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Abstract Stereo matching is the process of generating dense correspondences in
stereo images in order to create a disparity map for depth perception. Stereo match-
ing is different from flow estimation task due to stereo rectification, which ensures
that correspondences are always co-linear in a pair of stereo images. Stereo vision
has become increasingly popular in mobile devices, such as autonomous cars and
unmanned aerial vehicles, thanks to recent advances in full-feature embedded micro-
computers. However, due to limited computing resources, there is a growing need
for stereo matching algorithms that strike a balance between disparity estimation
accuracy and efficiency. Challenges in this field include the lack of disparity ground
truth, domain adaptation, and intractable areas such as occlusions. This chapter covers
the fundamentals of stereopsis, including the perspective camera model and epipolar
geometry, and reviews the most advanced stereo matching algorithms. It also explores
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disparity confidence measures, disparity estimation evaluation metrics, and publicly
available datasets and benchmarks, before summarizing the outstanding challenges
in this field.

3.1 Introduction

Stereo matching is one of the most important tasks in computer vision, drawing
the attention of many researchers for its wide range of applications [1], including
autonomous driving [2—4], unmanned aerial vehicles [5], road condition assessment
[6-10], mobile robot navigation [11, 12], and remote sensing [13]. In addition to
the rapid development of stereo matching algorithms, there has been a parallel effort
to create public benchmarks and datasets [14—17] that can serve as baselines for
researchers to evaluate the effectiveness of their own stereo matching algorithms.
With the advancement of machine learning techniques, stereo matching algorithms
have been able to achieve exceptional accuracy on public benchmarks [18]. However,
many challenges remain unresolved, hindering more accurate disparity estimation
and wider application [19]. These challenges include disparity estimation in occluded
regions [20] and unsupervised training [21].

This chapter aims to offer researchers interested in stereopsis a thorough introduc-
tion to the fundamentals of stereo matching, which includes the perspective camera
model and the epipolar geometry of a stereo system. Section 3.4 covers a detailed
discussion of the latest stereo matching algorithms, which are classified into two cat-
egories: explicit programming-based and deep learning-based. Then, in Sect. 3.5, we
introduce the disparity confidence measure, which is a commonly used auxiliary task
in stereo matching due to its ability to provide prior knowledge of the degree of diffi-
culty in disparity estimation. In Sect. 3.6, we discuss the metrics used for evaluating
the accuracy and efficiency of disparity estimation. We also introduce several pub-
licly available stereo matching datasets and commonly-used benchmarks in Sect. 3.7.
Finally, in Sect. 3.8, we summarize the four main challenges that currently exist in
the stereo matching task. This chapter provides a comprehensive overview of the
field of stereo matching and serves as a valuable resource for researchers conducting
related studies.

3.2 One Camera

3.2.1 Perspective Camera Model

The perspective camera model projects observed points in the world onto its imag-
ing plane through the camera center. As illustrated in Fig.3.1, o€ denotes the
camera center; IT and II represent the imaging plane and the normalized imag-
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Fig. 3.1 Tllustration of the
perspective camera model, in
which light travels in a
straight line

ing plane, respectively; f represents the camera focal length. The optical axis is
the ray originating at o€ and passing perpendicularly through I1. An observed 3D
point p© = [x€, y€, z€]T in the camera coordinate system (CCS) is projected to
p =[x, y, 17 on II. The geometric relationship between p® and p is as follows:

C C C
rT_or_t 3.1)
x y f
AC _ rx€ yC 9T . . . C A
P =[x = 1]" is the normalized coordinates of p*~ on II, and thus (3.1) can be
rewritten as follows [22]:
. . f
p=rp"=:p" (3.2)

3.2.2 Intrinsic Matrix

In a perspective camera model, the relationship between point p = [x, y, 17 on the
image plane IT and its corresponding image pixel p = [u, v] " is given by [23]:

U—Uy=0xX, V—1U,=0,y, 3.3)

where the optical axis intersects the image plane at the image coordinates [u,, vo1":
o, and o, denote the effective size measured horizontally and vertically from the
imaging plane II to the image (in pixels per millimeter), respectively [22]. Plugging
(3.2) into (3.3) yields:

xC yC
u—uo=axfz—c, U_v":anZ_c' (3.4)

Equation (3.4) can be rewritten as a matrix expression as follows:

1 1 Sfx 0 u, x€
ﬁ = _KPC = 0 fy Vo yc ) (3.5)
“loo0 1]
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where K denotes the camera intrinsic matrix; p = [p ", 117 = [u, v, 1]T denotes the
homogeneous coordinates of p; f; = «, f and f, = «, f. Plugging (3.5) into (3.2)
yields:

C
-2 (3.6)

~C —1=
=K =
p p -C

<l

Therefore, all the 3D points on the ray originating at 0© and passing through p are
projected on the image plane at p.

3.3 Two Cameras

3.3.1 Geometry of Multiple Images
3.3.1.1 Epipolar Geometry

The geometric constraint relationship between two perspective camera models is
known as epipolar geometry, as illustrated in Fig. 3.2. Given two perspective camera
models, I and Iy are the left and right image planes, respectively; oF and o are the
origins of the left camera coordinate system (LCCS) and the right camera coordinate
system (RCCS) and the optic centers of the two camera models, respectively; er
and er denote the left and right epipolar line, respectively. For a 3D point p¥ in
the world coordinate system (WCS)), its representations in the LCCS and RCCS are
denoted by pt = [xF, ¥C, zE]T and p§ = [x5, y§, z5] T, respectively. On the basis
of 3D coordinate transformation in Appendix A, p{ can be transformed into pg
using the rotation matrix R € R**3 and the translation vector ¢ € R3*! between the
camera models:

PR =Rp{ +1t. 3.7)

Epipolar Lines

Fig. 3.2 Illustration of the epipolar geometry. The epipolar plane is uniquely defined by oE, og,
and p%
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The projection point of pW on I and IR are p; =[x, yr, 2] = f—épf and pg =
[XR, YR, ZR] = f—c“ pg, respectively; fi. and fr represent the focal lengths of the left
and right camer;s, respectively; The epipolar plane is defined by the camera centers
OE, og and the 3D point p%; The two epipolar lines represent the intersection of the
epipolar plane and the two image planes I, and TIg, respectively. Using (3.6), pS
and p§ can be normalized as follows:

C PE 1 C P% 1
PL=—<=K_ p., pr=-—F =Ky Pr (3.8)
<L <R

where K and Ky are the left and right intrinsic matrices, respectively; p; =
[p{, 117 = [up, v, 117 and PR = [p;{—, 1] = [ugr, vr, 117 are the homogeneous
coordinates of the image pixels p; and pyg, respectively.

