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HIGHLIGHTS

¢ A new method of extracting the feature points in superpixels is proposed to compute the candidate
disparities using non-local cost aggregation.

¢ A novel two-stage optimization framework for superpixel proposals by first getting the labels of
feature points quickly and then consists the candidate label sets for updating the labels of pixels
within the corresponding superpixel instead of assigning a label randomly to those pixels.

e The weight combination of intensity, gradient and binary image is designed for constructing an

optimal minimum spanning tree to compute the aggregated matching cost.

Abstract: Obtaining the accurate disparity of each pixel quickly is the goal of stereo matching, but it is very
difficult for the 3D labels-based methods due to huge search space of 3D labels, especially for highresolution
images. We present an novel two-stage optimization strategy to get the accurate disparity map for high-
resolution stereo image efficiently, which includes feature points optimization and superpixel optimization. In
the first stage, we construct the support points including edge points and robust points for triangulation, which
is used to extract feature points and then perform spatial propagation and random refinement to get the
candidate 3D label sets. In the stage of superpixel optimization, we update per pixel labels of the
corresponding superpixels using the candidate label sets, and then perform spatial propagation and random
refinement. In order to provide more prior information to identify weak texture and textureless areas, we
design the weight combination of “intensity + gradient + binary image” for constructing an optimal minimum
spanning tree (MST) to compute the aggregated matching cost, and obtain the labels of minimum aggregated
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matching cost. We also design local patch surrounding the corresponding superpixel to accelerate our
algorithm in parallel. The experimental result shows that our method achieves a good trade-off between
running time and accuracy, including KITTI and Middlebury benchmark, which are the standard benchmarks
for testing the stereo matching methods.

Keywords: feature points; superpixel optimization; prior information; weight combination; stereo matching.

INTRODUCTION

The Depth estimation is the goal of stereo matching, which estimates per-pixel disparity while inputting
a stereo image pair, which is widely applied in navigation [1], 3D construction [2, 3], autonomous driving [4],
robotics localization [5] and so on. Stereo matching approaches generally take four steps [6]: matching cost
computation, cost aggregation, disparity computation and disparity refinement.

According to Scharstein and Szeliski [6], stereo matching algorithms can be classified into local
approaches and global approaches. Local approaches compute the cost value of corresponding points
among images, which lacks the correlation of neighboring pixels and global information, it leads to the
inaccurate disparities. However, global approaches based on Markov Random Field (MRF) integrate the
correlation of neighboring pixels, but the energy function optimization of global approaches is NP-hard, which
can be solved by some approximate approaches, such as fusion methods [7], i.e, belief propagation (BP) [8,
9], graph cut (GC) [10, 11]. BP takes global energy function values as messages and propagates the
neighboring pixels by the sequence mode. GC takes pixel of minimize energy values as a anchor point and
performs «-expansion if satisfying the submodular property in the surrounding area [12]. According to the
classfication of the representation of pixel labels, stereo matching approaches can be classified into 1D
discrete and 3D label continuous approaches. The discrete approaches, e.g, Loopy BP [13], TRW [14], SGM
[15], MST [16], exist the stair-artifacts effect. Hence, PatchMatch stereo [17] proposes 3D label continuous
method to represent per-pixel disparity, which overcomes the stair-artifacts effect of discrete approaches and
gets a smooth disparity map. However,the huge and infinite continuous label space of 3D labels increases
computation and gets the accurate labels of pixels quickly is very difficulty, especially for high-resolution
images.In this paper, we propose an efficient method using 3D labels based on superpixel cut, which first
gets superpixels by SLIC, and then choose edge and robust pixels of each superpixel as support points for
triangulation. After triangulating support points, we get some feature points and compute the 3D labels of
feature points by MST. While obtaining the candidate label sets that is composed of the feature points, we
update the labels of pixels in corresponding superpixel, followed by spatial propagation and random
refinement. Our contributions are mainly followed:

(1) we propose a new method extracting feature points of superpixel by triangulation.

(2) we present an novel two-stage optimization framework for superpixel proposals by first getting the
labels of feature points quickly and then consists the candidate label sets for updating the labels of pixels
within the corresponding superpixel instead of assigning a label randomly to those pixels.

(3) we design the weight combination of intensity, gradient and binary image for constructing an optimal
minimum spanning tree (MST) to compute aggregated matching cost, not like MST only using intensity, and
design the local patch structure surrounding the corresponding superpixel for accelerating our algorithm in
parallel.

(4) the experiment shows the well performance of our method and gets a good trade-off between running
time and accuracy.

