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Aircraft Detection in SAR Images Based on Attention
and Adaptive Feature Fusion

XIA Yifan'? ,ZHAO Fengjun', WANG Yingjie' , WANG Chunle'

(1. Aerospace Information Research Institute ,Chinese Academy of Sciences, Beijing 100190, China;2. School of Electronic,

Electrical and Communication Engineering, University of Chinese Academy of Sciences,Beijing 100049, China)

Abstract; For the problems of multi-scale aircraft targets and strong scattering interference in the
background in synthetic aperture radar( SAR) images,an improved YOLOv4 SAR target detection algorithm
based on coordinate attention and adaptive feature fusion is proposed. Firstly,the algorithm introduces the
coordinate attention mechanism in the backbone network to enhance the focusing ability on the combined
structure of aircraft scattering features and the resistance to background interference. Secondly ,the adaptive
spatial feature fusion mechanism is implemented in the feature enhancement network to improve the feature
extraction capability for aircraft of different sizes, while improving the imbalance between the recall and
accuracy rates of YOLOv4. Finally,the size of the prior anchor is adjusted for aircraft targets by improved
K-means clustering to improve the localization accuracy of the model. The experimental results show that
the improved YOLOv4 achieves 91. 01% recall, 90. 09% accuracy, and 92.34% AP, ;, which are
2.49% ,6.56% ,and 3. 62% better than YOLOv4 respectively.
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Fig. 1 Structure of coordinate attention
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Fig. 2 Backbone CA-CSPDarknet53 with integrated

coordinate attention module
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Fig. 3 Comparison of heatmaps
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Fig. 6 Examples of SADD dataset
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Tab. 2 Comprehensive performance comparison
of SAR aircraft detection networks

AE K AP,/ TREIEE SHOE

Sk /% B% % B0 K/IVMB
SSD300  85.01 86.99 88.42 23.798 91
EfficientDet-DO 82.46 90.53 89.64 5.125 16
YOLOv3Z  87.00 84.76 87.16 19.164 235
YOLOv4  88.52 83.53 88.72 17.493 245
YOLOv5-x  90.88 85.23 90.46 26.831 334
A 91.01 90.09 92.34 17.497 256
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Fig. 7 Visual comparison of the results of different algorithms
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Tab. 3 Ablation experiments

NeS
P Sy e B o s
1 YOLOv4 88.52 83.53 88.72
2 YOLOv4+k-means 88.89 85.93 88.87
3 YOLOv4+k-means+CA 89.40 88.62 90.41
4  YOLOv4+k-means+BAM 89.84 86.61 89.37
5 YOLOv4+k-means+GAM 87.28 87.86 90.11
6 YOLOv4+k-means+ASFF 87.06 87.57 89.23
7 YOLOv4+k-means+CA+ASFF 91.01 90.09 92.34
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