors,  
as mentioned before. Scene understanding based on images is the objective of semantic 
segmentation. Assigning each image pixel with a certain category (class) label or semantic 
label is called semantic segmentation in computer vision. Semantic segmentation helps to 
locate the specific objects in their exact spatial locations in the image. In terrain semantic 
segmentation, the classes or categories are different terrain types such as gravel, dirt, 
mud, grass, etc. Such image segmentation is a common classification type problem in 
computer vision. State-of-the-art semantic segmentation methods are mostly CNN 
algorithms based on deep learning. The deep neural networks require a large number of 
images and labels as inputs.  

With the introduction of Fully Convolutional Networks (FCN), the deep learning 
models revolutionised semantic segmentation with remarkable accuracy for RGB images 
[53]. During the past several years, deep learning methods evolved rapidly. As a result, 
there are numerous architectures introduced with various features. A deeper comparison 
between major network architectures, such as VGG, ReNet, ResNet, DenseNet, ResNeXt, 
and MobileNet, is discussed in a review article published by Hao et al. [54]. The same 
article discusses various novel methods based on the above CNN backbones, real-time 
methods, weakly supervised methods, popular public datasets, evaluation matrices of 
semantic segmentation, etc. A comprehensive description of the DCNN constituents such 
as convolution layers, pooling layers, fully connected layers, activation functions is 
presented by Kaymak et al. in their semantic segmentation review article, which is 
oriented towards autonomous driving applications [27].   

The “2.6 Hyperspectral image classification methods” section will discuss the  
multi-layered image semantic segmentation methods. 

Fully supervised learning methods proven to produce the highest accuracy in semantic 
segmentation, which requires accurately annotated image data labels. Even though 
there are software tools for image labelling, manually annotated images are the most 
accurate. Instead of strongly annotated label images, semantic segmentation accuracy 
has been investigated using a large number of weakly labelled and a small number of 
strongly labelled images showing 69 % IoU for the PASCAL VOC 2012 benchmark. 
Compared to a strongly annotated image dataset that yielded 70,3 % IoU, the weakly 
annotated fell short by a 1,3 % margin  [55]. In this case, the weakly annotation was 
locating the objects on the image with bounding boxes that shows the coarse object 
locations. 
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2.2.2 Unstructured terrain semantic segmentation 
Semantic segmentation of unstructured terrains is a complex task using RGB images due 
to numerous classes in the scene, which are of a mixture. When it comes to on-road 
terrain semantic segmentation, most of the classes, objects are man-made, such as 
roads, road signs, buildings, lamp posts, other road vehicles, etc. In terrain perception, 
most scene understanding models are developed for structured terrains or regular urban 
driving environments. 

In contrast to the structured terrains, literature for unstructured terrain semantic 
segmentation is rather sparse. As a result, this review is based on three research articles 
published based on unstructured terrains [56–58]. There are different types of 
unstructured terrains. They are either urban driving environments that lack the structure 
or fully off-road terrains. Most developing countries have less structured driving roads, 
even in urban areas, which resembles unstructured terrains. Those unstructured terrains 
comprise gravel roads, gravel sidewalks, muddy spots, and water puddles, etc. Semantic 
segmentation of such terrains has been introduced with modified DeeplabV3+ DCNN by 
Baheti et al. and has been tested with India Driving Dataset (IDD), achieving 68,61 mean 
Intersection over Union (IoU) [56]. The same authors proposed another DCNN 
architecture called Eff-UNet for the same task, tested on the above mentioned IDD [57]. 
The Eff-UNet architecture is based on EfficientNet[59] encoder and UNet [60] decoder 
forming encoder-decoder architecture. With this architecture, the authors have achieved 
an accuracy of 62.76 mean IoU for IDD. The encoder-decoder architectures manifest that 
they are the most outstanding DCNN architectures so far to perform semantic 
segmentation. Following encoder-decoder architectures, Sgibnez et al. have proposed a 
lightweight DCNN architecture for an off-road terrain semantic segmentation [58].  
The authors have experimented with multiple DCNN options as backbones for their 
encoder-decoder architecture based on ResNet, MobileNetV2, ShuffleNetV2 and 
EfficientNet-B0. All the reviewed articles above are based on RGB images as inputs. 

There are several challenges for semantic segmentation performance when those 
classification algorithms run in real-time in real-world applications. The variation of 
environment lighting conditions, weather, camera parameters and shadows can greatly 
influence the classification outcome [61, 62]. A robustness assessment method for 
semantic segmentation was proposed by Wen Zhou et al., which uses a LiDAR. However, 
the proposed method has been validated on structured terrain conditions, where they 
validated road class under various environmental conditions [61]. 

U-Net Architecture 
The U-Net architecture was introduced to biomedical image segmentation in 2015 [60]. 
A higher semantic segmentation accuracy with a smaller dataset is the most significant 
advantage of this architecture. Data augmentation has helped achieve the claimed 
accuracy level, which the authors have demonstrated the network accuracy of 92% and 
77.6% using two biomedical image datasets containing 35 and 20 annotated training 
images, respectively.  

The U-Net architecture has been built with a contracting encoder branch and an 
expanding decoder branch. Two convolution operations with Relu activation are used in 
every layer of the network. Convolution input layers are not padded where every 
convolution reduces the size of the output. Since it uses 2 x 2 max pooling and  
up-convolutions, the input images should have even X and Y dimensions. The skip 
connections help recover some of the fine details while decoding. The U-Net architecture 
is illustrated in Figure 3. 
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Figure 3. U-Net architecture for biomedical image segmentation [60]. 

2.2.3 Image annotation 
Various tools have been developed to minimise the effort it takes for semantic image 
annotation, such as Supervisely [63], SuperAnnotate [64], MATLAB Image Labeller [65], 
LabelBox [66], LabelMe [67], and Microsoft Visual Object Tagging Tool (VoTT) [68]. These 
applications offer various shape matching tools such as circles, triangles, rectangles, and 
other polygons to define the object’s boundaries in the image. The polygon-based 
methods do not accurately define the object boundaries. 

Image boundary-based semi-automated annotation tool proposed by Qin et al. claims 
that it reduces manual clicks to select image boundary points by 73%. The authors use 
edge detection and splitting algorithms to cluster the image regions, followed by a few 
manual selection clicks to annotate the image. This approach does not depend on any other 
input to assist annotation [69]. A semi-automated annotation tool called “EasyLabel” was 
proposed by Suchi et al. for an indoor object dataset [70]. Their method is based on  
RGB-D vision and is suitable for pixel and object-wise labelling of indoor objects. With 
the help of an object detector model and 3D layout estimator, Reza et al. have proposed 
a video data automatic annotation method. Their application is also focused on indoor 
scene labelling [71]. 

Based on the existing literature, the outdoor scene annotation methods have not 
gained enough attention. 

2.3 Spectral imaging 
Hyperspectral imaging technology is being successfully used in various industrial 
application areas such as precision agriculture [72, 73], food quality inspection [74–76], 
pharmaceutical production [77, 78], crime investigation [79, 80], waste sorting [81, 82] 
and so on. However, it is still finding little presence in autonomous driving.  
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In contrast to RGB imaging methods, MSI and HSI methods offer more information 
about the objects in the scene. The RGB imaging method provides only the spatial 
information of the scene in comparison to MSI or HSI. Moreover, RGB imaging only 
provides information within the visible light wavelength range, 400 – 760 nm. On the 
contrary, the MSI and HSI methods provide both spatial information and spectral 
information. These two methods are used within and beyond the visible light wavelength 
range. Below Table 1 summarises the capabilities of each image acquisition method 
based on the information available in the image relative to each other. 

Table 1. Main differences between HSI, MSI, Spectroscopy and RGB imaging. Classification bullet 
rate (1-3) is a relative representation of the information available in each acquisition method [83]. 

Imaging method Spectral information Spatial information 
Hyperspectral imaging ●●● ●●● 
Multispectral imaging ●● ●●● 
Spectroscopy ●●● ● 
RGB imaging ● ●●● 

 
Based on the number of spectral bands in the sensor, the constructions of MSI and 

HSI sensors and the spectral cameras is different. So do the image acquisition methods. 
Most MSI sensors are constructed with bandpass filter deposition in a mosaic 
pattern[84][85] for single-sensor cameras. There are multi-sensor cameras built using 
several single band sensors combined as an array [86]. The HSI cameras can be based on 
tunable filters, line scan sensors, snapshot imaging sensors. Line scan with push-broom 
method is widely used for HSI image acquisition, which differs from the area scan method 
used in RGB imaging and MSI. Line scanning is a slow process compared to the area scan 
that restricts the capture of images of dynamic objects. Different spectral image 
acquisition modes are discussed by Li et al. in their spectral imaging review article for 
biomedical imaging [87]. Even though HSI and MSI provide more information about the 
scene, both technologies have characteristic issues.  

2.4 Dimensionality reduction in hyperspectral images 
The HSI data cubes contain a large amount of spectral data in hundreds of contiguous 
spectral bands. Therefore, it provides high-resolution spectral characteristics of the 
object under investigation than other imaging methods. Even though there are 
advantages of high-resolution spectral characteristics, there are drawbacks as well.  
A large amount of data makes datacube processing computationally expensive.  
Moreover, the spectral data in contiguous bands are often redundant and correlated. 
Such a large amount of data causes the Hughes phenomenon. The Hughes phenomenon 
is when the classification accuracy increases by increasing the number of spectral and 
then drastically drops when it reaches a certain number of features in small sample size 
[88, 89].  

Due to these reasons, there is a need for selecting optimum spectral bands which 
contains sufficient information to characterise the objects under investigation. This process 
is called dimensionality reduction, which transforms high dimensional data into low 
dimensional space. There are two different approaches to address this problem. One is 
feature extraction, while the other is feature selection or band selection [90]. The two 
methods are significantly different from each other. Feature extraction methods will not 
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contain original spectral information after the dimensionality reduction due to data 
transformation during the process [91]. 

On the other hand, the feature selection approach does not alter the original pixel 
data in the hyperspectral data cube, thus preserving the intrinsic information [91].  
So that, one of the goals of this thesis is to find out the most suitable band 
selection/feature selection method for a terrain classification task. By selecting a limited 
number of spectral bands, it would be possible to develop an optimised multispectral 
sensor for UGV imaging applications, eventually enhancing the classification speed.  
The feature extraction methods are not suitable for this thesis work as they will not 
maintain the correlation between original spectral bands and the transformed data. 

For autonomous ground vehicle applications, CNN training using numerous wavelength 
band groups according to terrain classes is a complex, labour, and time-intensive task. 
Mainly due to a large number of terrain classes available in unstructured terrain 
environments. The objective of band selection or feature selection is to identify the 
optimum spectral bands which provide the most distinctive and informative spectral 
characteristics to achieve the highest classification accuracy [92]. Numerous band 
selection methods have been introduced by the research community based on various 
applications and imaging conditions. These band selection methods are categorised into 
six different groups as ranking-based, searching-based, clustering-based, sparsity-based, 
embedding learning-based, and hybrid-scheme based methods [93].  

The supervised band selection methods perform superior to the unsupervised 
methods [94]. However, in the case of terrain classification for unknown environments, 
supervised methods require retraining for new terrain object classes, which makes it less 
desirable over unsupervised band selection methods. Therefore, the ideal band selection 
method should be either an unsupervised or a semi-supervised method that uses less 
labelled data. Nevertheless, supervised methods are widely used in HSI band selection.  

Most band selection methods are benchmarked with widely popular public datasets 
such as the Indian Pines dataset [95], Salinas valley dataset, and Pavia University dataset 
[96]. These datasets are mostly used in remote sensing research. Indian Pines dataset 
has been collected by AVIRIS sensor over North-western Indiana, which contains 224 
spectral bands in visible/near-infrared wavelength range of 400 – 2500 nm. The dataset 
contains 16 classes [95]. Salinas valley scene also collected by AVIRIS sensor with 224 
spectral bands spanning from visible – infrared wavelength range. The image contains 16 
different classes [97]. Pavia dataset has collected over University of Pavia, Northern Italy 
by ROSIS – 3 sensor which contains nine different classes. The dataset contains 103 
spectral bands in the 430 – 860 nm visible light wavelength range.  

Unsupervised dimensionality reduction methods 
Unsupervised band selection methods are developed based on different criteria. Mostly 
used criterion is the correlation between different spectral bands.  

The Principal Component Analysis (PCA) methods transform data from a high 
dimensional space into a lower-dimensional space [98]. The first few dimensions of the 
resultant PCA conversion contains most of the information. However, the resultant 
image keeps the important characteristics of the dataset while dimensionally reducing 
PCA datacube.  After PCA, the resultant image does not reveal its original intrinsic image 
band structure. This method is older and widely used in hyperspectral image dimensionality 
reduction as a benchmark. 

Manifold learning is another non-linear dimensionality reduction approach.  
The spectral-spatial manifold reconstruction preserving embedding method has been 
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proposed by Huang et al., a novel manifold learning method. Their method proposes a 
novel distance criterion called spectral-spatial combined distance as the distance 
matrice. In this method, the HSI data is filtered using a weighted mean filter as the first 
step. Then, it uses spectral-spatial combined distance matric to select spectral-spatial 
neighbours. A spectral-spatial adjacency graph is constructed using graph embedding in 
this method. This method would reveal the intrinsic manifold structure [99]. 

The similarity measure is one of the criteria for band selection, where it uses mutual 
information of spectral band and a reference band to select the most suitable spectral 
bands.  

Supervised learning-based band selection methods  
There are numerous band selection techniques based on the supervised learning 
method. Some of them use state-of-the-art CNN algorithms, which outperform most of 
the classical methods. 

Band selection based on band-wise independent convolution and hard thresholding 
technique has been incorporated into CNN by Feng et al. The proposed method 
comprises band selection, feature extraction and classification [100].  

A CNN based band selection method has been presented by Rui C et al. called  
CM-CNN, in which they propose a new structure in the neural network called 
contribution map. This method allows the extraction of discriminative spectral bands 
from the dataset. However, according to the published experimental results, the proposed 
CM-CNN method yields higher classification accuracy when selecting more than 40 
spectral bands for the Indian Pines dataset and more than 30 spectral bands for the Pavia 
University dataset [14]. Unlike the other NN based methods, this method gives the most 
discriminative spectral bands while it cannot achieve higher classification accuracy for 
fewer number of (< 20) spectral bands. 

Attention-based CNN method for HSI band selection could achieve comparable 
classification results with SVM. The attention-based CNN algorithm has been tested and 
validated on the Salinas valley dataset and Pavia university dataset. In that study,  
the researchers have compared the classification accuracy of three different CNN 
models, which did not show any statistical significance [101]. 
Band selection based on CNN with distance density proposed by Zhan, Y et al. show  
a better classification accuracy with a higher number of spectral bands. Especially the 
proposed BSCNN+ DA, which uses data augmentation with distance density calculation, 
outperforms all the other methods in their research. The most significant achievement 
in their study is that the method initially uses all the spectral bands in the datacube to 
train CNN. Then use distance density-based bands reduced datacube using Rectified 
Linear Unit (ReLU) activation function to iteratively select bands classifying the image and 
estimate the precision of each method to extract most significant spectral bands without 
retraining the CNN for every iteration. As the authors mentioned in their publication, 
their method is not effective when the number of selected spectral bands is less than 30.  
The other traditional methods can easily outperform the BSCNN+DA method if the 
selected spectral band count is less than 30. However, their method has other significant 
drawbacks as it needs to test all possible band combinations for every band partition in 
the datacube until it finds the optimum bands set. In other words, it requires a large 
number of iterations to identify the suitable bands, which makes their method 
computationally expensive [91].  
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2.5 Hyperspectral image visualisation 
In order to train RGB semantic segmentation neural networks, it is required to prepare 
image datasets with RGB images and their ground truth. The ground truth is the actual 
pixel class which comes from image pixel-wise classification. The RGB image needs to be 
generated from the HSI datacube. The goals of such an RGB image generation method 
should be consistent rendering, edge preservation, computational ease, and natural 
colour palette, which are the most relevant in this research context [102]. 

Selecting three image bands from red, green, and blue wavelength ranges and 
mapping them to RGB channels is the simplest method to generate RGB images from HSI 
[103].  

The hyperspectral image visualisation method proposed by Su et al. is based on 
visualisation orientated band selection followed by band similarity computation. In this 
case, they select three bands to produce trichromatic visualisation from three 
wavelength ranges for red, green, and blue, respectively. They use a band selection 
method that gives fewer spectral bands for each colour wavelength range, which is 
subsequently used to calculate the correlation coefficient to determine the similarity 
between the bands in the same wavelength range to choose one image band. Also,  
it looks for the dissimilarities between the selected bands in the other colour wavelength 
range, which can add most of the information into the final visual representation [104].  

Several methods have been developed on filtering techniques [105, 106]. One of them 
is a most recent method based on PCA with edge-preserving filtering, which claimed to 
have better image contrast and original details of the image [105]. Similarly, using PCA 
and edge-preserving filtering, the bilateral filtering-based image fusion method has been 
proposed by Kotwal and others. Their method uses band weights at each pixel for image 
fusion [106].  

Another image visualisation approach is the manifold alignment technique. In this 
case, the RGB images captured from the same or semantically similar site to the location 
where HSI images capture, the manifold alignment approach can transfer colour 
information from RGB images to HSI visualisations. Fusing the hyperspectral image with 
a high-resolution colour image using manifold alignment needs a few matching pixel 
pairs that present the same object in the scene [103]. 

2.6 Hyperspectral image classification methods  
In hyperspectral imaging, achieving the highest classification accuracy is the main 
objective. There are various methods have been developed for hyperspectral image 
classification in various application domains. One of the challenges in HSI classification is 
the difficulty to extract of endmembers. The endmember is the pure signature of a 
particular material (object) class [107], often discussed in chemical/mineral analysis and 
other fields. The objects found in nature do not occur in their pure state, which adversely 
impacts classification accuracy. 

2.6.1 Pixel-wise classification  
Most of the HSI classification methods are developed for pixel-wise classification. From 
statistical methods to modern DCNN methods developed in the context of spectral 
signature-based discrimination. 

Multilayer perceptron (MLP) networks are the simplest and the basis of artificial 
neural networks, which has been in use with diverse applications. These feed-forward 
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NNs were introduced for HSI classification decades ago. Even though they are simple, 
they can achieve high accuracy in hyperspectral image classification [108]. After the band 
selection, the hypercubes contain fewer spectral bands, which can efficiently classify the 
image despite some inherent pitfalls with the method. 

Various CNN based classifiers have been developed in recent years. There are several 
feature extraction CNN architectures proposed in the reference [109]. The authors of the 
publication have proposed 1-D CNN, 2-D CNN and 3-D CNN for feature extraction and 
image classification.  

The 1-D CNN is a single-pixel hyperspectral image classification network. The depth 
dimension of the datacube is the spectral distribution, which is 1-D image input for the 
NN [110]. These networks also contain convolution layers, activation function layers,  
and pooling layers. As mentioned before in the supervised band selection methods 
section, the distance density based band selection method uses 1-D CNN for classification 
[91]. Furthermore, the 2-D CNNs look into spatial features of each layer while 3-D CNNs 
learn both spectral-spatial features [109].  

2.6.2 Spectral-spatial classification  
Hyperspectral image classification based on both spectral-spatial features is the most 
appropriate classification approach for terrain perception. As it is mentioned before,  
the endmember identification for terrain object classes is not a viable solution. Since 
image pixels in the hypercube may have mixed with noise and neighbouring spectral data 
cause spectral mixing, the classification result based on spectral signature may not 
always be accurate. A combination of spectral-spatial features can overcome such 
complications. In contrast to the classical methods based on pixel-wise spectral data 
classification, the spectral-spatial combination looks at both spatial image features on 
two spatial dimensions and spectral image features on the third dimension.  Therefore 
spectral-spatial combined classifiers perform better than pixel-wise spectral image 
classifiers [111]. There are numerous spectral-spatial HSI classification methods have 
been published so far. The earliest spectral-spatial joint classification of HSI was 
researched several decades ago, where Landsat imagery data were classified using 
neighbouring pixel patterns and the Markov approach [112].  

However, HSI classifications related to terrain perception for autonomous navigation 
applications is nearly non-existent compared to remote sensing applications.  
The spectral-spatial classification methods reviewed in this state-of-the-art review are 
based on the methods developed for remote sensing applications and other multi-band 
image classification applications such as medical image classification. The key criterion 
for the optimal image segmentation is the computational time, and classification 
accuracy of the method benchmarked on each domain’s popular datasets. 

The state-of-the-art classification architectures are mostly DNN architectures.  
In the remote sensing application domain, the classification methods are mostly 
benchmarked on popular remote sensing datasets such as Indian Pines, Pavia University, 
KSC, and Salinas datasets. The most efficient models in remote sensing are 3D CNNs 
which achieved the highest classification accuracies, well over 95% for popular datasets 
and with the lowest processing times [113–115]. These architectures use image  
patches or smaller windows of the image as inputs to the classification network. Thus,  
the resultant is a pixel class that gives the centre pixel class of the input patch as the 
outcome. 
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2.7 Chapter summary 
There are various band selection methods available for HSI. However, they are optimised 
for various applications. Those methods were developed without aiming to use 
embedded computing hardware, which can be used on an AGV. Therefore, it is needed 
to develop an efficient band selection method aimed at discriminating terrain surface 
classes. Based on the research, the data sparsity-based methods are simpler yet effective 
for band selection. Thus, novel band selection should be based on the data sparsity-based 
method. 

The RGB image ground truth labelling is still being done by manually using various 
labelling software tools. However, it is a costly process to generate a large image dataset. 
The possibilities to use hyperspectral imaging to assist in identifying the ground truth has 
not been explored. In the situation of HSI use in terrain segmentation, most of the 
perception might still be dependent on RGB imaging due to faster classification speed. 
Under such conditions, there will be a need for RGB semantic segmentation CNN training 
for unstructured terrain classification cases. Due to the difference in spatial resolutions 
of HSI and RGB images, there might be a need for image labels for both cases separately. 
As some CNN models will not work with varying spatial resolutions, creating two image 
datasets would be difficult due to the intensive manual work required for such operation. 
There has not been any research on that area to utilise HSI based CNN model for RGB 
classification. Such development needs to make RGB images from HSI datacubes.  
The RGB image generation from HSI in unstructured terrain context also has not been 
explored before. 

The U-Net DCNN architecture has proven successful in semantic segmentation with a 
limited number of training samples. Furthermore, the U-Net architecture accommodates 
multi-channel images, which resembles HSI datacubes. Since the hyperspectral dataset 
in this research is not a large image dataset, the U-Net architecture would be the most 
appropriate solution for HSI classification. There are spectral-spatial segmentation 
models that have been developed for multi-layered images. Still, those techniques have 
not been widely applied in HSI image classification for autonomous vehicle terrain 
perception scenarios. 
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3 Band Selection Method for Terrain Hyperspectral Imaging 
3.1 Overview 
One of the objectives of this thesis is to investigate band selection methods that can be 
used to reduce the number of spectral bands of HSI datacubes while preserving intrinsic 
characteristics. The suitability of the method should be evaluated based on its performance 
in unstructured terrain classification applications. According to the literature review in the 
preceding chapter, numerous band selection techniques are available for various 
applications. The method proposed in this chapter is similar to the pooling operation 
commonly used in CNN algorithms.  

The experimental unstructured terrain datasets were acquired using Specim IQ mobile 
hyperspectral camera. These datasets represent off-road terrain in Estonia as this 
research focused on off-road terrain classification. 

 

 
Figure 4. The RGB image of the terrain HSI dataset. 

3.2 Methodology 
The concept of the band selection method is to use the pooling operation in the spectral 
axis. Thus, detect the most significant peaks from each pooling kernel and extract distinct 
spectral bands.  

The dataset was calibrated for relative reflectance using white and dark references 
taken while capturing the image. The data cube contains 12-bit resolution reflectance 
data for each band. Therefore, the calibrated image was kept with the same resolution. 
In (1) 𝐼𝐼𝑖𝑖  denotes the calibrated reflection intensity at 𝑖𝑖𝑡𝑡ℎ band while 𝐼𝐼𝑜𝑜𝑖𝑖  is the reflectance 
of the original image at 𝑖𝑖𝑡𝑡ℎ wavelength band. Similarly, 𝑊𝑊𝑖𝑖  and 𝐷𝐷𝑖𝑖  denote the white 
reference reflectance and dark reference reflectance at the respective band. 

 

 𝐼𝐼𝑖𝑖 = 4095 × �
𝐼𝐼𝑜𝑜𝑖𝑖 −  𝐷𝐷𝑖𝑖
𝑊𝑊𝑖𝑖 −  𝐷𝐷𝑖𝑖

� (1) 
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The objective of band selection is to extract a certain number of spectral bands which 

characterise the objects in the scene to define spectral bands for a multispectral sensor. 
As the first step, it is required to define the desired number of spectral bands, i.e. 9, 16 
or 25 bands.  

The number of pooling iterations is calculated based on the desired bands count, 
together with the size of the pooling window for each iteration. A hyperspectral image is 
a 3D datacube with height (h) and width (w) as spatial dimensions while the number of 
bands on the third dimension or spectral dimension. Since band selection is performed 
on the spectral axis, it is required to unfold the image. If the image contains only a few 
classes that are necessary to distinguish, then the entire datacube could be unfolded and 
used to find out the characteristic spectral bands. On the other hand, if the datacube 
contains various objects which do not need to be distinguished, then the classes of 
interest should be selected from the images.  

After unfolding, it is a stack of pixels with spectral distributions. The HSI images used 
in this chapter have 204 spectral bands, and each pixel’s spectral distribution shows the 
reflectance intensities for all 204 bands. 

The original data cube columns are converted into rows of the modified image as in 
Figure 5. The purpose of unfolding is to perform pooling operations only on spectral data 
instead of spatial data. 
 

