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ABSTRACT 

The estimation of Stereo Matching Algorithm (SMA) is one of the extensive research topics 
for obtaining the disparity map from two images. The depth measurement provided by the 
stereo matching framework is used to rebuild the three-dimensional coordinates of point and 
object detection. Similar to how human eyes and binocular vision perceive depth, the visual 
disparity information obtained from this pair of images captured by the cameras represents 
the impression of perceived depth. The stereo vision algorithm computes disparity using 
local, global, and semiglobal optimisation methods established by the researcher. However, 
the computation needed for the creation of SMA is more difficult, particularly for images 
comprising complex scenes. The influencing factors include low-texture regions, repetitive 
patterns, illumination variation, depth discontinuity, and occlusion. Several issues have been 
challenges to researchers, especially for local methods, such as producing an accurate 
correspondence between pixels that lie around the boundaries due to different illumination 
conditions. Besides that, window-based approaches and pixel-based intensity comparison 
between central pixels and neighbour pixels may cause problems at incorrect disparities, 
while similar matching costs at low textures cannot be efficiently solved with increasing 
window aggregation size or implementation of global optimisation. Therefore, this thesis 
proposes a local-based SMA that enhances the accuracy of complex regions detection by 
focusing on these issues. The four stages of the proposed SMA were centred on the matching 
cost computation. The first stage comprised of Tr uncated Absolute D ifferences (TAD), 
Gradient Magnitude CLAHE (GMC), and Modified Census Edge (MCE), which were then 
combined through Planar Pyramid Fusion (PPF) to obtain the initial cost volume. Then, a 
new proposed cost aggregation based on the Hybrid Random Aggregation (HRA) was 
implemented that utilized modified Iterative Non-Local Guided Filter (iNLGF), Simple 
Linear Iterative Clustering (SLIC), Graph Segmentation (GS) and Extended Restart Random 
Walk (eRWR) for error reduction. Next, a Winner-Take-All (WTA) approach was used to 
select the location of minimum aggregated value corresponding to the disparity value for 
each pixel. During the refinement stage, the Left-Right (LR) consistency checking process 
and the Confidence Disparity Filling (CDF) were conducted. Then, the K-means clustering, 
and Side Window Filter (SWF) were used to recover the low texture and to remove the 
remaining noises. In this thesis, the accuracy of the proposed algorithm was evaluated using 
two standard online benchmarking database systems. For the quantitative and 
qualitative assessments, systems from the Middlebury Stereo, the Karlsruhe Institute of 
Technology and Toyota Technological Institute (KITTI), and actual images from UTeMLab­
Stereo were applied. Once accurate results were achieved, the proposed SMA's disparity 
maps were generated to be used for the 3D surface reconstruction. As a result, the proposed 
SMA was able to deliver accurate validation process with findings from the Middlebury 
system showing 5 .11 % nonocc error and 9. 02% all error and the KITTI system showing 
7.90% nonocc error and 7.07% all error. Therefore, the proposed framework is proven to be 
competitive with other established methods and can be used as a complete algorithm 



ALGORITMA PEMADANAN STEREO BERASASKAN-SETEMPAT 
MENGGUNAKAN BERBILANG-KOS LAKURAN PIRAMID, PENGAGREGATAN 

RAW AK IDBRID DAN PENGHALUSAN KELOMPOK-SISI BERHIERARKI 

ABSTRAK 

Anggaran Algoritma Pemadanan Stereo (APS) adalah salah satu topik penyelidikan yang 
meluas untuk mendapatkan peta perbezaan daripada dua imej. Pengukuran kedalaman 
rangka kerja pemadanan stereo digunakan untuk membina semula lwordinat tiga dimensi 
pengesanan titik dan objek. Sama seperti cara mata manusia dan penglihatan binokular 
melihat kedalaman, maklumat perbezaan visual yang diperoleh daripada sepasang imej 
yang ditangkap oleh kamera ini mewakili kesan kedalaman yang dirasakan. Algoritma 
pemadanan stereo menentukan peta perbezaan menggunakan kaedah pengoptimum 
setempat, global dan separa global yang ditetapkan oleh penyelidik. Waiau bagaimanapun, 
pengiraan yang diperlukan untuk penciptaan APS adalah lebih sukar, terutamanya untuk 
imej yang terdiri daripada adegan yang lwmpleks. Faktor seperti kawasan bertekstur 
rendah, corak berulang, variasi pencahayaan, ketakselanjaran kedalaman dan oklusi. 
Beberapa isu telah menjadi cabaran kepada penyelidik-penyelidik terutamanya pada 
kaedah-kaedah setempat bagi mendapatkan persamaan yang tepat di antara piksel-piksel 
yang berada di antara sempadan disebabkan keadaan perbezaan pencahayaan. Selain itu, 
pendekatan berasakan-tetingkap dan berasaskan-piksel di antara piksel pusat dan piksel 
kejiranan mungkin menyebabkan peta pembezaan yang salah, manakala lws pemadanan 
yang serupa di tekstur rendah tidak dapat dise/esaikan secara cekap melalui peningkatan 
saiz tetingkap pengagregatan atau perlaksanaan pengoptimum global. Oleh itu, tesis ini 
mencadangkan APS berasaskan setempat yang meningkatkan ketepatan pengesanan 
wilayah lwmpleks dengan mengfoukuskan isu-isu ini. APS yang dicadangkan terdiri 
daripada empat peringkat, bermula dengan pengiraan lws pemadanan. Langkah pertama 
terdiri daripada Perbezaan Mutlak Terpenggal (P MT), Magnitud Kecerunan CLAHE (MKC) 
dan Pinggir Banci Terubahsuai (PBT), yang kemudiannya digabungkan melalui Piramid 
Lakuran Satah (P LS) untuk mendapatkan isipadu lws permulaan. Kemudian, cadangan 
baharu pengagregatan lws berdasarkan Pengagregatan Rawak Hibrid (P RH} dilaksanakan 
yang menggunakan Penapis Berpandu Bukan Setempat Berulang (PBBSB), Pengelompokan 
Lelaran Linear Mudah (PLLM), Peruasan Rajah (PR) dan Jalan Mula Semula Rawak 
Tambahan (JMSRT) untuk pengurangan ra/at. Selepas itu, pendekatan Pemenang-Ambil­
Semua (PAS) dilaksanakan untuk memilih lokasi nilai agregat minimum yang sepadan 
dengan nilai jurang bagi setiap piksel. Kemudian, peringkat pemumian dilaksanakan 
melalui proses semakan lwnsistensi Kiri-Kanan (KK) dan Pengisian Ketaksamaan 
Keyakinan (PKK). Ke/ompok K-means, dan Penapis Tepi Tetingkap (PIT) dilaksanakan 
untuk memulihkan tekstur rendah dan mengeluarkan kebisingan yang tinggal. Dalam tesis 
ini, ketepatan algoritma yang dicadangkan dinilai menggunakan dua sistem pangkalan data 
penanda aras piawai dalam talian. Untuk penilaian kuantitatif dan kualitatif, sistem ini 
adalah daripada Middlebury Stereo, lnstitut Teknologi Karlsruhe dan Jnstitut Teknologi 
Toyota (KITI'I) dan imej sebenar dari UTeMLab-Stereo. Setelah keputusan yang tepat 
dicapai, peta perbezaan APS yang dicadangkan dijana untuk digunakan untuk pembinaan 
semula permukaan 3D. Kesimpulannya, APS yang dicadangkan menyampaikan penemuan 
proses pengesahan yang tepat. Hasilnya ialah 5.11 % untuk ralat bukan nonocc dan 9. 02% 
untuk semua ralat dari Middlebury dan 7.90% untuk ralat bukan nonocc dan 7.07% untuk 
semua ralat daripada KITI'I. la menunjukkan rangka kerja yang dicadangkan boleh 
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digunakan sebagai algoritma yang lengkap dan berdaya saing dengan kaedah-kaedah yang 

sedia ada. 
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CHAPTERl 

INTRODUCTION 

This chapter provides a brief overview of the stereo matching algorithm and focuses on the 

appealing qualities that may be used to develop new or improved algorithms for depth map 

evaluation in computer vision applications. It also describes the goals and reasons for the 

study that is being presented. Furthermore, the thesis' original contributions are emphasised, 

followed by the thesis' structure and organisation. 

~" 
~ 

1.1 Background 

Computational stereo vision is a topic of pivotal importance in computer vision that 

is now rapidly becoming an attention and potential area for further research by academics 

all around the world. One of the recent new areas for investigation has been the field of the 

stereo vision system, which is conceptually similar to human's two fontal-parallel eyes, 

allowing them to perceive the world from different perspectives. The motivation of this 

research is to better understand the information from the environment by interpreting the 

digital images captured from the outside or within the camera. These images or views are 

then combined to recover the 30 information about the environment. There is a growing 

field of research being undertaken using this stereo vision system that contributes 

fundamentally to the computer vision technology development. There are two directions in 

the stereo vision approaches. The first is the neurophysiology approach, which focuses on 

the biological function of the visual cortical cells and the neural pathways. The second 

approach uses computer hardware and software to create the various model stereo vision 



system in order to investigate the role of stereoscopic vision (Y. Liu and Aggarwal, 2005). 

Therefore, many recent advances have been focused on the computational stereo vision of 

estimating depth from digitized images of the world using computer programs. Huge 

advances in software and computer technology have made this feasible in practice to 

reconstruct the three-dimensional scenes from the depth estimation of the stereo vision. 

~Object 

p -------- - -- --

z 

, - -~- -, ~ I - - - - -, 
\ L I \ R I 

-l--~------------ - ----L____!~ 
: Stereo Vision Sensor 

Figure 1.1: Stereo Vision Depth Perception for Object Detection Based on Triangulation 

!.JY'v4 ...... ·~ Principle 
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The fundamental of stereoscopic vision is an epipolar geometry mechanism to 

produce a disparity map based on the establishment of the correspondence between two 

images. The disparity map accuracy level is a significant issue that has been the focus of 

stereo matching research for more than a decade. This map contains depth information 

obtained from the stereo matching framework that is used for the reconstruction of three-

dimensional coordinates of point and object detection. The stereo vision system's 

architecture consists of a stereo camera and a minimum of two cameras that are placed 

horizontally, left and right, next to each other. The visual disparity information obtained 

2 



from these two camera-captured images represents the impression of a scene' s perceived 

depth, similar to human eyes and binocular vision views. The basic architecture of the stereo 

vision is shown in Figure 1.1 . 

The distance to the object P can be computed based on the triangulation principle or 

2D perception to estimate the depth Z, as implemented by Singh, Kumar and Nongmeikapam 

(2020). 

~ _ (b+Xright)- X1eft 

Z Z-f 
(1.1) 

where X right is the right plane coordinate, X1eft is the left plane coordinate, Z represents the 

depth value, f for the focal length while bis the baseline. The depth value Z can be obtained 

using Eq. (1.2) and Eq. (1.3). 

~L 
d' = X1eft - Xright> 

z = bf 
d' 

(1.2) 

(1.3) 

where d' presents the pixels distance between coordinates at the left and right positions. 

Stereo Matching Algorithm (SMA) has emerged over the past several years as a 

promising and versatile method in computer vision system for acquiring an accurate 

disparity map for depth measurement. Equation (1 .3) demonstrates that this map contains 

the depth information and has currently become a standard practice by many stereo vision 

systems to use this information to establish the disparity maps. However, the development 

of the stereo matching algorithm requires several stages of taxonomy formulation. For 

example, Scharstein and Szeliski (2002) introduced a fundamental four-stages stereo 

matching algorithm taxonomy to acquire the disparity map: 

• Stage 1: Initial matching cost computation - Determine the stereo image's 

correspondence points. 

• Stage 2: Cost aggregation - Noise reduction and aggregated the cost volume. 
3 



• Stage 3: Disparity optimisation and selection - Select the finest disparity value from 

the cost function. 

• Stage 4: Post-processing and disparity refinement - Final disparity map refinement . 

In stereo matching algorithm, researchers have extensively developed two types of 

significant optimization using the local and global methods. The local method employs 

correlation measurement in the local windows of stereo images to compute disparity or 

correspondence. Meanwhile, the global method generally utilises an energy minimization 

function with various constraints to obtain the disparity value. In addition, the Semiglobal 

Matching (SGM) proposed by Hirschmi.iller (2008) is the method of combining the trade-off 

between the local and global methods for better balance disparity accuracy with acceptable 

computational complexity. < v 

Finding the best technique to acquire the differences between pixels of the image in 

stereo pairs, generally referred to as the stereo correspondence, is quite challenging but is an 

essential step in the generation of an in-depth map. The disparity map acquired by the 

triangulation principle can be applied for extensive estimation in various applications such 

as navigation for autonomous driving and robotic guidance used by the Mars Exploration 

Rover (MER) for autonomous passive stereo vision to detect terrain hazards before driving 

into them. Then, the disparity map also can be used in-depth estimation from realistic motion 

of static or dynamic environment for object detection (Ross et al., 2014) for underwater tube 

object detection by AUV, medical diagnosis (Suenaga et al., 2015) for neurosurgery, 

selection of an accurate location for an object created from real life video (Zhan et al., 2016), 

depth range image generation for 3D video content (G. S. Hong and Kim, 2017), virtual 

reality (Diaz et al., 2017) and 3D reconstruction to determine the status and conditions of an 

object or environment (Rostam Affendi Hamzah et al., 2018). 
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t.Z Problem Statement 

The stereo matching algorithm constraint is to acquire precise correspondence 

estimation to interpret the information from stereo images. Figure 1.2 shows the diverse 

challenges to obtain an accurate disparity map. 

Image Left 

fl Image Left 

Repetitive 
~~-- Pattern 

Occlusion 

(a) 

Repetitive 
Pattern 

Occlusion 

Discontinuity 

Low Texture 

(b) 

Image Right 

Figure 1.2: Constraining Factors in Middlebury Dataset Stereo Images 

a) Teddy b) Tsukuba 

Most stereo vision systems consist of a simple matching cost taxonomy, such as 

block matching to measure the stereo corresponding points taken from two or multiple 

perspectives. The intensity level between these corresponding points is assumed to be 

identical to each other. It is difficult to establish an accurate corresponding point between 

the pixels that lie inside low-textured image areas (Hirschmiiller and Scharstein, 2007). The 

constraint is caused by different illumination conditions, amongst other factors, which need 

more complex cost functions to account for the radiometric differences. This issue was 
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explored by Navarro and Buades (2019) using weight distribution in the adaptive support 

weights method that favours pixels with the same displacement as the reference pixel. The 

researcher claimed that the framework reduced the fattening effect, and its multi-scale 

strategy highly decreased errors due to match ambiguities and was robust to additive 

illumination changes. This problem was caused by a number of factors including plain colour 

surfaces and textureless surface regions. The low texture regions in the stereo pair images 

produce almost similar matching costs, thus makes it challenging to compute the disparity 

value. The low texture or very low contrast stereo pairs occur due to poor image quality 

taken from low-resolution cameras or caused by the nature of the scene being captured, such 

as man-made roads and weather covered regions. In highly textureless regions, the final 

disparity value consists of inaccurate discontinuities, wrong disparity, and blurry boundaries 

reflected due to poor matching corresponding point. tiu et al. (2021) proposed using two­

phase adaptive optimisation of AD-Census and gradient fusion to reduce this problem, which 

performed better in low texture regions and was robust against radiometric changes and 

noise. .!J l,.o \.."' .• ...J..., \ c =t; • c =t...J ~ / ~ J 
The second prevalent constraint in the stereo vision system is the occluded areas that 

significantly contributes to invisible matching. Based on Figure 1.2, the matching 

corresponding point within the right image of the object is visible but the object itself is not 

visible in the left image. The constraint is caused by the geometric displacement of the 

perspective of cameras or sensors, and it gets worse if the area increases due to the expansion 

of the stereo sensor's baseline. In addition, obtaining an accurate disparity estimation is a 

challenge since the occluded region is unable to be matched due to the disappearance of the 

structures, objects or shapes. Bapat and Frahm (2019) discussed the possible algorithm to 

solve this issue using general MC-CNN optimisation framework that was performed in the 

pixel space with an edge sensitive regulariser. The method delivered a significant disparity 
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improvement for non-occluded pixels and outperformed a number of well-established 

algorithms with additional computational cost. 

Further constraint to be taken into consideration is the repetitive or periodic surface 

areas. This constraint, which has repeatedly been encountered in this research area, occurs 

normally due to the fact that both space objects and man-made objects have many repetitive 

textures. Therefore, it is generally challenging to obtain the accurate value of disparity 

caused by wrong matching coordinates. This is a common situation when dealing with this 

type of constraint and is caused by the algorithm trying to find the exact match of pixels 

between the pair images which comprises of many possible intensity values allocations. The 

work of Kong et al. (2021) proposed a theoretical algorithm for a much more robust disparity 

value when dealing with illumination or exposure changes which was aimed to improve the 

repetitive regions based on multi-cost matching cost and adaptive cross-region guided image 

A final constraint is the depth discontinuities that lead to the distortion across the 

depth boundaries. The discontinuity region sizes are important since a bigger difference in 

size between the two regions contributes to the challenge in the stereo correspondence 

measurement. This is a typical constraint when designing a stereo vision system and is 

caused by the algorithm using a predetermined mask size from the reference image to 

localise within the target image. One way to resolve this is to assign several correct disparity 

values if the mask contains information from the front-most surface and the rear-most 

surface across a depth discontinuity . For instance, Mozerov and Van De Weijer (2015) 

developed a two-step energy-minimisation algorithm using two Markov random field 

models to enhance the disparity map accuracy in the occluded regions and the depth 

discontinuities. 
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The key idea of this thesis is to fonnulate a novel matching algorithm for stereo 

correspondence measurement to acquire accurate disparity results. This new stereo matching 

algorithm fonnulas will considerably advance the field of depth measurement. Although 

work on stereo matching algorithm has been ongoing for several years, the constraints in 

low texture regions, discontinuity and occluded regions continue to be an open problem and 

a long-standing chaJJenge for the research community that affects the stereo vision system 

development (Bleyer and Breiteneder, 2013). The difference between stereo vision and other 

image processing methods is that this method addresses the stereo correspondence issues in 

the displacement between points corresponding to the same object produced by the 

perspective differences between the reference and target, which can be translated to depth 

calculation, while other image processing methods only work on a single surface in 20. The 

basic stereo vision system used a simple matching cost function, such as block matching, to 

measure the corresponding points in stereo images taken from two or multiple perspectives 

(Kok and Rajendran, 2019). The intensity level between these corresponding points is 

assumed to be identical to each other. It is challenging to establish an accurate 

correspondences between pixels that lie around the boundaries due to different illumination 

conditions, amongst other factors, which require more complex cost functions to account for 

radiometric differences (Chang and Ho, 2019). 

Census Transform (CT) matching cost computation uses window-based approach and 

pixel-based intensity comparison between central pixel with neighboring pixels values. 

Kordelas et al. (2015), Song et al. (2015), Lee et al. (2016), Bae and Moon (2017) proposed 

a support window which is sensitive to noise. Lee et al. (2016) used an alternative CT called 

Star-Census Transfonn (SCT) that had similar operation with CT but in a comparison 

window which resulted in poor disparity accuracy. Inaccurate object disparities at the edges 

and low texture boundaries may be caused by unsuitable or incorrect window size selections. 
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If the window is too large and contains plenty of object boundaries, the algorithm will 

calculate the intensity value incorrectly since it will assume that the intensity values are 

similar. Nevertheless, selection of smaller window size will contribute to loss of important 

information at the depth discontinuities region. There is indeed a demand for a cost-effective 

and reliable technique with a robust function and minimal noise cost value to measure the 

preliminary performance of the stereo matching algorithm. 

The low texture regions in the stereo pair images produce almost similar matching 

costs, thus making it challenging to compute the disparity value. It cannot be solved directly 

by increasing the size of aggregation windows or using the global optimisation methods, e.g., 

dynamic programming. Hamzah et al. (2017) proposed an algorithm employing per-pixel 

difference adjustment and iterative guided filter aimed to increase the accuracy of the 

aggregated cost value. This approach was able to smooth the depth of discontinued 

boundaries in the regions (Haibin Li et al., 2019). Zhu and Chang (2019) proposed 

hierarchical guided filter to improve the matching accuracy in the uneven texture distribution 

on the image pairs while an algorithm proposed by Xue etal. (2019) applied the multi-frame 

and edge matching technique to deal with occlusions boundaries as untextured regions. The 

proposed algorithm was not able to precisely determine the low texture regions. However, 

the algorithm was able to achieve a smooth and sharp edge disparity map. Conversely, the 

low texture and occluded regions had caused a great deal of inaccuracies. In order to address 

these challenges, this thesis proposes a new method for stereo matching algorithm which 

will have edge-preserving properties and be effective in the low texture, depth discontinuities 

and occluded regions. 

1.3 The Objectives of This Thesis 

The main objectives of this thesis are as follows: 
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i. To formulate a new computational matching cost function using a 

combination structure of window-based matching and pyramid cost functions 

that is able to increase accuracy at the boundaries and low texture regions. 

ii. To derive an improved stereo matching algorithm which is robust against the 

low texture and occlusion regions with enhanced edge-preserving properties 

based on hybrid random, iterative aggregation and clustering to recover the 

value at the occlusion, depth discontinuities and to preserve the edges. 

iii. To validate the proposed stereo matching algorithm performance using 

standard benchmarking datasets and real stereo images. 

A'YS1..q 

1.4 Scope of Work :"11~ 

The scopes of the research are limited to the following important notes: 

1. This research is primarily focused on the formulation of a new matching 

algorithm to increase the accuracy and the algorithm in the spatial domain. 

2. The proposed stereo matching algorithm is based on the standard four stages 

taxonomy which was developed by Scharstein and Szeliski (2002). 

3. This research centres on the evaluation of stereo pair images with fixed-

baselines and static sceneries which is executed only on Central Processing 

Unit (CPU) platforms. 

4. A combination software of MATLAB and C++ programming languages are 

used to construct and validate the effectiveness of the proposed algorithm. All 

the experiments are executed using a personal computer with the features of 

Intel(R) Xeon(R) CPU ES-2650 @ 2.60GHz and 64G RAM. 

5. The analysis of the research's algorithm performance is based on the standard 

benchmarking datasets of Middlebury (Sharctein et. al. 2014) and KITTI 
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(Meinze and Geiger, 2015). These datasets are widely used by researchers to 

evaluate the quantitative measurement in pixel error percentage. The 

quantified matching errors will be obtained by comparing the experimental 

results with the ground truth provided by the datasets, thus enabling the 

algorithm's accuracy to be evaluated objectively. 

6. The additional evaluation in algorithm adaptability is tested using real stereo 

images from the Universiti Teknikal Malaysia's indoor scenes and 

implemented in 30 surface reconstruction. 

7. The algorithm' s performance is evaluated on the basis of qualitative and 

quantitative accuracy, without consideration for computational time, which 

can be enhanced with Random Access Memory (RAM) and Graphics 

Processing Unit (GPU) capacity upgrades (Chang et al., 2022) . 
.... 

1.5 

This thesis provides several noteworthy contributions to the area of stereo matching 

algorithm development. These contributions can be spesifically classified into two categories 

within the stereo matching algorithm. The first part of this thesis is focused on the 

computation of the cost value from the matching process between the left and right images. 

This is a well-recognised issue which necessitates a better approach to determine the best 

cost value to be aggregated. In addition, there is a demand for a cost-effective and robust 

approach to increase the accuracy of disparity maps, especially at the boundaries and low 

texture regions. In this thesis, a new unified approach is explored for a matching cost 

computation based on the pyramid cost function to improve the accuracy at the boundaries 

and low texture, especially with the introduction of the novel Modified Census Edge (MCE) 

and Planar Pyramid Fusion (PPF) approaches in multi-cost which differ from conventional 
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methods, which significantly increased the cost accuracy. Radiometric errors which occur 

during the matching process can be minimised by implementing this method and improve 

the sharpness of the texture edges. 

The second part of this thesis focuses on a generic method that has been developed 

to solve a variety of challenges, depth discontinuities and occluded areas. A hybrid random 

aggregation of clustering, filtering, segmentation, and random walk is proposed in the cost 

aggregation stage while an iterative refinement and clustering technique is aimed to refine 

the final value at the last stage. The contribution for this stage includes the new 

implementation of novel cost aggregation in Hybrid Random Aggregation (HRA), which 

consists of the new Iterative Non-Local Guided Filter (iNLGF) and the Extended Random 

Walk Restart (eRWR). A Winner-Takes-All is applied to determine the ORtimum disparity 

considering the occluded and discontinuity regions. In the disparity refinement aspect, an 

improved hierarchical-edge refinement approach is introduced with the K-means clustering 

and iterative filter method based on the side window applied to preserve the disparity edges 

and the confidence filling approach to recover the occluded and unreliable disparities, thus 

improving the disparity accuracy. 
KNIKAL MALAYSIA MELAKA 

1.6 Review of Thesis Organization 

This thesis is divided into five (5) chapters based on the objectives and proposed approach 

previously stated. Hence, each of the chapter's description is presented as follows: 

• Chapter l. Introduction: This chapter presents a brief introduction explaining the 

background of the study, research problems, objectives, scopes, and research 

contributions. 

• Chapter 2. Literature review: This chapter starts with a concise overview of the 

computational stereo vision fundamentals, explaining the related review papers, the 
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conceptual taxonomy, the various methodologies, and the stereo correspondence 

constraints in recovering accurate disparity map value with current stereo matching 

algorithms. Specifically, a 3D surface reconstruction method will also be discussed. 

• Chapter 3. Methodology: This chapter focuses on the detail explanation of this 

research's new proposed stereo matching algorithm based on the standard 

taxonomy's framework. Consequently, the new algorithm will contribute to produce 

an accurate disparity pixel value which can be used for 3D surface reconstruction. 

• Chapter 4. Case studies. This chapter presents the improved design of the stereo 

matching algorithm which is tested and verified through the assessments performed 

using the Middlebury Stereo Datasets, The Karlsruhe Institute of Technology and 

Toyota Technological Institute (KITTI) Vision Benchmark Suite and real stereo 

images. [n addition, the experimental results and the comparison tables which have 

been thoroughly investigated are also discussed in detail. 

• Chapter 5. Conclusion and future works: This chapter summarises the finding results 

as well as the achievements of this research. Last but not least, this chapter also 

highlights the potential industry applications and provide suggestions for possible 

future research work and improvements. 
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Figure 1.3: The 5 Chapters of the Thesis: Outline and Original Contributions 
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CHAPTER2 

LITERATURE REVIEW 

This chapter outlines the existing methods available in the literature for stereo vision system 

research. Hence, Section 2.1 of the chapter begins by introducing the basics theory of stereo 

vision system based on the mathematical models including the summary of recent research 

papers on stereo matching algorithm. Then, Section 2.2 provides a brief review of the 

different stages in stereo matching algorithm taxonomy and Section 2.3 explains the various 

categories of stereo matching methods. Next, Section 2.4 reviews the prior works of the 

stereo matching algorithm based on major constraint in stereo correspondence. This section 

is included with a summary of stereo matching algorithm implemented based on method 

categorization and constraints. Then, Section 2,5 explains the stereo vision datasets used in 

this work. Finally, Section 2.6 explains the 3D surface reconstruction development while 

Section 2.7 provides the summary of this chapter. LAYS IA MELA KA 

2.1 Fundamental of Stereo Vision System 

One of the key topics in computer vision is stereo vision system, which refers to a 

method for estimating depth from 3D information extracted from a pair of digital stereo 

images. The framework to obtain the disparity map is called stereo matching algorithm, 

widely studied by researchers concentrating to improve the disparity accuracy. A disparity 

map visually represents the adjacent pixels that have been horizontally shifted between the 

left and right images. One of the earliest design was by Marr and Poggio (1976) which 

employed human stereopsis as the main focus for obtaining the stereo image pair's disparity 
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cost using a cooperative algorithm, whereas G. Yang et al. (2019) recent work was based 

on the deep learning techniques. 

The algorithm developed by Scharstein and Szeliski (2002) consisted of a four-stage 

framework; 1. Matching cost, 2. Cost aggregation, 3. Disparity selection and optimization, 

and 4. Disparity refinement. This framework was aimed to acquire a disparity map and as a 

result, it can be translated into depth assessment for depth-based processing and 

communications. The disparity estimation accuracy evaluation is quite crucial since small 

inaccuracies will impact the result of the 30 application. Therefore, the disparity 

measurement accuracy will need to be the quantitative assessment which can be compared 

with other algorithms (Cabezas, Padilla and Trujillo, 201 I). 

A notable research challenge in the field is the accuracy level of the disparity map 

produced by the stereo matching framework, which is used for reconstruction of three-

dimensional coordinates of point and object detection. The architecture of a stereo vision 

system consists of a stereo camera which is a minimum of two cameras that are placed 

horizontally left and right of one another. The visual depth information produced from the 

two images captured from these cameras is the impression of a perceived depth when both 

human eyes and binocular vision view a scene. The basic structure of the stereo vision system 

is shown in Figure 2.1. The distance to the object P can be computed based on the 

triangulation principle or 20 perception to estimate depth Z as expressed in equation (2.1): 

b (b+Xr)- Xi 

Z Z-f 
(2.1) 

where Xr is the right plane coordinate, Xi is the left plane coordinate, Z represents the depth 

value, f for the focal length while b is the baseline. The depth value Z can be obtained using 

equation (2.2) and equation (2.3): 

(2.2) 
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z = bf 
d 

where d presents the pixels distance between coordinates at the left and right position. 
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: Figure 2.1: Depth Perception from 2D Stereo Geometry 
u. .... 

(2.3) 

New methods and techniques have been developed over the years to solve the 

fundamental problem of pixel differences leading to a significant improvement in disparity 

accuracy (R. Szeliski, 2009). The challenge is to find the best techniques for solving the 

correspondence problem to acquire the differences between pixels of the image in stereo 

pairs , which is essential for in-depth map generation (Kavitha and Balakrishnan, 2020). The 

triangulation principle's correspondence, or difference in location of the object's image 

between the reference and target images can be used for in-depth estimation for various 

applications, including 3D reconstruction, virtual reality, navigation for autonomous driving, 

and robotic guidance, medical diagnosis and object detection (Yousif et al., 2022). The most 

widely used disparity accuracy for quantitative assessment is the Bad Matched Pixels (BMP) 

methods (Cabezas, Padilla and Trujillo, 201 I). Several academic research centers providing 

the quantitative and qualitative evaluation for disparity accuracy include Scene Flow (Wedel 

et al., 2011), Middlebury (Szeliski, 2020) and KITTI (Geiger et al., 2020). 
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In recent years, researchers have conducted numerous research to implement stereo 

matching for depth estimation application. This data can be observed from the latest past six 

years' review articles from 2017 to 2022, which are listed in Table 2.1, and each of which 

also include a summarised review. Each review investigated the stereo matching algorithm 

methods, the platform used, the execution time, and its performance towards disparity 

accuracy level on the cited algorithm. However, none of these review papers went into great 

detail regarding the stereo vision algorithm in response to the stereo correspondence's 

constraints. Based on these reviews, this work focuses on the formulation of SMA, which 

considers the stereo correspondence constraints to increase disparity accuracy using the 

framework developed by Scharstein and Szeliski (2002). 

< ..... 

