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Domain adaptive semantic segmentation based on
prototype-guided and adaptive feature fusion

YANG Yuyu, YANG Xiao, PAN Zaiyu, WANG Jun
(School of Information and Control Engineering, China University of Mining and Technology, Xuzhou 221116, China)

Abstract: Unsupervised domain adaptation techniques are of significant importance to reducing the data annotation
workload for computer vision tasks, particularly in pixel-level semantic segmentation. However, challenges such as the
dispersed feature distribution and class imbalance in the target domain, such as blurred class boundaries and insufficient
samples for certain categories, pose challenges to this technology. To address these challenges, this paper proposes a
prototype-guided adaptive feature fusion model. It incorporates a dual attention network guided by prototypes to fuse
spatial and channel attention features, enhancing class-wise compactness. Furthermore, this paper introduces an adapt-
ive feature fusion module that flexibly adjusts the importance of each feature, enabling the network to capture more
class-discriminative features across different spatial locations and channels, thereby further enhancing the performance
of semantic segmentation. Experimental results on two challenging synthetic-to-real benchmarks of GTA5-to-Cityscape
and SYNTHIA-to-Cityscape demonstrate the effectiveness of our method, showcasing the model’s capability to handle
complex scenes and imbalanced data.

Keywords: deep learning; unsupervised learning; domain adaptation; semantic segmentation; attention mechanism; self-

training learning; self-adaptive; transfer learning; prototype guidance
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Fig. 1 Prototype-guided adaptive feature fusion network
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Table1 Comparison results of domain adaptive semantic segmentation from GTAS5-to-Cityscapes %
B
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%ﬁ% = Hﬁ%%i&é)\giiii%i
IR, — 75.8 16.8 77.2 12.5 21.0 25.5 30.1 20.1 81.3 24.6 70.3 53.8 26.4 49.9 17.2 25.9 6.5 25.3 36.0 36.6

AdaptSegNet™ 2018 85.6 25.9 79.8 22.1 20.0 23.6 33.1 21.8 81.8 25.9 75.9 57.3 26.2 76.3 29.8 32.1 7.2 29.5 32.5 41.4

AdvEnt®?"

