THE JOURNAL OF KOREAN INSTITUTE OF ELECTROMAGNETIC ENGINEERING AND SCIENCE. 2024 October; 35(10), 770~779.

http://dx.doi.org/10.5515/KJKIEES.2024.35.10.770
ISSN 1226-3133 (Print) - ISSN 2288-226X (Online)

SAR 34 9 Y EG 9ok )
A 23 % D3 ¥4

Benchmarking SAR Target Detection Networks and
Analysis of Degradation Depending on the Phase Error

o Ag.2x 243 4N

- O — - —

Minyoung Back + Jaewoo Ok - Heesub Shin

2 o

SAR Q4 AT Folzh Ao FealAw F3t ol wlal volg Y5 @ BAo] otk B0l ATk A%
AR RARE % RIS SA0.2 SAR IS FE3F el HA Aol 0@ B bRy By ae
% 3EAe) st dolElMlel thek Lo A FohAI ek 53] SAR Al BA A g gok 24 o]
Ml golal 2hg el ol W sl Alubol tj@ HlolElAlo] Yol T T o mAo) il AE REF 44
otk Wk B ApoAE A EAF 240 g gA A dolEAS FEey $48) B4 STk A5 SAR
HoEAl 5 31l MSTAR HlolElAIE 702 A2 &) HolEale THaiax thed B2 B g 244 bl
HAS A5 SN0 A% B4 gR) 0@ AAAE F AT A0 mAP 08 ool L BA A5
EEetdrh FHoR, 753 9 RS 44 ¥ SAR G4 SolA 28T A2 tuls) W Gl 9 e
7} ZHEE A9 O E A SRS A 2GR A G5 DY ©A 5ol A seER 2 9y
Sl e 4 WAE AAY P AU IE WFOZ F7} BY ASA L5 ANE AL A48T ¥4 P 3l
o 9o vk 4 0 AL yHste] tg B dolEA B Y PR o s]uke] G & e A0 A

Abstract

SAR images are more difficult to analyze and acquire than optical images; therefore, high-quality datasets for deep learning models
are insufficient. In this study, a new detection dataset was generated based on the MSTAR dataset to train detection networks for ground
military targets. To verify the dataset and analyze the performance of the ground target detection network in SAR images, various mod-
els were used to compare the detection ability, resulting in an overall good performance of mAP 0.8 or higher. In addition, we analyzed
the performance change trends if phase errors were included in the test images. In terms of image and detection performance degrada-
tion, we determined an acceptable range for the phase error that did not significantly reduce the detection performance. This is expected
to contribute to the creation of more robust networks when building SAR image datasets and models in the future.
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Table 1. The number of targets and background images.

Train Test

Target patches 4,742 1,577
Background 1,875 625

Synthesized targets 9,003 2,890

SERIE I R R I
Fig. 1. Process to decide target locations.
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Fig. 2. Examples of SAR ATR dataset.
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Fig. 3. Flowchart for SAR ATR dataset generation.
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Fig. 7. Architecture of ReDet.
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Table 2. Benchmark of SAR target detection networks to
generated dataset.

CUDA

Detector mAP relvzﬁls [i;PS/ memory

g5/5] [MB]
Faster RCNN 0.849 | 0.901 7.1 381
Rol transformer R50 | 0.859 | 0.908 | 7.1 533
Rol transformer swin-tiny | 0.887 | 0.953 7.4 544
ReDet 0.768 | 0.758 | 6.2 546
FCOS 0.812 | 0.659 | 56.4 300
RTMDet large 0.867 | 0917 | 418 389
RTMDet tiny 0.831 | 0.633 | 585 174
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Fig. 10. Visualization of Rol transformer Swin-T detection
result.
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# 5 9 oA wWE AR oE ZYY °9A A5
Table 5. mAP of different detectors depending on phase

error.
Error ratio (deg) |2nd error | 3rd error | 4th error | 5th error Error ond error 3rd error

0 0.7268 0.7268 0.7268 0.7268 ratio | Faster |RTMDet | Rol trans. | Faster |[RTMDet | Rol trans.
30 0.7276 | 0.7260 | 07265 | 0.7267 (deg) [RCNN| large | swin-tiny [RCNN| large | swin-tiny
60 0.7354 | 07189 | 07279 | 0.7252 0 [0.7268| 0.8466 | 0.8952 |0.7268 | 0.8466 | 0.8952
90 0.7342 | 07185 | 0.7293 | 0.7186 30 |0.7276| 0.8462 | 0.8957 |0.7260| 0.8463 | 0.8962
120 0.7207 | 07177 0.7299 0.7173 60 10.7354| 0.8549 | 0.8967 |0.7189| 0.8459 | 0.8956
150 0274 | 07175 | 07279 | 07173 90 |0.7342| 0.8554 | 0.8895 |0.7185| 0.8458 | 0.8961
180 07268 | 0718 | 07267 | 07160 120 0.7207| 0.8549 | 0.8951 |0.7177| 0.8456 | 0.8889
10 07159 | 07168 | 07202 | 07164 150 0.7274| 0.8544 | 0.8872 |0.7175| 0.8455 | 0.8890

180 |0.7268 | 0.8541 | 0.8864 |0.7183| 0.8457 | 0.8875
240 07122 | 07047 | 07110 | 0.7160

210 [0.7159| 0.8453 | 0.8845 |0.7168 | 0.8449 | 0.8856
270 07021 | 07035 | 07182 | 07145 240 |0.7122] 0.8441 | 0.8819 |0.7047| 0.8355 | 0.8850
300 06889 | 06999 | 07085 | 07058 270 [0.7021] 0.8341 | 0.8791 |0.7033| 0.8347 | 0.8841
330 0.6816 | 06983 | 0.7057 | 0.7052 300 |0.6889] 0.7996 | 0.8686 |0.6999| 0.8336 | 0.8818
360 0.6554 | 06798 | 07028 | 0.7030 330 |0.6816| 0.7981 | 0.8476 |0.6983| 0.8328 | 0.8810
390 0.6404 | 0.6755 | 0.6998 | 0.7043 360 |0.6554| 0.7871 | 0.8344 [0.6798| 0.8316 | 0.8715
420 0.6196 | 0.6653 | 0.7005 | 0.7035 390 |0.6404| 0.7666 | 0.8051 |0.6755| 0.8240 | 0.8703
450 05830 | 0.6629 | 0.6913 | 0.7033 420 [0.6196] 0.7365 | 0.7926 |0.6653| 0.8218 | 0.8686
480 0.5673 0.6365 0.6821 0.7013 450 10.5830( 0.7314 | 0.7765 |0.6629| 0.7967 | 0.8500
510 05374 | 0.6315 0.6799 0.6968 480 |0.5673 | 0.7177 | 0.7458 [0.6365| 0.7940 | 0.8404
540 05078 | 06205 | 06709 | 0.6944 510 |0.5374] 0.6601 | 0.7220 |0.6315| 0.7865 | 0.8296
70 04362 | 06101 | 066l | oest 540 0.5078 | 0.6427 | 0.6917 |0.6205| 0.7844 | 0.8267
500 04508 | 05954 | 0558 | 06683 570 |04862| 0.6029 | 0.6668 |0.6101| 0.7753 | 0.8072

600 |0.4508 | 0.5753 | 0.6339 |0.5954| 0.7394 | 0.7896
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