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Abstract Estimating depth/disparity information from stereo pairs via stereo matching is a classical
research topic in computer vision. Recently, along with the development of deep learning
technologies, many end-to-end deep networks have been proposed for stereo matching. These
networks generally borrow convolutional neural network (CNN) structures originally designed for
other tasks to extract features. These structures are generally redundant for the task of stereo
matching. Besides, 3D convolutions in these networks are too complex to be extended for large
perception fields which are helpful for disparity estimation. In order to overcome these problems, we
propose a deep network structure based on the properties of stereo matching. In the proposed
network, a concise and effective feature extraction module is presented. Moreover, a separated 3D
convolution is introduced to avoid parameter explosion caused by increasing the size of convolution
kernels. We validate our network on the dataset of SceneFlow in aspects of both accuracy and
computation costs. Results show that the proposed network obtains state-of-the-art performance.
Compared with the other structures, our feature extraction module can reduce 90% parameters and
25% time cost while achieving comparable accuracy. At the same time, our separated 3D convolution,
accompanied by group normalization (GN), achieves lower end-point-error (EPE) than baseline

methods.
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Fig. 2 Architecture of the proposed task-adaptive network for stereo matching
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Table 1 Architecture Parameters of SimpleResNet
% 1 SimpleResNet [ & 4544 5 #§

Layer [Kernel Size, # Channel] Output

1 1
Conv0_1 [3X3,32] 7H><7W>< 32
. 1 1
Conv0_2 [1x1,32] 7HX7WX32
Conol = 1X1, 32 1H><1W><32
oneit [1x1, 32 2 2
Conv?2_x OB T U L w
st 11, 32 1 1
Conv3_x Lot 128 U Lwiss
oSt [1><1, 128 1 4
. 1 1
ConvlLast [1X1,32] THXTWXSZ
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Fig. 3 3D convolution and separated 3D convolution
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Table 2 EPEs of PSMNet and Our Networks
F2 FAXMEKSEMLZ EPE Xttt

Methods € EpE
ResCNN-+Basic+BN 1.56
SimpleResNet+ Basic+BN 1.59
SimpleResNet+Globalconv+BN 1.53
SimpleResNet+ Globalconv+ GN 1.40
ResCNN-+SPP+ Stackhourglass+ BN 1.09
SimpleResNet+ Stackhourglass+ BN 1.03
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Table 3 EPEs of Our Networks and Other Methods
x3I AIXMESHMM L% E EPE Xttt

Methods € EPE
MC-CNNEoJ 3.79
DispNett11) 1.84
DispFulNet(1!] 1.75
CRLIZ 1.32
PSMNet!!?] 1.09
Ours 1.03
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Fig. 4 Visualized EPEs of our network and other methods
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Fig. 5 Disparity maps obtained by our network and PSMNet
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Table 4 Computation Time and Memory Costs of
Different Networks
x4 BNKTEMEFHEEEFSHA

Computation Memory

Methods Timels  Size/GB
SimpleResNet+ Basic+ BN 0.3 2.4
SimpleResNet+ Globalconv+ BN 0.9 3.1
ResCNN-+ Basic+BN 0.4 2.8
ResCNN-+SPP+ Stackhourglass+ BN 0.6 4.2

E Computation Time O Memory Size
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Fig. 6 Visualized time and memory costs of
different networks
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