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Abstract: The radar detection and imaging team at Nanjing University of Aeronautics and Astronautics
(NUAA) has developed a circular synthetic aperture radar (SAR) dataset for over ten types of typical
military targets, including tanks, armored vehicles, and fighter aircraft, using a self-developed UAV
MiniSAR system. Through high-precision imaging processing of multiple field trial datasets, the team
expands the original monostatic circular SAR image dataset with multiple elevation angles to include bistatic
circular SAR image datasets with varying bistatic angle configurations. Building upon this dataset and
integrating the team’s research achievements in SAR image target detection, recognition methodologies, and

applications, this paper reviews and summarizes deep learning-based SAR target detection and recognition

Yo% B 8 :2025-08-26 3 11T H #: 2025-09-15

BEMEE RIS, HB, WLAE S U0, E-mail : zhudy@nuaa.edu.cn,

IR ARG, B WL M, 45 BN ELJC AP SAR MBI /s B AR R 5 R0 7 vk LT ). B B &S i R R4 244 (B 4R
B2 i) , 2025,57(5) : 781-798. ZHU Daiyin, LYU Jiming, ZHOU Peng, et al. SAR ground small target detection and

recognition methods via micro-small UAVs[J]. Journal of Nanjing University of Aeronautics &. Astronautics ( Natural Sci-
ence Edition), 2025, 57(5) :781-798.



782 BRI MR Rz R (A R B 22 D 55 57 &

techniques, comparing the performance of different neural network models on NUAA’ s MiniSAR dataset.
Specifically, for target detection, the paper proposes to leverage the inherent attributes of SAR images to
extract target location information and incorporates a lightweight one-stage detection algorithm. Additionally,
an algorithm utilizing information distribution patterns combined with a global attention mechanism is
introduced to enhance the detection accuracy and efficiency of small targets in complex backgrounds. For
target recognition, after suppressing interference noise using SAR image prior information, the study presents
a recognition algorithm that integrates multi-view SAR target information with Transformer architecture.
Furthermore, a viewpoint regularization term is designed to constrain interview correlations, which enables
effective feature fusion across different perspectives to improve the recognition accuracy of small SAR targets.
Addressing the practical requirement of real-time ground target detection and recognition by MiniSAR
systems, this paper also explores the deployment strategy of lightweight detection and recognition networks
on digital signal processing (DSP) platforms, accompanied by preliminary experimental results. Finally, the
challenges and future trends in intelligent SAR target detection and recognition are discussed.

Key words: MiniSAR; ground target dataset; deep learning; SAR target feature; DSP detection and

recognition
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Fig.1 SAR image detection scene display

(b) Complex scene  (c) Fast vehicle scene
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GINER BTNy S S G B B U 7 i R

UE. Hodp, i €L E B B ROk A 435
TEAY SAR-AlRcraft-1.0%", b Ah, i i B A5 B
BroJE Ok A HISEA-1 89 &2 2 SAR % 4= 4
(MSAR-1.0)" . iR Bt 4 F & 1Y Fh 2 4
S, AT DAE — A A Tk A 3E TP . DR Ak, Rkt
b o7 5 AE T ] 7 DA T 5 SBORE 7R 1) 3o 406, AR SR
T4 4 SAR BE 4 b i 4 B o B bR AT RS B
FIE A M F IE 4 5K 4 5 SAR EIE Y B4 H
B 57 AN T 5 2 — 25 a7 B OF 179 55 78 5
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I SAR Hb 17 42 = /N H AR RE 1, 823 T 6 45056
(EXP 1~EXP 6). # 3JE/R T H AR M 52 5 506 4
R 43 91 ELVE AN PR T 250 1 8 i BRI A

HRHE e 4 5000 25 S, AR SO BB AE B 2R IR R
T B3 SAR R R W3 SAR E 5 # R B
W, KRS R T Lk 90% DL L O H B A

K/ 4 [0l R FI Fi-score, JE B T 2 A9 M 6E .
Horp, VF O 98 A5 AL 45 F K5 JE (mean Average
precision, mAP) | ¥ ¥ & (Average precision,
AP) .4 Inl 3 (Recall) Fl F\-43 $ (F =score) o It
Hb A SCEE I Oy kiR B BRI T M L iE
TR SAR Hb T /N B AR LV T AL RN AR AR AN
7] H Ax