Related work

Assigning each pixel p a 3D label f, = (ap b, cy), the disparity d, is uniquely determined by a local
disparity plane:

d,=ayu+b,v+c, (D)

Where u,v. is coordinates in the image domain. Obtaining the accurate 3D labels of pixels quickly is very
difficult due to the huge and infinity 3D label search space. One of the common solutions is PatchMatch
method, PatchMatch Stereo [17] proposes PatchMatch-based 3D label continuous approach, which performs
spatial propagation, view propagation and random refinement sequentially to get the disparity map, but it is
a local methods and time-consuming. PMF [18] proposes superpixel-based PatchMatch filter method and
constructs a superpixel neighborhood structure for spatial propagation, but it is still a local method. PMBP
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[19] uses belief propagation message delivery mechanism within patch, which is the sequential mode that is
time-consuming. However, some methods integrate segmentation information, e.g, superpixel structure
[20,21]. PMSC [22] utilizes SLIC [23] to construct a multilayer superpixel structure, and then generates a

series of label proposals, and iteratively updates current best labels by performing £l|-expansion with each

proposals. LocalExp [24] performs three different sizes patches iteratively in three layers, which chooses a
center-region label and propagates it to the expansion regions for updating the labels of expansion-region
pixels, the drawback is that many shared regions for filtering and leads to huge redundant computations.
Otherwise, SGM [15] is a semi-global algorithm based on dynamic programming, which takes discrete label
and sequence sweep mode individually. HPM-TDP [26] uses the cross-scale framework [27] based on
spuerpixel structure and constructs the neighbor structure according to PMF, and uses MST to speed up the
algorithm, but the cost volume uses gradient and census information computed on the low-scale layer is not
robust, which limits the quality of disparity map. However, there are some methods using triangulation
technology, MeshStereo [28] formulates the objective as a twolayer MRF, which are glued together by an
alignment energy. ELAS [29] gets the prior by performing triangulation on a set of support points and LS-
ELAS [30] adds line segmentation of edges on the basis of ELAS. They both lack global information and the
prior information is not robust. Fickel and coauthors [31] construct an vertices set including the uniformly
edgepoints by canny detector and robust points by Gaussian kernel filtering, and then perform triangulation,
which uses the matching function based on the histogram of pixel gains and cost aggregation using intensity
and spatial distance information. Mozerov and van [32] use a two-stage energy minimization to perform the
global energy minimization in the full connected model, and then use the unary potential of locally connected
MRF model for optimization, which actually is the cost filtering technique. Local plane sweep method (LPS)
[33] uses a two-stage optimization strategy that first proposes local slanted plane sweeps to obtain disparity
hypotheses for a semi-global matching algorithm, which extracts sparse feature followed by an iterative
clustering step to form local plane hypotheses, and then uses semi-global matching to implement global
optimization. MST [16] is a no-local cost aggregation approach, which constructs a minimum spanning tree
using the neighboring pixels and utilizes a two-pass cost aggregate strategy to get the disparity map quickly,
but it uses 1D discrete label. ST [34] integrates segmentation information on the basis of MST. 3DMST [35]
uses MC-CNN [36] as the matching cost, whose MC-CNN is better trained than us, and constructs some
separate tree structure for spatial propagation and random refinement, which is different from our method,
our method uses the sample MC-CNN followed by LocalExp [24] and extracts feature points of each
superpixel by triangulation, which can quickly shorten the range of selecting accurate 3D labels for each pixel.
3DMST-CM [37] adds the confidence optimization module based on 3ADMST and gets effective improvement
in some challenging scenarios.

In the deep learning techniques, cascade stereo [37], AANet [38], PSMNet [39] and GANet [40] use
multi-sacle structure and endocer-decoder convolution layers to get the disparity maps. CSPN [41] uses the
spatial information to get the accurate disparities by the 3D-CSPN module. Deeppruner [42] adpots the
differentiable patchmatch to compute the confidence of disparity in patches. AdaStereo [43] realizes a more
standard, complete and effective domain adaptation pipeline. But they need a lot of training images and
effective training strategy.

PROPOSED METHOD

Given a rectified stereo image pair, our aim is to estimate accurate disparity map. Our proposed method
first utilizes triangulation to obtain robust feature points described in section A, the matching cost aggregation
process is defined in section B, our optimization procedure is presented in section C and we discuss fast
implementation in section D.