Considering an arbitrary 3D point py’ on the ray that emanates from p; and
passes through pV, it is always projected on ITy at p; as discussed in Sect.3.2.2.
Additionally, its projection on Iy is on the right epipolar line eg, denoted by right
image pixel pg, = [uR,, vR,]". In the right image, the right epipolar line eg can be
described by a vector eg = [ag, bR, cr]T, which satisfies the following property:

Proer = [Pg,, ller = arur, + brvg, + cr =0, (3.9)

where pp, = [ pgo, 117 represents the homogeneous coordinate of the image pixel
Pr,-

3.3.1.2 Fundamental Matrix

Fundamental matrix F isa3 x 3 matrix that describes the epipolar geometry between
stereo images. It corresponds an arbitrary image pixel p; in one view to a straight

line in the other view. Multiplying both sides of (3.7) by pg—r[l‘]X yields:

T T
PR [tlpR = PR [t1<(Rpf + 1), (3.10)

where [£], denotes the skew-symmetric (or antisymmetric) matrix of ¢ (see Appendix
B for the definition and properties of a skew-symmetric matrix). According to (B.4),
(3.10) can be rewritten as follows:

T T T
— pY [pRIxt = Py [t1«RpS + pR [t]«t. (3.11)

Applying (B.3) to (3.11) results in:

.
PR [t1«Rpf =0. (3.12)
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Plugging (3.8) into (3.12) yields:
KR T[t1xRKL.'py = pg Fp, =0, (3.13)

where the fundamental matrix F is defined as:

F =Kr "[t].RK. " (3.14)
According to (3.9), (3.13) can be rewritten as follows:

Pr, FPL = Pryer =0, (3.15)
which indicates that for all points on the ray originating at of and passing through
P, their corresponding pixels in the right image plane form the right epipolar line

er. er is uniquely defined by p; as follows:

er = Fp,. (3.16)

3.3.1.3 Essential Matrix
Similar to the fundamental matrix, the essential matrix E € R>*3 depicts the point-
line correspondence in the left and right normalized planes. An essential matrix can
be considered as a special case of a fundamental matrix, that is, the intrinsic matrices
K and Ky of two calibrated left and right cameras are already known. Thus (3.12)
can be rewritten as follows:
T T
pr [t1«Rpy = py Ep; =0, (3.17)
where the essential matrix E is defined as:
E =[t]«R. (3.18)
Applying (3.8) to (3.17) yields:
P EpC =0. (3.19)

Similar to (3.16), E i)f denotes the parameters of the corresponding straight line in
the normalized right image plane of the normalized left point i)f
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3.3.2 Stereopsis
3.3.2.1 Stereo Rectification

A pair of synchronized cameras can be used for 3D scene reconstruction, which
involves determining the corresponding pixels between the left and right images.
However, finding the corresponding pixel pairs on a 2D image space (optical flow
estimation) is extremely time consuming. As discussed in Sect. 3.3.1.1, for a properly
calibrated stereo vision system, R, ¢, K|, and Ky are already known, allowing
the search range to be reduced to 1D along the epipolar line. In general, stereo
rectification is applied as an image transformation process to align the two epipolar
lines horizontally when the following relationship is satisfied:

R=1,¢t=[T,0,0]. (3.20)
Plugging (3.20) into (3.18) yields:

00 0
E=[t]lxR=txR=|00-T]. (3.21)
0T 0

Considering a correspondence of normalized points j)f = [x1, ¥, 1] in the LCCS
and i)ﬁ = [yr, ¥r, 1] in the RCCS, applying (3.21) to (3.19) results in:

PRUEDS =[x, v, 1[0, =T, T x yr]" =T x (yg — y1) =0, (3.22)

which indicates that i)E and ﬁg have the same y coordinate, that is, the search range
is further simplified to a horizontal row. The stereo rectification mainly involves the
following steps [24]:

1. Orient the right camera with respect to the left camera using R to ensure the right
image plane is parallel to the left image plane;

2. Rotate the right camera by R so that the left epipole is at infinity;

3. Reapply the same rotation to the right camera to restore the initial epipolar geom-
etry;

4. Scale the left and right images to ensure an identical equivalent intrinsic matrix
of the stereo cameras.

After the stereo rectification, the two image planes become coplanar, and conjugate
epipolar lines become collinear and parallel to the horizontal image axis [22], as
illustrated in Fig. 3.3, where I} and IT; denote the rectified image planes. Therefore,
the process of finding corresponding pairs is further simplified to a 1D horizontal
search problem.
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Fig. 3.3 Tllustration of the stereo rectification. The left and right epipolar lines in a rectified stereo
vision system are co-linear

3.3.2.2 Stereo Vision System

A properly rectified stereo vision system is depicted in Fig. 3.4, where the cameras
are aligned in a parallel configuration. As a result of this alignment, the left and right
cameras are considered identical, and their intrinsic matrices K, and Ky are given
by:
Jx 0 ug
Ki=Kr=|0 f,v]|. (3.23)
001

The length of the baseline of the stereo vision system is 7, and the origin 0" of the
WCS is positioned at the center of the baseline. The x, y and z-axis of the WCS are
parallel to which of the LCCS and RCCS, and their x-axis are collinear. Hence, the
rotation matrices between the three coordinate systems are both a third-order identity
matrix I, and the translation vectors from the WCS to the LCCS and the RCCS are
tp =[-T7./2,0, 0]" and tg = [T,./2,0, 017, respectively. Plugging (3.7) and (3.23)
into (3.8) yields the following expressions:

W+ T2 yW
xszx ZW P yLthvZW’
3.24
N —T./2 W ( )

XR = fo—W, YR = fy—w-

N
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Fig. 3.4 Basic stereo vision system

w

For a 3D world point p¥ =[xV, yV, zW]T, its corresponding pixel in the left and
right images are denoted by p; and pg, respectively. Applying (3.24) into (3.3)

results in the coordinates of p; and pg:

p =|:uLj|= fx)zc_x'i'";lo"‘fxz:_%v » :|:14Ri|: fx)zc_z +\’;‘o_fx2§_3v
L7 [w fyaw + v ©OPR T e fisw +v, '
(3.25)

which further illustrates that i)E and i)g have the same y coordinate, as discussed
in Sect.3.3.2.1. Therefore, the disparity d (distance between co-row corresponding
pixels) and depth z% can be linked using:

T.
d= U, —uUr = fXZ—W, (326)

which indicates that d is inversely proportional to zW . That is, when the 3D point p%
lies away from the stereo vision system along the z-axis, its corresponding disparity
d, the distance between uy and ug, is small.

