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[ Abstract] The existing road s¢gmentation methods generally suffer from gradient disappearance, and are limited in
feature utilization and semantic segmentation accuracy. To address the problem, a W-Net-based semantic segmentation
model is proposed for satellite road images.The dense connection module is used to reduce gradient disappearance.Then
the Atrous Spatial Pyramid Pooling (ASPP) structure is introduced to refain more image features. Finally, the attention
monitoring mechanism is used when learning deep-level feature information, sp as to more effectively extract the feature
information of road elements. The test results on a road data set from satellite images show that compared with FCN,
SegNet and U_Net algorithms, the proposed algorithm improves the’/accuracy to 96.3%, recall rate to 96.9% and
precision to 96.6%.This algorithm can segment the road elements accurately.

[Key words] deep learning; road segmentation; dense codnection module; Atrous Spatial Pyramid Pooling (ASPP) ;
attention monitoring mechanism
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Fig.1 Procedure of this proposed algorithm
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Table 1 Parameter settings of each layer of the network
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Table 4 Results comparison of different strategies

M HEH R PN R

U-Net 0.955 0.947 0.952
U-Net+45 45 1 i 0.957 0.950 0.955
U-Net+ASPP 0.958 0.952 0.954
U-Net+CBAM 0.959 0.956 0.955




F478E H10

SRHTAE BAIE T TS R TR A ) B T A AT R G )

g

[E=R7S 311

S

M FE 4 0] LLE ) 7E U-Net LRl 43 95| A %4
R  ASPP Hl CBAM, VfE i 4> IR T+ T 0.2,
0.3 F1 0.4 4 H 43 o5, A MRS 82 F 1 0.3.0.5 F
0.9 H 70 s K 2 42 17 03,0281 0340 H
Oy B EREFE ARG AT 4S5 A AR A
ASPP F1 CBAM REW A7 U F HIEIMG L F SUfF & 487
25 AR B MR BE . R BIE 7E TR AT 5] A B 4R i 42
B AT LAk B 2 0 BT B R o B 45 2R 1 K
53K 5 95.5%, I AE R AN 12 i

(bR

(c)U-Net (d)U-Net+  (e)U-Net+ (DU-Net#
WHER:  ASPP CBAM
Hih

B12 FAREHEREIEER
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Table 5 Results comparison of different improvement

strategies combining

SR W AR KR

U-Net+% 8 1% H A e+ ASPP 0.960 0,953 0956
U-Net+# 4 J& #: i+ CBAM 0.961 0.958 0.959
U-Net+ASPP+CBAM 0.962 0.962 0.962
AR 0.963 0.969 0.966
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Fig.13 Experimental results of different improvement
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Table 6, Impact of the dilated convolution expansion

rate on network performance
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C,=2,4,8,16 0.963 0.969 0.966

C,=4,8,16,32 0.961 0.967 0.964
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Table 7 Comparison of algorithm speed in this paper

. U | 1 11 B 126 : 8- SR b 09 -3
Rk RERE BRX /h /(frame-s™") /(frame-s™")
U-Net 1057 0949 1823 2237 18.28

ARXEW: 1057 0957 18.74 20.18 17.64
U-Net 3000 0955 4847 21.88 18.35
ARXFEY: 3000 0963  50.02 20.24 17.79
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Fig.14 Road segmentation results of different algorithms
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Table 8 Comparative analysis of performance indicators

Tk REFE B (ZR7S TE I T GBS T
FCNP! 0.934 0951 0.959 0.948
—_— SegNet!! 0.941 0:953 0.964 0.953
U_Net! 0953 0.955 0.957 0.955
AR CE 0.959 0.967 0.964 0.963
FCNP! 0.929 0.943 0.951 0.941
SegNet!) 0.936 0.945 0.952 0.944

PENGIR:S
U_Net” 0.939 0.949 0.954 0.947
A SO 0.969 0.968 0.969 0.969
FCNP! 0.949 0.944 0.949 0.947
IR SegNet! 0.951 0.947 0.95 0.949
U_Net! 0.954 0.948 0.953 0.952

A 0.967 0.963 0.969 0.966
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