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Abstract

To address the problem of high mismatch rates in traditional local stereo match-
ing algorithms within depth-discontinuous regions, we propose a stereo match-
ing algorithm based on adaptive weights and occlusion information. First, a
left-right consistency check algorithm is employed to detect occlusion regions in
both the reference and target images. Subsequently, occlusion information is
utilized to reduce the weight of pixel points within occlusion regions during the
cost aggregation stage. During the disparity optimization stage, a scanline prop-
agation method is adopted to select the nearest point in the horizontal direction
for filling the disparity values of occlusion regions. Finally, the mismatch rate
is calculated for the disparity results based on the ground truth disparity maps
provided by the Middlebury dataset. Experimental results demonstrate that the
proposed occlusion-information matching algorithm based on adaptive weights
reduces the mismatch rate by 16% compared to the adaptive weight algorithm,
effectively solving the problem of high mismatch rates in local stereo match-
ing algorithms within depth-discontinuous regions and improving the overall
matching accuracy.
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Abstract: To address the high mismatching rate of traditional local stereo
matching algorithms in depth discontinuity regions, this paper proposes an oc-
clusion information stereo matching approach based on adaptive weight. First,
the left-right consistency check algorithm is employed to detect occlusion regions
in both reference and target images. Then, occlusion information is utilized to
reduce the weight of pixels within occlusion regions during cost aggregation,
while scanline propagation is adopted in the disparity refinement stage to fill
occlusion regions with horizontally nearest points. Finally, the mismatching
rate is calculated based on the standard disparity maps provided by the Mid-
dlebury dataset. Experimental results demonstrate that compared with the
adaptive weight approach, the proposed occlusion information stereo matching
approach reduces the mismatching rate by 16%, effectively addressing the high
mismatching rate issue in depth discontinuity regions and improving matching
accuracy.

Keywords: stereo correspondence; adaptive weight; occlusion detection; cost
aggregation; disparity refinement

0 Introduction

Stereo matching is the process of computing disparity maps from two images
captured by two parallel cameras with identical parameters from different view-
points. Scharstein and Szeliski conducted comprehensive research on stereo
matching algorithms [?], categorizing them into four steps: matching cost com-
putation, cost aggregation, disparity computation, and disparity refinement.
Global stereo matching [?] performs disparity optimization across the entire
stereo image pair by minimizing an energy function to compute disparity. Local
stereo matching [?, ?] conducts cost aggregation within a support window and
employs a simple WTA (winner-take-all) strategy for disparity selection. Both
algorithms share a common assumption [?] that scenes are piecewise smooth
—local methods assume smoothness within the support window, while global
methods model smoothness directly. However, this assumption is often unreal-
istic in practice, as depth is typically discontinuous at object edges.

Depth discontinuity regions are usually accompanied by occlusion problems. In
binocular stereo vision systems, occlusion phenomena [?] primarily arise from
different viewing angles: the foreground region closer to the camera occludes
portions of the background region farther from the camera, causing occluded
background pixels to appear in only one image of the stereo pair. Due to the
non-binocular visibility of occlusion problems, many algorithms treat occlusion
recovery as a secondary issue either ignored entirely or handled simply during
disparity refinement. Nevertheless, processing occlusion regions is essential for
obtaining more accurate depth images.
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Occlusion handling approaches generally fall into two categories. The first ap-
proach directly detects and recovers occlusion region pixels during disparity re-
finement, with common methods including left-right consistency checking (LRC)
[?], sub-pixel interpolation [?], weighted median filtering [?], and image segmen-
tation plane fitting [?]. Lu et al. [?] proposed a novel disparity refinement in-
terpolation algorithm that employs LRC for occlusion detection and uses color
and distance similarity for interpolation to improve occlusion estimation. Ye
et al. [?] proposed a multi-step disparity refinement framework for occlusion
handling that classifies outliers into three categories: leftmost occlusion, non-
boundary occlusion, and mismatches, applying different recovery strategies for
each type and introducing an order-based surface decision method for complex
backgrounds or multiple background regions.

The second approach improves matching algorithms to enhance robustness
against occlusion. For instance, Zhou et al. [?] proposed an adaptive weight
Census transform stereo matching algorithm that computes grayscale differ-
ences to differentiate pixels within the window during the Census transform
stage and introduces adaptive weights to modify the aggregation window
size during cost aggregation, thereby improving matching performance in
depth discontinuity regions. In reality, due to the non-binocular visibility of
occlusion regions, their matching costs are significantly higher than those of
non-occluded pixels, which can affect the matching results of non-occluded
regions. Integrating occlusion information into the matching process to reduce
the influence of occlusion region pixels during cost aggregation yields better
matching results.

