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Low-Altitude Sea Surface Infrared Object Detection Based on
Unsupervised Domain Adaptation

Song Zizhuang , Yang Jiawei, Zhang Dongfang, Wang Shigiang, Zhang Yue
Beijing Institute of Remote Sensing Equipment, Beijing 100854, China

Abstract A low-altitude sea surface infrared object detection method based on unsupervised domain adaptation is
proposed. First, the source domain images are translated into target domain images by image translation network,
and the labels are shared. Second, the gradient reversal layer is used in YOLOv5s object detection network to
optimize the inter-domain adaptability of feature extraction. In addition, the maximum mean discrepancy loss is used
to further narrow the feature distribution of different infrared detector images extracted from the network. Finally,
AdamW asynchronous update optimization algorithm is adopted to further improve the training stability and
detection accuracy. The proposed method is tested on low-altitude sea surface infrared ships and unmanned aerial
vehicles collected by different infrared detectors. Experimental results show that compared with the traditional
supervised learning method, the proposed method effectively reduces the cost of manual labeling, and detection
accuracy of source domain and target domain are improved by 6.56 and 2.62 percentage points respectively, which
effectively improves the generalization ability of the object detection model between different infrared detectors.

Key words machine vision; infrared detector; unsupervised domain adaptation; gradient reversal layer; stable

training; object detection
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Fig. 1 Structure of unsupervised domain adaption for object detection network
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Fig. 2 Structure of YOLO-based domain adaption for object detection network
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Fig. 3 Image translation results. (a) Source domain image; (b) generated target domain image;

(c¢) target domain image
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Table 1 Influence of GRL in different positions on

detection accuracy

GRL position mAP /%
w/0 GRL(YOLOv5s) 84. 84
Feature pyramid 89.13
Feature pyramid+ head 90. 34
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Table 2 Influence of different Ay, values on

detection accuracy

Ammp mAP /%
0.5 89. 56
1.0 92.18
2.0 91.98
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Fig. 4 Variation curves of loss values of different
optimization algorithms during training
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Table 3 Influence of different training optimization

algorithms on detection accuracy

Optimization algorithm mAP /%
SGD synchronization 88. 11
SGD asynchronization 90. 84

AdamW synchronization 85.18

AdamW asynchronization 92.18
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Table 4 Comparison of detection accuracy between source domain and target domain

Serial number Training dataset

Detection accuracy /%
Test dataset

Source domain Target domain

1 Source domain Source domain 94. 32 90. 31
2 Source domain Target domain 81.94 84. 84
3 Target domain Target domain 87.33 86. 64
4 Source domain—+target domain Source domain—+target domain 89. 26 89. 56
5 Supervised domain adaptation Target domain 95. 85 92. 44
6 Unsupervised domain adaptation Target domain 95. 82 92.18
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Fig. 5 Comparison of results between supervised detection

and unsupervised domain adaptation detection.

(a) Supervised detection; (b) unsupervised

domain adaptation detection
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