 
Figure 5. Spectral data cube unfolding. 

 

Max Pooling  
This method finds the largest feature in the pooling kernel. The kernels are chosen as 
non- overlapping. Max reflectance of the filter is calculated using (2). 
 

 𝑌𝑌𝑚𝑚𝑚𝑚𝑚𝑚 = 𝑚𝑚𝑚𝑚𝑚𝑚𝑖𝑖=0,..,ℎ,𝑗𝑗=0,..,𝑤𝑤 x𝑖𝑖,𝑗𝑗 (2) 
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Min - Max Pooling (Proposed method)  
In contrast to the max-pooling method, the min-max pooling method involves searching 
for the local minima and maxima (local extremum) in the pooling kernel. Peaks and 
valleys or the significant changes in the reflectance characteristic curves are the most 
useful spectral features for band selection. Therefore minimum points in the curve or 
valleys need to be taken into consideration too. This method searches for both minima 
and maxima in the current 𝑛𝑛𝑡𝑡ℎ kernel. The minima are calculated using (3). 
 

 𝑌𝑌𝑚𝑚𝑖𝑖𝑚𝑚 = 𝑚𝑚𝑖𝑖𝑛𝑛𝑖𝑖=0,..,ℎ,𝑗𝑗=0,..,𝑤𝑤 x𝑖𝑖,𝑗𝑗  (3) 
 
 

 
Figure 6. Min-max pooling method. 

Similarly, maxima and minima for the (𝑛𝑛 + 1)𝑡𝑡ℎ kernel will be calculated using the 
same equations (2) and (3). Find the maxima and minima coordinates in the spectral axis, 
which are the band numbers. The adjacent gradients are calculated between three 
consecutive extreme locations. Depending on the calculated gradient differences between 
extreme points, the band of either maxima or minima will be selected from the partition. 

In this algorithm, let the consecutive points be 𝑝𝑝1, 𝑝𝑝2 and 𝑝𝑝3 and the gradients of 
𝑝𝑝1𝑝𝑝2 as 𝑚𝑚1, 𝑝𝑝2𝑝𝑝3 as 𝑚𝑚2. Figure 6 shows how these points are located on the spectral 
axis. If the gradient difference is more than 0.15, which was obtained empirically, the 
point 𝑝𝑝2 will be more significant in the kernel: otherwise, 𝑝𝑝1 is more significant.  
The vector 𝐵𝐵 is taken from (4). Below coefficient, ε is obtained empirically and depending 
on the classification accuracy for chosen classes. For the terrain classification, the ε was 
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chosen as 0,15. After obtaining band vectors for all 𝑛𝑛 number of samples which is the 
number of pixels in the image, the maximum occurrence bands will be taken as the final 
band set.  

 

 𝐵𝐵 = �𝑝𝑝2,         𝑖𝑖𝑖𝑖 𝑚𝑚2 −𝑚𝑚1 > 𝜀𝜀
𝑝𝑝1,                    𝑜𝑜𝑜𝑜ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑖𝑖𝑒𝑒𝑒𝑒 (4) 

   
This gradient search technique ignores the band with low reflectance intensity if two 

similar points lie on consecutive bands. Even though it can catch subtle points in the 
spectral signature, it has a downside over max pooling. This method takes considerable 
computing time as it requires calculating gradients in each iteration. 

Single hyperspectral datacube often does not contain all the terrain classes. Therefore 
multiple datacubes are used to extract training data.  Instead of using entire datacubes, 
a few image patches representing each class are selected and implemented the  
above-explained method. The spectra of two selected terrain classes, trees and  
water, are illustrated below in Figure 7 with different band counts. The thick blue line 
corresponds to the average spectra in 9, 16 and 25 bands characteristic curves, while the 
thick black line shows average spectra for the 204 bands characteristic curve of the 
terrain class. 
 

 
(a) Tree class with 9 bands 

 
(b) Water class with 9 bands. 

 

 
(c) Tree class with 16 bands.  

 

 
(d) Water class with 16 bands 
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(e) Tree class with 25 bands. 

 
(f) Water class with 25 bands. 

 
(g) Tree class with 204 bands (all the bands). 

 
(h) Water class with 204 bands (all the 
bands). 

Figure 7. Spectral characteristics of Tree and Water terrain classes. 

Apart from the proposed method, another method introduced by different group 
researchers is used in the experiments for comparison. It is the Distance density + CNN 
method [91]. The selected spectral wavelength bands for each method are in Table 2.  

The selection of 9, 16 and 25 spectral bands is based on the possibility to develop a 
custom multispectral sensor. When constructing such a multispectral sensor, the 
bandpass filters are deposited in a mosaic pattern, a square matrix. The HSI acquisition 
uses the line scan method, while the MSI acquisition uses a much faster area scan 
technique. MSI classification is faster than HSI due to the fewer spectral bands in the 
image that can be used in AGV applications for faster processing, which leads to achieving 
real-time terrain scene classification. 
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Table 2. Selected spectral bands from various band selection methods. 

Number of bands Method Spectral bands 
9 Min-Max Pooling 2, 26, 46, 70, 96, 117, 139, 162, 190 
16 Min-Max Pooling 2, 15, 27, 38, 50, 63, 76, 87, 99, 111, 124, 

137, 148, 160, 173, 189 
25 Min-Max Pooling 2, 11, 19, 27, 34, 42, 50, 58, 67, 75, 83, 

91, 98, 107, 114, 123, 131, 139, 147, 
155, 163, 172, 180, 188, 198  

9 Distance density + 
CNN 

22 61 127 134 162 168 174 184 192 195 

16 Distance density + 
CNN 

26 54 114 121 125 149 154 158 166 180 
186 191 192 196 197 199 

25 Distance density + 
CNN 

15 17 57 71 112 118 123 125 136 143 
154 163 164 169 171 172 175 180 183 
184 185 187 188 191 192 200 

3.3 Classification method 
A supervised machine learning method is used for HSI classification. The HSI classifier in 
this task is a spectral-spatial CNN model, and it will be referred to as SS_CNN throughout 
this thesis. The classifier is as follows. The image input layer accepts 5 x 5 pixels spatial 
resolution and 𝑑𝑑 number of channels. It is a 5 x 5 pixels window sliding over the image and 
classifying the centre pixel of the sliding window. After the input image layer, there are two 
convolution and Relu layers. Both convolution layers contain 3 x 3 kernels and 16 filters. 
The second Relu layer is followed by a fully connected layer and a softmax layer, classifying 
the pixels according to the number of classes. The architecture is described in Table 3. 

Table 3. CNN classifier architecture for HSI pixel-wise classification. 

CNN architecture 
Layer In c1 r1 c2 r2 fc softmax out 
Kernel size, 
Filters 

5x5 3x3, 16 
filters 

3x3, 16 
filters 

d 

In this pixel-wise classification method, the training data are individual image pixels, 
and all the training pixels are collected from the same image. As shown in Figure 8, 
the small patches of pixels are extracted for training and validation. 

Figure 8. Places of the image where training sample pixels captured. 
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3.4 Results  
Below, Figure 9 shows the classification results for the terrain data set in Figure 4 using 
SS_CNN classification. The presented test image contains nine terrain classes. Three 
different band counts are used to create minimum band images and perform image 
classification. According to Figure 9 classification image results, the three different band 
variants show similar visual outcomes. Same image patch coordinates are used to extract 
training data in all the test cases.  

  
RGB colour composite image of HSI  
terrain dataset 

Ground truth of the dataset 

  
Classification result for 9 bands using  
Min-Max Pooling 

Classification result for 16 bands using  
Min-Max Pooling 

 

 

Classification result for 25 bands using  
Min-Max Pooling 

 

Figure 9. Ground truth and classification results for each band set. 
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Table 4. Classification pixel accuracy for different numbers of spectral bands. 

Terrain 
class 

9 bands 16 bands 25 bands Legend 
Precision Recall Precision Recall Precision Recall 

Undefined 0 0 0 0,02 0 0  
Grass 0,46 0,81 0,47 0,83 0,46 0,77  
Trees 0,95 0,63 0,95 0,65 0,94 0,67  
Rocks 0,28 0,65 0,31 0,49 0,25 0,50  
Water 0,98 0,66 0,94 0,65 0,99 0,66  
Sky 0,94 0,97 0,95 0,97 0,96 0,98  
Gravel 0,17 0,88 0,13 0,84 0,11 0,91  
Dirt 0,97 0,79 0,97 0,76 0,98 0,71  
Mud 0,28 0,55 0,25 0,52 0,28 0,54  
Macro avg 0,56 0,66 0,55 0,64 0,55 0,64  

 
The classification accuracy matrices were calculated using the below equations (5) and 

(6). The class-wise pixel accuracies and overall pixel accuracy are presented in Table 4. 
The overall accuracy of the dataset is affected by the class imbalance.  

 𝑃𝑃𝑒𝑒𝑒𝑒𝑃𝑃𝑖𝑖𝑒𝑒𝑖𝑖𝑜𝑜𝑛𝑛 =
True positives

(True positives + False positives )
 (5) 

   
 𝑅𝑅𝑒𝑒𝑃𝑃𝑚𝑚𝑅𝑅𝑅𝑅 =

True positives
(True positives + False negatives )

 (6) 

One important fact is, ground truth labels for the selected dataset are not accurate 
for “dirt” and “mud” classes. Since these two classes are visually similar and the only 
difference between “dirt” and “mud” is that dirt is a dry terrain and mud is a wet terrain, 
it is indistinguishable for the human eyes by looking at RGB images. Considering both 
terrain classes are drivable terrains, the classification accuracy difference is acceptable. 

The chosen dataset is classified using the SS_CNN method by selecting 16 spectral 
bands from two different band selection methods. The classification accuracy for the 
selected dataset using the min-max pooling and the distance density method is 
presented in Table 5. 

Table 5. Classification pixel accuracy using different band selection methods. 

Terrain class Distance density method [91] 16 bands Min-max pooling 
Precision Recall Precision Recall 

Undefined 0 0 0 0,02 
Grass 0,28 0,61 0,47 0,83 
Trees 0,82 0,44 0,95 0,65 
Rocks 0,64 0,26 0,31 0,49 
Water 0,98 0,63 0,94 0,65 
Sky 0,94 0,98 0,95 0,97 
Gravel 0,14 0,91 0,13 0,84 
Dirt 0,95 0,79 0,97 0,76 
Mud 0,35 0,42 0,25 0,52 
Macro avg 0,56 0,56 0,55 0,64 
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The classification results for different band selection methods are shown in below 
Figure 10. 

16 Bands from Distance density + Cnn method 16 Bands from min-max pooling method 

Figure 10. Classification results for different band selection methods. 

The proposed band selection method gives a slightly better recall value than the other 
method. Most importantly, it gives higher classification average results for all the classes, 
even with fewer spectral bands. The objective of the method is to distinguish spectral 
signatures of closely correlated classes along with band selection, and this objective has 
been achieved with the above results. 

3.5 Comparison with benchmark datasets from remote sensing 
Popular remote sensing datasets, such as the Indian Pines dataset, are often used to 
compare the performance of different dimensionality reduction methods. The proposed 
pooling method in this study was used for the Indian Pines dataset dimensionality 
reduction [116], thus evaluating classification capabilities. The corrected Indian Pines 
dataset contains 145 x 145 pixels with 200 spectral bands, which exclude spectral bands 
containing water absorption spectral signature. The false colour representation of the 
dataset is shown in Figure 11. 

Figure 11.The false colour representation of the Indian pines dataset. 
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Due to the low resolution of the dataset, the amount of training data for all 17 classes 
were not sufficient in the original image. In order to minimise the impact of limited 
training data on the classification, the top nine classes are selected based on the number 
of spatial pixels available in each class. Table 6 gives the details of the classes in the Indian 
pines dataset. A batch of 144 pixels from each class are selected for band selection and 
classification. An equal pixel count from each class creates a balanced dataset. Training and 
validation samples are taken by splitting the above sample dataset. The ground truth for 
both the original image and with selected classes are shown in Figure 12. The non-selected 
classes are grouped with the “Background” class. 

 

 
Figure 12. Ground truth of AVIRIS Indian Pines dataset from Purdue University [116]. 

Selected spectral bands for the Indian Pines dataset using Min-max pooling are as 
below in Table 7.  
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Table 6. Indian Pines dataset classes and the number of samples for classification. 

# Class Total no of 
samples 

No of training 
samples 

1 Alfalfa 46 - 
2 Corn-notill 1428 144 
3 Corn-mintill 830 144 
4 Corn 237 - 
5 Grass-pasture 483 144 
6 Grass-trees 730 144 
7 Grass-pasture-mowed 28 - 
8 Hay-windrowed 478 144 
9 Oats 20 - 
10 Soybean-notill 972 144 
11 Soybean-mintill 2455 144 
12 Soybean-clean 593 144 
13 Wheat 205 - 
14 Woods 1265 144 
15 Buildings-Grass-Trees-Drives 386 - 
16 Stone-Steel-Towers 93 - 

 

Table 7. Selected spectral bands from the Indian Pines dataset. 

 No of bands - 𝒅𝒅 Selected bands 
1 9 9, 23, 48, 67, 90, 111, 133, 155, 177 
2 16 7, 13, 29, 39, 51, 62, 74, 87, 98, 111, 123, 133, 152, 158, 170, 

184 
3 25 2, 11, 17, 26, 35, 43, 50, 58, 66, 75, 81, 91, 97, 105, 118, 122, 

129, 137, 149, 153, 163, 170, 178, 181, 188 
 

The training dataset shuffles at every epoch during CNN training.  Classification results 
are shown in Table 8. 

 

Table 8. The HSI classification with a different number of image bands. 

   
(a) 9 bands (b) 16 bands (c) 25 bands 
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Table 9. Classification pixel-wise accuracy for the Indian Pines dataset based on a different 
number of bands. 

Class 9 bands % 16 bands % 25 bands % 
Corn-notill 23.24 34.35 27.57 
Corn-mintill 28.70 29.21 26.51 
Grass-pasture 38.67 47.22 33.97 
Grass-trees 64.38 70.41 75.61 
Hay-windrowed 38.28 44.35 75.10 
Soybean-notill 36.60 46.84 60.80 
Soybean-mintill 34.56 36.26 31.58 
Soybean-clean 35.24 31.87 32.88 
Woods 20.94 19.52 26.72 

 
Above Table 9 presents the pixel-wise classification accuracy for each class in the 

dataset. The neural network methods require an enormous amount of labelled data 
which impacts the classification outcome. It is evident that classification accuracies are 
low due to the lack of samples taken for training and validation. The lower pixel 
resolution of the image is the reason for the smaller training dataset. It is noticeable that 
the classification accuracy increases along with the number of spectral bands for some 
terrain classes. However, it is not the same pattern for all the classes.  

Furthermore, several classes are highly correlated with each other. Figure 13 shows 
the spectral signatures of all the terrain classes. Plot legend in Figure 13 follows the label 
colours in Figure 12 ground truth. In the case of less correlating spectral signatures, the 
proposed method is effective but not effective for highly correlating spectral signatures. 
The Min-max pooling method took 2.7 milliseconds to obtain the spectral bands. 

 

 
Figure 13. Spectral signatures of Indian Pines dataset classes. 
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3.6 Chapter summary 
In this chapter, a simple yet effective band selection method is proposed for hyperspectral 
images. In contrast to various existing band selection methods, the proposed method is 
mathematically simple to implement. This method will ease the computation burden on 
the processing computer and thus be helpful for the deployment of an embedded 
computer with lower computing power. According to experiment results, the band 
selection method could identify the optimum spectral bands in 2.7 milliseconds.  
The effectiveness of the proposed method was presented for both terrain hyperspectral 
images and a remote sensing dataset.  
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4 RGB Image Generation from Hyperspectral Datacubes 
One of the objectives of this work is to investigate the possibilities of using the 
hyperspectral imaging method to prepare training inputs to train RGB semantic 
segmentation networks, which can eliminate labour intensive image annotation 
processes. Even though the HSI camera used in this research can produce RGB images 
using its built-in RGB camera, they are not in the same spatial resolution. Moreover, 
there can be vertical and horizontal alignment mismatches between the hyperspectral 
image and the RGB image. Therefore, it is necessary to generate RGB images from the 
HSI datacube. Below, Figure 14 illustrates the concept of using HSI classification as an 
input for the RGB perception systems. 
 
 

 
Figure 14. HSI classification as an input for the RGB semantic segmentation. 

4.1 Methodology 
Several trichromatic image visualization methods based on HSI datacubes were explored. 
One method was the manifold alignment technique, which uses HSI datacube and RGB 
images are captured from the same environment to transfer colour characteristics from 
RGB to HSI. The RGB image generation method uses band selection to form a smaller 
datacube. Subsequently, the manifold alignment method is used to create an RGB image. 
In this study, the min-max pooling method was used for band selection. Several other 
methods are also used in this research to determine which band selection performs 

HSI datacube HSI CNN 

RGB Image HSI Classification as  
Labeled data for RGB 

RGB Semantic segmentation 

RGB Image Perception 
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sufficiently close to the RGB representation of the scene. Several other RGB image 
generation methods have been implemented for the comparison of the chosen method. 

Below, Figure 15 a and b show the test images used to implement the manifold 
alignment technique. 
 

  
Figure 15 a. RGB image taken from the same 
site. 

Figure 15 b. HSI datacube visualized using 
three image bands. 

 
As in the above images, Figure 15 a. and Figure 15 b, the RGB image and HSI datacube 

coming from the Specim camera are not accurately aligned vertically and horizontally. 
The resolution of the RGB images is 645 x 645 pixels, while HSI datacube spatial 
resolution is 512 x 512 pixels. Therefore, the HSI classification result and RGB image from 
the Specim camera cannot implement the above proposed unsupervised image labelling 
due to the difference in resolution. 

4.1.1 Manifold alignment RGB image generation method 
The manifold alignment method for RGB image visualization from the hyperspectral 
image is based on reference [103]. This method use pixel pairs from HSI datacube and 
RGB image.  The RGB image should have been taken from the same or semantically 
similar environments as the HSI datacube.  

The concept of manifold alignment is projecting both image data to a shared 
embedding space with lower dimensions than the original data. This concept is illustrated 
in Figure 16. There are several methods to obtain the manifold structure of the 
underlying data. In this task, the natural colour image was obtained by using Locality 
Preserving Projections (LPP) method [117]. Here, it has been implemented feature-level 
manifold alignment with semi-supervised pixel-groups selection.  
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Figure 16. Manifold alignment for HSI and RGB images. 

 
The explanation of the algorithm is as follows. The HSI dataset is represented as a 

matrix 𝑋𝑋𝐻𝐻 , where 𝑋𝑋𝐻𝐻 ∈  𝑅𝑅𝑝𝑝×𝑚𝑚 , 𝑝𝑝 is the number of selected hyperspectral image bands, 
and n is the number of samples. The RGB image is represented as a matrix 𝑋𝑋𝑇𝑇 where 
𝑋𝑋𝑇𝑇 ∈  𝑅𝑅𝑡𝑡×𝑚𝑚, t is the number of colour channels which is three, and 𝑛𝑛 is the number of 
samples. Since the pixels are selected as pairs from each image, the numbers of HSI 
samples 𝑛𝑛𝑆𝑆 and 𝑛𝑛𝑅𝑅 are equal to 𝑛𝑛. The objective of the LPP is to find two projection 
functions 𝐹𝐹𝐻𝐻 : 𝑅𝑅𝑝𝑝 → 𝑅𝑅𝑞𝑞  and 𝐹𝐹𝑇𝑇 : 𝑅𝑅𝑡𝑡 → 𝑅𝑅𝑞𝑞  where 𝑞𝑞 is low dimensional space.  

The locality preserving projections method keeps local neighbourhood relationships 
in each image. The adjacency graphs for each image 𝐺𝐺𝐻𝐻 and 𝐺𝐺𝑇𝑇 are constructed and 
obtained the weighted adjacency matrices for each image as 𝑊𝑊𝐻𝐻(𝑖𝑖, 𝑗𝑗), and 𝑊𝑊𝑇𝑇(𝑖𝑖, 𝑗𝑗) 
respectively. The weighted adjacency matrices’ distance measures follow k-nearest 
neighbour. The hyperspectral image pixel distances are calculated as spectral angle (SA), 
while RGB image pixel distances were obtained using Euclidean distance. 

The spectral angle between two hyperspectral pixels is calculated using (7). The 𝑖𝑖𝑡𝑡ℎ 
and 𝑗𝑗𝑡𝑡ℎ  pixels of hyperspectral image datacube are denoted as 𝑚𝑚𝐻𝐻(𝑖𝑖) and 𝑚𝑚𝐻𝐻(𝑗𝑗). 
 

 

𝑆𝑆𝑆𝑆�𝑚𝑚𝐻𝐻(𝑖𝑖), 𝑚𝑚𝐻𝐻(𝑗𝑗)�  = cos−1

⎝

⎛ ∑ 𝑚𝑚𝐻𝐻(𝑖𝑖)  ∙  𝑚𝑚𝐻𝐻(𝑗𝑗)𝑚𝑚
𝑖𝑖,𝑗𝑗=0

�∑ 𝑚𝑚𝐻𝐻(𝑖𝑖)2𝑚𝑚
𝑖𝑖=𝑜𝑜 ∙  �∑  𝑚𝑚𝐻𝐻(𝑗𝑗)2𝑚𝑚

𝑗𝑗=0

 

⎠

⎞ (7) 

 
The weight coefficient matrix for the HSI image is 
 

 

𝑒𝑒𝐻𝐻(𝑖𝑖, 𝑗𝑗) = 𝑒𝑒
�
−𝑆𝑆𝑆𝑆

�𝑋𝑋𝐻𝐻(𝑖𝑖), 𝑋𝑋𝐻𝐻(𝑗𝑗)�

𝜎𝜎2 �

 
(8) 

𝑋𝑋𝐻𝐻 𝑋𝑋𝑇𝑇 

𝑝𝑝 𝑜𝑜 

𝐹𝐹𝑇𝑇: 𝑅𝑅𝑡𝑡 → 𝑅𝑅𝑞𝑞  𝐹𝐹𝐻𝐻: 𝑅𝑅𝑝𝑝 → 𝑅𝑅𝑞𝑞 

𝑞𝑞 

Shared 
embedding 

𝑋𝑋 =  𝐹𝐹𝑇𝑇−1 × 𝐹𝐹𝐻𝐻𝑇𝑇  ×  𝑋𝑋𝐻𝐻  
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The weighted adjacency matrix is a 𝑛𝑛 × 𝑛𝑛 matrix. The spectral angle cosine between 

two pixels in hyperspectral is the highest (≅ 1) when the two pixels are similar to each 
other. 

 
 𝑊𝑊𝐻𝐻(𝑖𝑖, 𝑗𝑗) = �1, max𝑒𝑒𝐻𝐻(𝑖𝑖, 𝑗𝑗)

0, Otherwise  (9) 

 
For the RGB image, 𝑖𝑖𝑡𝑡ℎ and 𝑗𝑗𝑡𝑡ℎ  pixel colour vectors are denoted as 𝑚𝑚𝑇𝑇(𝑖𝑖) and 

𝑚𝑚𝑇𝑇(𝑗𝑗) distance measures calculated using the below equation (10). 
 

 

𝑑𝑑𝑖𝑖,𝑗𝑗 = ���𝑚𝑚𝑇𝑇(𝑖𝑖) −  𝑚𝑚𝑇𝑇(𝑗𝑗)�2
𝑚𝑚

𝑖𝑖,𝑗𝑗=0

 (10) 

 
The weight coefficients are calculated as 
 

 
𝑒𝑒𝑇𝑇(𝑖𝑖, 𝑗𝑗) = 𝑒𝑒�

−𝑑𝑑𝑖𝑖,𝑗𝑗
𝜎𝜎2 � (11) 

 
Then the weighted adjacency matrix is obtained as follows. 
 

 𝑊𝑊𝑇𝑇(𝑖𝑖, 𝑗𝑗) = �1, min𝑒𝑒𝑇𝑇(𝑖𝑖, 𝑗𝑗)
0, Otherwise  (12) 

 
Similar to the HSI image weighted adjacency matrix, the RGB image weighted 

adjacency matrix is also an 𝑛𝑛 × 𝑛𝑛 matrix. In the case of RGB images, the smaller the 
Euclidean distance, the similar the pixels to each other. Therefore, the minimum distance 
is used to obtain the weighted adjacency matrix. 

The correspondence matrix 𝑊𝑊𝐻𝐻𝑇𝑇 represents matching pairs between two images.  
If the selected pixels from each image space form a matching pair, the correspondence 
is 1, otherwise 0. The correspondence matrix is obtained from the below expression (13). 

 
 𝑊𝑊𝐻𝐻𝑇𝑇(𝑖𝑖, 𝑗𝑗) = �1,      if 𝑋𝑋𝐻𝐻(𝑖𝑖) and 𝑋𝑋𝑇𝑇(𝑖𝑖) 𝑖𝑖𝑜𝑜𝑒𝑒𝑚𝑚𝑒𝑒 𝑚𝑚 𝑚𝑚𝑚𝑚𝑜𝑜𝑃𝑃ℎ𝑖𝑖𝑛𝑛𝑖𝑖 𝑝𝑝𝑚𝑚𝑖𝑖𝑒𝑒

0,                                                                     Otherwise (13) 
 
 

Since an equal number of pixels were selected from both images, the correspondence 
matrix 𝑊𝑊𝐻𝐻𝑇𝑇 is also an 𝑛𝑛 × 𝑛𝑛 matrix. 

The objective function to calculate the projection functions can be derived as below. 
 