A Triangular Tessellation

We found that the similar geometric properties and spatial proximity of pixels share the same disparity
or the range of they disparities is small. Hence, the image is segmented into superpixels using SLIC [23]
according to the color and spatial distance as Figure 4, and the range of disparities of pixels in the same
superpixel is small. To process superpixels efficiently, we use triangulation to generate some irregular local
planes in the superpixel. Assume a feature point represents a local plane, we try to extract some robust
feature points and calculate the candidate disparities instead of computing a lot of disparities for each pixel
with 3D label. We can shorten the candidate disparities range quickly.
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First, we construct the support points for triangulation. The support points include two parts, i.e, one is
the edge points, which can make full use of edge information of superpixels and another is the robust points.
According to the average number of pixels of a superpixel, for example, a image is split as 600 superpixels,
the average number of each superpixel is 36x36-size pixels, we take the sqrt of the 36x36 size

pixels, i.e, 6 pixels, we get the set of edge points by sampling every 6 pixels uniformly. Then, we use
Gausian pyramid downsampling by the rate 1/2 to get half-resolution image, and use bicubic interpolation to
restore the original scale image. Next, we extract pixels with same intensity value as the original image, called
the robust points. The support points are consisted of the edge points and the robust points.

After finishing the extraction of feature points, we triangulate the support points by Delaunay triangulation
and get many irregular triangular plane, then we extract the centroid point of each triangular plane, i.e, the
centroid point is feature point. An illustration of the process of extracting feature points is shown in Figure 1.
Through the above process, we get the number of feature points that is far less than the number of pixels of
the corresponding superpixel. At last, we construct minimum spanning tree using the feature points, as

8B

Figure 1. Extraction of feature points.

B Cost aggregation within superpixel

Yang [35] proposes an non-local cost aggregation method, while constructing minimum spanning tree
(MST), which uses a two-pass matching cost aggregation optimization strategy including leaf nodes to root
node and root node to leaf nodes. we follow their optimization strategy in this paper, but we adopt the 3D
labels representing the disparities of pixels.

The reference image is regarded as a undirected grid graph, each pixel is a node, the neighboring pixels
are connected with an edge, the weight of the connected pixel p and q is defined as:

w(p,q) =w(q,p) = [[I(p) — I(DIl+1 (2)

Where ||I(p) — I(q)]|; is the L1 color distance between the pixel p and g.
However, the gradient information can enhance the interaction between nodes, and binary image is used
to identify the object boundaries as depicted in Figure 2. Hence, our weight is defined as followed.

w(p,q) =w(q,p) = [I(p) — 1(q)| + |Al(p) — Al(®)] + [B(p) — B(q) ©)
Where Al(p) includes the x-coordinates and y-coordinates gradient of p, the define as follows:
|AI(p) — Al(q)| = 0.5 * |AxI(p) — AxI(q)| + 0.5 * [AyI(p) — AyI(q)| 4)

For the binary image B.p/, we utilizes the adaptive mean threshold method to get the initial binary image,
and then invert the value of the binary image, i.e, the value greater than the adaptive threshold is 0, and the
value less than the threshold is 1. The purpose by this is to identify the regions where the intensity and
gradient are difficult to calculate, and provides some effective prior to construct an optimal tree by using the
combination of "intensity + gradient + binary image" weight.

(b) Binary image
Figure 2. Visualization of gradient and binary images of “Teddy” in training set of Middlebury V3 dataset, (a) gradient
image, (b) binary image.
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The similarity between node p and g in tree is defined as [40]:

D(p,
S(p, ) = S(a,p) = exp(Z ) (5)
Here D(p,q) is the the shortest path of hode p and g in tree, which is the sum of weights of the connected
edges, v is a user-defined parameter.
We perform the MST-based matching cost aggregation strategy using 3D labels. Tence, the matching
cost aggregation with 3D label f is computed as:

CA(p, f) =2Xq S, 9)C(q. ) (6)

The cost aggregation of pixel p calculates all connect node in the tree. However, the robustness of
matching cost C(q,f) is very important for stereo matching algorithm. Hirschmuller et al [25] describe the
robustness of different matching cost function under the illuminations situations and found census transform
and the combination of color and gradient have well robustness, but recent work found the matching cost
computed by convolution neural network (CNN) [45, 47] has high robustness than the above matching cost
functions. Hence, we use pretrained CNN as our matching cost, which is defined as follows.

C(q,f) = Conn(1"(Ax ay), IR (ax — dr, qy)) 7)

Where d; is the disparity of pixel g with label f, CCNN is the matching cost under the 11x11 image patch
centered at pixel g in the left image IL and the corresponding image patch in the right image IR.