This paper presents an improved method based on the classic adaptive window
weight stereo matching algorithm [?]. Under experimental conditions with oc-
clusion information, occlusion region pixels are processed in two aspects. First,
during cost aggregation, smaller weights are assigned to occlusion region pixels
to reduce their impact on cost aggregation for pixels being matched. Second,
during disparity refinement, disparity is recomputed for occlusion region pixels
based on the prior knowledge that foreground occludes background. Experimen-
tal comparisons demonstrate that the proposed algorithm not only improves
stereo matching accuracy in depth discontinuity regions but also mitigates is-
sues such as foreground expansion and edge blurring in the resulting disparity
maps.

1 Adaptive Weight Stereo Matching Algorithm

Yoon et al.” s adaptive weight stereo matching algorithm [?] originates from
Gestalt grouping principles of proximity and similarity—objects closer in relative
distance are more likely to be perceived as a whole, and under equal conditions,
more similar objects are more likely to be grouped together. The algorithm
treats color similarity and spatial proximity as weighting factors and divides
matching into three steps: adaptive window weight computation, similarity dif-
ference calculation, and disparity selection.
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1.1 Adaptive Window Weight Computation

The algorithm adjusts each pixel’ s weight within the support window based on
geometric proximity and color similarity to reduce ambiguous matching. Pixels
closer in distance receive larger weights, and pixels more similar in color receive
larger weights, with both constraints operating independently. The weight for-
mula is described as:

w(p, q) = exp <—Acpq - Agpg)
Ve Vp

where p is the center pixel of the support window, ¢ is a pixel within p’ s

support window, Ac,,, is the RGB color distance between p and ¢, Ag,, is the

Euclidean distance between p and ¢, 7., and v, are parameters controlling color

and distance respectively, with ~,, proportional to the window size.

1.2 Similarity Difference Calculation

The key to stereo matching lies in cost aggregation within the support win-
dow—smaller cost indicates higher similarity between matching points. Unlike
other matching algorithms, this approach considers weight computation in both
support windows of the reference and target images during cost aggregation to
reduce matching errors in depth discontinuity regions. The similarity difference
during cost aggregation can be described as:

2ges, WD) X ges, WPa:q) - € 4q)
qusp w(p; Q) : qusd w(pda Q>

E(p,d) =

where points p,; and ¢, in the target image correspond to matching points of p
and ¢ in the reference image with disparity d. The denominator serves normal-
ization purposes. The matching cost computation formula is:

e(q,qd)=min< > IIC(Q)—Ic(qd)I»T>

cef{r,g,b}

where I, is the color intensity of channel ¢, and T is a parameter controlling the
matching cost range. Using the TAD (truncated absolute difference) method
enhances robustness against outliers.

1.3 Disparity Selection

Among all possible disparity candidates for point p, the point with the minimum
similarity difference obtained through cost aggregation is identified as the correct
match, and its corresponding disparity is assigned to point p.
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2.1 Problems in Stereo Matching Under Occlusion Condi-
tions

Among local stereo matching algorithms, the adaptive weight algorithm achieves
significantly higher matching accuracy than adaptive window algorithms, yet
still exhibits high mismatching rates in textureless and depth discontinuity re-
gions, with the vast majority of mismatches occurring in depth discontinuity
regions. Due to different binocular camera viewpoints, depth discontinuity re-
gions are typically accompanied by occlusion problems. As shown in Figure
1 [Figure 1: see original paper], point p exists in the reference image, but its
corresponding match in the target image is occluded and therefore does not
exist.

Occlusion-induced matching problems manifest in two primary aspects. First,
occlusion region pixels have high matching costs. When cost aggregation for non-
occluded pixels incorporates occlusion region pixels, the similarity difference be-
comes abnormally high, leading to incorrect matches. Second, occlusion pixels
inherently lack corresponding matches, making disparity computation through
other pixels inherently inaccurate. This paper improves the stereo matching al-
gorithm by addressing both aspects: assigning lower weights to occlusion region
pixels during cost aggregation and recomputing disparity for occlusion region
pixels during disparity refinement.

2.2 Adaptive Weight Calculation Under Occlusion Condi-
tions

For pixels located in occlusion regions, their corresponding matches are occluded
by other regions and therefore do not exist. Consequently, matching cost compu-
tation involves comparing occlusion region pixels with pixels from other regions,
typically yielding high cost values. During cost aggregation, if the support win-
dow of a pixel being matched contains occlusion region pixels, the similarity
difference becomes elevated, causing incorrect matches. Therefore, occlusion
information can be utilized to assign lower weights to occlusion region pixels
during cost aggregation, thereby mitigating their adverse effects.

