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Semantic Segmentation Improvement Method Based on Deep Supervision for
the Construction of Latent Space
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[Abstract] The existing convolution operations cannot effectively capture the relationships between long-distance
regions in semantic segmentation tasks, resulting in segmentation results that do not conform to human common sense.
Accordingly, a semantic segmentation improvement method based on deep supervised latent space construction is
proposed. This article adopts the"feature map-hidden space-feature map"process.to convert pixel features in an image
space into node features in a hidden space, and convert the position and semantic relationships between regions into
connection weights between nodes, thereby achieving feature conversion from the feature map to the hidden space. In
the process of constructing the hidden space, the Kullback-Leibler. divergence loss function is used to supervise the
projection matrix, to avoid losing features during the transformation process from feature maps to hidden space nodes. It
uses Information Noise Contrastive Estimation (InfoNCE) loss function to supervise node feature and real label
representations, ensuring consistency between image features and-labels. The proposed method uses Graph Neural
Network (GNN) for semantic inference on the constructed latent space, learning the relationships between nodes and
endowing the model with the ability to learn semantic relationships between regions, thereby improving the anti-
common sense phenomenon in segmentation results. The experimental results on the publicly available dataset
CityScapes demonstrate that compared to the baseline segmentation network, the mean Intersection over Union(mloU)
of the proposed method is 81.1%, which is/2.6 percentage points higher than that of the baseline segmentation network
and can effectively improve the segmentation results.

[Key words] semantic segmentation; Convolutional Neural Network (CNN) ;deep supervision; Graph Neural
Network( GNN) ; anti-common sense phenomenon
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Fig.1 Overall procedure of semantic segmentation improvement network based on deep supervised latent space construction
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Table 1 Results of ablation experiment

Tk WESHME WS04 Ol SCHRE A E AT InfoNCE FLOPS/10° SRR /10° mloU/%
Baseline 43.49 54.68 78.5
FEDO N J 42.78 53.16 78.8
@ J N 4271 53.16 79.8
FiE® N v 42.94 53.16 79.7
FE@ V v J 43.19 53.16 80.3
FiE® v V v N 43.19 54.31 81.1

AR 3 f# ]l FCN+GloRe 1F 4 3£ 4k J7 i, Hiop FCN Baseline J7 72 & A X 48 5% H0 B DE AT AT AT R =X 1 B
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Table 2 The influence of hidden space parameters on

model performance

TS B TR R AR mloU/%

32 8 80.7
32 16 81.1
32 32 80.9
32 64 80.8

8 16 80.6
16 16 80.8
64 16 81.0
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Table 3 Experimental results comparison among

different methods on the CityScapes dataset

I3 ¥k FETR%Z  FLOPS/10° ZHR/10° mloU/%
BiSeNetV1*1?4 ResNetl8 8.05 23.37 78.86
BiSeNetV2#2 ResNetl8 7.78 22.23 77.08

ESANet!** ResNet50 12.51 25.14 79.20
PSPNetx*”! ResNetl01 14.62 49.01 79.70
OCR*® ResNetl01 70.50 72.40 80.60
SegFormer'®’! MiT-B2 67.97 90.81 81.00
CSWin-T+SFH™!  CSWin-T 60.86 75.18 81.56
HRViT-b2+SFH®"  HRViT-b2 50.87 59.37 82.81
GloRe!"" ResNet101 43.63 54.68 78.50
A7 ResNetl01 43.51 54.31 81.10
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Fig.4 Visualization results of the projection matrix at

different training stages
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Fig.5 Visualization results of semantic segmentation

among different methods
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