2.2 Stereo Matching Taxonomy 

As shown in Figure 2.2, the majority of the most recent algorithms developed by 

several researchers were built upon a framework that consists of four stages. This framework 

produces a smooth, dense, or sparse disparity map depending on the input, which is a stereo 

image pair (Scharstein et al., 2014). Each block in the framework is the area of focus by 

many researchers, consisting of one or several algorithms to process the image and enhance 

the overall performance of the disparity accuracy level or the time execution (Kordelas et 

al., 2016; Qi and Liu, 2022). 
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Figure 2.2: Traditional Stereo Matching Framework (Scharstein et al., 2014) 
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Table 2.1 : Recent Review Papers on Stereo Matching Algorithms 

No. Year Author Focus 

This article compared stereo vision and matching algorithms for correspondence issues. 

1 2017 
E. Bebeselea-Sterp, R. Brad and R. The algorithm performance was compared to Middlebury Benchmarks. Local and global 

Brad (Bebeselea-Sterp et al., 2017) methods used include pixel-wise correspondence, shiftable window, dynamic 
'\ 

programming, and graph cut. Several quality tests. were performed. 

The research explored stereo vision depth estimation. Findings showed computational 

K. Y. Kok and P. Rajendran (Kok 
complexity, occlusion, radiometric distortion, depth discontinuity, and textureless areas 

2 2019 influence disparity map accuracy and computational load. Stereo matching algorithms 
and Rajendran, 2019) 

were developed by comparing existing stereo matching methods for design, performance, 
\0 and enhancements. --

I 
~ 

This review covered deep learning-based on stereo matching algorithms. Authors 

3 2020 
K. Hou, Z. Meng and B. Cheng (K. categorised deep~learnihg into non-end-to-end, end-to-end, and unsupervised categories. 

Zhou et al., 2020) Authors examined each algorithm's challenges, approaches, benefits, and downsides. 

Speed, precision, .and-time.utilisation determine algorithm effectiveness. 

H. Chen, L. Wang and G. Liu (H. 
The stereo matching algorithm, widely described as a binocular algorithm was discussed 

4 2020 in this review for binocular stereo vision. In terms of their features, the global matching 
Chen et al., 2020) 

algorithm, and the local matching algorithm were the two methods that were addressed. 



N 
0 

5 

6 

7 

8 

2021 

2021 

2022 

2022 

Lin Cao and Weiwei Yu (Lin Cao 

and Weiwei Yu, 2021) 

This work examined binocular stereo vision before describing stereo matching. Then it 

discussed stereo matching's history and research significance. Finally, recent passive 

stereo matching algorithm research and challenges were summarised. 

The author investigated learning-based feature recognition, description, and end-to-end 

Guobiao Yao, Alper Yilmaz , F ei picture matching. The author provided a stage-by-stage inspection and deconstruction of 

Meng, and Li Zhang (Yao et al., the latest representative study. By using the author's extensive experiment results on 

2021) 

Mingyu Jang, Hyunse Yoon, 

Seongmin Lee, Jiwoo Kang, and 

Sanghoon Lee (Jang et al., 2022) 

Ali N. Yousif., Hassan M. Ibrahim, 
Safaa J. Alwan, and Mohammed 
Sh. Majid (Yousif et al., 2022) 

actual wide-baseline stereo images, researchers analysed and compared numerous deep-
1 

learning methods. 

This work examined the active stereo method and pattern texture. Experiments with 

pattern intensity, contrast, number of pattern dots, and global gain were performed to 

evaluate the active stereo matching method. The discovery contributed to building active 

stereo systems. 
~ 

This study examined stereo matching algorithms, systems, and image processing. These 

systems and methods·could be easily integrated with multiple applications to overcome 

stereo vision problems like low accuracy, mismatched algorithms, and correspondence 

concerns. Various~authors used different types of frameworks aimed to solve problems in 

this review. 

~ 
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Computation of matching cost. The process of determining whether the values of two 

pixels correspond to the same point in a scene is known as matching cost computation, which 

obtains the cost value. Wang et al. (2015) proposed an essential matching cost absolute 

difference (AD) cost initialisation for the high-quality real-time system which was based on 

pixel matching. An enhanced AD of Sum of Absolute Differences (SAD) was used by 

Mannan Monda! et al. (2017) to calculate each pixel matching and is presented in equation 

(2.4): 

SAD(p,d) = L IIr(P) - lt(P - d)I, (2.4) 

Despite being sensitive to radiometric differences, TAD has proven to be an 

excellent method in the presence of multilayer color image and in the region of flexible 

aggregation (Ma et al., 2016). Another familiar pixel matching cost computation is NCC, 

applied by Yousif et al. (2022) and as expressed in equation (2.5): 

(2.5) NCC( d) = Lpew lr(p).lt(p-d) 
p, I -, 

._JLpew l~(p).l:pew I~(p-d) 
----

Zhu and Yan (2017) adopted a block-based matching using an improvement of 

Census Transform consisting oflocal texture metric used to calculate the initial cost as given 

in equation (2.6) and (2. 7): 

CT(p, d) = Lpew Hamming( Census1 (p) - Censusr(P - d) ), (2.6) 

Census(x,y) = Bitstring(i,j)ew(I(i,j);;::: I(p)), (2.7) 

L. Li et al. (2018) introduced a new matching framework based on feature matching 

using Patch Match-based superpixel slice and image 3D labels. Zhao et al. (2019) proposed 

an algorithm with combination of feature matching and pyramid network to allow both direct 

and indirect based pose optimisation for achieving coarse-to-fine calculation and getting 

more accurate results .. A more advanced algorithms used CNN-based matching cost 

function, which exploited block and feature matching employed by Mozerov and Van De 
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Weijer (2019). Wei et al. (2021) incorporated improved block Census transform and adaptive 

weighted pixel bidirectional gradient information to estimate initial matching cost and to 

increase cost calculation accuracy. The brief characteristics of each respective method are 

presented in Table 2.2. This table shows the simple computation for matching cost for pixel 

and block matching; however, this type of matching cost produced low disparity accuracy. 

The feature matching offered acceptable disparity accuracy, but focusing only on certain 

features, such as edges and boundaries, resulted in hidden details and was interrupted by 

noise at similar characteristics. The implementation of multi-cost matching will increase the 

robustness of the initial matching cost calculation and compensate for weaknesses in 

matching singularity; however, the computational complexity and execution time will 

increase. 

Cost Aggregation. Traditionally, a square-shaped fixed-size window was utilised at 

this stage due to low computational costs and simple to implement (Matsuo et al., 2015). Ma 

et al. (2017) performed cost aggregation using a cross-scale technique by incorporating 

weighted least square with intrascale of smoothness constraint with slanted surfaces and 

discontinuities (Yibo Li et al., 20L8). Various approaches have been applied, such as 

shiftable window by Zeglazi et al. (2018) and support window by Qi and Liu (2022). The 

shiftable window function are expressed in equation (2.8) and (2.9): 

Tr (x, y, d) = min_rsm<r ( A~quare (x + m, V, d) ), (2.8) 

A~hiftable (x, y, d) = min_rsn<r(Tr (x, y + n, d) ), (2.9) 

While a support window function based on the optimal window from a set of 

windows of various shapes or sizes at each pixel point is defined in equation (2.10): 

A~daptive-avg(x, y, d) = ~ L~=l A~hiftable (x, y, d), (2.10) 
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N 
w 

Method 

Pixel 

matching 

(Mannan 

Monda! et 

al., 2017) 

Block 

matching 

(Zhu and 

Yan, 2017) 

Table 2.2: Characteristics of Matching Cost Computation Methods 

Description I Advantages 

The method is performed by comparing one to one • Simpler computation. 

pixel between left image pixel and right image • Fast execution runtime. 

pixel. The difference is aggregated i~ luminance. 1 • 

Example: Absolute differences and square 

differences. -==;, -
~ 
m 
:7:: 

\~I 
( 

Only the corresponding single 

pixel is involved between the 

left and right images, 

II respectivt.jY· 

The process involves the aggregation of pixels over I ·- The _window size affects 

a small region. Those collectives of pixels are often 

referred to as "blocks" or "windows." The matching 1 • 

is determined based on the magnitude differences 

between the windows of the left and right images. 

Example: SAD, SSD, NCC, Census Transform 

(CT), and Gradient Magnitude (GM). 

computation t ime. 

The correct w indow size 

selection is crucial to the 

accuracy of the disparity map. 

This process is performed using feature-based 1 • 

techniques. This approach attempts to establish 
matching (L. I 

correspondence only for similar feature points that 

Feature 
Focus entirely on the image's 

features (such as object 

boundaries, edges, and 

comers). 
Li et al., 

can be unambiguously matched such as visual 

Disadvantages 

• Repetitive patterns and low 

texture regions are noise 

sensitive. 

• 
• 

Contribute radiometric errors. 

Sensitive to change in 

illumination. 

• The edge of an object will 

become wider or blurrier 

because of poor window 

selection. 

• Depth discontinuity could be 

caused by improper window 

selection. 

• Obtain a disparity map that 

includes a "sparse" feature. 

• Not entirely reliable 



N I .j::. 

2018), (Zhao I features, statistical characteristics, and I • Fast execution runtime with 

et al., 2019) I transformation features. Example: Scale Invariant optimal accuracy. 

Multiple 

cost 

matching 

(Mozerov 

and Van De 

Weijer, 

2019), (Wei 

et al., 2021) 

Feature Transform (SIFT), Speeded Up Robust 1 

Features (SURF), and Histogram of Gradients ~\ Tf:.K,,1 

(HOG). < {-= ~~r ---.:t~< 
~ 

m i 

,~ ~i :~-
~ 

~ ~~~~~m A 
~ 

This process is performed by combining multiple • Compensate weakness in 

cost functions during matching cost computation. 1 matching singularity. 

The reason is to compensate for their respective • Reduce errors in most regions, 

limitations. This process also can include other especially those containing 

functions such as pyramid network, iterative,. and repeated color and shapes. 

multi-scale method to smooth the cost volume and • Increase the robustness of 

remove noises as a coarse representation. Example: \. initial matching cost 

CT + TAD, TAD+ GM, Gradient-based Census calculation. 

Transform, and CNN. 
l> I ."-f>. IL____~ I 

~I ~- ~~'J 

• Certain details in one image 

le 

le 

might be hidden in the other. 

Noise could interrupt the 

similarity between two 

characteristics. 

Poor performance in low 

texture regions and sensitive to 

occlusion 

• Complex computational 

• Increase execution runtime 



A better solution is to implement Adaptive Support Weight (ASW) by adjusting each 

point's cost weight, such as similarity and proximity between adjacent pixels and target 

points in a fixed size window by Liu et al. (2019), as presented in equation (2.11) and (2.12): 

rrc d) = Lfu=-r(w(x,y,m,O).C(x+m,y,d)) 
X, y, ~r ( ) , L.om=- r=w x,y,m,O 

N . (x d) = Lhi=-r(w(x,y,m,O,n).Tr(x,y+n,d)) 
weight 'y, .Lfu=-r=w(x.y,m,O.n) ' 

(2.11) 

(2.12) 

Y. Zhang et al. (2018) combined ASW with CNN to end network as cost aggregation 

to get more support for thin structures. Huo and Luo (2019) adopted a combination of a 

minimum spanning tree based on support region and joining object flow in cost aggregation 

rather than using fixed-sized windows. Liu et al. (2020) also produced an improvement in 

disparity accuracy for a large area of textureless regions by implementing an Adaptive 

Guided Filter (AGF) over the support region. An enhanced Minimum Spanning Tree (MST) 

called 3DMST-CM was proposed by Xiao et al. (2020) handling cases based on image pixel 

ambiguity to achieve a high-level accuracy in tlie disparity map. Additionally, the latest 

usage of the encoder-decoder network framework in deep Leaming by Y. Zhang et al. (2020) 

included multiple outputs and calculation loss. Numerous methods exist and the most 

popular is the averaging of matching cost in a local window based on the filter type 

aggregation. A quiet popular approach is using the Guided Filter (GF) developed by He et 

al. (2013) and employed with the adaptive support weight (ASW) by Liu et al. (2020), and 

Yuan et al. (2021). Although a well-developed method, there are still issues with gradient 

reversal artifacts, generating halo artifacts at sharp edges and susceptible to the lack of 

texture. Hence, W.J. Yang et al. (2019) and Hamzah et al. (2020) employed a slightly 

different technique using the Bilateral Filter (BF) in the cost aggregation. 

25 



Table 2.3: Characteristics of Cost Aggregation Methods 

Method I Description Advantages Disadvantages 

A square-shaped fixed-size window. • Low computational • Low accuracy. 

~,.. q ~ complexity. • Poor performance on low 
. . < t-- l.t • Fast execution runtime. texture regions and 

Fixed wmdow I ~ • ~ ~ 
1

_ boundaries. 

(Matsuo et al., £!? 
1 

• ~ i~i1~[ /; • ~ensi~ive. to noi~e ~specially 
2015) ::::i \ _ 

1 
/.A 1llummat1on vanat1on. 

rrl j I _/.~~ • Does not yield reliable 
" Cr.-= I v'j,-d disparity estimates for an the 

If\ . l p1xe s. 

N A coarse-to-fine multi-window algorithm can ht'., e Eliminating the blurring of • High computational cost. 
°" I I implemented by forming multiple smaller (_ boundaries. • Need to address the number 

windows _ . \ "• - Perform well in low texture of windows and the criteria 'f! \ \ ~ regions. for selecting reliable 
Multiple window ~ \ ~ ~ ~ ~ · Focuses on the dissimilarity disparities. 

(Qi and Liu, 2022) U) ~1~ ( ( calculation • Poor performance in depth 

:i> \ 
1
\ ....J~ . discontinuity reshaped 

:l: ~ ~ I window models may be 
m \ ::: ~ inappropriate for depth 
~ ,,'f • L .....___ discontinuities regions. 

/ 



N 
.....:i 

Adaptive window 

(Zeglazi et al., 

2018) 

Adaptive support 

weight (Liu et al., 

2019), (Y. Zhang 

et al., 2018) 

Filter aggregation 

(Liu et al., 2020) 

Adaptive window construction method which can 1 • 

alter the window's shape and size adaptively 

based on threshold of features or disparity 1 • 

variation. 
c 
z 
< 

~,.. 
~ 
t 

• 

Changing the cost weight of each point according 1 • 

to factors like the similarity and closeness of 

target points and adjacent pixels in a fixed-size 

window. 
~ 

Cost aggregation based on filter function. 

computes a weighted local of the cost volume. 

)> 

);: \I 

-< ' 
~ ~~~ 
~ •t 
~ ~. 

Cross-scale (Ma et A cross-scale technique by incorporating several 1 • 

al., 20 l ?), (Yibo different functions in the left and right 
aggregation. Stereo correspondence search across 

multi-scales and aggregated costs across multi-Li et al., 2018) 

Perform well in-depth 
discontinuity regions. 

Fast execution runtime. 

The degree of disparity 

varies smoothly in each 

region 

Perform well in low texture 

regions, object boundaries, 

or depth discontinuities. 

• Final output depended on the 
choice of the initial disparity 

estimation. 

• Perform poor in occluded 
regions. 

• Difficult when dealing with 
highly textured images. 

• Computational complexity 
directly depends on the size 

of the support windows. 

Moderate computation 1 • Perform poorly at the edge if 
poor selection of filter. 

Execution runtime depends 
on kernel size. 

Fast execution runtime 

Focus on surface smoothness 1 • 

easily overlaps object 

boundaries and depth 1 • 

discontinuities. 

Smooth the matching cost 

while preserving the 
disparity boundaries 

efficiently. 

Cannot perform well for low 

texture regions especially 

large textureless regions. 

Robust cost volume and • High computational cost. 

accurate disparity map. • High execution runtime. 



N 
00 

Segment tree (Huo 

and Luo, 2019), 

(Xiao et al., 2020) 

Deep learning (Y. 

Zhang et al., 2020) 

scales. builds the cost volume in the scale space 1 • 

and makes sure the consistency across multi-
Focus on smoothness 
constraint on neighborhood 

scales. I cost. 

Cost aggregation based on tree structure of • Preserve depth edges with 
reference color or intensity image. Graph ~ high efficiency. 

connectivity is determined with local edge • Better handle low texture 

weights. ::0 ~~ ;::i regions 
en \ · • Smooth out high-contrast 

3 \ _ ~ I 1] I I ?1t~ils while preserving 
-I 1 I maJor edges. 

~ ( r, = ! ~ Low complexity 

Ii\. • Fast execution runtime 

A hierarchical learning network of multiple 
layers involves aggregating the cost volume. 

m \ 
~ ~· 
~ \!. 

• High accuracy 

Powerful representation 
ability. 

Perform well on low texture 
and boundaries. 

• 

• 

• 

• 
• 
• 
• 

• 

Suffer from edge blurring 

effect. 

Assumes that disparity 

smoothes at every point. 

Poor performance in highly 

textured regions. 

High computational burden . 

Limited receptive field . 

Lack of context information. 

Still more or less uses 

postprocessing functions. 

Speed and memory usage 

problem. 



Table 2.3 summarises the characteristics of each cost aggregation method. Based on 

this table, deep learning, cross-scale, and ASW methods produce the highest disparity map 

accuracy, but the trade-off is the high computational complexity, which requires an extra 

processing upgrade. The simplest and fastest execution for cost aggregation methods is the 

fixed window; however, this method produces poor performance in disparity accuracy and 

is sensitive to noise. The methods that moderate disparity map accuracy and execution 

runtime are the filter and segment-tree aggregations. 

Disparity Optimisation. This is a fundamental disparity optimisation utilising the 

Winner-Takes-All (WTA) strategy by Zhu and Dai (2017) and as given in equation (2.13): 

p..lA'rS1 
(2.13) 

The final disparity value of that particular pixel point is selected from the disparity 

range with the minimum cost value after the cost aggregation. Chang, Lu and Yang (2017) 

adopted a cross-based window voting in WT A called Range-WT A to estimate the disparity 

and to fill the white holes. In contrast, global optimisation commonly produces higher 

accuracy of disparity maps compared to local methods at a computational cost disadvantage. 

Yao et al. (2019) applied adaptive smoothness components by incorporating the energy 

function using a model that considered all four images traversal directions and the correlation 

between neighbouring pixels. Meanwhile, Hallek et al. (2022) introduced a global approach 

to WT A optimisation with dynamic programming. 

Based on data from the matching cost and the smoothness energy, which is stated in 

equation (2.14), this global technique resulted in fewer errors caused by textureless, 

occlusion, and discontinuity regions. 

E(d) = Edata(d) + Esmooth(d), (2.14) 

Ni et al. (2018) implemented a second-order smoothness constraint based on angle 

direction with matching cost and smoothness constraint for semi-global optimisation to 
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increase the matching accuracy in the weak-textured regions. Yao and Feng, (2021) utilised 

semiglobal optimisation disparity maps for 8 directions to complement one-dimensional 

scanline optimisation for semi-global matching. 

Disparity Refinement. Post-processing in the stereo matching framework is called 

disparity refinement to remove any outliers, uncertainties, and noise from the map for the 

disparity to achieve a greater accuracy level. Chang et al. (2017) proposed a technique using 

the cross-voting of image-based to improve the occlusion. The remaining noises and outliers 

only can be detected by performing an occlusion constraint by Zhang et al. (2018), a left­

right consistency checking by Huo and Luo (2019), a bi-modality and a match goodness 

jumps. Additionally, a median filtering also can be applied for an unflawed depth 

measurement cost using the triple image approach to identify textureless regions and false 

matches. One of the most widely used image filters, the Bilateral Filter (BF), which preserves 

and provides a smooth the ooject boundaries were applied by Jia et al. (2020). The BF 

equation is given in equation (2.15): 

B(p, q) = exp ( _ IP:;'2) exp ( - ld(p)::(q)IZ), (2.15) 

Various approaches have been proposed in the disparity refinement, such as the 

probabilistic approach by Jia ct al. (2016), the Order-Based and the segment-tree structure. 

Li et al. (2019) introduced a coarse-to-fine (CTF) image segmentation, including labelling 

and histogram to correct the occlusion and error pixels. 

2.3 Stereo Matching Methods 

Despite the challenges, there have been various development on algorithms for SMA 

contributed by researchers in recent years. The algorithms can basically be classified into 

three main methods: local, global and semiglobal. Nonetheless, this thesis applies the stereo 
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matching algorithm four-stages framework from Scharstein and Szelisk:i (2002) with 

additional use of the three main methods for machine learning. 

Local Method. This method, which typically yields fast and high-quality results, 

allocates disparities of the map based on the information produced by the neighboring pixels. 

Both Lee et al. (2013) and Jafari Malekabadi et al. (2019) developed a variant of this popular 

algorithm which achieved high speed and reasonable quality. For the purpose of addressing 

the issue of window size dependence and computational complexity, the recursive edge­

aware filters (REAF) introduced by Cigla (2015) provided an in-depth examination and 

categorised the recursion according to their characteristics. Historically, Aboali et al. (2017) 

was among the first to develop the box filtering for stereo block matching that was aimed to 

replace each image's pixel respectively to the average inbox size. In addition, Chang and 

Maruyama (2018) introduced a multi-block matching (MBM) technique based on 

normalised cross-correlation (NCC), which was generated using a 3 x 3 window centred on 

the pixel and adding the NCCs in blocks of varying sizes and shapes centred on the target 

pixel. Meanwhile, Chang and Ho (2019) proposed a practical algorithm for producing 

disparity using combination pixel-wise and block-wise matching. F 

This method includes gradient magnitude and optical flow pioneered by Zhang et al. 

(2018) to investigate the application of minimal spanning tree based on support region and 

joining object flow in cost aggregation instead of fixed-size windows approach that 

leveraged on temporal information from consecutive frames similar to motion flow. 

Furthermore, Li et al. (2018) introduced another method called the Patch Match algorithm 

that incorporated strategy using efficient random search and additional coarse-to-fine 

scheme for dense stereo correspondence. Similar work were pursued by Lim and Lee (2019) 

using Patch Match technique for randomised-based search with an efficient image filtering 

for the correspondence's edge awareness. To achieve an effective weighted aggregation 
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calculation, Kong et al. (2021) offered an orthogonal weight based approach on the structural 

feature of the ACR and filters using ACR-GIF with orthogonal weights (ACR-GIF-OW). 

Conceptually, a similar work was carried out by Zhan et al. (2016) by combining raw 

stereo images and double gradient model to acquire two directional gradients. Other 

techniques applied the similar concepts which comprised of stereo images segmentation to 

compute the adaptive support window corresponding to the range of the respective 

segmentation region (Shi et al., 2016). More recent work in this area was from Zhou et al. 

(2019) which extended the local method by applying colour segmentation and calculate the 

colour's matching cost by fusing weighted absolute difference and gradient. Furthermore, 

Liu et al. (2021) proposed an enhanced AD-Census algorithm based on gradient fusion and 

two-phase adaptive optimisation. In this study, an adaptive nonlinear constraint of the 

intensity difference between pixels was employed during the cross-arm creation phase to 

obtain the ideal arm length. ~~~~ 

The preceding studies by Vieira et al. (2018) and Zeglazi et al. (2018) addressed these 

local methods through the support window approach. The algorithm was developed using 

the ASW approach, by integrating both disparity continuity constraint and segmentation 

information. Later, Wu et al. (2019) extended the method using a generic fusing ASW 

framework to determine the dual support windows for each pixel to specify the local window 

and the entire window. Another method described in Peng et al. (2018) utilised a 

combination of per-column cost matrix with a feature-vector-based weighting strategy to 

accomplish the efficiency in both computational and matching accuracy. A novel similarity 

measure known as characteristic correspondence measure was explored by Han at al. (2019), 

which used ridge regression of guided filter to extend multiple linear regression. Moreover, 

Navarro and Buades (2019) applied the adaptive support weights approach to implement a 

local method, with the weight distribution preferring pixels that shared the same 
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displacement as the reference pixel. More current methods apply the weight function which 

is solely dependent on image attributes. For instance, Zhang et al. (2020) used weighting 

process based on the gravity theory which identified the weighting coefficient for cost based 

on the gravitational model. 

Another type of local method is the feature-based matching algorithm that can be 

categorized into two forms: segmentation and hierarchical. ELAS (Efficient Large-scale 

Stereo), a generative probabilistic model introduced by Geiger, Roser and Urtasun (2011) 

for stereo matching, enables dense matching with small aggregation windows by minimising 

the correspondence ambiguities. Jung et al. (2015) introduced boundary-preserving stereo 

matching using adaptive disparity classification and particular region detection for a 

hierarchical form of matching. In contrast, Jellal et al. (2017) proposed an upgraded of a line 

segment extending to the efficient large scale stereo matching algorithm. In the work of Hu 

et al. (201 8), the segmentation form were addressed using the parallax plane and Delaunay 

triangulation algorithm to divide the whole image into a series of linked triangular facets. 

Furthermore, Fu et al. (2019) proposed a method that was more stable and robust using the 

cost function and feature extraction based on Spearman Rank (SR) correlation suitable for 

image matching under different photographing condition. 

Global Method. Despite the local method's success, some drawbacks to this 

technique also exist due to the sensitivity to occlusions and uniform texture. Men et al. (2015) 

also concurred that this method could increase the risk of local errors being produced along 

a scan line which could also affect the suitable matches. However, using global methods as 

opposed to local methods often yields more accurate results. Unfortunately, the main 

difficulty with this approach is the increased in computational complexity. Zhou et al. (2016) 

described one of global approach to solve the mismatching of disparity in depth­

discontinuous regions. Nevertheless, the utmost popular global methodology is the Dynamic 
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Programming (DP), proposed by Zhou et al. (2016), Bhalerao at al. (2017), Jeong and Jay 

Kuo (20 J 9) and Zhu et al. (2019) to categorise the optimisation constraints into reduced and 

simpler sub-problems. Xiao et al. (2020) and Xu et al. (2020) performed a comparison of 

different methods and asserted that a cost-aggregation method can be integrated with 

minimum spanning tree and 3D label search instead of using fixed-size patches as the 

aggregation. 

Applying the Graph Cut Programming (GCP) method was observed to produce 

optimal segmentation solution globally. Kim et al. (2015) proposed a progressive unit of 

Ground Control Surfaces (GCS) and the Probabilistic Laplacian Surface Propagation (PLSP) 

framework to improve the constraints of advanced conventional and superpixel-based 

approach. This method enhances the efficiency and accuracy of disparity values for stereo 

matching and joint object segmentation (Xu et al., 20 I 5). Wang and Liu (2015) and Taniai 

et al. (2018) proposed an alternative method, Belief Propagation (BP) from, which provides 

a belief aggregation in the SMA. Wang and Liu (2015) also introduced a technique that uses 

Initial-Value Belief Propagation (IVBP) paired with a Self-Adapting Dissimilarity Data 

Term (SDDT) to reduce iterations and to increase energy and smoothness terms that ignore 

the data term. The BP algorithm shows several limitations including textureless regions, 

ambiguous edges, and slow speed of convergence. For top-down cues, Hadfield et al. (20 I 7) 

presented a unified framework, which reduces baseline issues with bottom-up 

reconstruction. The framework offers clues for identifying surface normal, collinear edge or 

coplanar structures like walls, and semantic edges (such as concave, convex, and occlusion 

borders). Pan, Liu and Huang (2019) developed a stereo matching algorithm that is robust 

due to the extraction refinement feature using a smoothed BP for belief volume, a stack auto­

encoder, and a guided filter to BP performance on edge regions. 
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Another type of global method is Nonlinear Diffusion (ND) that focuses on 

difficulties contributed from foreshortening and occlusion. In order to solve the energy­

minimisation problem for the fully connected model, Mozerov and Van De Weijer (2015) 

used a two-step approach based on two Markov Random Field (MRF) models: 1) a 

completely connected model defined on all of the pixels in an image, and 2) a locally 

connected model. Li et al. (2016) presented a unified MRF model coordinating method and 

a 3D surface to generate multiple disparity proposals and mediate multiple disparities. The 

relative disparity proposals reflect the 3D structures, whereas the absolute disparity 

proposals are accurate point-wise predictions. Moreover, Geng and Luo (2017) proposed a 

different type of stereo matching algorithm based on multiple neighbors' nonlinear diffusion 

of costs aggregation to improve the global costs function. In addition to the above explained 

global approaches, many alternative solutions have been developed such as Simulated 

Annealing (SA) and Wavelet Transform (WT). Yao et al. (2018) advanced an adaptive 

meshing technique using several modifications such as the addition of sparse stereo 

correspondence and view synthesis, the application of the module of block-saliency design, 

the fine-grained optimisation and the novel parallelisation strategies. 

Semi-Global Methods. This is a slightly different approach which is quite prevalent 

that incorporated both local and global optimisation. Since Hirschmilller et al. (2008) 

developed the first SGM model , many other algorithms or frameworks have been proposed 

such as from Bethmann and Luhmann (2015), Chang et al. (2017), Yin et al. (2017) and Yue 

et al. (2018). Hirschmiiller et al. was able to quickly approximate radiometric differences, 

using a pixelwise, mutual information (ML) based matching cost, supported by a 

SGM smoothness requirement that is often stated as a global cost function. Similarly, 

Bethmann and Luhmann (2015) suggested a modified SGM approach in which a path-wise 

minimisation is allocated to object space and a semi-global optimisation guides to the index 

35 



maps instead of the disparity maps that successively indicate 3D coordinates of best matches. 

Another algorithm developed by Kordelas et al. (2016) exploited the weighted semi-global 

optimisation that aims to enhance the accuracy of the disparity estimation. Hamzah and 

Ibrahim (2018) proposed using 16 different directions of a 2D path to minimise the errors 

and increases the disparity map accuracy level. In addition, Lee et al. (2018) introduced a 

combination of a Gaussian Mixture Model (GMM) function with SGM. 

Scharstein et al. (2018) evaluated the SGM approach for coarser resolution plane 

orientation priors produced via stereo matching to improve the performance for challenging 

weakly textured scenes. However, Loghman et al. (2018) proposed a more efficient 

implementation on semi-global matching using adaptive stripe-based optimisation and fast 

depth estimation. Recent work by Schonberger et al. (2018) extended the method by applying 

a learning-based approach called SGM Forest algorithm to handle the combination costs of 

optimising various ID scanlines, which could undermine disparity accuracy under 

challenging circumstances using per-pixel classification. Jafari Malekabadi et al. (2019) 

compared the various SGM algorithms avai lable for geometric tree characteristics used to 

predict water consumption~ biomass, yield and fertilizer application in citrus crops. An 

improvement over SGM method was developed by Zhu et al. (2019) by aggregating one­

dimensional dynamic programming and extending to the multi-scan line optimisation. Most 

recently, Rathnayaka and Park (2020) employed dense stereo matching algorithm method 

for a pool of multi-baseline stereo images called Iterative Guided-Gaussian Multi-Baseline 

(IGG-MSB) stereo matching. 

Machine Learning. Currently, stereo matching algorithms have become an exciting 

topic in Machine Learning (ML) field with the deployment of several Artificial Intelligence 

(AI) and Deep Learning (DL) as reviewed by Zhou et al. (2020) and Hamid et al. (2020). 

Zbontar and Lecun (2016) introduced a supervised network training method by constructing 

36 



a binary classification data set with samples of similar and dissimilar pairs of patches used 

to obtain depth information from a rectified image pairing under supervised learning 

category. The combination of multiple matching functions and confidence estimations in 

both matching directions resulted in the method by Batsos et al. (2018) describing the 

calculation for the stereo matching volume. In order to address colorisation and depth super 

resolution issues, Bapat and Frahm (2019) proposed an universal optimisation framework 

called Domain Transform Solver that directly operates in the pixel space while maintaining 

distances in the combined colour and pixel space. Another method was proposed by Nguyen 

and Ahn (2020), which is an evolutionary algorithm for parameter selection framework for 

stereo correspondence and trained in a supervised manner. 