This paper employs left-right consistency checking (LRC) for occlusion region
detection. Since the cost aggregation stage considers weight computation in
both reference and target image support windows, occlusion detection must be
performed separately for both images. The following describes the reference
image occlusion region detection method. First, initial disparity maps for both
reference and target images must be obtained. Then, each pixel p in the ref-
erence image is traversed, with its disparity denoted as d,. The corresponding
point p, in the target image is located. If |d, — dpd\ > threshold, pixel p is
identified as an occlusion region pixel. Finally, the reference image occlusion
map is obtained. The detection pseudocode is as follows:

Input: Reference image disparity map dR, Target image disparity map dT
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The width of dR, the height of dR, the channels of dR
Output: Reference occlusion image oR

1: for y=0toh

2 for x = 0 to w

3 dl = dR[image->data + y*step + x*nchs]

4: d2 = dT[image->data + y*step + (x-d1)*nchs]
5: if abs(d1-d2) > threshold

6 oR[image->data + y*step + x*nchs] = 255
7 else

8 oR[image->data + y*step + x*nchs] = 0

9: return oR

Using the detected occlusion information, smaller weights are assigned to oc-
clusion region pixels during cost aggregation. The weight formula is described
as:

A A .
exp [ ——re — =9 otherwise
Ve Yp ’

g, if ¢ is in occlusion region

w(p,q) = {
where ¢ is a small non-zero value. Even corresponding pixels exhibit matching
costs due to slight color variations (lighting effects). If the support window
of a pixel being matched contains numerous occlusion region pixels, reducing
the number of pixels in cost aggregation would lower the similarity difference,
potentially causing incorrect disparity selection. The occlusion region detection
and weight computation for the target image follow the same procedure as for
the reference image.

2.3 Disparity Recalculation Under Occlusion Conditions

For occlusion region pixels, their corresponding matches do not exist in the
other image. Therefore, computing disparity through other pixels is inherently
inaccurate. This paper recomputes disparity for occlusion region pixels during
the disparity refinement stage.

In practice, occlusion regions generally exist in background areas. Due to differ-
ent viewing angles, foreground regions occlude portions of background regions.
As shown in Figure 2 [Figure 2: see original paper], the red diagonal texture
region is visible from the left reference view but belongs to the blind zone for
the right view, making it an occlusion region in the reference image. Similarly,
the green upper texture region is visible from the right target view but occluded
from the left view, making it an occlusion region in the target image. Observa-
tion reveals that occlusion regions always exist in background areas.

When capturing two objects from the same viewpoint, the object closer to the
camera belongs to the foreground region, while the farther object belongs to the
background region. Depth discontinuity regions are typically accompanied by
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occlusion problems, where the occluded area is the background region closest to
the foreground. In the binocular stereo vision model, the relationship between
distance and disparity can be derived from triangulation principles:

z-b1
d

where Z represents the object’ s depth from the camera, f is the camera focal
length, b is the baseline, and d is disparity. When b and f remain constant,
objects closer to the camera have larger disparity values; therefore, background
regions have smaller disparity values than foreground regions. Based on this
principle, disparity is recomputed for occlusion region pixels during disparity re-
finement. First, the reference image disparity map dp is obtained using the adap-
tive weight stereo matching algorithm with the new weighting scheme. Then,
the initially detected reference image occlusion map op is scanned. If pixel p
belongs to an occlusion region, horizontal scanning is performed left and right
from this pixel to find the first non-occluded pixels on each side, denoted as
P, and py. Finally, corresponding to the reference image, the disparities dy(p,)
and dg(p,) of these two pixels are compared, with the smaller disparity assigned
to the occlusion pixel p. The algorithm flowchart is shown in Figure 3 [Figure
3: see original paper].

Processing occlusion region pixels in both cost aggregation and disparity refine-
ment stages aims to improve the matching accuracy of the traditional adaptive
weight algorithm in depth discontinuity regions and mitigate issues such as fore-
ground expansion and edge blurring in the resulting disparity maps. Specific
experimental procedures and results are analyzed in Section 3.

2.4 Mismatch Rate Calculation

This paper evaluates matching algorithms by computing the error percentage
of disparity maps as follows:

5= 3 (ld(r,y) — dy(a,9)] > 6)

(z,y)

where N is the total number of pixels in the disparity image, d(x,y) is the dis-
parity value of pixel (z,y) obtained by the algorithm, d (z,y) is the disparity
value of the corresponding pixel in the ground truth provided by the Middlebury
dataset, and 6 is a threshold (typically 1). For better evaluation, error percent-
ages are usually computed for three regions: non-occluded regions (nocc), all
regions (all), and depth discontinuity regions (disc).
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3 Analysis and Discussion

To evaluate the proposed algorithm’ s matching performance, experiments were
conducted from two perspectives: (a) detecting occlusion regions in reference
and target images using left-right consistency checking; and (b) processing oc-
clusion region pixels during cost aggregation and disparity refinement under
occlusion-aware conditions to obtain new disparity maps. The experimental
software platform was VS2010 with algorithms implemented in C++, using the
OpenCV library for image reading, display, and storage. The hardware plat-
form consisted of an Intel Core i7-8550U processor at 1.80GHz with 8GB RAM.
Experimental test data were sourced from four standard image pairs (Tsukuba,
Venus, Teddy, Cones) in the Middlebury standard image dataset.