®3 oHAILWHIIGEMNINER 5

Table 3 Division of train and test for six experiments

o — VI[EE _ _ 3 _
ETES K ETES B

EXP 1-1 M 2.0(26°/31°/37°) 814 M 2.0(45%) 295
EXP 1-2 HEE1.0(15°/31°) 345 M 1.0(45%) 169
EXP 2 I 2.0 2 A 1109 B 1.0 4T A 514
EXP 3-1 ez el 289 HEAIR 2 299
EXP 3-2 MIEHIK 3 294 WEEIRK 4 287
EXP 3-3 FEBLYR 5 292 WEEHRK 6 288
EXP 3-4 IR 7 299 WFHEBLIR 8 283
EXP 35 IR 8 283 WFEBLYR 9 292
EXP 4 B 20/1.0 1623 R 2623
EXP 5 MSAR-1.0(70%) 19914 MSAR-1.0(30%) 8 534
EXP 6 SAR-AlIRcraft-1.0(82%) 13513 SAR-AIRcraft-1.0(18%) 2950

#4 EXPI1-EXP6HIZWLELR
Table 4 Experimental results of EXP 1—EXP 6 %

H TG 22/ B B A T 4

S G mAP mAP Recall  F,-score
0.5 0.75 (0.5 (0.5)
EXP EXP1-1 91.32 75.23 85.15 82.22
EXP1-2 91.13 68.98 84.40 81.01
EXP 2 82.19 63.43 76.22 81.33
EXP 3-1 82.53 65.24 77.82 80.64
EXP 3-2  84.70 70.39 81.64 84.18
EXP 3 EXP3-3 90.65 76.33 91.07 88.91
EXP 3-4 85.83 68.35 82.87 84.63
EXP 3-5 83.91 67.47 79.48 81.18
EXP 4 67.91 44.20 61.82 68.32
EXP 5 83.27 45.21 77.25 79.81
EXP 6 92.82 65.80 91.27 87.57

3.2 ETHHEHEMSARBEGERBREN
SAR K&/ H bR 8CAF Bk B0 BiR B
A e BE ST AR LM o R X i Bk R, AR SCER
SFANet[F25" ARSI 12 078 . BRI
BT T 25 (8] -8 B ARG RO B (SAR-specialized fea-
ture aggregation, SAR-SFA) , il i H 1] £k 3¢ f =5
[i] 57 38 T8 15 5, 14 5 I 45 60 E AR AR AIE 0 $2 305 4 B
AE 1. WA, SFANet i — 254 Hh 4% 5 90 42 Ja 46 )
3k (Lightweight global detector, LGD) , {1 £ A& il 3k
MIPERE o RIS, ik A Bl 105328 ) 4%, R A 3% 2
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TEXT S5 AL AT 850 2% e T 088 53 A A A% 19 5 L DT
P T 0 4 B A I PR B . SFA B T B Hy AR AE 15 B
R AR AR B B B, 3 PSR
Dp ] T A 5835 4R TE T I 4% 4% 40 S ARG 2 e

SFANet A 0 I 7 F & 09 FR A 15 B 3 & 1
RO, AT 3 A PR 4 BB A2 T S 3 £ B Ak o 7
SR ORI L 2 R s a2 0 W VA L - R N )
K2, 4 B LT TR b NRE R %
& 2 A5 2 (S) MEE I 15 8 (C) 78RR B & m
2 [ A S [RIRE FE Y AR 0, AR SCIRE T B T e AT
E 2 o) o AR P A SR o R AR I B3R (I YOLO
R ) AEAE A2 o G SR 4 BE AR )
FRAEAS B AL 245, WIS AS 43 32 2Z 18] I R AiF 2R £
Fo il 22 5ot R o BRI B 32 B R AE A5 B B 49 A B3
Z RO RE BN EXHEN T, EE
FRAEAS BB 20 4 3 0 R B IR E (S B .
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Fig.12 Overall structural diagram of SF ANet
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A

T I UE BT B vk R B R AE A
SAR H BB 4R R SRR B 45 L AT T SR . H
o G PER G 416 X 41613 £ WEM 5 440
1 OF YK B2 mAP . F B8 B AP & B it 2L
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R E YOLOVS,

(1) L BOHE R I 25 5 . AR I ik s
F T 98.6% I mAP, L YOLOVS#EE T 1.1% ., W
R A B RS I 25 R . SFANet 76 3% 508 5 10
mAPIAF| 1 98.0% . IR KW, SFANet fig
35 Hb A R 0T T OBUSEE RS VIR o Y B (K]
5 1 52 SRR A A A I 1 B

(2) 13 AT ¥4k T SFANet 16 U 54 4 I
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Fig.13 Visualization of SFANet detection on NUAA SAR dataset
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Jrk