3.4 Stereo Matching

With a properly rectified stereo vision system, the stereo matching task consists of
finding the corresponding pairs of points (p; and pg), and generating the dense
disparity maps, as shown in Fig.3.5. The performance of stereo matching algo-
rithms is typically evaluated based on two main criterias: speed and accuracy. In
general, there is a trade-off between speed and accuracy in stereo matching algo-
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Fig. 3.5 a Left stereo image; b right stereo image; ¢ left disparity map; d right disparity map

rithms. Well-designed algorithms tend to require more computations, resulting in a
slower processing speed. The emphasis on speed or accuracy depends on the specific
application of the stereo vision system [25]. For example, real-time performance is
crucial for stereo vision systems used in autonomous driving [23], while accuracy is
more important for indoor environment modeling [26]. Although advances in hard-
ware are likely to reduce processing time in the future, improvements in algorithms
and software are still significant.

Stereo matching algorithms can be divided into two classes: explicit programming-
based and machine learning-based. The former considers disparity estimation as a
local block matching problem or a global energy minimization problem [27], while
the latter considers disparity estimation as a regression problem [28].

3.4.1 Explicit Programming-Based Stereo Matching
Algorithms

Explicit programming-based stereo matching algorithms can be categorized into
three types: local, global, and semi-global [29]. Local algorithms determine the dis-
parity by finding the lowest cost or highest correlation, using a strategy called winner-
takes-all (WTA). Global stereo matching algorithms formulate the problem of dis-
parity estimation as a global energy minimization problem. This can be solved using
Markov random fields (MRF)-based optimization algorithms [30] such as graph-
cut (GC) [31] and dynamic programming (DP) [32]. Semi-global matching (SGM)
[33, 34] approximates the MRF inference by performing cost aggregation along all
directions in the image, which greatly improves the trade-off between the accuracy
and efficiency of stereo matching [35]. Generally, the explicit programming-based
stereo matching algorithms consist of four main steps: (1) cost computation, (2) cost
aggregation, (3) disparity optimization and (4) disparity refinement [36].
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34.1.1 Cost Computation

For all the pixels in the stereo images, each disparity candidate is associated with
a matching cost. Generally, cost computation is used for evaluating the similarity
of correspondence pairs, and a lower cost indicates a higher matching probability.
Distance formulas including Manhattan distance and Euclidean distance are widely
applied in cost computation, such as the absolute difference cost cap and the squared
difference cost csp, which are defined as follows [37]:

cap(u, v, d) = |IL(u, v) — Ix(u — d, v)|,

5 (3.27)

csp(u, v, d) = (IL(u, v) — IR(u — d, v))",
where d represents disparity; I (u, v), Ir(u — d, v) denote the pixel intensities of
(u, v) in the left stereo image and (4 — d, v) in the right stereo image, respectively.

34.1.2 Cost Aggregation

In regions with weak texture or repetitive patterns, the effectiveness of the WTA
strategy can be significantly impaired as there may be several correspondence pairs
with similar costs. In order to avoid incorrect matches, ¢,z aggregates matching
cost by weighing the matching cost of a support region centered around the pixel
p=[u,v]" [38]:

Cage(P,d) = w(p,d) x C(p, d), (3.28)

where w denotes the support region kernel; C refers to the matching costs or cor-
relations of all the pixels within w. A commonly adopted method for computing
aggregation cost ¢, is by performing a convolution between w and C.

Primal methods [27] use fixed square windows centered at each pixel as support
regions, and all the elements in w are 1. In this way, the aggregation process becomes
a uniform box filtering, and (3.27) can be reformulated as follows:

csap(u, v, d) = Y |[IL(u, v) — In(u — d, v)
qeMp

csso(, v d) = Y (IL(u,v) = I(u — d, v))’,
g€t

’

(3.29)

where .1, denotes the square window centered at p = [u, v]". Manhattan distance
is used in SAD and SSD, which makes these methods computationally efficient but
vulnerable to image intensity noise. In contrast, other more robust approaches such
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as normalized cross-correlation (NCC) have become prevalent in this process. NCC
can be formulated as follows [27]:

> (nle) - ) (trla — d) - ). (3.30)

q€Mp

ence(p, d) =
noy,0oR

where

o= | Y (h@—m)/n ox=| Y (kla—d —u)/n G3D

qeN, qeNp

d=1[d,0"; LR and o g represent the average and standard deviation of the square
windows of the stereo images, respectively; n is the number of pixels within the square
window. The resulting cxcc € [—1, 1] signifies the similarity between the given pair
of square windows. A higher cncc indicates a higher matching similarity.

In general, using a larger square window can help reduce uncertainty in dispar-
ity estimation, but it also significantly increases computation. The primal methods
assume that pixels within fixed square windows share similar disparity, which is
not always the case, particularly in regions with disparity discontinuities. There-
fore, several adaptive cost aggregation strategies have been proposed to optimize
support region generation and improve performance in these challenging regions.
Consequently, numerous adaptive cost aggregation strategies have been proposed to
optimize the support region generation. One such strategy [39] assigns weights to the
pixels in the support region according to the color correlation. Fast bilateral stereo
(FBS) [40] leverages a bilateral filter to aggregate the matching costs adaptively. FBS
formulates the cost aggregation as follows:

Y ger, @a@ar(q)c(q, d)

3.32
D qer, @a(@wr(q) (332

Cagg(pv d) =

where function w, is calculated from the spatial distance. Function w, reflects the
color similarity.

3.4.1.3 Disparity Optimization

Unlike the WTA strategy in local algorithms, global algorithms determine the dispar-
ity by optimizing a global energy function, which typically has the following form
[41]:

E(d) = Edala(d) + Esmooth(d)a (333)

where E g, (d) and Egyoom (d) represent a data term and a smooth term, respectively.
The former denotes the global matching cost minimization, and the latter imposes
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Fig. 3.6 An example of the
MRF model in disparity
optimization

constraints to reduce noise and errors in the cost volume, such as enforcing disparity
smoothness and preserving image discontinuities [23].

Most global algorithms model the disparity optimization process with a MRF
model. Figure 3.6 depicts a MRF model ¢ = (£, &), where & = {p,;, P12 - - - »
Pun) denotes the vertices; & = {(p;;, Py,) | Pij» Ps, € P} signifies the edges; and
N = {‘11,:;,- 2,0 iy, | qp, € 2} represents a neighborhood system of p;;.
Referring to the stereo matching task, all the vertices in & make up the m x n pixel
disparity map. More specifically, p;; denotes the vertex at (i, j) with a node value
d;; representing the disparity. In general, disparity nodes in the MRF model tend to
have a stronger correlation with their neighboring nodes than other randomly chosen
vertices. Therefore, (3.33) can be reformulated as follows:

E(p): Z D(pij’qpf_,)+ Z V(pij’qp”)’ (3 34)
pi;€P qp,.je/V,j ’

where g, represents image intensity differences; D(-) represents the matching cost
or correlation and V () denotes the aggregation process inside a neighboring system,
respectively.