2019 89.4 33.1 81.0 26.6 26.8 27.2 33.5 24.7 83.9 36.7 78.8 58.7 30.5 84.8 38.5 44.5 1.7 31.6 32.4 455
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FDAP" 2020 92.5 53.3 82.3 26.5 27.6 36.4 40.5 38.8 82.2 39.8 78.0 62.6 34.4 84.9 34.1 53.1 16.8 27.7 46.4 50.5
PLCAP® 2020 84.0 30.4 82.4 353 24.8 32.2 36.8 24.5 85.5 37.2 78.6 66.9 32.8 85.5 40.4 48.0 8.8 29.8 41.8 47.7
SISC-PWLE 2020 89.0 45.2 78.2 22.9 27.3 37.4 46.1 43.8 82.9 18.6 61.2 60.4 26.7 85.4 35.9 44.9 36.4 37.2 49.3 49.0
ASALI 2020 89.2 27.8 81.3 25.3 22.7 28.7 36.5 19.6 83.8 31.4 77.1 59.2 29.8 84.3 33.2 45.6 169 34.5 30.8 45.1
CLANE 2021 88.7 35.5 80.3 27.5 25.0 29.3 36.4 28.1 84.5 37.0 76.6 58.4 29.7 81.2 38.8 409 5.6 32.9 28.8 45.5
UDAclustering[“”2021 89.4 30.7 82.1 23.0 22.0 29.2 37.6 31.7 83.9 379 78.3 60.7 27.4 84.6 37.6 44.7 7.3 26.0 389 45.9
PixMatch™? 2021 91.6 51.2 84.7 37.3 29.1 24.6 31.3 37.2 86.5 44.3 85.3 62.8 22.6 87.6 38.9 52.3 0.7 37.2 50.0 50.3
ProDA! 2021 90.4 54.2 82.1 40.7 34.2 43.0 44.4 52.7 86.5 41.7 82.7 65.0 9.4 86.3 37.8 463 0.0 41.1 50.8 52.1
DRSL#! 2022 92.6 55.9 82.4 29.0 24.6 42.7 38.3 35.7 85.5 39.5 77.0 64.2 26.2 83.9 19.5 31.6 9.3 27.1 42.5 47.8
ARASH 2023 91.9 45.2 81.8 21.9 25.6 35.5 41.5 33.4 85.1 34.8 73.8 62.5 31.6 85.9 33.8 42.5 7.3 33.8 42.8 479
Multi OT™ 2023 87.8 31.5 80.5 24.7 23.0 26.1 33.8 15.9 84.2 33.6 74.4 57.6 27.7 83.0 41.2 41.5 8.4 27.5 39.0 443
HDLMI 2023 91.5 46.8 86.0 33.6 32.6 37.0 43.6 39.0 86.5 43.4 87.9 64.5 36.6 87.8 50.5 47.7 0.0 26.7 48.5 52.1
SAMM7 2023 90.8 47.2 86.8 41.5 29.4 35.7 42.4 37.4 86.0 42.1 88.3 63.7 35.6 85.1 43.8 54.6 0.0 33.6 47.8 52.2
RPLRM 2022 92.3 52.3 84.8 34.7 29.7 32.6 36.7 32.7 83.2 42.5 81.5 60.6 33.3 85.0 44.2 48.0 3.8 35.7 37.3 50.1
ARCE — 83.8 57.9 74.1 44.1 38.1 45.0 51.4 52.7 88.6 47.7 80.1 67.8 30.3 87.4 38.0 60.2 1.4 44.2 47.2 54.7
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Table2 Comparison results of domain adaptive semantic segmentation from SYNTHIA-to-Cityscapes
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i W 7 " %
AN YR — 643 213 73.1 24 1.1 314 7.0 27.7 63.1 67.6 422 199 73.1 153 10.5 389 349 403
AdaptSegNet?®® 2018 79.2 372 788 — — — 99 10.5 782 80.5 53.5 19.6 67.0 29.5 21.6 313 — 459
AdvEnt?" 2019 85.6 422 79.7 8.7 04 259 54 8.1 804 84.1 579 23.8 73.3 364 142 33.0 412 48.0
FDAB! 2020 73.9 350 732 — — — 199 240 61.7 826 614 31.1 839 408 384 51.1 — 52.5
PLCAB 2020 82.6 29.0 81.0 11.2 0.2 33.6 249 183 82.8 82.3 62.1 26.5 85.6 48.9 26.8 52.2 46.8 54.0
SISC-PWLE 2020 59.2 30.2 68.5 22.9 1.0 36.2 32.7 28.3 862 754 68.6 27.7 82.7 263 243 52.7 452 51.0
ASA® 2020 91.2 48.5 804 3.7 03 21.7 55 52 795 83.6 564 21.9 80.3 36.2 20.0 32.9 41.7 493
CLAN®® 2021 82.7 372 815 — — — 17.1 13.1 81.2 83.3 555 22.1 76.6 30.1 23.5 30.7 — 48.8
UDAclustering’®2021 88.3 422 79.1 7.1 0.2 244 16.8 16.5 80.0 84.3 56.2 15.0 83.5 272 6.3 30.7 41.4 482
PixMatch®? 2021 92.5 54.6 79.8 4.8 0.1 24.1 22.8 17.8 79.4 76.5 60.8 24.7 85.7 33.5 264 544 46.1 54.5
ProDA 2021 86.9 437 84.1 8.0 0.0 41.9 347 33.1 88.0 84.6 69.0 32.2 88.1 47.6 359 50.6 51.8 599
DRSLM! 2022 82.8 40.1 81.3 13.0 1.6 41.6 19.8 33.1 85.3 84.3 59.5 30.1 78.6 253 19.8 51.7 46.7 532
RPLRM™ 2022 81.5 36.7 786 1.3 0.9 322 20.7 23.6 79.1 83.4 57.6 30.4 78.5 383 24.7 484 447 524
ARAS™ 2023 85.6 39.2 799 155 0.3 322 193 239 79.1 81.7 61.1 19.3 829 25.7 10.6 51.9 443 50.8
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Multi OT™ 2023 87.6 43.8 80.6 — — — 11.2 12.1 81.1 81.2 56.7 20.1 74.8 33.7 16.8 342 — 48.8
HDLM I 2023 90.8 53.0 83.3 21.2 3.4 339 369 245 84.2 85.1 63.9 299 84.6 51.8 283 554 519 593
SAMM! 2023 77.5 32.3 82.6 255 1.9 34.6 33.6 324 81.7 85.1 63.8 31.8 82.3 352 319 54.6 49.2 55.7
ARCE 83.7 443 84.3 10.3 0.0 41.4 36.5 35.3 88.3 86.8 69.8 36.3 88.1 54.8 40.0 48.6 53.3 61.6
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Fig. 4 Visual comparison results of GTAS-to-Cityscapes domain adaptation semantic segmentation
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Table3 Domain adaptive semantic segmentation results

for each ablation module %
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Fig. 5 t-SNE visualization of feature representations across different categories
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Fig. 6 Activation maps of position and channel attention features
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