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Semantic_Segmentation Model Based on Binocular Images and
Guidance of Cross-Level Features
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[ Abstract] In order to improve the segmentation effect of semantic segmentation networks for monocular images on
regions where image depth vary. To address the problem, this paper proposes a semantic segmentation model combining
the depth information of binocular images and cross level features for complementary application. With no changes to its
structure , the existing monocular twin network is used to/extract®two-dimensional information of input left and right
binocular images,and to design color depth fusion module'based’ on ParalleINet. On this basis, the similarity of different
parallax levels of binocular image feature points is calculated to extract depth information, which is fused with the two-
dimensional information to obtain depth features./At the same time,the cross-level feature attention module is used to get
the accurate information of low-level category/boundary under the guidance of high-level semantic information,so as to
improve the utilization rate of each scale.of features and the accuracy of edge regions. Experimental results show that
compared with the traditional ParallelNet,binocular benchmark model, the proposed model increases the mean Intersection
over Union(mlIoU) and the Pixel Acecuracy (PA) by 3.67 and 3.32 percentage points respectively,and the segmentation
of similar regions such as fences”and traffic signs is more detailed and accurate.
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Fig.2 Color depth fusion module structure
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Fig.3 Cross-level feature attention module structure
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Table 1 Evaluation index results of different methods after

adding depth information %
ik mloU PA
FCN 77 56.39 88.07
FCN + Depth J5 % 58.45 90.67
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Table 2 Evaluation index results of different feature

screening methods %

Ik mloU PA
FCN + Depth J5 & 58.45 90.67
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FCN + Depth + RGB + CBAM J5 & 58.46 90.93
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Table 3 Evaluation index results of the two methods %

Ik mloU PA
FCN + RGBD + SE 7 59.86 91.94
FCN + RGBD + SE + CFAM J5 3 60. 66 92.52
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Table 4 Evaluation index results of three semantic

segmentation methods %
iR mloU PA
FCN J7 56.39 88.07
ParallelNet J7 7 56.99 89.20
ARICT5 60. 66 92.52
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Table 5 Comparison of PA of three semantic segmentation methods for different categories %

T5 ik (TPN (R JEFE 4 AATiH KE Ik BE B 23 A3 AR
FCN J & 67.72 76.89 81.40 74.32 85.55 59.60 49.40 55.40
ParallelNet J5 % 70.33 77.69 84.19 78.01 89.11 68.42 65.67 64.05
VNS QTR 71.74 79.13 87.23 82.53 91.02 69.93 69.74 70.74
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