Although global algorithms can achieve more accurate disparity results in texture-
less areas compared to local algorithms, the minimization of a global energy func-
tion which significantly increases computational requirements. Therefore, SGM [33]
breaks down (3.34) into:

ED)=)" (c(p, dp)+ Y Md(dy —dgl = D)+ Y 2a8(ldy —dg| > 1)),
p qeNyp qeNy
(3.35)
where D is the disparity map; ¢ represents the cost volume; .4}, is the neighborhood
system of pixel p; A; and A, penalize its vicinities with different scales of disparity
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differences, i.e., one pixel and larger than one pixel, respectively; and §(-) takes on
a value of 1 with a valid argument and O otherwise.

3.4.1.4 Disparity Refinement

At this point, the obtained disparity map usually has some intensity noise and holes.
Therefore, post-processing steps are required for refinement. The left-right disparity
consistency check (LRDCC) [27] generates both left and right disparity maps Dy and
Dy, and removes pixels with inconsistent disparities, which is defined as follows:

|Dy(u,v) — Dr(u — Dy (u, v), v)| > o, (3.36)

where o is a manually set threshold and one pixel is commonly adopted. Subpixel
enhancement increases the disparity image resolution by inserting a matching cost
near the initial disparity [27]. Afterwards, a median filter [42] can be applied to fill the
pixels that failed to match and the holes generated by LRDCC. Additionally, other
methods such as robust plane fitting, intensity consistent, and locally consistent
are also commonly adopted to improve the disparity accuracy. Nevertheless, the
successive application of these methods is generally contingent upon the specific
application needs and the stereo matching algorithm employed.

3.4.2 Machine Learning-Based Stereo Matching Algorithms

Convolutional neural networks (CNNs) have gained significant attention in the field
of stereo matching for their ability in performing effective feature extraction and
information aggregation. Consequently, they have become a popular choice for
disparity estimation. These algorithms are primarily data-driven, requiring huge
amounts of data for the CNNs to learn to perform stereo matching. CNN-based
algorithms can be classified into two types: supervised and unsupervised. Supervised
methods utilize disparity ground truth to guide the training and optimize CNN param-
eters [34, 43, 44], while unsupervised methods use geometric constraints between
stereo images as supervision during training [45—47].

3.4.2.1 Supervised Approaches

Supervised stereo matching approaches can be broadly categorized into three groups:
(1) learning better feature correspondences [43], (2) learning better regularization
[34], and (3) learning dense disparity estimation in an end-to-end paradigm [44].
Specifically, the first group adopts the learned representations to calculate match-
ing costs, which are subsequently subjected to cost aggregation and regularization
methods for disparity estimation. For instance, Zbontar and LeCun [43] designed a
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Fig. 3.7 The architecture of the CNN proposed in [43]

CNN to calculate patch-wise similarity scores, as shown in Fig.3.7. It consists of a
convolutional layer L; with 32 convolution kernels of size Sx5x 1 and seven fully
connected (FC) layers L,—Lg with 200, 300 or 400 neurons. Two 9x9 pixel gray-
scale image patches are firstly input into a sequence of L, L, and L3, respectively.
Then, the generated 200-dimensional feature maps are concatenated into a 400-
dimensional feature map, before passing through L4—Lg. The output of layer Lg is
two real numbers, which is then fed into a softmax function to generate a distribution
over two classes: (1) good match and (2) bad match. Finally, explicit programming-
based cost aggregation and disparity optimization methods are deployed to generate
the final disparity maps. Although these approaches achieved the state-of-the-art
(SoTA) accuracy at that time, the employed explicit programming-based cost aggre-
gation methods can produce wrong predictions in occluded or texture-less/reflective
regions and therefore limit their stereo matching performance [48].

Therefore, some researchers have focused on the second category of approaches,
which uses CNN to improve the cost aggregation step. Akihito Seki and Marc Polle-
feys [34] proposed SGM-Nets, which uses a 5 x 5-pixel gray-scale image patch as
input and predicts SGM penalty parameters A; and A, with a CNN, as shown in
Fig.3.8. SGM-Nets consists of (1) two convolution layers, each followed by a rec-
tified linear unit (ReLU) layer; (2) a concatenate layer to merge the two types of
input; (3) two FC layers, followed by a ReLU layer and an exponential linear unit
(ELU) layer, respectively; and (4) a constant layer for keeping SGM penalty values
positive. Similar to SGM [33], the costs are then accumulated along four directions.
In general, the outputs of SGM-Nets denote standard parameterization.

Recently, the third category of methods, i.e., end-to-end deep CNNs, has gained
popularity because of their impressive performance in stereo matching tasks. For
instance, GCNet [49] incorporated feature extraction (cost computation), cost aggre-
gation and disparity optimization/refinement into a single end-to-end CNN model, as
shown in Fig.3.9. The cost volume construction method used in GCNet is different
from previous methods. GCNet concatenates each feature vector with its correspond-
ing vector extracted from the opposite stereo image across each disparity level, and
packs these into a 4D volume. This approach allows GCNet to preserve more knowl-
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Fig. 3.8 The architecture of SGM-Nets [34]
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Fig. 3.9 The architecture of GCNet [49]

edge of the geometry of stereo vision, unlike previous methods. As a result, GCNet
uses 3D convolution instead of 2D convolution for the disparity refinement process.
Later on, Chang et al. [44] proposed Pyramid Stereo Matching Network (PSMNet),
improving the feature extraction process with a spatial pyramid pooling module,
and the disparity refinement process with a stacked hourglass 3D CNN, as shown
in Fig.3.10. The former enlarges the receptive fields and thus can aggregate more
context information, while the latter regularizes the cost volume and further extends
the regional support of context information in cost volume. In addition, Guo et al.
[50] proposed group-wise correlation, which first divides the left and right features
into groups and then computes correlation maps among each group. After that, the
computed correlation maps are packed together for the following disparity estima-
tion. Compared with previous cost volume construction methods by concatenation,
group-wise correlation additionally introduces feature correlation into the cost vol-
ume, which avoids using more parameters to learn feature similarity in the disparity
aggregation process.

