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Abstract. Stereo matching methods based on Patch-Match obtain good
results on complex texture regions but show poor ability on low texture
regions. In this paper, a new method that integrates Patch-Match and
graph cuts (GC) is proposed in order to achieve good results in both
complex and low texture regions. A label is randomly assigned for each
pixel and the label is optimized through propagation process. All these
labels constitute a label space for each iteration in GC. Also, a Ground
Control Points (GCPs) constraint term is added to the GC to overcome
the disadvantages of Patch-Match stereo in low texture regions. The
proposed method has the advantage of the spatial propagation of Patch-
Match and the global property of GC. The results of experiments are
tested on the Middlebury evaluation system and outperform all the other
PatchMatch based methods.
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1 Introduction

Depth reconstruction is a technique that estimates depth from images. It is a
baseline technique for building 3D objects and environments in stereo vision,
but conducting reconstruction from several cameras is always an challenging
problem. The performance of the depth reconstruction, including such elements
as accuracy and efficiency, will directly impact the quality of computer vision,
graphics and multimedia applications. One solution to the depth reconstruction
problem is to conduct stereo matching from image pairs for depth estimation.
This is an attractive research topic which has been applied to many applications.

The existing stereo matching methods are divided into two categories: global
algorithms and local algorithms [12]. Global methods [7,13,15] consider the prob-
lem as an energy function that is solved by optimization methods. Although
such methods have been shown to achieve precise disparity estimation in dis-
continuous regions, many challenging problems remains. Local methods [17,18]
estimate disparity at a given centre pixel using colour or intensity values in the
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user-defined window. However, these algorithms have weaknesses in respect of
disparity discontinuity and low texture areas, because they assume that the area
inside the user-defined window is locally frontal-parallel.

Significant progress has recently been made in accuracy of stereo vision. One
breakthrough that has obtained good accuracy results is a global method using
GC. Another is the use of 3D models [2,3,11], in which a local 3D disparity plane
is estimated for each pixel and accurate photo consistency between matching
pixels is measured even with large matching windows. Sub-pixel precision is
achieved with this method.

Even though GC obtains good results to some extent, it can only obtain
disparity accuracy in pixel level accuracy. How to integrate such a 3D model
with GC to achieve sub-pixel precision accuracy is a significant research topic.
While stereo with standard 1D discrete disparity labels [6,14] is directly solved
by discrete optimizers such as GC [4,7] and belief propagation(BP) [8], such
approaches cannot be directly used for continuous 3D labels due to the infinite
label space (a,b,c) € R3.

Many papers related to this research topic has been published [2,9,13]. Patch-
Match [3] is a successful method used in [2,13] to efficiently infer an accurate
3D disparity plane using spatial propagation; each pixel’s candidate plane is
randomly selected, refined and then propagated to neighboring pixels [3]. In
[2], Patch-Match is combined with BP to create an efficient stereo matching
method, PMBP, for pairwise Markov random fields(MRF). However, BP is a
MRF optimization method which is considered to be a sequential optimizer, in
which each node is improved individually while other conditions are kept in the
current state. In contrast, GC improves all nodes simultaneously by accounting
for interactions across nodes, and this global property helps GC to avoid local
minima [15]. A local shared labels strategy is proposed in [16] to combine GC
and Patch-Match. This method has high computation complexity because of its
still large label space, though it achieves better results than PMBP [2].

Patch-Match achieves great performance in complex texture regions, but low
texture regions remain a challenge for these 3D model methods because of their
local propagation strategy. Methods based on GCPs have recently achieved great
improvements in low texture regions, but it is a challenging problem to acquire
high quality GCPs. Occlusions are another challenge for the accurate compu-
tation of visual correspondence. Occluded pixels are visible in only one image,
with no corresponding pixel in other images. Non-local (NL) algorithm [17] uses
non-local strategy to detect these occlusion pixels, but it needs to compute a
separate disparity map for left and right image.

In this paper, we focus on the accuracy of depth estimation in low texture,
and our work also concentrates on complex texture regions, such as regions full of
slant and edge areas, which is also a significant challenge in stereo matching. We
propose a new label space computation method that effectively uses the global
strengths of graph cut and local depth continuous strength of Patch-Match. Our
method demonstrates great ability to handle complex texture areas as well as
low texture areas. As discussed above, GC and Patch-Match cannot be directly
combined, so a powerful method is required to effectively decide the label space
for GC in infinite R3 sub-pixel space. Our new method has the ability to use
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both strengths and obtains good results at relatively high speed. At the same
time, GCPs are used to improve the accuracy of disparity in low texture and
occlusion areas. We propose a new GCP term called soft GCPs, which is unlike
other GCP methods. It varies on different kind of GCPs.