A brute force implementation of the aggregated cost of all nodes has an extremely high complexity. For
fast implementation, we use a two-pass optimization strategy followed by Yang [35]. In the first pass, the tree
is traced from leaf nodes to root node. The aggregated cost of a node p is accumulated by the aggregated
cost of all its child nodes

CAT(p,©) = C(p, ©) + Lqecn(p) S(P. 9)CAT (g, ) (8)

Where Ch(p) is the set of all children of pixel p, CAT(p, His the intermediate aggregated costs. For the leaf
nodes,CAT(p, fis set to CA(p, f) during initialization, the root node calculates the weighted cost from their child
nodes, while the rest of nodes calculate the weighted cost from their subtrees as depicted in Figure 3 (c). In
the second pass, we trace the tree from root node to leaf nodes as Figure 3 (d). The final aggregated cost of
node p is computed by its parent P a.p/ as followed:

CAT(p, f) = S(Pa(p), p)CA(Pa(p), ) + [1 — S*(Pa(p), p)ICA"(p, D)
= CA(p, ) + S(Pa(p), p)CA(Pa(p), f) — S(Pa(p), p)CA"(p, )

We get the final aggregated cost of all pixels in very low computational complexity, which is linear to the
number of image pixels.

To construct an optimal tree for each superpixel, we use the strategy of ST [29]. First, we construct
random forest that each pixel represents a tree, all edges of pixels within superpixel are visited in weight-
increasing order, two subtrees are linked by the connected edge w.p; g/, which is defined as:

(9)

w(p,q) < min(Int(T,) + % Int(Ty) + %) (10)

Here T, is the size of tree p, Int(T,) denotes the maximum weight of edges in treeT,, k is a constant

parameter. We construct an optimal tree by the above merged edges progressively and select the first node
representing the root node of each tree.

(a) / (b)

Ja e, —» q., .
PR, A ° ;'Q. » D
¢ 6 0é o % 9%é S
© (d)
Figure 3. Processing of feature points optimization and twopass cost aggregation on a tree. (a) feature points in a
superpixel. (b) The corresponding MST. (c) The cost aggregation form leaf nodes to root node. (d) The cost aggregation
from root node to leaf nodes.
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C optimization procedure

In this paper, we propose an efficient two-stage optimization strategy, which first extracts robust feature
points and then constructs an optimal tree, followed by computing their labels in the optimal tree. Since the
number of feature points is far less than the number of pixels of the corresponding superpixel, we can get the
accurate 3D labels of feature points quickly, the process is described in Figure 3 and Algorithm1.

Feature N
')Olllls
Left extract

mage

Feature

) i‘ 3 . : T < ponts
Right & = S U T cxtract
unage wy

Imtial
dispanty
computation

Propagation
+Perturb

processing

Figure 4. The workflow of our method. We first generate the superpixel image by SLIC, and extract the feature points
by triangulation. After we get the labels of feature points, we update the corresponding superpixel, and then perform
spatial propagation and random refinement. Propagation is spatial propagation, Perturb is random refinement.

After obtaining the labels of feature points, we form the candidate 3D labels set for the corresponding
superpixel and compute the labels of minimum aggregated cost followed by the strategy of MST. Next, we
select a label from each neighboring superpixels to form the labels set for performing spatial propagation,
then, we update the labels of pixels. Finally, we perform random refinement as described in PatchMatch
Stereo [17], and get perturbed labels set followed by computed the labels of minimum aggregated cost as
spatial propagation. The procedure is described as Algorithm 2.

Algorithm 1 Feature points optimization
Input: superpixel image
Output: the 3D labels of feature points
. construct superpixels S by SLIC;
for each superpixel s , S do
extract edge points and robust points in s;
consist feature points and construct MST by Eq.(3);
assign a random 3D labels to feature points
compute aggregated cost by Eq.(8) and Eq.(9)
for each superpixel s , S do
while max iteration time Kfea is not reached:
/ISpatial propagation
. construct labels set P from the feature points of neighbor superpixels.
. for each feP:
. compute aggregated cost by Eq.(8) and Eq.(9)
. update feature points labels with lower aggregated cost;
/IRefinement
. select a label fp randomly from the feature pointsin s ;
. for A is sufficiently small:

©CoOo N>R WNE

el el
WN RO

B
(G2
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16: fy « f,+A

17: compute aggregated cost by Eq.(8) and Eq.(9)

18: update feature points labels with lower aggregated cost;
19: A<= A/2

Algorithm 2 Overview of superpixel optimization

Input: stereo image pair

Output: the optimal labels f of each pixel

1: construct superpixel image S by SLIC;

2: feature optimization by Algorithm 1

3: for each superpixel seS:

4: construct labels set L from the feature points of s

5: for each feL :