Reinforcement Learning (RL) also belongs in the ML category. Yang et al. (2017) 

introduced a technique using matching cost of Euclidean learning to include a CNN with a 

triple-based loss function. Ye, Li, et al (2017) employed a method using two patch-based 

network architectures in matching cost computation that manipulate multi-layer and multi­

size pooling unit with no strides to learn cross-scale feature representations. In order to 

estimate an accurate starting disparity, Lu et al. (2018a) presented a multi-dimension 

aggregation sub-network with 2D and 3D convolution operations. This network is able to 

provide rich context and semantic information. Zhang and Wah (2018) proposed using two 

vital philosophies based on the distinctiveness of features and consistency. Moreover, 

Mahato et al. (2019) developed an algorithm for dense stereo matching approach using 

Genetic Algorithms (GAs) in addition to multi-objective fitness function-based. Recently, 

the most popular method in ML for stereo matching applications is the Deep Learning 

method, which is divided into three groups: Non-End-to-End, End-to-End and Unsupervised 

Learning. Du et al. (2019) and Xu and Zhang (2020) studied the Non-End-to-End approach 

of the CNN, which aims to swap one or more steps in the traditional stereo framework. 
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The End-to-End disparity map algorithm networks aims to incorporate all stages in 

the stereo matching framework under joint optimisation. Wang et al. (2016) examined a 

deep conditional random field based stereo matching algorithm that extracts information and 

a connection between CNN and CRF. Huang et al. (2017) pioneered the research on 

conditional adversarial networks to a stereo matching method that performs a conditional 

adversarial training process on two networks. A discriminator recognises if the disparity map 

is from the generator or ground truth, and an RGB generator gathers RGB images mapping 

to a dense disparity map. Later, Knobelreiter et al. (2017) proposed a hybrid CNN+CRF 

model for stereo that uses CNNs to compute good unary and pairwise costs and the CRF to 

effectively integrate long-range interactions with efficient training. Likewise, Zhang et al. 

(2018) obtained an accurate dense disparity maps from stereo images directly using modified 

joint optimisation. 

Several unsupervised learning methods have been employed with the view synthesis 

and spatial transformation over the past few years. Kim et al. (2019) introduced a deep model 

which measures stereo correspondence confidence consisting of a pooling module and a 

residual networking cost and a deep, unified network. The recent study developed by Hong 

and Ahn (2020) in Single-View Videos (SMV) applied an unsupervised method to build a 

deep learning-based of the algorithm for more accurate depth estimation. Zeng and Tian 

(2022) developed stereo matching strategies by improving network structure, inspired by 

network compression, decomposition, and sparsification. The networks are sparsified and 

fragmented into smaller networks, which are cascaded to attain a bigger network's 

performance. Although the ML method provides a mixed result between moderate and high 

accuracy, it involves high computational complexity and run time due to too many functions 

and subsequent processing in the algorithm, which require high processing capability 

unsuitable to be used in real-time applications. 
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Based on the discussed stereo matching methods above, it can be summarised that 

although the local methods provide fast execution, simple computation, and are suitable for 

real-time application compared with global, semiglobal, and ML, this method only offers 

low to moderate disparity accuracy, which will be the focus of this work. The local method 

is also sensitive to noise, especially at illumination variations, low textures, and boundaries. 

This is challenging to determine accurate correspondence between pixels that lie around the 

boundaries due to different illumination conditions, based on work by Kok and Rajendran 

(2019) and Zhou et al. (2019). The intensity level between these corresponding points is 

assumed to be identical to each other, especially in the untextured regions. It is difficult to 

establish accurate correspondences between pixels, especially at the boundaries, due to 

various lighting conditions and other factors, so it requires the derivation of more complex 

cost functions at the matching cost for this problem. 

Then, the local method is usually based on support window or pixel-based intensity, 

such as work by Lee et al. (2013), Jafari Malekabadi et al. (201 9), and Chang and Ho (2019) 

at the matching cost computation, which contributed to the comparison between the central 

pixel and neighbour:ing pixels that may cause problems at incorrect disparities. These types 

of approaches are sensitive to noise and contribute to inappropriate or wrong window size 

selections, which produce inaccurate object disparities at the edges and low texture 

boundaries. Next, the local method also has poor performance in low-texture regions at the 

cost aggregation stage due to the cost volume producing almost identical matching costs. 

This problem of similar matching costs at low texture cannot be solved efficiently with 

increasing window aggregation size or the implementation of global optimisation, which 

require an increase in computational complexity. The usage of edge-preserving filters such 

as iGF by Hamzah et al. (2017), Haibin Li et al. (2019), and HGF by Zhu and Chang (2019) 

produces good accuracy in the discontinuity regions but high error in the plain colour regions. 
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While the work of Xue et al. (2019) applied the multi-frame and edge matching 

technique, they were not able to precisely determine the low texture regions but achieved a 

smooth and sharp edge disparity map. Based on this problem, this work also focuses on the 

derivation of new SMA that have robust window matching cost computation, window filter 

cost aggregation, and refinement to solve the accuracy issue in low texture, edges, and 

discontinuity regions. 

2.4 Stereo correspondence constraints and recent development 

The primary constraint in the stereo vision systems is the calculation of stereo 

matching algorithm known as the stereo correspondence. The constraints are focused on the 

spatial displacement determination between two corresponding pixels in the stereo image 

pair. The local method allocates the map's disparities based on the information produced by 

the neighboring pixels to deliver a generally fast and good quality result. However, despite 

the local method 's success, limitations to this method include sensitivity to occlusions and 

uniform texture. Alternatively, the global approach utilises non-local limitations which are 

more accurate than the local method, but this strategy requires intensive computation. 

Therefore, this section summarises the significant stereo correspondence constraints and the 

different algorithms developed to address the constraints. 

(a) Left image (b) Right image 

Figure 2.3: Radiometric Differences 
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Radiometric Differences. As shown in Figure 2.3, one of the common challenges in 

stereo correspondences is the inconsistency in two points of stereo images that need to match 

due to the different intensity and colour depending on the perspective of the images. Possible 

reasons for this include camera sensor characteristics or image noise, vignetting and slightly 

different settings (Lee et al., 2013). Another challenge is from the non-Lambertian surfaces 

of the reflected light from the camera's different viewing angle. Zhan et al. (2016) carried 

out a study to improve the differences by combining the raw stereo images and using double 

gradient model based on the gradient operator to acquire two-directional gradients. Han et 

al. (2019) employed ridge regression of guided filter and extended stereo matching 

framework of multiple linear regression to improve the image halo and noise in the edge 

area for local guided image filtering. < 

To improve matching accuracy and to lessen the impact of fattening, Chang and 

Maruyama (2018) introduced the Multi-Block Matching (MBM) algorithm employing NCC. 

It is quite challenging to determine an accurate stereo correspondence with stereo image 

pair's viewpoint that consists of exposure to poor conditions and illumination variations 

(Chang and Ho, 2019). The weight distribution in the adaptive support weigh ts method used 

by Navarro and Buades (2019) favours pixels with the same displacement as the reference 

pixel. This method significantly lowers errors caused by match ambiguities, reduces the 

fattening effect, and is resistant to additive illumination. Several researchers found that a 

matching cost computation using an adaptive pixel-wise with a block-wise technique that 

incorporated illumination conditions achieved good results in radiometric differences based 

on the Middlebury dataset. Census Transform (CT) is another technique which can be used 

due to the brightness or intensity comparison between central pixel with neighbouring pixels ' 

values within a support window and is sensitive to noise (Ji et al., 2020). Kong et al. (2021) 
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proposed a much more robust approach when illumination or exposure changes for a pair of 

images using multi-cost matching cost and ACR-GJF-OW filtering. 

The first model in SGM was developed by Hirschmtiller et al. (2008) and since then, 

many other SOM algorithms or frameworks have been proposed, including Chang et al. 

(2017). For example, the Graph Cut Programming (GCP) method implementation minimises 

image noise, illumination source changes, non-Lambertian surfaces, vignetting, and device 

features. Kim et al. (2015) designed a progressive unit of Ground Control Surfaces (GCSs) 

and The Probabilistic Laplacian Surface Propagation (PLSP) framework which concurrently 

improves the constraints of advanced conventional and superpixel based techniques. Another 

research by Li et al. (2019) presented an image fragments type of stereo matching that deals 

with a segment to produce high matching accuracy and better images with illumination. 

Recently, an improvement over SOM method was developed by Zhu et al. (2019) by 

aggregating one-dimensional dynamic programming and extending to the multi-scan line 

optimisation. "'inn~==== 

Zhang and Wah (2018) applied the SMA witli the Reinforcement Leaming (RL) 

such as stereo matching algorithm using two vital philosophies based on the distinctiveness 

of features and consistency to solve radiometric changes, noises, over-exposure and 

textureless regions. Joung et al. (2020) implemented unsupervised CNN with combined 

domain learning and stereo epipolar constraints. The result was promising in radiometric 

differences and low texture regions but the matching in the repetitive areas was very poor. 

The End-to-End algorithm proposed by Song et al. (2020) aimed to incorporate all stages in 

the stereo matching framework under joint optimisation, obtaining directly the dense 

disparity maps from the stereo images invariant to illumination changes. Comparably, Liang 

et al. (2021) employed a ML method using multi-scale feature constancy and multi-level 
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cost volume which was successful to solve illumination variations for indoor scenes under 

controlled lighting conditions. 

Figure 2.4: Low Texture Regions 

Untextured and low texture region. Referring to Figure 2.4, the area that is denoted 

by the letter A contributes to the mismatching process caused by the plain colour and 

tcxtureless surface regions. Thus, this can also occasionally produce a constant luminance in 

large areas. Consequently, it is more difficult and extremely tricky to develop the algorithm 

in the larger low texture regions due to the similarity of pixel intensities. A new technique, 

similar in principle to L u et al. (2017) but using different monocular sensors and a hybrid 

Patch Match and Hash Match algorithm to estimate depth on mobile phones, was proposed 

by Valentin et al. (2018). The approach is more successful in the areas with no texture and 

is more robust to temporal changes. Chang and Maruyama (2018) employed the MBM 

algorithm with NCC which emphasised on improving the low texture regions and 

reducing the computational complexity when executed in real-time system. The matching 

algorithm by Liu et al. (2019) using adaptive support weight with two refinement steps 

achieved better result in low texture regions compare with the algorithm applying 

aggregation scheme called Pervasive Guided Image Filtering (PGIF) by Zhu and Chang 

(20 l 9a). Research by Liu et al. (2021) described an interesting methodology using Two­

Phase Adaptive Optimization of AD-Census and Gradient Fusion. This method performs 
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regt· ons with disparity discontinuity and textureless regions and demonstrates better 

sutlicient robustness for radiometric changes and noise. 

Local ASW methods fail to resolve the matching ambiguity in low texture areas 

because their cost aggregation is limited within the local fixed or the adaptive support 

windows. More recent works in this area were proposed by Wu et al. (2019) and Zhou et al. 

(2019) which extended the methods using a generic fusing Adaptive Support Weight (ASW) 

frdmework to determine dual support windows for each pixel including to specify the local 

"indow and the entire window. 

Bethmann and Luhmann (2015) proposed a modified SGM method known as the 

path-wise minimisation method to assign into object space for the best matches of 3D 

positions. Another algorithm developed by Kordelas et al. (2016) exploited weighted semi­

global optimisation to enhance the disparity estimation accuracy. The algorithm uses pixel­

wise and a second order SGM on slanted plane iterative optimisation. This stereo algorithm 

is accurate when applied near the textured areas but produces bad matching result in the 

occlusion area due to the shortage of neighbouring pixels data (Ni et al.,2018). Xu et al. 

(2020) introduced a matching algorithm based on state measurement system with structure­

driven cost volume fusion and data that contribute to good matching in the untextured 

regions. 

The most widely used global methodology for low texture smoothing is the Dynamic 

Programming (DP) categorising the optimisation constraints into reduced and simpler 

subproblems. However, this method has the possible risk of local mistakes produced along 

a scan line, affecting the suitable matches (Men et al., 2015) and (Zhou, Wu and Zhu, 2016). 

1 luang (2015) introduced an iterative optimisation algorithm, comprising of surface fitting, 

accelerated region BP and bi-cubic B-spline to solve ambiguous edges, textureless regions, 

and slow convergence speed. Further, Wang and Liu (2015) presented an algorithm 
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employing Initial-Value Belief Propagation (IVBP) combined with a Self-Adapting 

Dissimilarity Data Term (SDDT) to reduce the number of iterations and improve the energy 

terms and smoothness terms to ignore the significance of the data term. Taniai et al. (2018) 

proposed an alternative method, the Belief Propagation (BP) method which includes a belief 

aggregation in the algorithm. Nevertheless, Li et al. (2019) succeeded in solving the 

mismatch in high and low texture regions for disparity accuracy with the global SMA using 

fragment matching and tree structure. 

Wang et al. (2016) proposed a deep conditional random field that extracts information 

and a connection between CNN and CRF. The first explored research in conditional 

adversarial networks was by Huang et al. (2017) that accomplished two conditional 

adversarial training processes to improve the high mismatches in textureless regions. Next, 

Ye et al. (2017), Williem and Park (2018) discovered that the disparity values can be 

extensively rectified using oeep learning frameworks to improve the weak texture, 

discontinuities, illumination difference and occlusions. A more recent study by Hong and 

Ahn (2020) in a single-view videos (SMV) use an unsupervised method to build a deep 

learning-based algorithm for a more accurate depth estimation. The result showed excellent 

disparity and mismatching accuracy at the surface of low texture regions and depth 

boundaries. 

Figure 2.5: Repetitive Regions 
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Repetitive region. The areas denoted with B in Figure 2.5 represent the next constraint 

in the stereo matching algorithm. One of the problems that must be considered with the stereo 

matching algorithm is the area that contains periodic and repetitive surface texture. Human­

made objects and space objects will typically consist of repetitive textures. This creates a 

challenge for the algorithm to process the object since wrong matching coordinates 

contribute to mismatching issues since these regions contain many possible intensity values. 

Li et al. (2016) introduced a conceptual study on global method using DP and MRF 

to coordinate several disparity proposals to enhance the repetitive textures and surface 

fragments. Scharstein et al. (2018) also addressed this issue using the SGM and surface 

orientation priors, which operate as soft constraints throughout the matching process and 

only impose a low computation cost. The method illustrates that even a simple surface prior 

able to produce substantial gains in challenging indoor scenes with slanted surfaces and poor 

repetitive texture. The SGM method such as Khan et al. (2018) employed IGCM combined 

explicitly with a colour formation model handled the matching process quite effectively at 

the repetitive region. Furthermore, Wu et al. (2019) applied oriented linear tree structure for 

each pixel to accomplish a non-local cost aggregation technique. The study of Jafari 

Malekabadi et al. (2019) compared available algorithms for the geometric tree characteristics 

employed to forecast citrus crop water consumption, biomass, yield and fertiliser distribution. 

The local method algorithm, such as those produced by Wu et al. (2019), Du and Jia (2019) 

and Kong et al. (2021 ), generally resulted in poor matching outcome at the repetitive regions. 

For supervised learning methods, Zbontar and Lecun (2016) introduced a network 

training performed in a supervised method by creating a set of binary classification data with 

dissimilar and similar patches pair samples that are used for obtaining depth information 

from a rectified image pair. To deal with the repetitive region, Dong et al. (2018) proposed 

a two-fold fusion structure that constructs wide-ranging cost volumes while Liang et al. 
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(2021) employed a CNN network-based algorithm with Multi-scale Feature Constancy and 

Multi-level Cost Volume in a three sub-modules, i.e., shared feature extraction, initial 

disparity estimation, and disparity refinement. . 

For unsupervised learning methods, several approaches have been employed with the 

view synthesis and spatial transformation over the past few years for reliable and unreliable 

pixels in repetitive regions. Kim et al. (2019) introduced a deep model which measures stereo 

correspondence confidence consisting of a pooling module and residual networks in 

matching cost and, a deep, unified network. 

Figure 2.6: Depth discontinuities regions 
• 

Depth discontinuity. The depth discontinuities problem is denoted as C in Figure 2.6. 

Valentin et al. (2018) ano Li et al. (2019) studied the stereo matching algorithm's capability 

to determine the mask's size, including the stereo reference image to localise in the stereo 

target image. Further, Valentin et al. (2018) developed a hybrid Patch Match and Hash Match 

approach to estimate depth on mobile devices, which compromised edge errors but improved 

depth discontinuities. Usually, this will contribute to distortion across the depth boundaries 

and can be more challenging to find valid corresponding points if the size of the regions of 

stereo pair images has a massive difference between them. The support regions near the 

discontinuity consist of attributes from more than one depth. Thus, Xu et al. (2019) 

developed a disparity optimisation technique employing an improvement for a guided filter. 
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l
. and Lee (2019) and Zhang et al. (2019) established the minimum spanning tree and 

,1m 

Patch Match technique while maintaining acceptable radiometric differences level with the 

aim of maintaining continuity at the non-edge and discontinuity at the edge. 

Lin and Liu (2015) and Zeglazi et al. (2018) addressed the discontinuities problem 

through the use of a support window approach. In preserving depth discontinuity, Jung et al. 

(20 t 5) introduced boundary-preserving stereo matching using adaptive disparity 

classification and particular region detection for a hierarchical form of matching. Buades and 

Facciolo (2015) dealt with depth discontinuities and slated surface in the image by 

employing oriented windows technique where the windows assist in determining disparities 

accurately on non-fronto parallel surfaces compared to the application of adaptive support 

windows. In contrast, Jellal et al. (2017) proposed an upgraded line segment extending to 

the efficient large scale stereo matching algorithm. Navarro and Buades (2019) employed 

non-dense local estimation that was filtered and interpolated using a novel variational 

formulation that made use of intermediate scale estimates of the local method. Due to the 

use of estimations at coarser scales, the small details can be approximated at full resolution 

while remaining robust to noise, depth discontinuity, and untextured areas. 

The energy-minimisation problem for the fully connected model was solved by 

Mozerov and Van De Weijer (2015) using a two-step energy-minimisation algorithm with 

two MRFs, which was enhanced in occluded regions and depth discontinuities. Another 

global method to address this issue is described in Zhou et al. (2016) by solving the 

mismatching of disparity in depth-discontinuous regions. However, the researchers proposed 

to use different methods at the cost-aggregation stage which can be integrated with minimum 

spanning tree and 3D label search instead of using fixed-size patches as aggregation. Ye et 

al. (2017) proposed a more advanced algorithm to process the refinement with outliers 

classification into the left most occlusions, treatment of non-border occlusions, and a filling 
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order to prevent surface decision and error propagation. Moreover, Loghman et al. (2018) 

developed a modification on cost aggregation using the cross method in SGM to adaptively 

construct the cross's shape aimed specifically at each pixel. 

Occlusion. In Figure 2.7, the area which is denoted with the letter Dis the occluded 

regions, a standard type of constraint in stereo matching technology. Due to geometric 

displacement, one of the scenes is not visible to both cameras, making the image match 

pattern at the target image less visible compared to the reference image. Consequently, the 

stereo images cannot be matched if both cameras cannot see something. The occlusion 

regions contain unknown objects, shapes or structures that are problematic to estimate, 

producing low accurate disparity values. Zhang et al. (2020) presented a new development 

in local method to improve occlusion and discontinui_cy consisting of weighting process 

based on the gravity theory, which appropriately identifies the cost-based weighting 

Figure 2.7: Occluded Regions 

Hu et al. (2018) developed an algorithm based on Efficient Large-scale Stereo 

(ELAS) for processing the parallax plan aimed at high mismatching amounts in image's 

occluded areas. Using a global approach, J. Li et al. (2018) proposed a relationship between 

long baseline and short baseline optimisation. Another global method used to overcome 

occlusion and foreshortening is Nonlinear Diffusion (ND). A study on multiple neighbours' 

nonlinear diffusion of costs aggregation was conducted with the aim to improve the global 
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cost function (D. D. Geng and N. Luo, 2017). Another method employed by (X. Ye et al., 

2017) used two patch-based network architectures in matching cost computation that 

manipulates multi-layer and multi-size pooling unit with no strides to improve the occlusion 

recovery. Rathnayaka and Park (2020) proposed an optimisation algorithm using SOM, 

which improves the quality of occluded regions. These authors claimed that the Iterative 

Guided-Gaussian Multi-baseline method is effective and efficient in disparity values 

compared with original SGM algorithm. 

Ye et al. (2017) used machine learning strategy to resolve a significant area of 

occlusions whereas the multistep post-processing leaves them unhandled. An algorithm of 

dense stereo matching approach using a novel CNN+CRF model for stereo estimation is 

presented by Knobelreiter et al. (2017). For matching and distinguishing colour edges, CNNs 

produce expressive features that are used to determine the unary and binary CRF costs. The 

method is successful to enfiance the occluded area's performance and recovers object 

boundaries. Lu et al. (2018b) undertook similar research and proposed a revolutionary 

architecture called a cascaded multi-scale and multi-dimension network (MSMD) of CNN. 

The result is a receptive field expansion capability of the algorithm and the loss of features 

in the area of occluded regions. Recent work by Bapat and Frahm (2019) applied a general 

MC-CNN optimisation framework that directly acts in the pixel space with an edge sensitive 

regulariser to improve MC-CNN approaches. The method offers significant disparity 

improvement for non-occluded pixels and outperforms conventional MC-CNN with little 

increased computational cost. Similarly, Mahato et al. (2019) developed the Genetic 

Algorithm (GA) in addition to multi-objective fitness function-based to solve occlusions, 

discontinuities, geometric, and radiometric distortions. 

Computational complexity. Many studies in the stereo matching algorithm focus on 

improving computational complexity in terms of a software-based or hardware-based 
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algorithm. The challenge is to develop an algorithm or a design that is completely adaptable 

and fully utilises the capabilities of powerful computation. Further research should allow for 

the comparison of the output quality and the latency of dense stereo matching algorithm 

designs with several trade-offs (i.e., a reasonable assessment of the disparity map). 

Generally, local and SGM method such as Zhan et al. (2016), Khan et al. (2018), Loghman 

et al. (2018), Chang and Ho (2019) and Liu et al. (2019) provided low computational 

complexity due to the straightforward WTA optimisation implementation which 

compromises between time and quality, achieved output errors average between 4% and 

20% while the execution times between 40ms and l ,400ms. 

Historically, box filtering was amongst the first to be developed for stereo block 

matching that aims to replace each pixel respectively of an image to the average inbox size 

(Lee et al., 2013). A variant of this popular algorithm was proposed by Ttofis et al. (2016) 

that achieves high speed and reasonable quality. Zhang et al. (2015) addressed the 

segmentation form using the parallax plane and Delaunay triangulation principle to split the 

entire image in need of compensation between running time and matching accuracy. These 

researchers introduced an adaptive meshing to achieve real-time performance using several 

modifications such as sparse stereo correspondence and view synthesis. 

In contrast, the global method's high computational complexity is a result of the 

numerous redundancies, which directly affects the execution time. Hence, algorithm from 

Cheng et al. (2015) , Zha et al. (2016), and Taniai et al. (2018) produced high execution time 

between 432ms and 34,290ms and quality average between 3.4% and 9.5%. Zhang et al. 

(2019) designed a better algorithm for stereo matching real-time application consisting of 

global-based optimisation on a single FPGA. The algorithm results showed a good cost of 

30 frames per second (fps) for window 1920 x 1680. 
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Zbontar and Lecun (2016), Ye et al. (2017), Wi II iem and Park (2018), Zhu et al. 

(2019) and Mahato et al. (2019) applied the ML strategy algorithm involving high 

computational complexity and run time but with a mixed results quality. The algorithms 

achieved an average quality of around 3.5% to 17.5% and execution times between l300ms 

to 43700ms. Yang et al. (2017) introduced a matching Euclidean learning costs technique to 

include a triple-based loss function due to the CNN matching cost being computationally 

expensive and time-consuming. Further, Yang et al. (2020) applied a popular Non-End-to­

End approach for the CNN and proposed to swap one or more steps in the traditional stereo 

framework to reduce the number of image primitives for subsequent processing. Another 

method proposed by Nguyen and Ahn (2020) using an evolutionary algorithm for parameter 

selection framework for stereo correspondence and trained in a supervised manner presented 

in a 3-0 plane fitting to reduce the disparity search range. 

This section summarises the most recent stereo correspondence constraints and the 

current algorithms developed from 2017 until 2022, as shown in Table 2.4. This table shows 

that most local methods produce poor or moderate performance in the areas of radiometric 

differences, low texture, repetitive patterns, and depth discontinuity compared with other 

methods. The ML and global methods performed greatly and accurately for radiometric 

differences, low texture, occlusion, and depth discontinuities, but performed poorly in the 

repetitive region. The ML method also contributed high computational complexity with 

almost similar performance as the global method. Meanwhile, the SGM method produces 

moderate performance for every stereo correspondence constraint, and most of the SGM 

algorithms have moderate to high computational complexity. 
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Table 2.4 : Summary of Constraint Level for The Recent Algorithm (2017-2022) Based on Middlebury and KITTI Results 

Radiometric Low Computational 
Author Year Method Algorithm Repetitive Discontinuity Occlusion 

Differences Texture Complexity 

I ntrascale Cross-
(Ma et al., 2017) 2017 Local Moderate~,.. Good Good Poor Good Moderate 

Scale CA + WLS -.... 

(Hu et al., 2018) 2018 Local LS - ELAS -/ Moderate Poor Moderate Poor Good Low ... 
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Based on the literature review in Section 2.3, Section 2.4, and Table 2.4, there are 

opportunities in several areas that can be explored and improved for this work. It shows that 

to improve the issues of different illumination at boundaries and identical intensity levels, 

the work from Wei et al. (2021) and Liu et al. (2021) could be the baseline to explore a new 

unified approach for a matching cost computation based on multi-cost matching, especially 

the introduction of enhanced CT and pyramid cost functions, which are new to the current 

local method. This new approach also aims to solve the matching cost window selection 

problem for low texture and depth discontinuity regions. Then, the work from Kong et al. 

(2021) will be the study for a new proposed method for cost aggregation and refinement 

stages by introducing a generic method that has been developed to solve a variety of 

challenges, including depth discontinuities and occluded areas. This generic method could 

be a combination of random walk and fil ter methods at the cost aggregation, eliminating the 

problem selection of window aggregation, while for the refinement, a clustering and smooth 

filter can be used to remove the remaining noise in the algorithm. 

2.5 Stereo Vision Dataset T A vc: 

A stereo vision dataset is a collection of images captured from two or more cameras 

placed at different viewpoints, simulating the human binocular vision. These datasets are 

commonly used in computer vision research and applications to develop and evaluate 

algorithms related to depth perception, 3D reconstruction, object detection, and scene 

understanding. In a stereo vision setup, the cameras are typically calibrated such that their 

relative positions and orientations are known. This calibration allows for the calculation of 

the disparity map, which is a per-pixel measure of the horizontal shift between corresponding 

points in the two images. Disparity maps can be used to estimate the depth information of 
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objects in the scene. Stereo vision datasets are crucial for training and testing algorithms 

designed for tasks such as: 

a. Depth Estimation: Using the disparity information, algorithms can estimate the 

depth of each pixel in the scene, creating a depth map. 

b. 3D Reconstruction: By triangulating corresponding points in the stereo images, 

it's possible to reconstruct a 3D representation of the scene. 

c. Object Detection and Segmentation: Depth information from stereo images can 

enhance object detection and segmentation algorithms, improving their accuracy 

and robustness. 

d. Scene Understanding: Stereo vision helps in understanding the 3D structure of 

the environment, aiding in tasks like scene understanding, navigation, and 

obstacle avoidance. 

e. Augmented Reality: Stereo vision datasets are used to improve the accuracy of 

augmented reality applications, aligning virtual objects more accurately with the 

real world. 

vc:. 

There are several stereo vision datasets that have been widely used by researchers for 

developing and evaluating stereo matching algorithms such as Scene Flow (Wedel et al., 

2011), Middlebury (Szeliski, 2020) and KITTI (Geiger et al., 2020). These datasets provide 

ground truth disparity maps and serve as benchmarks for assessing the performance of 

different stereo algorithms. In this work, there are two standard datasets used to formulate 

and evaluate the SMA. The Middlebury Stereo Evaluation dataset is one of the most widely 

used benchmarks for the development and evaluation of stereo matching algorithms. It has 

played a crucial role in advancing the field of stereo vision by providing standardized test 

cases and ground truth data for evaluating the performance of various stereo algorithms. The 
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dataSet consists of multiple versions, each covering different challenges and characteristics 

commonly encountered in stereo vision problems. Key features of the Middlebury Stereo 

Evaluation dataset include: 

a. Image Pairs: The dataset includes a collection of stereo image pairs captured from 

different scenes and viewpoints. These images are specifically selected to 

represent various difficulties such as occlusions, repetitive patterns, textureless 

regions, and depth discontinuities. 

b. Ground Truth Disparity Maps: One of the most important aspects of the 

Middlebury dataset is that it provides pixel-level ground truth disparity maps for 

each stereo pair. These maps are generated using accurate depth measurement 

techniques, and they serve as the reference for evaluating the accuracy of stereo 

c. Different Versions: The dataset has undergone several versions, each introducing 

new challenges and scenes. The dataset versions include Middlebury 2001, 

Middlebury 2003, Middlebury 2005, Middlebury 2006, and Middlebury 2014. 

Each version adds more complexity to the scenes, making it progressively more 

challenging for algorithms to achieve accurate disparity estimation. 

d. Evaluated Metrics: The Middlebury dataset comes with standardized evaluation 

metrics that allow researchers to quantitatively compare the performance of 

stereo algorithms. Common metrics include bad pixel error, percentage of bad 

pixels, and root mean squared error between the algorithm's output disparity map 

and the ground truth. 

e. Benchmarks and Competitions: The Middlebury dataset has been used in various 

stereo matching algorithm competitions and benchmarking challenges. These 
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events provide a platform for researchers to showcase their algorithms and assess 

their performance against others in the field. 

f. Impact on Research: The Middlebury dataset has significantly influenced the 

development of stereo matching algorithms. Researchers often use this dataset to 

test the robustness and accuracy of their algorithms, as well as to identify areas 

for improvement. 

g. Challenging Scenarios: The dataset covers a range of challenging scenarios that 

real-world stereo systems might encounter. This includes cases where objects are 

at varying depths, have different textures, and exhibit occlusions. 

p..lA'rS1"" 

Due to its well-defined challenges, comprehensive ground truth data, and established 

evaluation metrics, the Middlebury Stereo Evaluation dataset has been instrumental in 

evaluating stereo matching algorithms and has contributed to the development of more 

accurate and robust techniques for depth estimation and 3D reconstruction. Then, The KITTI 

Vision Benchmark Suite is also a widely used dataset for the development and evaluation of 

various computer vision algorithms, including stereo matching, in the context of autonomous 

driving. It's known for its realistic and challenging scenes, making it a valuable resource for 

testing algorithms under real-world conditions. The dataset provides a comprehensive set of 

stereo image pairs, along with ground truth data, enabling researchers to develop and 

benchmark stereo matching algorithms effectively. Key features of the KITTI Vision 

Benchmark Suite include: 

a. Stereo Image Pairs: The KlITI dataset includes a collection of stereo image pairs 

captured from a car-mounted rig while driving in urban and highway 
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environments. These images cover a wide range of scenarios, including different 

lighting conditions, weather, traffic situations, and road types. 

b. High-Resolution Images: The images in the dataset are of high resolution, 

capturing fine details in the scene. This helps researchers address challenges 

related to small objects, textureless regions, and complex scene structures. 

c. Calibration Data: The dataset provides accurate camera calibration parameters, 

including intrinsic and extrinsic parameters, which are essential for accurate 

stereo matching and 3D reconstruction. 

d. Ground Truth Disparity Maps: The KITTI dataset includes pixel-level ground 

truth disparity maps for a subset of the stereo image pairs. These disparity maps 

are generated using a LiDAR sensor and serve as reference data for evaluating 

the accuracy of stereo matching algorithms. 

e. Object Annotations: In addition to stereo images and disparity maps, the dataset 

includes object annotations for tasks like object detection and tracking. This 

makes the dataset sujtabJe for evaluating multi-modal algorithms that combine 

stereo and, object detection. "' vc:. '-L 

f. Odometry and Mapping Data: The dataset also provides odometry and mapping 

data, enabling researchers to evaluate algorithms related to localization and 

mappmg. 

g. Benchmarks and Challenges: The KITTI dataset has been used for benchmarking 

and evaluating stereo matching algorithms in various challenges and 

competitions. This provides researchers with an opportunity to compare their 

algorithms against others in the field. 

h. Realistic Driving Scenarios: The dataset captures real-world driving scenarios, 

making it particularly relevant for algorithms designed for autonomous vehicles. 
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It includes scenarios like driving in urban environments, on highways, and 

dealing with challenging lighting and weather conditions. 

