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Domain Adaptive Nighttime Semantic Segmentation Method Based on
Mask Reconstruction

DING Meirong, LANG Jicong, LIU Qinglong, ZHUO Jinxin
(School of Software , South China Normal University, Foshan 528225, China)

Abstract: Semantic segmentation plays a crucial role in autonomous driving, however, training models on daytime scene source domain data
is difficult to adapt to nighttime scene target domain data. To this end, a domain adaptive nighttime semantic segmentation network based on
mask modeling is proposed, which mainly includes a self training module and a mask reconstruction module. In the self training module, the
pseudo labels generated by the pre trained model can assist the model in predicting the nighttime target domain. By reducing the inter domain
distribution difference between the daytime source domain and the nighttime target domain, the semantic segmentation performance of the mod-
el in nighttime scenes can be improved. In the mask reconstruction module, specific mask strategies are used for different categories of targets
to fully extract contextual semantic information between different categories during the reconstruction of mask images , in order to enhance the
robustness of the model in nighttime scenes. Experiments on multiple urban street scene datasets have shown that the proposed model has an
average intersection to union ratio of 64.3%, effectively improving segmentation accuracy.

Key Words: nighttime semantic segmentation; domain adaptation; mask reconstruction; self-training; context information
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Fig. 1 Classification results of large category boundaries and small

object categories
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Fig.2 Nighttime semantic segmentation network architecture
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Table 1 Experimental setup and parameter settings
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Table 2 Experimental results of different models on DarkZurich—test

*2 AEH#EETE DarkZurich—test FHYLIGLE R (%)

Seman-  DAN- GPS- DAFor- SePi-
- : HRDA'™ MIC™ Ours
tic Class  Net™  GLASS!'  mer!'! Col'™!
road 90.0 91.6 93.5 93.2 90.4 948 914
sidewalk ~ 54.0 63.1 65.5 68.1 56.3 750 633
building ~ 74.8 71.2 73.3 73.7 72.0 84.0 86.2
wall 41.0 34.7 39.4 32.8 39.5 55.1 514
fence 21.1 26.7 19.2 16.3 19.5 284 316
pole 25.0 414 53.3 54.6 57.8 620 579
light 26.8 39.7 44.1 49.5 527 355 599
sign 30.2 38.4 44.0 48.1 43.1 52.6 66.8
vegeta-
. 72.0 68.6 59.5 74.2 59.3 592 717
tion
terrain 26.2 34.8 34.5 31.0 29.1 46.8 45.8
sky 84.0 83.7 66.6 86.3 70.5 70.0 89.3
person 47.0 413 53.4 57.9 60.0 652 644
rider 339 40.8 52.7 50.9 58.6 61.7 558
car 68.2 69.6 82.1 82.4 84.0 82.1 835
truck 19.0 21.5 52.7 52.2 75.5 642 843
bus 0.3 0.0 9.5 1.3 11.2 185 198
train 66.4 63.5 89.3 83.8 90.5 913 920
motorcy-
38.3 32.1 50.5 43.9 51.6 52.6  56.7
cle
bicycle  23.6 19.4 38.5 29.8 40.9 44.0 437
mloU 443 46.4 53.8 54.2 55.9 602 643
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i, mloU 43 | Ky 48.8% .40.0% . 55.6% . F:rf, E DarkZur-
ich—val 2040 4 I, Pr & A AU AR AR T B 0 1) LL A 38 mIoU
2T+ T 1.3%; 7E BDD100k—night 3048 4 b 523 7 WA 45
B MIBT Refign-HRDA B8 R [ T 0.6% ' ; 7£ Nighttime
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Table 3 Experimental results of different models on DarkZurich-
val, BDD100k—-night, and Nighttime Driving
#3 A EMEBRAE DarkZurich—-val,BDD100k—night 1 Nighttime Driv-

ing FHRIRER (%)

Method DarkZurich-val BDD100k—night Nighttime Driving
DANNet—PSPNet 36.8 - 47.7
SePiCo-DAFormer 37.1 36.9 57.1
HRDA 42.1 39.1 55.6
MIC-HRDA 43.6 38.0 58.7
Refign—-HRDA 47.5 40.6 57.8
Ours 50.3 40.0 55.6
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T MR 0 B A i A ek

Table 4 Results of ablation experiments on DarkZurich—test

#*4 7£DarkZurich—test FHIHBSLIS 45 R (%)
Method mloU increase value
Baseline 55.90 -
Baseline+Refine 61.95 6.05
Baseline+Refine+MIC 63.65 7.75
Baseline+Refine +MR (Ours) 64.29 8.39
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Fig. 3 Visualization results of different models on DarkZurich-val, NighttimeDriving, and BDD100k-night datasets
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