6: compute aggregated cost by Eq.(8) and Eq.(9)

7: update the label of each pixel of s with lower aggregated cost;
8: for each superpixel seS:

9: while max iteration time KSP is not reached:

10: //spatial propagation

11: construct labels set P from neighbor superpixels

12: for each feP:

13: compute aggregated cost by Eq.(8) and Eq.(9)

14. update the label of each pixel of s with lower aggregated cost;

/IRefinement
15: select a label fp randomly from pixels labels of s ;
16: for A is sufficiently small:
17 fy « f, +A
18: compute aggregated cost by Eq.(8) and Eq.(9)
19: update the label of each pixel of s with lower aggregated cost;
20: A< A/2
l21: Do post processing;|

In Algorithm 1, line 3-4 constructs feature points, line 5-6 initializes the feature points. For the plane f,,,
we select a random disparity Z, in the allowed continuous disparity range [0, dispmax], and the normal vector
of plane as a random unit n = (ny, ny, n,), then, the plane is represented by a, = —(ny/n,),b, = —(n,/n,),
¢, = (nyXg + nyyp + n,zy)/n,. line 10-13 performs spatial propagation, which uses the labels of neighboring
superpixel feature points to update center-superpixel feature points labels, line 14-19 uses random
refinement, the perturbation term A is implemented as described in PatchMatch Stereo. We convert a label
f, to the form of a disparity d and normal vector representation n . Then, we iteratively add one random value

A€ [—AT®*, AT3X] to d and one vector [-AT®*, AT | to A, i.e, d' =d+Aqand i’ = u(@ + A,), the new
dlsparlty and normal vector are converted to obtain a perturbed label f’, we start set AJ**= dispmax/2 and
AP®*= 1, and then reduce exponentially the search scope by half until AJ#*< 0.1 to obtaln the candidate
labels set and update the labels of feature points by Eq.(8) and Eq.(9).

In Algorithm 2, line 3-7 performs initialization using the labels of feature points, instead of random
initialization.Finally, post-processing uses left-right consistency check and weighted median filtering for
further improving the results, which is widely employed in recent methods.

D Fast implemention

Since the shape of the superpixel is irregular, it is timeconsuming if tracing all superpixels sequentially.
Hence, we design the local patch surrounding the corresponding superpixel as depicted in Figure 5 to perform
mask operation in parallel, which accelerates our algorithm. Then, we discuss the complexity of two stage
optimization separately. In the stage of the feature points optimization, the complexity of initialization of each
superpixel is O(N), N is the number of feature points in a superpixel. The feature points in the same superpixel
are assigned a random label during initialization, i.e, the feature points in the same superpixel share the same
label. The complexity of spatial propagation is O(N*P), P is the number of neighbor-superpixels labels. The
complexity of refinement is O(N*R), R is the number of perturbed labels about 10.
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In the stage of superpixel optimization, the complexity of initialization is O(M*F), M is the number of pixels
in a superpixel, F is the number of the corresponding labels of feature points, and then the complexity of
spatial propagation and random refinement is similar to the feature points optimization strategy.

EXPERIMENTS

In the experiments, we first evaluate our ranks under different criteria on Middlebury benchmark V3
benchmark [44] and KITTI 2015 [45] with realted methods. Then, we give comparison results with other
similar methods: MeshStereo [28], Local Plane Sweep (LPS) [33], ELAS [29] and 3D MST [35] in qualitative
and guantitative aspects. We also compare with other methods on Middlebury benchmark V2: ST [34] and
PatchMatch Stereo [17]. Next, we analyze the sensitivity to key parameters and the effectiveness of the
proposed core models of our algorithm.

® o9
¢ [e]
—_— 1) O
(e)
Py (6]
(e} [e]

Figure 5. Fast implementation of our method. We transform the irregular superpixel structure into regular patch structure
to accelerate our algorithm in parallel.

Parameter Setting

The experiments is conducted on the running environment with a desktop computer with an i5-6400U
CPU 2.90-GHZ with 8GB memory. All methods are implemented using C++ and OpenCV. Our matching cost
is the pretrained MC-CNN followed by LocalExp [24], the number of superpixels S is 600, two iterative
parameters: K¢,, to control the feature points optimization iteration is set to 9 for Middlebury V3 and KITTI
2015, 7 for Middlebury V2, K¢p to control the superpixel optimization iteration is set to 7 for Middlebury V3, 4
for KITTI 2015 and 3 for Middlebury V2. The parameter vy is set to 50 and k is set to 8000.