 
𝐸𝐸(𝐹𝐹𝐻𝐻 ,𝐹𝐹𝑇𝑇) = ��𝐹𝐹𝐻𝐻𝑇𝑇𝑚𝑚𝐻𝐻𝑖𝑖 −  𝐹𝐹𝐻𝐻𝑇𝑇 𝑚𝑚𝐻𝐻𝑗𝑗�

2 ×  𝛼𝛼1𝑊𝑊𝐻𝐻(𝑖𝑖, 𝑗𝑗)
𝑚𝑚

𝑖𝑖,𝑗𝑗=0

 

+ � �𝐹𝐹𝑇𝑇𝑇𝑇 𝑚𝑚𝑇𝑇𝑚𝑚 −  𝐹𝐹𝑇𝑇𝑇𝑇 𝑚𝑚𝑇𝑇𝑚𝑚�
2 ×  𝛼𝛼1𝑊𝑊𝑇𝑇(𝑚𝑚,𝑛𝑛)

𝑚𝑚

𝑚𝑚,𝑚𝑚=0

 

+ � �𝐹𝐹𝐻𝐻𝑇𝑇 𝑚𝑚𝐻𝐻𝑖𝑖 −  𝐹𝐹𝑇𝑇𝑇𝑇 𝑚𝑚𝑇𝑇𝑚𝑚�
2 ×  𝛼𝛼2𝑊𝑊𝐻𝐻𝑇𝑇(𝑖𝑖,𝑚𝑚)

𝑚𝑚

𝑖𝑖,𝑚𝑚=0

 

(14) 
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The joint weighted matrix 𝑊𝑊 is obtained below to minimize the objective function. 
 

 𝑊𝑊 = �
𝛼𝛼1𝑊𝑊𝐻𝐻 𝛼𝛼2𝑊𝑊𝐻𝐻𝑇𝑇

𝛼𝛼2𝑊𝑊𝐻𝐻𝑇𝑇
𝑇𝑇 𝛼𝛼1𝑊𝑊𝑇𝑇

� (15) 

 
 

Then, the objective function becomes (16). 
 

 
𝐸𝐸(𝐹𝐹) = ��𝐹𝐹𝑇𝑇𝑚𝑚𝑖𝑖 −  𝐹𝐹𝑇𝑇 𝑚𝑚𝑗𝑗�2 ×  𝑊𝑊(𝑖𝑖, 𝑗𝑗)

𝑚𝑚

𝑖𝑖,𝑗𝑗=0

 (16) 

 
The diagonal matrix D is defined as (17). 
 

 
𝐷𝐷𝑖𝑖,𝑖𝑖 = �𝑊𝑊(𝑖𝑖, 𝑗𝑗)

𝑚𝑚

𝑖𝑖=0

 (17) 

 
Then, L is the Laplacian matrix which is L = D-W. The minimization of the above (16) 

has been proved in [103] to be equivalent to (18). Thus, it can be solved as a generalized 
eigenvalue problem. 

 
 arg𝑚𝑚𝑖𝑖𝑛𝑛  𝑜𝑜𝑒𝑒𝑚𝑚𝑃𝑃𝑒𝑒(𝐹𝐹𝑇𝑇𝑋𝑋𝑋𝑋𝑋𝑋𝑇𝑇𝐹𝐹) (18) 

 
 𝑋𝑋𝑋𝑋𝑋𝑋𝑇𝑇𝐹𝐹 =  𝜆𝜆𝑋𝑋𝐷𝐷𝑋𝑋𝑇𝑇𝐹𝐹 (19) 

 
 Joint projection matrix 𝐹𝐹 is (20) 
 

 𝐹𝐹 = �𝐹𝐹𝐻𝐻𝐹𝐹𝑇𝑇
� (20) 

 
And X is defined as (21) 
 

 𝑋𝑋 = �𝑋𝑋𝐻𝐻0
0
𝑋𝑋𝑇𝑇
� (21) 

 
The smallest Eigenvalues λ matrix provide the optimum manifold projection functions. 

For the shared low dimensional embedding space, the number of dimensions 𝑞𝑞 is 
selected as 3, which is for three RGB channels.   

The pixels were selected from the same regions of both images as below Figure 17. 
Regions were defined from several parts of the image and randomly extracted N number 
of samples from each region. 
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(a) Selected pixels from RGB image (b) Selected pixels from HSI image 

Figure 17. Pixel-pair regions for both RGB and HSI. 

4.2 Results for RGB image generation 
For the image generation, only visible light wavelength range HSI bands can be used. The 
below RGB image was generated using a few spectral bands selected using band 
selection methods described in the previous chapter. Moreover, it further narrowed 
down to 9 spectral bands in the visible light wavelength range.  
 

 
Figure 18. RGB representation using manifold alignment method. 

Several methods other than manifold alignment have been experimented with to 
compare the RGB image visualization accuracy for the HSI datacube. The compared HSI 
visualization methods are bilateral filtering, using band selection with correlation 
measure, and three spectral bands representing the highest intensities in RGB space.  

The colour representation has been evaluated using two comparison matrices. They 
are root mean square error (RMSE) and correlation coefficients between each colour 
plane. 
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RGB image captured from the same 
location. 

Bilateral filtering method. 

  
Manifold alignment method using nine 
spectral bands. 

RGB image generated from three spectral 
bands where each colour channel has 
peak intensity. 

Figure 19. Generated RGB visualization images from various methods. 

One colour representation accuracy evaluation technique is each colour channel's 
root mean square error [118]. The RMSE between the generated RGB image and the 
original RGB image captured from the same location has been calculated using equation 
(22). The 𝑖𝑖𝑚𝑚𝑖𝑖1 and 𝑖𝑖𝑚𝑚𝑖𝑖2 are RGB images with [𝑚𝑚,𝑛𝑛] spatial resolution. The lower the 
RMSE value, the similar the image colour channel of both images.  

 
 

𝑅𝑅𝑅𝑅𝑆𝑆𝐸𝐸 = �
1
𝑅𝑅𝑀𝑀

� �𝑋𝑋𝑖𝑖𝑚𝑚𝑖𝑖1 − 𝑋𝑋𝑖𝑖𝑚𝑚𝑖𝑖2�
2

𝑀𝑀,𝑁𝑁

𝑚𝑚,𝑚𝑚= 0

 (22) 

 
 The RMSE estimates for each colour channel are tabulated in Table 10. 
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Table 10. RMSE for each image generation method. 

RMSE Three image bands 
from the HSI cube 

Manifold alignment Bilateral filter 

R 0.0098 0.0508 0.0156 
G 0.0605 0.0117 0.0684 
B 0.0137 0.0117 0.0254 
Average 0.0280 0.0247 0.0365 

 
Even though the red colour channel of the RGB image generated using the manifold 

alignment method shows the highest RMSE than the others, the average RMSE for all 
three colour channels is smaller. Thus, the manifold alignment method gives better visual 
representation over the other two methods. 

The second evaluation criterion is Pearson’s correlation coefficient of the two images. 
The Pearson’s correlation coefficient is calculated using the below equation (23). 
 

 
𝐶𝐶 =  

∑(𝑋𝑋 − 𝑋𝑋�)(𝑌𝑌 − 𝑌𝑌�)

�∑(𝑋𝑋 − 𝑋𝑋�)2 ∑(𝑌𝑌 − 𝑌𝑌�)2
 (23) 

 
The two images are denoted as X and Y where 𝑋𝑋� and 𝑌𝑌� represent the mean values of 

the images. Pearson’s Correlation coefficient for each colour channel between visualized 
image and RGB image captured from the same site is presented in Table 11 below. 

Table 11. Pearson’s correlation coefficients for each colour channel. 

Correlation 
Coefficient 

Three image bands 
from the HSI cube 

Manifold 
alignment 

Bilateral filter 

R 0.7226 0.7326 0.7167 
G 0.7494 0.7848 0.7430 
B 0.7944 0.8419 0.8028 

 
The Pearson’s correlation coefficient is an indication of similarities between two 

different datasets. The higher the correlation coefficient, the similar the images.  
The value of the correlation coefficient can be within the range of -1 to 1. The above 
analysis for the selected image confirms that the manifold alignment method gives the 
highest correlation coefficient for all three image channels in the RGB image inputs. 

The optimum number of HSI bands for the manifold alignment method 
The HSI datacube contains 204 spectral bands, and the RGB image contains three colour 
channels. The number of image bands used for the manifold alignment algorithm 
influences the clarity of the RGB visualization from the HSI image. Several spectral band 
combinations were used to investigate the appropriate band count to form an RGB image 
reflecting natural colours. The min-max pooling method has been used for spectral band 
selection, which was a part of this research. All the image bands in the datacube, then 9, 
16, and 25 spectral bands constituting the entire wavelength range, were used for the 
experiments. Furthermore, those image bands within the visible light wavelength range 
are used to determine the suitability of VNIR (400 – 1000 nm) or VIS (400 – 750 nm) 
wavelength range for the RGB generation. Below, Figure 20 shows several combinations 
of HSI to RGB image formation with various spectral band options. 
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9 spectral bands 16 spectral bands 

  
25 spectral bands 204 spectral bands (entire datacube) 

Figure 20. RGB visualization of HSI datacube in VNIR range bands. 

The above images were generated by taking the spectral bands within the  
400 – 1000 nm wavelength range. With all 204 image bands, the manifold learning 
method cannot successfully reconstruct an RGB image because Eigenvector 
decomposition yields complex and negative Eigenvalues for the optimization function.  

Table 12. Pearson’s correlation coefficient of RGB images based on the number of spectral bands. 

Correlation Coefficient 9 bands 16 bands 25 bands 
R 0.7326 0.6710 0.6673 
G 0.7848 0.7343 0.7288 
B 0.8419 0.8228 0.8252 
Average 0.7864 0.7427 0.7404 

 
Above Pearson’s correlation coefficients imply that the images with the lowest 

spectral band counts provide the most similar RGB image representation. 
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The influence of NIR image bands on RGB visualization has been made by extracting 
only visible light spectral bands and forming RGB images using those bands. The visible 
light wavelength ranges from 380 – 750 nm, and hence, spectral bands within 400 – 750 
nm have been used to form below RGB images in Figure 21. 
 

  
9 bands in the visible range 16 bands in the visible range 

  
25 bands in the visible range 204 bands in the visible range 

Figure 21. RGB image generation from the visible light range bands. 

Table 13. Pearson’s correlation coefficient for the RGB images generated by using visible light 
spectral bands. 

Correlation Coefficient 9 bands 16 bands 25 bands 
R 0.6994 0.6576 0.6528 
G 0.7746 0.7387 0.7373 
B 0.8314 0.8163 0.8146 
Average 0.7685 0.7375 0.7349 
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Comparing Table 12 and Table 13 shows that the entire VNIR spectral range image 
bands carry more information than visible light wavelength bands alone for manifold 
alignment.  

 
Figure 22. Pearson’s correlation coefficient for each colour channel between original RGB and 
generated RGB from HSI. 

Based on above Figure 22, it is evident that the optimum number of spectral bands 
from the HSI datacube should be nine bands for the manifold alignment method. Below 
Table 14 consists of RGB images generated using the chosen nine-band HSI datacubes of 
off-road terrain scenes. The correlation coefficients for the generated RGB images are 
presented in Table 15. 
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Table 14. Unstructured terrain HSI datacubes visualized in RGB using manifold alignment. 

Image RGB image from the 
location 

HSI visualized in RGB 
using three image 
bands 

HSI visualized in RGB 
using manifold 
alignment 

1 

   
2 

   
3 

   
4 

   
 

Table 15. Correlation coefficients for above Table 10 image set. 

 Correlation coefficient 
Image Red channel Green channel Blue channel Average 
1 0,1209 0,2706 0,5707 0,3207 
2 0,4691 0,5825 0,7041 0,5852 
3 0,4930 0,5894 0,7396 0,6073 
4 0,6458 0,7280 0,7702 0,7147 
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4.3 Chapter summary 
Several different methods were explored to generate RGB images from HSI datacubes. 
The objective of this RGB image generation was to use them with RGB semantic 
segmentation CNN networks instead of high-resolution RGB images captured from the 
same locations.  

The techniques for RGB image generation are bilateral filtering, selecting three 
different channels from each R, G and B region from the visible light wavelength range 
and manifold alignment. Among those three methods, the manifold alignment method 
using locality preserving projections yields the optimum similarity for HSI visualization as 
an RGB image. The experiment results show that the optimum number of spectral bands 
for RGB image generation was nine spectral image bands. The Person’s correlation 
coefficient for the 9bands image set was 0.7685.  

The datacube contains 204 spectral bands, which contain all the information about 
the scene. However, 204 image bands show that it cannot project all the data points to 
a common embedding. The use of the entire hypercube resulted in poor image quality 
compared to a lower number of spectral bands. Furthermore, it is evident that including 
the NIR range spectral bands of HSI datacube for the manifold projection gives a better 
correlation than the images generated from image bands taken from visible light 
wavelength range alone. A lesser number of image bands requires less time to process 
the image and hence improves the overall efficiency of the image generation process.  

The average correlation coefficient could be further improved by increasing the number 
of pixel pairs from both images. 
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5 Unstructured Terrain Semantic Segmentation 
5.1 Methods 
The problem of scene understanding has been addressed using various methods from 
the beginning of computer vision. Starting from colour threshold methods in the early 
’90s to modern DCNNs, semantic segmentation methods improved gradually. Most of 
these DCNNs are developed for a specific application. For instance, the U-Net 
architecture was proposed for biomedical image segmentation with a few training 
images in the dataset [60]. The RefineNet was proposed by Lin et al. from the University 
of Adelaide, which improved a common drawback resulting from previous semantic 
segmentation DCNNs with output image blur [119]. Even though they perform well with 
one type of segmentation problem, the same network may perform poorly with another 
classification task area, such as terrain segmentation. 

This comparison study selects several state-of-the-art semantic segmentation 
networks. They are SegNet, U-Net and DeepLabv3+ with Resnet18. The DeepLab V3+ 
DCNN architecture uses an encode-decoder structure to extract object boundaries while 
recovering most spatial features. With atrous separable convolution operation, this 
architecture can capture information from a larger field of view [120]. Since DeepLab V3+ 
is one of the most effective DCNN architectures in semantic segmentation, it has been 
chosen to perform terrain image semantic segmentation for RGB cases.  

The overall deep learning-based image segmentation will comprise four different 
combinations. 

• RGB images 645 x 645 px resolution with manually annotated labels 
• RGB images generated from hyperspectral image datacubes and manually 

annotated labels 
• RGB images generated from hyperspectral datacubes with hyperspectral 

image classification result as labels. HSI classification has been done with 
spectral data alone 

• Spectral-Spatial classification with manually annotated labels 

5.2 Performance matrices 
Several accuracy matrices were used to quantify the accuracy of semantic segmentation. 
The accuracy matrices are pixel-wise accuracy, intersection over union (IoU) and F1 
score.  
  

TP-true positive, TN – true negative, FP – false positive and FN-false negative 
 

 𝑂𝑂𝑂𝑂𝑒𝑒𝑒𝑒𝑚𝑚𝑅𝑅𝑅𝑅 𝑚𝑚𝑃𝑃𝑃𝑃𝑎𝑎𝑒𝑒𝑚𝑚𝑃𝑃𝑎𝑎 =  
𝑇𝑇𝑃𝑃 + 𝑇𝑇𝑀𝑀

𝑇𝑇𝑃𝑃 + 𝑇𝑇𝑀𝑀 + 𝐹𝐹𝑃𝑃 + 𝐹𝐹𝑀𝑀
 (24) 

 
    

 𝐹𝐹1 𝑒𝑒𝑃𝑃𝑜𝑜𝑒𝑒𝑒𝑒 =
2𝑇𝑇𝑃𝑃

2𝑇𝑇𝑃𝑃 + 𝐹𝐹𝑀𝑀 + 𝐹𝐹𝑃𝑃
 (25) 
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 𝐼𝐼𝑜𝑜𝐼𝐼 =

Overlap
Union

  

 
 

 𝐼𝐼𝑜𝑜𝐼𝐼 =  
𝑇𝑇𝑃𝑃

𝑇𝑇𝑃𝑃 + 𝐹𝐹𝑀𝑀 + 𝐹𝐹𝑃𝑃
 (26) 

 

5.3 Image datasets 
For semantic labelling, twelve terrain classes were selected. In comparison to existing 
similar public off-road RGB datasets, a similar number of classes were used in this 
research. The man-made objects are grouped into the “objects” class. Moreover, the 
terrains with very few occurrences are categorized as “undefined” along with the other 
unknown classes. The shadows of various constructions and trees are also annotated as 
“undefined”.  

The complete list of terrain classes used in this research with label colours is shown in 
Table 16.  

Table 16. List of terrain classes. 

  Class Red  Green Blue Hex code Label 
Colour  

1 Undefined 0 0 0 #000000   
2 Grass 0 102 0 #006600   
3 Concrete 170 170 170 #aaaaaa   
4 Asphalt 64 64 64 #404040   
5 Trees 0 255 0 #00ff00   
6 Rocks 110 22 138 #6e168a   
7 Water 68 187 170 #44bbaa   
8 Sky 0 0 255 #0000ff   
9 Gravel 187 136 51 #bb8833   
10 Object 192 64 64 #c04040   
11 Dirt 108 64 20 #e6e61e   
12 Mud 99 66 34 #634222  

 
 

Intersection Union 

IoU =  
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Approximately 500 images were captured during the study. Since extensive manual 
work was required for labelling, 152 images were initially labelled for HSI and RGB datasets, 
respectively. The development of the dataset continues in order to improve semantic 
segmentation accuracy. 

The entire dataset contains carefully annotated hyperspectral images of terrain 
scenes. For DCNN training, validation and testing, the dataset was split into three parts. 
The number of training images was 122, which is 80 % of the image dataset, while 15 
images were used for testing and 15 used for validation which constitutes 10 % for each 
set. Since the number of images in the dataset is small for DCNN training, the dataset 
was augmented to increase the number of images for training. Figure 23 represents the 
constitution of each terrain class in the dataset. Since DCNN models require a large 
dataset for training, the dataset is augmented by transformations. 

 

 
Figure 23. The composition of the terrain dataset. 

5.4 Terrain segmentation using RGB images and manually labelled 
ground truth 
State-of-the-art RGB image semantic segmentation networks were employed to compare 
the terrain segmentation results of the HSI classification with the RGB dataset derived from 
the HSI.  The semantic segmentation DCNNs were trained using hand-annotated labels and 
RGB images, followed by an evaluation of the classification accuracy. The images were 
taken from Specim IQ camera with 645 x 645 pixels resolution in RGB colour space. These 
images were simultaneously captured while acquiring the HSI datacubes from the terrain 
scene.  

1%

23%

1%

2%

30%
1%

2%

11%

5%

2%

12%

10%

Terrain classes in the dataset

'undefined' 'grass' 'concrete' 'asphalt'

'trees' 'rocks' 'water' 'sky'

'gravel' 'objects' 'dirt' 'mud'
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Three different most popular semantic segmentation architectures were chosen  
for the experiments. They are Deeplab V3+ with ResNet18, SegNet and U-Net with  
three colour channels. The DCNN architectures were used with a depth of three  
(3 colour channels) in the input layer. The input images were resized to 640 x 640 pixels 
for the U-Net network while other networks were fed with 645 x 645 pixels resolution 
three-channel images.  

Table 17. Sample images from the RGB image dataset and classification results. 

 Image 1 Image 2 Image 3 Image 4 
Input RGB 

    
Ground truth 

    
Deep lab V3+ 
Resnet18 

    
SegNet 

    
U-Net 

    
 
The validation accuracy for the dataset yielded 80,7 % using the ResNet18 model, 

while other models gave much worse results. Table 18 summarizes the classification 
accuracy for each model, while Table 17 shows a part of the dataset classification results. 
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Table 18. Segmentation accuracy for higher resolution RGB images. 

Model Mean IoU Mean F1 
score 

Mean 
accuracy 

Global accuracy 

Deep lab V3+ 
Resnet18  

0,5112 0,4832 0,6985 0,8068 

Segnet 0,1340 0,2196 0,2010 0,4412 
U-Net 0,0999 0,1756 0,0891 0,2501  

 
With the above results, it is evident that the Deeplab v3+ ResNet18 model has higher 

accuracy compared to the other CNN architectures. 

5.5 Terrain segmentation with RGB images generated using HSI 
datacubes and manual labels 
In this section, terrain semantic segmentation based on the RGB image dataset 
generated using HSI datacubes will be discussed. As explained in the previous chapter, 
RGB image semantic segmentation DCNNs are faster than multi-band spectral image 
classification. Therefore, RGB based segmentation along with HSI segmentation can 
achieve better efficiency in developing such classification pipelines. 

Training RGB image dataset was generated using the manifold alignment method, 
which uses spectral images and high-resolution RGB images captured from the same 
location. The number of bands used in this research is nine spectral bands. As mentioned 
in the preceding chapter, the nine bands provide the highest correlation to the RGB 
images. Manually annotated labels were used for training.  

Table 19. Segmentation accuracy matrices. 

Model Mean IoU Mean F1 
score 

Mean 
Accuracy 

Global accuracy 

Deeplab V3+ 
resnet18  

0,3313 0,4013 0,4488 0,7057 

Segnet 0,2812 0,2156 0,1869 0,4448 
U-Net 0,2784 0,2179 0,1875 0,4784 

 
 Table 20 shows the input image set and the classification results. Overall validation 

accuracy for the RGB image dataset generated using HSI achieved 70.6 % with the 
Deeplab v3+ with ResNet18 model. Table 19 shows the accuracy of the segmentation. 

The segmentation accuracy is considerably low for the SegNet and U-Net models. 
However, the overall pixel accuracy of this classification is slightly higher than the RGB 
image classification in the previous section for the SegNet model. Moreover, U-Net gives 
better overall pixel accuracy. Due to class imbalance in the terrain dataset is so significant 
that the overall pixel accuracy matrix does not paint a correct picture of the classification 
performance. The above sample images prove that the mean IoU gives a better overview 
of the segmentation accuracy. 
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Table 20. Sample images from the dataset and results. 

 Image 1 Image 2 Image 3 Image 4 
Input RGB 

    
Ground truth 

    
Deeplab V3+ 
ResNet 18 

    
SegNet 

    
U-Net 

    

5.6 Terrain semantic segmentation based on the RGB images generated 
from the HSI visualization and pixel-wise classification  
The pixel-wise HSI image classification is the key component of this experimentation to 
evaluate its effectiveness as an image annotation tool to reduce the effort for labelling. 
A single image of 512x512pixels annotation takes more than an hour as an average for 
dataset preparation, making it laborious work. 

Similar to the image classification in chapter three, the SS_CNN method is employed 
to classify the image pixels. The training data was captured from each hyperspectral 
image in the same fashion as explained in chapter three. Compared to RGB image 
semantic segmentation, the pixel-wise classification displays significant details in the 
output. According to Figure 24, the input RGB image is a complex terrain scene containing 
a water stream with muddy surroundings and floating algae on the water surface.  
The pixel-wise classification captured the classes in the image with higher contrast than 
RGB semantic segmentation.  
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 RGB image  Ground truth  RGB image 

segmentation 
 HSI pixel-wise 
classification 

Figure 24. Pixel-wise classification and RGB semantic segmentation comparison. 

However, the pixel-wise classification resulted in misclassifications as well. By applying 
careful manual corrections, the classification can be further refined to be used as an input 
for CNN training. As mentioned before, it is expected to reduce the human effort for 
dataset preparation by minimising labelling. The pixel-wise classification takes an 
average of 9.2 minutes to classify a 512x512px HSI datacube using the aforementioned 
SS_CNN method. And it is needed to denote the training pixel patches in the image, which 
takes approximately three minutes. After pixel-wise classification, it takes approximately 
six minutes for manual corrections. The proposed HSI-based method can complete image 
annotation in less than 20 minutes, which is 60% time saving for image annotation. 

To validate the hypothesis, semantic segmentation CNN training and testing was 
performed in two ways. One of them by taking the pixel-wise classification result as 
image labels without refining them further. The second experiment was by using the 
manually refined pixel-wise classification result for CNN training. The RGB images were 
obtained from the manifold alignment method by using the HSI datacubes. The number 
of spectral bands for the manifold alignment method was nine, and the optimum bands 
were selected using the min-max pooling technique. 

Even though RGB image generation was achieved with nine bands, the pixel-wise 
classification used 25 band HSI images. The same band selection method was used to 
create 25 band images, and it was observed that increasing the number of bands 
increased the pixel-wise classification accuracy. 

Deeplab V3+ network with Resnet18 backbone used for semantic segmentation 
evaluation. The third row of Table 21 shows the pixel-wise classification results. The fourth 
row of the same table shows the semantic segmentation results when the pixel-wise 
classification is used as labels for CNN training. Because the pixel-wise classification result 
was used as training labels without further refinement for the semantic segmentation 
CNN, the overall segmentation output has been affected similarly. The last row of the 
same table shows the semantic segmentation outcome when it uses refined pixel-wise 
classifications. It is evident that from Table 22, the manual touch-up for pixel-wise 
classification could greatly enhance the semantic segmentation results. With this 
dataset, it was a 6% improvement over un-refined pixel-wise classifications. 

As mentioned previously, this result was obtained from a small dataset. By increasing 
the number of images in the dataset, the result could be further improved. 
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Table 21. Sample images from the dataset and results. 

 Image 1 Image 2 Image 3 Image 4 
Input RGB 

    
Ground truth 

    
Spectral-spatial 
CNN pixel-wise 
classification 

    
Deeplab V3+ 
Resnet18 
segmentation – 
Before touch-up 

    
Deeplab V3+ 
Resnet18 
segmentation – 
After touch-up 

    
 

Table 22. The classification performance of HSI generated images and annotations. 