Our contributions comprise a new method that incorporates spatial prop-
agation of Patch-Match into GC-based global optimization and a new GCP
constraint term that is used to guide the process of matching in low texture and
occlusion regions. The major contributions of our method are as follows:

(1) A new label space computation method is proposed. We use Patch-Match
to randomly select the disparity label of each pixel and compare with its
8 neighbors; the optimal label that produces minimum pixel dissimilarity is
the current label. It is quite simple, very effective and obtains relatively good
results. It has the advantages of Patch-Match and effectively combines Patch-
Match and GC by considering a small number of labels in such large R3
infinite label space. The new label space computation method is reasonable
because depth is locally continuous in most part of the images.

(2) A new GCPs constraint term is added to GC. We define the GCPs constraint
term when a pixel is GCP, or we omit the term when the pixel is not GCP.
This strategy is effective because it does not need a huge amount of compu-
tation on the GCP of every pixel. The GCPs constraint term is considered
to be a soft constraint.It has the ability to improve energy minimization to
achieve good disparity results.

2 Proposed Method

This section describes the proposed stereo matching method. Given two input
images I, and I, our purpose is to estimate the disparity maps of both images.

2.1 Problem Formulation

Sufficient label space is prerequisite for conducting Graph cuts(GC). As the
main contribution of this paper, we develop a effective label selection algorithm
to combine Patch-Match and GC. Initially, the optimal label for each pixel is
selected in a local 3 x 3 window size, then the whole range of pixel label forms
the label space of the whole image. Due to propagation steps in obtaining opti-
mal label for each pixel, our label computation method has the advantages of
obtaining more effective label space and maintaining good matcher.

Existing global methods (i.e., graph cuts) have achieved remarkable results,
but the capability of the traditional Graph cuts(GC) stereo model is limited. To
reduce ambiguities in matching, additional information is required to formulate
an accurate model. In this paper, the GCPs constraints(G) are integrated as
additional regularization terms to obtain a precise disparity estimation(D) for
a scene with low texture characteristics. According to Bayes rule, the posterior
probability over D given G and Dy is

p(DIDy, G) = p<D;(v gLDC)f;(D)

(1)
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where Dy, is the initial disparity map conducted by Patch-Match. Due to the ini-
tial disparity map Dy, and G are constant during each iteration and independent,
p(Dr,G) is constant. Therefore,

p(D|Dy, G) o< p(Dr, G|D)p(D) o< p(DL|D)p(G|D)p(D) (2)

Maximizing this posterior is equivalent to minimizing its negative log likelihood
[7], therefore disparity map (D) is obtained by minimizing the following energy
function:

E(D) = E4+ Es + Eg (3)

2.2 Disparity Map Computation

Label Space Computation. The method of computing label space is divided
into two steps: random selection and propagation. First, we randomly select the
disparity label [; of each pixel. After selection, we form the initial label space
L= (l,la,...,1;..1,), where n is the number of pixels. Second, we optimize the
initial label at each pixel, using its neighbors. Our goal in the second step is to
form the optimal label space S(S C L),

S =Uj=1..k{si} (4)

where k is the dimension of S and s; is the optimal label for p;. s; is obtained by
selecting the optimal label that has the minimum p (through formulation (10))
compared with its 8-connected neighbors and its own last label,

5 = l(lgréi]rvli{p(pmpé)}) ()

where N; is the 3 x 3 labels centred in pixel p;, p; is the projection of p; with
disparity [;, I(-) is the label in N; that has minimum p.

From formulation (4) and (5), we can obviously find that S is usually smaller
than L, which is rational in reality. The new method obtains label space by
propagation which is using the continuous property of neighbours’ labels.

GC Settings Data Term. To measure photo-consistencies, we use a data
term that was recently proposed by [18]. In the term, we use the 3D model to
represent disparity. A pixels disparity d; can be represented as d; = a;x+b;y+c;.
Therefore, the objective of finding the best disparity for each pixel is to search
its disparity plane f, = (a;, b;,¢;) € R®. We find the best f,though an energy
method (e.g., GC) by minimizing E(f,). With the disparity f,, we project the
pixel ¢ = (¢u, qy)T in the left image to the right image by using the projection
function:

¢pq =q—- (apqa: + pry + ¢p, O)T (6)
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Here, we only suppose it has x-axis disparity, because we use the Middlebury
dataset to test our algorithm. If there is y-axis disparity, the ¢pq = ¢— (0, apgs +
bpay + cp)T ; if there is both axis disparity, this function becomes

bpg = q — (paqe + bpaGy + Cpas ApyGs + bpyqy + pr)T (7)