Evaluation on Middlebury Benchmark V3
Table 1. Snapshot of ranks on the test set of Middlebury benchmark V3 under the criterion “bad 2.0 nonocc metric” by

the time of submission (April 2 2021). Five realted algorithms with published papers are listed here. The best results are
in bold.

Method Ours  Mesh[28] ads?Stereo AANet++[38] SGM[15] LPS[33] 5&?"““”” ELAS[29]
Res H H H H H H H F
Avg 107 132 137 15.4 18.4 19.2 30.1 323
Austr 515 590 19.6 175 40.3 6.14 34.2 50.9
AustrP 423 488 7.41 8.37 4.54 5.34 19.9 9.17
Bicyc2 548  10.8 106 10.2 8.03 9.24 24.3 11.0
Class 638  12.9 145 9.86 22.9 7.53 238 33.0
ClassE 165  10.6 15.7 23.9 405 96.0 47.2 88.2
Compu  7.84 110 7.85 9.82 11.4 123 26.1 18.3
Crusa 956  12.2 22.6 17.7 24.7 9.61 26.1 47.3
CrusaP 103  9.01 9.32 15.9 10.1 9.40 22.8 26.8
DiembL 402 539 7.00 3.25 5.40 5.18 18.4 117
Hoops 190 235 22.4 27.1 28.5 27.4 36.5 37.4
Liv 177 177 145 16.2 23.9 24.3 23.2 23.7
Nkuba 185  21.0 17.8 18.4 20.0 23.0 31.7 28.8
Plants 9.73 154 14.8 20.0 142 10.0 48.3 63.0
Stairs 180  20.9 24.2 37.7 30.9 25.6 44.8 42.8

We test our algorithm for comparison with other similar algorithms on Middlebury benchmark V3, which
has more challenging difficulties as different exposure and illuminations between an image pair, slight
rectification errors, etc. It has 30 high-resolution image pairs, which are divided into 15 image pairs for
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training and 15 image pairs for test. For fair comparison with other algorithms, we use half-resolution, and
interpolate the disparity map to restore the full-resolution, which is the same as other methods. The metric

“bad 2.0” under full-resolution image is the percentage of “bad” pixels whose error is greater than 2.0,
which equals to the percentage of “bad” pixels whose error is greater than 1.0 under half-resolution
image. Hence, we use the “bad 2.0” metric as our main criteria, which are the widely used criteria for
comparison of stereo matching accuracy, and there exists two type of criteria for comparison, i.e,

“nonocc” and “all” , nonocc is the pixels in the non occlued regions and all is the pixels in all regions
including non occluded and occluded regions.

Table 1 show the rankings of our method for the bad 2.0 "nonocc" metric under the evaluation about the
test set, and compare with the other classic methods, including MeshStereo [28], LPS [33], ELAS [29] and
SGM[15] and the recent state-of-the-art deep learning methods, e.g, AdaStereo [43], AANet++ (improved
AANet) [38] and Deeppruner [42]. Our method outperforms them and gets the minimum error rate within 2.0
pixels at full resolution, and has very high robustness for non-occluded and all areas under the evaluation of
bad 1.0, 4.0, avgerr metric.

Visualization of the comparison with the classic methods is shown in Figure 6. The disparity maps of our
method are visually much more accurate than the classic methods and natural at challenging image regions,
e.g, weak texture or textureless regions as wire in “Motorcycle” , pipeline in “Pipes” , chair and wall in

“Playroom” , lid in “Recycle” . Moreover, our method perform better than the recent deep learning
methods on the test set of Middlebury benchmark V3 as shown in Figure 7.

I |

(a) Left images

(b) ELAS

(c) LPS

(d) SGM

(e) MeshStereo

(f) Ours

(g) Groundtruth

Figure 6. Disparity maps of our proposed method and classic methods on training set of Middlebury V3 benchmark,
including (a) input left images, (b) ELAS [29], (c) LPS [33], (d) SGM [15], (e) MeshStereo [28] and (f) Our method.
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Evaluation on KITTI 2015

Table 2. Quantitative results about error rates with threshold 3px on the test set of KITTI 2015.

