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Global-instance feature alignment domain adaptation detection
method and system design
LIU Yuan', LOU Yaxin', ZHANG Ping’, YANG Yifan', LI Yawei', WU Lingfan', ZHANG Hong'

(1. School of Astronautics, Beihang University, Beijing 102206, China; 2. Unit 93129 of PLA, Beijing 100036, China)
Abstract: When actually applying the detection model, due to the difference between the real scene and the
training data set, the effect of the detection algorithm is greatly affected. In order to obtain the better detection
effect in the target scene, it is usually necessary to collect and label data and then train, which is not only costly
but also complicated. The proposed global-instance domain adaptation detection algorithm and system based
on the attention mechanism only needed to collect part of the real scene data to perform transfer learning,
realizing rapid model training and remote deployment of edge-cloud integration. In this domain adaptation
detection algorithm, the global feature adversarial learning algorithm based on the attention mechanism could
reduce the negative effect of background features in transfer learning; the instance-level feature alignment
method based on dictionary learning could align instance-level features with high precision. After experimental
comparison, the proposed method reached a level close to SOTA(state-of-the-art), and the ablation experiment
was quantitatively proved the improvement of the domain adaptation detection effect of this method. The
proposed domain adaptation detection technology is combined with an edge system with data transmission
links, improving the detection effect by nearly 10 points in actual scenarios.

Key words: domain adaptation detection; instance level; attention; edge device
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Fig. 1 Block diagram of global-instance domain adaptation detection algorithm based on attention mechanism
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and instance-level feature alignment
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Table1 Comparison of migration performance between proposed model and other domain adaptation methods from

Cityscapes to Foggy Cityscapes dataset

7k LRl IS Person Rider Car Truck Bus Train Motorcycle Bicycle mAP
Source only Faster R-CNN 34.8 37.6 48.7 14.3 30.1 8.8 14.6 28.1 27.1
ConfMix"” YOLOV5 45.0 43.4 62.6 27.3 45.8 40.0 28.6 33.5 40.8
SC-UDA™ Faster R-CNN 38.5 437 56.0 27.1 438 29.7 312 39.5 38.7
MeGA-CDA™ Faster R-CNN 37.7 49.0 52.4 25.4 49.2 46.9 34.5 39.0 41.8
MGA®! Faster R-CNN 439 49.6 60.6 29.6 50.7 39.0 38.3 42.8 443
SSOD™ Faster R-CNN 38.8 45.9 572 29.9 50.2 51.9 31.9 40.9 433
Ours Faster R-CNN 46.6 49.2 61.8 30.1 49.8 39.8 36.7 39.4 442
Oracle Faster R-CNN 522 55.0 72.1 31.2 527 45.0 33.9 50.0 49.0
35 HELIE N 2RI DU H 0 T HIL I 0 S 49 R AR 5
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Table 2 Ablation experiment of transferring learning from

Cityscapes to Foggy Cityscapes dataset
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Fig. 7 Visualization diagram of instance-level features in epoch 1, 10, 20, and 30 without/with instance-level feature alignment
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Fig. 8 Detection results of model trained by Cityscapes on Foggy Cityscapes dataset
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Table 3 Comparison of detection performance before and

after domain adaptation on self-owned datasets

Fik e mAP
AHATITRS C2fDarknet 36.5
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Wz C2fDarknet 46.3
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Table 4 Detection performance and number of parameters

of network before and after using variable group

convolution
Hik HTM% mAP SHCE/M HEPRIN [8]/ms
AT ER C2fDarknet 315 32 742
AT C2fDarknet 418 32 74.2
ALK C2fDarknet +VarGNet 40.5 2.5 23.4

R T S 3 N ARG I A S5 B 3 g v A I 2k
R, TR 5 ATy ARG T N S5, IR 4%
Kb S e A 30 G v i # HEATHfE R, R BLAE NS
i SR Rl ER| R775 e SR D I E R A £ 3% 3 ST NA TIER L)
K45 R an sl 9 Fron

(b) BRI N AGIACR:
9 AR IHHK R
Fig.9 Embedded board end detection effect
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