These datasets have been extensively used by researchers to develop and compare 

stereo matching algorithms, evaluate their performance under different conditions, and push 

the boundaries of stereo vision technology. They provide standardized evaluation metrics 

and ground truth data that enable fair comparisons between different algorithms, making it 

easier to track progress in the field of stereo vision research. 

2.6 3D Surface Reconstruction based on Stereo Vision System 

The method presented in this study is sufficiently general to be applied to a stereo 

vision sensor that will act as a passive optical system. This system incorporates the 

coordinates of an object-based only on the information obtained by the input images. The 

stereo vision system uses the triangt.Jlation principle to define the depth and 3D coordinates 

system in space based on the stereo image projectjons. Therefore, this process requires stereo 

camera parameters. T vc: 

Figure 2.8 shows a flowchart of the 3D surface reconstruction based on the work by 

Fan et al. (2018) employing fast bilateral stereo for road surface reconstruction. The 

perspective view of the target image is transformed into the reference view, which 

significantly enhances the road surface similarity between the reference and target images. 

Normalised Cross-Correlation (NCC) is used to measure the similarity between each pair of 

the selected blocks. The computed correlation costs are stored in two 3D cost volumes. To 

adaptively aggregate the neighborhood systems' correlation costs, bilateral filtering is 

performed on the two cost volumes. Finally, the estimated disparity map is post-processed. 

The 3D surface is reconstructed, whereas each 3-D point pw = [xw , yw , zw ] T can be 

63 



computed from its projections PL= [u1, v1]T and Pr = [ur, Yr] using the intrinsic and extrinsic 

parameters of the stereo system, where Yr is equivalent to v1, and Ur is associated with u1 by 

d. 

Input 

Target Image Reference Image 

Perspective Disparity 

Transformation Estimation 

Perspective 

Transformed 

"~· Processing 
.!JY~ .. ~ .. ._l., ~'---===-------' .. .. ~ 

UN VERSITI TEKN 
3D 

MELA KA 
Reconstruction 

Figure 2.8: A Flowchart of 3D Surface Reconstruction Based on Fast Bilateral Stereo 

2.7 Summary 

The development of stereo matching algorithms remains a challenge for researchers. 

Hence, a growing number of new approaches are developed to achieve a good disparity map 
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or increase processing speed. Acquiring familiarity with the state-of-the-art algorithms is 

challenging and time-consuming. This chapter discussed the significant constraints of stereo 

vision and their characteristics. This information is useful as a reference when designing and 

developing a new algorithm with better performance in terms of the disparity map quality 

and computation. 

Generally, research on local approaches mainly focuses on increasing the disparity 

map's quality by improving the algorithms in terms of cost computation, cost aggregation, 

or the refinement processes. Conversely, the global approach aims to increase the accuracy 

with more calculations and complexity or to decrease the computational load by simplifying 

algorithms without affecting the disparity map quality or, if possible, improving it further. 

Appropriate hardware design can greatly accelerate the algorithm runtimes. Although the 

global approach has received more attention than the local method recently due to higher 

accuracy, current existing local approaches have yet to reach their potential limits. With 

appropriate occlusion, homogenous areas, and discontinuity handling, a local approach has 

the potential to determine the comparable disparity maps with limited information within 

constrained search space areas. I TEKN KAL MALAYS A ELA KA 
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CHAPTER3 

RESEARCH METHODOLOGY 

This chapter presents the methods used in this research for a new Stereo Matching Algorithm 

(SMA) and the detail reasoning of the methodology. This chapter is divided into seven 

sections. The chapter begins with the flow chart of this work and a brief overview of the 

proposed SMA, are explained in Section 3.1 and Section 3.2. Then, Section 3.3 describes the 

architecture of the new Multi-Cost Pyramid Fusion (MPF) in the matching cost computation. 

Further, the technique to aggregate the cost function based on Hybrid Random Aggregation 

(HRA) is discussed in section 3.4. This is followed by Section 3.5 presenting the strategy to 

optimise the algorithm and the disparity selection. Next, Section 3.6 provides the disparity 

refinement stage of hierarchical cluster-edge based on occlusion filling and Side Window 

Filter (SWF) to produce an accurate disparity value. Section 3. 7 discusses the reconstruction 

of 3D surface while Section 3.8 describes the experimental evaluation used in this work. 

Finally, section 3.9 provides the summary of this chapter. 

3.1 Flow Chart of the Research 

This section explains all the procedures of the research as presented in Figure 3.1 to 

produce an accurate disparity map. The procedures heavily rely on software for algorithm 

development and, an experimental measurement is used to validate them against a standard 

online benchmarking database. To achieve the research objectives, a new functional SMA is 

developed which mark the starting point for this research with the aim to produce the 

disparity map. In essence, the algorithm processes the stereo images of reference and target 
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to produce the disparity map. To evaluate the accuracy, the experimental images used is 

primarily a standard online benchmarking dataset from the Middlebury. This dataset consists 

of 15 training images that are used to produce the final disparity map. The accuracy is 

measured according to error pixel percentage of non-occluded pixel (nonocc) and all pixels 

(all) through the quantitative measurement from the disparity map that is uploaded to the 

online benchmarking evaluation system. The parameters are unknown, and thus need to be 

estimated through manipulation, modification of parameters in equations and with 

continuation of experimental validation until the optimal accuracy is accomplished. This 

process has improved the quality of the results significantly. 

The parameter is varied between stages depending upon the disparity map accuracy 

result. In this research, there are three stages in the equations that are improved based on the 

SMA stages: the matching cost computation, the cost aggregation and the disparity 

refinement from the original four stages of SMA. The process begins with the first parameter 

from the first stage of the algorithm where the parameter is adjusted and tuned repetitively 

until the best accuracy is achieved. When the first parameter is completed, the process is 

repeated with the second and third parameters until the final and the most accurate disparity 

map is obtained. Then, the finalised SMA is processed with the Middlebury test dataset. 

During the parameter's adjustments, additional qualitative data is gathered to address any 

gaps based on the complex scene's scenario set up based on internal and external 

environments. Next, the finalised SMA is processed and corresponded into disparity map 

using the KITTI Stereo datasets. These results must be recorded and analysed. Furthermore, 

the 3D surface reconstruction is selected as an application for the SMA which is based on 

the aid of Open CV library software. Finally, the results of the reconstruction are then 

documented and presented in this thesis. 
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3,2 Overview of the Proposed SMA 

A new SMA based on local method is proposed to produce an accurate disparity map 

to achieve the research objectives and the stereo vision constraint factors as explained in the 

Chapter 1 and Chapter 2 as shown in a block diagram in Figure 3.2. Such method is 

advantageous in a variety of areas of research in term of simplicity and usually delivers a 

good quality result. The taxonomy of the SMA involves local based stereo matching as 

described in Chapter 2 from the matching cost (Stage 1), the cost aggregation (Stage 2), the 

disparity selection (Stage 3) and the disparity refinement (Stage 4). Figure 3.2 shows the 

main contributions to this work in red boxes. These include the implementation of multi-cost 

pyramid fusion, especially the derivation of the new modified census edge method, and the 

integration of planar pyramid fusion, which is the integration of costs along the pyramid 

network at Stage I . Then, the derivation of a hybrid technique that combined pixel cost from 

iNLGF and segment cost from eRWR at Stage 2 Lastly, the new implementation of K-mean 

clustering and SWF as hierarchical cluster-edge refinement at Stage 4. 

The new matching cost computation involves multi-cost combination of per pixel 

differences measurement along with a new derivation of Planar Pyramid Fusion (PPF). There 

are three differences in matching cost measurements using the Truncated Absolute 

Differences (TAD), Gradient Magnitude CLAHE (GMC) and a new formulation of Modified 

Census Edge (MCE) followed with the combination of these costs using the PPF to produce 

pixel cost volume. Then, a new proposed of cost aggregation based on the Hybrid Random 

Aggregation (HRA) is implemented. This facilitates a hybrid type approach that utilizes 

modified Iterative Non-Local Guided Filter (iNLGF), Simple Linear Iterative Clustering 

(SLIC), Graph Segmentation (GS) and Extended Restart Random Walk (eRWR) for optimal 

performance. 
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After that, a Winner-Take-All (WT A) approach is implemented to select the location 

of minimum aggregated value corresponding to the disparity value for each pixel. Then, a 

refinement stage is explored to detect and to replace the outlier pixels (i.e., invalid pixel) 

with a valid selected disparity values at the occlusion and low texture regions by Left-Right 

(LR) consistency checking process and Confidence Disparity Filling (CDF). During the 

refinement stage, also known as the hierarchical cluster-edge refinement, the K-means 

clustering is used to recover the low texture regions in the disparity map and the Side 

Window Filter (SWF) is used to remove the remaining noises. 

3.3 Matching Cost Computation Stage 

The computation of matching cost is performed as the initial stage of the SMA 

algorithm development. These well-known parametric-based cost methods, including 

Absolute Differences (AD), Sum of Absolute Differences (SAD), Normalized Cross 

Correlation (NCC) have a significant risk to radiometric distortions. As demonstrated by Ji 

et al. (2020), this issue is typically overcomed by the standard non-parametric-based cost 

approach, such as the Census Transform (CT). However, due to the CT's sensitivity to 

intensity issue, the local window determination could possibly introduce salt-and-pepper 

noise in the matching cost. Similarly, Rathnayaka and Park (2020), and Jang et al. (2022) 

reported low accuracy issue in the disparity map, particularly in the regions with non­

occluded and low texture. In this research, an effective approach to address these issues is 

proposed by employing a Multi-Cost Pyramid Fusion (MPF) which is the pyramid 

combination from the three components of the parametric and the non-parametric cost 

methods. The term "fusion" refers to the technique of combining the cost volume in each 

layer along the pyramid network. This MPF aims to minimise and reduce the algorithm's 

inaccuracy. 
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The three cost components include the Truncated Absolute Differences (TAD), 

Gradient Magnitude CLAHE (GMC), and a new Modified Census Edge (MCE). Later, the 

Planar Pyramid Fusion (PPF) is applied to integrate these costs to develop the pixel cost 

volume. Originally, the traditional GM solution could handle stereo images with radiometric 

changes (Li, Zhang and Gao, 2020). However an enhanced image gradient-based matching 

cost GMC is applied due the strong robustness against radiometric distortion and noises (Liu 

et al., 2020). The third component in the matching cost is the MCE, a modified version of 

the traditional CT that was previously prone to being disturbed by illumination distortion 

and noise in complex environments (Ji et al., 2020) and (Qi and Liu, 2022). 

The TAD is based on the intensity differences between two RGB pixels at the left 

image 1z and right image Ir as demonstrated by Ma et al. (2016) and Cao et al. (2019). The 

initial function can be expressed as a combination of CRGB (p, d) and CGRAD (p, d) which are 

the RGB cost channels from pixel intensity differences and gradient differences. This is 

presented in equation (3.1) and (3.2) as follows: 

(3.1) 

CGRAo(p, d) = minl(VI1(P) + 0.5) - (VIrCP - d) + O.S)I, (3.2) 

where the pixel of interest's coordinates (x, y) is represented by the p and the d of the 

disparity value. The gradient cost computation in 'V horizontal direction between -0.5 to 0.5 

in the range of [0,1] is based on the parameter setting by Ma et al. (2016). The absolute 

difference function AD(p, d) is given in equation (3.4) as follows: 

where er AD is a constant value to modify the pixel-by-pixel intensity differences applied by 

Wang and Xie (2018). This AD weighting aims to balance the traits of absolute color and 
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gradient, as well as to minimise the sensitivity to radiometric differences. The final value of 

the TAD is expressed as follows: 

( ) { 
TTAD• if AD(p, d) > TTAD• 

TAD p, d = AD(p, d), h ot erwise, 
(3.4) 

where TTAD indicates the truncated value for the TAD cost as employed by Cao et al. (2019) 

to improve the resilience towards outliers of the stereo matching. The truncated value in 

equation (3.4) is the limiting parameter which constraints the cost to a certain maximum 

value. 

The GM differences methods are well established and are described by Ende et al. 

(2018) and Dong and Feng (2018). The proposed GMC is the extended version of GM by 

enhancing the input stereo images using Contrast Limited Adaptive Histogram Equalization 

(CLAHE) (Liu et al., 2020). This is the standard technique in histogram equalisation HE(p) 

to acquire a better edge information as presented in equation (3.5): 

"~~ k n(i(p)). 
'11 1n HE(p) = CLAHE_Li=O n(I(p)). (L-1), (3.5) 

where p is the coordinate (x, y) pixel of interest. k is the number of gray levels from 0 until 

L-1 and L indicates the maximum gray levels in the image. n(i{p)). denotes the number of 
J 

times j-th gray level exists while n(I(p)) is total number of pixels in the image. The 

magnitude value of the left grayscale CLARE images HE1(p) and right grayscale 

CLAHE image HErCP - d) is used by the GM component as shown in equation (3.6). 

(3.6) 

where d denotes the disparity value and * operator represents the convolution between 

gradient magnitude and Sobel operator. V x and Vy indicate the directional gradient 

magnitude for horizontal and vertical. The new proposed Gr is modified with the 
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implementation of WcM indicating the 5 x 5 window of Sobel operator to emphasise the 

image edges while w~M is the transpose of Sobel operator. 'CcM is the truncated value for the 

GMC which acts as the maximum value of the final GMC as applied by Hamzah et al. (2020) 

and expressed as equation (3.7) as follows: 

GMC( d) = { TGM• if I Gr(p, d)I > TGM• 
p, I Gr(p, d) I, otherwise, (3.7) 

As demonstrated by Tabssum et al. (2017) and Hou et al. (2022), the CT pattern does 

not take into account the traditional CT relationship between adjacent pixels; instead, it 

simply considers the single-pixel brightness variation between its neighbours. As a result, 

the CT pattern will lose some image information during conversion. For instance, by 

comparing the middle point 54 with the neighbour points 42 and 22, respectively, two CT 

values can be determined: (54 (center), 42(neighbour) 1 ), and (54 (center), 22(oeighbour) 1 ). 

The computation process shows that these two CT values do not precisely reflect the 

variations in brightness between 42 and 22. For a brightness change between the center point 

and the other point, only one point from these two CT values can be identified, and this point 

can be reflected throughout the entire image. Hence, this research provides a new MCE 

approach to address this issue especially at the boundary and low texture regions. 

Initially, the input stereo images are first applied with the edge enhancement to 

instantly increase the image contrast in the area especially around the edge and in the region 

of low texture as employed by Jin and Wei (2022). The edge enhancement method for the 

horizontal and vertical direction are presented in equation (3.8), (3.9) and (3.10) as follows: 

EGx(P) = EG~ + H(i,j) *I( p), 

EGy(P) = EG~ + HT(i,j) * I(p), 
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where* operator denotes the modulus function and pis the (x, y) coordinate pixel of interest. 

The pixel intensity is presented as I( p). EG~ and EG~ are designated as the initial edge value 

directions. H(i,j) is the Gaussian kernel applied to the edge enhancement horizontal 

direction to enhance and preserve edges in noisy images. Meanwhile, the vertical direction 

is presented by transpose Gaussian kernel HT (i, j). Equation (3 .11) provides the gradient 

magnitude using the gradient components EGx(P) and EGy(P) as follows: 

g(p) = ~EGx(P)2 + EGy(P) 2 , (3.11) 

The final value of the image edge enhancement method is determined by threshold 

parameter, and this can be described through an equation (3.14) as follows : 

{
255, 

m(p) = g(p), 
if g(p) ~ Ledge 

if g(p) < Ledge ' 
(3 .14) 

where Ledge signifies the threshold parameter. In order to address the limitation of the 

traditional CT, a modification is done to compensate the CT sensitivity towards the intensity 

due to illumination changes, which allows equation (3.15) and (3.16) to be modified as 

follows: .. V'·· ""' ,.,, .. ...,, .. •• 111• .. 
UNI VER CN(p) = ® qewcE ~Clc (p), I(q) • MELA KA (3.15) 

ED(p) = ®qewcE ~(mc(p), m(q), (3.16) 

where® operator refers to a bit-wise catenation and WcE is the support window of the 

census block. CN(p) and ED(p) denote the census cost original image and edge image. Both 

these CN and ED consist of local information which allows computing between the two bit-

string under Hamming distance. The coordinates of the pixel of interest and the neighbours 

are indicated by the letters p and q, respectively. Ic(p), mc(P) represent the intensity of 

center pixel while I(q), m(q) are the intensity at the neighbour pixels. This thesis proposed 

a new approach to establish the value of the center pixel for the census code by employing 
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the error threshold and the adaptive center pixel. The determination of the new middle point 

intensity vaJue for the overall MCE is represented in equation (3.17) and (3.18) as follows: 

Im(q) = ~[L{=1(1i(q))], 

Em(q) = ~ [L{= 1(mj(q))], 

N-1 
k=-2 , 

(3.17) 

(3.18) 

(3.19) 

where Im(q) with Em(q) represent the census texture and census edge neighbour intensity 

determination. The value of k indicates the number of odd neighbour pixels from total 

number of neighbour pixels, while N in the census window w x w. The Ii(q) and mi(q) 

present the odd neighbour pixel intensity value at j-th location. The j denotes maximum 

number of q-th location of the pixels based on j = 2k + 1 calculation. The standard CT's 

sensitivity to intensity is compensated by finding a new middle point intensity value that is 

adaptively adjusted based on the odd neighbour pixel intensity values. Then, the differences 

of the neighbour intensity value ldiff and mdtff are caJculated based on equation (3.20) and 

(3.21) for both channels as follows: \ < =t; · C ~ ~ r •Q..oJ 0 
.....:::'·· v ./_..I 

Idm(P) = II(p) - Im(q)I, •• (3.20) 
UN VER SA MELAKA 

mdiff(P) = lm(p) - Em(q)I, (3.21) 

where l(p) and m (p) are the intensity of center pixel for both census texture and edge. Then, 

an error threshoJd rdiff is proposed to determine the new value of center pixel intensity 

which would be used in the binary function. Some minor modifications are made to the 

method described in Lv et al. (2021) which the value of difference between the l(p), m(p) 

with Idiff(P) and mdiff(p) is greater than i:diff, Idm(P) or mdiff(P) is employed for the 

central pixel instead ofl(p) or m(p ). Else, the central pixel for census encoding; I(p) or m(p) 

as shown in the equation (3.22) and (3.23) as follows: 
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I ( ) = {I(p), ifldiff < Tdiff 
new P lditt(P ), otherwise ' (3.22) 

E ( ) = {m(p), if mdiff < Tdiff 
new P m . (p) otherwise ' d1ff ' 

(3.23) 

The census encoding later determines the binary function for the census texture and 

edge where the binary function corresponding to the new intensity value of center pixel 

lnrwCP) and EnewCP) with the neighbour pixel I(q) and m(q), respectively, in the range of 3 

x 3 support window, wcE· The binary function is expressed in equation (3.24) and (3.25) as 

follows: 

:t(J ( ), I( ) = {O, if InewCP) ~ I(q), 
., c p q 1, otherwise (3.24) 

,,,....., :t(m ( ),m() = {O, ifE~ewCP) <_m(q), 
, . '> c P q 1 1f otherwise 
~ ' 

(3.25) 

where~ is the mapping function of the MCE. Determining the difference between the two-

bit strings, the left and right images for census texture and census edge, is accomplished 

through Hamming distance, which is represented by equation (3.26) as follows: 

MCN(p, d) = Hamming(crcN jCN(p) - CN(p - dl+crEo IED(p)- ED(p- d)I), (3.26) 

where crCN and crED are the weightage for census texture and edge to balance the texture and 

edge term. The weightage technique presented is capable of producing realistic controls for 

the sensitive census function and amplitude distortion. TcN is the truncated value for the 

MCE, which serves as the maximum value of the final MCE as implemented by Ma et al. 

(2016). This is written inequation (3.27) as follows: 

MCE( d)={ LCN1 iflMCN(p,d)I> LCN, 

p, I MCN(p,d)I, otherwise, (3.27) 

Three similarity measures in the matching cost for the combined TAD, GMC and 

MCE provide different aspects of the raw cost data. Therefore, integrating these elements is 

essential for an accurate evaluation and to enhance matching implementation. Ende et al. 

77 



(2018) and Liu et al. (2020) proposed a standard normalised cost function to combine with 

the final matching cost function. However, an alternative method is proposed in this work 

using the PPF as the combination of cost function based on the study by Zhang et al. (2022). 

As shown in Figure 3.3, cost volume decomposition is generated from the Gaussian pyramid 

(GP), that is a multiresolution cost reconstruction achieved through recursive reduction of 

the cost raw data from decimation and lowpass filtering. 

The matching layer of the Gaussian pyramid is determined by the difference between 

one layer and the expanded cost volume generated from the immediate top layer. The 

expanded Gaussian Pyramid is a structure composed out of the expanded cost. The pyramid 

fusion equation initially starts with the Gaussian pyramid which the sequence of reduce cost 

volume generated from the original cost volume by a reduction function. The REDUCE 

function is given by equation (3.28), (3.29) and (3.30) as follows: 

,. 
MCEk+i (p, d) = REDUCE( wMCEk(p, d) ), v:. (3.28) 

d"rS-

GMCk+i (p, d) = REDUCE( wGMCk(p, d)), (3.29) 

.!J;; 
TADk+1 (p,d) = REDUCE(wTADk(p,d)), ,./'~J (3.30) 

where k indicates the number of k-th layers in the pyramid while w presents the weighting 

function which has similar setting with work by Shengxy (2015). Then, the pyramid is 

extended to a sequence of expanded cost volume generated from the REDUCE function. 

This can be estimated as described in equation (3.31 ), (3.32) and (3.33) as follows: 

MCEic(p,d) = EXPAND(wMCEk+i(p,d)), 

GMCic(p,d) = EXPAND(wGMCk+1 (p,d)), 

TADlc(p,d) = EXPAND(wTADk+i(p,d)), 

(3.31) 

(3.32) 

(3.33) 

After that, the difference between the expanded and reduction for the texture 

synthesis is determined and is expressed in equation (3.34), (3.35) and (3.36) as follows: 
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LMk(p, d) = MCEk(p, d) - MCE!c(p, d), 

LGk(p, d) = GMCk(p, d) - GMC!c(p, d), 

LTk(p, d) = TADk(p, d) -TAD~(p, d), 

(3.34) 

(3.35) 

(3.36) 

The pyramid cost volume differences are combined and reconstructed into final 

matching cost function MC(p, d) as described in equation (3.37) and (3.38) as fo11ows: 

LJ\(p, d) = (crLMLMk(p, d) + O"LGLGk(p, d) + O"LTLTk(p, d) ), (3.37) 

MC(p, d) = L~=o LPk+i (p, d) + wL~(p, d), (3.38) 

where crLM• crLG and crLT are the balancing parameters between cost volume differences in 

the pyramid as shown in Figure 3.3. A flowchart of the complete matching cost computation 

methodology consisting of the three components listed above is shown in Figure 3.4, 3.5, 

3.6 and 3.7. 
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Figure 3.3: Proposed Planar Pyramid Fusion for Cost Combination 
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TAD(p, d) = TTAD TAD(p,d) = AD (p,d) 

LTk(p,d) = TADk(p,d)-TADk(p,d) 

Figure 3.4: Matching Cost Computation Flowchart - TAD 
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HE (p) = CLAHE L~- Iz(P)j. (L - 1) 
l J-0 lt(P) 

HE ( ) = CLAHE °"'~- lr(p-d)j. (L - 1) 
l p L...J-0 lr(p-d) 

1 Gr(p, d) = CIVxWGM * HEz(p)I - WxWGM * HEr(P - d)I) + 
(IVyW~M * HEz(p)I - !VyW~M * HEr(P - d)I) 

GMC(p, d) = LGM GMC(p, d) = Gr(p, d) 

Figure 3.5: Matching Cost Computation Flowchart - GMC 
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EGx(P) = EG~ + 
H(i,j) *I( p) 

EGy(p) = EG~ + 
HT(i,j) * l(p) 

g(p) = ~EGx(p)2 + EGy(p) 2 

Yes 

m(p) = 255 

'mriew(P) = m(p) 

Idiff(P) = II(p) - Im(q)I 

((lc(p), I(q) = 0 

CN(p) =®qewcE ((lc(p),I(q) 

ED(p) =®qewcE ((mc(p), m(q) 

((mc(p), m(q) = 1 

((mc(p), m(q) = 0 

Figure 3.6: Matching Cost Computation Flowchart - MCE 
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Figure 3.7: Matching Cost Computation Flowchart - PPF 

3.4 Cost Aggregation Stage 

The second stage of SMA is the cost aggregation which is the important stage to 

minimise the ambiguities from the matching process in the first stage; matching cost 

computation. This is considered to be the standard for local and SGM methods to determine 

the best aggregated cost for disparity range selection. This stage also reflects the accuracy of 

the disparity map in general. 
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Jn this research, the window-based cost aggregation is reconsidered, and a new hybrid 

type aggregation, the HRA is proposed. This HRA facilitates a hybrid type approach that 

employ the iterative Non-Local Guided Filter (iNLGF) and extended Random Walk Restart 

( eR WR) based on the studies by Lee et al. (2015) and Hamzah et al. (2017). The proposed 

method not only considers the occlusion and depth discontinuities, but also accounts for 

varying illumination and edge preserving. The iNLGF is using the non-local means cost 

volume from the matching cost based on neighbouring pixels as the guided imaging either 

the left or the right cost volume. The left cost volume is selected in this work as the guidance 

to the iNLGF process. Initially, the filtering starts with determining the non-local value of 

the cost volume employed by Wang et al. (2018),expressed in equation (3.39) as follows: 

NL(p, d)n = ctp) fn MCn(p, d)f(p, q)dq, (3.39) 

where n denotes the area of the cost volume and NL(p, d)n represents the filtered value at 

point p while n NL states the number of iterations for iNLGF. MC(p, d) is the matching cost 

volume at point q and C(p) refers to the normalising factor. f(p, q) indicates the weighting 

function to determine how closely related the cost volume at the point p is to the cost volume 

at the point q. The f(p, q) of the non-local weighting function is given by equation (3.40) as 

follows: 

2 
IB(q)qew9-BCP)pewpl 

f(p, q) = e (sd)2 (3.40) 

where B(q) and B(p) are the local mean value of the cost volume surrounding q and p under 

support window Wq and wp while sd refers to the filtering parameter of standard deviation. 

Then, the non-local mean values through the iNLGF filter kernel Gp,q (NLn) as applied by 

He et al. (2013) and expressed by equation (3.41) as follows: 

G (NL ) = _1_~ (i + (NL(p)n-1- µg.n-1)(NL(q)n- 1- µg,n-i )) 
p,q n lwl2 L..q E Wg cr2 +E ' g,n-1 

(3.41) 
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where NLn refers to the non-local mean cost volume at n-th iteration and p represents the 

coordinates pixel of interest (x, y). The size of support window, r x r is denoted as Wg and w 

represents the number of pixels in the support window, Wg. The NL(p) and NL(q) are the 

cost volumes from the non-local means with q and p representing the neighbouring pixel in 

the support window and the center pixel. The control element for the smoothness term is 

represented by the letter£. The µg and erg indicate the guidance cost mean and variance of 

cost values which are given by equation (3.42) and (3.43) as follows: 

(3.42) 

(3.43) 

The aggregation cost volume for the iNLGF at this process is expressed as in equation (3.44) 

and (3.45) as follows: 

(3.44) 

PC(p,d) = GFn(p, d), (3.45) 

where the Gp.q (NLn) is the weight of iNLGF and MC(p, d) refers to the cost from matching 

cost computation at n-th iteration from equation (3.38). The PC(p, d) can be referred as the 

pixel cost in the cost aggregation stage. 

The matching cost is then aggregated using SLIC, graph segmentation, and eRWR to 

produce the segment cost as a hybrid combination with pixel cost in order to obtain the final 

cost volume in the cost aggregation based on studies by Lee et al. (2015) and Li et al. (2020). 

The SLIC algorithm is applied in the proposed model towards superpixel segmentation for 

both the left and the right images. Since an entire superpixel is matched to the target image 

rather than based on the pixel-wise matching, the local results are more resilient to noise 

variations. The SLIC cost function, FS(p) for both left and right images are expressed by 

equation (3.46) and (3.47) as follows: 
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1 
FS1(P) = - Lpes I(p) PC(p, d), 

ns 
(3.46) 

1 
FSr(P - d) = - Lp-dEs I(p - d)PC(p, d), 

ns 
(3.47) 

where the n5 represents the number of pixels in the cluster of superpixel s. The SLIC cost 

function is computed individually for the left and the right images with the pixel cost. Then, 

the value of the SLIC cost function is used to reconstruct the graph propagated to surrounding 

nodes with a probability proportional to the edge weights, where the edge weights are 

determined by the similarity in intensity between surrounding superpixel which is given in 

equation (3.48), (3.49) and (3.50) as follows: 

(3.48) 

W = [w .. ] 
l) S XS / (3.49) 

(3.50) 

where wij is the graph segmentation ands refers to the number of superpixels which are used ' I 

' 
to form the weighted graph matrix W with diagonal equal to zero. FS(pi) and FS(pj) are the 

intensities of the i- th andj-th superpixels. O"e and Te denote the weightage and truncation of 

the graph segmentation acted to control the shape of the graph. According to equation (3.48), 

superpixels with similar intensities are often more likely to produce a larger influence. The 

weighted graph matrix Win equation (3.49) is used to determine matrix W by normalising 

the rows of W at which row values of matrix W are added to construct the diagonal matrix 

D. 

Subsequently, the SLIC cost function, weighted matrix and pixel cost are used in the 

eRWR which is updated until convergence is obtained iteratively. The smoothness constraint 

in the images prevent the RWR algorithm from often producing a good solution, however it 

does provide one local minima. Therefore, a modification is made to the standard update 
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process to adaptively update the matching costs based on the current determination of which 

superpixels are in the occlusion or the depth discontinuity areas. However, this has a negative 

impact on the performance because the smoothness term performed poorly at the area of the 

occlusion and the depth discontinuity since the smoothness assumes the disparities between 

the neighbouring pixels are similar. This research establishes a visibility texture algorithm 

within the eR WR that provides for an occluded pixel to have no matches on the target image 

and a non-occluded pixel to include a minimum of one match to solve for the occlusion 

issues. The visibility texture algorithm is given in equation (3.51) as follows: 

(3.51) 

where FS1(p5 ) and FSrCPs - d) is represented by the left and right segments from equation 

(3.45) and (3.46) superpixels, respectively, and Ps indicates the (x, y) coord inates for 

centroids of the superpixel s. t indicates the number of iterations in the eR WR. The value 

must be consistent for the left and right check which indicates an occlusion is determined if 

the relation is not satisfied. The value SLJC is validated and is vectorised with pixel cost as 

given in equation (3.52) as follows: 
.. .. ~ .. .,. .. .. 

