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Abstract: Due to the unique imaging mechanism and electromagnetic scattering characteristics of synthetic
aperture radar (SAR) , the acquired images often contain strong speckle noise and complex background
interference, which severely limit object detection accuracy and robustness. To mitigate noise and address the
limitations of insufficient multi-scale feature modeling and limited frequency information usage in existing
methods, this paper proposes a SAR object detection network combining frequency dynamic convolution with
spatial-frequency feature enhancement. A dynamic frequency-domain convolution module is first introduced. It
adaptively modulates high and low frequency components via learnable Fourier coefficients and grouped
reconstructed convolution kernels, combined with a feature restoration module, enriching the diversity of the
kernel’ s frequency responses and enhancing the capability of feature representation. A spatial-frequency
feature enhancement module is then constructed using joint frequency and spatial self-attention with a

spatial-frequency fusion strategy, enhancing the features of targets. Experiments on MSAR and
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SARDet-100K datasets demonstrate that, compared with attention as deformable multisubspace feature
denoising for target detection in SAR images (Denoted as DenoDet) , fully convolutional one-stage object
detection (FCOS) , pyramid vision Transformer-tiny (PVT-T) , faster region-based convolutional neural
networks (R-CNN) , and you only look one-level feature (YOLOF) , the proposed method achieves
significant improvements across multiple evaluation metrics and shows higher detection accuracy, robustness,
and generalization, offering a new approach for SAR image object detection.
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Fig.1 Overall architecture of proposed method
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Fig.2 Architecture of frequency dynamic convolution module
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Table 1 Comparative experiments on MSAR dataset

: AP, AP,

Pk mAP MR W@ R WBl mAP MH mE R el
Proposed 70.51 89.54 63.44 79.88 49.18 71.82 91.03 68.48 81.21 46.55
DenoDet 68.91 89.30 63.49 76.30 46.54 71.08 90.87 68.26 78.16 47.02
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YOLOF 47.85 69.90 49.78 62.63 9.09 47.15 72.76 51.10 64.35 0.39
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Fig.4 Visualize detection results on MSAR dataset
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Table 2 Comparative experimental results on SARDet-100K dataset

Bk mAP AP@50  AP@75 iigal KL PRV T e i 3 |
Proposed 57.50 87.07 61.94 67.06 58.15 65.20 47.53 38.10 68.96
DenoDet 56.28 86.21 60.36 65.35 57.78 64.02 46.20 36.76 67.57

FCOS 53.66 86.43 56.82 60.86 56.53 61.88 42.84 35.27 64.56
PVT-T 48.42 80.43 51.91 55.69 54.31 61.43 32.67 24.91 61.53
Faster R-CNN 46.23 80.43 48.74 57.41 56.86 63.88 31.93 25.70 41.61
YOLOF 47 46 78.85 49.96 58.24 56.11 57.54 27.31 28.44 57.12
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Fig.5 Visualize detection results on SARDet-100K dataset
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Table 3 Strategy of ablation experiments
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Table 4 Ablation experimental results on MSAR dataset

Case AP APy
mAP iy 2 i LS KL mAP i A plik B 3 KL
1 70.51 89.54 63.44 79.88 49.18 71.82 91.03 68.48 81.21 46.55
2 69.33 89.33 63.27 77.20 47.51 70.78 90.27 68.37 78.71 45.77
3 65.88 89.04 63.35 71.22 39.89 67.18 89.62 68.28 76.02 34.81
=5 EEEXERSHENWN and Remote Sensing, 2019, 57(11): 8983-8997.
Table 5 Computational complexity and parameter [2] JIA Peng, DONG Tiancheng, WANG Taoyang, et
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Case FEE R/ 10 SRR /100 detection algorithm for spaceborne SAR images[J].
1 19.90 50.98 Transactions of Nanjing University of Aeronautics and
2 16.88 41.46 Astronautics, 2024, 41(6):725-738.
3 16.11 40.64 [3] XU Xiaowo, ZHANG Xiaoling, ZENG Tianjiao, et
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3 z:él: i/lé tion SAR ship detection[ C]//Proceedings of IEEE
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