ISSN 1004-9037, CODEN SCYCE4 http:// sjcj. nuaa. edu. cn
Journal of Data Acquisition and Processing Vol. 39,No. 1,Jan. 2024 ,pp. 154—166 E-mail:sjcj@nuaa. edu. cn
DOI:10. 16337/j. 1004-9037. 2024. 01. 014 Tel/Fax: +86-025-84892742
© 2024 by Journal of Data Acquisition and Processing

B 2 143 40 0 b 3 5T B ok S 5 A9 X 43 B
BER, #B8, KT, S44

(1. BB T RFFE R TS A b, RW 650500;2. BRI T R%¥ A N TR EH A ERE , B 650500)

H OE.AALBBRAENBEL SIS T, AR R B B ARG B R R K A&
HESHAARAHEGF LRI FHREL TN B X, AT A0SR EA BARRGFIE, 22
ZRBA ARG KIES ETLXAR,AIHET TR EALERM L, AN EERKI FREA

BRI TS, AL oM METE BT MMEEFBEMMERE RETHRLEB AR

Felr A A HER, ATHARBEETAEGERTHPIM, BRI E SRR THIE, AR

Toax s Rk B AANMEERHR L 2NBMEA XL GEBFHLZ2ARFREZ

Rl 69 3E & . FEIRGER A IR 69 o5 B £ 203 £ GTAS 2 Cityscapes #2 SYNTHIA 2| Cityscapes - #9 %

WAEX S EHBAFT RAFHR.

X8R BAR T FE T EL 5 E B AER

HESES: TP391.4 XERAREED A

Graph-Guided Feature Fusion and Group Contrastive Learning for Domain Adap -

tation Semantic Segmentation

ZHAO Weifeng', XIE Minghong', ZHANG Yafei"?, LI Huafeng'”’

(1. Faculty of Information Engineering and Automation, Kunming University of Science and Technology, Kunming 650500,
China; 2. Key Laboratory of Artificial Intelligence of Yunnan Province, Kunming University of Science and Technology, Kunming

650500, China)

Abstract: Considering the problem of unsupervised domain adaption semantic segmentation, it is very
important to establish a long-distance context relationship between the source domain and the target domain
and how to solve the problem of unbalance distribution of different classes of pixels. we propose a dual
cross-domain graph convolution network to exploit the long-distance context between source and target
domain and fuse the feature of two domains. Specifically, we construct the position similarity matrix and
channel similarity matrix of the cross domain and propose the cross-domain position graph convolution and
cross-domain channel graph convolution. In order to solve the problem of unbalanced distribution of classes
in the datasets and capture more domain invariant feature, we propose a group contrastive learning strategy
to narrow the distance between the same class of two domains and widen the distance between the different
classes of two domains by constructing positive and negative samples in the group. A large number of
experiments show that our method achieves good performance on Urban Scene datasets GTAS to
Cityscapes and SYNTHA to Cityscapes.
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Fig.1 Graph convolutional network rendering of two domains
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Table 2 SYNTHIA to Cityscapes: Comparative experimental results of cross domain semantic segmentation
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AdaptSegNet” 84.3 427 775 470 7.00 77.9 82.5 543 21.0 72.3 32.2 189 32.3 467
CLANC 81.3 37.0 80.1 16.1 13.7 782 81.5 534 21.2 73.0 32.9 22.6 30.7  47.8
BDL" 86.0 46.7 80.3 141 11.6 79.2 81.3 54.1 27.9 73.7 42.2 257 453 514
Advent® 85.6 42.2 797 540 8.10 80.4 84.1 57.9 238 73.3 364 14.2 33.0  48.0
N - ResNetl101

MaxSquare"™ 82.9 40.7 80.0 12.8 182 825 82.2 53.1 180 79.0 314 104 356 482
ceM™ 79.6 36.4 80.6 224 149 81.8 774 56.8 259 807 453 299 52.0  52.9
FADAM' 84.5 40.1 83.1 20.1 27.2 84.8 84.0 53.5 22.6 854 43.7 26.8 27.8  52.5
ARSIy s 92.8 53.3 829 19.2 214 828 81.9 59.1 26.6 845 387 21.1 44.2 545
AdaptSegNet® 78.9 29.2 755 0.10 4.80 72.6 76.7 43.4 880 71.1 16.0 3.60 840  37.6
CLANS 80.4 307 747 140 8.00 77.1 79.0 46.5 890 73.8 18.2 220 9.90  39.3
Advent® 67.9 294 719 0.60 2.60 749 749 354 9.60 67.8 21.4 410 155  36.6
BDL" VGG16 72.0 30.3 745 10.2 252 80.5 80.0 547 23.2 72.7 240 7.50 449  39.0
CBSTE 69.6 28.7 69.5 119 13.6 82.0 81.9 49.1 145 66.0 6.60 3.70 324 354
FADA™ 80.4 359 80.9 7.90 22.3 81.8 83.6 489 168 77.7 31.1 135 17.9  46.0

A7 90.9 483 77.2 151 11.5 82.1 81.5 39.1 21.1 728 27.0 9.30 41.5 47.5
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(a) Test image  (b) Source only (c) Advent (d) BDL (e) CLAN (£) Our method (g) Ground truth
Kl 3  GTAS #| Cityscapes 3% 5 2 &
Fig.3 Experimental rendering of GTAS to Cityscapes
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(c) Group contra- (d) Channel graph (e) Position graph (f) Channel+position (g) Label
stive loss convolution convolution graph convolution

(a) Test images (b) Baseline

B4 JHAlSE R : GTAS £ Cityscapes
Fig.4 Ablation experiment: GTAS to Cityscapes
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