The data term of pixel p in the left image is defined as:

Eq= )Y wp.a)p(e,q) 8)

qeEW,

Where W), denotes a window centred on pixel p, pixel ¢’ is the projection of pixel
¢, ¢ = ¢py -The weight implements the adaptive support window proposed in
[18], and defined as

wlpq) = eI ©)

The function p(q,q’) represents the pixel dissimilarity degree between ¢ and
q'. It is calculated by the following formulation,

p(¢,d) = (L=a) [ Iy = Iy |1+ || VI = Vi |1 (10)

where [ is the intensity of the pixel and /I is the gradient of the pixel. In our
experiment, we use Middlebury datasets, so there is only disparity on x-axis,
thus VI = 7,1 . If there is disparity on the y-axis, VI = 17,/ ; if on both axes,
we define VI = sqrt(Vol - Vol + 741 - 7yl).

Smooth Term. For the smooth term, a second-order regularization, curvature-
based term [11] is used. It defined as

Es(fpafq) :maw(wpqvg)min(s(fpvfq)77—) (11)

where wy, is a parameter which is defined in (9), it help to have a more robust
smooth term. S(fy, fy) estimates the penalty of the discontinuity between label
fp and label f; in the same pixel. The penalty function is defined as

S(fps fa) = 1dp(fp) = dp(fg)|[H|dg(fp) = dg(fo)] (12)

GCP Constraint Term. GCPs are usually referred as highly reliable matched
points that are used to guide the local structure of pixels. They improve the
performance of GC by dealing with the problem of matching ambiguities in
repetitive or low-texture areas. Because obtaining precision GCPs is a difficult
task, GCPs constraint term is considered as a soft constraint. The GCPs con-
straint term is defined as

EG = )\G Z )\sgw(fpvfp) (13)

pely
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where ( f, fp) penalizes the disparity assignment that diverges from the Patch-
Match. Ag is a parameter that controls the GCPs constraint term and As, con-
trols GCPs term when the current pixel is GCP and when is not GCP,

N = { 0, if the pixel is not GCP (14)
sg —

1, if the pixel is GCP (15)

In this paper, our robust penalty function (f, fp) is derived from the Total
Variance model [1] as

U(a,b) =—In(1l — n)emp(y

+1) (16)
where r and 7 are parameters that control the sharpness and upper-bound of
the robust function.

We use the methods in [9,17] to obtain GCPs, and the GCPs in I are
obtained from several local stereo-matching algorithms. These methods include
the left-right check procedure, which helps to find pixels which are occluded.

GC Optimization. We use the Fusion-move [8,11]method for optimization,
which is an extension of the a-expansion algorithm [6]. In Fusion-move, an arbi-
trary values for each pixel is allowed instead of a fixed value for each optimization,
and each optimization can be conducted by parallelization.

Optimization is conducted iteratively. The label space is computed using our
label space computation method described in Sect. 3.2. The fusion-move method
is then used to optimize the energy formulation (3). After each iteration, we
update the last label space into a new one, which becomes the initialization of
the next iteration. The optimization is continued until the energy converges or
iteration times reach the maximum.

3 Experiments

The proposed method is evaluated on the Middlebury datasets and an expla-
nation of the results is given. In addition, we compare the performance of our
algorithm with GCPs and without GCPs. The performance of the proposed
method is analysed.

Experiment Setting. The following settings is used throughout the experi-
ments. We use a PC with an I5 CPU (2.50 GHz X 4 cores) and 16G memory.
The parameters of our algorithm are set as (o, 7,¢,Ag,7v,n) = (0.9,1.0,0.01,
15,2,0.005). All labels of last label in formulation (5) is set into 0 when the first
iteration of GC.

3.1 Evaluation on the Middlebury Datasets

Table 1 is our selected algorithms in the Middlebury evaluation database, there
are all Patch-Match(PM) related methods ([7,16,17]). Our algorithm achieves
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Table 1. Quantitative comparison of methods on the Middlebury datasets.

Algorithm Avg. | Tsukuba | Venus | Teddy | Cones | Average
Rank | all all all all error
GC-LSL [13] |51.4 |2.73 0.36 |3.77 |7.37 [4.19
PMBP [2] 476 221 049 |857 6.64 |4.46
PM-PM [16] |42.2 |3.23 0.30 |8.27 6.43 |4.52
PMF [10] 44.5 12.04 0.49 |5.87 6.80 |4.06
PM [3] 477 12.33 0.39 |8.16 |7.80 |4.59
PM-Huber [5] | 48.8 |0.22 5.56 |5.56 |6.69 |4.56
Ours 40.4 | 2.19 0.21 |3.11 |4.32 |3.73

Fig. 1. The results of disparity maps of GC-LSL(row 1), PMBP(row 2), and the pro-
posed method(row 3). The datasets are Tsukuba, Venus, Teddy, Cones, which is dis-
played in a row for each method.

the current best average error (3.73) and average rank (40.4) of all the PM
based methods on threshold 1, and the proposed method ranked better than the
others. In addition, our algorithm gets best results on the Venus, Teddy and
Cones datasets.