In 2020, Cheng et al. [51] adopted neural architecture search techniques to obtain
an effective network architecture for stereo matching. The stereo images are first
processed by the Feature Net to generate visual features, which are then processed
by the Matching Net to generate a 3D cost volume. The disparity map can finally be
computed from the cost volume via the soft-argmin operation. Since the learnable
parameters are only located in the Feature Net and the Matching Net. Cheng et al.
[51] used neural architecture search techniques to select the optimal structures for
them.
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Fig. 3.10 The architecture of PSMNet [44]

Although the aforementioned end-to-end disparity estimation methods have
achieved impressive results, they usually have a huge number of learnable parame-
ters, resulting in a long inference time. To address this issue, some researchers have
turned their focuses towards improving the inference speed of end-to-end methods
for stereo matching. Specifically, Xu et al. [52] proposed a sparse point-based inter-
scale cost aggregation module and a cross-scale cost aggregation module for efficient
stereo matching. These two kinds of modules are lightweight and complementary,
leading to an efficient and effective architecture for stereo matching. Inspired by
RAFT [53], Wang et al. [45] presented OptStereo, which first builds multi-scale
cost volumes and then iteratively updates disparity estimations at high resolution.
This novel architecture can achieve a great trade-off between the accuracy and effi-
ciency for stereo matching. The architecture of OptStereo is shown in Fig. 3.11. Later
on, Lahav et al. proposed RAFT-Stereo [54], which inherits the gate recurrent unit
(GRU) iteration architecture of [53], and includes a multilevel GRU to aggregate
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- Block
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Right Image I, Module Operation

Fig. 3.11 The architecture of OptStereo [45]
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feature maps at different resolutions. In 2022, Li et al. presented another recurrent
structural network, CREStereo [55]. In CREStereo, the fixed-shape local search win-
dow used in previous works [45, 53, 54] is replaced with a deformable convolution
operator [56] for constructing the cost volumes, which considerably improves the
disparity estimation accuracy in occluded or texture-less areas. In addition, some
researchers adopted the popular coarse-to-fine framework to balance the trade-off
between the accuracy and efficiency for stereo matching [57-60].

3.4.2.2 Unsupervised Approaches

Although supervised approaches have achieved impressive results for disparity esti-
mation, the collection of large amounts of disparity ground truth is time-consuming
and requires significant labor. To address this issue, many researchers have focused
on developing unsupervised stereo matching approaches to eliminate the need for
disparity ground truth. The CNN architectures of unsupervised approaches are sim-
ilar to those of supervised approaches, while the main difference lies in the network
training process.

Specifically, Zhong et al. [46] proposed SsSMnet, which employs image warping
error to drive the learning process, as shown in Fig. 3.12. Zhong et al. [46] leverages
the following loss functions:

L=w, (L + L)+ o (L5 + L)) + o (L. + L) + o (£, + L5,), (3.37)

where L], and £/, denote the unary term; £, and £ denote the regularization term; £
and £ denote the consistency constraint term; £ and £, denote the maximization
depth heuristic. The unary term is designed to minimize the discrepancy between the
stereo images based on the disparity estimation, and has the following formulation:

1 1 —SSIM (I, I}
Ei(IL,Iﬁ)zﬁZ)q 2(L L)+A2’IL—I£|+A3’VIL—
(3.38)
I 1 2 /I‘| ,
oo~ - -=-Mm
1= Hét?;:i ﬁ}
o Soft
-1 -1
Stereo Feature Cross feature 3D feature Image
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Fig. 3.12 The architecture of SsSMnet [46]
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where N denotes the total number of pixels and I/ denotes the reconstructed left
image; SSIM(-) [61] measures the similarity between two images; A, A, and A3 are
three weighting parameters for balancing the structural similarity, image appearance
difference and image gradient difference. The regularization term is designed to make
the disparity estimation locally smooth and is defined as follows:

ch= % Y | V2dy| eIVt 4 | v2ay | e IVin (3.39)

The consistency constraint term is designed based on the concept of left-right con-
sistency check, and has the following formulation:

Li=|n-1

, (3.40)

where [|" is generated by warping the left image to the right view and warping back to
the left image coordinate. Finally, the maximum depth heuristic minimizes the sum
of all the disparities or maximizes the sum of all the depths, and has the following
formulation:

|
L= > ldyl. (3.41)

These four terms work together to supervise the network training without the use of
disparity ground truth, and are commonly used in subsequent proposed unsupervised
stereo matching approaches.

Due to occlusion, certain regions in the left and right images are not commonly
visible, leading to unreliable constraints for the networks’ disparity estimation. This
occurs as the unary term and the consistency constraint term cannot provide sufficient
guidance in such areas. The unsupervised stereo matching approach presented by
Zhao et al. [62] involves an random initialization of the network, followed by iterative
updates of network parameters using left-right check. More specifically, in each
iteration, a disparity map is predicted, which is then used to generate a confidence map
based on left-right check. Pixels with confident disparity will be ignored in the next
iteration. Li et al. [63] incorporated occlusion reasoning to improve the unsupervised
stereo matching performance. In [63], an occlusion mask O is predicted before the
disparity regression and is then used to ignore the £, and £, in the occluded area.
The network architecture of [63] is illustrated in Fig.3.13. Additionally, to avoid
predicting an all-one occlusion map, an occlusion regularization loss is introduced,
which is defined as follows:

1 _ _
L, = N Xp: |0(P) _ (1 — e~ ld(p dR(q)\)| , (3.42)

where p and q represent a pixel in the left disparity map and its corresponding
pixel in the right disparity map, respectively. Joung et al. [64] utilized correspon-
dence consistency between stereo images as a basis constraint for their approach, and
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Fig. 3.14 The architecture of CoT-Stereo [47]

additionally developed a positive sample propagation scheme to enhance its stereo
matching performance. In 2020, Liu et al. proposed Flow2Stereo [65], which lever-
ages the geometric constraints presented in stereo videos to estimate disparity and
optical flow simultaneously in an unsupervised manner.

However, the aforementioned unsupervised approaches still exhibit unstable per-
formance in challenging areas, especially in regions with occlusions. This can be
attributed to the sensitivity of a single network to outliers. To address this issue,
Wang et al. [47] presented a co-teaching framework, where two networks teach each
other about challenging regions in an unsupervised manner, as shown in Fig.3.14.
In CoT-Stereo [47], the adopted photometric loss L,y is similar to the unary loss
in (3.38), and the adopted smoothness loss is similar to the regularization loss in
(3.39). To further improve the stereo matching accuracy, Wang et al. [47] adopted a
data-augmentation loss, which has the following formulation [66]:

X (‘8(5) D ) .S(0)
“o Y S(0) ’ (3.43)

x—05x>1
1x) = {x2/2, x<1’
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where S(+) denotes the stop-gradient; D, D" and O denote the augmented samples.
This data-augmentation paradigm can effectively enable the network to better handle
occlusions. In addition, CoT-Stereo consists of a dynamic threshold selection scheme
and an occlusion estimation swapping operation. The former ensures that the net-
works do not memorize possible outliers, while the latter enables the two networks
to adaptively correct the inaccurate occlusion estimation. Inspired by [67], Fan et al.
[68] proposed an occlusion-aware stereo matching algorithm based on confidence
guided raw disparity fusion (CRD-Fusion). In CRD-Fusion, a correlation cost vol-
ume is firstly processed by five 3D convolutions to generate a raw disparity, which is
then used to generate a raw occlusion map with consistency-based confidence mea-
sures (see Sect. 3.5.3). Afterwards, the raw disparity map and raw occlusion map are
refined jointly using a hierarchical refinement module.

