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Stereo matching network based on fusing contextual information selectively

Ning Angi' Yu Yuecheng' Yang Fan' Li Xiang®
(1. School of Computer,Jiangsu University of Science and Technology,Zhenjiang 212000, China;

2. Department of Network China Mobile Communications Corporation, Beijing 100032, China)

Abstract: At present, although the stereo matching network based on deep learning has high accuracy, the complex
model structure in the network leads to a sharp increase in computing time. In order to balance the matching speed and
accuracy of the network, this paper proposes a stereo matching network based on fusing contextual information
selectively. First, the cost volume is constructed through the correlation layer method, and then the single encoder
decoder structure is used in the aggregation module to reduce the complexity of the model. Secondly, multi-scale cost
bodies are fused in the encoder to capture different levels of parallax information; a selective context information fusion
module is designed in the decoder, which uses the context features of the reference image to guide the generation of
high-quality geometric information. Thirdly, multi-scale cost volume is fused in the encoder to capture different levels
of parallax information; at the same time, fusing contextual information selectively module is designed in the decoder,
which uses the context features of the reference image to guide the high-quality decoding of geometric information.
Finally, the multi branch aggregation pyramid pooling module is designed to enhance the ability of the encoding-
decoding module to understand the global context. The experimental results show that the mismatch rate of all regions
on the KITTI2015 dataset is 1. 97% , and the three pixel error on the KITTI2012 dataset is 1. 50%. Compared with
other algorithms, our algorithm achieves more accurate stereo matching accuracy while meeting the real-time
requirements.

Keywords: stereo matching;attention module; multi-scale fusion;disparity map;cost aggregation
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Fig. 1 FCS-Stereo network architecture
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Table 1 Ablation study on SceneFlow
A MGC-CF  FCS  MAPPM EPE (px) D1/%  >1px/% >2px/% >3px/% T/ms
ok 0. 803 2.98 9.26 5.12 3. 66 27
MGCVF N 0.722 2.72 8. 42 4.61 3.35 27
FCS N 0. 654 2. 45 7.38 4,07 3.03 32
MGCVF+FCS N N 0. 628 2.32 7.01 3. 96 2. 90 32
FCS-Stereo N N N 0. 601 2.21 6.76 3.78 2.76 33
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(a) Left image(real image)
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(b) MGC-CFE et 22
(:b) Disparity map of the MGC-CF 'module
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(c) Disparity map of tllerFCS module

(d) MGC-CF+FCSHitk L = E
(d) Disparity map of the MGC-CF+FCS module
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(e) FCS-Stereo disparity map
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Fig.5 Comparison of matching results
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Table 2 Algorithm comparison on KITTI 2015

gk All/ % Noc/ % 1] /s
Di1-bg Dl-Ig Di-all Dl-bg Di-fg Dl-all

EdgeStereo"” 1. 84 3.30 2.08 1. 69 2.94 1. 89 320
IGEV-Stereo " 1. 38 2. 67 1.59 1.27 2.62 1.49 180
CFNet™’ 1.54 3.56 1.88 1.43 3.25 1.73 180
AANet™ 1.99 5. 39 2.55 1. 80 4.93 2.32 62
GAANET"Y 1.91 4.25 2. 30 1.73 3.99 2.11 80
GFAN"" 1.78 3.17 2.01 1.95 3.54 2.21 60
3D-MobileStereoNet"'” 1.75 3.87 2.10 1.63 3. 50 1.92 72
BGNet+" 1.81 4,09 2.19 1. 66 3.76 2.01 32
LMNet"® 2.81 4. 39 3.24 — — — 15
CoEx"" 1.79 3. 82 2.13 1.65 3. 42 1.95 27
Fast-ACVNet+ + " 1. 70 3.53 2.01 1.56 3.29 1.85 45
LightStereo-M™" 1.81 3.22 2. 04 1. 67 3.06 2. 04 23
FCS-Stereo 1.65 3.56 1.97 1.52 3. 40 1.83 33
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(a) Left image

(b) LightStereo-M#1 2
(b) LightStereo-M disparity map

(c) CoExf1LZ K
(c) CoEx disparity map

(d) FCS-Stereoti Z &
(d) FCS-Stereo disparity map

(e) FCS-Stereo -

(e) FCS-Stereo error map
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Comparison of testing results on KITTI 2015
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Table 3  Algorithm comparison on KITTI 2012
o >3px/ % >4px/ % Avg i /ms
Noc All Noc All Noc All
EdgeStereo™” 1. 46 1.83 1.07 1.24 0.4 0.5 320
IGEV-Stereo™" 1.12 1. 44 0.88 1.12 0.4 0.4 180
CFNet™" 1.23 1.58 0.92 1.18 0.4 0.5 180
AANet™ 1.91 2.42 1. 46 1.87 0.5 0.6 62
GAANET™Y 1.73 2.22 — — 0.5 0.6 80
BGNet+" 1.62 2.03 1.16 1.48 0.5 0.6 32
CoEx™" 1.55 1.93 1.15 1.42 0.5 0.5 27
Fast-ACVNet+ 4" 1. 45 1. 85 1. 06 1. 36 0.5 0.5 45
LightStereo-M"" 1.56 1.91 1. 10 1. 46 0.5 0.5 20
FCS-Stereo 1.50 1. 89 1.12 1. 42 0.5 0.5 33

(a) £
(a) Left image

(b) LightStereo-M#1. 2 &
(b) LightStereo-M disparity map

(c) CoEx#l %K
(c) CoEx disparity map

(d) FCS-Stereoft 2=

(d) FCS-Stereo disparity map

(e) FCS-Stereoi® % A

(e) FCS-Stereo error map
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Fig. 7 Comparison of testing results on KITTI 2012
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