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Neural network with occlusion-resistant and reduced

parameters in stereo images

olg g A

of
d
N
(N
H

1= (o]
* * ***
Kwang-Yeob Lee, Young-Min Jeon, Jun-Mo Jeong

Abstract

This paper proposes a neural network that can reduce the number of parameters while reducing matching errors
in occluded regions to increase the accuracy of depth maps in stereo matching. Stereo matching-based object
recognition is utilized in many fields to more accurately recognize situations using images. When there are many
objects in a complex image, an occluded area is generated due to overlap between objects and occlusion by
background, thereby lowering the accuracy of the depth map. To solve this problem, existing research methods
that create context information and combine it with the cost volume or Rolselect in the occluded area increase
the complexity of neural networks, making it difficult to learn and expensive to implement. In this paper, we
create a depthwise seperable neural network that enhances regional feature extraction before cost volume
generation, reducing the number of parameters and proposing a neural network that is robust to occlusion errors.
Compared to PSMNet, the proposed neural network reduced the number of parameters by 30%, improving 5.3% in
color error and 3.6% in test loss.
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Table 1. Proposed Neural Network Architecture.

B 1. HQteks 43T X
Layer Name Proposed Neural Network
Input HX Wx3
Feature Extraction
conv0_1 3 x3,32
conv0_2 3 X 3,32
conv0_3 3 X 3,32
X
convl_x B Xg’ 3322*} x3
X3,
conv2_x [g “ g 3322*} X 16
X
conv3_x E « g’ 3322*] x3
X
s | Bt
* Depthwise Seperable Convolution

&3t stereo matching HIEY 9] F£3+= Feature
Extraction, SPP Module, Stacked Hourglass 3D
CNNOo& 37}x] HR o7 LM o] Itk Cost Volume
S A Yt 9L Siamese FERZ 0]F0]A QL
O™ Feature Extraction, SPP Module2 2 7}54]
£ TRtk

Baseline Model®] Feature Extraction Residual
ModuleZ 471 =2 FE|o|™, Z+ Residual Module
2 27h9] 2D Convolution Layer® Td%o] Qic}. &
=24 ARbk= HIEQIZE= X 13 Zo| Feature
Extraction= 17§9] 2D Convolution Layer2} 1759
Depthwise Separable Convolution Layer® /3%
Residual Modules 471 &2 FHjo|t}. o3t +-
27t 7= AL 2D Convolution Layer?he: ARE-
S xR0 vl AA| g5 wEhy & A3 £Y
o slom, AA| ERAS] Ferol= & &4o] gtk

Feature Extractions &9l €0l Image Feature
+ Global Context ZHE FEo¥ & Q= SPP
Module9] 48=tt SPP Module2 A2 tZ Kernel
SizeE 7= 4709] Average Pooling LayerZ 43
To] glom toFst Scaled] ContextE sh5Sict SPP
Module®] Kernel Sizex= 64x64, 32x32, 16x16,
8X8% pyramid WAloZ AZ|Hc}t. SPP Moduled
Output2 Convolution LaterE A%l F Left Output
7} Right Output®] ™3l ConcatenationS 5}
Cost Volume& AJ/d3tct. AAE Cost Volume 44}
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Table 2. Comparison of Number of Parameters.

B2 DRME 4 HE
BaselinTIg])SMNet) Proposed Network
Number of
Parameters 8,564,320 5,999,392

Table 3. Comparison of occlusion error and test loss
with 2 Tranining Data Sets.

H 3. 27l &5 G0 A2 0|25 [ Q=0 #EQ= H|w
KITTI 2012(3-pixel error) Semie How
occ®) noc%) (test loss)
Baseline (PSMNet) 1.955 1.49% 1.0752
[10] ' ' '
Proposed Network 1.850 1.318 1.0361
KITTI 2012
Input Image
Baseline
Proposed
Network

Fig. 8. Comparison of Depth Map Results.
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