Another popular paradigm for unsupervised stereo matching is to generate reliable
pseudo disparity ground truth for supervision. For example, Wang et al. [45] proposed
OptStereo, where a pyramid voting module can generate reliable semi-dense disparity
maps to supervise the CNN training. Despite recent advances in unsupervised stereo
matching, there remains a significant performance gap between existing supervised
and unsupervised approaches. As a result, we firmly believe that exploring more
effective unsupervised training strategies is a promising direction for future research
in this field.

3.5 Disparity Confidence Measures

In parallel with the rapid evolution of stereo matching algorithms, deciding the con-
fidence of estimated disparity has also grown in popularity [69]. It is important to
recognize that estimating the disparity confidence is not intended to predict poten-
tial disparity error margins. Instead, it serves as a metric for the probability that a
stereo matching algorithm may fail in challenging situations such as occlusions and
reflections. In other words, the disparity confidence map identifies areas that require
extra attention for stereo matching.

Typically, the cost volume serves as the primary source of information for confi-
dence measures. In this chapter, the cost volume is generated with NCC (3.30). For a
left pixel p = [x, y17, its cost curve c(p) is shown in Fig.3.15, where c¢; (p) denotes
the matching cost for disparity candidate i; d;(p), d>(p) and d,,,(p) represent the
disparity candidate possessing the minimum, the second minimum and the second
smallest local minimum matching cost, respectively, and their corresponding match-
ing costs are cq4, (p), cq4,(p) and cq,, (p), respectively; p” = [x — d(p), y]T repre-
sents the corresponding right pixel of p. However, most confidence measures only
require a portion of the information in Fig. 3.15, and thus can be mainly grouped into
cost-based, disparity-based, consistency-based and image-based. Example images
are visualized in Fig. 3.16, where the first two columns show the different sources of
information, and the last three columns present the different confidence measures.
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Fig. 3.16 Example images of confidence measures. The first two columns provide the sources of
information, and the last three columns present the confidence measures

3.5.1 Cost-Based Confidence Measures

Cost-based confidence measures are obtained from the cost volume, mostly encoded
by cq4,(p), cq,(p) and ¢4, (p). In general, these confidence measures score a pixel
with high confidence if it has a significantly lower c,, (p), which indicates a strong
match to its corresponding pixel in the other image.

1. The matching score metric (MSM) [70] directly uses the minimum cost ¢4, (p) as
a confidence measure, which is defined as follows:
MSM(p) = —cq, (p). (3.44)
2. Peak ratio (PKR) [70] is expressed by the ratio of ¢y, t0 cg,:

Cdzm (P)

PRR(P) =~ )

(3.45)
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3. The perturbation measure (PM) [71] considers the linearity of the cost curve, and
is formulated as follows:

[ea, @]
PMp =Y e = (3.46)
id)

where s is a scaling parameter.
4. The attainable likelihood measure (ALM) [72] models the cost curve using a
Gaussian distribution centered at cq4, (p):

ALM(p) =

ZiED e 2:7(’” (347)
Y ien(€i(p) — car(p))®

o(p) = ,
m

where D represents the set of disparity candidates, and m denotes the number of
disparity candidates.

3.5.2 Disparity-Based Confidence Measures

Disparity-based confidence measures use the disparity map generated with the WTA
strategy from the cost volume as the input domain, without any additional cues from
the cost volume.

1. The distance from discontinuities (DD) [73] metric derives confidence from the

distance to a disparity discontinuity:

DD(p) = min|p — ¢, (3.48)
qed

where d is obtained by applying a Canny edge detector [74] to the disparity map,
as shown in row 3, column 2 of Fig.3.16.
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2. Disparity map variance (DMV) [71] measures the gradient over the disparity map:
DMV(p) = [Vdi(p)I . (3.49)

3. Difference with median disparity (MED) [73] calculates the difference between
di(p) and the median disparity inthe 5 x 5 windows centered at p in the disparity
map.

3.5.3 Consistency-Based Confidence Measures

Consistency-based confidence measures evaluate the consistency between corre-
sponding pixels in the stereo images based on epipolar geometry.

1. Left-right checking (LRC) [75] is a method that assumes that the disparity values
at corresponding pixels in the left and right views should be consistent, except in
the occluded regions. Therefore, the presence of inconsistent disparities signifies
the difficulty of stereo matching, particularly in regions with occlusions. LRC is
defined as follows:

LRC(p) = —Idi(p) — di(p")I, (3.50)

where d{ represents the right disparity generated with the WTA strategy.
2. Left-right difference (LRD) [76] further measures the consistency of the minimum
costs across the stereo images:

ca2(p) — ca1(p)

LRD = .
P = 1) = ()]

(3.51)

3.5.4 Image-Based Confidence Measures

Image-based confidence measures consider only the stereo images as input.

1. Distance from border (DB) [73] calculates the distance between a pixel and its
nearest image border, assuming that pixels close to the image border are more
likely to be occluded or unseen in the other reference view. DB is defined as
follows:

DB(p) = min(x, y, W —x, H — y), (3.52)

where W and H represent the image width and height, respectively.
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2. Horizontal gradient magnitude (HGM) [71] is based on the assumption that a
higher image gradient indicates a richer texture, and thus a higher matching con-
fidence. Similar to DMV, HGM can be formulated as follows:

HGM(p) = [V IL(P)Il . (3.53)

where I (p) represents the image intensity at pixel p in the left image.

3.6 Evaluation Metrics

The performance evaluation of a given stereo matching algorithm usually involves
measuring both the accuracy and efficiency of the disparity estimation [25]. Com-
monly used metrics to evaluate the accuracy of an estimated disparity map are listed
below [77]:

1. Root-mean-squared error (RMS), erms is defined as follows [78]:

1
ervs = | Z) |D(p) — D(p)I?, (3.54)
pEY

where Dg and D¢ denote the estimated and ground truth disparity maps, respec-
tively; & represents the set of disparities used for evaluation, and N denotes the
size of 2.

2. End-point error (EPE), egpg, is expressed as the average disparity estimation error
across all pixels [77]:

1
erpE = Z; |Dg(p) — Da(p)l. (3.55)
PEY

3. Percentage of error pixels (PEP), epgp, is given by [42]:

1
ere =+ ) a<|DE(p> — Da(p)| > ad) x 100%, (3.56)
peP

where &, represents the disparity evaluation tolerance.
4. Dl-all, epo takes into consideration the magnitude of disparity ground truth,
and is expressed as [79]:

1
eplal = & Z 5(|DE(P) — Dg(p)| > max{0.05 x Dg(p), 3}> x 100%.
pe?

(3.57)
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5. The n error quantile represents the highest disparity error among the given per-
centage 1 of best matched pixels. For example, for n = 50%, this is the median
error.