VTr(P, d) = PC(p, d)0[VTr(s)]sx1• 
MELA KA 

(3.52) 

where 0 refers to the element-wise product function and PC(p, d) is the pixel cost from 

equation (3.44). An additional fidelity texture algorithm is utilised to prevent the depth 

boundaries blurred from the visibility texture. In the depth discontinuity regions, the 

smoothness condition often fails. When the disparity values between the foreground and 

background differ significantly, a depth discontinuity is typically established. This can be 

expressed in equation (3.53) as follows : 

d~ = Lj eN(i)UiwljdjVTt(Pj) 
1 

Lj EN(i)Ui WjjVTt(Pj) I 

(3 .53) 
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where Wij is the calculated similarity between two neighbouring superpixels using equation 

(3.48) and Pi denotes the (x,y) coordinates of neighbouring superpixels of the i-th 

superpixels. VTt(PD is the result from the left-right consistency check of visibility texture 

algorithm while di is the optimal disparity range of the neighboring superpixel. Thus, the 

value of di is used in the penalty function , Yt(d, di) as formulated in equation (3.54) and 

(3.55) as follows: 

f -{ ((d~~d)) z 1 jf ldi - di ~Ty, 
Yt(d,di) - 2 

( 1:C1yy) I f Id' di i i - >Ty I 

(3.54) 

(3.55) 

where d is the disparity value, Ty represents the truncation parameters and <Jy denotes the 

scaling parameter. These parameters control the penalty function to preserve depth 

boundaries by conserving the intensity difference between neighboring superpixels and vary 

within Ty to prevent depth discontinuity. SCt(p, d) is the final value from robust fidelity and 

visibility texture. The eRWR algorithm updates the matching cost iteratively based on the 

visibility texture, fidelity texture and pixel cost known as segment cost given in equation 

(3.56) as follows: 

SCt+l(p,d) = (1- c)WSCt(p,d) + cPC0 (p,d), (3.56) 

where SCt(p, d) represents the visibility and fidelity texture updates. The current pixel cost 

PC0 (p, d) is used to compute the visibility and fidelity terms. For the pixel costs to spread 

along graph W, the initial pixel costs are added to the pixel costs, which are proportional to 

the restart probability of c. In the second stage of the proposed SMA, the final aggregated 

cost is the sum of the costs of each pixel and each segment. This hybrid combination can be 

translated into equation (3.57) as follows: 
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CA(p, d) = PC(p, d) + ySCt(p, d), (3.57) 

where y refers to the superpixel and segment cost weighting parameters to balance towards 

pixel cost. Figures 3.8 and 3.9 show the step-by-step cost aggregation that consists of the 

iNLGF, SLIC, graph segmentation and eRWR. 

•• 
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J.5 Disparity Selection Stage 

Jn order to determine the final disparity and establish an accurate disparity map, the 

WTA strategy was employed to determine a minimum aggregated corresponding value for 

each pixel. This is one of the most common ways to determine the disparity values for the 

local method. According to Emlek et al. (2018) and Zhu et al. (2019) formulation, the 

computational complexity can be reduced by using the WT A technique for local algorithms. 

1 lowever, based on their findings, the disparity maps obtained up until this point still contain 

inaccuracies in the regions, some of which are occluded or have low texture. Equation (3.58) 

provides the WT A equation as follows: 

p..l.A 
DS(p) = argmindEdn CA(p, d), (3.58) 

where the disparity produced by the minimum aggregated cost (d) at each pixel location (x, 

y) is selected. The range of allowed disparity values in an image is represented by the 

CA(p,d), which corresponds for the cost aggregation volume from equation (3.57) and dr1 

refers to the value of disparity range in the cost volume for selection of the first lowest local 

minima. The lowest value from the disparity range dr1 is then selected using the minimal 

aggregated cost, also referred to as the first local minima. In the disparity refinement, these 

two local minima are used to compute the pixel confidence, which is employed in the invalid 

pixel filling process. Equation (3.59) presents the method for determining the second local 

minima from the WT A process, DO(p) . 

DS(p) = argmindEdr
2
CA(p,d), (3.59) 

where DS(p) is the disparity value from the second lowest value from disparity range of the 

cost volume. The second lowest value from the disparity range dr2 is then selected using the 

minimal aggregated cost, also referred to as the second local minima. The step-by-step 

process in the disparity selection which calculates the minimum aggregated cost, and the two 

local minima is shown in Figure 3.10. 
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,. DS(p) = arg mindEdri CA(p, d), 

DS (p) = argmindEdrz CA(p,d), 

Figure 3.10: Disparity Selection Flowchart - Disparity Selection and Confidence 

3.6 Disparity Refinement Stage 

The algorithm concludes with a final stage of post-processing known as disparity 

refinement, which aims to further eliminate mismatches produced by occlusion, low texture, 

and other causes. In this research, the disparity refinement is performed using hierarchical 

cluster-edge refinement. The disparity refinement process begins by applying the left-right 

consistency check process, disparity confidence computation and invalid pixel fill-in based 

on median interpolation. Subsequently, an enhanced technique is used to determine the 

occlusion, noise and texture handling based on the K-means clustering along with the Side 

Window Filter (SWF) to preserve edges and boundaries. 

The left-right consistency check is performed for each pixel (x,y) in the left disparity 

in order to determine the coordinates that correspond to this pixel on the right disparity. If 

the left disparity value in the current pixel is inconsistent with the right disparity, the map is 
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invalid (i.e., 0 = outlier) while the consistent pixel is considered valid (i.e., 1 = inlier) 

disparity locations based on studies by Emlek et al. (2018) and Sung et al. (2019). The 

location for disparity validation map, d0 (p) at point p, which is the (x,y) coordinate as 

expressed by equation (3 .60). 

d ( ) = {O, if IDSLR(P) - DSRL(p)I $ LLR 
0 p 1, otherwise ' 

(3.60) 

where DSLR (p) refers to the left disparity map and DSRL (p) denotes the right disparity maps. 

The TLR is the error threshold. The error threshold is set to 1.0 to minimise the error in the 

disparity map. In order to improve the performance, an additional stage to detect outlier 

pixels is introduced using the disparity confidence computation based on a study by 

Jachalsky et al. (2010). The confidence map computation equation is given in equation (3.61) 

as follows: 

(3.61) 

where DS(p) and DS (p) are the first and second local minima of the disparity range value 

based on equations (3.58) and (3.59) to compute the peak ratio for the confidence map. The 

invalid pixel fill-in is performed after the outlier is detected using the validation and 

confidence map. In this work, the invalid pixel is replaced by using median interpolation, as 

shown by equation (3.62). 

{
medianpEw {ld(p)I}, if do(P) = 0 and dc(P) $ TcF 

u(p) = P 
d(p), otherwise ' 

(3.62) 

where function median! I is the median interpolation within the median window, Wp 

which optimum selected using 3 x 3 size (Jachalsky et al., 2010). The d0 (p) and dc(P) are 

the validation and confidence maps. d(p) signifies a disparity value of coordinate p while 

TcF is the outlier threshold. If the pixel is valid, the original disparity value is copied and 

moved forward to the next pixel on the same scanning line. If the location has an invalid 
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pixel and a low confidence map, the algorithm performs a median search around the 

neighbourhood pixels within the median window. The invalid pixel is excluded and replaced 

with the final median value. Although a well-developed method, this filling-in and replacing 

process has the shortcomings of producing unwanted streak artefacts and failing to address 

the errorness disparity at the leftmost side of the disparity map. However, the approach in 

this research differs significantly from the approaches used by Da Silva Vieira et al. (2018) 

and Tatar et al. (2021) to remove the noise. A clustering method using K-means clustering 

is used in the disparity refinement to segment the interesting area of the disparity map from 

the background. The purpose of the K-means clustering is to minimise the objective function 

J, which determines the distance of data points to cluster centers of h. The Euclidean distance, 

dis calculated between the center with each pixel of the image is provided by equation (3.63) 

as follows: 

(3 .63) 

where 11 (p) is the left RGB stereo image and Ci represents the centroid of cluster j. Based on 

the distance d, each pixel is assigned to the nearest centroid, and the new location of the 

centroid, Ci is recalculated after all the pixels have been assigned. This process is repeated 

until it fulfils the tolerance or error value. The cluster is performed by the reshape of the 

image towards the objective function, J to reconstruct the final clustering. These stages are 

expressed in equation (3.64) and (3.65) as follows: 

(3.64) 

(3.65) 

where u refers to the number of clusters, h indicates the number of cases while xf) denotes 

the data point case of image. The disparity values are then median filtered using a main 

condition that segregates them into clusters based on equation (3.65). Every pixel's median 
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value is computed, but only by using the data from the same colour cluster. The median value 

is computed after the data from different colour clusters have been excluded. This strategy 

works well for handling occlusions as given in equation (3.66). 

(3.66) 

where wh denotes the windows size for median filtered of the disparity map. 

The final stage of the disparity refinement in this work is performed by the SWF 

based on the study by Gong et al. (2018) to perform the texture smoothing and the edge 

preserving tasks. The output of the SWF has the minimum L2 distance to the input pixel as 

the final output. The SWF generated eight outputs, B'~,p,r by applying a filter kernel, F to the 

disparity map in each side window as shown in equations (3.67), (3 .68), (3.69) and (3.70). 

.. 9=m x ~ 
2' 

(3.67) 

(3.68) 

(3.69) 

(3.70) 

where m refers to the side parameter o( the filter kernel in the range of m E [0,3] that 

provides the angle between the window and the horizontal line labelled as 9 contributes to 

position S = {L, R, U, D, NW, NE, SW, SE} . p denotes the position of the target pixel i at 

coordinates (x,y). r represents the radius of the window for SWF. wii is the weight of pixel 

j , which is in the neighborhood of the target pixel i. By changing 0 and fixing (x, y), the 

direction of the window can be changed while aligning the side with i. 
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Figure 3.11 : Disparity Refinement Flowchart- Left-Right Check, Disparity Confidence, Median Interpolation, and K-means 
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Figure 3 .12: Disparity Refinement Flowchart - S WF 

The final disparityyalue of SWF is determined by the output of the side window that 

has the minimum L2 distance to the input intensity as the final output given in equation (3.71) 

and (3.72). 

(3.71) 

DR(p) = dswf(p), (3 .72) 

Figures 3.11 and 3.12 show the disparity refinement in stages that comprises of the 

left-right check consistency, disparity confidence computation and filling, k-means 

clustering and SWF. 
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J.7 3D Surface Reconstruction 

In this research, the 3D surface reconstruction is performed as a use case for the 

proposed SMA. The reconstruction is based on the work developed by Fan et al. (2018) 

which was explained in Section 2.5. The 3D surface is reconstructed, whereas each 3-D point 

pW == [xw, yw, zw] T can be computed from its projections. The projections on the left image 

nl and the right image m are PL = [ u1, v1]T and Pr = [Ur, vr]T using the intrinsic and extrinsic 

parameters of the stereo system, where Yr is equivalent to v1, and Ur is associated with u1 by 

d. The disparity is defined as d = Uz - u,.. The projection of a horizontal plane on the v-

disparity map is a linear pattern as expressed in equation (3.73). 

d Tcn1 (f . S S) Tcn1 S = --
13
- sm -v0 cos -v-

13
-cos = a 0 + a1v, (3.73) 

where 0 is the pitch angle between the stereo rig and the object. f is the focus length of the 

cameras, Tc is the baseline, ani:t (uo, vo) is the principal point in pixels. When 0 = rt/2, d = 

- Tcni is a constant. Otherwise, dis proportional to v. Now, the PT can be straightforwardly 
p 

realised using parameters a.= [a.o, a.i]T. a. can be estimated by solving a least squares problem 

with a set of reliable correspondences Qi = [ p11, p12, ... , p1mr and Qr= [ Prl, Pr2, ... , pnn]T. 

The roll angle 'Y can be estimated by fitting a linear plane (d(u,v) = yo+ "(Ju+ "(2v) to a small 

patch from the near field in the disparity map and 'Y = arctan(1ilr2). The pitch angle 0 can 

be estimated by rearranging equation 3.73 as equation 3.74, where the parameters [a.O, a.l]T 

have been approximated. The yaw angle 'I' is assumed to be 0. 

(3.74) 

Each 3D point [Xw, Y w, Zw]T can be transformed into [Xw, Y~, Z~F using equation 

(3.75). The rotation matrix, R = R'l'ReRy is a S0(3) matrix as expressed in equation (3.76), 

(3.77) and (3.78). The rotation with R greatly facilitates the detection of the texture and edges. 
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where 

sin'1Jl 
0 I 

cos'1J 

Ra= lo~ co~8 
-sin8 

si~e], 
cos8 

I cosy siny OJ 
Ry = -s~ny co;y ~ , 

(3.75) 

(3.76) 

(3.77) 

(3.78) 

Furthermore, the integration of the 3D surface reconstruction in this research 

provides the dual purposes of producing a projection of SMA accuracy and qualitative 

measurement for input stereo images without ground truth. 

3.8 Measurement Set Up 

The Middlebury Stereo and KITTI Stereo, two standard online benchmarking 

datasets are used in. this research. This standard online benchmarking data~ets have two 

images that are needed to establish the disparity maps: the left image and the right image. 

Furthermore, these online platforms provide data such as the ground truth for the disparity 

map and the efficacy of other researchers' methods. Therefore, this is ideal for conducting 

comparison for the stereo vision research investigation. Middlebury Stereo has 30 input 

images (15 training datasets and 15 testing datasets), which can simulate parameter settings, 

whereas KITTI Stereo has 400 input images (200 training datasets and 200 testing datasets), 

that are employed in autonomous vehicle navigation and simulate an actual road scenario. 

A setup was developed to aid in the development and testing of this SMA using three 

different datasets: Middlebury, KITTI and real stereo image from the Universiti Teknikal 
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Malaysia Melaka Laboratory (UTeMLab-Stereo). The Middlebury dataset, which provided 

the indoor scenes for this research was developed by Scharstein et al. (2014) consisting of 

15 training images and 15 test images. Each training and test datasets provided the stereo 

pair images and ground-truth disparities in each set with different resolutions, disparity level, 

height, width, image size, and camera calibration parameters. The parameters of an algorithm 

were established using the training images, which were submitted repeatedly onto the 

Middlebury online platform to achieve the quantitative results. Only the final evaluation was 

performed using the test images. The Middlebury dataset contains 24 mobile stereo datasets 

created by Guanghan Pan et al. (2021 ), which were used in this research to obtain the 

qualitative results. In order to determine the ground-truth disparities for this dataset, an Apple 

iPod touch 6G placed on a UR5 robot arm was used in this research based on the portion 

subset of the structured lighting piJ>eline developed by Scharstein et al. (2014 ). 

All the input images in the Middlebury dataset had distinctive characteristics and 

resolutions. The characteristics and resolutions of the final results were influenced by the 

disparity maps that were produced. These characteristics depended on the input images, such 

as the Jadeplant, Motorcycle, Playroom, Piano, and Shelves, which were utilised for complex 

scene artifacts. Meanwhile, the Adirondack, Recycle, and Vintage images were used to 

distinguish foreground objects from background objects. The images of the Motorcycle, 

Pipes, and Teddy were deployed to challenge the regions of depth discontinuity. The 

MotorcycleE and PianoL were used to evaluate the performance in terms of variation in 

illumination and radiometric differences. 

The outdoor stereo scenes were established by the KITTI dataset and were obtained 

from the actual vehicle navigation data. The KITTI Stereo dataset was developed by Geiger 

et al. (2020) under the collaboration with the Karlsruhe Institute of Technology (KIT) and 

the Toyota Technological Institute. The dataset consists of 200 training images and 200 
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testing images with dynamic scenes of vehicle. The training images were utilised to 

determine the parameters and error rate of the SMA, while the testing images were used for 

the final evaluation and were uploaded onto the KITTI Vision Benchmark online platform 

for quantitative and qualitative results. The usage of the KITTI dataset enabled the testing of 

the algorithm's adaptability with more complex real-world stereo images in which the stereo 

sceneries were subjected to unpredictable lighting conditions attributed to the presence of 

the sun's natural light, vehicles, and tree shading. Additionally, the test also include dataset 

containing vast regions with low textures, including the walls, roads, repetitive patterns, and 

sky. 

Real stereo images based on UTeMLab-Stereo indoor images were applied to 

evaluate the efficiency performance of the proposed SMA. The stereo sensor was used to 

capture six distinct scenes, each with a different layout and stereo challenges which were 

Kotak, Kotak2, Cube, Cube5, Cube22 and Cube33. The Bumblebee BB2 stereo vision 

camera was used to acquire all the images that were being displayed in the UTeMLab-Stereo; 

these images were not modified jn any manner and did not contain any type of image 

enhancement. The parameters for the UTeMLab-Stereo images are equipped with resolution 

of 640 x 840, disparity range of 65, baseline of 12 mm and focal length of 6 mm. The Kotak 

and Kotak2 exhibited images taken with a stereo camera from two different distances. The 

boxes were organised to reflect the texture in the images and these images also had 

contrasting illumination in regions created by various lighting ambient noises. In this 

research, the images that were captured in the UTeMLab-Stereo were only allowed to be 

used for the purpose of providing a qualitative evaluation of real stereo images. 

The total number of images used in this work, including those from Middlebury, 

KITTI, and UTeMLab-Stereo, is 460, which is sufficient to formulate and evaluate the 

performance of SMA due to the fact that evaluating stereo matching algorithms depends on 
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various factors, including the complexity of the algorithms being evaluated, the diversity and 

quantity of the datasets, and the specific goals of the evaluation. These datasets provide a 

diverse set of stereo vision datasets that include variations in lighting conditions, scene 

complexity, object types, occlusions, textures, etc. The datasets also ensure that the 

evaluation results are statistically significant, which shows that an algorithm might perform 

well on a small subset of data but might struggle with more complex or diverse scenes. Then, 

a reliable ground truth (accurate depth maps) is also provided by the datasets, which is 

essential for evaluating stereo matching algorithms. A good stereo-matching algorithm 

should generalise well to unseen data. Therefore, it's important to evaluate the algorithm's 

performance on datasets that it was not specifically trained on. 

The parameters for this work were selected and optimised to cover the breadth of 

variations in the algorithm stage by stage to acquire the best accuracy. However, in many 

instances, these parameters took on different values. The parameter is optimised at every 

stage, where each parameter is executed using an incremental test from the minimum 

increase to the maximum value until it produces the lowest overall disparity map accuracy 

(bad pixel percentage error for all error). All the constant parameters were originally planned 

to have a minimum value and were gradually increased until the average error output attained 

a minimum value. Consequently, this method contributed to the efficient and maximum 

usage of the selected parameters. The selection of the parameters began with matching cost 

computation and continued one at a time until the disparity refinement stage. All the 

experiments were executed using the MATLAB and C++ programming languages and the 

hardware of a personal computer with a Central Processing Unit (CPU) of an Intel Xeon ES-

2650, 2.6 GHz, and 64 GB of RAM. 
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3.9 Summary 

This section has outlined the theoretical foundations for the methods used to design 

a new local stereo matching algorithm for disparity maps, as shown in Figure 3.2 and 3.3. 

Basically, the new SMA comprises of four stages: Stage 1 is the matching cost computation 

to determine the raw cost volume from the multi-cost per-pixel adjustment and fusion based 

on pyramid combination. Stage 2 is the cost aggregation, which is the advanced approach to 

reduce noise and to preserve the edge using the hybrid random aggregation between iNLGF, 

SLIC, graph segmentation and eRWR. Stage 3 involves employing a WTA strategy to select 

the minimum disparity value for the disparity refinement and confidence. Finally, Stage 4 is 

the final refinement applied to the disparity map values based on left-right check consistency, 

disparity confidence computation, median interpolation for invalid pixel filling, K-means 

clustering, and SWF to handle the occlusion, tlie boundaries and the low texture regions. 

UNIVERSITI TEKNIKAL MALAYSIA MELAKA 
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CHAPTER4 

RESULT AND DISCUSSION 

This chapter presents the results of the experiment carried out to evaluate the performance 

of the proposed SMA algorithm. Additionally, this chapter aims to discuss the analysis and 

the accuracy assessment of the new SMA algorithm. First, Section 4.1 describes the type of 

the evaluation performed on the algorithm, which can be categorised into two types: 

quantitative and qualitative. Furthermore, section 4.2 presents the thorough manipulation of 

the SMA's algorithm, parameters and variables of SMA to obtain the optimal value. This is 

followed by Section 4.3 that discusses the performance of the SMA at each stage of the 

taxonomy; the Middlebury dataset, the KITTI dataset, the use of real stereo images and the 

30 reconstruction. In the last section, Section 4.4, the comparison analysis based on the 

constraints is established using the Middlebury dataset. Among the five main components 

being analysed in this scenario include low texture region, repetitive patterns, depth 

discontinuity, radiometric differences, and occlusion. 

4.1 Evaluation: Quantitative and Qualitative 

In this research, there were two types of evaluations performed: quantitative and 

qualitative evaluation. The Middlebury and KITTI dataset offered a thorough quantitative 

assessment of the SMA algorithm using an online benchmark platform, enabling researchers 

to apply the SMA to generate the comparison results in the rank tables. The quantitative 

evaluation of the accuracy performance for each image was based on two attributes of bad 

pixel percentage, which were nonocc (i.e., the percentages of bad pixels among all pixels in 

106 



l'\ccluded regions) and all (i.e., the percentages of bad pixels among all pixels in all non-v 

areas). 

The lower bad pixel percentage for the stereo matching algorithm showed better 

disparity map accuracy. The quantified matching was obtained by comparing the 

experimental results with the ground truth provided by Middlebury and KITTI Platform, thus 

enabling the algorithm's accuracy to be evaluated objectively. Additionally, the Middlebury 

and K.ITII provided the qualitative evaluation that was demonstrated in the comparison of 

the various stereo correspondence constraints. However, the Middlebury mobile dataset and 

the UTeMLab-Stereo images were only able to be evaluated qualitatively since there were 

no ground true images available as a reference. The elaboration about qualitative results is 

explained in the thesis by results from parameter tests. The qualitative result is based on 

disparity map observation, which focuses on invalid pixels (dark blue or dark brown) 

produced in the disparity map that have the characteristics of stereo correspondence 

constraints. Actually, to determine the optimised parameters, they are based on the 

quantitative result with the lowest bad pixel error (all error). The qualitative result is used 

only as a reference for these parameters, as it also produces the relationship between the 

number of invalid pixels and the pixel error percentage. 

4.2 Parameters Optimisation 

The first step in gaining the optimal parameters for the equations in this research was 

to determine the variables and parameters that were used in the equations. Since these 

parameters reflected the final accuracy of the SMA, it was essential to identify the parameters 

that were able to produce the best outcomes. The parameters were selected to cover the 

breadth of variations in algorithm stage by stage to acquire the best accuracy. However, in 

many instances these parameters took different values. The typical parameters used in this 
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research were determined from the experiment of Middlebury training dataset based on an 

average error of nonocc and all errors. All the constant parameters were originally planned 

to a minimum value and were gradually increased until the average error output attained a 

minimum value. Consequently, this method contributed to the efficient maximise usage of 

the selected parameters. The selection of the parameters began with matching cost 

computation and continued one at a time until disparity refinement stage. The following is a 

detailed description of the parameter settings employed in this research. 
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Stage J -Matching cost: 13 parameters were selected to determine the optimum cost 

volume as shown in Figure 4.1, Figure 4.2, Figure 4.3, Figure 4.4, Figure 4.5, and Figure 4.6. 

At this stage, only matching cost computation stage and disparity selection stage were 

executed. The first parameter selected under the TAD cost computation which was the er AD 

as shown in Figure 4.l(a). There was a constant minimum value of 117% for all error and 

nonocc error from the value of0.1 to 0.7. The parameter selected was <TAD= 0.7. According 

to the graph of Figure 4.l(a), when er AD was increased uniformly in sequence, the average 

all and nonocc error remained constant and gradually increased in non-uniform sequence at 

the value of 0.8, while the differences between each interval steadily increased. When 

analysing the disparity maps measured at 0.1 , 0.7 and 1.0, the quality improvements were 

apparent as shown in the red box in Figure 4.2 (a) which showed the edges being well-

preserved. .-

The second parameter Cietermined in TAD cost was the 'tTAD at 0.8 as shown in 

Figure 4.1 (b) which shows a constant minimum value of 117% for all error and nonocc error 

from value 0.8 to 1.5. Based on the graph, the avg all and nonocc error reduced dramatically 

from 0.1 to 0.8 when 'tTAD increased in sequence and the minimum value remained constant 

after that. The quality improvement was shown in the red box in Figure 4.2 (b) where the 

texture and boundary were also well-preserved. The third parameter used was the TGM under 

the GMC cost shown in Figure 4. l(c) which indicated the lowest value of 52.0% for all and 

nonocc_errors at the value of 2.0 until 15.0. The results showed a significantly reduction in 

the accuracy value from 1.0 to 2.0 and remained constant after that. Next, the parameter 

selected was 'tGM = 2.0. Figure 4.2( c) shows the horizontal streaks in the red box were 

reduced after the truncation was set to 2.0 and above. 
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There were 5 parameters determined under the MCE matching cost as shown in 

Figure 4.3. The WcE was first selected and the window size was determined at 5 x 5 which 

contributed to the minimum value of an average all error of 45. 7% and nonocc error of 38.9%. 

The line graph in Figure 4.3(a) depicts the variation in all error and nonocc error as the value 

of the window size was changed by the w CE , indicating that the accuracy level was 

influenced by the window size dimension. The red box in Figure 4.4(a) shows the results 

indicating the significantly smoother texture and edges of the window size 5 x 5, which 

eliminated the salt and pepper noise compared to the window sizes of l x 5 and 3 x 3. The 

second parameter selected in the MCE was the TcN as shown in Figure 4.3(b). The constant 

minimum average error for all error and nonocc error were at 43.2% and 35.9%. Figure 4.3(b) 

shows the graph starting at TcN = 1.0 and increasing until 15.0. The results showed a rapid 

increase in accuracy until the peak value was reached and remained at TcN = 7.0 , thus, was 

selected as the par~eter value. Figure 4.4(b) displays the disparity map for the Motorcycle 

with -rCN= 1.0, TcN=7 .0 and TcN= 10.0. The results showed distorted edges and blurry edges 

shown clearly in the red box for TcN=7.0 and Tcr 10.0 compared with TcN=l.O, which 

texture was sharpei; and more apparent. I KA L MA LA VS I A ME LA KA 
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Next, the parameter established in the MCE cost was the Tdiff given in Figure 4.3(c). 

A very little change was observed when Tdiff was increased from 60.0 to 200.0 which 

showed the accuracy peak at Tcliff = 190 for 42.2% all error and 34.8% nonocc error. As 

shown in Figure 4.5(a), there was a slightly significant quantitative improvement in all error 

accuracy around 1.0% from Tdiff = 60 until Tdiff = 190 and the disparity was not clearly 

visible. Then, Figure 4.3(d) displays the experimental results for parameter Tedge which was 

the lowest of all error at 41.6% and nonocc error at 34.0% for Tedge= 25.0. The line graph 

of Tedge depicts the accuracy that showed a slight increase from Tedge= 5.0 until Tedge= 25.0 

and a slight decrease until Tedge= 50.0. Figure 4.5(b) illustrates the disparity maps of Tedge 

for 5.0, 25.0, and 45.0 values showing the handle of the in the red box for Tedge=25.0 having 

a smoother and sharper image than Tedge=5.0 and Tedge=45.0. The last parameter selected in 

the MCE was the combination census texture and edge, <YcN + crEo · Figure 4.3(e) shows the 

downward tendency of accuracy for all and nonocc error from 46.3% to 40.9% and 39.6% 

to 33.3% at crcN + CJEo= 0.7+0.~. Then, the line graph accuracy was stabilised to reach 

crcN + crEo= 1.0+ 1.0. The effect of crCN + crEn was observed in the red box area of Figure 

4.5( c ), which demonstrated that the edge became smoother and sharper since the salt and 

pepper noise was reduced for CJcN + crEo= 0.7+0.3 compared to other parameter value. 

The execution of PPF in the matching cost required four parameters to be determined. 

The first parameter was the pyramid layers, k. Figure 4.6(a) graphically depicts this 

experimental result which provided the minimum constant value of 44.1 % all error and 37.0% 

nonocc error at k=3. Between k=l to k=3, the values were slightly decreased from 44.5% to 

44.l % for all error and from 37.4% to 37.0% for nonocc error. However, from k=4 to k=lO, 

the results became less accurate as the value dramatically increased reaching 57.5% and 50.0% 

for all and nonocc errors. Figure 4.7(a) presents a visual disparity map fork which displays 
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the Middlebury Recycle image. The red box indicates the surface of the front body dustbin 

was sharper and smoother fork = 3 compared with k = 1 and k = 10 since the edge distortion, 

salt and pepper noise were reduced. Next, 3 balancing parameters between cost volume 

differences in the pyramid were specified, er LT= 0.5, er LG = 0.5, and crLM = 0.7. Figure 4.6(b) 

shows the results of line graph of all error slightly dropped to the minimum from 40.8% to 

40.6% for crLT = 0.1 and crLT = 0.5, while nonocc error slightly fell to the minimum from 

33.2% to 33. l % for er LT= 0.1 and er LT= 0.5. Both line graphs were maintained after these 

values. Figure 4.6(c) shows the downward tendency to the minimum of crLG for all and 

nonocc error from 42.4% to 40.7% and 35.2% to 33.1% at crLG = 0.5 and slightly increased 

at <TLG = 0.6 until crLG = 1.0. S1..q 
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Figure 4.7: Qualitative Evaluation of Middlebury Recycle PPF Parameter (a) k (b) crLT 
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Figure 4.8: Qualitative Evaluation of Middlebury RecycJe PPF Parameter (a) O"LG (b) O"LM 

Figure 4.6(d) depicts a line graph for O"LM• which shows the minimum constant value 

when CJLM = 0.7, resulting in an all error of 40.7% and a nonocc error of 33.1%. The line 

graph tendency displayed a downward trend starting from CJLM = 0.1 until CJLM = 0. 7 and the 
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trend continued to slightly increase after crLM = 0.8. The qualitative performance for the 

balancing parameters between cost volume differences in the pyramid can be observed in 

Figure 4.7(b), Figure 4.8(a), and Figure 4.8(b). There was no significant visible variation in 

the texture and edges for crLT since the accuracy value between them contributed only minor 

differences. As expected, there were significant visible variations for crLG and crLM• where 

the texture and edges are smoother for crLG = 0.5 and above, with the same condition for crLM 

== 0.7 and above, as presented in the red box. Although the salt and pepper noise were still 

apparent in the disparity map, the line balancing parameters successfully reduced the noise, 

respectively. 

Stage 2 - Cost aggregation: The line graph iNLGF parameter selection at the cost 

aggregation stage is shown in Figure 4.9. The selection started with the determination of the 

radius of the search window, wq. As shown in Figure 4.9(a), the lowest average error was 

39.7% for all errors and 31.9% for nonocc errors at wq= 15.0. The next parameter was the 

radius comparison window, w P, which showed the lowest average error of 36.4% for all 

errors and 28.2% for nonocc errors at Wp = 9.0. Figure 4.9(b) shows a significant drop in 

accuracy from wp= 3.0 to w p= 9.0, followed by a slight increase until Wp = 17.0. Next, the 

selected parameter was the iteration for iNLGF, n. According to Figure 4.9(c), the lowest 

minimum value at n = 3 was 34.6% for all errors and 26.0% for nonocc errors. The accuracy 

value was uniformly decreased from n = 1 to n = 3 and showed a significant increase from n 

= 4 until n = 10. 