BEXF SAR B R B E A2 M 1 4= /) H FR Y
ME A, A SCHR Y — B L T SAR H AR 2 406 A E
B LA B SAR BR A 3R 51 07 i (Multi-view
joint Transformer, MJT-Network) . K& 1445 T %
Tk EERRE, R FEAE 3N (DELE
PR 25 1) 265 52 O SAR BRI B s R AE A1 T 58
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Bl 14 MIJT-Network HE %2
Fig.14 MIJT-Network framework
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T I H 22 3k 1 2 7 LA MLP JE 76 2R 129K,
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AR 3 3 S N R A =2 D] A &R, L AT DK
TIE B S5 30 Z2 AN AS TR B4 725 18], DA T 384 5 455 780 ) 3k
e,

H b5 2 00 f 0 3B T 3k AN [ 4L Ff 22 T )
FHHRHAE 308 0] ATE PSR 2 0E — 2B il G o AR I 28 Xof

BT Loss #EAT T BT 0T, 48 1H A 1& 3R 45 40
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S H1 + 0SS guepuion 575 295 55 18, Batch 22 77 HE VK HY
KN Ny 7 BRI AR, 0, 37K 55 AL A 1Y
FUH , Loss, , R85 i A /NME R 5SS T 4
KA o SEARAT R — H AR B9 Br A7 AL A B 28 )
15 BE R 5 3 2ok S 0 B 15 BEAE A Loss 28 SCH 1Y i
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M B 9E MIT -Network iH 51 JE 2% SAR K 4 H
B () HE R R, AR SCHE T MSTAR F il 4540 SAR
BAE A BIBET T 241588 . SR EIE ik 2
L] — 58 F AR LY SAR B, Rl 43 S I 45 4
I3 S AT 30
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3 B I 25 A R 3 4 2 A6 N W) 25 00 T A i TR) —
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Table 5 Number of training and testing data partitions for seven experiments

MSTAR

B ZE 95 SAR B 42

EXP 1 EXP 2 EXP 3

EXP 4 EXP 5 EXP 6 EXP 7

L1 R = v 1| 1= 1 S

o

LI v 1 1 S 1 11+ w2 S 7.8

SOC/ SOC/ EOC/ EOC/ EOC/ EOC/
15° 17° 17 30° 30° 45°

2.0/ 1.0/ 2.0/ 1.0/ 2.0/ 1.0/ 20/ 1.0/
45° 45° 31 31° 37° 31° 26° 15°

1 2426 2747 1195 1199 1199 1203
2 3837 4154 2057 1738 2057 2121
3 10759 11932 5365 5032 5032 5673
4 7432 7500 3798 3550 3550 4275
5 3382 3244 1842 1638 1658 2021

2606 1515 2562 1741 2656 1741 2061 1331
5068 2519 3968 2928 4539 2928 3895 2165
12066 6276 10326 7292 11367 7292 9843 5769
9853 4472 7622 5269 8328 5269 7813 4169
5127 2118 3842 2471 4044 2471 3843 1955

6Py EXP 1R U] T 48 5950k U P
AR SAR FIBOURA R o R BRI 45 2R
BT 24 A 70 SAR BG83k i) 40 45 0 A /)
1 B 22 9 260 fE R 20t S AN LA S L R
HER R E 2B B GUEKF . 2 — P EXP 23
B, 24 R B GO A8 I, A SR I 48 T iR 7R B
Hh O AR A R 45 2R 2 & R e i TR IR

S R AL ] — K F, B 2 200 A 9 1R 25
M — B 7k . EXP 336 WA SCHR A0 B ik X 4R
PRI A SAR % (MSTAR EOC 45°) il #E 1y %
BERETEB .

EXP 4~EXP 7 (525 45 Rl & 0 T U5 w4
AT A5 SAR BHE AR ME LBy o PRI, PR AR A
A SAR KR 5 19 SAR G K 5 i i R A% T
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Table 6 Experimental results with different numbers of views presented in EXPs 1—7 %
- MSTAR T A4 SAR B 4
EXP 1 EXP 2 EXP 3 EXP 4 EXP 5 EXP 6 EXP 7
1 97.83 95.85 82.68 76.32 78.56 76.65 63.24
2 98.81 96.96 88.59 79.07 82.21 80.57 68.20
3 98.97 97.37 93.40 85.44 87.44 84.15 72.70
4 99.44 98.28 96.01 90.21 92.71 89.57 76.98
5 99.78 99.27 98.37 93.86 94.60 93.57 80.46

MSTAR. BT % 5 SAR $ 95 4 &9 &5 6 I 45° &
80 AR AR TR HE B 52 93.86 0, AH X IE AE 1T /1N
0 31 10 P 00 o A 2R 0 S 94.60 %6 o 3X 1 WA
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Fig.15 Overall structure of VRCNet (taking five perspectives as an example)
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Fig.16 Experimental results of EXP 1—EXP 6
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Fig.17 Principle of Col2im data rearrangement algorithm
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submatrix multiplication task
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Fig.20 Acceleration of 2D convolution and 2D transposed

convolution operator
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