In terms of evaluating the efficiency of disparity estimation, the most common
approach is to measure the runtime processing per stereo image of the algorithm
being evaluated. However, the runtime can vary depending on factors such as image
resolution and disparity search range. Therefore, a more robust metric for evalu-
ating stereo matching efficiency is Mde/s, which is given in millions of disparity
evaluations per second [25]:

Mde/s = Mm—ﬁ. (3.58)

Similarly, time/MP and time/GD measure the runtime in megapixels and giga-
disparities [80], respectively.

3.7 Public Datasets and Benchamarks

Open-access datasets and benchmarks have been developed in conjunction with the
measurable progress in stereo matching algorithms. These datasets cover different
application scenarios, such as driving scenes [ 14, 81], indoor and outdoor scenes [ 16,
38]. Table 3.1 summarizes the existing datasets, and we provide a detailed explanation
of some of the most commonly used benchmarks to assist researchers in making their
choices.

3.7.1 Middlebury Benchmark

The Middlebury dataset [15, 38, 42, 88] offers high-resolution stereo images of
static indoor scenes and ground truth disparity maps with high accuracy, as depicted
in Fig.3.17. The disparity ground truth is generated using a structured light acquisi-
tion system, and Middlebury 2014 [15] attains a disparity accuracy of 0.2 pixels on
most observed surfaces, including in half-occluded regions. Although only dozens of
training samples are provided, its highly accurate ground truth disparity and online
evaluation interface make it one of the most widely used benchmarks in stereo match-
ing. Table 3.2 displays the benchmark results of the above-mentioned stereo matching
algorithms on the Middlebury 2014 dataset [15].
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(c)

Fig. 3.17 Example images of middlebury 2014 dataset [15]. a Left stereo image; b right stereo
image; ¢ ground truth disparity map

Table 3.2 Online evaluation results of noc areas on Middlebury benchmark

Method PEP (%) | EPE (px) | RMS (px) | A50® (px) | Time/MP | Time/GD

N2 2 2 ® )
Sa=1 |o4=4

PSMNet [44] | 63.9 23.5 6.68 19.4 1.94 2.62 322

GANet [48] |37.8 112 12.2 354 0.83 6.33 16.4

AANet [52] |25.5 10.8 6.37 235 0.56 2.48 7.07

LEAStereo | 20.8 2.75 1.43 8.11 0.53 2.53 727

[51]

AdaStereo | 29.5 6.35 222 102 0.65 0.13 0.38

[89]

HITNet [59] | 13.3 3.81 1.71 9.97 0.40 0.11 0.29

RAFT-Stereo | 9.37 275 1.27 8.41 0.26 2.19 5.76

[54]

CREStereo | 8.25 2.04 1.15 7.70 0.28 0.77 2.22

[55]

2 A50 represents 50% error quantile

3.7.2 KITTI Benchmark

The KITTI dataset [ 14, 81] was captured in rural and highway areas of Karlsruhe and
has been commonly used in a variety of visul tasks [90], as illustrated in Fig.3.18a,
b. It comprises a rectified stereo vision system with two high-resolution color and
grayscale video cameras mounted on a wagon, providing stereo images, and a Velo-
dyne laser scanner to offer sparse ground truth disparity, as displayed in Fig.3.18.
The KITTI Stereo 2012 dataset [81] and KITTI Stereo 2015 dataset [14] both con-
tain about 400 image pairs with accurate disparity ground truth. The KITTI dataset
has been of great interest to a wide range of researchers in the field of autonomous
driving due to sufficient samples for training CNNss.

Disparities for pixels that are visible in only one view due to occlusion can-
not be directly obtained from stereo images, but they can be obtained from depth
information (3.26). Therefore, the KITTI dataset provides both occluded (occ) and
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(c) (d)

Fig. 3.18 Example images of KITTI Stereo 2015 dataset [14]. a Left stereo image; b right stereo
image; ¢ ground truth occluded (occ) disparity map; d ground truth non-occluded (noc) disparity
map

Table 3.3 Online evaluation results of noc areas on KITTI Stereo 2012 dataset

Method PEP (%) | EPE (px) | Runtime | Environment
{ (ON

84 =2 8qg=3 8g =4 84 =5
GCnet [49] [2.71 1.77 - 1.12 0.6 0.90 Nvidia Titan Xp
PSMNet [44]|2.44 1.49 1.12 0.90 0.5 0.41 Nvidia Titan Xp
GANet [48] | 1.89 1.19 0.91 0.76 0.4 1.80 GPU@2.5Ghz
GWCNet 2.12 1.32 0.99 0.80 0.5 0.32 GPU@2.0Ghz
[50]
AANet [52] |2.30 1.55 1.20 0.98 0.4 0.06 NVIDIA V100
HITNet [59] |2.00 1.41 1.14 0.96 0.5 0.02 GPU@2.5Ghz
LEAStereo | 1.90 1.13 0.83 0.67 0.5 0.30 GPU@2.5Ghz
[51]
OptStereo 1.91 1.20 0.92 0.77 0.4 0.10 GPU@2.5Ghz
[45]
SCV-Stereo |2.01 1.27 0.97 0.81 0.5 0.08 GPU@2.5Ghz
[91]
CRD-Fusion | 5.07 3.35 2.66 2.26 0.9 0.02 GPU@2.5Ghz
[68]
CREStereo | 1.72 1.14 0.90 0.76 0.4 0.40 GPU@3.5Ghz
[55]

non-occluded (noc) ground truth disparity maps. The disparities of occluded areas
are ignored in the latter, as shown in Fig.3.18c, d. It is important to note that dis-
parities in reflective areas such as glasses are not included. Generally, machine
learning-based algorithms, which have greater generalization ability compared to
explicit programming-based algorithms, are more likely to achieve better perfor-
mance when using the occ ground truth disparity maps. The benchmark results for the
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Table 3.4 Online evaluation results on KITTI Stereo 2015 dataset

Method Dl-all (%) | Runtime (s) | Environment

occ areas noc areas

GChnet [49] 2.87 2.61 0.90 Nvidia Titan Xp
PSMNet [44] 2.32 2.14 0.41 Nvidia Titan Xp
GANet [48] 1.81 1.63 1.80 GPU@2.5Ghz
GWCNet [50] 2.11 1.92 0,32 GPU@2.0Ghz
AANet [52] 2.03 1.85 0.06 NVIDIA V100
HITNet [59] 1.98 1.74 0.02 GPU@2.5Ghz
LEAStereo [51] | 1.65 1.51 0.30 GPU@2.5Ghz
OptStereo [45] 1.82 1.64 0.10 GPU@2.5Ghz
SCV-Stereo [91] |2.02 1.84 0.08 GPU@2.5Ghz
CRD-Fusion [68] | 6.11 5.69 0.02 GPU@2.5Ghz
CREStereo [55] |1.69 1.54 0.41 GPU@3.5Ghz
Table 3.5 Online evaluation results of noc areas on ETH3D benchmark