Method D1-bg D1-fg D1-all
Pretrained MC-CNN 13.20 28.26 15.71
MST [16] 45.83 38.22 44.57
ELAS [29] 7.86 19.04 9.72
Ours 5.18 17.81 7.28
3DMST [35] 3.36 13.03 4.97

KITTI 2015 is a real-world dataset with street views, which contains 200 training image pairs with sparse
groundtruth disparities obtained using LIDAR and 200 testing image pairs. Image resolution is 376 x 1240
pixels. KITTI 2015 contains many weak texture and textureless regions about street. It is a challenge for our
algorithm to get accurate disparity maps on KITTI 2015. “D1-all” is the error rate of all pixels that have
ground truth with an error threshold of 3 pixels, “D1-bg” and “D1-fg” are error rates of foreground and
background pixels. Our algorithm adpots a pretrained MC-CNN [45] (the convolution output without
subsequent optimization) as cost volume to compute matching cost in Eq.(7). Moreover, we compare the
releated algorithm with ours, such as ELAS [29], MST [16], 3DMST [35].
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A klole

Figure 7. Comparison of disparity maps and error maps generated from the recent state-of-the-art deep learning
methods on test set of Middlebury benchmark V3. (a) Ours, (b) AdaStereo [43], (c) AANet [38] and (d) DeepPruner [42],
where black regions represent the error regions.

The quantitative comparison is described as Table 2. Our method outperforms them by a margin except
3DMST. Although the error rate of 3D MST is lower than ours, our algorithm runs faster than 3DMSTI[35].
Our average running time is about 58s, the running time of 3DMST is 92s. We compute disparity map by
extracting candidate disparities for the corresponding superpixel, not like 3DMST performs random disparities
for all pixels. The qualitative comparison is shown as Figure 8, since our method computes the disparity map
independently without global regularization, such as GC [10] and BP [8], our results exist noisier but have
better detail information.

Compare with other classic methods

Since the Middlebury benchmark V2 is no longer active, it consists of four image pairs named
“Tsukuba” , “Venus” , “Teddy” and “ Cones” , which has upgraded to V3 version with more
challenging conditions. However, most of the existing classic methods are designed for about 0.1 Mpixel
lowresolution stereo images (450x375). Therefore, we compare our methods with other classic methods:

PatchMatch stereo [17], ST [34] on Middlebury benchmark V2, the code is provided public by authors.
Brazilian Archives of Biology and Technology. Vol.65: €2210409, 2022 www.scielo.br/babt


https://www.google.com/url?sa=t&rct=j&q=&esrc=s&source=web&cd=1&ved=2ahUKEwjY_IyMpJjfAhXBqZAKHdazDawQFjAAegQIAxAC&url=http%3A%2F%2Fwww.scielo.br%2Fbabt&usg=AOvVaw08BojU0LuZNEI4C434jTD4

Cheng X.; et al. 12

For fair comparison, we replace the matching cost with the “gradient + color” matching cost as the
same as PatchMatch stereo and ST, which is defined as:

C(p, D = (1 = min(|[I,(p) — Ir(P)I]1, Teol) + a(|AxIL(P) — Aylr(P)] 1, Tgrad) (11)

Here, {a,Tco1 Tgraa}={0.9,10,2}, S = 200, {Kfeq,Ksp}={7,3},the other parameters as default. The number
of feature points for four pairs of steroe images obtained by our method are about 1/12, 1/10, 1/8, 1/8 of
original image respectively. The average processing time of ST taks 0.5s, ours takes 4.5s,PatchMatch stereo
takes 700s.

The performance comparison is shown in Figure 9, our method gets the accurate disparities near edge
regions and background than PM and ST, but we still can not deal with the some challenging situations, such
as the lamp in tsukuba. Although the running time of ST [34] is faster than ours, the disparity of our algorithm
is more accurate than ST [34] by a margin.

(a) Reference Images (b) pretrained MC-CNN (c) Ours

Figure 8. Qualitative results of the proposed approach on the training set of KITTI 2015 benchmark, (a) Reference
image, (b) pretrained MC-CNN [45], (c) Our method. The disparity maps of our method achieve greatly improvement
based on pretrained MC-CNN [45].

Parameters Analysis

In Algorithm 1 and 2, there exists three main parameters for control the optimization of our method, i.e,
the number of superpixels S, the iterations of feature points optimizationkK.,, the iterations of superpixels
Ksp. We select six stereo images of the training set (Adirondack, Atrl, Motorcycle, Pipes, Recycle, Teddy) to
analyze the parameters. In Algorithm 1, the number of the feature points obtained by our feature points
extraction method in left image is about 1/5, 1/7, 1/8, 1/8, 1/4, 1/10 of the original scale image, hence, we
can compute the disparities of feature points for the candidate disparities of corresponding superpixels quickly
and take the error rate of the metric "nonocc" within 1 pixel as our evaluation. First, we random choose a
superpixel image, e.g, 500, and perform Algorithm 1. As shown in Figure 10(a), the error rate in the
optimization of feature points is no longer reduced and approximate stable while the number of iterations
exceeds 9.