Model Mean IoU Mean F1 
score 

Mean 
Accuracy 

Global accuracy 

Without touch-up  0,2733 0,2968 0,4363 0,6206 
After touch-up 0.3301 0,3073 0,4733 0,6688 

5.7 Spectral-spatial image classification 
In contrast to the spatial images for semantic segmentation, the spectral images contain 
more information, classifying the images with higher accuracy than the RGB input 
images. Since spectral-spatial combination can extract the spectral signature, object 
shapes, colours, etc., the classification could yield higher accuracy. Therefore, in this 
section, several spectral image datasets were used by selecting different numbers of 
spectral bands and used for DCNN semantic segmentation. The spectral band counts of 
the created datasets were 9, 16 and 25. The selection was according to the previously 
mentioned criteria, where the band count forms a square matrix. Such a square matrix 
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can help construct a multi-spectral sensor with band-pass filters deposited in a mosaic 
pattern for future development. The band selection method was the min-max pooling 
method proposed by this thesis.  

5.7.1 Classification method 
The U-Net architecture has been modified to accommodate the different spectral bands 
in the input layer, such as 9, 16 and 25. The chosen U-Net architecture has been 
developed for biomedical image classification with multi-layer images, appropriate for 
this task.  

In contrast to the RGB image datasets, spectral image datasets are not widespread 
and not widely available as open-sourced datasets. Therefore spectral dataset used in 
this study has been collected and annotated by the author. The hyperspectral datasets 
containing off-road terrain scenes were snapped in multiple locations of Estonia.  
The dataset was captured under sunlight. In some instances, the sunlight intensity was 
considerably high, which caused image saturation. The reason was the integration time 
limitation of the camera, which is limited to a minimum of 1 ms, thus reducing further 
the integration was not an option. A neutral density filter was used to solve the light 
intensity issue. The used ND filter was ND3 – 400 variable neutral density filter. Colour 
casting appeared on the image due to this filter use, which was not corrected as it is an 
additional pre-processing step. The objective of the classification is to use DCNN to 
reduce additional pre-processing steps. 

5.7.2 Results of spectral-spatial classification 
Here are the classification results for 4 test datacubes selected from the test dataset.  
The hyperparameters for the DCNN training were, learning rate 0,001, mini-batch size of 
4 and the stochastic gradient descent method was used as the optimizer. Due to the large 
size of the images and limited memory capacity of the processing hardware, smaller  
mini-batch size was selected. 

The spectral image classification results are presented in Table 23 and Table 24. 
Validation accuracy for the nine bands image dataset was 70,85 %, 16 bands dataset with 
73,2 % and 25 bands dataset classification accuracy resulted in 67,35 %.  
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Table 23. Sample images from three different datasets of 9, 16 and 25 bands HSI images with 
classification results. 

 Image 1 Image 2 Image 3 Image 4 
Input Image in 
RGB 

    
Ground truth 

    
HSI 9 Bands 

    
HSI 16 bands 

    
HSI 25 bands 

    
 
With U-Net architecture, the pixel classification accuracy is lower for the spectral 

images than the RGB images semantic segmentation using Deeplab v3+ ResNet18.  
The highest classification accuracy for the spectral dataset was 70,00 % for the nine 
bands dataset, while Deeplab v3+ Resnet18 for RGB images achieved 80,6 %. However, 
the mean IoU is higher for HSI images of 25 band DCNN, which achieved 62,6 % accuracy, 
and this is approximately 6 % higher than the next highest performing HSI DCNN model.  

Table 24. Semantic segmentation accuracy for different numbers of image bands. 

No of Bands Mean IoU Mean F1 
score 

Mean 
accuracy 

Global accuracy 

9 0,5613 0,4650 0,3739 0,7085 
16 0,3065 0,4532 0,3911 0,7315 
25 0,6226 0,4981 0,3875 0,7574 
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Hyperspectral imaging is highly vulnerable to environment light variations. In off-road 
conditions, the sunlight variation due to weather and the time of the day can result in 
poor image quality. 

5.8 Chapter summary 
In this chapter, various methods for HSI classification have been explored along  
with RGB segmentation. Comparing RGB segmentation using Deeplab V3+ ResNet18  
to spectral-spatial classification with U-Net architecture demonstrates that HSI 
classification is 5 % higher accurate than RGB in terms of mean IoU. One of the challenges 
in DCNNs is gradient vanishing with deeper layers.  

The segmentation experiments based on RGB images generated from HSI datacubes 
show that the classification accuracy is approximately 17 % inferior to the RGB 
counterpart.  

However, RGB semantic segmentation still shows better pixel accuracy than HSI based 
methods. The demonstrated classification results were achieved using a few hundred 
training pixels from a few HSI data cubes. The HSI pixel classification takes very little time 
compared to the manual pixel-wise annotation of an RGB image. Thus the use of HSI 
pixel-wise classification results as labelled data shows significant improvement in dataset 
preparation. Some classes mixed up with others, such as grass detected on the top edges 
of the tree line and wet-fallen leaves mixed up with dry grass, which degraded the 
classification of those terrain classes. These artefacts can be removed by post-processing. 
However, for more complex terrains, the classification method needs to be improved in 
future. The obtained HSI classification result can be used as pixel-wise annotated label 
images for neural networks. The training images for the neural network can be obtained 
from HSI data cube as false-RGB images. Overall image classification results are 
summarised in Table 25. In conclusion, with the help of hyperspectral imaging, pixel-wise 
classification can be used to reduce the manual labelling process. 

Table 25. Overall classification results comparison. 

Dataset Mean IoU Mean F1 
score 

Mean 
accuracy 

Global 
accuracy 

RGB images + manual labels 0,5112 0,4832 0,6985 0,8068 
Generated images + manual 
labels 

0,3313 0,4013 0,4488 0,7057 

Generated 
images + 
pixelwise 
classification 

Without 
touch-up  

0,2733 0,2968 0,4363 0,6206 

After touch 
up 

0.3301 0,3073 0,4733 0,6688 

HSI HSI 9 bands 0,5613 0,4650 0,3739 0,7085 
HSI 16 bands 0,3065 0,4532 0,3911 0,7315 
HSI 25 bands 0,6226 0,4981 0,3875 0,7574 
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6 Conclusion 
The overall objective of this work was to investigate the capabilities of hyperspectral 
imaging methods to enhance the performance of perception systems used in 
autonomous ground vehicles. The emphasis was on unstructured terrain scenarios, 
which is a highly active research area in mechatronics. The same methods could apply to 
any unknown terrain perception scenario as well. All the proposed methods were 
validated using hyperspectral data acquired in unstructured terrain environments in 
Estonia. 

One of the main aims of the work was to develop a band selection method for 
unstructured terrain classification applications for autonomous vehicle perception.  
The min-max pooling band selection was introduced in Chapter three to select the most 
effective spectral bands from hyperspectral datacubes. This method takes significantly 
less time compared to information density-based methods. According to the experiment 
results, the proposed methods showed 8% better classification accuracy over 
comparable band selection methods. The proposed method is mathematically simpler to 
implement on low power computing hardware used in autonomous vehicles.  

Another objective was to use the hyperspectral dataset to prepare image training 
datasets for RGB image semantic segmentation to minimize manual labelling. Manual 
semantic labelling of a single 512 x  512 px terrain image takes approximately 2 hours. 
The HSI classification was able to produce the classification result in a minute. HSI 
classification result with further post-processing, the image annotation was significantly 
reduced. Chapter 4 discusses the manifold alignment-based method for RGB image 
generation from HSI.  These RGB images, generated from HSI datacubes, were used for 
DCNN training as a dataset. This HSI generated RGB image dataset resulted in 
approximately 17% less accurate than high resolution original RGB images. It was an 
expected result because the conversion process from HSI to RGB brings the loss of 
information and the addition of noise. However, increasing the pixel pairs from both HSI 
datacube and high-resolution RGB images taken from the same location could enhance 
the generated RGB image quality by reducing the noise and other artefacts. 

The pixel-wise HSI classification has been presented in Chapter 5. HSI pixel-wise 
classification using spectral data is compared with RGB semantic segmentation. The results 
show that the HSI pixel-wise classification is more accurate in certain terrain classes than 
the RGB image semantic segmentation.  

The unstructured terrain semantic segmentation is a much more complex task than 
that of structured terrains. Since one of the objectives was to demonstrate hyperspectral 
image segmentation accuracy for terrain classification in terms of spectral and spatial 
classification, several image datasets containing a different number of image bands were 
used to train classification DCNNs.  The result from those classifications was compared 
against RGB image segmentation. The IoU performance matrix showed that the 
hyperspectral images yielded 11% better classification accuracy over RGB images. In this 
case, hypercubes with 25 bands yield the highest classification accuracy compared with 
9 and 16 bands using the same DCNN model. The model was based on UNet architecture 
which is an encode-decoder model with skip connections. 

Here is a summary of the results of this research. 
• A simple band selection method developed and demonstrated the 

effectiveness in the classification of terrain HSI datacubes.  
• Pixel-wise classification achieved high accuracy for the tested datasets. 
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• Use of classification as labels improved image annotation time. (Manual 
annotation 1 hrs per image, HSI classification takes ~9 min + corrections) 

• RGB image generation based on the manifold alignment method resulted in 
a higher correlation to the RGB images taken from the same location.  

• HSI spectral-spatial classification can achieve higher classification accuracy 
over RGB semantic segmentation for unstructured environments  

• Unstructured terrain hyperspectral dataset can be used for further research. 
 
This thesis work demonstrated the benefits of hyperspectral imaging methods to 

improve autonomous vehicle perception systems. 

6.1 Future works 
In this study, one of the outcomes was band selection for hyperspectral imagery in  
off-road terrain conditions. A push broom mobile hyperspectral camera was used for the 
experiments that used the line scan method for image acquisition. However, 
manufacturers can fabricate a custom hyperspectral imaging sensor based on specific 
wavelength filters with fewer bands. Therefore, one of the future directions could be a 
fabrication of a multi-spectral imaging sensor for AGV perception that can use the area 
scan method to acquire images. The proposed band selection method could be used to 
select a suitable number of spectral bands. Such a custom snapshot hyperspectral 
imaging sensor could provide all the necessary spectral information to classify off-road 
terrain scenarios. In this case, it is necessary to consider that geographic location 
influences the terrain classes in those regions, affecting classification. 

Developing dedicated convolutional neural network models for efficient and accurate 
terrain spectral image classification is another research direction. Such improvements 
could bring spectral imaging into real-life UGV applications.  

The results presented in this thesis work shows that the hyperspectral imaging-based 
classification performs better than the RGB imaging methods. Currently, some companies 
are working on developing video-rate hyperspectral cameras. With such a development, 
there is a possibility to use video-rate hyperspectral imaging in real-time scene 
segmentation and object detection for unmanned ground vehicle applications. 

For short-range depth perception, stereo vision RGB is used as an additional visual 
input in some applications. Similarly, stereo hyperspectral imaging can enhance  
short-range depth perception better than stereo RGB imaging.  
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Abstract 

Smart Terrain Perception Using Hyperspectral Imaging 
Hyperspectral imaging gives a huge advantage over RGB images in terms of information 
abundance. This technology has yielded higher success in various application domains of 
machine vision. However, its uses in autonomous vehicle perception are rather 
unexplored. This thesis investigates various possibilities of HSI offering for perception 
improvement in autonomous vehicles. The emphasis was on unstructured terrain 
conditions where there has been limited research conducted.  

Even though hyperspectral images contain a large amount of data, it has both 
advantages and drawbacks too. The computing power needed to process those images 
are enormous as one image could contain hundreds of image bands. Various feature 
selection and feature extraction methods have been developed to reduce the computing 
burden while maximising the classification outcome. However, in most cases, they have 
been developed for certain applications. In this thesis, the prime focus is on unstructured 
or off-road terrain segmentation, a simplified band selection method is proposed.  
The accuracy of the band selection method has been compared with other comparable 
bands selection methods, where it showed approximately 3% better classification 
accuracy with experimental results. 

Semantic segmentation models need images with labels to train them. When multiple 
imaging technologies are involved with different resolutions, they need to prepare 
multiple image datasets. Such a demand for too many datasets increases the effort 
needed to prepare the datasets. In the case of HSI and RGB, if it is possible to share the 
same image labels with RGB and HSI, it could help to reduce the labelling effort needed. 
Since the RGB images contain lesser data compared to HSI datacubes, the RGB images 
processing is faster. The cost-effectiveness of RGB imaging for scene understanding 
makes it an essential part of the perception system. Therefore, HSI could only enhance 
the perception system with its capabilities rather than replacing RGB imaging. The RGB 
images generated from HSI datacubes were used for the semantic segmentation 
experiments to evaluate the possibilities to share some part of the dataset with HSI.  

As previously mentioned, the RGB image generation method from HSI was introduced. 
Three different approaches were investigated to find the optimal correlation between 
the RGB images generated from HSI and original RGB images captured from RGB imaging 
cameras. The methods are bilateral filtering, selecting three image bands from each red, 
green and blue region of visible light wavelength range and manifold alignment method. 
The manifold alignment proved to be the optimal method for the RGB image generation 
from HSI datacubes. The highest correlation to the original RGB images was achieved 
with nine band HSI datacubes. With deep convolutional neural networks, semantic 
segmentation accuracy of the image dataset created from the RGB images generated 
from HSI was compared to the original RGB images captured using RGB cameras.  
The semantic segmentation accuracy of RGB images generated from HSI datacubes is 
slightly lower compared to original RGB images.  

Spectral images are typically classified using spectral data in pixel-wise. However, 
combining spectral-spatial features could achieve better classification accuracy 
compared to pixel-wise HSI classification and three-channel RGB classification. 
Therefore, the HSI dataset has been used for semantic segmentation with the  
spectral-spatial combination. The results showed that the segmentation is much higher 
with spectral-spatial combination, which stands at 11% higher than RGB semantic 
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segmentation with state-of-the-art classification networks. The segmentation accuracy 
was evaluated with three different datasets prepared based on the number of spectral 
bands. They were 9, 16 and 25 bands. The 25-band dataset yielded the highest 
classification accuracy. Even though the nine-band HSI classification accuracy was lower 
than the 25-band dataset, still nine bands classification showed higher accuracy than RGB 
semantic segmentation. 

All in all, the hyperspectral imaging method could enhance the perception system 
accuracy for autonomous vehicles running on unstructured terrains or off-road 
conditions. In terms of real-life implementation of a spectral imaging method for 
autonomous driving vehicles, it is possible to develop a multispectral imaging sensor with 
fewer spectral bands, which is most efficient for scene classification. Together with such 
an optimized spectral imaging camera, the images can capture in the area scan mode.  
Developing DCNN models tailored for spectral imaging-based scene understanding, 
spectral imaging for perception can become a reality. 
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Lühikokkuvõte 

Hüperspektraal-pilditehnika maastiku nutikaks tajumiseks 
Hüperspektraalne pildistamine annab RGB-kujutistele tohutu eelise teabe rohkuse osas. 
See tehnoloogia on andnud suuremat edu erinevates masinanägemise 
rakendusvaldkondades. Siiski on selle kasutamine autonoomse tajumise puhul üsna 
uurimata. Selles väitekirjas uuritakse erinevaid võimalusi HSI pakub taju parandamiseks 
autonoomsete sõidukite. Rõhuasetus oli struktureerimata maastikutingimustel, kus 
uuringud on olnud piiratud.  

Kuigi hüperspektraalsed pildid sisaldavad suurt hulka andmeid, on sellel nii eelised kui 
ka puudused. Nende piltide töötlemiseks vajalik andmetöötlusvõimsus on tohutu, sest 
üks pilt võib sisaldada sadu pildiribasid. Andmetöötluskoormuse vähendamiseks on välja 
töötatud erinevad funktsioonide valimise ja eraldamise meetodid, maksimeerides samal 
ajal klassifitseerimise tulemust. Enamikul juhtudel on need siiski välja töötatud teatavate 
rakenduste jaoks. Selles väitekirjas keskendutakse peamiselt struktureerimata või 
maastikulõigule, tehakse ettepanek kasutada lihtsustatud ribavaliku meetodit. 
Ribavaliku meetodi täpsust on võrreldud teiste võrreldavate ribade valikumeetoditega, 
kus see näitas ligikaudu 3 % paremat klassifitseerimistäpsust katsetulemustega. 

Semantiline segmenteerimismudelid vajavad pilte siltidega, et neid treenida. Kui mitu 
pilditöötlustehnoloogiat on seotud erinevate resolutsioonidega, peavad nad ette 
valmistama mitu pildiandmestikku. Selline nõudlus liiga paljude andmekogumite järele 
suurendab andmekogumite ettevalmistamiseks vajalikke jõupingutusi. Kui HSI ja RGB 
puhul on võimalik jagada samu kujutismärke RGB ja HSI-ga, võib see aidata vähendada 
vajalikku märgistamiskoormust. Kuna RGB pildid sisaldavad vähem andmeid kui  
HSI-andmekuubikud, siis RGB piltide töötlemine on kiirem. RGB pildistamise kulutõhusus 
stseeni mõistmiseks muudab selle tajusüsteemi oluliseks osaks. Seetõttu võis HSI vaid 
parandada tajusüsteemi oma võimetega, selle asemel et asendada RGB pilditöötlust. HSI 
andmekuubikutest saadud RGB-pilte kasutati semantilistes segmenteerimiskatsetes, et 
hinnata võimalusi jagada osa andmekogumist HSI-ga.  

Nagu eespool mainitud, võeti kasutusele RGB pildi genereerimise meetod HSI-st. 
Uuriti kolme erinevat lähenemisviisi, et leida optimaalne korrelatsioon HSI-st saadud RGB 
piltide ja RGB-kaameratest pildistatud algsete RGB piltide vahel. Meetodid on 
kahepoolne filtreerimine, valides igast nähtava valguse lainepikkuse vahemikus olevast 
punasest, rohelisest ja sinisest piirkonnast kolm kujutisriba ja kollektori joondamise 
meetod. Kollektori joondamine osutus optimaalseks meetodiks RGB pildi 
genereerimiseks HSI-andmekuubikutest. Suurim korrelatsioon algsete RGB piltidega 
saavutati üheksa sagedusala HSI andmekuubiga. Sügavate konvolutsiooniliste 
närvivõrkude puhul võrreldi HSI loodud RGB piltide semantilist segmenteerimistäpsust 
RGB kaamerate abil salvestatud algsete RGB piltidega. HSI andmekuubikutest 
genereeritud RGB-kujutiste semantiline segmenteerimistäpsus on võrreldes algsete RGB 
piltidega veidi väiksem.  

Spektraalsed kujutised klassifitseeritakse tavaliselt spektraalandmete abil piksli järgi. 
Spektraalsete ja ruumiliste omaduste kombineerimine võib aga saavutada parema 
klassifitseerimistäpsuse võrreldes pikslite HSI klassifikatsiooniga ja kolmekanalilise RGB 
klassifikatsiooniga. Seetõttu on HSI andmekogumit kasutatud semantiliseks 
segmenteerimiseks spektraal-ruumilise kombinatsiooniga. Tulemused näitasid, et 
segmenteerimine on palju suurem spektraal-ruumilise kombinatsiooni puhul, mis on 11 % 
suurem kui RGB semantiline segmenteerimine tipptasemel klassifikatsioonivõrkudega. 
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Segmenteerimistäpsust hinnati kolme erineva andmekogumiga, mis koostati 
spektriribade arvu põhjal. Nad olid 9, 16 ja 25 bändi. 25-ribaline andmestik andis 
kõrgeima klassifitseerimistäpsuse. Kuigi üheksaribaline HSI klassifikatsiooni täpsus oli 
väiksem kui 25-ribaline andmestik, näitas üheksa sagedusala klassifikatsioon siiski 
suuremat täpsust kui RGB semantiline segmenteerimine. 

Kokkuvõttes võib hüperspektraalne pildistamise meetod suurendada autonoomsete 
sõidukite tajusüsteemi täpsust, mis töötab struktureerimata maastikul või maastikul. 
Autonoomsete sõidukite spektraalse pildistamise meetodi tegeliku rakendamise 
seisukohast on võimalik välja töötada vähem spektriribadega multispektraalne 
pildiandur, mis on stseeni liigitamiseks kõige tõhusam. Koos sellise optimeeritud 
spektraalkaameraga võivad pildid jäädvustada ala skaneerimisrežiimis.  DCNN-mudelite 
väljatöötamine, mis on kohandatud spektraalse pildistamise alusel stseeni mõistmiseks, 
võib muutuda reaalsuseks. 
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Appendix 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Publication I 
D. C. Liyanage, R. Hudjakov, M. Tamre, “Hyperspectral / Multispectral imaging methods 
for quality control” as a chapter of the book titled “Handbook of Research on New 
Investigations in Artificial Life, AI, and Machine Learning” by IGI global publisher,  
pp. 1–33, 2021, doi.org/10.4018/978-1-7998-8686-0. 
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Publication III 
D. C. Liyanage, R. Hudjakov, and M. Tamre, “Hyperspectral Imaging Methods Improve 
RGB Image Semantic Segmentation of Unstructured Terrains,” in 2020 International 
Conference Mechatronic Systems and Materials (MSM), 2020, pp. 1–5. 
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Without vision, it could have been extremely difficult for humans and animals to thrive. Similarly, computer vision plays a significant role in providing vision input for industrial robots. So does Autonomous Ground Vehicles (AGVs). All the cutting-edge driverless vehicles’ autonomous systems heavily depend upon their vision sensors to perceive the environment for its autonomy apart from other sensor modalities. Some vehicle manufacturers solely rely on computer vision for self-driving [1, 2]. It was not technically feasible to achieve such a feat of self-driving without the latest developments in Artificial Intelligence (AI). The advancements in AI made it possible to solve highly complicated computer vision problems such as object detection and recognition. The AGVs are not only for passenger transportation, but also they are disrupting various application domains in transportation and logistics. Numerous research institutes, private companies, are working on developing AGVs in recent years. These autonomous mobile robots are meant to accomplish various tasks such as transportation of passengers, search and rescue operations, seeding, weeding, and harvesting in agriculture, parcels, and grocery delivery in the logistics sector, etc. Growing demand for different kinds of driverless vehicles fuelling the research and development of autonomy makes it one of the most active research areas today. Figure 1 shows different autonomous ground vehicles which are commercially available and in research these days.  
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[bookmark: _Ref84085674][bookmark: _Toc87864261]Figure 1. (a) Military UGV developed by Rheinmetall AG[3], (b) agriculture robot weeding on a farm land[4], (c) Starship parcel delivery robot running on snow[5], (d) driverless shuttle bus in Japan for rural public transport [6].



Typically, AGVs can self-steer, self-regulate, avoid obstacles, and navigate without any human intervention. The first known research effort to develop an autonomous vehicle dates back to 1984 with the introduction of the Autonomous Land Vehicle (ALV) project by NavLab at Carnegie Mellon University [7]. It laid the groundwork to identify the main challenges of autonomous vehicle systems development, such as required sensing and computing capabilities. 

Whether autonomous on-road vehicles or off-road vehicles, the fundamental technical problem is the environment perception. Perception is the ability of the autonomous system to collect information about its surroundings and extract relevant data [8]. The objective of a perception system is to enable the autonomous vehicle to navigate safely and efficiently. In contrast to the on-road autonomous vehicles, off-road AGVs face many more challenges in traversable terrain perception. The off-road environments are unstructured where it is not clear the traversable areas and 
non-traversable areas. Below, Figure 2 shows structured and unstructured terrains. 
The levels of hazards are often unpredictable, and constraints on mobility make it difficult for off-road navigation compared to on-road scenarios. Thus, off-road navigation demands a sophisticated perception system to realise complete autonomy, which is level 5 based on the vehicle autonomy levels classification proposed by the Society of Automotive Engineers (SAE). The levels of autonomy for road vehicles are not described here, which can be found on the SAE J3016 standard [9], and it is harmonised with ISO standards as ISO-PAS 22736 [10].
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[bookmark: _Ref84016135][bookmark: _Toc87864262]Figure 2. (a) A structured terrain where traversable and non-traversable areas can be easily distinguished. (Tallinn University of Technology parking lot) (b) Unstructured terrain where the traversable terrain is ambiguous (Location near Lasnamäe, Estonia).

The perception problem is currently being addressed by using various sensing modalities and processing methods. Nowadays, most AGVs depend upon Light Detection and Ranging sensors (LiDARs) and RGB colour cameras for localisation and environment perception [8, 11, 12]. Even the first autonomous vehicle, ALV, has used a TV camera and a laser scanner for terrain perception [7]. Different sensor modalities such as ultrasound sensors and radars are also used in specific applications to detect specific obstacles without being restricted to the RGB and LiDAR sensors mentioned above. Comprehensive details about sensors and measurements used on various unmanned systems are available in the reference [13]. Each of these sensors has its advantages and drawbacks. And some of them are prohibitively expensive for commercial applications.

Various terrain surfaces and conditions make it difficult for an off-road AGV to navigate with LiDAR sensors and RGB cameras alone. One of such limitations with LiDAR sensor-based perception is its inability to distinguish navigable obstacles such as grass and non-navigable obstacles like rocks and other hard objects [14]. The visual similarities between different terrain objects like construction rubble with painted objects may lead to false object detections, affecting path planning.  In industrial vision applications, 
the Hue, Saturation and Values (HSV) colour model is used to overcome the issues such as illumination variations, shadows, reflections, etc. [15]. The HSV colour model has been used to detect traffic signs[16] and drivable roads[17] due to the advantages mentioned above. 

Not only monocular RGB cameras but also various other imaging technologies are in use with mobile robots. Stereo cameras, infra-red cameras, omnidirectional cameras, and event cameras are examples of them [13]. Besides RGB and monochrome vision sensing technologies, spectral imaging is an advanced vision technology that combines both imaging and spectroscopy [18]. The spectral sensor collects image data on numerous spectral bands across the electromagnetic spectrum. Depending on the number of spectral bands present in the image, spectral imaging is classified into different classes. They are mainly Multispectral imaging (MSI), Hyperspectral imaging (HSI), and Ultraspectral Imaging (USI) methods. MSI and HSI are the widely used spectral imaging methods in the industry. Typically, MSI contains tens of spectral bands while HSI contains hundreds of spectral bands of narrow bandwidths [19]. Each pixel of such image is a high-dimensional vector that contains spectral reflectance in tens or hundreds of contiguous wavelength bands within a specific wavelength range.  This technology can provide more information about the objects in the scene as it captures the reflectance on numerous spectral bands or image channels.

