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Abstract: In view of the problem that depth accuracy is affected by camera parameters when disparity is converted into depth in the
current disparity estimation network, and depth accuracy decreases sharply at long distance, a full range depth balanced stereo matching
network (FRDBNet) is proposed. Firstly, the depth cost volume is constructed to make the network learn the probability distribution of
the full distance depth, and the depth is directly generated by depth regression. Then, the training strategy of disparity and depth loss
fusion is used to make the network pay attention to the depth estimation of the long, middle and near three segments distance at the same
time. Finally, a disparity optimization module is designed based on the seven neighborhood features corresponding to the original
disparity right map to further improve the depth estimation accuracy of the network. Experiments on the DrivingStereo dataset of large
real-world driving scenarios show that for the full distance[ 1,100 ]m depth estimation, the depth accuracy of FRDBNet at[ 1,30 ]m short
distance, [ 30,60 ] m middle distance and[ 60,100 ]m long distance is 10. 38%, 15. 11% and 20. 35% higher than that of ACVNet with
superior performance of CVPR2022, respectively, achieving a good balance of depth accuracy.
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Fig. 1 The structure of full range depth balance stereo matching network
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Fig.2 The structure of feature extraction module
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Fig.3 The structure of coarse depth estimation module
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Fig.4 The schematic of disparity cost volume construction
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Fig.5 The schematic of triangulation formula
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Fig. 6 The schematic of depth cost volume construction
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Fig. 7 The structure of disparity refine module
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Fig. 8 The schematic of seven neighborhood feature volume construction
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Table 1 Test results of all models on the Scene Flow dataset (m)
R [1,10] [11,20] [21,30] [31,40] [41,50] [51,60] [61,70] [71,80] [81,90] [91,100] [1,100]
PSM-Net! 2/ (2018) 0.248 0.749 2.426 3.308 2.967 3.925 4. 874 5. 886 6. 720 7.133 0.411
Gwe-Net!P1(2019)  0.222  0.691  2.186  3.457 2.722 3.603  4.534 5.266 5.877 6. 088 0.375
ACVNet! ™ (2022)  0.174  0.481  1.457  2.420 1.529 1.905  2.096  2.471 2.699  2.874 0. 265
FRDBNet 0. 183 0. 607 1. 287 1. 306 1. 092 1. 345 1.433 1. 673 1. 655 2.127 0.288
R 2 FrEEETE DrivingStereo & FRINIX &R
Table 2 Test results of all models on DrivingStereo dataset (m)
s [1,10] [11,20] [21,30] [31,40] [41,50] [51,60] [61,70] [71,80] [81,90] [91,100] [1,100]
PSM—Net“ZJ(ZOlS) 0.172 0. 350 0. 865 1. 607 2.534 3.542 4.780 6.222 7. 626 8. 874 1.204
Gwe-Net! ! (2019) 0. 168 0.332 0. 817 1. 504 2.384 3.382 4.512 5.715 6.963 8.223 1. 129
ACVNet!™(2022)  0.159  0.323  0.813  1.505  2.397 3.416  4.575 5.788 7.122 8.374 1.139
FRDBNet 0. 140 0.292 0.735 1. 318 2.034 2.764 3.655 4.596 5. 405 6. 543 0.912
REx 11.95% 9. 60% 9.60% 12.37% 14.68% 18.27% 18.99% 19.58% 22.38% 20. 43%
o [1,30]m UCHEES [30,60]m HHEES [60,100] m i HHE
SHBLR B ' '
10. 38% 15.11% 20.35%
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(a) £ (b) PSMNet (¢) GweNet (d) ACVNet (e) FRDBNet
K10 FAEAYE DrivingStereo FoRFlRZEE
Fig. 10 The sample error graphs for each model on DrivingStereo
&R 3 ARXAEBITLE DrivingStereo b AYHRESEIE
Table 3 Ablation experiments of our model on DrivingStereo (m)
) [1,10] [11,20] [21,30] [31,40] [41,50] [51,60] [61,70] [71,80] [81,90] [91,100] [1,100]
FLLR A 0.177  0.358  0.880 1. 604 2.546 3. 566 4.921 6. 055 7.458 8.984 1.204
A 2 0.192  0.334  0.758  1.369 2.142 3.073 4.244 5.429 6. 441 7.652 1.028
Y 3 0. 155 0.311 0. 755 1.342 2. 100 2. 864 3.790 4.918 5.798 6.912 0. 955
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