Method PEP (%) | EPE (px) | |RMS (px) | | A50 (px) | | Runtime (s)

1
8q =1 Sa =4

PSMNet 5.02 0.41 0.33 0.66 0.21 0.54

[44]

GANet [48] | 6.22 0.55 0.36 0.75 0.21 1.00
GWCNet 6.42 0.50 0.35 0.69 0.20 0.12

[50]

AANet [52] | 5.01 0.75 0.31 0.68 0.16 1.26
AdaStereo | 3.09 0.20 0.24 0.44 0.15 0.40

[89]

HITNet [59] | 2.79 0.19 0.20 0.46 0.10 0.02
RAFT- 2.44 0.15 0.18 0.36 0.10 0.81
Stereo

[54]

CREStereo |0.98 0.10 0.13 0.28 0.09 -

[55]

KITTI Stereo 2012 dataset and KITTI Stereo 2015 dataset are presented in Tables 3.3
and 3.4, respectively.
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Fig. 3.19 Example images of eth3d benchmark [16]. a Left stereo image; b right stereo image; ¢
ground truth disparity map; d noc mask

3.7.3 ETH3D Benchmark

The ETH3D benchmark [16] comprises grayscale stereo images of both indoor and
outdoor static scenes, including 27 training image pairs and 20 test image pairs
as depicted in Fig.3.19. The high-precision laser scanner is utilized to generate
the ground truth disparity maps. Furthermore, an occlusion mask is provided for
its training image pairs, encompassing non-commonly visible areas and intractable
areas such as glasses in the stereo matching task, as demonstrated in Fig.3.19d. The
benchmark results on the ETH3D dataset are presented in Table 3.5.

3.8 Existing Challenges

3.8.1 Unsupervised Training

Earlier research has indicated that CNN-based stereo matching algorithms can effec-
tively solve disparity estimation [92]. However, such data-driven algorithms require
a significant amount of disparity ground truth, which is challenging to obtain in
real-world scenarios. Due to the absence of large-scale stereo datasets with disparity
ground truth, it is challenging to generalize supervised stereo matching algorithms
to novel settings [93]. Consequently, many researchers are now focusing on unsuper-
vised stereo matching algorithms that predict depth maps directly from the intensity
images, as discussed in Sect. 3.4.2.2. Although there have been significant advances
in unsupervised stereo matching algorithms, there is still a considerable gap in dis-
parity estimation accuracy compared to supervised stereo matching algorithms [18].

3.8.2 Domain Adaptation

Another approach to reduce the reliance on disparity ground truth is domain adap-
tation. These algorithms can generalize stereo matching knowledge learned from
synthetic datasets [17, 94, 95] to unseen scenes. DSMNet [94] proposed the domain-
invariant normalization (DN) method, which normalizes feature maps along both the
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spatial dimension and the channel axis to enhance the feature maps’ invariance to
domain differences. DSMNet also proposed a structure-preserving graph-based fil-
ter (SGF) to reduce sensitivity to local textures. Song et al. [89] further improved
domain adaptation by performing image-level alignment, feature-level alignment,
and output-space alignment using a color transfer method, a cost volume norm
layer, and an auxiliary occlusion-aware task, respectively. In 2022, Zhang et al. [96]
introduced the stereo selective whitening loss to better preserve feature consistency
between domains.

3.8.3 Trade-Off Between Speed and Accuracy

Recent advances in parallel computing architectures and microcomputers have
made stereo matching algorithms widely deployable on intelligent devices, such
as autonomous cars. However, resource-limited hardware requires a balanced trade-
off between speed and accuracy for stereo matching algorithms, which are often in
opposition to each other [25]. Therefore, researchers are actively working on improv-
ing the real-time performance of stereo matching algorithms. For instance, AANet
[52] replaces 3D convolutions commonly used in deep CNN-based algorithms and
achieves a drastic reduction in the amount of calculation. Furthermore, in the widely
adopted recurrent networks [45, 54, 55], the trade-off between accuracy and effi-
ciency can be easily achieved with early stopping.

3.8.4 Intractable Areas

Middlebury 2002 dataset [42] has put extra emphasis on the texture-less areas and
occluded areas for making the process of disparity estimation more difficult. In
texture-less areas, a lack of visual features can result in pixel mismatches, which is
typically addressed using the disparity smoothness constraint (3.39) [97, 98]. On the
other hand, occluded areas pose a challenge due to the absence of corresponding infor-
mation in the stereo images. To address this, CNN-based approaches and confidence
measures discussed in Sect.3.5 can be used to solve an auxiliary occlusion-aware
task. Looser constraints are given within occluded areas during the training stage of
stereo matching networks [21, 68, 89, 99]. Kim et al. [100] trained a cost aggregation
network and a confidence estimation network in an adversarial structure to jointly
learn disparity and confidence estimation. In 2022, [101] associated occlusions with
disparity discontinuity and generated an occlusion mask from the disparity map using
Sobel filter [102]. Additionally, [103] introduced an auxiliary semantic segmentation
task to assist in guiding the network training for handling occlusion boundaries.
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3.9 Summary

This chapter provided an overview of stereo vision and the stereo matching task.
We discussed both explicit programming-based and machine learning-based stereo
matching algorithms, as well as auxiliary disparity confidence measures. We also
covered the metrics for evaluating disparity estimation and public stereo matching
benchmarks. Finally, we summarized existing stereo matching challenges, providing
researchers with valuable starting points for further studies.
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Appendix
A Lie Group SO 3)

In the three-dimensional space, the coordinates of a 3D point in two coordinate
systems are x; = [x1, y1,z1]" and x5 = [x2, ¥2, 2217 € R¥*!, respectively. x; can
be transformed into x, using a rotation matrix R € R**3 and a translation vector
t e R¥*1:

X2 = Rxq + ¢, (A.1)
where R satisfies orthogonality:

RT =R and |det(R)| =1, (A.2)

where det(R) represents the determinant of R. The subgroup of orthogonal matrices
with det(R) = +1 is referred to as a special orthogonal group and is denoted as
SO(@3).

B Skew-Symmetric Matrix

In linear algebra, a skew-symmetric matrix A satisfies the following property:
A is a skew-symmetrix matrix < Al = —A. (B.1)

In 3D computer vision, the skew-symmetric matrix [a], of a vector a = [ay, az, a3]
is defined as [104]:
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0 —daz ap
[alx =| a3 0 —a;|. (B.2)
—dy a) 0

The two properties of a skew-symmetric matrix are as follows:
a'lalx =0", [a].a =0, (B.3)

where 0 = [0, 0, 0]" is a zero vector. Furthermore, a skew-symmetric matrix can
also represent cross product as matrix multiplication. Specifically, for two vectors a
and b, their cross product can be expressed as [104]:

axb=l[alb = —[b].a. (B.4)
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