Combined spectra of the reflectance variation in each spectral band form a characteristic signature for each material which is the spectral signature. Such spectral characteristics can distinguish various terrain objects with better accuracy than RGB images. The spectral imaging technology initially appeared in the early 1970s with the Landsat satellite program, where it used a multispectral scanning system (MSS) comprised of visible and near-infrared spectral bands [20]. Spectral imaging is not limited to the visible light range in the electromagnetic spectrum compared with the RGB vision systems.  Using appropriate wavelength ranges such as visible light, Near Infrared (NIR), Short Wave Infrared (SWIR), and Medium Wave Infrared (MWIR), it is possible to capture images that cannot be done using RGB cameras. Even though spectral imaging is widely used in precision agriculture, remote sensing, and various other industrial domains, it still finds little presence in AGV sensor suits used in mobile robotics.

[bookmark: _Toc87864509]Background and motivation

Multiple AGVs were introduced to the world from Estonia for package delivery  [21, 22] military and civilian applications [23]. And Tallinn University of Technology is actively involved in research and development activities related to AGVs and UGVs. Ground vehicle autonomy is one of the hottest research topics in robotics. Therefore, improvements for the UGV perception based on hyperspectral imaging methods could be a valuable contribution. 

Hyperspectral/multispectral imaging systems for autonomous driving has appeared in a few studies. Mainly for detecting a certain kind of obstacle that cannot be done otherwise. It is due to the abundance of information contained in the hyperspectral image datacube. Typically, a hyperspectral datacube can be well over ~100MB in file size. Pedestrian detection for self-driving vehicles is one such application where it uses a multispectral camera [24]. Based on terrain classification research by Winkers et al., HSI could be used for terrain perception by combining machine learning methods for image analysis [25]. Ice, mud, and loose gravel are often challenging terrain conditions for UGVs. In the reference [26],  various imaging techniques were tried for mud detection. 
It has been concluded that the wettest regions of the terrain can be identified using SWIR wavelength range images, where wet mud from dry surroundings can be detected with RGB colour cameras.

In hyperspectral imaging, the image datacube, also called a hypercube, contain hundreds of spectral bands. These hypercubes often contain redundant data in most of the spectral bands. Thus, it requires selecting an optimal number of image bands from the datacube. Such band selection for terrain surfaces detection in various outdoor environments is still a challenging task. 

The purpose of computer vision in AGVs is for scene understanding. Thus, a smart algorithm labels each pixel of an image, whether an RGB image or spectral image hypercube, with a terrain class. Such pixel-wise image labelling is called Semantic Segmentation [27]. Most of the existing scene understanding models in autonomous driving use RGB image semantic segmentation.  Since current research has drawn significant attention for on-road autonomy, object detection and classification in structured environments have been thoroughly explored. Thus, there are a significant number of research publications on man-made object detection and semantic segmentation. They cover both unimodal approaches with single sensor input and 
multi-modal approaches by fusing multiple sensor inputs [28–30]. Hence, man-made object detection is not the primary objective for this thesis and instead, it focuses on detecting natural obstacles as they appear in their native environment. In contrast to 2D image classification, a combination of spectral-spatial feature-based classification could paint a more accurate picture of the terrain.

Self-driving vehicle manufacturers like Tesla, Inc already harnessing the power of modern machine learning methods such as deep neural networks for object detection, lane marking detection, etc. With state-of-the-art algorithms such as convolutional neural networks (CNN), it has been possible to extract the essential visual features crucial for autonomous navigation. Similarly, deep learning is becoming widely popular in HSI processing in various application domains [31].

[bookmark: _Toc87864510]Problem statement and research objectives

Hyperspectral imaging has excellent potential in terrain object detection, thus improving UGV perception, as explained in the previous section. Here are the research gaps found out in current research related to HSI for terrain perception.

· Most of the feature selection and feature extraction methods for HSI are developed based on various use cases. However, there has not been any such feature selection/ extraction methods developed for terrain classification. 
As autonomous vehicles have limitations in computational capabilities in their computing hardware resources, the methods should be efficient. Therefore, 
it requires developing a simple and effective feature selection algorithm for HSI terrain classification applications. The computation power for the perception system could be reduced by reducing the number of spectral bands in the images.

· The RGB imaging sensors work as the primary vision input in most of the ground vehicles available nowadays. These RGB images are used in semantic segmentation algorithms to classify various terrain objects, and these algorithms require large amounts of accurately labelled image data. Manual image labelling is a time-consuming and labour-intensive process, which hinders large scale dataset creation. There is a need for an efficient method to minimise the cost and effort of manual labelling.

· Although hyperspectral imaging is a novel technology in computer vision, still it finds little research effort put into spectral imaging to use this technology as a visual input for terrain perception in ground vehicles by the research community. There is a gap in terrain perception research to investigate the possibilities to use HSI segmentation to augment RGB image segmentation. 

· Multispectral image semantic segmentation shows profound advantages over RGB image semantic segmentation in biomedical applications. The use of spectral images in the spectral-spatial classification method has not been validated for unstructured terrain segmentation. And there is no data to assess the effectiveness of spectral image based semantic segmentation accuracy over RGB for unstructured terrains.

· There are challenging environmental conditions such as black ice on driving terrain or wet soil encountered by both on-road and off-road vehicles. Driving on such terrain conditions poses a danger to both vehicles and operators. Whether there is a possibility to detect such challenging environments using spectral images should be explored.

 

Below are the main research objectives which will cover in this thesis.



Develop an effective band selection method to distinguish various terrain classes in unstructured environments. The method should be computationally simpler and efficient, thus enabling the outcome to implement on embedded computing hardware platforms with low computing capabilities often used in mobile robots.

Introduce an efficient method for image dataset generation using HSI.

a. Hyperspectral image pixel-wise classification in the spectral domain could be used as labels for image datasets.

b. RGB images could be created from HSI.  

c. Thus, compare the effectiveness of such segmentation vs manually labelled image datasets.

Investigate state-of-the-art spectral-spatial HSI semantic segmentation networks based on deep convolution neural networks for terrain semantic segmentation. Draw necessary comparisons with RGB semantic segmentations.




[bookmark: _Toc87864511]Thesis contributions

This thesis made the following contributions to address above mentioned research questions.



1. One of the contributions of this thesis is an unsupervised band selection method to extract a few spectral bands from a hypercube. The proposed method can efficiently identify the most significant spectral bands for terrain image classification. The method was validated by classifying various terrain object classes found in off-road terrain scenarios (Publication I).

2. HSI pixel-wise classification using spectral data have been compared with RGB semantic segmentation, which shows that HSI pixel-wise classification is more accurate than that of the RGB semantic segmentation for terrain classes. Therefore, it can be summarised as the HSI pixel-wise classification can be used as ground truth labels for further semantic segmentation CNNs (Publication II). 

3. The capabilities of HSI imaging were demonstrated as an alternative way to minimise manual image annotation for RGB image dataset preparation. The RGB images generated from 9-band HSI datacubes using manifold alignment methods proves that those images have a higher correlation to the actual RGB images captured from the same scene. The results show that the approach can be used effectively to train CNNs for RGB vision.

4. Demonstrated the effectiveness of HSI semantic segmentation in spectral-spatial domains for terrain classification scenarios. Introduced encoder-decoder based CNN architectures are highly effective in classifying such images trained with small image datasets. 



The scope and boundaries of this thesis are as follows. Even though the work mainly focuses on ground vehicle application in off-road scenarios, it is not focused on a specific vehicle platform.  The HSI processing and classification methods proposed in this thesis are not limited to ground vehicle navigation applications but equally can be applied to various other application domains. 

This study was carried out at Tallinn University of Technology from 2017 to 2021. 
The outcomes of this doctoral research have been published in several IEEE conference proceedings, including MSM2020 and REM2019. And they are available on IEEE Xplore. The most relevant articles to the thesis are attached in the Appendix.

[bookmark: _Toc87864512]Research methods

The end goal of the thesis is to produce research outcomes that are feasible and viable to implement in real-world robotic applications. And the cost of the components used in the research is an important factor for future commercial viability. The hyperspectral cameras in the VNIR wavelength range are commercially cheaper than other cameras beyond the VNIR range. Although beyond the VNIR range, SWIR might provide more information of the scenes that cannot be captured in the VNIR range, it would limit the viability of real-life implementation. The hyperspectral imaging sensors in VNIR spectral range are based on silicon semiconductors, while the SWIR range is made of expensive semiconductors such as InGaAs, making those SWIR sensors pricey [32].  Therefore, this study focuses on hyperspectral imaging cameras in the VNIR wavelength range, which spans 400 – 1000 nm.

Following cameras were used in this research for HSI datacube acquisition:

· Ximea xiQ MQ022HG-IM-LS150-VISNIR camera from Ximea GmbH [33]

· Specim IQ mobile hyperspectral camera from Specim Spectral imaging Ltd [34] 

· Resonon Pika II VNIR hyperspectral cameras from Resonon Inc [35]



Hyperspectral images captured using a portable camera tripod and mounting the hyperspectral camera at around 1,0 m height mimic the camera position of an actual AGV. The hyperspectral imaging sensor calibration was performed in-situ before taking images using the white reference calibration target provided by the camera manufacturer. The HSI hypercubes containing off-road terrain scenarios were captured at various locations in Estonia. 

The RGB colour space will be used to compare the HSI perception methods.

All the algorithms, program codes, software test tools for this research were developed by the author. Furthermore, the experiments were carried out using the captured hyperspectral datacubes. MATLAB 2020b and its libraries were used as the primary programming tool, while Python and Visual C# programming languages have been used to develop software tools for various experiments.

The main processing computer is an HP Z4 workstation with Intel Xeon W-2123 3.6GHz Central Processing Unit (CPU), 32GB Random Access Memory RAM, and Nvidia P4000 GPU with 4GB RAM as hardware configuration.

[bookmark: _Toc87864513]Thesis structure

Chapter two of this thesis covers the existing literature review regarding state-of-the-art of terrain perception and spectral imaging. The same review further covers hyperspectral band selection approaches, classification methods, and semantic segmentation approaches on autonomous vehicle perception. The novel band selection method describes in the third chapter, where it presents experimental results and comparison results of image classification with existing methods. Hyperspectral images could be visualised in RGB colours to use on RGB semantic segmentation. The fifth chapter contains terrain segmentation using developed band selection methods and a comparison of RGB image semantic segmentation for off-road scenarios. The seventh chapter concludes the thesis with a summary of each contribution. The future research directions are also presented included in this chapter.
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[bookmark: _Toc87864515]Terrain perception

Terrain perception is the core technical challenge for autonomy, and this topic has been in research for several decades. From early experimental autonomous vehicles, imaging and laser scanning were integral to terrain perception [7]. The RGB images and LiDAR point clouds are the most dominant inputs for terrain perception [36–39]. In addition to RGB imaging, several studies have explored the advantages of RGB-D imaging methods [30, 40, 41]. The majority of them focused on structured-environment perception, while a few studies went into unstructured environment perception.

On the contrary, an unstructured terrain object recognition method that has been presented by Erkan et al. [42] is purely based on vision sensors. As opposed to the impact of depth-sensing for off-road scene classification, Holder et al. suggest that RGB-D does not provide a significant advantage for detecting hazardous off-road terrains by taking several off-road datasets, including water puddles [43].  Alternatively, stereo vision for off-road object detection has been in multiple studies, including Defence Advanced Research Project Agency’s Grand Challenge competition in 2005 [44], in agricultural environments [45] and a few other off-road autonomous driving projects [46]. Moreover, several studies have dived into beyond the visible light wavelength range imaging such as SWIR, MWIR and Long-Wave Infrared (LWIR) [26, 47, 48]. Objectives of such investigations were to detect various hazardous objects, hazardous terrains, safely navigate under adverse weather conditions and achieve passive terrain perception for sensitive applications.

The MSI/HSI based perception research attracted less attention than the RGB 
imaging-based perception research over the years. Here is a summary of recent developments in spectral imaging in terrain perception for autonomous navigation of ground vehicles.

One of the early research work into spectroscopic imaging for terrain perception had been realised using Acousto-optic tunable filters (AOTF) along with a Charge Coupled Device (CCD) camera in the late ‘90s [49]. Apart from the AOTF, polarising filters have been used in the same research to detect road hazards such as wet and icy roads. 

For a natural terrain classification task, a multispectral imaging-based technique with machine learning has been used by Namin et al. [50]. The authors have used VNIR spectral range multispectral camera with seven spectral bands where they achieved a classification accuracy of 92 % and 89 % with SVM and Adaboost classification methods. The number of terrain classes used for the classification was ten which include natural and man-made terrain objects. Winkens et al. have proposed an HSI approach using a snapshot hyperspectral camera with 16 spectral image bands for drivable and un-drivable terrain detection. Even though the camera spectral range is limited to 470 – 620 nm, 
the authors presented successful results for a terrain classification of four classes using the Random Forest algorithm [51]. A four-channel multispectral camera has been used in vegetation and bare soli detection within the visible light wavelength range. 
The authors suggest that the Normalised Difference Vegetation Index (NDVI) index is successful vegetation and soil differentiation measure [26]. The research works mentioned above fulfil the needs for scene understanding further ahead of the vehicle, which would improve long-range path planning.

Long-range path planning, and nearby ground analysis for the traversability around the vehicle, are both important tasks in autonomous driving. The ground surface texture around a vehicle captured using a mosaic hyperspectral camera with 25 image bands organised in a 5x5 mosaic pattern has been used to project the texture to the ground surface height map created using 3D LiDAR. Using the method suggested by Fuchs et al., the navigation system can map the terrain around the vehicle. The proposed approach suggests that semantic analysis of the environment can help detect and avoid risks posed by terrain right ahead of the vehicle [52].

[bookmark: _Toc87864516]Semantic segmentation of terrains

[bookmark: _Toc87864517]Overview of semantic segmentation

For AGV navigation, drivable and undrivable terrain should be identified by the perception systems, which typically comprised of RGB cameras and LiDAR sensors, 
as mentioned before. Scene understanding based on images is the objective of semantic segmentation. Assigning each image pixel with a certain category (class) label or semantic label is called semantic segmentation in computer vision. Semantic segmentation helps to locate the specific objects in their exact spatial locations in the image. In terrain semantic segmentation, the classes or categories are different terrain types such as gravel, dirt, mud, grass, etc. Such image segmentation is a common classification type problem in computer vision. State-of-the-art semantic segmentation methods are mostly CNN algorithms based on deep learning. The deep neural networks require a large number of images and labels as inputs. 

With the introduction of Fully Convolutional Networks (FCN), the deep learning models revolutionised semantic segmentation with remarkable accuracy for RGB images [53]. During the past several years, deep learning methods evolved rapidly. As a result, there are numerous architectures introduced with various features. A deeper comparison between major network architectures, such as VGG, ReNet, ResNet, DenseNet, ResNeXt, and MobileNet, is discussed in a review article published by Hao et al. [54]. The same article discusses various novel methods based on the above CNN backbones, real-time methods, weakly supervised methods, popular public datasets, evaluation matrices of semantic segmentation, etc. A comprehensive description of the DCNN constituents such as convolution layers, pooling layers, fully connected layers, activation functions is presented by Kaymak et al. in their semantic segmentation review article, which is oriented towards autonomous driving applications [27].  

The “2.6 Hyperspectral image classification methods” section will discuss the 
multi-layered image semantic segmentation methods.

Fully supervised learning methods proven to produce the highest accuracy in semantic segmentation, which requires accurately annotated image data labels. Even though there are software tools for image labelling, manually annotated images are the most accurate. Instead of strongly annotated label images, semantic segmentation accuracy has been investigated using a large number of weakly labelled and a small number of strongly labelled images showing 69 % IoU for the PASCAL VOC 2012 benchmark. Compared to a strongly annotated image dataset that yielded 70,3 % IoU, the weakly annotated fell short by a 1,3 % margin  [55]. In this case, the weakly annotation was locating the objects on the image with bounding boxes that shows the coarse object locations.



[bookmark: _Toc87864518]Unstructured terrain semantic segmentation

Semantic segmentation of unstructured terrains is a complex task using RGB images due to numerous classes in the scene, which are of a mixture. When it comes to on-road terrain semantic segmentation, most of the classes, objects are man-made, such as roads, road signs, buildings, lamp posts, other road vehicles, etc. In terrain perception, most scene understanding models are developed for structured terrains or regular urban driving environments.

In contrast to the structured terrains, literature for unstructured terrain semantic segmentation is rather sparse. As a result, this review is based on three research articles published based on unstructured terrains [56–58]. There are different types of unstructured terrains. They are either urban driving environments that lack the structure or fully off-road terrains. Most developing countries have less structured driving roads, even in urban areas, which resembles unstructured terrains. Those unstructured terrains comprise gravel roads, gravel sidewalks, muddy spots, and water puddles, etc. Semantic segmentation of such terrains has been introduced with modified DeeplabV3+ DCNN by Baheti et al. and has been tested with India Driving Dataset (IDD), achieving 68,61 mean Intersection over Union (IoU) [56]. The same authors proposed another DCNN architecture called Eff-UNet for the same task, tested on the above mentioned IDD [57]. The Eff-UNet architecture is based on EfficientNet[59] encoder and UNet [60] decoder forming encoder-decoder architecture. With this architecture, the authors have achieved an accuracy of 62.76 mean IoU for IDD. The encoder-decoder architectures manifest that they are the most outstanding DCNN architectures so far to perform semantic segmentation. Following encoder-decoder architectures, Sgibnez et al. have proposed a lightweight DCNN architecture for an off-road terrain semantic segmentation [58]. 
The authors have experimented with multiple DCNN options as backbones for their encoder-decoder architecture based on ResNet, MobileNetV2, ShuffleNetV2 and EfficientNet-B0. All the reviewed articles above are based on RGB images as inputs.

There are several challenges for semantic segmentation performance when those classification algorithms run in real-time in real-world applications. The variation of environment lighting conditions, weather, camera parameters and shadows can greatly influence the classification outcome [61, 62]. A robustness assessment method for semantic segmentation was proposed by Wen Zhou et al., which uses a LiDAR. However, the proposed method has been validated on structured terrain conditions, where they validated road class under various environmental conditions [61].

U-Net Architecture

The U-Net architecture was introduced to biomedical image segmentation in 2015 [60]. A higher semantic segmentation accuracy with a smaller dataset is the most significant advantage of this architecture. Data augmentation has helped achieve the claimed accuracy level, which the authors have demonstrated the network accuracy of 92% and 77.6% using two biomedical image datasets containing 35 and 20 annotated training images, respectively. 

The U-Net architecture has been built with a contracting encoder branch and an expanding decoder branch. Two convolution operations with Relu activation are used in every layer of the network. Convolution input layers are not padded where every convolution reduces the size of the output. Since it uses 2 x 2 max pooling and 
up-convolutions, the input images should have even X and Y dimensions. The skip connections help recover some of the fine details while decoding. The U-Net architecture is illustrated in Figure 3.
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[bookmark: _Ref87705483][bookmark: _Toc87864263]Figure 3. U-Net architecture for biomedical image segmentation [60].

[bookmark: _Toc87864519]Image annotation

Various tools have been developed to minimise the effort it takes for semantic image annotation, such as Supervisely [63], SuperAnnotate [64], MATLAB Image Labeller [65], LabelBox [66], LabelMe [67], and Microsoft Visual Object Tagging Tool (VoTT) [68]. These applications offer various shape matching tools such as circles, triangles, rectangles, and other polygons to define the object’s boundaries in the image. The polygon-based methods do not accurately define the object boundaries.

Image boundary-based semi-automated annotation tool proposed by Qin et al. claims that it reduces manual clicks to select image boundary points by 73%. The authors use edge detection and splitting algorithms to cluster the image regions, followed by a few manual selection clicks to annotate the image. This approach does not depend on any other input to assist annotation [69]. A semi-automated annotation tool called “EasyLabel” was proposed by Suchi et al. for an indoor object dataset [70]. Their method is based on 
RGB-D vision and is suitable for pixel and object-wise labelling of indoor objects. With the help of an object detector model and 3D layout estimator, Reza et al. have proposed a video data automatic annotation method. Their application is also focused on indoor scene labelling [71].

Based on the existing literature, the outdoor scene annotation methods have not gained enough attention.

[bookmark: _Toc87864520]Spectral imaging

Hyperspectral imaging technology is being successfully used in various industrial application areas such as precision agriculture [72, 73], food quality inspection [74–76], pharmaceutical production [77, 78], crime investigation [79, 80], waste sorting [81, 82] and so on. However, it is still finding little presence in autonomous driving. 

In contrast to RGB imaging methods, MSI and HSI methods offer more information about the objects in the scene. The RGB imaging method provides only the spatial information of the scene in comparison to MSI or HSI. Moreover, RGB imaging only provides information within the visible light wavelength range, 400 – 760 nm. On the contrary, the MSI and HSI methods provide both spatial information and spectral information. These two methods are used within and beyond the visible light wavelength range. Below Table 1 summarises the capabilities of each image acquisition method based on the information available in the image relative to each other.

[bookmark: _Ref67563540][bookmark: _Toc87864285]Table 1. Main differences between HSI, MSI, Spectroscopy and RGB imaging. Classification bullet rate (1-3) is a relative representation of the information available in each acquisition method [83].

		Imaging method

		Spectral information

		Spatial information



		Hyperspectral imaging

		●●●

		●●●



		Multispectral imaging

		●●

		●●●



		Spectroscopy

		●●●

		●



		RGB imaging

		●

		●●●







Based on the number of spectral bands in the sensor, the constructions of MSI and HSI sensors and the spectral cameras is different. So do the image acquisition methods. Most MSI sensors are constructed with bandpass filter deposition in a mosaic pattern[84][85] for single-sensor cameras. There are multi-sensor cameras built using several single band sensors combined as an array [86]. The HSI cameras can be based on tunable filters, line scan sensors, snapshot imaging sensors. Line scan with push-broom method is widely used for HSI image acquisition, which differs from the area scan method used in RGB imaging and MSI. Line scanning is a slow process compared to the area scan that restricts the capture of images of dynamic objects. Different spectral image acquisition modes are discussed by Li et al. in their spectral imaging review article for biomedical imaging [87]. Even though HSI and MSI provide more information about the scene, both technologies have characteristic issues. 

[bookmark: _Toc87864521]Dimensionality reduction in hyperspectral images

The HSI data cubes contain a large amount of spectral data in hundreds of contiguous spectral bands. Therefore, it provides high-resolution spectral characteristics of the object under investigation than other imaging methods. Even though there are advantages of high-resolution spectral characteristics, there are drawbacks as well. 
A large amount of data makes datacube processing computationally expensive.  Moreover, the spectral data in contiguous bands are often redundant and correlated. Such a large amount of data causes the Hughes phenomenon. The Hughes phenomenon is when the classification accuracy increases by increasing the number of spectral and then drastically drops when it reaches a certain number of features in small sample size [88, 89]. 

Due to these reasons, there is a need for selecting optimum spectral bands which contains sufficient information to characterise the objects under investigation. This process is called dimensionality reduction, which transforms high dimensional data into low dimensional space. There are two different approaches to address this problem. One is feature extraction, while the other is feature selection or band selection [90]. The two methods are significantly different from each other. Feature extraction methods will not contain original spectral information after the dimensionality reduction due to data transformation during the process [91].

On the other hand, the feature selection approach does not alter the original pixel data in the hyperspectral data cube, thus preserving the intrinsic information [91]. 
So that, one of the goals of this thesis is to find out the most suitable band selection/feature selection method for a terrain classification task. By selecting a limited number of spectral bands, it would be possible to develop an optimised multispectral sensor for UGV imaging applications, eventually enhancing the classification speed. 
The feature extraction methods are not suitable for this thesis work as they will not maintain the correlation between original spectral bands and the transformed data.

For autonomous ground vehicle applications, CNN training using numerous wavelength band groups according to terrain classes is a complex, labour, and time-intensive task. Mainly due to a large number of terrain classes available in unstructured terrain environments. The objective of band selection or feature selection is to identify the optimum spectral bands which provide the most distinctive and informative spectral characteristics to achieve the highest classification accuracy [92]. Numerous band selection methods have been introduced by the research community based on various applications and imaging conditions. These band selection methods are categorised into six different groups as ranking-based, searching-based, clustering-based, sparsity-based, embedding learning-based, and hybrid-scheme based methods [93]. 

The supervised band selection methods perform superior to the unsupervised methods [94]. However, in the case of terrain classification for unknown environments, supervised methods require retraining for new terrain object classes, which makes it less desirable over unsupervised band selection methods. Therefore, the ideal band selection method should be either an unsupervised or a semi-supervised method that uses less labelled data. Nevertheless, supervised methods are widely used in HSI band selection. 

Most band selection methods are benchmarked with widely popular public datasets such as the Indian Pines dataset [95], Salinas valley dataset, and Pavia University dataset [96]. These datasets are mostly used in remote sensing research. Indian Pines dataset has been collected by AVIRIS sensor over North-western Indiana, which contains 224 spectral bands in visible/near-infrared wavelength range of 400 – 2500 nm. The dataset contains 16 classes [95]. Salinas valley scene also collected by AVIRIS sensor with 224 spectral bands spanning from visible – infrared wavelength range. The image contains 16 different classes [97]. Pavia dataset has collected over University of Pavia, Northern Italy by ROSIS – 3 sensor which contains nine different classes. The dataset contains 103 spectral bands in the 430 – 860 nm visible light wavelength range. 