Figure 4.9(d) depicts the smoothness term for iNLGF with a line graph showing a 

slight drop from E. = 0.1 to E. = 0.3 and then, remained stable. The selected parameter value 

for the smoothness term was at E. = 0.3. The last parameter determined for the iNLGF was 

the iNGF radius support window, wg. The line graph started from Wg = 3.0, which indicating 
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the minimum value contributed optimum accuracy of 19. 7% for all error and 11 .9% for 

nonocc error. The trend of the line graph was uniformly increasing until wg= 21.0. The 

quality evaluation when determining the iNLGF parameter is shown in Figure 4.10. Figure 

4.lO(a) compares the three disparity maps for the Wq = 7, wq = 15, and wq = 27. The 

disparity map in the red box shows the salt and pepper noise was reduced when Wq = 15, 

and wq = 27, making the edges more apparent. The performance wP can be observed in 

Figure 4. lO(b) with three disparity maps for comparison, wP = 3, Wp = 9, and Wp = 17. The 

disparity map in the red box at the background and cup for wP = 9 shows less salt and pepper 

noise and was sharper compared with other disparity maps. The qualitative performance for 

parameter iNLGF iteration, n, is compared in Figure 4.1 l(a). With comparison to the other 

textures, the red box displays the texture of the chair in n = 3 has less edge distortion and 

noise. When n was increased to 10, the chair texture continued to worsen. Similar results 

were obtained by increasing the smoothness term parameter, E from 0.3 to 1.0, as shown in 

Figure 4.1 l(b). The radius support window, wg as depicted in Figure 4.1 l(c), was the final 

parameter qualitatively evaluated in the iNLGF. The complex textures and edges, 

particularly at the red cup in the red box, were destructed, contributing to the low accuracy, 

even though wg = 11 and wg= 21 delivered significantly smoother textures than wg = 3.0. 
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Next, the parameter SLIC, s was determined in the cost aggregation. The SLIC 

parameter showed the lowest minimum constant accuracy at s = 16000, producing an average 

accuracy of 16.3% all error and 6.69% nonocc error. The line graph in Figure 4.12(a) shows 

the accuracy is increasing linearly from s = 6000, but the accuracy trend showed a massive 

drop at s = 16000, increased again afters = 18000, and stabilised at s = 22000. Figure 4. l 2(b) 

displays the comparison of disparity maps betweens= 8000, s = 16000, ands = 24000 for 

Middlebury Piano dataset. As predicted, the lowest accuracy was obtained at s = 16000, 

which results in a texture that was sharp and a disparity map that preserved the boundaries. 

On the contrary, the s = 8000 and s = 24000, showed a lesser level of accuracy. Salt and 

pepper noise, horizontal streaks, and edge distortion were visible in both s = 8000 and s = 

24000, particularly at the top right and bottom left, where there was an illumination variation 

constraint. 
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Figure 4.13, Figure 4.14 and Figure 4.15 display the parameters established during 

the graph segmentation and eRWR. The graph segmentation consisted of two parameters: 

graph weightage, O'e and graph truncation, Te· The lowest average accuracy for ere was 19.4% 

all error and 10.1 % nonocc error at ere= 10.0 followed by an average accuracy for Te at 
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19.3% all error and 9.96 nonocc error when Te = 0.1 as tabulated in Figure 4.13(a) and Figure 

4.13(b). The line graph was slightly decreasing in both figures, with only slight differences 

in accuracy for each interval between <Je and Te · Figures 4.14 and 4.15 depict the Middlebury 

Adirondack used to evaluate the disparity map's qualitative performance for parameters in 

graph segmentation and eRWR. The disparity map in Figures 4.14(a) and 4.14(b) 

demonstrates that, as predicted, there were no significant visible differences in texture or 

edges throughout the experimental observations due to the small accuracy differences. 

Then, the parameters of eRWR were determined and established which include the 

restart probability ( c ), penalty scaling ( <Jy ) , penalty truncation (Ty) and the iteration (t). For 

experiments from c = 0.00010 to c = 0.01000, the results showed that the lowest average 

accuracy for restart probability was 19.5% for all error and 9.36% for nonocc at c = 0.00175 

as shown in Figure 4.13( c ). The nonocc error contributed 0.1 % between the lowest and 

maximum accuracy, whereas all error, at 19.5%, was the value measured throughout the 

entire interval. Thus, there was no apparent change in the disparity map between c = 0.0001 , 

0.00175 and 0.01 as displayed in Figure 4.14( c). Next, penalty scaling, <Jy and truncation, 

Ty were determined with the lowest accuracy of 15.5% for all error and 5.99% for nonocc 

error at <Jy = 65.0 and Ty = 4.6. The line graph for <Jy showed an increase in a uniform 

manner while the line graph for Ty showed a decreasing trend, as presented in Figure 4.13( d) 

and Figure 4.13(e). The disparity map was more visible and sharper when <Jy = 65.0, 

especially in the area of the cup, as shown in Figure 4. l 5(a), whereas when Ty= 4.6, the area 

in the red box was smoother and sharper, with less edge distortion and noise as displayed in 

Figure 4.15(b ). 
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The final eR WR parameter, t, contributed to the lowest average accuracy of 15.5% 

for all error and 5.99% for nonocc error, with a minimum constant value at t = 25.0. 

According to the tabulated line graph in Figure 4.13(t), the graph showed a uniform increase 

from t == 7.0 tot= 25.0. Figure 4.15(c) shows that the texture and edge of the disparity map 

were well-preserved in the region of the red box for the cup. 
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Figure 4.16: Segment Cost Weightage, y (a) Line graphs (b) Qualitative Evaluation of 
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The segment cost weightage, y which was used to combine the segment cost and the 

pixel cost, was the last parameter in the cost aggregation stage. Line graph in Figure 4.16(a) 

indicated when the value y was increased from 0.0001 to 0.0008, the accuracy line graph 

was stabilised. From 0.0010 to 0.03 there was a significant increase in the accuracy of the 

line graph. When the value, y was equal to 0.008, the lowest average accuracy obtained was 

15.5% for all error and 5.99% for nonocc error. The disparity map was compared to three 

measurements: y = 0.0001, y = 0.0008, and y = 0.03 as seen in Figure 4.16(b). When 

compared to y = 0.03 with y = 0.0008, the implementation of this parameter greatly 

diminished the salt and pepper noise. Hence, the stage 1 final values were used as the 

parameters in the cost aggregation studies. 

Stage 3 - Disparity selection: At this stage, there was no parameter employed and 

the disparity selection was based on the WT A method. The WT A technique was used to 

determine the amount of disparity value using the minimum value of the raw data from Stage 

2. '"nn~==== 

Stage 4 - Disparity refinement: The results of the LR consistency checking method, 

i:LR and invalid pixel fill-in, Tep are presented in Figure 4.17. This was composed of the 

black and white pixels which were corresponded as valid and invalid. The valid pixel values 

described in Section 3.6 were employed as substitutes to the white color pixels. The findings 

showed that the TLR produced the lowest average value at TLR = 1.0 meanwhile Tep= 0.3. 

The maximum and lowest accuracy for both line graphs showed only small differences at 

0.1%, as shown in Figure 4.17(a) and Figure 4.17(b). In comparison to TLR = 0.3 and TLR = 

2.3, as depicted in Figure 4.13(c), the algorithm was capable ofidentifying a greater number 

of invalid pixels at TLR = 1.0. Figure 4.17(d) indicates that the disparity maps for Tep having 

an insignificantly qualitative difference when adjusted from 0.001 to 3.00, despite the fact 

that the quantitatively, the value did show some differences. 
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In this research, three vital K-means clustering parameters were selected and 

determined. The first K-means parameter was the radius of the support window denoted by 

Wb· When wh = 41.0, the lowest average accuracy was 9.36% for all errors and 5.25% for 

nonocc errors. When the interval was increased from wh = 3.0 to wh = 41.0, the line graph 

depicted a downward trend, with a little increase in the trend thereafter as shown in Figure 

4.18( a). Figure 4.18(b) shows that the line graph for the number of clusters, s, used in the K­

means did not change significantly between the lowest and highest accuracy, with 0.14% for 

all error and 0.04% for nonocc error. Ats= 32.0, the average accuracy was lowest at 9.22% 

for all errors and 5.21 % for nonocc errors. Next, the third parameter of the K-means 

approach was the iteration, h, with h = 20.0 delivering the lowest average accuracy of9.2% 

for all error and 5.80% for nonocc error. Tlie line graph of the iteration between the highest 

and lowest accuracy was 0.04% for all errol' and 0.03% for nonocc error indicating no 

significant changes. 

The final approach employed in this SMA was the SWF, which comprised of two 

essential parameters: the SWF window radius, r, and the SWF iteration, nr. The parameter r 

was determined to 3 with the lowest average accuracy of 9.04% for all errors and 5.13% for 

nonocc error. When r was adjusted by an interval from r = 3 tor= 21, the accuracy value in 

the tabulated line graph shown in Figure 4.18(d) increased uniformly. The final parameter 

chosen by the SMA was the SWF iteration, which contributed the lowest average accuracy 

at nr = 4 (9.02% for all error and 5.11 % for nonocc error). Figure 4.18(e) shows a tabulated 

line graph depicting a slightly upwards trend in nr accuracy from r = 4 tor= 40. 
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Figure 4.18: Line Graphs of Parameter Selection for K-means and SWF (a) wh (b) s (c) h 

(d) r (e) nr 

The qualitative performance of the K-means and SWF parameters is shown in Figure 

4.19 and Figure 4.20. When the disparity map for K-means, wh was executed for wh = 3, 

wh = 41 and wh = 55, as shown in Figure 4.19(a), the texture was smoother while the edge 
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was well-preserved for wh = 41, especially at the chair in the red box compared with others. 

figure 4.19(b) demonstrates the disparity map was smoother and the area of occlusion was 

improved when the number of clusters, u = 32, as opposed to u = 8 as well as u = 44, 

contributing to an accurate disparity map. The disparity map for K-means iteration, h was 

assessed using experimental values varying from h = 10, h = 20 and h = 55 as shown in 

Figure 4.19(c). There is a minor improvement where the disparity map in the red box for h 

== 20 was smoother and the texture was clearer with an improved occlusion region compared 

to others. 

Figure 4.20(a) displays the disparity map execution for the radius window of the SWF 

parameter, r. Observation indicated that when r = 3, the disparity map exhibited a significant 

improvement in terms of texture and edge. The smoothing and sharpening of the chair's 

edges were visibly observed in the red box region compared to other regions where the chair 

was oversmoothed by the increase size of radius window. Figure 4.20(b) shows the SWF 

iteration disparity map, which concluded the parameter selection study. The occlusion was 

minimised when nr = 4. This was visible within the red box region. While increasing nr to 

nr = 24 and nr = 40, the texture and edges were oversmoothed, resulting in an inaccurate 

disparity map. 

The final values from stages l, 2, and 3 were employed as evaluations for the disparity 

refinement parameters. The disparity maps had a great number of invalid pixels at the 

beginning of the selection process, therefore producing lower quality disparity maps. 

However, as more optimal settings were continuously applied to the parameters of the 

proposed algorithm, the disparity maps became clearer and sharper, improving the depth 

maps' quality and accuracy. Table 4.1 provides an overview of the parameters used and 

respective values in this thesis. 
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4.3 

Table 4.1: Summary of Parameters Used in This Work 

Algorithm Stage 

Stage 1 
Matching Cost 

Stage 2 
Cost Aggregation 

Stage 3 
Disparity Selection 

Stage 4 
Disparity Refinement 

Parameters 

TAD: er Ao= 0.7, TTAo= 0.8 
GMC: LGM= 2.0 

MCE: WcE = 5, TcN = 7.0, Tctiff = 190, Tedge= 25, crCN= 

0.7, crEo= 0.3 
Pyramid Fusion: k= 3, crLT = 0.5, crLG= 0.5, crLM= 0.7 

iNLGF: wq = 15, wP = 9, n = 3, £= 0.3, wg= 3 

SLIC: s= 16000 

eRWR: ere= 10.0, Te= 0.1, c= 0.00175, cry= 65, Ty= 4.6, 
t= 25 
Segment cost weight: y= 0.0008 

WTA 

L-R check: TLR= 1.0 
lnvalid pixel fill ing: TcF= 0.3 

K-means: wh= 41, u= 32, h = 20 
SWF: r= 3, nF 4 

This section is essential for establishing and justifying the validity of the proposed 

research work. As stated earlier in this chapter, three prominent benchmarking databases 

were employed to determine the algorithm's adaptability. The performance of each stage was 

validated using both quantitative and qualitative of training datasets based on Middlebury 

2015 evaluation. The algorithm was then employed on the Middlebury 2015 testing datasets, 

the KIITI 2015 training and testing datasets, the UTeMLab-Stereo datasets and 3D 

reconstruction. 

4.3.1 Every Stage Performances 

In this research, the performance for every stage was validated and analysed using 

the fmal parameter setting published in Table 4.1. The evaluation was carried out by 
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observing the average error accuracy for all error and nonocc error, as well as determining 

the quality of the disparity map view. 
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Figure 4.21: Quantitative Performance of GM with GMC (a) all errors (b) nonocc 

errors 
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all= 41.5%, nonocc = 35.0% all= 40.3%, nonocc = 34.0% 

Figure 4.22: Qualitative Performance of GM with GMC for Middlebury Images ArtL, 

MotorcycleE and Teddy 

Stage 1: The evaluation was performed at this stage to determine the efficiency of the 

parameters in cost matching, the accuracy between GM and GMC, the accuracy between 

MCT and MCE, the performance of single cost, the achievement of multiple costs, which 

included TAD+GMC+MCE, and the performance of PPF. Figure 4.21 shows the 
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performance average error of all error and nonocc error for GM and GMC based on 

Middlebury training dataset. It was proven that the average accuracy of all error was 

improved by 1.4% from 57.6 to 56.2 and nonocc error by 1.2% from 52.2% to 51.0% when 

applying the GMC instead of GM. The accuracy had increased significantly, particularly for 

image with radiometric differences constraint such MotorcycleE, which reduced all error 

from 59.9% to 46.8% (3.1 % change) and dropped nonocc error from 56.4% to 42.3% (4.1% 

change). The qualitative performance of GM and GMC is presented in Figure 4.22. In 

particular, the salt and pepper noise were distributed more uniformly at the edges and the 

texture for GMC was smoother. This can be seen clearly in the red box region for the 

disparity map of ArtL, MotorcycleE and Teddy. When GMC was introduced, the area with 

the black background for the GM was enhanced and reP.laced with a smoother background. 

Figure 4.23 subsequently presents the MCT and MCE experimental results. When 

the MCE was being used instead of the MCT, the average accuracy increased from 42.2% 

to 40.9% (l.3% change) for all error and from 34.8% to 33.5% (1.3% change) for nonocc 

error. Thus, the MCE demonstrated the ability to improve the accuracy and reduce errors. 

The disparity map between the MCT and MCE for three images: Jadeplant, MotorcycleE, 

and Vintage, is displayed in Figure 4.24. There were numerous low texture regions in the 

images of Jadeplant and Vintage, which implied that the texture in the red box region of the 

MCE disparity map was sharper, and the edge was well preserved compared to the MCT. 

Radiometric differences between the left and right images were visible in the MotorcycleE 

image. In general, the texture was smoother in the MCE disparity map than in the MCT 

disparity map, as shown by the red box region. 

Then, the performance of each single matching cost and the multiple matching cost 

(TAD+GMC+MCE) was analysed as shown in Figure 4.25. The line graph showed the 

multiple matching cost was producing the highest average accuracy for both all error and 
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nonocc error compared with the single matching cost. The single matching cost accuracy for 

all error was TAD (117%), GMC (64.2%), MCE (51.4%), and for nonocc error was TAD 

(117%), GMC (59.5%), and MCE ( 45.3%). Meanwhile, the multiple matching cost accuracy 

was 44.5% for all error and 37.4% for nonocc error. Hence, this showed a significant 

improvement in the average accuracy from 6.9% to 72.5% for all error and from 7.9% to 

79.6% for nonocc error. This also clearly indicated the efficiency of combined matching 

costs, which were capable of improving the accuracy of the SMA especially in the matching 

cost stage. 
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Figure 4.23: Performance ofMCT with MCE (a) all errors (b) nonocc errors 
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Figure 4.24: Qualitative Performance ofMCT with MCE for Middlebury Images 

Jadeplant, MotorcycleE and Vintage 

Figure 4.26 depicts the three disparity maps of Middlebury Jadeplant, MotorcycleE, 

and PianoL for qualitative performance when comparing single matching cost against 

multiple matching cost. The TAD single matching cost had the most severe disparity map, 

followed by GMC and MCE. This was expected due to the fact that the TAD used only per-

pixel differences, meanwhile the GMC used directional pixel gradient differences, and the 
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MCE employed the brightness variation between neighbouring pixels. Despite the fact that 

the GMC disparity was smoother than TAD, the texture was blurry and there were numerous 

horizontal streaks in comparison to the MCE, which showed finer texture and boundaries. 

Therefore, multiple matching costs comprised of the optimum disparity map, which 

generated a sharper texture by reducing horizontal streaks and preserving edges, as displayed 

by the region within the red box. 
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Figure 4.25: Performance of Single Matching Cost with Multiple Matching Cost (a) all 

errors (b) nonocc errors 
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Figure 4.26: Qualitative Performance ofMCT with MCE for Middlebury Images Jadeplant, MotorcycleE and PianoL 
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Figure 4.27: Performance of PPF and without PPF (a) all errors (b) nonocc errors 

The final performance analysis in the matching cost was the implementation of PPF 

to combine the multiple costs in the pyramid approach. This was also the implementation of 

balancing parameter O"LT, O"LG• and O"LM in the PPF. Figure 4.27, which shows the line graph 

of average accuracy for each image in the Middlebury training dataset. The results showed 

that there was an improvement in all error accuracy from 40.9% to 37.0% (3.9% change) 
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and nonocc error from 33.3% to 28.8% (4.5% change), especially for Jadeplant and Vintage 

image, which showed a significant improvement. Figure 4.28 is a presentation of the 

qualitative performance of the PPF consisting of the disparity maps for the Middlebury 

Jadeplant, Playroom, and Vintage environments. 

Image NoPPF AfterPPF 

Jadeplant 

Playroom 

Vintage 

all= 71.9%, nonocc = 68.0% 

Figure 4.28: Qualitative Performance of PPF and without PPF for Middlebury Images 

Jadeplant, Playroom and Vintage 
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Table 4.2: Quantitative Performance all errors of GM, GMC, MCT and MCE Matching Cost Based on Middlebury Training Dataset 

Method Avg Ad iron ArtL Jadepl Motor MotorE Piano PianoL Pipes Playrm Playt PlaytP Recyc Shel vs Teddy Vintge 

GM 57.6 48.2 54.4 127 52.8 59.9 41.7 59.4 58 63.2 51.8 49.4 37.8 37.1 41.5 86.4 

GMC 56.2 48.2 50.2 131 47.2 46.8 42.3 55.9 54.5 59.8 51 48.7 40.6 37.9 40.3 101 

MCT 42.2 35.5 39.9 101 32.5 31.1 30.4 46.9 40.8 46.5 40.8 32.8 30.2 31 28 87.3 

MCE 40.9 34.2 39 98.3 30.9 30.2 29.3 46.8 39.9 44.8 39.6 31.8 28.4 30.1 26.7 83.7 

Table 4.3: Quantitative Performance nonocc errors of GM, GMC, MCT and MCE Matching Cost Based on Middlebury Training Dataset 

Method Avg Ad iron ArtL Jadepl Motor MotorE Piano 1PianoL Pipes Playrm Playt PlaytP Recyc Shelvs Teddy Vintge 

GM 52.2 45.9 43.6 118 48.6 -56.4 38.3 57.3 49.9 51.1 47.3 44.7 35.2 35.7 35 82 

GMC 51 45.9 38.8 124 42.7 42.3 39.2 53.8 46.2 47.5 47 44.4 38.2 36.6 34 98.8 

MCT 34.8 32 25.5 83.7 26.2 24.7 26.3 44.1 29.6 32.4 35.3 26.7 27.1 29.2 20.3 84.2 
MCE 33.3 30.5 24.4 81.2 24.5 23.7 25.2 44 28.6 30.7 34.1 25.6 25 .1 28.2 18.8 80.5 

Table 4.4: Quantitative Performance all errors of Single Cost and Multi-cost Matching Based on Middlebury Training Dataset 

Method Avg Ad iron ArtL Jadepl Motor MotorE Piano PianoL Pipes Playrm Playt PlaytP Recyc Shelvs Teddy Vintge 

Single-TAD 117 108 132 224 113 144 76.3 106 108 142 99.5 98.8 74.8 88.6 99.8 137 

Single- GMC 64.2 53.4 56.7 140 57 59.6 47.8 59.3 63.5 69.4 57.6 55 43.7 41.8 47.3 128 

Single- MCE 51.4 46.2 46.1 105 43.4 43 .2 38.8 50.8 47.1 57.3 52.7 44 41.1 41.1 36.9 99.5 

Multi-cost 40.9 34.2 39 98.3 30.9 30.2 29.3 46.8 39.9 44.8 39.6 31.8 28.4 30.1 26.7 83.7 
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Table 4.5: Quantitative Performance nonocc errors of Single Cost and Multi-cost Matching Based on Middlebury Training Dataset 

Method Avg Ad iron ArtL Jadepl Motor MotorE Piano PianoL Pipes Playrm Playt PlaytP Recyc Shelvs Teddy 

Single -TAD 117 110 135 227 114 149 73.6 105 107 133 97.7 97.l 75.5 88.8 96.8 

Single- GMC 59.5 51.4 46.3 134 53.3 56.2 44.8 57.l 56.6 58 53.8 51 41.4 40.6 41.4 

Single-MCE 45.3 43.9 33 93.9 38.3 38.l 34.8 48 37.9 43 .1 48.4 39.l 39.1 39.7 29.7 

Multi-cost 33.3 30.5 24.4 81.2 24.5 23.7 25.2 44 28.6 30.7 34.1 25.6 25.1 28.2 18.8 

Table 4.6: Quantitative Performance all errors of PPF ahd without PPF Based on Middlebury Training Dataset 

Method Avg Ad iron ArtL Jadepl Motor "MotorE Piano PianoL Pipes Playrm Playt PlaytP Re eye Shel vs Teddy 

NoPPF 40.9 34.2 39 98.3 30.9 30.2 29.3 46.8 39.9 44.8 39.6 31.8 28.4 30.l 26.7 

PPF 37 31.9 35 .9 83.7 26.2 27 26.9 43.7 35.7 42.4 39.2 29.9 27.9 30.6 24 

Table 4.7: Quantitative Performance nonocc errors of PPF and without PPF Based on Middlebury Training Dataset 

Method Avg Ad iron ArtL Jadepl Motor MotorE Piano PianoL Pipes Playrm Playt PlaytP Recyc Shelvs Teddy 

NoPPF 33.3 30.5 24.4 81.2 24.5 23 .7 25.2 44 28.6 30 .7 34.l 25.6 25.l 28.2 18.8 

PPF 28.8 28 20.5 62.9 19.l 20 22.6 40.6 23 .7 28. l 33.5 23.5 24.6 28.7 16 
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132 
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When compared with the disparity that existed without PPF, the low texture of the 

leaf of the Jadeplant appeared to be smoother and more visible in the area highlighted by the 

red box. In the meantime, the PPF disparity map for the Playroom displayed the shelves 

along the background, and the texture was more apparent, and reduced down the horizontal 

streaks in the red box region of the Vintage disparity map. The average value accuracy of all 

errors and nonocc error is displayed in Tables 4.2 and 4.3 for GM, GMC, MCT, and MCE 

respectively. Then, Table 4.4 and Table 4.5 display the average value accuracy of all error 

and nonocc error for both single cost and multiple cost settings, respectively. Following this, 

Table 4.6 and Table 4. 7 summarises the average value accuracy of all error and nonocc error 

for the PPF implementation in the matching cost stage, respectively. 

Stage 2: There were four performance evaluations executed in the cost aggregation 

to determine the optimal aver~e accuracy for iGF, iNLGF, eRWR, and hybrid random 

aggregation (HRA: iNLGF + eRWR). Figure 4.29(a) shows the average accuracy result for 

all error between iGF, iNLGF, eRWR, and HRA. The all error was at its lowest when the 

SMA employed only the iGF, which contributed to 37.5% accuracy. However, when the 

SMA used the new enhanced iNLGF, all error was increased to 34.6% with a 2.6% 

improvement. The algorithm produced all error at 17.4% when the algorithm used only 

eR WR, but when the HRA was employed with a combination of iNLGF and eRWR, all error 

was improved by 1.9%, from 17.4% to 15.5%. There was a significant increase in all error 

from iGF to HRA at 22.0%, down from 37.5% to 15.5%. Meanwhile, Figure 4.29(b) 

presents the accuracy of nonocc error between iGF, iNLGF, eRWR, and HRA. The line 

graph for nonocc error trend was similar to that of all error; the lowest nonocc error was the 

iGF at29.3%, followed by the iNGLF at26.0%, the eRWRat6.47%, and the HRA at 5.99%. 

Furthermore, there was a massive improvement in nonocc error from iGF to HRA, resulting 

in an accuracy difference of23.31% for the disparity map between iGF and iNLGF. 
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iGF vs iNLGF vs eRWR vs HRA Against all Error(%) 
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Figure 4.29: Performance of Cost Aggregation for iGF, iNLGF, eRWR and Hybrid Cost 

Aggregation (iNLGF + eRWR) Based on Middlebury Dataset (a) all errors (b) nonocc 

errors 

150 



Image 

Motorcycle 
E 

PianoL 

PlaytableP 

iGF iNLGF 

all= 28.8%, nonocc = 22.5% all= 25.2%, nonocc = 18.6% 

Figure 4.30: Qualitative Performance of iGF and iNLGF for Middlebury Images 

MotorcycleE, PianoL and PlaytableP 

Figure 4.30 displays the Middlebury MotorcycleE, PianoL, and PlaytableP disparity 

map between iGF and iNLGF. All of these images were influenced by illumination variations 

and radiometric differences. Based on the result obtained, the disparity map for iNLGF was 

of better quality (i.e., reduced blur), with the edges and shapes of the MotorcycleE, PianoL, 

and Playtable were preserved compared with the iGF. The horizontal streaks on the disparity 
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map; PianoL, in the area of the lamp, were significantly reduced and visibly apparent for 

qualitative evaluations. 

Image After HRA (iNLGF + eR WR) 

.. . 
ArtL 

PianoL 

f 1 

Playtable 

•••. ,tr 
all= 29.7%, nonocc = 18.3% all= 17.3%, nonocc = 10.4% 

Figure 4.31: Qualitative Performance of eR WR and HRA for Middlebury Images ArtL, 

PianoL and Playtable 
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Table 4.8: Quantitative Performance all errors of Cost Aggregation Analysis Based on Middlebury Training Dataset 

Method Avg Ad iron ArtL Jadepl Motor MotorE Piano PianoL Pipes Play rm Playt PlaytP Recyc Shelvs Teddy 
iGF 37.5 31.4 35.6 89.8 26.8 26.8 26.4 41.9 36.2 42.3 38.4 28.8 27.7 29.7 23.7 

iNLGF 34.6 28.1 34.3 85 24 24.2 23.4 38.5 33.7 40.2 35.5 25.2 25.9 27.5 21 

eRWR 17.4 6.7 25.7 46.9 11.7 11.4 9.47 19.6 22.9 25.8 29.7 11 5.99 12.3 11.6 

HRA: iNGF + eR WR 15.5 5.2 23.8 41.1 11.2 11.3 8.87 15.9 20.5 25.6 17.3 10.6 5.61 12 10.8 

Table 4.9: Quantitative Performance nonocc errors of Cost Aggregation Analysis Based on Middlebury Training Dataset 

Method Avg Ad iron ArtL Jadepl 
iGF 29.3 27.5 20.3 68 

iNLGF 26 23.9 18.4 61.3 
eRWR 6.47 2.96 5.73 15.3 

HRA: iNGF + eRWR 5.99 2.8 5.72 14.9 
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Figure 4.31 examines the qualitative disparity map findings when using only eR WR 

and HRA. The results were comprised of Middlebury ArtL, PianoL, and Playtable, which 

exhibited an improvement in areas with low texture, occlusion, and discontinuity. The HRA 

approach detected the head and circle on the Artl disparity map with much less occlusion 

than the eRWR approach independently. Compared to the eRWR, the region with 

illumination variations around the lighting for PianoL had also been corrected and improved. 

The low texture region in the red box of the PlaytableP disparity had been efficiently 

recovered, the occlusion had been improved, and the edges had been preserved. Both the 

eRWR and HRA disparity maps were able to recover and improve the discontinuity regions 

just as well because both used eRWR. Tables 4.8 and 4.9, respectively, present the average 

value accuracy of all error and nonocc error for iGF, iNLGF, eRWR, and HRA. 

Stage 3: The minimum cost volume value obtained in the cost aggregation stage 

provided a solid basis for the selection and optimization of raw data for disparity value at 

this stage. The average accuracy for all errors was 12.7%, and 5.83% for nonocc error, as 

determined by the quantitative evaluation. Similar to Emlek et al. (2018), Q. Li et al. (2018), 

and Zhou et al. (20l9), this technique used the WTA method, which was the best strategy 

for maximising the disparity selection for the local method. The WT A approach was 

presented in Appendix A, which used the raw data collected at each location during the cost 

aggregation stage to determine the minimum number of raw data required to determine the 

disparity value for stage 4. 

Stage 4: Figure 4.32 and Figure 4.33 display the performance evaluation for the 

disparity refinement. Based on the line graph in Figure 4.32(a), the initial evaluation was the 

left and right check consistency to detect the invalid pixels in the disparity map. The average 

accuracy was 5.83% for nonocc error and 12.7% for all error. Afterwards, the invalid fill-in 

pixel was applied, replacing any detected invalid pixels from the left and right check 
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processes. This was accomplished using the median interpolation technique. The average 

accuracy at this point for all error was 12.6%, and for nonocc error was 5.82%, shown in 

Figure 4.32(b ). The disparity map's left and right checks for consistency only detected a 

minor invalid pixel, as both errors only contributed a 0.1 % accuracy improvement. 

Figure 4.32( c) exhibits the quantitative fmdings for all and nonocc errors for Stage 4 

using the K-means clustering. The settings and parameters used in the rest of the stages were 

those described in Section 4.3. There was a significant improvement in average accuracy 

when the SMA used the K-means clustering to refme the disparity map after invalid pixel 

fill-in. This can be compared with the results from Figure 4.32(b), which indicates the result 

of the disparity accuracy without the clustering techniques. The average accuracy was 

improved by 3.4% fr all error from 12.6% to 9.2% anel by 0.62% for nonocc error from 

5.82% to 5.20%. According to the result, the K-means clustering was proven as excellent to 

decrease the error rate and provide a quality disparity map. 

Finally, the SWF was the last strategy that was utilised in the disparity refinement, 

and contributing significantly to the results obtained which were displayed in Figure 4.32( d). 

