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Abstract: In recent years, with the rapid development of fields such as autonomous driving, robot navigation, and 3D
reconstruction, depth estimation technology, as a key means of perceiving the three-dimensional structure of the environ-
ment, has garnered widespread attention. However, although the existing deep estimation methods based on supervised
learning perform well on specific datasets, their generalization ability is weak and they rely on large-scale, high-quality la-
beled data, which severely limits their application in real industrial scenarios. Hence, this study proposes a binocular vision
depth estimation method based on geometric prior knowledge constraints. First, this study combines residual convolution
with the context encoder to extract multi-scale features from image data, and utilizes the feature pyramid structure to capture
matching information at different scales for retaining the edge structure details of the image. Then, a multi-level gated recur-

rent unit (GRU) unit is designed to update the feature matching parameters in combination with feature information of dif-
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ferent scales, optimize the disparity matching results, and achieve binocular vision depth estimation. Notably, this paper con-

structs a hybrid loss function that combines supervised signals with physical priors. Based on the traditional supervised loss,

this function introduces geometric constraints derived from the self-supervised learning paradigm as regularization terms,

specifically including the left-right disparity consistency constraint and the disparity structure consistency constraint. The

left-right consistency constraint enforces geometric correspondence between the predicted disparities of the left and right

views, enhancing the model geometric understanding and mitigating mismatches in occluded areas. The structural consisten-

cy constraint guides the disparity map to remain smooth in texture-flat regions and sharp at object edges, thereby improving

the structural integrity and visual quality of the depth map, ultimately enhancing the generalization capability of the binocu-

lar vision depth estimation model. To verify the effectiveness of the proposed method, this paper conducts training and eval-

uation on public datasets such as KITTI 2015 and Middlebury, and uses the SceneFlow dataset for cross-dataset generaliza-

tion performance. Experimental results show that after introducing geometric prior constraints, the baseline model’s perfor-

mance is consistently improved: on the KITTI dataset, the endpoint error (EPE) is reduced by 3% to 5%, and the overall

mismatch rate (D1-all) is reduced by 5% to 8%. Simultaneously, results on the Middlebury dataset further confirm the meth-

od’s good generalization and robustness across different scenarios. Ablation experiments verify the contributions of each

module, while hyperparameter sensitivity experiments determine the optimal configuration for the loss function weights. Ad-

ditionally, transfer experiments demonstrate that the proposed geometric prior constraint mechanism exhibits good portabili-

ty, adapting to various mainstream depth estimation network architectures and generally providing performance gains.
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vised learning
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depth estimation; stereo matching; prior knowledge; deep learning; geometric constraints; hybrid super-
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Figure 1 General steps of traditional depth estimation method
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Figure 2 General process of geometric prior knowledge constraints
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Figure 3 Overall framework of stereo vision depth estimation method based on geometric prior knowledge constraints
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Table 1 Pyramid module ablation experiment

e EPE D1-all/% Ipx 5px
stereo™(*) 1.278 5.162 0.732 0.913
stereo™ 0.647 2.303 0.871 0.983
stereo™-GC(*) 1.163 4.312 0.791 0.921
stereo™-GC 0.639 2.248 0.876 0.987
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Figure 6  Prediction results of the pyramid model ablation experiment
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Table 2 Ablation experiment of GRU module and geometric prior

knowledge constraints

HR EPE D1-all/% Ipx 5px
stereo8 0.728 2.936 0.822 0.973
stereo16 0.672 2.711 0.826 0.976
stereo24 0.647 2.303 0.871 0.983
stereo8-GC 0.714 2.708 0.831 0.975
stereo16-GC 0.655 2.533 0.838 0.981
stereo24-GC 0.621 2.118 0.876 0.987
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Figure 7 Prediction results of the ablation experiment model with GRU

module and geometric prior knowledge constraints
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Table 3 Efficiency analysis table
TR SR Flops/T FPS
Raft-stereo 11.117 3.156 18.5
stereo24(*) 11.224 1.987 23.7
stereo24 11.226 2.378 21.3
stereo24-GC 11.226 2.378 21.4
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Table 4 Hyperparameter sensitivity experiment of model stereo™-GC

2 Iy 2 EPE D1-all/%
0.5 0 0.5 0.766 2.793
0.5 0.1 0.4 0.759 2.748
0.5 0.2 0.3 0.772 2.802
0.5 03 0.2 0.824 3.161
0.5 04 0.1 1.023 3.362
0.5 0.5 0 1.108 3421
0.6 0 0.4 0.674 2.533
0.6 0.1 0.3 0.653 2416
0.6 0.2 0.2 0.696 2.443
0.6 03 0.1 0.728 2.653
0.6 0.4 0 0.736 2.684
0.7 0 0.3 0.658 2.347
0.7 0.1 0.2 0.621 2.118
0.7 0.2 0.1 0.653 2.292
0.7 03 0 0.662 2.443
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Table 5 Comparison of model performance before and after geometric

constraint regularization

A EPE Dl1-all/%
PSMnet® 0.833 2.622
PSMnet-GC 0.794 2.568
GWCnet™ 0.669 1.875
GWCnet-GC 0.658 1.787
AAnet” 0.714 2.452
AAnet-GC 0.708 2.433
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Table 6 Comparison experiment of the KITTI-15

Fi EPE D1-all/%

PSMnet' 0.833 2.622
GWCnet™" 0.669 1.875
AAnet” 0.714 2.452
P3Snet*” 1.073 4.320
MoCha-Stereo” — 1.534
stereo24 0.647 2.303
stereo24-GC 0.639 2.248
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Table 7 Comparison experiment of the Middlebury

HR AvgErr Bad(2px)
LEAstereo™ 1.434 7.157
GMStereo™” 1.310 7.140
NS-RAFT-Stereo™ — 9.670
Raftstereo!™ 1.273 4.744
stereo24-GC 1.212 5.184
Crusade

Newkuba

LEAstereo

NS-Raft-stereo
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S
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]

stereo>*-GC

2
E8  Middlebury FH #4575 0 25 T
Figure 8  Model prediction results on the Middlebury dataset
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Table 8 Middlebury generalization experiment

T Bad(2px)
Raft-stereo! 12.59
stereo24 13.74
stereo24-GC 12.43

®9 BHEEKITT-15)ZAEER
Table 9  KITTI-15 generalization experiment

TR EPE D1-all/%
Raft-stereo! 1.174 5.687
stereo24 1.198 5.803
stereo24-GC 1.123 5.378
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