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Dynamic SAR image target detection by fusing
space-frequency domain

Shen Xueli, Wang Jiahui’, Wu Zhengwei
School of Software, Liaoning Technical University, Huludao, Liaoning 125105, China

Abstract: A dynamic SAR image target detection algorithm integrating space-frequency domains is proposed to
address challenges such as significant feature differences in SAR image samples, imbalanced target scales, and
high speckle noise in the background, which result in low detection accuracy and slow inference speed. First, a dual-
stream perception strategy constructs spatial-frequency perception units, leveraging dynamic receptive fields and
fractional-order Gabor transforms to enhance the model's ability to capture spatial diversity and frequency
scattering features. This way improves the retention of global contextual information, accelerates inference,
reduces the similarity of feature mapping patterns, and mitigates background noise interference, effectively
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reducing missed and false detections. Second, a re-parameterization-based adaptive feature fusion module is
designed to optimize interactions across multi-scale features, enriching feature diversity, alleviating mapping
discrepancies and information loss caused by feature sampling, and enhancing the salience of small target and key
frequency information during fusion, thereby improving detection precision. Finally, the DY_loU dynamic regression
loss function is introduced, utilizing adaptive scale penalty factors and a dynamic non-monotonic attention
mechanism to address anchor box expansion and positional deviation, further enhancing the localization and
detection capabilities for multi-scale targets. This way also accelerates model convergence and reduces
computational overhead. Experiments conducted on the public datasets SAR-Acraft-1.0 and HRSID demonstrate
that the proposed method achieves mAP@0.5 values of 95.9% and 98.8%, respectively, representing 5.2% and
1.2% improvements over baseline models and outperforming other comparison algorithms. These results indicate
that the proposed algorithm improves detection accuracy and exhibits strong robustness and generalization
capabilities.

Keywords: SAR image; dual-stream perception; fractional-order Gabor transform method; feature fusion; multi-
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scale samples; small target; DY_loU
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Fig. 1 YOLOv10s algorithm structure diagram
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Fig. 2 Structure of the dynamic SAR image target detection algorithm fusing spatial-frequency domain
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Fig. 4 Global spatial awareness (GSA) module structure
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Fig. 5 Structure of frequency domain awareness (FDA) module
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ﬂ Element-wise summation
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B 6 HaTsiErke7ik. (a) BRI,

Y =X, K, (15)

mC/E
B2, BAAYL TP, RIS AL
’/fiEon
Y =Y oY 0Y,0---0Y} . (16)

3.2 HIENYHERMEE T
FHXt SAR MR H A RUEEAS Y S 509w DK B2

fIRIRIEE, SRR B R A e AR N GE B DR,
AR AR BRI S i SRl G, FERRER 3R
Fife, ARBAGITERE, WA AE 6 s

B W T H D RERIAEOCE 5 58 22 R H 2
>, FEAERAE AR I R D 28 TCVoRS 1 R e 4 21 55
RIZSME R S5IREE F R, NI It 546
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AFF FIHESEE I 1k, SCUA R RUEE A (5] 6]

n Channel-wise concatenation

(b) i 8 HH4E 0k

Fig. 6 Current feature fusion methods. (a) Element-by-element summation method; (b) Channel splicing method

Y

Sigmoid

B/ 7 B4 iEaks (AFF) Bkt 4y

Fig. 7 Adaptive feature fusion (AFF) module structure
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Fig. 9 Structure of the gradient adjustment function based on the
quality of the anchor frame
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Fig. 10 Comparison of regression processes
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Table 1 Ablation experiments of the proposed algorithm on the SAR-AIRcarft-1.0 dataset

YOLOV10 SFDS AFF DY_loU Precision/% Recall/% mAPO0.5/% Params/10° GFLOPs

J — — — 86.9 89.4 90.7 2.60 8.4

J — — 87.6 92.1 92.9 1.98 6.6
« — \ — 82.3 90.0 90.8 3.18 9.3
J — — N 84.9 90.9 91.7 2.47 7.8
V \ \ — 88.8 94.0 94.5 2.58 8.1
J \ — \ 90.9 95.7 95.1 2.43 7.7
J — V V 86.0 92.8 93.1 2.61 8.4
y N N N 97.1 91.1 95.9 2.55 8.0
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Table 2 Results of comparison experiments on the SAR-AIRcarft-1.0 dataset