Unsupervised dimensionality reduction methods

Unsupervised band selection methods are developed based on different criteria. Mostly used criterion is the correlation between different spectral bands. 

The Principal Component Analysis (PCA) methods transform data from a high dimensional space into a lower-dimensional space [98]. The first few dimensions of the resultant PCA conversion contains most of the information. However, the resultant image keeps the important characteristics of the dataset while dimensionally reducing PCA datacube.  After PCA, the resultant image does not reveal its original intrinsic image band structure. This method is older and widely used in hyperspectral image dimensionality reduction as a benchmark.

Manifold learning is another non-linear dimensionality reduction approach. 
The spectral-spatial manifold reconstruction preserving embedding method has been proposed by Huang et al., a novel manifold learning method. Their method proposes a novel distance criterion called spectral-spatial combined distance as the distance matrice. In this method, the HSI data is filtered using a weighted mean filter as the first step. Then, it uses spectral-spatial combined distance matric to select spectral-spatial neighbours. A spectral-spatial adjacency graph is constructed using graph embedding in this method. This method would reveal the intrinsic manifold structure [99].

The similarity measure is one of the criteria for band selection, where it uses mutual information of spectral band and a reference band to select the most suitable spectral bands. 

Supervised learning-based band selection methods 

There are numerous band selection techniques based on the supervised learning method. Some of them use state-of-the-art CNN algorithms, which outperform most of the classical methods.

Band selection based on band-wise independent convolution and hard thresholding technique has been incorporated into CNN by Feng et al. The proposed method comprises band selection, feature extraction and classification [100]. 

A CNN based band selection method has been presented by Rui C et al. called 
CM-CNN, in which they propose a new structure in the neural network called contribution map. This method allows the extraction of discriminative spectral bands from the dataset. However, according to the published experimental results, the proposed CM-CNN method yields higher classification accuracy when selecting more than 40 spectral bands for the Indian Pines dataset and more than 30 spectral bands for the Pavia University dataset [14]. Unlike the other NN based methods, this method gives the most discriminative spectral bands while it cannot achieve higher classification accuracy for fewer number of (< 20) spectral bands.

Attention-based CNN method for HSI band selection could achieve comparable classification results with SVM. The attention-based CNN algorithm has been tested and validated on the Salinas valley dataset and Pavia university dataset. In that study, 
the researchers have compared the classification accuracy of three different CNN models, which did not show any statistical significance [101].

Band selection based on CNN with distance density proposed by Zhan, Y et al. show 
a better classification accuracy with a higher number of spectral bands. Especially the proposed BSCNN+ DA, which uses data augmentation with distance density calculation, outperforms all the other methods in their research. The most significant achievement in their study is that the method initially uses all the spectral bands in the datacube to train CNN. Then use distance density-based bands reduced datacube using Rectified Linear Unit (ReLU) activation function to iteratively select bands classifying the image and estimate the precision of each method to extract most significant spectral bands without retraining the CNN for every iteration. As the authors mentioned in their publication, their method is not effective when the number of selected spectral bands is less than 30.  The other traditional methods can easily outperform the BSCNN+DA method if the selected spectral band count is less than 30. However, their method has other significant drawbacks as it needs to test all possible band combinations for every band partition in the datacube until it finds the optimum bands set. In other words, it requires a large number of iterations to identify the suitable bands, which makes their method computationally expensive [91]. 

[bookmark: _Toc87864522]Hyperspectral image visualisation

In order to train RGB semantic segmentation neural networks, it is required to prepare image datasets with RGB images and their ground truth. The ground truth is the actual pixel class which comes from image pixel-wise classification. The RGB image needs to be generated from the HSI datacube. The goals of such an RGB image generation method should be consistent rendering, edge preservation, computational ease, and natural colour palette, which are the most relevant in this research context [102].

Selecting three image bands from red, green, and blue wavelength ranges and mapping them to RGB channels is the simplest method to generate RGB images from HSI [103]. 

The hyperspectral image visualisation method proposed by Su et al. is based on visualisation orientated band selection followed by band similarity computation. In this case, they select three bands to produce trichromatic visualisation from three wavelength ranges for red, green, and blue, respectively. They use a band selection method that gives fewer spectral bands for each colour wavelength range, which is subsequently used to calculate the correlation coefficient to determine the similarity between the bands in the same wavelength range to choose one image band. Also, 
it looks for the dissimilarities between the selected bands in the other colour wavelength range, which can add most of the information into the final visual representation [104]. 

Several methods have been developed on filtering techniques [105, 106]. One of them is a most recent method based on PCA with edge-preserving filtering, which claimed to have better image contrast and original details of the image [105]. Similarly, using PCA and edge-preserving filtering, the bilateral filtering-based image fusion method has been proposed by Kotwal and others. Their method uses band weights at each pixel for image fusion [106]. 

[bookmark: _Toc80864962]Another image visualisation approach is the manifold alignment technique. In this case, the RGB images captured from the same or semantically similar site to the location where HSI images capture, the manifold alignment approach can transfer colour information from RGB images to HSI visualisations. Fusing the hyperspectral image with a high-resolution colour image using manifold alignment needs a few matching pixel pairs that present the same object in the scene [103].

[bookmark: _Toc87864523]Hyperspectral image classification methods 

In hyperspectral imaging, achieving the highest classification accuracy is the main objective. There are various methods have been developed for hyperspectral image classification in various application domains. One of the challenges in HSI classification is the difficulty to extract of endmembers. The endmember is the pure signature of a particular material (object) class [107], often discussed in chemical/mineral analysis and other fields. The objects found in nature do not occur in their pure state, which adversely impacts classification accuracy.

[bookmark: _Toc87864524]Pixel-wise classification 

Most of the HSI classification methods are developed for pixel-wise classification. From statistical methods to modern DCNN methods developed in the context of spectral signature-based discrimination.

Multilayer perceptron (MLP) networks are the simplest and the basis of artificial neural networks, which has been in use with diverse applications. These feed-forward NNs were introduced for HSI classification decades ago. Even though they are simple, they can achieve high accuracy in hyperspectral image classification [108]. After the band selection, the hypercubes contain fewer spectral bands, which can efficiently classify the image despite some inherent pitfalls with the method.

Various CNN based classifiers have been developed in recent years. There are several feature extraction CNN architectures proposed in the reference [109]. The authors of the publication have proposed 1-D CNN, 2-D CNN and 3-D CNN for feature extraction and image classification. 

The 1-D CNN is a single-pixel hyperspectral image classification network. The depth dimension of the datacube is the spectral distribution, which is 1-D image input for the NN [110]. These networks also contain convolution layers, activation function layers, 
and pooling layers. As mentioned before in the supervised band selection methods section, the distance density based band selection method uses 1-D CNN for classification [91]. Furthermore, the 2-D CNNs look into spatial features of each layer while 3-D CNNs learn both spectral-spatial features [109]. 

[bookmark: _Toc87864525]Spectral-spatial classification 

Hyperspectral image classification based on both spectral-spatial features is the most appropriate classification approach for terrain perception. As it is mentioned before, 
the endmember identification for terrain object classes is not a viable solution. Since image pixels in the hypercube may have mixed with noise and neighbouring spectral data cause spectral mixing, the classification result based on spectral signature may not always be accurate. A combination of spectral-spatial features can overcome such complications. In contrast to the classical methods based on pixel-wise spectral data classification, the spectral-spatial combination looks at both spatial image features on two spatial dimensions and spectral image features on the third dimension.  Therefore spectral-spatial combined classifiers perform better than pixel-wise spectral image classifiers [111]. There are numerous spectral-spatial HSI classification methods have been published so far. The earliest spectral-spatial joint classification of HSI was researched several decades ago, where Landsat imagery data were classified using neighbouring pixel patterns and the Markov approach [112]. 

However, HSI classifications related to terrain perception for autonomous navigation applications is nearly non-existent compared to remote sensing applications. 
The spectral-spatial classification methods reviewed in this state-of-the-art review are based on the methods developed for remote sensing applications and other multi-band image classification applications such as medical image classification. The key criterion for the optimal image segmentation is the computational time, and classification accuracy of the method benchmarked on each domain’s popular datasets.

The state-of-the-art classification architectures are mostly DNN architectures. 
In the remote sensing application domain, the classification methods are mostly benchmarked on popular remote sensing datasets such as Indian Pines, Pavia University, KSC, and Salinas datasets. The most efficient models in remote sensing are 3D CNNs which achieved the highest classification accuracies, well over 95% for popular datasets and with the lowest processing times [113–115]. These architectures use image 
patches or smaller windows of the image as inputs to the classification network. Thus, 
the resultant is a pixel class that gives the centre pixel class of the input patch as the outcome.



[bookmark: _Toc87864526]Chapter summary

There are various band selection methods available for HSI. However, they are optimised for various applications. Those methods were developed without aiming to use embedded computing hardware, which can be used on an AGV. Therefore, it is needed to develop an efficient band selection method aimed at discriminating terrain surface classes. Based on the research, the data sparsity-based methods are simpler yet effective for band selection. Thus, novel band selection should be based on the data sparsity-based method.

The RGB image ground truth labelling is still being done by manually using various labelling software tools. However, it is a costly process to generate a large image dataset. The possibilities to use hyperspectral imaging to assist in identifying the ground truth has not been explored. In the situation of HSI use in terrain segmentation, most of the perception might still be dependent on RGB imaging due to faster classification speed. Under such conditions, there will be a need for RGB semantic segmentation CNN training for unstructured terrain classification cases. Due to the difference in spatial resolutions of HSI and RGB images, there might be a need for image labels for both cases separately. As some CNN models will not work with varying spatial resolutions, creating two image datasets would be difficult due to the intensive manual work required for such operation. There has not been any research on that area to utilise HSI based CNN model for RGB classification. Such development needs to make RGB images from HSI datacubes. 
The RGB image generation from HSI in unstructured terrain context also has not been explored before.

The U-Net DCNN architecture has proven successful in semantic segmentation with a limited number of training samples. Furthermore, the U-Net architecture accommodates multi-channel images, which resembles HSI datacubes. Since the hyperspectral dataset in this research is not a large image dataset, the U-Net architecture would be the most appropriate solution for HSI classification. There are spectral-spatial segmentation models that have been developed for multi-layered images. Still, those techniques have not been widely applied in HSI image classification for autonomous vehicle terrain perception scenarios.












[bookmark: _Toc87864527]Band Selection Method for Terrain Hyperspectral Imaging

[bookmark: _Toc87864528]Overview

One of the objectives of this thesis is to investigate band selection methods that can be used to reduce the number of spectral bands of HSI datacubes while preserving intrinsic characteristics. The suitability of the method should be evaluated based on its performance in unstructured terrain classification applications. According to the literature review in the preceding chapter, numerous band selection techniques are available for various applications. The method proposed in this chapter is similar to the pooling operation commonly used in CNN algorithms. 

[bookmark: _Toc71106440][bookmark: _Toc71106476][bookmark: _Toc63084236][bookmark: _Toc63084274][bookmark: _Toc63084318][bookmark: _Toc63084356][bookmark: _Toc63091215][bookmark: _Toc63091605][bookmark: _Toc63440747][bookmark: _Toc66701674]The experimental unstructured terrain datasets were acquired using Specim IQ mobile hyperspectral camera. These datasets represent off-road terrain in Estonia as this research focused on off-road terrain classification.



[image: ]

[bookmark: _Ref73952278][bookmark: _Toc87864264]Figure 4. The RGB image of the terrain HSI dataset.

[bookmark: _Toc87864529]Methodology

The concept of the band selection method is to use the pooling operation in the spectral axis. Thus, detect the most significant peaks from each pooling kernel and extract distinct spectral bands. 

The dataset was calibrated for relative reflectance using white and dark references taken while capturing the image. The data cube contains 12-bit resolution reflectance data for each band. Therefore, the calibrated image was kept with the same resolution. In (1)  denotes the calibrated reflection intensity at  band while  is the reflectance of the original image at wavelength band. Similarly,  and  denote the white reference reflectance and dark reference reflectance at the respective band.



		

		

		(1)







The objective of band selection is to extract a certain number of spectral bands which characterise the objects in the scene to define spectral bands for a multispectral sensor. As the first step, it is required to define the desired number of spectral bands, i.e. 9, 16 or 25 bands. 

The number of pooling iterations is calculated based on the desired bands count, together with the size of the pooling window for each iteration. A hyperspectral image is a 3D datacube with height (h) and width (w) as spatial dimensions while the number of bands on the third dimension or spectral dimension. Since band selection is performed on the spectral axis, it is required to unfold the image. If the image contains only a few classes that are necessary to distinguish, then the entire datacube could be unfolded and used to find out the characteristic spectral bands. On the other hand, if the datacube contains various objects which do not need to be distinguished, then the classes of interest should be selected from the images. 

After unfolding, it is a stack of pixels with spectral distributions. The HSI images used in this chapter have 204 spectral bands, and each pixel’s spectral distribution shows the reflectance intensities for all 204 bands.

The original data cube columns are converted into rows of the modified image as in Figure 5. The purpose of unfolding is to perform pooling operations only on spectral data instead of spatial data.
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[bookmark: _Ref72834780][bookmark: _Toc87864265]Figure 5. Spectral data cube unfolding.



[bookmark: _Toc61225419]Max Pooling 

This method finds the largest feature in the pooling kernel. The kernels are chosen as non- overlapping. Max reflectance of the filter is calculated using (2).



		

		

		(2)









Min - Max Pooling (Proposed method) 

In contrast to the max-pooling method, the min-max pooling method involves searching for the local minima and maxima (local extremum) in the pooling kernel. Peaks and valleys or the significant changes in the reflectance characteristic curves are the most useful spectral features for band selection. Therefore minimum points in the curve or valleys need to be taken into consideration too. This method searches for both minima and maxima in the current  kernel. The minima are calculated using (3).
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[bookmark: _Ref73809050][bookmark: _Toc87864266]Figure 6. Min-max pooling method.

Similarly, maxima and minima for the  kernel will be calculated using the same equations (2) and (3). Find the maxima and minima coordinates in the spectral axis, which are the band numbers. The adjacent gradients are calculated between three consecutive extreme locations. Depending on the calculated gradient differences between extreme points, the band of either maxima or minima will be selected from the partition.

In this algorithm, let the consecutive points be ,  and  and the gradients of  as ,  as . Figure 6 shows how these points are located on the spectral axis. If the gradient difference is more than 0.15, which was obtained empirically, the point  will be more significant in the kernel: otherwise,  is more significant. 
The vector  is taken from (4). Below coefficient, ε is obtained empirically and depending on the classification accuracy for chosen classes. For the terrain classification, the ε was chosen as 0,15. After obtaining band vectors for all  number of samples which is the number of pixels in the image, the maximum occurrence bands will be taken as the final band set. 
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This gradient search technique ignores the band with low reflectance intensity if two similar points lie on consecutive bands. Even though it can catch subtle points in the spectral signature, it has a downside over max pooling. This method takes considerable computing time as it requires calculating gradients in each iteration.

Single hyperspectral datacube often does not contain all the terrain classes. Therefore multiple datacubes are used to extract training data.  Instead of using entire datacubes, a few image patches representing each class are selected and implemented the 
above-explained method. The spectra of two selected terrain classes, trees and 
water, are illustrated below in Figure 7 with different band counts. The thick blue line corresponds to the average spectra in 9, 16 and 25 bands characteristic curves, while the thick black line shows average spectra for the 204 bands characteristic curve of the terrain class.
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(a) Tree class with 9 bands
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(b) Water class with 9 bands.
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(c) Tree class with 16 bands. 
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(d) Water class with 16 bands
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(e) Tree class with 25 bands.
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(f) Water class with 25 bands.



		[image: Chart

Description automatically generated]

(g) Tree class with 204 bands (all the bands).
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(h) Water class with 204 bands (all the bands).





[bookmark: _Ref87818211][bookmark: _Toc87864267]Figure 7. Spectral characteristics of Tree and Water terrain classes.

Apart from the proposed method, another method introduced by different group researchers is used in the experiments for comparison. It is the Distance density + CNN method [91]. The selected spectral wavelength bands for each method are in Table 2. 

The selection of 9, 16 and 25 spectral bands is based on the possibility to develop a custom multispectral sensor. When constructing such a multispectral sensor, the bandpass filters are deposited in a mosaic pattern, a square matrix. The HSI acquisition uses the line scan method, while the MSI acquisition uses a much faster area scan technique. MSI classification is faster than HSI due to the fewer spectral bands in the image that can be used in AGV applications for faster processing, which leads to achieving real-time terrain scene classification.



















[bookmark: _Ref72153066][bookmark: _Toc87864286]Table 2. Selected spectral bands from various band selection methods.

		Number of bands

		Method 

		Spectral bands



		9

		Min-Max Pooling

		2, 26, 46, 70, 96, 117, 139, 162, 190



		16

		Min-Max Pooling

		2, 15, 27, 38, 50, 63, 76, 87, 99, 111, 124, 137, 148, 160, 173, 189



		25

		Min-Max Pooling

		2, 11, 19, 27, 34, 42, 50, 58, 67, 75, 83, 91, 98, 107, 114, 123, 131, 139, 147, 155, 163, 172, 180, 188, 198 



		9

		Distance density + CNN

		22 61 127 134 162 168 174 184 192 195



		16

		Distance density + CNN

		26 54 114 121 125 149 154 158 166 180 186 191 192 196 197 199



		25

		Distance density + CNN

		15 17 57 71 112 118 123 125 136 143 154 163 164 169 171 172 175 180 183 184 185 187 188 191 192 200





[bookmark: _Toc87864530]Classification method

A supervised machine learning method is used for HSI classification. The HSI classifier in this task is a spectral-spatial CNN model, and it will be referred to as SS_CNN throughout this thesis. The classifier is as follows. The image input layer accepts 5 x 5 pixels spatial resolution and  number of channels. It is a 5 x 5 pixels window sliding over the image and classifying the centre pixel of the sliding window. After the input image layer, there are two convolution and Relu layers. Both convolution layers contain 3 x 3 kernels and 16 filters. The second Relu layer is followed by a fully connected layer and a softmax layer, classifying the pixels according to the number of classes. The architecture is described in Table 3.

[bookmark: _Ref87537717][bookmark: _Toc87864287]Table 3. CNN classifier architecture for HSI pixel-wise classification.

		

		CNN architecture



		Layer

		In 

		c1 

		r1 

		c2 

		r2

		fc

		softmax

		out



		Kernel size, Filters

		5x5

		3x3, 16 filters

		

		3x3, 16 filters

		

		d

		

		







In this pixel-wise classification method, the training data are individual image pixels, and all the training pixels are collected from the same image. As shown in Figure 8, 
the small patches of pixels are extracted for training and validation.
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[bookmark: _Ref87820796][bookmark: _Toc87864268]Figure 8. Places of the image where training sample pixels captured.

[bookmark: _Toc87864531]Results 

Below, Figure 9 shows the classification results for the terrain data set in Figure 4 using SS_CNN classification. The presented test image contains nine terrain classes. Three different band counts are used to create minimum band images and perform image classification. According to Figure 9 classification image results, the three different band variants show similar visual outcomes. Same image patch coordinates are used to extract training data in all the test cases. 
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		RGB colour composite image of HSI 
terrain dataset

		Ground truth of the dataset
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		Classification result for 9 bands using 
Min-Max Pooling

		Classification result for 16 bands using 
Min-Max Pooling



		[image: ]

		



		Classification result for 25 bands using 
Min-Max Pooling

		





[bookmark: _Ref73952238][bookmark: _Toc87864269]Figure 9. Ground truth and classification results for each band set.

[bookmark: _Ref84976468][bookmark: _Toc87864288]Table 4. Classification pixel accuracy for different numbers of spectral bands.

		Terrain class

		9 bands

		16 bands

		25 bands

		Legend



		

		Precision

		Recall

		Precision

		Recall

		Precision

		Recall

		



		Undefined

		0

		0

		0

		0,02

		0

		0

		



		Grass

		0,46

		0,81

		0,47

		0,83

		0,46

		0,77

		



		Trees

		0,95

		0,63

		0,95

		0,65

		0,94

		0,67

		



		Rocks

		0,28

		0,65

		0,31

		0,49

		0,25

		0,50

		



		Water

		0,98

		0,66

		0,94

		0,65

		0,99

		0,66

		



		Sky

		0,94

		0,97

		0,95

		0,97

		0,96

		0,98

		



		Gravel

		0,17

		0,88

		0,13

		0,84

		0,11

		0,91

		



		Dirt

		0,97

		0,79

		0,97

		0,76

		0,98

		0,71

		



		Mud

		0,28

		0,55

		0,25

		0,52

		0,28

		0,54

		



		Macro avg

		0,56

		0,66

		0,55

		0,64

		0,55

		0,64

		







The classification accuracy matrices were calculated using the below equations (5) and (6). The class-wise pixel accuracies and overall pixel accuracy are presented in Table 4. The overall accuracy of the dataset is affected by the class imbalance. 

		

		

		(5)



		

		

		



		

		

		(6)





One important fact is, ground truth labels for the selected dataset are not accurate for “dirt” and “mud” classes. Since these two classes are visually similar and the only difference between “dirt” and “mud” is that dirt is a dry terrain and mud is a wet terrain, it is indistinguishable for the human eyes by looking at RGB images. Considering both terrain classes are drivable terrains, the classification accuracy difference is acceptable.

The chosen dataset is classified using the SS_CNN method by selecting 16 spectral bands from two different band selection methods. The classification accuracy for the selected dataset using the min-max pooling and the distance density method is presented in Table 5.

[bookmark: _Ref73968377][bookmark: _Toc87864289]Table 5. Classification pixel accuracy using different band selection methods.

		Terrain class

		Distance density method [91]

		16 bands Min-max pooling



		

		Precision

		Recall

		Precision

		Recall



		Undefined

		0

		0

		0

		0,02



		Grass

		0,28

		0,61

		0,47

		0,83



		Trees

		0,82

		0,44

		0,95

		0,65



		Rocks

		0,64

		0,26

		0,31

		0,49



		Water

		0,98

		0,63

		0,94

		0,65



		Sky

		0,94

		0,98

		0,95

		0,97



		Gravel

		0,14

		0,91

		0,13

		0,84



		Dirt

		0,95

		0,79

		0,97

		0,76



		Mud

		0,35

		0,42

		0,25

		0,52



		Macro avg

		0,56

		0,56

		0,55

		0,64





The classification results for different band selection methods are shown in below Figure 10.
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		16 Bands from Distance density + Cnn method

		16 Bands from min-max pooling method





[bookmark: _Ref73971078][bookmark: _Toc87864270]Figure 10. Classification results for different band selection methods.

The proposed band selection method gives a slightly better recall value than the other method. Most importantly, it gives higher classification average results for all the classes, even with fewer spectral bands. The objective of the method is to distinguish spectral signatures of closely correlated classes along with band selection, and this objective has been achieved with the above results.

[bookmark: _Toc87864532]Comparison with benchmark datasets from remote sensing

Popular remote sensing datasets, such as the Indian Pines dataset, are often used to compare the performance of different dimensionality reduction methods. The proposed pooling method in this study was used for the Indian Pines dataset dimensionality reduction [116], thus evaluating classification capabilities. The corrected Indian Pines dataset contains 145 x 145 pixels with 200 spectral bands, which exclude spectral bands containing water absorption spectral signature. The false colour representation of the dataset is shown in Figure 11.

[bookmark: _Ref87299424][bookmark: _Toc87864271]Figure 11.The false colour representation of the Indian pines dataset.
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Due to the low resolution of the dataset, the amount of training data for all 17 classes were not sufficient in the original image. In order to minimise the impact of limited training data on the classification, the top nine classes are selected based on the number of spatial pixels available in each class. Table 6 gives the details of the classes in the Indian pines dataset. A batch of 144 pixels from each class are selected for band selection and classification. An equal pixel count from each class creates a balanced dataset. Training and validation samples are taken by splitting the above sample dataset. The ground truth for both the original image and with selected classes are shown in Figure 12. The non-selected classes are grouped with the “Background” class.
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[bookmark: _Ref84974692][bookmark: _Toc87864272]Figure 12. Ground truth of AVIRIS Indian Pines dataset from Purdue University [116].

Selected spectral bands for the Indian Pines dataset using Min-max pooling are as below in Table 7. 

















[bookmark: _Ref87301290][bookmark: _Toc87864290]Table 6. Indian Pines dataset classes and the number of samples for classification.

		#

		Class

		Total no of samples

		No of training samples



		1

		Alfalfa

		46

		-



		2

		Corn-notill

		1428

		144



		3

		Corn-mintill

		830

		144



		4

		Corn

		237

		-



		5

		Grass-pasture

		483

		144



		6

		Grass-trees

		730

		144



		7

		Grass-pasture-mowed

		28

		-



		8

		Hay-windrowed

		478

		144



		9

		Oats

		20

		-



		10

		Soybean-notill

		972

		144



		11

		Soybean-mintill

		2455

		144



		12

		Soybean-clean

		593

		144



		13

		Wheat

		205

		-



		14

		Woods

		1265

		144



		15

		Buildings-Grass-Trees-Drives

		386

		-



		16

		Stone-Steel-Towers

		93

		-







[bookmark: _Ref87304272][bookmark: _Toc87864291]Table 7. Selected spectral bands from the Indian Pines dataset.

		

		No of bands - 

		Selected bands



		1

		9

		9, 23, 48, 67, 90, 111, 133, 155, 177



		2

		16

		7, 13, 29, 39, 51, 62, 74, 87, 98, 111, 123, 133, 152, 158, 170, 184



		3

		25

		2, 11, 17, 26, 35, 43, 50, 58, 66, 75, 81, 91, 97, 105, 118, 122, 129, 137, 149, 153, 163, 170, 178, 181, 188







The training dataset shuffles at every epoch during CNN training.  Classification results are shown in Table 8.



