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Scene Segmentation Model Based on Dual Learning

LIU Sichun, WANG Xiaoping, PEI Xilong and LUO Hangyu

School of Electronics and Information Engineering, Tongji University,Shanghai 200092, China

Abstract For complex tasks such as urban scene segmentation,there are problems such as low utilization of feature map space
information,inaccurate segmentation boundaries,and excessive network parameters. To solve these problems, DualSeg, a scene
segmentation model based on dual learning,is proposed. Firstly, depthwise separable convolution is used to significantly reduce
the number of model parameters Secondly,accurate context information is obtained by fusing hollow pyramid pooling and double
attention mechanism modules. Finally.dual learning is used to construct a closed-loop feedback network,and the mapping space is
constrained by duality,while training the two tasks of “image scene segmentation” and “dual image reconstruction”,it can assist
the training of the scene segmentation model, help the model to better perceive the category boundary and improve the recogni-
tion ability. Experimental results show that the DualSeg model based on the Xception skeleton network achieves 81. 3% mloU
and 95. 1% global accuracy on natural scene segmentation dataset PASCAL VOC, respectively,and the mloU reaches 77.4% on
the CityScapes dataset,and the number of model parameters decreases by 18. 45 % , which verifies the effectiveness of the model.
A more effective attention mechanism will be explored in the future to further improve the segmentation accuracy.

Keywords Scene segmentation, Image reconstruction, Dual learning, Attention mechanism, Depthwise separable convolution,
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Fig. 9 Model prediction results
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Fig. 10 Prediction results on CityScapes dataset
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Table 2 Segmentation performance of different algorithms on

VOC dataset

7 E Backbone mloU/ %  Piexl Acc/% 5 HE
DeeplabV3 ResNet-101 79.3 94.2 58.0X 108
DeeplabV3+ Xception 80.1 94.3 43.5X10°
HRNetV?2 HRNetV2-W48 80. 4 94.5 65.9X 106
PSPNet ResNet-101 79.8 94.6 63.1>10°8
SERT-PUP T-Base 80.3 95.0 97.6x10°
SegFormer MiT-B5 81.2 95.2 84.7X10°8
Mask2Former Swin-1. 81.6 95.2 216.1>106
OneFormer Swin-1. 81.7 95.4 219.2x10°
Xception 80.6 95.0 47.3x10°
KX FE Xception+ DA 81.3 95.1 48,4108
(DualSeg) ResNet-101 80. 4 94.9 62,7108
HRNetV2-W48 81.2 95.1 68. 1108

A SCRETI AN 2 SRR IR 45 & 22 OB FRAT 4R L 75
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80. 6 %0 5 4% B A EH i B Sy DA J5 ,mloU 5 %81. 3% ,
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S B UEAS SCHE B DualSeg #2875 52 A 5 W PERE
TE CityScapes 3 3% 50 43 BIBCHE 46 B AT 1 PEARIUIE . S05%
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FLTE H AR RUBIE 4 2% (MR S & B S M H L B A
0.5% 2 4 W) T}, 7 Xception 1E & backbone Hf, £ I (Y
mloU iK% 76 % ;5] A DA R HE i & Sy B85 , B A 9 mIoU
SKFN 77.4% PEREM HY SERT 1. 2% ,# 4 SegFormer 0. 5% ,
I HAX I Mask2Former Fil OneFormer % 1% Z& £, A] LA 7Y
1 CityScapes 5 2 2+ st B 42 L e or BIPERBAK R R 47

# 3 Cityscapes 5964 b1 7S [R] 55005 43 #1014 Bk
Table 3 Segmentation performance of different algorithms on

Cityscapes dataset

Ik Backbone mloU/ %
DeepLabV3 ResNet-101 74.7
DeeplabV3+ Xception 75.4
HRNet HRNetV2-W48 76.2
PSPNet ResNet-101 74.6
SERT-PUP T-Base 76.2
SegFormer MiT-B5 76.9
Mask2Former Swin-L 78.3
OneFormer Swin-L 78.6
Xception 76.0
E S Xception+ DA 77.4
(DualSeg) ResNet-101 75.8
HRNetV2-W48 76.9

(2) MG & 2 fig

W 5 12 Lb (PSNRO 045 14 A8 B B2 (SSIMD 119 1 4k 45 3R 43
BN 4 FMFE 5 FTE], A 200 8GR 78 — it 96 UE B a5 -
ROEEIRSER . R 4 M 5 Al B A PSNR &K,
5 RO BT SSIM (H #3231 8, A K F 0.6, 2%
AEERTIREEIRNER . HF CityScapes 348 4 19 3 5t
B A I E A AR A e VOC Bdis g 25 — ok,

4 BRTE VOC $di 46 By R A 1k

Table 4 Image reconstruction performance on VOC dataset

Backbone PSNR SSIM
ResNet50 18. 83 0.63
ResNet101 20.74 0.67
Xception 21.32 0.67

HRNetV2-W48 23.54 0.71

5 MEARIFE CityScapes B 46 L i 1% & a2 M Ak

Table 5 Image reconstruction performance on CityScapes

Backbone PSNR SSIM
ResNet50 14.78 0.58
ResNetl101 17.24 0.62
Xception 19.13 0.63
HRNetV2-W48 20.01 0. 64

4.3.3 HEkFEE
1) %08 2 g 1 22 J2 IR AR AR A 109 A 80P 30
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S BN BEAT T Rl S 3G L 36 TE X8 A 0 S LA K £ R R
bG35 A BB W . JH R SE I AR ANk 6 T,
6 AR AR 1 RE Y R 1

Table 6 Impact of each module on performance

Method Backbone ~ ASPP  Recon Multi  Sep conv  mloU/%
ResNet-101 N — 79.3
DeepLabV3  ResNet-101 J N — 79.7
ResNet-101 N N N — 79.8
o Xception N N 80. 1
(ﬁ;i IZ;:) Xception J J J 80.3
Xception NG Nj N NG 80.6
ResNet-101 N N 79.0
KX F # ResNet-101 NG NG NG 79.2
(DualSeg) ResNet-101 Ni N; J 80.3
ResNet-101 N/ N N NG 80. 4
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Table 7 Effectiveness of dual learning on VOC dataset

Backbone/
/ . « o brE s
Al R PSNR SSIM  mloU/%  sH{&% 3
Xeenti 17.22 0.61 80. 1 X
ception
P 18. 83 0.63 80. 6 J

A 1.61 0.02 0.5 4
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Table 8 Effectiveness of dual learning on CityScapes dataset Table 10 Effect of DA module on performance
Backbone/ : ’ . - - Method Recon  Multi  Sep conv DA mloU/ %
P PSNR SSIM  mloU/%  Xt1&¥3 v, — 0
) 18.19 0.58 75.4 X DeeplabV3-+ N/ N 75.4
Xception
19.13 0.63 76.0 N N N - NG 75.9
A 0.94 0.05 0.6 A KX F & N N J 76.0
(DualSeg) N N N N4 77.4

AR (i (17 W L PSNIR i 6, 36 W P 15 o 7t 9 i 2R
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Table 9 Effect of different upsampling ratios on mIoU

Backbone ASPP  Recon Multi UpSample mloU/ %
Xeepti N N N 2% 2 80.3
ception
P J J J 4%1 80. 6
N N, N 2%2 80. 3
ResNet-101
¢ </ </ </ 4%1 80.4
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Fig. 11 Changes in mIoU during training of each model
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