Model Precision/% Recall/% mAP50/% F1/% GFLOPs
Faster R-CNN 79.0 68.5 75.9 73.4 137.5
Center-Net 62.8 71.9 70.8 67.6 51.6
YOLOv5s 90.5 81.1 86.9 85.5 16.5
SKG-Net 85.6 75.8 70.6 59.7 120
YOLOv8s 92.3 81.8 90.0 86.7 28.6
YOLOv10s 96.9 89.4 90.7 88.1 8.4
SFS-CNet 94.7 84.5 89.9 89.3 6.9
Ours 971 91.1 95.9 94.0 6.2
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H AR p ) B e s . ok, FRAERL AR g T
X} SAR EI & &2 22 sr R & # % . 5 YOLOVSs Fil
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Dynamic SAR image target detection by fusing
space-frequency domain

Shen Xueli, Wang ]iahui*, Wu Zhengwei
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Structure of frequency domain awareness (FDA) module

Overview: A dynamic SAR image target detection algorithm integrating spatial-frequency domains is proposed to
address several challenges inherent to SAR imagery, including significant feature variability, imbalanced target scales,
and high speckle noise in background regions. These challenges contribute to decreased detection accuracy and slower
inference speeds, posing difficulties for real-time applications. The proposed method is specifically designed to
overcome these limitations through multiple innovative components that enhance both detection performance and
computational efficiency. The algorithm first employs a dual-stream perception strategy to construct spatial-frequency
perception units. This design integrates both dynamic receptive fields and fractional-order Gabor transforms,
significantly improving the model’s ability to capture spatial diversity and frequency scattering features. By expanding
the receptive fields adaptively, the algorithm captures both local and global contexts, leading to more effective extraction
of complex patterns in the input data. Using fractional-order Gabor transforms further enhances the model's sensitivity
to fine-grained texture and frequency features, which helps retain important global contextual information. These
improvements collectively speed up inference by minimizing redundant feature representations, reducing the
interference from background noise, and decreasing the similarity of feature mapping patterns. Consequently, the
algorithm effectively addresses common issues such as missed and false detections, are typical in cluttered SAR images.
In the next stage, a re-parameterization-based adaptive feature fusion module is introduced to optimize the interaction
between multi-scale features. This module facilitates the efficient integration of features across different scales, enriching
feature diversity and mitigating the discrepancies introduced during the sampling process. Additionally, the fusion
process highlights the salience of small targets and key frequency information, often challenging to detect in traditional
SAR detection frameworks. This enhanced multi-scale feature integration improves the detection accuracy, particularly
for small and subtle objects, which are crucial in applications like maritime surveillance and remote sensing. To further
enhance the algorithm’s effectiveness, a dynamic regression loss function, DY_IoU, is incorporated. This loss function
employs adaptive scale penalty factors and a dynamic non-monotonic attention mechanism to address anchor box
expansion and positional deviations. By dynamically adjusting the focus during training, the model achieves more
precise localization of multi-scale targets. Moreover, the improved loss function facilitates faster convergence, reduces
the computational burden, and ensures the algorithm remains lightweight and efficient for practical deployment. The
proposed method was evaluated on two publicly available datasets, SAR-Acraft-1.0 and HRSID. Experimental results
show that the algorithm achieves mAP@0.5 values of 95.9% and 98.8%, respectively, representing 5.2% and 1.2%
improvements over baseline models. Additionally, the proposed approach outperforms other comparison algorithms,
demonstrating its superiority. These results confirm that the algorithm not only enhances detection accuracy but also
exhibits strong robustness and generalization capabilities, making it suitable for a wide range of real-world applications.

Shen X L, Wang J H, Wu Z W. Dynamic SAR image target detection by fusing space-frequency domain[J]. Opto-Electron
Eng, 2025, 52(1): 240245; DOI: 10.12086/0ee.2025.240245

Foundation item: Project supported by the National Natural Science Foundation of China under the Upper Level Program (62173171)
School of Software, Liaoning Technical University, Huludao, Liaoning 125105, China
* E-mail: 2245414310@qqg.com

240245-18


https://doi.org/10.12086/oee.2025.240245
mailto:2245414310@qq.com
https://doi.org/10.12086/oee.2025.240245

	1 引　言
	2 YOLOv10s模型
	3 融合空-频域的动态SAR图像目标检测
	3.1 空-频域感知单元
	3.1.1 全局空间感知 (GSA)模块
	3.1.2 频域感知(FDA)模块 

	3.2 自适应特征融合单元
	3.3 动态回归损失DY_IoU
	3.3.1 自适应尺度惩罚项
	3.3.2 非单调注意力机制


	4 实验结果与分析
	4.1 数据集及实验环境
	4.2 评价指标
	4.3 消融实验
	4.4 对比试验

	5 结　论
	参考文献