[bookmark: _Ref87364268][bookmark: _Toc87864292]Table 8. The HSI classification with a different number of image bands.
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		(a) 9 bands

		(b) 16 bands

		(c) 25 bands









[bookmark: _Ref87361159][bookmark: _Ref84974503][bookmark: _Toc87864293]Table 9. Classification pixel-wise accuracy for the Indian Pines dataset based on a different number of bands.

		Class

		9 bands %

		16 bands %

		25 bands %



		Corn-notill

		23.24

		34.35

		27.57



		Corn-mintill

		28.70

		29.21

		26.51



		Grass-pasture

		38.67

		47.22

		33.97



		Grass-trees

		64.38

		70.41

		75.61



		Hay-windrowed

		38.28

		44.35

		75.10



		Soybean-notill

		36.60

		46.84

		60.80



		Soybean-mintill

		34.56

		36.26

		31.58



		Soybean-clean

		35.24

		31.87

		32.88



		Woods

		20.94

		19.52

		26.72







Above Table 9 presents the pixel-wise classification accuracy for each class in the dataset. The neural network methods require an enormous amount of labelled data which impacts the classification outcome. It is evident that classification accuracies are low due to the lack of samples taken for training and validation. The lower pixel resolution of the image is the reason for the smaller training dataset. It is noticeable that the classification accuracy increases along with the number of spectral bands for some terrain classes. However, it is not the same pattern for all the classes. 

Furthermore, several classes are highly correlated with each other. Figure 13 shows the spectral signatures of all the terrain classes. Plot legend in Figure 13 follows the label colours in Figure 12 ground truth. In the case of less correlating spectral signatures, the proposed method is effective but not effective for highly correlating spectral signatures. The Min-max pooling method took 2.7 milliseconds to obtain the spectral bands.
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[bookmark: _Ref87365009][bookmark: _Toc87864273]Figure 13. Spectral signatures of Indian Pines dataset classes.

[bookmark: _Toc87864533]Chapter summary

In this chapter, a simple yet effective band selection method is proposed for hyperspectral images. In contrast to various existing band selection methods, the proposed method is mathematically simple to implement. This method will ease the computation burden on the processing computer and thus be helpful for the deployment of an embedded computer with lower computing power. According to experiment results, the band selection method could identify the optimum spectral bands in 2.7 milliseconds. 
The effectiveness of the proposed method was presented for both terrain hyperspectral images and a remote sensing dataset. 










[bookmark: _Toc87864534]RGB Image Generation from Hyperspectral Datacubes

One of the objectives of this work is to investigate the possibilities of using the hyperspectral imaging method to prepare training inputs to train RGB semantic segmentation networks, which can eliminate labour intensive image annotation processes. Even though the HSI camera used in this research can produce RGB images using its built-in RGB camera, they are not in the same spatial resolution. Moreover, there can be vertical and horizontal alignment mismatches between the hyperspectral image and the RGB image. Therefore, it is necessary to generate RGB images from the HSI datacube. Below, Figure 14 illustrates the concept of using HSI classification as an input for the RGB perception systems.
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[bookmark: _Ref71803204][bookmark: _Toc87864274]Figure 14. HSI classification as an input for the RGB semantic segmentation.

[bookmark: _Toc87864535]Methodology

Several trichromatic image visualization methods based on HSI datacubes were explored. One method was the manifold alignment technique, which uses HSI datacube and RGB images are captured from the same environment to transfer colour characteristics from RGB to HSI. The RGB image generation method uses band selection to form a smaller datacube. Subsequently, the manifold alignment method is used to create an RGB image. In this study, the min-max pooling method was used for band selection. Several other methods are also used in this research to determine which band selection performs sufficiently close to the RGB representation of the scene. Several other RGB image generation methods have been implemented for the comparison of the chosen method.

Below, Figure 15 a and b show the test images used to implement the manifold alignment technique.
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		[bookmark: _Ref83842163][bookmark: _Toc87864275]Figure 15 a. RGB image taken from the same site.

		Figure 15 b. HSI datacube visualized using three image bands.







As in the above images, Figure 15 a. and Figure 15 b, the RGB image and HSI datacube coming from the Specim camera are not accurately aligned vertically and horizontally. The resolution of the RGB images is 645 x 645 pixels, while HSI datacube spatial resolution is 512 x 512 pixels. Therefore, the HSI classification result and RGB image from the Specim camera cannot implement the above proposed unsupervised image labelling due to the difference in resolution.

[bookmark: _Toc87864536]Manifold alignment RGB image generation method

The manifold alignment method for RGB image visualization from the hyperspectral image is based on reference [103]. This method use pixel pairs from HSI datacube and RGB image.  The RGB image should have been taken from the same or semantically similar environments as the HSI datacube. 

The concept of manifold alignment is projecting both image data to a shared embedding space with lower dimensions than the original data. This concept is illustrated in Figure 16. There are several methods to obtain the manifold structure of the underlying data. In this task, the natural colour image was obtained by using Locality Preserving Projections (LPP) method [117]. Here, it has been implemented feature-level manifold alignment with semi-supervised pixel-groups selection. 















Shared embedding





[bookmark: _Ref87823973][bookmark: _Toc87864276]Figure 16. Manifold alignment for HSI and RGB images.



The explanation of the algorithm is as follows. The HSI dataset is represented as a matrix  where ,  is the number of selected hyperspectral image bands, and n is the number of samples. The RGB image is represented as a matrix  where ,  is the number of colour channels which is three, and  is the number of samples. Since the pixels are selected as pairs from each image, the numbers of HSI samples  and  are equal to . The objective of the LPP is to find two projection functions  :   and  :  where  is low dimensional space. 

The locality preserving projections method keeps local neighbourhood relationships in each image. The adjacency graphs for each image  and  are constructed and obtained the weighted adjacency matrices for each image as , and  respectively. The weighted adjacency matrices’ distance measures follow k-nearest neighbour. The hyperspectral image pixel distances are calculated as spectral angle (SA), while RGB image pixel distances were obtained using Euclidean distance.

The spectral angle between two hyperspectral pixels is calculated using (7). The  and  pixels of hyperspectral image datacube are denoted as  and .
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The weight coefficient matrix for the HSI image is
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The weighted adjacency matrix is a  matrix. The spectral angle cosine between two pixels in hyperspectral is the highest  when the two pixels are similar to each other.



		

		

		(9)







For the RGB image,  and  pixel colour vectors are denoted as  and distance measures calculated using the below equation (10).
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The weight coefficients are calculated as
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Then the weighted adjacency matrix is obtained as follows.
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Similar to the HSI image weighted adjacency matrix, the RGB image weighted adjacency matrix is also an  matrix. In the case of RGB images, the smaller the Euclidean distance, the similar the pixels to each other. Therefore, the minimum distance is used to obtain the weighted adjacency matrix.

The correspondence matrix represents matching pairs between two images. 
If the selected pixels from each image space form a matching pair, the correspondence is 1, otherwise 0. The correspondence matrix is obtained from the below expression (13).
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Since an equal number of pixels were selected from both images, the correspondence matrix  is also an  matrix.

The objective function to calculate the projection functions can be derived as below.
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The joint weighted matrix  is obtained below to minimize the objective function.
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Then, the objective function becomes (16).
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The diagonal matrix D is defined as (17).
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Then, L is the Laplacian matrix which is L = D-W. The minimization of the above (16) has been proved in [103] to be equivalent to (18). Thus, it can be solved as a generalized eigenvalue problem.
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 Joint projection matrix  is (20)
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And X is defined as (21)
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The smallest Eigenvalues λ matrix provide the optimum manifold projection functions. For the shared low dimensional embedding space, the number of dimensions  is selected as 3, which is for three RGB channels.  

The pixels were selected from the same regions of both images as below Figure 17. Regions were defined from several parts of the image and randomly extracted N number of samples from each region.
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		(a) Selected pixels from RGB image

		(b) Selected pixels from HSI image





[bookmark: _Ref87826926][bookmark: _Toc87864277]Figure 17. Pixel-pair regions for both RGB and HSI.

[bookmark: _Toc87864537]Results for RGB image generation

For the image generation, only visible light wavelength range HSI bands can be used. The below RGB image was generated using a few spectral bands selected using band selection methods described in the previous chapter. Moreover, it further narrowed down to 9 spectral bands in the visible light wavelength range. 



[image: ]

[bookmark: _Toc87864278]Figure 18. RGB representation using manifold alignment method.

Several methods other than manifold alignment have been experimented with to compare the RGB image visualization accuracy for the HSI datacube. The compared HSI visualization methods are bilateral filtering, using band selection with correlation measure, and three spectral bands representing the highest intensities in RGB space. 

The colour representation has been evaluated using two comparison matrices. They are root mean square error (RMSE) and correlation coefficients between each colour plane.

		[image: ]
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		RGB image captured from the same location.

		Bilateral filtering method.



		[image: A dirt road with trees on either side of it

Description automatically generated with low confidence]

		[image: ]



		Manifold alignment method using nine spectral bands.

		RGB image generated from three spectral bands where each colour channel has peak intensity.





[bookmark: _Toc87864279]Figure 19. Generated RGB visualization images from various methods.

One colour representation accuracy evaluation technique is each colour channel's root mean square error [118]. The RMSE between the generated RGB image and the original RGB image captured from the same location has been calculated using equation (22). The  and  are RGB images with  spatial resolution. The lower the RMSE value, the similar the image colour channel of both images. 



		

		

		(22)







 The RMSE estimates for each colour channel are tabulated in Table 10.



[bookmark: _Ref83842384][bookmark: _Toc87864294]Table 10. RMSE for each image generation method.

		RMSE

		Three image bands from the HSI cube

		Manifold alignment

		Bilateral filter



		R

		0.0098

		0.0508

		0.0156



		G

		0.0605

		0.0117

		0.0684



		B

		0.0137

		0.0117

		0.0254



		Average

		0.0280

		0.0247

		0.0365







Even though the red colour channel of the RGB image generated using the manifold alignment method shows the highest RMSE than the others, the average RMSE for all three colour channels is smaller. Thus, the manifold alignment method gives better visual representation over the other two methods.

The second evaluation criterion is Pearson’s correlation coefficient of the two images. The Pearson’s correlation coefficient is calculated using the below equation (23).
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The two images are denoted as X and Y where and  represent the mean values of the images. Pearson’s Correlation coefficient for each colour channel between visualized image and RGB image captured from the same site is presented in Table 11 below.

[bookmark: _Ref87827180][bookmark: _Toc87864295]Table 11. Pearson’s correlation coefficients for each colour channel.

		Correlation Coefficient

		Three image bands from the HSI cube

		Manifold alignment

		Bilateral filter



		R

		0.7226

		0.7326

		0.7167



		G

		0.7494

		0.7848

		0.7430



		B

		0.7944

		0.8419

		0.8028







The Pearson’s correlation coefficient is an indication of similarities between two different datasets. The higher the correlation coefficient, the similar the images. 
The value of the correlation coefficient can be within the range of -1 to 1. The above analysis for the selected image confirms that the manifold alignment method gives the highest correlation coefficient for all three image channels in the RGB image inputs.

The optimum number of HSI bands for the manifold alignment method

The HSI datacube contains 204 spectral bands, and the RGB image contains three colour channels. The number of image bands used for the manifold alignment algorithm influences the clarity of the RGB visualization from the HSI image. Several spectral band combinations were used to investigate the appropriate band count to form an RGB image reflecting natural colours. The min-max pooling method has been used for spectral band selection, which was a part of this research. All the image bands in the datacube, then 9, 16, and 25 spectral bands constituting the entire wavelength range, were used for the experiments. Furthermore, those image bands within the visible light wavelength range are used to determine the suitability of VNIR (400 – 1000 nm) or VIS (400 – 750 nm) wavelength range for the RGB generation. Below, Figure 20 shows several combinations of HSI to RGB image formation with various spectral band options.

		[image: A dirt road with trees on either side of it

Description automatically generated with low confidence]

		[image: A dirt road with trees on either side of it

Description automatically generated with low confidence]



		9 spectral bands

		16 spectral bands



		[image: A picture containing grass, outdoor, tree, nature

Description automatically generated]

		[image: A close up of a wood surface

Description automatically generated with medium confidence]



		25 spectral bands

		204 spectral bands (entire datacube)





[bookmark: _Ref84800103][bookmark: _Toc87864280]Figure 20. RGB visualization of HSI datacube in VNIR range bands.

The above images were generated by taking the spectral bands within the 
400 – 1000 nm wavelength range. With all 204 image bands, the manifold learning method cannot successfully reconstruct an RGB image because Eigenvector decomposition yields complex and negative Eigenvalues for the optimization function. 

[bookmark: _Ref72766775][bookmark: _Toc87864296]Table 12. Pearson’s correlation coefficient of RGB images based on the number of spectral bands.

		Correlation Coefficient

		9 bands

		16 bands

		25 bands



		R

		0.7326

		0.6710

		0.6673



		G

		0.7848

		0.7343

		0.7288



		B

		0.8419

		0.8228

		0.8252



		Average

		0.7864

		0.7427

		0.7404







Above Pearson’s correlation coefficients imply that the images with the lowest spectral band counts provide the most similar RGB image representation.



The influence of NIR image bands on RGB visualization has been made by extracting only visible light spectral bands and forming RGB images using those bands. The visible light wavelength ranges from 380 – 750 nm, and hence, spectral bands within 400 – 750 nm have been used to form below RGB images in Figure 21.



		[image: A picture containing outdoor, tree, grass, nature

Description automatically generated]

		[image: A dirt road with trees on either side of it

Description automatically generated with low confidence]



		9 bands in the visible range

		16 bands in the visible range



		[image: A picture containing outdoor, grass, nature, river

Description automatically generated]

		[image: Background pattern

Description automatically generated]



		25 bands in the visible range

		204 bands in the visible range





[bookmark: _Ref87827375][bookmark: _Toc87864281]Figure 21. RGB image generation from the visible light range bands.

[bookmark: _Ref72766783][bookmark: _Toc87864297]Table 13. Pearson’s correlation coefficient for the RGB images generated by using visible light spectral bands.

		Correlation Coefficient

		9 bands

		16 bands

		25 bands



		R

		0.6994

		0.6576

		0.6528



		G

		0.7746

		0.7387

		0.7373



		B

		0.8314

		0.8163

		0.8146



		Average

		0.7685

		0.7375

		0.7349









Comparing Table 12 and Table 13 shows that the entire VNIR spectral range image bands carry more information than visible light wavelength bands alone for manifold alignment. 

[image: ]

[bookmark: _Ref74047631][bookmark: _Toc87864282]Figure 22. Pearson’s correlation coefficient for each colour channel between original RGB and generated RGB from HSI.

Based on above Figure 22, it is evident that the optimum number of spectral bands from the HSI datacube should be nine bands for the manifold alignment method. Below Table 14 consists of RGB images generated using the chosen nine-band HSI datacubes of off-road terrain scenes. The correlation coefficients for the generated RGB images are presented in Table 15.

[bookmark: _Ref81046661][bookmark: _Toc87864298]



















Table 14. Unstructured terrain HSI datacubes visualized in RGB using manifold alignment.

		Image

		RGB image from the location

		HSI visualized in RGB using three image bands

		HSI visualized in RGB using manifold alignment



		1

		[image: A picture containing grass, outdoor, tree, field

Description automatically generated]

		[image: ]

		[image: ]



		2

		[image: A road with signs on it

Description automatically generated with low confidence]

		[image: ]

		[image: ]



		3

		[image: A picture containing sky, outdoor, grass, nature

Description automatically generated]

		[image: ]

		[image: ]



		4

		[image: A body of water with grass and trees around it

Description automatically generated with low confidence]

		[image: ]

		[image: ]







[bookmark: _Ref81046980][bookmark: _Toc87864299]Table 15. Correlation coefficients for above Table 10 image set.

		

		Correlation coefficient



		Image

		Red channel

		Green channel

		Blue channel

		Average



		1

		0,1209

		0,2706

		0,5707

		0,3207



		2

		0,4691

		0,5825

		0,7041

		0,5852



		3

		0,4930

		0,5894

		0,7396

		0,6073



		4

		0,6458

		0,7280

		0,7702

		0,7147











[bookmark: _Toc87864538]Chapter summary

Several different methods were explored to generate RGB images from HSI datacubes. The objective of this RGB image generation was to use them with RGB semantic segmentation CNN networks instead of high-resolution RGB images captured from the same locations. 

The techniques for RGB image generation are bilateral filtering, selecting three different channels from each R, G and B region from the visible light wavelength range and manifold alignment. Among those three methods, the manifold alignment method using locality preserving projections yields the optimum similarity for HSI visualization as an RGB image. The experiment results show that the optimum number of spectral bands for RGB image generation was nine spectral image bands. The Person’s correlation coefficient for the 9bands image set was 0.7685. 

The datacube contains 204 spectral bands, which contain all the information about the scene. However, 204 image bands show that it cannot project all the data points to a common embedding. The use of the entire hypercube resulted in poor image quality compared to a lower number of spectral bands. Furthermore, it is evident that including the NIR range spectral bands of HSI datacube for the manifold projection gives a better correlation than the images generated from image bands taken from visible light wavelength range alone. A lesser number of image bands requires less time to process the image and hence improves the overall efficiency of the image generation process. 

The average correlation coefficient could be further improved by increasing the number of pixel pairs from both images.






[bookmark: _Toc87864539]Unstructured Terrain Semantic Segmentation

[bookmark: _Toc87864540]Methods

The problem of scene understanding has been addressed using various methods from the beginning of computer vision. Starting from colour threshold methods in the early ’90s to modern DCNNs, semantic segmentation methods improved gradually. Most of these DCNNs are developed for a specific application. For instance, the U-Net architecture was proposed for biomedical image segmentation with a few training images in the dataset [60]. The RefineNet was proposed by Lin et al. from the University of Adelaide, which improved a common drawback resulting from previous semantic segmentation DCNNs with output image blur [119]. Even though they perform well with one type of segmentation problem, the same network may perform poorly with another classification task area, such as terrain segmentation.

This comparison study selects several state-of-the-art semantic segmentation networks. They are SegNet, U-Net and DeepLabv3+ with Resnet18. The DeepLab V3+ DCNN architecture uses an encode-decoder structure to extract object boundaries while recovering most spatial features. With atrous separable convolution operation, this architecture can capture information from a larger field of view [120]. Since DeepLab V3+ is one of the most effective DCNN architectures in semantic segmentation, it has been chosen to perform terrain image semantic segmentation for RGB cases. 

The overall deep learning-based image segmentation will comprise four different combinations.

· RGB images 645 x 645 px resolution with manually annotated labels

· RGB images generated from hyperspectral image datacubes and manually annotated labels

· RGB images generated from hyperspectral datacubes with hyperspectral image classification result as labels. HSI classification has been done with spectral data alone

· Spectral-Spatial classification with manually annotated labels

[bookmark: _Toc87864541]Performance matrices

Several accuracy matrices were used to quantify the accuracy of semantic segmentation. The accuracy matrices are pixel-wise accuracy, intersection over union (IoU) and F1 score. 

 

TP-true positive, TN – true negative, FP – false positive and FN-false negative
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[bookmark: _Toc87864542]Image datasets

For semantic labelling, twelve terrain classes were selected. In comparison to existing similar public off-road RGB datasets, a similar number of classes were used in this research. The man-made objects are grouped into the “objects” class. Moreover, the terrains with very few occurrences are categorized as “undefined” along with the other unknown classes. The shadows of various constructions and trees are also annotated as “undefined”. 

The complete list of terrain classes used in this research with label colours is shown in Table 16. 

[bookmark: _Ref84798739][bookmark: _Toc87864300]Table 16. List of terrain classes.

		 

		Class

		Red 

		Green

		Blue

		Hex code

		Label Colour 



		1

		Undefined

		0

		0

		0

		#000000

		 



		2

		Grass

		0

		102

		0

		#006600

		 



		3

		Concrete

		170

		170

		170

		#aaaaaa

		 



		4

		Asphalt

		64

		64

		64

		#404040

		 



		5

		Trees

		0

		255

		0

		#00ff00

		 



		6

		Rocks

		110

		22

		138

		#6e168a

		 



		7

		Water

		68

		187

		170

		#44bbaa

		 



		8

		Sky

		0

		0

		255

		#0000ff

		 



		9

		Gravel

		187

		136

		51

		#bb8833

		 



		10

		Object

		192

		64

		64

		#c04040

		 



		11

		Dirt

		108

		64

		20

		#e6e61e

		 



		12

		Mud

		99

		66

		34

		#634222

		









Approximately 500 images were captured during the study. Since extensive manual work was required for labelling, 152 images were initially labelled for HSI and RGB datasets, respectively. The development of the dataset continues in order to improve semantic segmentation accuracy.

The entire dataset contains carefully annotated hyperspectral images of terrain scenes. For DCNN training, validation and testing, the dataset was split into three parts. The number of training images was 122, which is 80 % of the image dataset, while 15 images were used for testing and 15 used for validation which constitutes 10 % for each set. Since the number of images in the dataset is small for DCNN training, the dataset was augmented to increase the number of images for training. Figure 23 represents the constitution of each terrain class in the dataset. Since DCNN models require a large dataset for training, the dataset is augmented by transformations.





[bookmark: _Ref87718624][bookmark: _Toc87864283]Figure 23. The composition of the terrain dataset.

[bookmark: _Toc87864543]Terrain segmentation using RGB images and manually labelled ground truth

State-of-the-art RGB image semantic segmentation networks were employed to compare the terrain segmentation results of the HSI classification with the RGB dataset derived from the HSI.  The semantic segmentation DCNNs were trained using hand-annotated labels and RGB images, followed by an evaluation of the classification accuracy. The images were taken from Specim IQ camera with 645 x 645 pixels resolution in RGB colour space. These images were simultaneously captured while acquiring the HSI datacubes from the terrain scene. 

Three different most popular semantic segmentation architectures were chosen 
for the experiments. They are Deeplab V3+ with ResNet18, SegNet and U-Net with 
three colour channels. The DCNN architectures were used with a depth of three 
(3 colour channels) in the input layer. The input images were resized to 640 x 640 pixels for the U-Net network while other networks were fed with 645 x 645 pixels resolution three-channel images. 

[bookmark: _Ref87718682][bookmark: _Toc87864301]Table 17. Sample images from the RGB image dataset and classification results.

		

		Image 1

		Image 2

		Image 3

		Image 4



		Input RGB

		[image: ]

		[image: ]

		[image: ]

		[image: ]



		Ground truth

		[image: ]

		[image: Map

Description automatically generated]

		[image: ]

		[image: ]



		Deep lab V3+ Resnet18

		[image: ]

		[image: ]

		[image: ]

		[image: ]



		SegNet

		[image: A body of water with trees in the background

Description automatically generated with medium confidence]

		[image: A picture containing grass, nature, plant, surrounded

Description automatically generated]

		[image: A picture containing plant, ocean floor

Description automatically generated]

		[image: A picture containing grass, outdoor, field, plant

Description automatically generated]



		U-Net

		[image: ]

		[image: ]

		[image: ]

		[image: ]







The validation accuracy for the dataset yielded 80,7 % using the ResNet18 model, while other models gave much worse results. Table 18 summarizes the classification accuracy for each model, while Table 17 shows a part of the dataset classification results.









[bookmark: _Ref81177365][bookmark: _Toc87864302]Table 18. Segmentation accuracy for higher resolution RGB images.

		Model

		Mean IoU

		Mean F1 score

		Mean accuracy

		Global accuracy



		Deep lab V3+ Resnet18 

		0,5112

		0,4832

		0,6985

		0,8068



		Segnet

		0,1340

		0,2196

		0,2010

		0,4412



		U-Net

		0,0999

		0,1756

		0,0891

		0,2501 







With the above results, it is evident that the Deeplab v3+ ResNet18 model has higher accuracy compared to the other CNN architectures.

[bookmark: _Toc87864544]Terrain segmentation with RGB images generated using HSI datacubes and manual labels

In this section, terrain semantic segmentation based on the RGB image dataset generated using HSI datacubes will be discussed. As explained in the previous chapter, RGB image semantic segmentation DCNNs are faster than multi-band spectral image classification. Therefore, RGB based segmentation along with HSI segmentation can achieve better efficiency in developing such classification pipelines.

Training RGB image dataset was generated using the manifold alignment method, which uses spectral images and high-resolution RGB images captured from the same location. The number of bands used in this research is nine spectral bands. As mentioned in the preceding chapter, the nine bands provide the highest correlation to the RGB images. Manually annotated labels were used for training. 

[bookmark: _Ref81072710][bookmark: _Toc87864303]Table 19. Segmentation accuracy matrices.

		Model

		Mean IoU

		Mean F1 score

		Mean Accuracy

		Global accuracy



		Deeplab V3+ resnet18 

		0,3313

		0,4013

		0,4488

		0,7057



		Segnet

		0,2812

		0,2156

		0,1869

		0,4448



		U-Net

		0,2784

		0,2179

		0,1875

		0,4784







 Table 20 shows the input image set and the classification results. Overall validation accuracy for the RGB image dataset generated using HSI achieved 70.6 % with the Deeplab v3+ with ResNet18 model. Table 19 shows the accuracy of the segmentation.

The segmentation accuracy is considerably low for the SegNet and U-Net models. However, the overall pixel accuracy of this classification is slightly higher than the RGB image classification in the previous section for the SegNet model. Moreover, U-Net gives better overall pixel accuracy. Due to class imbalance in the terrain dataset is so significant that the overall pixel accuracy matrix does not paint a correct picture of the classification performance. The above sample images prove that the mean IoU gives a better overview of the segmentation accuracy.







[bookmark: _Ref81177409][bookmark: _Toc87864304]Table 20. Sample images from the dataset and results.