We are closely compare our method to the related methods GC-LSL [13] and
PMBP [2]. From the Table1, we can see that our results achieve better accu-
racy compared to GC-LSL and PMBP on the four datatasets on threshold 1.
In threshold 0.75, our algorithm can also obtain better results on the last three
datasets(Venus, Teddy, Cones) than the others(The results can be seen on sup-
plement materials). Because of our GCPs constraint term, low texture regions
obtain guided information when they are finding matching pixels. Also, our new
space computing method combine the strengths of PatchMatch with GC. The
both strengths contribute the improvement of accuracy. Figure1 illustrates the
results evaluated on the Middlebury system. Row 3 shows our disparity results,
from which we can clearly see that our results looks smoother and less artificial.
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Fig. 2. Example regions that better than other methods. GC-LSL (col 1), PMBP (col
2), and the proposed method (col 3).

Figure 2 is the detailed comparison with GC-LSL and PMBP on Teddy and
Tsukuba datasets. From the comparison results, we can see that our results (col
3) in the red rectangular region clearly obtain better results, demonstrating that
our method achieves good results in both complex texture regions(row 1) and low
texture regions(row 2).

The proposed method achieves better accuracy primarily because we find one
optimal label space in each iteration of GC. It is a new way to compute label
space, which illustrates that it is effective to conduct expansion steps in GC.
Also, an additional GCP constraint term is added to our energy formulation
which contributes to the improvements in low texture regions. As we discussed
above, our algorithm can not obtain the best results compared to our related
methods under threshold 0.75in the first dataset of Middlebury (Tsukuba). It is
because our GCPs are computed using some fast pixel level accuracy methods,
while existed sub-pixel level accuracy methods have much slow speed and are not
robust to get a same disparity in sub-pixel level accuracy. Such GCPs may have
inaccurate points in sub-pixel level. It influences the accuracy. In real application,
if we can use high accuracy device to obtain sparse high level accuracy GCPs,
this drawback will be overcome.

3.2 Disparity Results with and Without GCPs

Our method contains two main contributions to stereo matching. One is a new
graph cut combination with Path-Match, and the other is the introduction of
GCPs into our new global method. In this section, we test them separately.
Figure 3 shows the disparity result of our algorithm both with and without
considering GCPs. From the results, we can see that GCPs contributes sig-
nificantly to improvement in the accuracy of the final disparity map. Table 2
gives the quantitative evaluation on Middlebury evaluation system. From the
table, we can see that the disparity error of Teddy without considering GCPs
is 6.3, while the disparity error considering the GCPs constraint term guide the



22 X. Huang et al.

Fig. 3. Disparity map without GCPs(row 1) and with GCPs(row 2).

Table 2. Quantitative comparison of disparity with and without GCPs

Algorithm Avg. | Tsukuba Venus Teddy Cones Average
Rank | ncc | all disc | ncc | all disc | ncc | all disc | ncc | all disc | error

without GCPs | 47.6 | 2.09 | 2.37 | 9.90 | 0.31 | 0.35 | 2.63 | 2.88 | 6.3 | 8.6 |2.97|5.75|6.2 |5.37

with GCPs 25.6 |1.63|2.17|8.710.15|0.19|2.13 | 1.91 | 2.29| 5.47 | 1.32 | 2.02 | 3.6 | 2.64

disparity computation is 2.29, which contributes to the improved results. The
performance in other three Middlebury datasets (Tsukuba, Venus and Cones)
has different extend improvement in its disparity results.

3.3 Performance of Proposed Method

Graph cuts generate the highest computation cost step in our algorithm. The
proposed algorithm obtains higher computation speed than GC-LSL, because
more effective label space is obtained for the GC. The proposed method iterates
six times in each experiment which costs about 15 min. From their papers [2,13],
we can find that, GC-LSL requires about 70 min when CPUs are used and PMBP
need 16 min either.

4 Conclusion

A new method stereo matching method is proposed that obtains accuracy results
in both the complex texture regions and low texture regions. The new algo-
rithm integrates the Patch-Match stereo method into the graph cuts optimization
method. In addition, a new GCPs constraint term is added to energy formulation
of GC to obtain more accurate results in low texture regions.
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