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SAR Target Detection Based on Edge Feature Guided Learning

NI Kang'?, SUN Likun', ZOU Minrui'

(1. School of Computer Science, Nanjing University of Posts and Telecommunications, Nanjing 210023, China; 2. Ministry of
Education Key Laboratory of Radar Imaging and Microwave Photonics Technology, Nanjing University of Aeronautics and

Astronautics, Nanjing 211106, China)

Abstract: Synthetic aperture radar (SAR) image targets typically exhibit subtle edge features, which can
vary across different scales. Edge features provide crucial information about the shape and contour of target
objects, improving the model’ s localization capabilities. However, existing SAR object detection methods
often underperform in learning edge features, limiting their ability to accurately perceive target edges. To
address this, we propose a SAR target detection method based on edge feature guided learning (EFGL).
This approach builds upon the fully convolutional one-stage (FCOS) object detection framework and

leverages edge features to guide the learning process in feature pyramid networks (FPN). By integrating an
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edge operator module into FPN, the network’s capacity to learn multi-scale edge features is explicitly
enhanced. Additionally, during multi-scale feature fusion, we introduce an edge feature-guided fusion
module that incorporates a spatial attention mechanism to enable edge-guided fusion across adjacent feature
levels. On the MSAR and SAR-Aircraft-1.0 datasets, the proposed method achieves detection accuracies
of 68.68% and 67.44% under the AP’ 07 standard, showing improvements of 1.34% and 4.81% over the
baseline network, respectively compared to other related algorithms, this method demonstrates superior
target localization and overall performance in SAR target detection.

Key words: synthetic aperture radar (SAR); target detection; deep learning; attention mechanism; feature

fusion
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Fig.1 EFGL-based SAR target detection method
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Fig.4 Edge feature-guided fusion module
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Fig.6 SAR-Aircraft-1.0 dataset samples
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Table 1 Experimental results on the MSAR dataset %

Average precision(AP’07) Average precision(AP’12)
mAP  Ship Airplane DBridge Oil Tank mAP  Ship  Airplane Bridge Oil Tank
FCOs™ 67.34 89.13  41.64 75.17 63.42 69.36  90.16  41.67 77.29 68.32
CenterNet'®  67.18 89.87  41.05 74.91 62.92 69.25 91.10  41.24 77.05 67.61

PV T-T" 29.72  58.88 10.14 11.53 38.34 26.25  59.64 1.52 6.77 37.05
TOOD™ 66.58 89.04  42.78 71.00 63.49 68.32 89.88  42.24 73.91 67.24
VFNet™" 65.31 87.94 38.80 71.03 63.49 66.56  89.21 36.74 73.12 67.16

YOLOF™ 46.39  69.39 9.09 58.81 48.25 4459  71.72 0.33 60.07 46.25
Grid R-CNN™ 5582  80.85 9.09 69.89 63.47 57.30  86.65 3.74 71.99 66.83

DETR® 8.89  13.39 1.26 6.70 14.21 3.85  5.38 0.82 2.96 6.24

DAB-DETR™ 43.88 80.25 3.47 52.20 39.61 44.17  84.20 1.58 52.36 38.56
Conditional

. 42.26  78.63 9.80  54.13 26.47 40.01  82.86 1.21 54.34 21.64
DETR™

EFGL 68.68  §89.18 44.08 78.08 63.37 69.95 90.09 42.63 78.80 68.27
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TE SAR-Aircraft-1.0 B 4ls 5 I, [A]AE X 140 2% 58 B B R0 Rl 300 % e AE 04 25 8] 28 ) BE Bk 47 1 52
g, BARZS SR R 2 s o 76 AP O7 48 bR T A SCI 25 1 mAP GBS 35 3] 67.44 %, LR IR A9 FCOS
WIEHETFF T 4.81% , 76 AP 12 (A8 bR T AR SCM 25 1) mAP REUE L 5] 68.47 % , LR IG I FCOS M2+ T
4.71% o %F b H A 32 0 5 5 1 mAP AR SC 28 B T SR AF B ROR X R WA UM 28 7E SAR-Aricraft-1.0
Bt A L TRVRE A A R A T

%2 SAR-Aircraft-1. 0¥ IEELHER

Table 2 Experimental results on the SAR-Aircraft-1. (0 dataset

%

Average precision(AP’07)

Average precision(AP’12)

ik

mAP A220 A320 A330 ARJ21 B737 B787 Other mAP A220 A320 A330 ARJ21 B737 B787 Other
FCOS™ 62.63 62.27 93.19 63.65 63.10 40.06 52.37 63.79 63.76 64.63 65.16 64.61 63.02 39.36 53.05 66.50

Center-

1\?::; 64.11 58.03 93.03 97.02 61.90 36.41 41.74 60.61 64.90 58.15 96.58 97.36 62.13 34.99 42.28 62.81
PVT-T' 61.64 52.70 82.01 85.94 61.07 32.63 54.94 62.15 62.43 53.32 84.46 87.85 62.12 30.57 55.56 63.15
TOOD™ 62.66 53.94 82.20 91.86 60.51 35.36 53.81 60.95 62.98 53.81 83.91 93.99 60.51 33.91 53.50 61.21
VENet”! 66.17 60.94 90.91 95.25 61.29 39.41 56.46 58.93 66.90 62.00 95.57 96.14 60.76 36.63 56.76 60.43
YOLOF™ 66.25 60.24 90.75 88.81 61.00 36.30 59.64 66.99 67.71 60.97 94.85 91.31 63.37 34.35 60.42 68.71

Grid
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Fig.9 Detection results on the MSAR dataset
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Fig.10 Detection results on the SAR-Aircraft-1.0 dataset
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