		

		Image 1

		Image 2

		Image 3

		Image 4



		Input RGB

		[image: A picture containing grass, outdoor, highway

Description automatically generated]

		[image: ]

		[image: ]

		[image: A picture containing grass, outdoor, field, nature

Description automatically generated]



		Ground truth

		[image: A picture containing map

Description automatically generated]

		[image: Map

Description automatically generated]

		[image: ]

		[image: Background pattern

Description automatically generated with low confidence]



		Deeplab V3+ ResNet 18

		[image: ]

		[image: ]

		[image: ]

		[image: ]



		SegNet

		[image: A picture containing nature, plant, field

Description automatically generated]

		[image: A picture containing plant, field

Description automatically generated]

		[image: Chart

Description automatically generated]

		[image: Background pattern

Description automatically generated]



		U-Net

		[image: Chart

Description automatically generated]

		[image: Map

Description automatically generated with medium confidence]

		[image: Map

Description automatically generated]

		[image: Chart

Description automatically generated]





[bookmark: _Toc87864545]Terrain semantic segmentation based on the RGB images generated from the HSI visualization and pixel-wise classification 

The pixel-wise HSI image classification is the key component of this experimentation to evaluate its effectiveness as an image annotation tool to reduce the effort for labelling. A single image of 512x512pixels annotation takes more than an hour as an average for dataset preparation, making it laborious work.

Similar to the image classification in chapter three, the SS_CNN method is employed to classify the image pixels. The training data was captured from each hyperspectral image in the same fashion as explained in chapter three. Compared to RGB image semantic segmentation, the pixel-wise classification displays significant details in the output. According to Figure 24, the input RGB image is a complex terrain scene containing a water stream with muddy surroundings and floating algae on the water surface. 
The pixel-wise classification captured the classes in the image with higher contrast than RGB semantic segmentation. 



		[image: ]

		[image: ]

		[image: ]

		[image: Map

Description automatically generated with medium confidence]



		 RGB image

		 Ground truth

		 RGB image segmentation

		 HSI pixel-wise classification





[bookmark: _Ref87860925][bookmark: _Toc87864284]Figure 24. Pixel-wise classification and RGB semantic segmentation comparison.

However, the pixel-wise classification resulted in misclassifications as well. By applying careful manual corrections, the classification can be further refined to be used as an input for CNN training. As mentioned before, it is expected to reduce the human effort for dataset preparation by minimising labelling. The pixel-wise classification takes an average of 9.2 minutes to classify a 512x512px HSI datacube using the aforementioned SS_CNN method. And it is needed to denote the training pixel patches in the image, which takes approximately three minutes. After pixel-wise classification, it takes approximately six minutes for manual corrections. The proposed HSI-based method can complete image annotation in less than 20 minutes, which is 60% time saving for image annotation.

To validate the hypothesis, semantic segmentation CNN training and testing was performed in two ways. One of them by taking the pixel-wise classification result as image labels without refining them further. The second experiment was by using the manually refined pixel-wise classification result for CNN training. The RGB images were obtained from the manifold alignment method by using the HSI datacubes. The number of spectral bands for the manifold alignment method was nine, and the optimum bands were selected using the min-max pooling technique.

Even though RGB image generation was achieved with nine bands, the pixel-wise classification used 25 band HSI images. The same band selection method was used to create 25 band images, and it was observed that increasing the number of bands increased the pixel-wise classification accuracy.

Deeplab V3+ network with Resnet18 backbone used for semantic segmentation evaluation. The third row of Table 21 shows the pixel-wise classification results. The fourth row of the same table shows the semantic segmentation results when the pixel-wise classification is used as labels for CNN training. Because the pixel-wise classification result was used as training labels without further refinement for the semantic segmentation CNN, the overall segmentation output has been affected similarly. The last row of the same table shows the semantic segmentation outcome when it uses refined pixel-wise classifications. It is evident that from Table 22, the manual touch-up for pixel-wise classification could greatly enhance the semantic segmentation results. With this dataset, it was a 6% improvement over un-refined pixel-wise classifications.

As mentioned previously, this result was obtained from a small dataset. By increasing the number of images in the dataset, the result could be further improved.







[bookmark: _Ref87862443][bookmark: _Toc87864305]Table 21. Sample images from the dataset and results.

		

		Image 1

		Image 2

		Image 3

		Image 4



		Input RGB

		[image: A picture containing grass, outdoor, highway

Description automatically generated]

		[image: A picture containing grass, outdoor

Description automatically generated]

		[image: A picture containing tree, outdoor, plant, forest

Description automatically generated]

		[image: A picture containing grass, outdoor, field, nature

Description automatically generated]



		Ground truth

		[image: A picture containing map

Description automatically generated]

		[image: Map

Description automatically generated]

		[image: Map

Description automatically generated]

		[image: Background pattern

Description automatically generated with low confidence]



		Spectral-spatial CNN pixel-wise classification

		[image: Map

Description automatically generated]

		[image: Map

Description automatically generated]

		[image: Map

Description automatically generated with medium confidence]

		[image: Map

Description automatically generated with medium confidence]



		Deeplab V3+ Resnet18 segmentation – Before touch-up

		[image: ]

		[image: ]

		[image: ]

		[image: ]



		Deeplab V3+ Resnet18 segmentation – After touch-up

		[image: ]

		[image: ]

		[image: ]

		[image: ]







[bookmark: _Ref87862849][bookmark: _Toc87864306]Table 22. The classification performance of HSI generated images and annotations.

		Model

		Mean IoU

		Mean F1 score

		Mean Accuracy

		Global accuracy



		Without touch-up 

		0,2733

		0,2968

		0,4363

		0,6206



		After touch-up

		0.3301

		0,3073

		0,4733

		0,6688





[bookmark: _Toc87864546]Spectral-spatial image classification

In contrast to the spatial images for semantic segmentation, the spectral images contain more information, classifying the images with higher accuracy than the RGB input images. Since spectral-spatial combination can extract the spectral signature, object shapes, colours, etc., the classification could yield higher accuracy. Therefore, in this section, several spectral image datasets were used by selecting different numbers of spectral bands and used for DCNN semantic segmentation. The spectral band counts of the created datasets were 9, 16 and 25. The selection was according to the previously mentioned criteria, where the band count forms a square matrix. Such a square matrix can help construct a multi-spectral sensor with band-pass filters deposited in a mosaic pattern for future development. The band selection method was the min-max pooling method proposed by this thesis. 

[bookmark: _Toc87864547]Classification method

The U-Net architecture has been modified to accommodate the different spectral bands in the input layer, such as 9, 16 and 25. The chosen U-Net architecture has been developed for biomedical image classification with multi-layer images, appropriate for this task. 

In contrast to the RGB image datasets, spectral image datasets are not widespread and not widely available as open-sourced datasets. Therefore spectral dataset used in this study has been collected and annotated by the author. The hyperspectral datasets containing off-road terrain scenes were snapped in multiple locations of Estonia. 
The dataset was captured under sunlight. In some instances, the sunlight intensity was considerably high, which caused image saturation. The reason was the integration time limitation of the camera, which is limited to a minimum of 1 ms, thus reducing further the integration was not an option. A neutral density filter was used to solve the light intensity issue. The used ND filter was ND3 – 400 variable neutral density filter. Colour casting appeared on the image due to this filter use, which was not corrected as it is an additional pre-processing step. The objective of the classification is to use DCNN to reduce additional pre-processing steps.

[bookmark: _Toc87864548]Results of spectral-spatial classification

Here are the classification results for 4 test datacubes selected from the test dataset. 
The hyperparameters for the DCNN training were, learning rate 0,001, mini-batch size of 4 and the stochastic gradient descent method was used as the optimizer. Due to the large size of the images and limited memory capacity of the processing hardware, smaller 
mini-batch size was selected.

The spectral image classification results are presented in Table 23 and Table 24. Validation accuracy for the nine bands image dataset was 70,85 %, 16 bands dataset with 73,2 % and 25 bands dataset classification accuracy resulted in 67,35 %. 































[bookmark: _Ref87863891][bookmark: _Toc87864307]Table 23. Sample images from three different datasets of 9, 16 and 25 bands HSI images with classification results.

		

		Image 1

		Image 2

		Image 3

		Image 4



		Input Image in RGB

		[image: A dirt road with trees on either side of it

Description automatically generated with low confidence]

		[image: A dirt road with trees on either side of it

Description automatically generated with low confidence]

		[image: A dirt road with trees on either side of it

Description automatically generated with low confidence]

		[image: A dirt road with trees on either side of it

Description automatically generated with low confidence]



		Ground truth

		[image: Map

Description automatically generated]

		[image: Map

Description automatically generated]

		[image: Chart

Description automatically generated]

		[image: Map

Description automatically generated]



		HSI 9 Bands

		[image: ]

		[image: Map

Description automatically generated]

		[image: Chart

Description automatically generated]

		[image: Map

Description automatically generated]



		HSI 16 bands

		[image: Map

Description automatically generated]

		[image: Chart

Description automatically generated]

		[image: Chart

Description automatically generated]

		[image: Map

Description automatically generated]



		HSI 25 bands

		[image: A picture containing plant

Description automatically generated]

		[image: ]

		[image: ]

		[image: A body of water with trees in the background

Description automatically generated with low confidence]







With U-Net architecture, the pixel classification accuracy is lower for the spectral images than the RGB images semantic segmentation using Deeplab v3+ ResNet18. 
The highest classification accuracy for the spectral dataset was 70,00 % for the nine bands dataset, while Deeplab v3+ Resnet18 for RGB images achieved 80,6 %. However, the mean IoU is higher for HSI images of 25 band DCNN, which achieved 62,6 % accuracy, and this is approximately 6 % higher than the next highest performing HSI DCNN model. 

[bookmark: _Ref87863904][bookmark: _Toc87864308]Table 24. Semantic segmentation accuracy for different numbers of image bands.

		No of Bands

		Mean IoU

		Mean F1 score

		Mean accuracy

		Global accuracy



		9

		0,5613

		0,4650

		0,3739

		0,7085



		16

		0,3065

		0,4532

		0,3911

		0,7315



		25

		0,6226

		0,4981

		0,3875

		0,7574







Hyperspectral imaging is highly vulnerable to environment light variations. In off-road conditions, the sunlight variation due to weather and the time of the day can result in poor image quality.

[bookmark: _Toc87864549]Chapter summary

In this chapter, various methods for HSI classification have been explored along 
with RGB segmentation. Comparing RGB segmentation using Deeplab V3+ ResNet18 
to spectral-spatial classification with U-Net architecture demonstrates that HSI classification is 5 % higher accurate than RGB in terms of mean IoU. One of the challenges in DCNNs is gradient vanishing with deeper layers. 

The segmentation experiments based on RGB images generated from HSI datacubes show that the classification accuracy is approximately 17 % inferior to the RGB counterpart. 

However, RGB semantic segmentation still shows better pixel accuracy than HSI based methods. The demonstrated classification results were achieved using a few hundred training pixels from a few HSI data cubes. The HSI pixel classification takes very little time compared to the manual pixel-wise annotation of an RGB image. Thus the use of HSI pixel-wise classification results as labelled data shows significant improvement in dataset preparation. Some classes mixed up with others, such as grass detected on the top edges of the tree line and wet-fallen leaves mixed up with dry grass, which degraded the classification of those terrain classes. These artefacts can be removed by post-processing. However, for more complex terrains, the classification method needs to be improved in future. The obtained HSI classification result can be used as pixel-wise annotated label images for neural networks. The training images for the neural network can be obtained from HSI data cube as false-RGB images. Overall image classification results are summarised in Table 25. In conclusion, with the help of hyperspectral imaging, pixel-wise classification can be used to reduce the manual labelling process.

[bookmark: _Ref87714620][bookmark: _Toc87864309]Table 25. Overall classification results comparison.

		Dataset

		Mean IoU

		Mean F1 score

		Mean accuracy

		Global accuracy



		RGB images + manual labels

		0,5112

		0,4832

		0,6985

		0,8068



		Generated images + manual labels

		0,3313

		0,4013

		0,4488

		0,7057



		Generated images + pixelwise classification

		Without touch-up 

		0,2733

		0,2968

		0,4363

		0,6206



		

		After touch up

		0.3301

		0,3073

		0,4733

		0,6688



		HSI

		HSI 9 bands

		0,5613

		0,4650

		0,3739

		0,7085



		

		HSI 16 bands

		0,3065

		0,4532

		0,3911

		0,7315



		

		HSI 25 bands

		0,6226

		0,4981

		0,3875

		0,7574















[bookmark: _Toc87864550]Conclusion

The overall objective of this work was to investigate the capabilities of hyperspectral imaging methods to enhance the performance of perception systems used in autonomous ground vehicles. The emphasis was on unstructured terrain scenarios, which is a highly active research area in mechatronics. The same methods could apply to any unknown terrain perception scenario as well. All the proposed methods were validated using hyperspectral data acquired in unstructured terrain environments in Estonia.

One of the main aims of the work was to develop a band selection method for unstructured terrain classification applications for autonomous vehicle perception. 
The min-max pooling band selection was introduced in Chapter three to select the most effective spectral bands from hyperspectral datacubes. This method takes significantly less time compared to information density-based methods. According to the experiment results, the proposed methods showed 8% better classification accuracy over comparable band selection methods. The proposed method is mathematically simpler to implement on low power computing hardware used in autonomous vehicles. 

Another objective was to use the hyperspectral dataset to prepare image training datasets for RGB image semantic segmentation to minimize manual labelling. Manual semantic labelling of a single 512 x  512 px terrain image takes approximately 2 hours. The HSI classification was able to produce the classification result in a minute. HSI classification result with further post-processing, the image annotation was significantly reduced. Chapter 4 discusses the manifold alignment-based method for RGB image generation from HSI.  These RGB images, generated from HSI datacubes, were used for DCNN training as a dataset. This HSI generated RGB image dataset resulted in approximately 17% less accurate than high resolution original RGB images. It was an expected result because the conversion process from HSI to RGB brings the loss of information and the addition of noise. However, increasing the pixel pairs from both HSI datacube and high-resolution RGB images taken from the same location could enhance the generated RGB image quality by reducing the noise and other artefacts.

The pixel-wise HSI classification has been presented in Chapter 5. HSI pixel-wise classification using spectral data is compared with RGB semantic segmentation. The results show that the HSI pixel-wise classification is more accurate in certain terrain classes than the RGB image semantic segmentation. 

The unstructured terrain semantic segmentation is a much more complex task than that of structured terrains. Since one of the objectives was to demonstrate hyperspectral image segmentation accuracy for terrain classification in terms of spectral and spatial classification, several image datasets containing a different number of image bands were used to train classification DCNNs.  The result from those classifications was compared against RGB image segmentation. The IoU performance matrix showed that the hyperspectral images yielded 11% better classification accuracy over RGB images. In this case, hypercubes with 25 bands yield the highest classification accuracy compared with 9 and 16 bands using the same DCNN model. The model was based on UNet architecture which is an encode-decoder model with skip connections.

Here is a summary of the results of this research.

· A simple band selection method developed and demonstrated the effectiveness in the classification of terrain HSI datacubes. 

· Pixel-wise classification achieved high accuracy for the tested datasets.

· Use of classification as labels improved image annotation time. (Manual annotation 1 hrs per image, HSI classification takes ~9 min + corrections)

· RGB image generation based on the manifold alignment method resulted in a higher correlation to the RGB images taken from the same location. 

· HSI spectral-spatial classification can achieve higher classification accuracy over RGB semantic segmentation for unstructured environments 

· Unstructured terrain hyperspectral dataset can be used for further research.



This thesis work demonstrated the benefits of hyperspectral imaging methods to improve autonomous vehicle perception systems.

[bookmark: _Toc87864551]Future works

In this study, one of the outcomes was band selection for hyperspectral imagery in 
off-road terrain conditions. A push broom mobile hyperspectral camera was used for the experiments that used the line scan method for image acquisition. However, manufacturers can fabricate a custom hyperspectral imaging sensor based on specific wavelength filters with fewer bands. Therefore, one of the future directions could be a fabrication of a multi-spectral imaging sensor for AGV perception that can use the area scan method to acquire images. The proposed band selection method could be used to select a suitable number of spectral bands. Such a custom snapshot hyperspectral imaging sensor could provide all the necessary spectral information to classify off-road terrain scenarios. In this case, it is necessary to consider that geographic location influences the terrain classes in those regions, affecting classification.

Developing dedicated convolutional neural network models for efficient and accurate terrain spectral image classification is another research direction. Such improvements could bring spectral imaging into real-life UGV applications. 

The results presented in this thesis work shows that the hyperspectral imaging-based classification performs better than the RGB imaging methods. Currently, some companies are working on developing video-rate hyperspectral cameras. With such a development, there is a possibility to use video-rate hyperspectral imaging in real-time scene segmentation and object detection for unmanned ground vehicle applications.

For short-range depth perception, stereo vision RGB is used as an additional visual input in some applications. Similarly, stereo hyperspectral imaging can enhance 
short-range depth perception better than stereo RGB imaging. 
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Smart Terrain Perception Using Hyperspectral Imaging

Hyperspectral imaging gives a huge advantage over RGB images in terms of information abundance. This technology has yielded higher success in various application domains of machine vision. However, its uses in autonomous vehicle perception are rather unexplored. This thesis investigates various possibilities of HSI offering for perception improvement in autonomous vehicles. The emphasis was on unstructured terrain conditions where there has been limited research conducted. 

Even though hyperspectral images contain a large amount of data, it has both advantages and drawbacks too. The computing power needed to process those images are enormous as one image could contain hundreds of image bands. Various feature selection and feature extraction methods have been developed to reduce the computing burden while maximising the classification outcome. However, in most cases, they have been developed for certain applications. In this thesis, the prime focus is on unstructured or off-road terrain segmentation, a simplified band selection method is proposed. 
The accuracy of the band selection method has been compared with other comparable bands selection methods, where it showed approximately 3% better classification accuracy with experimental results.

Semantic segmentation models need images with labels to train them. When multiple imaging technologies are involved with different resolutions, they need to prepare multiple image datasets. Such a demand for too many datasets increases the effort needed to prepare the datasets. In the case of HSI and RGB, if it is possible to share the same image labels with RGB and HSI, it could help to reduce the labelling effort needed. Since the RGB images contain lesser data compared to HSI datacubes, the RGB images processing is faster. The cost-effectiveness of RGB imaging for scene understanding makes it an essential part of the perception system. Therefore, HSI could only enhance the perception system with its capabilities rather than replacing RGB imaging. The RGB images generated from HSI datacubes were used for the semantic segmentation experiments to evaluate the possibilities to share some part of the dataset with HSI. 

As previously mentioned, the RGB image generation method from HSI was introduced. Three different approaches were investigated to find the optimal correlation between the RGB images generated from HSI and original RGB images captured from RGB imaging cameras. The methods are bilateral filtering, selecting three image bands from each red, green and blue region of visible light wavelength range and manifold alignment method. The manifold alignment proved to be the optimal method for the RGB image generation from HSI datacubes. The highest correlation to the original RGB images was achieved with nine band HSI datacubes. With deep convolutional neural networks, semantic segmentation accuracy of the image dataset created from the RGB images generated from HSI was compared to the original RGB images captured using RGB cameras. 
The semantic segmentation accuracy of RGB images generated from HSI datacubes is slightly lower compared to original RGB images. 

Spectral images are typically classified using spectral data in pixel-wise. However, combining spectral-spatial features could achieve better classification accuracy compared to pixel-wise HSI classification and three-channel RGB classification. Therefore, the HSI dataset has been used for semantic segmentation with the 
spectral-spatial combination. The results showed that the segmentation is much higher with spectral-spatial combination, which stands at 11% higher than RGB semantic segmentation with state-of-the-art classification networks. The segmentation accuracy was evaluated with three different datasets prepared based on the number of spectral bands. They were 9, 16 and 25 bands. The 25-band dataset yielded the highest classification accuracy. Even though the nine-band HSI classification accuracy was lower than the 25-band dataset, still nine bands classification showed higher accuracy than RGB semantic segmentation.

All in all, the hyperspectral imaging method could enhance the perception system accuracy for autonomous vehicles running on unstructured terrains or off-road conditions. In terms of real-life implementation of a spectral imaging method for autonomous driving vehicles, it is possible to develop a multispectral imaging sensor with fewer spectral bands, which is most efficient for scene classification. Together with such an optimized spectral imaging camera, the images can capture in the area scan mode.  Developing DCNN models tailored for spectral imaging-based scene understanding, spectral imaging for perception can become a reality.
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Hüperspektraal-pilditehnika maastiku nutikaks tajumiseks

Hüperspektraalne pildistamine annab RGB-kujutistele tohutu eelise teabe rohkuse osas. See tehnoloogia on andnud suuremat edu erinevates masinanägemise rakendusvaldkondades. Siiski on selle kasutamine autonoomse tajumise puhul üsna uurimata. Selles väitekirjas uuritakse erinevaid võimalusi HSI pakub taju parandamiseks autonoomsete sõidukite. Rõhuasetus oli struktureerimata maastikutingimustel, kus uuringud on olnud piiratud. 

Kuigi hüperspektraalsed pildid sisaldavad suurt hulka andmeid, on sellel nii eelised kui ka puudused. Nende piltide töötlemiseks vajalik andmetöötlusvõimsus on tohutu, sest üks pilt võib sisaldada sadu pildiribasid. Andmetöötluskoormuse vähendamiseks on välja töötatud erinevad funktsioonide valimise ja eraldamise meetodid, maksimeerides samal ajal klassifitseerimise tulemust. Enamikul juhtudel on need siiski välja töötatud teatavate rakenduste jaoks. Selles väitekirjas keskendutakse peamiselt struktureerimata või maastikulõigule, tehakse ettepanek kasutada lihtsustatud ribavaliku meetodit. Ribavaliku meetodi täpsust on võrreldud teiste võrreldavate ribade valikumeetoditega, kus see näitas ligikaudu 3 % paremat klassifitseerimistäpsust katsetulemustega.

Semantiline segmenteerimismudelid vajavad pilte siltidega, et neid treenida. Kui mitu pilditöötlustehnoloogiat on seotud erinevate resolutsioonidega, peavad nad ette valmistama mitu pildiandmestikku. Selline nõudlus liiga paljude andmekogumite järele suurendab andmekogumite ettevalmistamiseks vajalikke jõupingutusi. Kui HSI ja RGB puhul on võimalik jagada samu kujutismärke RGB ja HSI-ga, võib see aidata vähendada vajalikku märgistamiskoormust. Kuna RGB pildid sisaldavad vähem andmeid kui 
HSI-andmekuubikud, siis RGB piltide töötlemine on kiirem. RGB pildistamise kulutõhusus stseeni mõistmiseks muudab selle tajusüsteemi oluliseks osaks. Seetõttu võis HSI vaid parandada tajusüsteemi oma võimetega, selle asemel et asendada RGB pilditöötlust. HSI andmekuubikutest saadud RGB-pilte kasutati semantilistes segmenteerimiskatsetes, et hinnata võimalusi jagada osa andmekogumist HSI-ga. 

Nagu eespool mainitud, võeti kasutusele RGB pildi genereerimise meetod HSI-st. Uuriti kolme erinevat lähenemisviisi, et leida optimaalne korrelatsioon HSI-st saadud RGB piltide ja RGB-kaameratest pildistatud algsete RGB piltide vahel. Meetodid on kahepoolne filtreerimine, valides igast nähtava valguse lainepikkuse vahemikus olevast punasest, rohelisest ja sinisest piirkonnast kolm kujutisriba ja kollektori joondamise meetod. Kollektori joondamine osutus optimaalseks meetodiks RGB pildi genereerimiseks HSI-andmekuubikutest. Suurim korrelatsioon algsete RGB piltidega saavutati üheksa sagedusala HSI andmekuubiga. Sügavate konvolutsiooniliste närvivõrkude puhul võrreldi HSI loodud RGB piltide semantilist segmenteerimistäpsust RGB kaamerate abil salvestatud algsete RGB piltidega. HSI andmekuubikutest genereeritud RGB-kujutiste semantiline segmenteerimistäpsus on võrreldes algsete RGB piltidega veidi väiksem. 

Spektraalsed kujutised klassifitseeritakse tavaliselt spektraalandmete abil piksli järgi. Spektraalsete ja ruumiliste omaduste kombineerimine võib aga saavutada parema klassifitseerimistäpsuse võrreldes pikslite HSI klassifikatsiooniga ja kolmekanalilise RGB klassifikatsiooniga. Seetõttu on HSI andmekogumit kasutatud semantiliseks segmenteerimiseks spektraal-ruumilise kombinatsiooniga. Tulemused näitasid, et segmenteerimine on palju suurem spektraal-ruumilise kombinatsiooni puhul, mis on 11 % suurem kui RGB semantiline segmenteerimine tipptasemel klassifikatsioonivõrkudega. Segmenteerimistäpsust hinnati kolme erineva andmekogumiga, mis koostati spektriribade arvu põhjal. Nad olid 9, 16 ja 25 bändi. 25-ribaline andmestik andis kõrgeima klassifitseerimistäpsuse. Kuigi üheksaribaline HSI klassifikatsiooni täpsus oli väiksem kui 25-ribaline andmestik, näitas üheksa sagedusala klassifikatsioon siiski suuremat täpsust kui RGB semantiline segmenteerimine.

Kokkuvõttes võib hüperspektraalne pildistamise meetod suurendada autonoomsete sõidukite tajusüsteemi täpsust, mis töötab struktureerimata maastikul või maastikul. Autonoomsete sõidukite spektraalse pildistamise meetodi tegeliku rakendamise seisukohast on võimalik välja töötada vähem spektriribadega multispektraalne pildiandur, mis on stseeni liigitamiseks kõige tõhusam. Koos sellise optimeeritud spektraalkaameraga võivad pildid jäädvustada ala skaneerimisrežiimis.  DCNN-mudelite väljatöötamine, mis on kohandatud spektraalse pildistamise alusel stseeni mõistmiseks, võib muutuda reaalsuseks.
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