Hence, we set the number of iterations K¢, to 9. Next, we need to set the iteration number Kp to be
large enough, such as 20, to ensure the convergence of our algorithm for determining the number of
superpixels S. Figure 10(b) shows the optimal number is 600 for the trade-off between accuracy and time.
After we determine K¢, and Ksp, we then determine the parameter Kgp. As described in Figure 10(c), some
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of stereo images get the optimal disparities in the first 2 or 3 iterations and the error rate of most images is
no longer declined where the number of iteration exceeds 7. Hence, we set Ksp to 7 for comprehensive
consideration.

1§

(a) Left images (b) Ours (c) ST (d) PatchMatch Stereo

Figure 9. Qualitative disparity results of our proposed approach and classical approaches on Middlebury 2.0 benchmark,
where (a) Left images, (b) Our method, (c) ST [34], (d) PatchMatch Stereo [17].
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Figure 10. Sensitivity analysis of parameters on the Middlebury V3 benchmark. Variation of error rates with different
parameters values separately, in which the x-axis represents the error values under “nonocc” regions ,i.e., non-occluded
regions, the y-axis represents the iteration number, (a) the number of iterations K., in the feature extraction stage , (b)
the superpixel number S and (c) the number of iterations Kgp in the superpixel optimization stage.

Effect of each model

Our method has two core models: (1) the feature points optimization, which get the candidate label sets
for superpixels; (2) the weight of cost aggregation uses the combination of intensity, gradient and binary
image, instead of only intensity; We employ ablation experiments to demonstrate the contribution of each
part of our methods. As described in Figure 10(c), some images can get the optimal disparities at the begining
iterations after the update of candidate labels extracted by feature points, which is better than assigning a
random label to the pixels of superpixels and then optimization by many iterations. In the case of no feature
points optimization, the error rate of superpixels gets the minimum after many iterations. Even some images
can not get the minimum error rate after many iterations as "AtrL" in Figure 11. Since the number of feature
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points in a superpixel is far less than the number of the corresponding-superpixel pixels, the feature points
optimization is obviously faster than to optimize all pixels of corresponding superpixel, which can obtain the
accurate candidate label sets quickly.

- Atrl
-+ Atrl_ind

Error values

10 - et e A e

S I B S s S S S e S S A S R B S S S S
12345678 91011121314151617181920
iteration
Figure 11. The error rate map of superpixels without the feature points optimization, AtrL_ind in map represents AtrL
without the feature points optimization, where the x-axis represents the error values under “nonocc” regions, i.e.,

non-occluded regions, the y-axis represents the iteration number.

We select some key evaluation metric to compare different weights, e.g, "aggerr" means average
absolute error of pixels and table 3 shows the quantitative comparison of the weight using "intensity",
"intensity + gradient" and our method. The "intensity + gradient" weight reduces some error rate relative to
the weight using intensity. Since neither intensity nor gradient can deal with weak texture or textureless
regions well, the binary image improve the effect of weak texture or textureless regions as the inset boxes in
Figure 12. Hence, our method adds binary image of superpixels based on the weight of intensity + gradient
as shown in table 5. Our method gets the minimize error rate under the evaluation.

Table 3. Comparison of the effectiveness of different module under different criteria on training set of Middlebury 3.0
dataset. The best results are in bold.

Bad 2.0 Bad 1.0 Bad 4.0 Aggerr
Method
nonocc all nonocc all nonocc all nonocc all
Intensity 12.4 18.7 24.7 30.8 7.68 13.4 3.37 7.36
Intensity+gradient 12.2 18.6 24.7 30.8 757 13.2 3.31 7.40
Ours 11.8 18.2 243 304 7.26 12.9 3.06 7.06

£ SRR
T

".1 ’i "

Figure 12. Comparative analysis view of different combination weights. (a) intensity,(b)intensity + gradient, (c) ours,
where black regions represent the error regions.
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CONCLUSION

In this paper, we propose a novel two-stage optimization strategy to get accurate 3D labels for pixels
efficiently, i.e, the feature points and superpixel optimization. Moreover, we design the weight combination of
"intensity + gradient + binary image" to construct an optimal minimum spanning tree and obtain the accurate
label of minimum aggregated matching cost. Moreover, we also design the local patch surrounding the
corresponding superpixel to accelerate our algorithm. Experiment shows that the proposed method a good
trade-off between running time and accuracy on the multiple datasets among similar classic methods and
deep learning methods. However, the proposed method is still difficulty for some challenging scenarios, such
as occluded and textureless regions. In the future, we will add the efficient fusion method to improve our
method.
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