The SWF was tested in order to observe the disparity map's various impacts while preserving 

the edges and also smoothing them out. When the SWF was implemented, the average 

accuracy value showed an increase of 0.18%, falling significantly from 9.20% to 9.02% for 

all error, and 0.09%, falling from 5.20% to 5.11 % for nonocc error. However, the disparity 

refinement (left and right checks, median interpolation, K-means clustering, and SWF) 

showed a significant improvement in accuracy by 3.68% for all error and 0.72% for nonocc 

error. In summary, the proposed K-means and SWF (Hierarchical Cluster-Edge) in this 

research was successful to increase the accuracy and reduce almost all errors in all of the 

Middlebury training images compared to those without clustering and filtering. 
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Figure 4.33: Qualitative Performance of Disparity Refinement Stage for Middlebury Images ArtL, PlaytableP and Teddy 



Figure 4.33 depicts the qualitative performance outcome of three disparity maps 

during the disparity refinement stage for Middlebury ArtL, PlaytableP, and Teddy. The aims 

of disparity refinement were to enhance low texture regions, occlusions, horizontal artefacts, 

texture smoothing, and the preservation of edges. Based on the qualitative result, there were 

visible occlusions and horizontal artefacts in the disparity maps after the left-right checks 

and median interpolation invalid pixel fill-in. When the K-means clustering was performed 

based on the input image, the area of occlusion and horizontal artefacts was greatly 

improved, as shown in the red box regions. Additionally, the texture and edge of the brush 

in ArtL disparity and the table in PlaytableP disparity were well preserved, which contributed 

to a large accuracy improvement of all error by 14.96% for ArtL and 4.21% for PlaytableP. 

The final implementation of SWF further reduced the horizontal artefacts, smooths the low 

texture, and improves the sharpness of the edges, which can be seen in the three disparity 

maps. Tables 4.10 and Table 4.11 present the average accuracy values of all error and nonocc 

error for the disparity refinement beginning with the left and right consistency checks, 

followed by median interpolation invalid pixel fill-in, K-means clustering, and finally the 

SWF. 

In this section of the thesis, error improvements on every stage of algorithm 

development are explained. Table 4. J 2 presents the findings of all error and nonocc error 

based on the sequential algorithm transformation at every stage. Fundamentally, Stage 1 

possessed high error rates when pixel matching was used. Once Stage 2 (HRA) was applied, 

the number of errors was drastically reduced. In Stage 3, the cost volume was optimised and 

the disparity value was able to be selected. The remaining noise was then refined and 

eliminated in Step 4, delivering the final disparity map and average accuracy. Figure 4.34 

presents images of the results from every stage. 
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Table 4.10: Quantitative Performance all errors of Disparity Refinement Analysis Based on Middlebury Training Dataset 

Method Avg Ad iron ArtL Jadepl Motor MotorE Piano PianoL Pipes Playrm Playt PlaytP Re eye Shelvs Teddy 

L-R check 12.7 3.93 24.2 36.5 7.66 7.76 6.6 12.3 17.8 18 14.8 7.71 3.73 10.5 9.16 

L-R check + Invalid 
12.6 3.92 24.2 36.5 7.64 7.74 6.58 12.3 17.8 18 14.8 7.7 3.71 10.5 9.15 pixel fill-in 

L-R check+ Invalid 
pixel fill-in + K- 9.2 4.15 9.25 31.3 7.67 7.11 4.58 10.5 14.2 9.1 6 10.8 4.63 3.87 9.61 3.49 
means clustering -
L-R check + Invalid l 

11'
1 

II 
11 I 111 1 ,-

.., 

pixel fill-in + K-
9.02 4.01 8.94 30.9 7.59 7.07 4.4 10.2 13.9 8.56 10.8 4.51 3.79 9.54 3.46 means clustering + 

1111 SWF r- I. I Ill I /':\">.· 

Table 4.11 : Quantitative Performance nonocc errors of Disparity Refinement Analysis Based on Middlebury Training Dataset 

Method Avg Ad iron ArtL Jadepl Motor MotorE Piano PianoL Pipes Playrrn Playt PlaytP Reeve Shelvs Teddy 

L-R check 5.83 2.58 5.53 15.1 4.21 3.87 3.95 10.6 7.06 5.68 10.3 3.12 2.78 9.09 2.26 

L-R check + Invalid 
5.82 2.56 5.51 15.1 4.19 3.85 3.92 10.6 7 .06 5.65 10.3 3.11 2.75 9.08 2.24 pixel fill-in 

L-R check+ Invalid 
pixel fill-in + K- 5.2 2.42 4.78 12.4 4.05 3.62 3.44 9.51 6.93 4.76 8.23 2.9 2.56 8.96 2.15 
means clustering 
L-R check + Invalid ..... -
pixel fill-in + K-

5.11 2.32 4.69 12.3 4 3.6 3!33 ~ 9.28 6.76 4.66 8.14 2.83 2.45 8.9 2.12 means clustering + -• le SWF ....._ ,r; -

Vintge 
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Figure 4.34: Stage-by-Stage SMA Transformation from Matching Cost until Disparity Refinement 



Table 4.12: Summary of Stage-by-Stage SMA Improvement 

Matching Cost 
Cost Disparity Disparity all errors nonocc 

No Aggregation Selection Refinement (%) errors(%) 

a Left Stereo Image 

b TAD None WTA None 117.00 117.00 

c TAD+GM None WTA None 57.60 52.20 

d TAD+GMC None WTA None 56.20 51.00 

TAD+GMC 
None WTA None 42.20 34.80 e 

+MCT 

f 
TAD+GMC 

None WTA None 40.90 33.30 
+MCE 

TAD+GMC+ 
None WTA None 37.00 28.80 g 

MCE+PPF 

h 
TAD+GMC+ 

iNLGF WTA None 34.60 26.00 
MCE+PPF 

i 
TAD+GMC+ 

iNLGF + SLJC!> WTA None 16.30 16.90 
MCE +PPF 

- 1~ ~'-

11- ,- '-

TAD+GMC+ iNLGF+ sue ~-
, 

j 
MCE +PPF +Graph Seg = WTA None 19.20 9.95 

iNLGF+SLIC 
~ I I \._ 

I~ 
I II 

k 
TAD+GMC+ 

+ Graph Seg +.= WTA....._ None _ IJ 05.50 5.99 
MCE +PPF 

eRWR 
,_ 

TAD+GMC+ 
iNLGF+ sue 

1 +Graph Seg + WTA 1
- L-RCheck 

::;;Iii 
12.70 5.83 

MCE +PPF 
eRWR - ,_ 

,, .... l"I•-
L-R Check + IVi 

I"----"• I"\ 1'6'. 

TAD+GMC+ 
iNLGF+SLTC 

m 
MCE+PPF 

+Graph Seg + WTA Median 12.60 5.82 
eRWR Interpolation Fill-in 

iNLGF+SLIC 
L-RCheck + 

TAD+GMC+ Median 
n +Graph Seg+ WTA 

Interpolation Fill-in 
9.20 5.20 

MCE+PPF 
eRWR 

+ K-means Cius 

L-RCheck + 

TAD+GMC+ 
iNLGF+ SLlC Median 

0 
MCE+PPF 

+Graph Seg + WTA lnterpolation Fill-in 9.02 5.11 
eRWR + K-means Cius+ 

SWF 
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Table 4.12 shows the performance of each stage in the proposed algorithm based on 

the quantitative measurement of the Middlebury Stereo Benchmarking. When generating the 

initial disparity maps, the single TAD algorithm generated a lot of noise, especially the salt 

and pepper noises, and horizontal artifacts, which contributed to the high value of all and 

nonocc errors. However, the combination of TAD and GM was able to reduce the noises by 

59.4%, and they were further reduced by 1.4% when the GM was replaced with GMC. The 

texture was improved but still blurry, and there were numerous horizontal streaks. The 

matching cost was then combined with the MCE and the PPF, which contributed 

significantly to noise reduction by 21.6%. The implementation of MCE contributed to finer 

texture and boundaries. Consequently, the optimum disparity map was composed of several 

matching costs which delivered a sharper texture by minimising the horizontal streaks and 

preserving the edges. 

When stage 2 was introduced, the noises were significantly reduced even 

further. This demonstrated the significance of stage 2 to the proposed algorithm. The 

implementation of iNLGF contributed to a reduction of noise of 2.4% for all error, while 

still preserving the edges and shapes. The iNLGF was also resistant to radiometric variations 

and horizontal streaks. The combination of iNLGF and eRWR under HRA further reduced 

the noise in the disparity map by 19.1% for all error and 20.01% for nonocc error. The 

findings clearly showed that the combination of the aggregation methods of iNLGF and 

eRWR performed better compared with the application using only filter-based aggregation. 

Concisely, the HRA was successful to correct the illumination variations, recovered the low 

texture regions and improved the occlusion. ln addition, the HRA was also able to recover 

and improve the discontinuity regions. 

The noise was further reduced at stage 4, when the left-right consistency check and 

median interpolation for pixel fill were employed. There was an improvement in accuracy 
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of 2.9% for all error and 0.17% for nonocc error. A hierarchical cluster-edge method based 

on K-means clustering and SWF was added, resulting in a noise reduction of 3.8% for all 

error and 0.7% for nonocc error. This resulted in producing a hierarchical cluster-edge 

method which improved the area of occlusion and horizontal artefacts, preserved the texture 

and edge, reduced the horizontal artefacts, and smoothed the low texture. As a result, the 

cooperation of all stages showed 5.11 % for nonocc error and 9.02% for all error. 

4.3.2 Standard Benchmarking Dataset and Real Stereo Images Performances 

The capability of the proposed work in this research is described and validated in this 

section. Three databases were employed, as stated earlier, to demonstrate the adaptability 

of the proposed algorithm. The performance of the proposed algorithm was evaluated using 

the Middlebury datasets (i.e., training and testing images), the KITTI datasets (i .e., training 

and testing images), and the UTeMLab-Stereo images. The results from these databases were 

compared and discussed with several established methods accordingly . 

• !i;Jl.o ;c..- .. ..J.,.o\ \,!: · =?=t._ .. .......;· :::' ::::~=lw ~ .r ~ J 
19• u .. .. '1..;;;'-· v ' ... .. 

4.3.2.1 Middlebury Dataset T "' . vc:. 

In this thesis, the performance of the SMA was evaluated qualitatively based on the 

Middlebury training and test datasets, as shown in Figures 4.35 and 4.36. As shown in Tables 

4.13 and 4.14, the SMA was also compared with other established SMA quantitative 

performances in descending order. The other SMA approach was comprised of many 

categories, including local, global, semiglobal, and machine learning, as described in 

Chapter 2. The input images, resolution, disparity range, ground truth, and disparity maps, 

which comprise 15 datasets in the training and test of the Middlebury Stereo dataset, were 

presented in Figures 4.35 and 4.36. All the input images in the dataset had distinctive 

characteristics and resolutions. The characteristics and resolutions of the final results were 
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influenced by the disparity maps that were produced. These characteristics depended on the 

input images, such as the Jadeplant, Motorcycle, Playroom, Piano, and Shelves, which were 

utilised for complex scene artifacts. Meanwhile, the Adirondack, Recycle, and Vintage 

images were used to distinguish foreground objects from background objects. The images of 

the Motorcycle, Pipes, and Teddy were deployed to challenge the regions of depth 

discontinuity. The MotorcycleE and PianoL were used to evaluate the performance in terms 

of variation in illumination and radiometric differences. 

Figure 4.35 displays the strong disparity maps of the SMA, which exhibit the 

contours and disparity regions smoothly and closely with the ground-truth disparity map. 

Large low texture regions were observed in The Piano, Playtable, and Recycle as well. On 

the contrary, the proposed SMA showed outstanding disparity maps result. The ,foreground 

objects were clearly distinguished from the background with exact contours and precise 

disparity values in accordance with respective to the depth order, based on the outcomes of 

the proposed SMA for the Adirondack, Jadeplant, Motorcycle, Playtable, and Recycle 

images. Further, the disparity map for images containing com_pJex scene features, such as 

Jadeplant, Playroom, Pipes, and Shelves were reconstructed based on their respective depths 

and provides acceptable disparity in depth discontinuity regions. The images containing 

illumination variations and radiometric differences, for example, the MotorcycleE, Piano, 

and PianoL also produced as smooth disparity maps with detailed and clear contours. The 

Middlebury test dataset for disparity map outcomes is displayed in Figure 4.36. For the 

images of Australia, AustraliaP, Bicycle2, Classroom2, Classroom2E, Computer, Djembe, 

DjembeL, Hoops, Livingroom, Newkuba, Plants, and Stairs, smooth disparity maps were 

produced and reconstructed based on their respective depths. The performance of the 

proposed SMA in the two Middlebury datasets indicated the achievement of the effort to 

develop a precise local SMA for disparity mapping. 
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Image 
Res(Dmax) 

Adirondack 
718x49 

(73) 

ArtL 
347 x 277 

(64) 

Jadeplant 
659x497 

(160) 

Motorcycle 
741 x497 

(70) 

MotorcycleE 
741x497 

(70) 

Piano 
707x481 

(65) 

PianoL 
707 x 481 

(65) 

Left image Ground truth Result 
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Pipes 
735 x 485 

(75) 

Playroom 
699 x476 

(83) 

PlaytableP 
699 x 476 

(83) 

Recyle 
720x486 

(65) 

Shelves 
738 x 497 

(60) 

Teddy 
450x 375 

(64) 
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Vintage 
722x480 

(190) 

Figure 4.35: The Result of the Middlebury Training Dataset 
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Image 
Res D 

Australia 
715 x 492 

(73) 

AustraliaP 
715 x 492 

(73) 

Bicycle2 
713 x 488 

(63) 

Classroom2 
750 x 474 

(153) 

Classroom2E 
750 x 474 

(153) 

Computer 
322 x 277 

(64) 

Crusade 
720x474 

(200) 

Left image 
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CrusadeP 
720x474 

(200) 

Djembe 
719 x 494 

(80) 

DjembeL 
719 x 494 

(80) 

Hoops 
721 x 498 

(103) 

Livingroom 
742x496 

(80) 

Newkuba 
701 x487 

(143) 

Plants 
710x496 

(80) 
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Stairs 
690 x 468 

(113) 

Figure 4.36: The Result of the Middlebury Test Dataset 

Furthermore, the performance of the proposed SMA was quantitatively compared to 

those of other well-established methods, such as the local, global, semiglobal, and machine 

learning methods. Table 4.13 presents the Middlebury training dataset's qualitative 

performance based on all error, whereas Table 4.14 provides the nonocc error. Tables 4.15 

and 4.16 exhibit the qualitative performance of the Middlebury test dataset based on all error 

and nonocc error. The local method comparison consisted of the Adaptive Cross-region 

based Guided Image Filtering (ACR-GIF-OW), Two Phase Optimisation AD-Census and 

Gradient Fusion (ADSG), Multi-Block Matching (MBM), Efficient Large-scale Stereo 

Matching (ELAS_RVC), Recursive Edge-Aware Filters Aggregation (REAF) and Shift 

Adapted Weighted Aggregation and variational completion (DA WA-F). ...J ' 

The global methods comparison include Two-step Energy Minh.nization MRF 

(TSGO), Top-down Cues Stereo Reconstruction (HLSC cor), DP and MRF Multiple 

Disparity Proposal (MDP). Additionally, SGM Precomputed Surface Orientation Priors 

(SGMEPi) and State-of-the-Art SGM (SGM RVC) were the sources of the semiglobal 

method. As for the machine learning algorithm, the methods chosen include the Domain 

Transform Solver (DTS), Cascaded Multi-scale and Multi-dimension CNN (MSMD ROB), 

Dense-CNN, Coalesced Bidirectional Matching Volume (CBMV), Cascaded Regression 

and Adaptive Refinement (CRAR), and End-to-end Hybrid CNN-CRF (JMR). 
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Table 4.13: Quantitative Performance of Middlebury Training Dataset Based on all error% 

Algorithm Method Adiron ArtL Jadepl Motor MotorE Piano PianoL Pipes Playrm Playt PlaytP Recyc Shel vs Teddy Vintge Weight ave 

Proposed SMA Local 4.01 8.94 30.9 7.59 7.07 4.4 10.2 13.9 8.56 10.8 4.51 3.79 9.54 3.46 9.33 9.02 

DTS (Bapat and Frahm, 2019) ML 2.67 18.2 20.3 6.1 6.14 5.24 :.... 7.66 11.7 16.6 8.12 7.69 3.52 4.53 9.62 8.71 9.12 

MSMD_ROB (Lu et al., • )" 
ML 2.85 8.58 45.1 5.12 4.99 / 3.75 7.18 11 6.86 9.74 9.32 2.74 3.56 3.02 9.59 9.2 

2018a) 

ACR-GIF-OW (Kong et al., 
Local 4.53 8.41 22.1 7.93 7.88 

r ,11-
'27.7 11 8.51 16.l 6.6 4.26 13.l 2.86 7.77 9.48 6.361 

2021) •I II I 

JMR (Knobelreiter et al., 
ML 2.17 18 

2017) 
24.7 5.98 6.9 6'.14 [ 7.27 

, 

~!f~ 17.5 8.18 7.44 2.96 7.81 8.98 10.3 9.57 

HLSC_cor (Hadfield et al., 
Global 3.35 9.7 35 6.85 6.87 3.92 7.3 

2017) 
13.8 10.l 16.6 3.9 3.55 11.7 2.99 14.6 9.61 

ADSG (Liu et al., 2021) Local 4.91 9.46 27.9 6.25 6.3 6.59 17.4 - 12.8 12.4 20.9 6.37 4.55 11.l 4.01 9.4 9.98 

-:i MBM (Chang and Maruyama, 
Local 4.39 8.8 37.6 5.76 5.56 6.67 12.4 - 11.8 12.9 12 6.37 3.67 11.8 3.74 14.l 10.1 

2018) 

TSGO (Mozerov and Van De 
Global 2.41 4.71 55.6 5.02 4.77 3.5 16.6 8.88 5.69 20.7 2.95 2.66 8.86 2.88 13.5 10.1 

Weijer, 2015) 

DAW A-F (Navarro and 
Local 4.37 13 44.4 7.29 7.04 3.27 21.7 15.9 8.86 6.39 3.34 2.89 11.l 3.93 6.48 10.6 

Buades, 2019) 

MDP (Li et al., 2016) Global 1.56 7.37 53.8 5.89 6.18 4.0~;-1 =:8:81 14.2 11.0 15.8 4.19 4.00 9.24 3.95 15.2 10.8 

SGMEPi (Scharstein et al., 

2018) 
SGM 5.65 18.2 30.8 9.18 9.02 8.49- '14.7 

< 
15.8 21.0 10.7 9.76 5.80 11.0 10.7 31.9 13.4 

l 
----...... I 
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Table 4.14: Quantitative Performance of Middlebury Training Dataset Based on nonocc error% 

A lgorithm Method Ad iron 

JMR (Knobelreiter et al., 2017) ML 0.92 

DTS (Bapat and Frahm, 2019) ML 1.1 

SGMEPi (Scharstein et al., 2018) SGM 1.72 

MDP (Li et a l., 2016) Global 1.21 

Proposed SMA Local 2.32 

ADSG (Liu et al., 2021) Local 2.35 

ACR-GIF-OW (Kong et al., 2021) Local 3.01 

MBM (Chang and Maruyama, 

2018) 
Local 3.11 

HLSC_cor (Hadfield et al., 2017) Global 2.46 

MSMD_ROB (Lu et al., 2018a) ML 2.5 

DA WA-F (Navarro and Buades, 
Local 2.56 

2019) 

TSGO (Mozerov and Van De 

Weijer, 2015) 
Global 2.02 

ArtL 

2.18 

3.25 

3.36 

3.24 

4.69 

4.97 

3.91 

5.05 

5.41 

5.5 

5.27 

3.07 

Jade pl Motor MotorE 

6.01 1.26 1.27 

10.6 1.5 1.5 

9.72 1.79 1.87 

14.9 2.33 2.36 

12:¥ 4 ~ 3:6' I 

11.4 2.69 

11.2 2.81 

15.7 3.07 

18.l 4.22 

30 3.42 

27.3 3.41 

32.5 3.12 

m l 

~ ~'t·. 
~ ~ 
l> 

2.49 

2.91 

2.93 

4.23 

3.35 

3.29 

2.94 
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.. 
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Algorithm 

Proposed SMA 

ELAS_RVC (Geiger, et al., 
2011) 

MDP (Li et al., 2016) 

SGM_RVC (Hirschmiiller, 
2008) 

CBMV (Batsos et al. , 2018) 

DTS (Bapat and Frahm, 
2019) 

CRAR (Zeng and Tian, 2022) 

REAF (<;ilia, 2015) 

ACR-GIF-OW (Kong et al. , 
2021) 

ADSG (Liu et al., 2021) 

JMR (Knobelreiter et al., 
2017) 

DAW A-F (Navarro and 
Buades, 2019) 

Dense-CNN (Zhang et al. , 
2021) 

Table 4.15: Quantitative Performance of Middlebury Test Dataset Based on all error% 

Method Austr AustrP Bicyc2 Class ClassE Compu Crusa CrusaP Djemb DjembL Hoops Livgrm 

Local 11.2 7.43 8.8 18 22.6 12.2 15.7 16.4 2.91 11 18.6 6.74 

Local 11.7 7.81 6.2 17.3 51.9 10.7 9.27 9.39 2.45 15.1 19.9 9.33 

Global 8.08 5.63 6.62 13.2 21.3 I 11.5 19.8 23.4 2.53 13.4 24.7 9.68 

SGM 11.1 6.09 5.97 17.4 22.l 
rnn11 I ~u I 

rn ~5 21.8 2.31 11.4 13.3 15.8 

I 
ML 7.64 7.28 6.12 18.6 32.7 12 20.8 20.8 2.62 21.2 18.9 8.83 

I Ii I --

ML 7.69 7.4 5.51 17.5 27.9 14.5 33.3 34.8 2.66 5.81 14.2 11.9 

ML 6.54 5.91 4.13 9.99 10.7 7.79 50.5 56.8 1.84 3.98 10.8 7.32 

Local 18.6 11.4 7.1 35.6 54.2 10.6 12. l 10.3 2.11 18.8 16.3 7.51 

Local 11.8 7.95 8.59 11 45.l J 3.I 27 I 26.8 2.24 17.3 23.1 9.18 

Local 12.6 8.84 9.51 18.3 28.8 13.3 23.2 24.7 2.63 18.7 21.5 9.29 

ML 6.72 6.87 6.58 13.2 13. l 13.8 40.3 41.4 2.88 5.81 18 9.67 

Local 9.58 6.51 5.29 13.9 31.4 ~19~4:: 30.5 39.l 1.90 13.3 19.7 15.6 
~ 

------ML 8.20 7.92 6.09 22.7 33.2 [l4.2- 35.8 36.3 3.05 10.3 21.3 12.9 

--

Nkuba Plants Stairs 
Weight 

ave 

12.4 20.7 20.7 13.l 

13.1 26.9 12.5 13.4 

12 19.1 26.3 13.6 

12.2 18.6 13.4 14.2 

16.2 18.6 16.4 14.4 

10.4 10.3 13.9 14.6 

8.17 9.16 12.9 14.7 

13.2 16.2 15.1 15.0 

10.7 16.5 19.2 15.3 

14.3 18.4 23.l 15.6 

15.3 14.5 19.5 15.7 

10.7 21.8 22.0 17.0 

16.7 13.1 17.6 17. I 
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Algorithm 

JMR (Knobelreiter et al., 
2017) 

Dense-CNN (Zhang et al., 
2021) 

DTS (Bapat and Frahm, 
2019) 

CBMV (Batsos et al., 2018) 

MDP (Li et al., 2016) 

SGM_RVC (Hirschmiiller, 
2008) 

Proposed SMA 

ADSG (Liu et al. , 2021) 

DAW A-F (Navarro and 
Buades, 2019) 

ACR-GIF-OW (Kong et al., 
2021) 

CRAR (Zeng and Tian, 2022) 

ELAS_RVC (Geiger et al., 

2011) 

REAF (<;ilia, 2015) 

Table 4.16: Quantitative Performance of Middlebury Test Dataset Based on nonocc error% 

Method Austr AustrP Bicyc2 Class ClassE Compu Crusa CrusaP Djemb DjembL Hoops Livgrm 

ML 2.66 2.67 2.42 1.63 1.93 3.42 2.7 2.59 1.02 3.98 3.86 3.99 

ML 4.03 3.63 1.7 2.92 13.9 (.i'.i4 
I 

2.44 1.93 0.96 7.96 3.98 3.57 

ML 3.82 3.49 1.71 3.06- 13.7 r2.451 1"1 5:34 5.54 1.05 4.07 3.31 3.15 
Iii 11 I ·r 

r I II L 

11 
H ·6 ML 4.27 4.04 2.87 2.3 17 2.88 2.33 0.91 20.1 4.21 3.57 

II L' I 

Global 5.08 3.32 4.07 6.76 12.9 
I I ~ I I 11 
IH?1 Jl4:~~~ 3.39 1.2 12.7 8 3.26 

SGM 8.75 3.88 3.03 5.95 10.4 4.69 5.45 4.51 I.I I 9.94 4.91 6.7 

Local 8.91 5.58 6.15 4.93 9.21 5.5 3.82 3.52 1.97 10.2 7.06 4.46 

Local 9.2 5.71 5.93 6.21 17.6 3.85 4.09 3.43 1.63 17.8 10 6.35 

Local 7.61 4.49 3.36 3.57 '21.6 4.39 4.66 13 I.I 12 10.9 6.53 

Local 7.62 4.99 6.58 4.29 35.5 3.57 6.19 5.49 1.44 17.1 13.7 8.01 
I 

ML 5.19 4.55 3.13 6.11 6.40 
"'-JI.. 

·3.33 - 28.9 32.7 1.15 3.42 6.11 3.87 

Local 9.87 6.00 4.18 12.1 47.8 4.31 ::{91 4.51 1.59 14.9 14.0 6.49 

Local 17.0 9.81 4.32 29.6 46.1 4.62 6.23 4.35 1.39 18.6 8.79 6.51 

Nkuba Plants Stairs 
Weight 

ave 

4.44 3.91 5.5 3.02 

5.56 3.13 5.92 3.63 

3.28 3.33 4.93 3.78 

5.01 6.96 5.27 4.71 

6.41 6.54 10.1 5.28 

5.95 8.64 7.57 5.66 

7.21 10.8 11.9 6.21 

6.98 8.84 11.8 6.90 

6.97 12.3 9.81 7.30 

6.59 7.86 13.5 7.90 

6.23 3.91 6.78 8.63 

9.41 18.3 8.13 9.52 

8.40 7.59 10.4 10.7 



The proposed SMA was ranked highly when compared to the other methods used 

according to the evaluation tables of all error for both training and test datasets. The proposed 

sMA produced an all error rate of 13.10% for the test and 9.02% for the training dataset. 

The closest accuracy for local was the ACR-GIF-OW at 9.48% for training and the 

ELAS_RVC at 13.4% for test. The highest accuracy for the global method was the 

HLSC_cor at 9.61% for training and for the MOP at 13.6% for test, while the semiglobal 

had the highest accuracy at 13.4% for training and at 14.2% for the test, contributed by 

SGMEPi and SGM_RVC. The ML with the best performance was the DTS with a training 

accuracy of 9.12% and CBMV with a test accuracy of 14.4%, which was still less accurate 

than the proposed SMA. Contrary, the nonocc error evaluation tables for both training and 

test datasets indicated the JMR, DTS, SGMEPi, MOP, Dense-CNN, CBMV, and SGM RVC 

were the only methods more accurate than the proposed SMA. However, the proposed new 

SMA remained among the most accurate. Figure 4.37 compares the performance of disparity 

maps with several methods, including ACR-GIF-OW, JMR, HLSC corr, and SGMEPi. The 

results displayed a smooth djsparjty map with clear and detailed contours for the proposed 

SMA in comparison to other method. Hence, the Middlebury datasets indicated the proposed 

SMA outperformed numerous established standard methods on both qualitative and 

quantitative accuracy. 

Appendix B presents the detail of Middlebury dataset results including the input 

images, disparity maps, ground truths, error maps for training, test, and mobile datasets. 

4.3.2.2 KITTI Dataset 

The outdoor KITTI dataset was employed in the experimentation with the proposed 

SMA as well. The purpose of this experiment was to further evaluate the accuracy of the 

proposed SMA. 
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Figure 4.37: Middlebury Qualitative Performance Comparison with Other Methods 



The usage of the KITTI dataset enabled the testing of the algorithm's adaptability 

with more complex real-world stereo images in which the stereo sceneries were subjected to 

unpredictable lighting conditions attributed to the presence of the sun's natural light, vehicles, 

and tree shading. Additionally, the test also include dataset containing vast regions with low 

textures, including the walls, roads, repetitive patterns, and sky. Figure 4.38 exhibits the left 

reference images, the ground truths, and the generated disparity map results from the training 

dataset, whereas Figure 4.39 shows the findings from the KITfl testing dataset with almost 

the same attributes as Figure 4.38, additional error maps, all error percentage, and nonocc 

error percentage. The image sequences were 1242 x 375 in size, with a maximum disparity 

range of 256 levels. 
'A'rS1 

The proposed SMA was able to produce a smooth disparity map and reduced both 

errors of all and nonocc based on the quantitative and qualitative measurement. Smooth 

disparity maps were generated using the dataset's sequential training images, and the ground 

truth's colour texture and contour levels were accurately reflected. The disparity and error 

maps produced from the testing images demonstrated that the _proposed SMA significantly 

improved accuracy in regions exhibiting edge discontinuities and low texture. Table 4.17 

compares the quantitative measurement results, which represents all and nonocc errors, to 

highlight the accomplishment of the proposed SMA through the testing images and other 

relevant methods. The comparison consisted of the Multi-Block Matching (MBMGPU), 

Efficient Large-scale Stereo Matching (ELAS_RVC) and Recursive Edge-Aware Filters 

Aggregation (REAF), which were local method categories. The global methods involved 

Global 3D Triangular Mesh (MeshStereo), while the semiglobal method included Four Path 

SGM (CSCT +SGM+MF). Appendix C presents the detail of KITTI results for training and 

testing datasets. 
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Figure 4.38: The Result of KITTI Training Dataset 
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Figure 4.39: The Result of KITTI Testing Dataset 

all \ nonocc 
error error 

%) (% 

5.36 4.81 

3.76 3.21 

2.38 1.70 

2.56 2.03 

3.05 2.44 

5.88 4.87 

6.97 6.31 

3.23 2.32 
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Table 4.17: Performance Comparison Based on all and nonocc errors from the KITTI 

Algorithm Method 
Average error 

all(%) nonocc (%) 

Proposed SMA Local 7.90 7.07 

Self-Superflow (Bendig et al., 2022) ML 8.06 6.93 

CSCT + SGM +MF (Hernandez-
SGM 

Juarez et al., 2016) 
8.11 6.56 

MBMGPU (Chang and Maruyama, 
Local 8.24 7.47 

2018) 

MeshStereo (C. Zhang et al., 2015) Global 8.29 7.89 

PCOF + ACTF (Derome et al., 2016) ML 8.38 8.03 

PCOF + LDOF (Derome et al., 2016) ML 8.46 8.03 

OASM-Net (Li and Yuan, 2019) ML 8.65 7.39 

ELAS_RVC (Geiger et al., 2011) 8.80 

REAF (<;ilia, 201 5) 9.29 

The Self-supervised Scene Flow (Self-Superflow), Optical Flow Prediction-

Correction (PCOF+ACTF) and (PCOF+LDOF), Cooperative Unsupervised Leaming 

(OASM-Net) were among the machine learning methods used. These outcomes 

established the proposed SMA in the top three of the most accurate methods, with average 

nonocc and all errors at 7.07% and 7.90%, respectively, the lowest accuracy values. Recent 

published methods such OASM-Net (Hernandez-Juarez et al., 2016) and Self-Super:flow 

(Bendig et al., 2022) were outperformed by the proposed SMA. The proposed SMA 

delivered smooth disparity maps and edge contour details for low-textured objects when 

compared with other methods, as exhibited in the red box sections in Figure 4.40. The 

Proposed SMA also was able to recover repetitive patterns on the road surfaces. 
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Figure 4.40: KITfl Qualitative Performance Comparison with Other Methods 



In summary, the KITTI experiment successfully demonstrated that the proposed 

SMA outperformed other well-established, robust methods in both qualitative and 

quantitative comparisons. 

