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Abstract

This Semantic segmentation technology is one of the important basic technologies of automatic
driving. In automatic driving, image semantic segmentation hopes to classify every pixel of the
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image and make color labeling, so that the vehicle can accurately detect the traffic participants on
the road and the pavement area that can be used. At present, typical image semantic segmentation
algorithms usually fuse the feature maps of different stages generated by the backbone network to
improve segmentation performance. The simple fusion method cannot fully utilize this feature in-
formation. This will result in segmentation errors between similar objects and rough boundary
segmentation of small objects, making the vehicle unable to accurately perceive the surrounding
environment, thus affecting the decision-making of the upper level, and even causing serious
safety hazards to other traffic participants. To solve this problem, this paper designs a dense fea-
ture fusion and boundary refinement network (DFBNet), which includes two parts: Feature Fusion
Network (FFN) using multiple branches and convolutional kernels of different receptive field sizes
to extract the information in the feature map and using the attention mechanism to assign weights
to the extracted features; Boundary Refinement Network (BRN) using spatial attention to give
weights to each pixel position, making the boundary area of the target object more finely seg-
mented. We experimented on two datasets: Cityscapes and Camvid. We achieved good segmenta-
tion results with an average intersection (mloU) of 79.47% on the Cityscapes validation set and
75.13% on the Camvid test set.
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Figure 1. FPN structure diagram and segmentation result
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Figure 2. Network model diagram DFBNet
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Figure 4. BRN: boundary refinement network
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Figure 5. Segmentation results of the Cityscapes dataset
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Table 1. Performance results on the Cityscapes validation set
%= 1. Cityscapes BIEE N FILERXILE

Tk T Mk Parameters 25 & MioU (%)
PSPNet [8] Res101 68.10 M 78.50
PSANet [9] Res101-d8 - 77.90

FPN [10] Res101 4751 M 77.70
GCNet [11] Res101 46.90 M 78.10
PointRend [12] Res101 -- 78.60
SETR [3] SETR-PUP 318.31 M 79.39
Trans4PASS [13] PVT-T 2220 M 79.10
Buffer lader [14] DeepLabV3+ -- 76.88
OUR Res101-d8 46.90 M 79.47
BiseNetV1 STDC2seg Ground Truth

OUR
jiLa

Figure 6. Segmentation results of the Camvid dataset
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Table 2. Performance results on the Camvid test dataset
5% 2. Camvid S E N ZILER 3T EE

Tk s MloU (%)
PSPNet [8] Res50 69.10
BiseNetV1 [15] Xception39 65.60
ICNet [16] PSPNet50 67.10
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DenseDecoder [17] Res101 70.90
BiseNetV2-L [18] Res101 73.20
STDC2seg [19] STDC2 73.90
PP-LiteSeg [20] STDC2 75.00
Light-Deeplabv3+ [21] DeeplabV3+ 74.54
OUR Res101-d8 75.13

4.4. HRASCIE

N TR IRATPTR M7 iR A R, BATESL 7 UM RS, Eoe, BAT AL ER FEN 2% A
BRN k%%, Jf1E cityscape Hdla s LREAT LI . SLIRES RN 3 Fon. JFIEHGER 2> 70 B 45 R BT FEoR, 4
K7 frse W7 i af UE MR B, KERFFIER G MG, 70 SRR 822, RIME AN AR BL R Xt
Z, WERSHE, MERDFMUOCMNKEDEIGIR, AR LR ERED, EENRIUSE R FE

AR5y TIBREE o

Res50-d8+BRN Res50-d8+FFN Res50-d8+FFN+BRN

=
Q
>
(8]
=
o
)
o
=

vegetation

Figure 7. The segmentation results of the Cityscapes ablation experiment are displayed
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Table 3. Results of ablation experiments on the Cityscapes validation set
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Ground Truth

building

sidewalk

Fik MloU (%)

Res50-d8 + FFN
Res50-d8 + BRN
Res50-d8 + FFN + BRN
Res101-d8 + FFN + BRN

78.07
72.88
79.02
79.47
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