3.1 Occlusion Detection Results and Analysis

Occlusion detection employed the left-right consistency check (LRC) method
using disparity maps obtained from the classic adaptive window weight stereo
matching algorithm [?]. Since the classic adaptive weight algorithm considers
weights in both reference and target image support windows during cost ag-
gregation, occlusion regions must be detected separately for both images. The
experimental parameters are shown in Table 1 , where T' controls the matching
cost range, W is the support window width, 7, and v, control distance and
color weights respectively, and Threshold is the threshold value for the LRC
detection algorithm.

In occlusion images, occlusion region pixels are black while other regions are
white. Figure 4 [Figure 4: see original paper| shows that occlusion typically
occurs in depth discontinuity regions, and objects closer to the imaging device
(with larger disparity) have larger occlusion areas. It also reveals that the classic
adaptive weight stereo matching algorithm still suffers from high mismatching
rates in depth discontinuity regions.

3.2 Stereo Matching Results and Analysis

After obtaining occlusion region images, the improved algorithm assigns lower
weights to occlusion region pixels during cost aggregation. Here, ¢ = 0.1, with
the reason for not setting it to 0 being to balance the matching costs that should
exist, preventing mismatches caused by reducing the number of pixels in cost
aggregation. During disparity refinement, disparity is recomputed for occlusion
region pixels based on the prior knowledge that foreground occludes background.
The disparity maps obtained by the proposed algorithm are shown in Figure 5
[Figure 5: see original paper].

The results demonstrate satisfactory disparity maps with clear differentiation
of objects in depth discontinuity regions. Given disparity maps, baseline, and
calibrated focal length information, 3D world coordinates can be computed via
triangulation. In disparity maps, stronger color intensity indicates larger dis-
parity values and closer distance. Compared with ground truth, the proposed
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algorithm still exhibits some mismatches in low-texture and texture-repetition
regions, which warrants further research.

3.3 Algorithm Comparison and Analysis

To verify matching accuracy, the obtained disparity maps were compared against
ground truth, computing error percentages for non-occluded regions (nocc), all
regions (all), and depth discontinuity regions (disc), along with average error
percentages. Comparisons were made against the classic adaptive window stereo
matching algorithm [?], an improved adaptive weight algorithm [?], and an
adaptive weight Census transform stereo matching algorithm [?]. Results are
presented in Table 2 .

As shown in Table 2, the proposed algorithm reduces the average mismatch-
ing rate by 16% compared to the classic adaptive weight stereo matching algo-
rithm [?]. Paper [?] represents an improved adaptive weight algorithm, while
[?] targets high mismatching rates in depth discontinuity regions. The proposed
algorithm achieves lower mismatching rates than both. Since this work specifi-
cally addresses occlusion detection and handling in depth discontinuity regions
—detecting occlusion areas and recovering them based on foreground-occluding-
background principles—the error percentage in depth discontinuity regions is re-
duced. Simultaneously, reducing the influence of occlusion region pixels during
cost aggregation for non-occluded pixels improves overall matching accuracy.

For clearer demonstration of improvement effects, Figure 6 [Figure 6: see original
paper] compares the proposed algorithm with the adaptive weight algorithm [?].
The results show that the proposed algorithm not only reduces mismatching
rates in depth discontinuity regions but also improves overall matching accuracy.
The algorithm structure is simple, and future experiments can introduce multi-
threading to enhance computational efficiency.

4 Conclusion

This paper assigns lower weights to occlusion region pixels during cost aggrega-
tion, reducing their impact on cost aggregation for pixels being matched and im-
proving overall stereo matching accuracy. During disparity refinement, dispar-
ity is recomputed for occlusion region pixels based on the foreground-occluding-
background prior knowledge, enhancing accuracy for occlusion region pixels and
reducing mismatching rates in depth discontinuity regions. Experimental results
demonstrate that the proposed algorithm mitigates foreground expansion and
edge blurring issues in disparity maps. Compared with classic adaptive stereo
matching algorithms and their improvements, the proposed algorithm enhances
the accuracy of local stereo matching algorithms in depth discontinuity regions.

While the proposed algorithm achieves higher matching accuracy than the adap-
tive weight stereo matching algorithm, its computational efficiency is slightly
lower. Future work will focus on improving algorithm runtime efficiency through
further research and experimentation.
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