4.3.2.3 Real Stereo Images Performance 

Real stereo images based on UTeMLab-Stereo indoor images were applied to 

evaluate the efficiency performance of the proposed SMA. The stereo sensor was used to 

capture six distinct scenes, each with a different layout and stereo challenges. Figure 4.41 

shows the left and right image for the UTeMLab-Stereo real stereo images which were Kotak, 

Kotak2, Cube, Cube5, Cube22 and Cube33 along with the disparity map result. All of the 

images that were presently show1-i in the UTeMLab-Stereo were captured using the 

Bumblebee BB2 stereo vision camera; these images were not modified in any way and did 

not comprise any kind of image enhancement. The Kotak and Kotak2 exhibited images taken 

with a stereo camera from two different distances. The boxes were organised to reflect the 

texture in the images and these images also had contrasting illumination in regions created 

by various lighting ambient noises. When the stereo camera was nearer to the target, 

a smooth disparity map was obtained and images comprising of illumination regions were 

improved. Moreover, the SMA was capable of determining the various dimensions of the 

targets such as the boxes based on the input images. The disparity map also provided 

information regarding the edge contours of the target area, such as dividing walls and boxes. 

However, the illumination and texture regions were compromised when the stereo camera 

was farther away from the target. 

The images Cube, Cube5, Cube22, and Cube33 featured human representatives, 

various arrangements of objects, and objects of different size, distance, and shape within a 

cube-shaped region. The Cube and Cube5 scenes showed a large brown box in the cubical 

182 



space with different textures of a shirt, waste bin, cubical partition, and chair. On the surface 

floor, these images also indicated significant textureless regions. Furthermore, it was 

difficult to match the plain regions caused by the wall divider's colour. Meanwhile, the 

Cube22 and Cube33 had different places for the trash can, an added object calendar, and a 

different stereo camera location that was either closer or further away. 

Image name Left image Right image 

Kotak 

Kotak2 

Cube 

Cube5 

Cube22 
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Cube33 

Figure 4.41: The Disparity Map Results of the UTeMLab-Stereo Images 

The results, which are displayed in Figure 4.41, demonstrated the capability of 

producing an accurate disparity map in the region comprising of textureless and plainly 

coloured surfaces. A clear and detailed edge contour of the object, such as the human posture, 

chair, waste bin, box, and table in the cubical space, may be visible on the disparity map as 

well. As anticipated, the quality of the disparity map that was produced was poorer when the 

stereo camera location was further away from the objects being captured. This seemed to be 

especially apparent in the region of illumination variations. 

4.3.3 3D Reconstruction from Disparity Map 

The disparity map produced from the proposed SMA can be deployed in a number of 

computer vision applications. The 30 surface reconstruction was one of the stereo vision 

platform's most fundamental applications. Based on the Middlebury dataset and real stereo 

images from UTeMLab-Stereo, this research provided a 30 surface reconstruction 

application to prove the efficiency and the accuracy of the SMA. Figure 4.42 shows seven 

different types of disparity maps and 3D surface reconstructions from the Middlebury and 

UTeMLab-Stereo datasets (Jadeplant, Playroom, Teddy, Australia, Plants, Kotak2, and 

Cube22). Leveraging the Computer Vision Toolkit for analysing images and 3D models, the 

final disparity maps were processed for 3D surface reconstruction. Since there were no 

ground truth images in the Middlebury test and UTeMLab-Stereo datasets, the qualitative 

evaluation was used to evaluate the performance of the SMA. 
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Image 
name 

Jadeplant 

Playroom 

Teddy 

Australia 

Plants 

Kotak2 

Cube22 

Left image Disparity map 3D surface reconstruction 

Figure 4.42: The Disparity Map Results of the 3D Reconstruction Based on Middlebury 

Dataset and UTeMLab-Stereo 

The images from both the test from the UTeMLab-Stereo datasets and the test from 

the Middlebury datasets were precisely reconstructed and the results exhibited the depth 
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contours, which showed good outcomes on the object shapes and dimensions. Based on their 

original dimensions, the plant, vase, and box for the Jadeplant image were mapped precisely. 

The chair and teddy bear in "Playroom and Teddy" were well reconstructed based on their 

respective sizes. Moreover, the implementation of the HR.A and the SWF successfully 

preserved the object's edges. The low texture regions were prominent in the Australia and 

Plants images, particularly in the map and background wall areas. The plant and vase in 

these images were clearly apparent in three dimensions due to the disparity maps' capability 

to reconstruct the three-dimensional surface with smooth foreground and background 

images. 

The objects in the Kotak2 and Cube22 images for the UTeMLab-Stereo dataset were 

well reconstructed based on their shape and dimension, including the boxes, wall divider, 

waste bin, and human representative. Due to textureless and plain-colored areas, the smaller 

dark holes contained invalid disparity values, whereas the bigger dark parts were a part of 

the occlusion. The eRWR and K-means techniques, which reliably restored the textureless 

and plain surfaces on the disparity map, allowed the SMA to minimise the occlusion and the 

invalid disparity values. Smooth and well-formed 3D surface reconstructions were 

effectively generated by the disparity maps produced by the proposed SMA. 

4.4 Comparison of Stereo Correspondence Constraints 

The performance of the SMA was also evaluated by the stereo correspondence 

constraints, which examined issues with determining the distance between the two pixels in 

a stereo image pair. The constraints on stereo correspondence affected the process of 

extracting depth information from a disparity map and, consequently, the accuracy. 

Reconstruction of 3D surfaces depended on the level of accuracy and the improvement of 

these stereo correspondence constraints. Many researchers were focused on these constraints 
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in recent years for the development of SMA to acquire good depth information. This research 

compared the radiometric differences, low texture regions, repetitive pattern, depth 

discontinuities, and occlusion constraints. Middlebury datasets were utilised to develop the 

disparity map and the average errors which were used to evaluate the proposed SMA with 

other methods. 

Radiometric differences - This term is used to explain the inconsistency between two 

positions of stereo images that need to be matched and is one of the major challenges that 

exist when dealing with stereo correspondences. This occurs because, as seen in Figure 4.43, 

which shows a Middlebury PianoL left reference image with the lamp turned on and vice 

versa with right image, an image's colours and intensity vary depending on the perspective 

from which it is perceived. A typical assumption during the matching process is that the 

corresponding stereo image _rixels have a similar colour level. In a real-world environment, 

a variety of factors, including different camera configurations, lighting-based geometry, and 

illuminated colour, will prevent the two corresponding pixels from having the same colour 

depth. 

NIKAL 

(a) (b) 

Figure 4.43: Radiometric Differences Middlebury PianoL (a) Left Image (b) Right Image 

In this thesis, the performance of the SMA in stereo images with a radiometric 

difference condition was evaluated based on the Middlebury PianoL. The PianoL images 

provided a different colour consistency between the left and right images. Figure 4.44 

displays the comparison of disparity map results for PianoL between the proposed SMA, 
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DA WA-F, ACR-GIF-OW, and MBM methods. The performance comparison ofradiometric 

differences included the ground truth image as the reference image, as well as all and nonocc 

errors. 

Average error 
Radiometric differences Disparity map (PianoL) Algorithms 

nonocc (%) all(%) 

Ground Truth 0 0 

Proposed SMA 9.28 10.2 

DAWA-F 21.7 

ACR-GIF-OW 27.7 

MBM 11.5 12.4 

Figure 4.44: Comparison on Radiometric Differences Constraint for Middlebury PianoL 

As shown in the red box, the regions affected by the different colour consistency were 

those near the table lamp. As predicted, the regions near the lamp table generated a 

significant number of invalid pixels. The proposed SMA produced small areas of invalid 

pixels and had the lowest average accuracy at 9.28% for nonocc error and 10.20% for all 
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error compared with other methods. In conditions ofradiometric differences, the ACR-GIF-

OW method had larger invalid pixel areas, and the MBM method had significant invalid 

pixel areas with an additional severe horizontal streak condition. The MBM produced an 

average accuracy of 11 .5% (nonocc error) and 12.4% (all error), followed by the DA WA-F 

at 21.3% (nonocc error) and 21.7% (all error), and the ACR-GIF-OW at 27.1% (nonocc 

error) and 27.7% (all error). Therefore, the proposed SMA generated smooth and detailed 

contours for the disparity map objects, particularly at the lamp table, and successfully 

reduced the invalid pixels generated by radiometric difference constraints. 

Textureless and Low Texture Regions- The areas shown by the red box in Figure 4.45 

are the regions that contributed to the mismatching process produced by the plain colour and 

textureless surface regions, as well as providing a constant luminance in large regions. To 

establish the algorithm in larger low-texture regions was significantly more difficult and 

complex due to the similarity of the pixel intensities. The textureless or low texture regions 

were always regarded as having inadequate texture information, and the colours in these 

regions had much Jess contrast with each other, such as the difference between brighter blue 

and darker blue with the same blue spectrum but distinctive intensities. AKA 

"' ...... 1 

(b) 

Figure 4.45: Low Texture Middlebury Images (a) Recycle (b) Vintage 

Figure 4.46 shows the comparison of disparity maps produced by the proposed SMA 

and several methods using the Middlebury Recycle and Vintage images to evaluate the 
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algorithm under low texture performance. In the input images, the objects of interest with 

low texture regions were the blue trash bin and the desktop screen. 

Algorithm 

Ground 
Truth 

Proposed 
SMA 

Motion 
Stereo 

ADSG 

MBM 

Disparity map (Recycle & Vintage) Low texture 

Average error 
(Recycle / 
Vintage) 

nonocc all 
(%) (%) 

0 

2.45 I 
7.91 

3.14 I 
14.00 

2.47 I 
7.17 

3.02 I 
13.3 

0 

3.79 
I 

9.33 

4.64 
I 

16.00 

4.55 
I 

9.40 

13.67 
I 

14.10 

Figure 4.46: Comparison on Low Texture Constraint for Middlebury Recycle and Vintage 

The methods of Motion Stereo, ADSG and MBM were used to evaluate the 

performance with the proposed SMA. The blue trash bin and the desktop screen were the 

foreground object that were separated from the background and consisted of low texture 

information. Observations from the disparity maps showed the proposed SMA producing 

smooth and sharp edges in the area of the trash bin with fewer unwanted pixels and almost 

identical to ground truth when compared with the other methods. Moreover, the Motion 
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Stereo disparity map produced blurred edges, and the ADSG and MBM experienced edge 

distortion, which was apparent at the blue trash bin. The condition was similar to the Vintage 

image in the desktop screen area, which showed the disparity map of the proposed SMA 

generating clear and detailed contour of the desktop screen compared to the Motion Stereo, 

ADSG, and MBM. The Motion Stereo and ADSG exhibited significant edge blurring and 

distortion, whereas the MBM experiences severe horizontal streaks that reduced their 

average accuracy. 

When compared to other methods, the quantitative results showed that the proposed 

SMA producing the lowest all and nonocc errors for both images, Recycle and Vintage. The 

algorithm contributed all error accuracy at 3.79% for Recycle image and 9.33% for Vintage 

images. Meanwhile, for the nonocc error the algorithm produced 2.45% for Recycle and 

7 .91 % for Vintage images. The ADSG was ranked second with all error at 4.55% and 

9.40%, while the nonocc error was at 2.47% and 7.17% for Recycle and Vintage images. 

This was followed by the Motion Stereo at 4.64% and 16.00% for all error, and the nonocc 

error at 3.14% and 14.00%. The MBM was ranked last, with all error accuracy of 13.67% 

and 14. l 0%, and nonocc error of 3.02% and 13.3%. The proposed SMA performed 

effectively well in regions with low texture, which resulted in the reduction in the average 

accuracy. 

Repetitive Patterns- Figure 4.47 displays the areas in the red box as the next common 

constraint in the stereo correspondences process. The region containing periodic and 

repeating surface texture was one of the concerns taken into account in the SMA due to a 

bigger ambiguity in the area for mutual matching points. Typically, man-made and space 

artefacts possess repeated textures, and this constraint is expected to contribute to 

mismatching or technical challenges as a consequence of improperly matched coordinates, 

which offer numerous possible intensity values. 
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Repetitive pattern 

(b) 

Figure 4.47: Repetitive Pattern of Middlebury Images (a) Playroom (b) Hoops 

,,. 
Figure 4.48 shows the comparison of disparity maps results, the ground truth, all and 

nonocc errors between the proposed SMA, ACR-GIF-OW, SGMEPi and MDP. The 

comparison was made baseCl on Playroom and Hoops images, w hich contained object with 

repetitive patterns, backrest of the chair and the stairs. After rigorous examination, the 

pattern edge of the Playroom's image, especially atthe backrest of the chair, was discovered 

to be sharp and very smooth although the proposed generated small region contained an 

unwanted invalid pixel. Compared with other methods, the disparity map at the backrest of 

the chair produced blurry edges and distortions. No artefacts were apparent in the disparity 

at background of the backrest of the chair, which was a limitation of other methods. Disparity 

map for all methods, experiencing challenges to produce a good and detailed contour for the 

box oftoys on the chair. Based on the Playroom image, the proposed SMA produced 8.56% 

all error and 4.66% nonocc error, which was slightly higher compared with ACR-GIF-OW, 

which produced all error at 8.51 % and nonocc error at 4.59%. The MDP came next, with 

11.0 percent all error and 3.46% nonocc error. The last method was from the SGMEPi with 

all error at 21 .0% and nonocc error at 3.48%. 
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Figure 4.48: Comparison on Repetitive Pattern Constraint for Middlebury Playroom and Hoops 



The performance of the proposed SMA was impressive for the Hoops image, which 

compared very well but not as well as the SGMEPi. The SGMEPi generated a good disparity 

map at the area of the staircase, with the repetitive pattern showing sharp and smooth 

disparity compared with the proposed SMA, which clearly produced a repetitive pattern with 

edge distortion and edge fattening. A small area of invalid pixels was also detected at the 

side of the image. Although the qualitative performance of SGMEPi was better than the 

proposed SMA, the average accuracy was the same for all error at 18.6% and slightly lower 

for nonocc error at 5.94% for SGMEPi and 7.06% for the proposed SMA. Other methods, 

such as the MOP and ACR-GIF-OW, produced significant edge distortion, edge blurring, 

and edge fattening for the Stairs image. There were also several areas with invalid pixels in 

the region of staircase. The ACR-GrF-OW ranked third with an average accuracy of23.1% 

for all error and 13.7% for nonocc error. The lowest in the rank was the MOP, with all error 

at 24. 7% and nonocc error at 8.00%. Hence; the proposed SMA performed as well as, and 

in some cases, even better than, tlie more advanced methods in achieving good accuracy 

when executing images with repetitive pattern c?nstraints. ~ /" Q...J .J 
Depth Discontinuities- The region where pixels are removed and then replaced by the 

surrounding regions is described as the "depth discontinuities" constraint. If the size of the 

regions in the stereo pair images differs significantly from one another, this will typically 

lead to distortion across the depth boundaries and make finding valid corresponding points 

more difficult. Thin and small objects are frequently impacted because they suffer severe 

blurring and are subsequently replaced by nearby pixels. Bicycle handles, pipes, pencils, and 

many more are examples of objects with a thin structure. The problem can be seen clearly at 

the black pipes as in Middlebury Pipes image and marked in the area of red box as shown in 

Figure 4.49, which have the sensitive nature towards depth discontinuity. 
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Figure 4.49: Depth Discontinuity of Middlebury Pipes 
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Figure 4.50: Comparison on Depth Discontinuities Constraint for Middlebury Pipes 

Figure 4.50 shows the proposed SMA and several other methods, including DAWA-

F, TSGO, and Motion Stereo addressing the depth discontinuities with the ground truth. A 

black pipe in the top right of the Pipes image signified the location of the depth discontinuity, 

which was in the red box. The object's narrow body shape apparently showed the occurrence 
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of depth discontinuity as expected. However, the black pipe image for the proposed SMA 

showed a robust structure at the top and bottom of the pipe, but the pipe body was diminished 

in the middle, based on the qualitative perspective. Thus, the black pipe was still a 

recognisable structure compared with other methods. The body image of the pipe was the 

worst for DAW A-F and TSGO, which showed a completely diminished structure and barely 

recognisable and both bodies of the pipe experiencing depth discontinuity. Meanwhile, 

Motion Stereo showed the complete body of the pipe, but the area was affected by edge 

distortion, blurry and experiencing minor depth discontinuity constraint. 

Even though the Motion Stereo performed better than the proposed SMA from a 

qualitative perspective, the proposed SMA outperformed the Motion Stereo in terms of 

average accuracy by 13.90% for all error and 6.76% for nonocc error. The Motion Stereo 

system had an all error of 16.90% and a nonocc error accuracy of 9.66%. The average 

accuracy for DAWA-F was at 15.90% for all error and 6.76% for nonocc error, respectively. 

The errors for TSGO are 8.88% for all error and 4.99% for nonocc error, respectively. This 

was surprising given that the TSGO performed poorly in the depth discontinuity region 

despite contributing fairly average on the accuracy errors. This analysis provided proof that 

the proposed SMA was able to provide solution to the depth discontinuity constraint in the 

stereo correspondence process with good qualitative and quantitative performance. 

Occlusion- The occluded regions are a common constraint in stereo matching 

technologies. Due to geometric displacement, the image match pattern in the target image is 

not visible in contrast with the reference image. One of the scenes is generated, while another 

is completely invisible to both cameras. The stereo images cannot be matched if both 

cameras cannot see something. Low accuracy disparity values are obtained in occlusion 

regions since they contain unidentifiable objects, shapes, or structures that are challenging 

to measure. Figure 4.51 shows the occlusion regions occurring in the Middlebury images of 
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PlaytableP and Teddy. The stereo vision matching approach allowed the pixels from the 

input images to correspond with each other. Since the left input image was typically pre-set 

as the reference in this particular instance, disparities based on the left image coordinates 

were obtained. Middlebury Stereo needed disparity maps with those attributes for accuracy 

analysis, hence this approach was used. However, the disparity map that was generated was 

more prone to encounter occlusion on the left side of the disparity map. 

Left image 

Right image 

(a) .. (b) 

Figure 4.51: Occlusion of Middlebury Images (a) PlaytableP (b) Teddy 

Figure 4.52 presents the qualitative and quantitative performance of the proposed 

SMA and several methods in terms of their capability to handle the occlusion. The proposed 

SMA was compared with ground truth reference, DTS, JMR, and MSMD _ROB methods 

using Middlebury PlaytableP and Teddy images. The results demonstrated the adequacy of 

the proposed SMA in handling the occlusion constraint from the disparity map result for 

both images. No artefacts or invalid pixels were apparent in the disparity map, which was 

the limitation of other methods. The proposed SMA disparity map showed a sharp and 

detailed contour of the objects and background structures. Other methods showed apparent 

occlusion regions consisting of undesired invalid pixels on the left side of the disparity map. 
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There were occlusion and invalid pixels regions surrounding foreground objects such as the 

area of the table in PlaytableP and the teddy bear in Teddy image. Larger occlusion regions 

and unwanted invalid pixels contributed to lower average accuracy for the disparity map. 

Then, there were also clearly visible regions of horizontal streaks on the disparity map, 

especially for the DTS and JMR methods. Only the image of Teddy by MSMD_ROB, 

besides the proposed SMA, showed a smooth disparity map and clear contours of objects. 

Algorithm 
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Disparity map (PlaytableP and Teddy) Occlusion 

Average error 
(PlaytableP I 

Teddy) 

nonocc 
(%) 

010 

2.I3 I 
2.83 

2.33 I 
1.08 

1.65 I 
1.15 

6.74 / 
2.30 

alf (%) 

0 10 

4 .51 I 
3.46 

7.69 I 
8.71 

7.44 / 
8.98 

9.32 I 
3.02 

Figure 4.52: Comparison on Occlusion Constraint for Middlebury PlaytableP and Teddy 
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In terms of quantitative performance for these methods, the proposed SMA was 

ranked at the top for PlaytableP and second for Teddy with 4.51 % and 3.46% for all errors, 

respectively. Nonocc errors contributed 2.13% and 2.83%, respectively. The MSMD ROB 

method ranked top for the Teddy image at 3.02% for all error, however, the method ranked 

last for the PlaytableP image at 9.32%. The nonocc error for MSMD_ROB was 6.74% and 

2.30% for both images. Next, JMR ranked third for the PlaytableP image, where the nonocc 

error was 1.65% and all error was 7 .66%. The JMR, on the other hand, comes in last in the 

Teddy image comparison, with a nonocc error of 1.15% and an all error of 8.98%. Finally, 

DTS came in third place for PlaytableP and Teddy images, with nonocc errors of 2.33% and 

1.08%, respectively, and all errors of 7.69% and 8.71%. According to the results and 

performance analysis, the proposed SMAis a potential alternative algorithm to address the 

occlusion constraint that frequently occurs in the stereo correspondence processes. 

4.5 Summary 

This chapter presented the outcomes, the qualitative and quantitative performance 

analysis of the proposed SMA method, and the clarity of the disparity maps. Through each 

stage of the SMA, each aspect of the research was discussed in relationship to the findings. 

The first aspect was the determination of optimal parameter settings for the algorithm to 

generate and obtain a high-quality disparity map while exhibiting fairly low error accuracy. 

Also, the stage-by-stage error reduction performance was investigated. The adoption of 

multi-cost matching, which comprised of the TAD, GMC, and MCE in combination with the 

PPF showed reduced errors for the raw cost volume and sharpen the texture in the matching 

cost process. Furthermore, the balancing parameter at the multi-cost was able to decrease the 

error even more. The proposed HRA, which combines the iNLGF and eR WR, enhances the 

disparity map estimation, particularly at the discontinuity regions, repetitive areas, 
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occlusions and the object's edges. This stage contributed significantly to error reduction 

when compared to other stages and outperformed other methods in cost aggregation. In the 

final stage, the integration of K-means clustering and SWF effectively recovered the 

occlusion regions, eliminated horizontal artefacts, smoothed the low texture, and enhanced 

the edge sharpness. 

This chapter also presented the performance evaluation of the proposed algorithm 

using the Middlebury and KITTI datasets as standard benchmarking. The results of the 

evaluation showed that the proposed algorithm outperformed several established methods 

with the lowest average accuracy. To further investigate this, the results from the dataset 

were explored and deployed for 3D surface reconstruction, and the algorithm was executed 

with real stereo images. The results showed iliat this approach worked well in all possible 

scenarios, includ ing real stereo images to 3D surface reconstruction. Results also showed 

that this algorithm performea better in terms of handling the stereo correspondence 

constraints, such as the radiometric differences, occlusion, low texture regions, depth 

discontinuities, and repetitive pattern, with respect to other methods. In summary, this 

proposed algorithm demonstrated high-quality results in obtaining the disparity map, and the 

performance outperformed several established literature review' s methods such as the local, 

global, SGM, and ML. 
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CHAPTERS 

CONCLUSION AND FUTURE WORK 

The main conclusions of this research and recommended future works are drawn together 

and presented in this chapter. The accomplishments of this proposed research that have been 

demonstrated by the experiment results is concluded in Section 5.1. This section also 

discusses the relationships regarding the research accomplishments with respect to the 

objectives of this study. In the last part of this thesis, Section 5.2, several studies that can be 

extended as future works are proposed. 

5.1 Conclusion 

This research contributes to the design of new local SMA to produce a disparity map 

which comprises of four basic stages of taxonomy. The matching cost computation stage 

(i.e., Stage 1) has been performed using Multi-Cost Pyramid Fusion (MPF) consisting of a 

pyramid combination of three components which is able to accomplish an accurate pixel cost 

volume. These three components; the Truncated Absolute Differences (TAD), the Gradient 

Magnitude CLAHE (GMC), and a new Modified Census Edge (MCE) with the Planar 

Pyramid Fusion (PPF) are applied to integrate these costs. The Hybrid Random Aggregation 

(HRA) is a novel hybrid type aggregation that is introduced in the second stage for cost 

aggregation (i.e., Stage 2). The HRA consists of iterative Non-Local Guided Filter (iNLGF) 

and extended Random Walk Restart ( eRWR) to minimise the ambiguities from the matching 

process. The minimum cost is determined and used to select the disparity value based on the 

Winner-Takes-All (WT A) strategy at the disparity selection and the optimisation stage (i.e., 
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Stage 3). 

The final stage is the disparity refinement (i.e., Stage 4), which is the process to 

acquire the final disparity map, which performed the hierarchical cluster-edge refinement to 

further eliminate mismatches produced by occlusion, low texture, and edges preserving. 

Stage 4 consists of several subsequent steps, including the left-right consistency check 

process, disparity confidence computation, invalid pixel fill-in based on median 

interpolation, K-means clustering along with Side Window Filter (SWF). 

The first objective is to develop a new computational cost function using the pixel­

based stereo matching. The first objective must be accomplished by obtaining data on the 

implementation of the SMA based on the established taxonomy. This involves a description 

of the mathematical architecture, a taxonomy of SMA disparity classification, and several 

benefits and drawbacks of the recent methods as discussed in the literature study. The new 

matching cost is proposed in Chapter 3, the methodology chapter, which describes the 

application of the MPF method. The experiments conducted confirm the superiority of the 

three modified matching cost components especially with the implementation of MCE by 

producing the lowest average error with 40.9% and 33.3% for all and nonocc errors, 

respectively. This method is further analysed by the integration of the PPF which provides a 

significant performance improvement by reducing the all and nonocc errors about 3.90% 

and 4.50%, respectively. The overall performance of the new SMA taxonomy is impressive, 

with the lowest average errors of all and nonocc, which are 9.02% and 5.11%, respectively, 

and significantly improve the boundaries and low texture regions. 

The second objective is to design a new stereo matching algorithm that is robust 

against low texture and occlusion regions with improved edge-preserving properties. A 

method based on the hybrid random aggregation (HRA) and the hierarchical cluster-edge 

refinement is proposed to achieve this objective. A new aggregation strategy using the HRA 
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is introduced in Stage 2. The HRA which combines the pixel cost from iNLGF and the 

segment cost from eRWR which improved the disparity accuracy significantly and consider 

the occlusion and depth discontinuities, also accounts for varying illumination and edge 

preservation. The findings show that such an approach produces good quality results in 

reducing the all and nonocc errors by about 21.5% and 22.81 %, respectively. Additionally, 

the K-means clustering, and the SWF are implemented in Stage 4 under the hierarchical 

cluster-edge refinement to ensure the SMA is improved the disparity performance and robust 

against the low-textured, repetitive region and preserve the edges. The K-mean clustering 

process aims to recover the low texture and repetitive regions while the SWF preserves the 

edges. These improvements in the refinement stage resulted in an impressive performance 

by reducing the all and nonocc errors of the Middlebury dataset by 6.48% and 0.88%, 

respectively. In addition, the KITTI test dataset used on the proposed algorithm also shows 

the all errors to reduce by an average of 1. 77% and the nonocc errors by an average of 1. 73% 

compared with the established state-of-the-art local SMA. 

As stated in the third objective, the performance of the SMA is then validated using 

real stereo images and benchmarking datasets to compare against other approaches. The 

triangulation principle is used to establish the depth and the 3D coordinates system in space 

based on the stereo image projections. Then, the disparity map is produced from the SMA 

and is applied to generate the 3D reconstruction. This 3D reconstruction can be applied to 

the stereo vision sensor which functions serves as a passive optical system . In Chapter 4 of 

the thesis, the performance of the SMA in comparison to other approaches is addressed in 

Chapter 4 of the thesis. The Middlebury and KITTI test datasets are the two most common 

standard datasets which are used in this thesis to evaluate the performance of the new SMA. 

With a 9.02% all error table ranking and a 5.11 % nonocc error table ranking, the Middlebury 

dataset produces the two highest results. This indicates that the proposed SMA outperformed 
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the established other local SMA in accuracy by 0.46% and 0.67% for all and nonocc errors, 

respectively. The KITTI dataset for the SMA was ranked top three with an all error ranking 

of7.90% and a nonocc error ranking of7.07%. Generally, the proposed algorithm performs 

excellently and is competitive with the recently published local, global, and SGM methods 

found in the literature, outperforming some of their accuracy while also able to decrease the 

all and nonocc errors. In summary, this proves that the proposed algorithm in this thesis can 

be applied as a comprehensive SMA for stereoscopic vision applications. 

5.2 Suggestion for Future Work 

This section proposes potential future work in relation to SMA development and 

advancement. The adoption and modification of additional disparity selection and 

optimisation (Stage 3), such as the global and SGM approaches, may represent a potential 

development of the system. The features can be studied from this improvement, and 

performance assessments can be computed. The static scenes serve as the foundation for the 

input stereo images employed in this thesis. Moving scene images can potentially be used in 

the subsequent research to actually prove the adaptation by Jeong and Jay Kuo (2019) 

employed in their multi-view stereo reconstruction of 30 television. As a result, the 

robustness of the SMA proposed in this thesis can be further investigated in a variety of 

circumstances. 

This thesis do not achieve the real-time implementation of the experimental image 

execution time. Hence, the deployment of the GPU enables an improved and attainment 

implementation, according to the literature in Chapter 2. The autonomous vehicle navigation 

framework, which was developed by Hernandez-Juarez et al. (2016) in their KITTI stereo 

vision experimental observations, is an example of an application which demands real-time 

implementation. When processing big blocks of data, the GPU was capable of performing 
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parallel processing even more effectively than a general-purpose CPU as stated by Chang 

and Maruyama (2018). Therefore, using a GPU for the SMA proposed in this thesis is a 

viable strategy for future research that will improve the dependability and efficiency of the 

proposed SMA for a variety of applications. 

UNIVERSITI TEKNIKAL MALAYSIA MELAKA 
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APPENDIX A 

Disparity Selection and Optimization 

Table A.1 shows the raw data at each disparity value of the Adirondack image at cost aggregation step (i.e., Stage 2) with the maximum 

disparity 73. The WTA selects the minimum raw data and choose the designated disparity value. 

31 \ ~ "' ·~ 

Table A.1: The Raw Data of Cost Aggregation with Disparity Values at the Coordinates of (709,496) until (718,496). 

Pixel Location \ ,-

I 5 H' = 

~ 
I 2 3 4 s; --7 1: 70 71 72 

Dispanty Range 
( I -709 x 496 0.012956 0 013963 0.016548 0.018109 0.016362 0 016805 ... _ 0.014095 , ~ 0.01804 0.01926 0.0193 

I '-..__ 
710x496 0.013856 0.014758 0.016224 0.014947 ~0.014843 0.018136 0.014674 0.01868 0.01823 0.01867 

711 x496 0.014244 0. 014758 0.019024 0.018763 10.018696 0.018693 0.018731 0.01916 0.01926 0.0193 

712x496 0.01424 0.0146 0.0178 0.018763 0,015336 0.015336 0.018731 0.01915 0.01926 0.0193 

-
713 x 496 0.014283 0.01476 0.019025 0.016524 0.016457 

~ 

0.016457 0.01867 0.01916 0.01814 0.0193 

714 x 496 0.014207 0.014742 0.016229 0.015969 0.018702 0.018702 0.018144 0.01728 0.01511 0.01782 
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-
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Middlebury Datasets Training and Testing Qualitative Performance 
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Figure B.1: The Result of the Middlebury Training Dataset 
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Figure B.2: The Result of the Middlebury Test Dataset 
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