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A Real-Time Image Semantic Segmentation Method Based on Dual Branch Fusion

SONG Yugin, LOU Hui, ZHANG Qi, SHANG Chunliang
(School of Electronics and Information, Xi’an Polytechnic University, Xi’an 710600, China)

Abstract Aimed at the problems that faulty classification and incomplete segmentation are in existence in
segmenting multi-scale objects to the existing real-time semantic segmentation networks, a real-time se-
mantic image segmentation method is proposed based on dual branch fusion. The method introduces a
scale attention fusion module that is able to fuse object spatial feature and semantic information extracted
from the detail branch and semantic branch, thereby improving the accuracy of the network for multi-scale
object recognition. The edge loss function is used to guide the detail branch into learning the object edge
contour, improving the network’s segmentation performance on object edge details. Finally, a global per-
ception module is constructed to enhance the global context perception capability of the network. The ex-
perimental results demonstrate that the proposed method achieves the mean Intersection over union
(mloU) of 78.1% and 76. 2% on the CityScapes and CamVid datasets respectively. Additionally, the
mean pixel accuracy (mPA) is 87. 6% and 85. 4%, respectively. For small-scale object edges, there is a
more accurate segmentation, coming up to the real-time requirements on a single GTX 1080Ti GPU, and
frames per second (FPS) achieves 59. 8 and 43. 5 respectively.
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Fig. 1 Network overall framework of proposed method
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Fig. 2 Architecture of scale attention fusion module
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Fig.3 Architecture of global perception module
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Fig.5 Visualization of semantic segmentation results on CamVid dataset
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Fx4 AEFEE CamVid HIEE BT LE
Tab.4 Comparison of the performance of different on Cam-

Vid dataset

J5 ¥k mloU/%  params/10° FPS/({ « s )
ENet"" 51.3 0.36 41.6
ICNet™"" 67.1 26. 50 27.7
BiSeNetVv2'" 72.4 6. 40 52.6
FANet-18" 74.7 9. 60 41.6
A5 76.2 6. 80 43.5

3.2 HBhICI

M 5 PR, N T — 25 5 IEAS SO A 2L
P, 78 CityScapes BUHE £ I 43 7 b 45 > 4 B 52 56,
DU FEXT 43 F0KE BE A9 52 e . 45 2R s AU Res-
Net-18 1E K W 4 3 W 24 15, mIoU F1 mPA 43 5] 4
74.6%F1 76.3% ., HhN SAF #iHS  mloU 425 T
1.2% . .mPA $& T 4. 4% . 7EUbFEAE b6 %%
B4R 43 3k (edge head) 5, mIoU Fl mPA 4 7 #2
T L6 4. 8%, BJE L TERT 2 DB A HEAE L
N GP #iHe, mIoU #1 mPA 435142 1 0. 7% #l
2.1% kB T 78. 1% M 87. 6%,
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Tab.5 Ablation studies of three modules on CityScapes dataset

SAF EdgeHead GP  mloU/% mPA/ %
— — — 74.6 76.3
J — — 75.8 80. 7
J J — 77.4 85.5
N NG NG 78.1 87.6

TE = "R AR B Z B

Kl 6 ARl 5 B 7E CityScapes 8085 & L a9 2
TS TR & B 6 R B 2138 R oG T BE B WA .
AHEE T HoAth 7 5 A SO AR B AT N SRS
FBNERAT — € T A RO TR Z b KR
BZBIE S . 456K 4 ME S B AR T LR
A SCHR A I SCFIAH 15 X5 S 28 SE B T ok
1 1Y 43 O

() iy A 1%

(b)ICNet

(c)BiSeNetV2

(AR ICTr ¥
B 6 [ A iETE CityScapes #IF&E FRIRFIEEHRAE
Fig. 6  Category activate heatmap of proposed method with

state-of-the-art methods on CityScapes dataset
+
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