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Fig.2 Diagram of different satellites
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Table 2 Sample numbers of different types under different elevation angles in MSTAR dataset

PR (°) 281 BMP2 BRDM2 BTR60 BTR70 D7 T62 T72 ZIL131 ZSU234
15 274 195 274 195 196 274 273 196 274 274
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Fig.3 Schematic diagram of the storage of two datasets
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Table 3 Information comparison between three datasets

Kt dk I TF i) RETAE IIHER SAR [ {§4i PR R R R
RadarSat-2, TerraSAR-X 28
SSDD #41) 2017 1~15m 1160 2456
Sentinel-1 416pxx323px
3mx3m
Smx5m
SARShip dataset 2019 GF-3, Sentienl-1 210 256px*x256px 43819
8mx8m
10mx10m
Sentinel-1B, TerraxSAR-B
HRSID 2020 0.5~3m 136 800pxx800px 16951
TanDEM

3.1 MSTAREUEERIDL M
MSTAR $idade Al F HAb 2 AT RN &, B

IR R R A, HLA TR AR . (M, MSTAR
KR SR BN SAR IR H ARSI -5 R 5 B 52 N #e ) 32



LIRAEE L P N

Mar. 25 2022 Vol. 33 No.03

R AR

FEXT SAR H bR UG/ IMEAS 1t (95 s 2352 M DL J7 51
FH TR f R TR A0 93 AR e P BARI &2 HL R 2% H A
S5 5 A 2k AR B T ) 45 (GAND) R B X4t [ G 15 2%
(AAE) #£47 MSTAR 4 4 (0 B g 5t >, 5 Bk ¥
B 7 O], b S 30 2 A AR Hh— b 42 S HE S 0t 2k
BLH(RLM) 1 A 8l2% 2 730, 1076 mT | B0k S
L ARSI | ol TR RS0 S e R B/ NI AR 2 44 B DL 5 vk
HEA TR AL FRE

BEAN, T HETE BAREUNMER R, 41X MSTAR £ 4
HERT HAE OGN FHIESY , B4 FE DL A (Y welE iR RS~ >
(5 AR BB A

FE DL A ek Jy T, 5 B el Jr A 3 R AE SR
PR PRI Ay AN W 4527 ) SR SR 4% . Horh eI 4R
I, Sy T (A5 462 ) BERE I 22 43 HE S UG A FRAE 32
BB B i 2 SRR Al G 0 B a2
AR B, R BE A BA B — AR R B
CNNP JLAEIZ N 28 I R SR IBGHS 43, il i = A5 B i
A FRZ R R Ak 2 SR IBUIRJZ AL, SR 5 R — A i
114 R de K AL AR AR Jmy R AR AIE , o) — A i KA KB
WL IUA JRy FRAE , B s W A E T TRl o BB i)
I T ZIFHERI LG . 35T MSTAR $idla 4215 2 1 )
AER R 1K 99.71%, H LM S 80 R 2 5 1% U H At
CNNAEI 1/5, MEAh, AEF R eRECHT 18T, o T 45 I i 25
P4 HH S 1 SAR PG B0 , b 50 BT K 2 P BAAR H 1] FH—
I 5 5% R EA R 22 i ONN i F A0k pR B, 7t
TR T AR TR AR A 8 ML 2 i NN 2%
LEATHERTEEN RS B AL S R K L B
T A8 T K2 S L A SR TT T A b gE . v, R A ik o
SN SRR AL (SVM) 5IAJL AP0 fe 5, 76 M 2527 >
SR W A T ] R T2 R R TR TR 2 Ry SR ) B S
BARI3, Hodh 222 Sk (33142 35 T 5 5 CNN f SAR
H ARSI 7k, 18 5 8 2 FE A RO A A S F R 45 45
), Az AL R T AR I RE A BT T, FLL TR I it
A AT T

AN FEE R 5| ATT T, 275 SCHR[34]148 HF L
R I R T LA RN 2R i M 253285 2 SAR L
HR SbeE R — 2 Bk =3 3 %, T -5 Bl 186 SAR
BUGAT 22 5, A2 2ok T — e IRIME . Hif it 1%
R i o AL S AR F IR A SAR EUR Al —
AP EEIE X, A B S R IR 45 1 25k . BT

MSTAR $dli S #5710 28 HAR 328, %007 1L 345 B9 U0 o
1% 51K 99.88%

FEFI 52 BOBAR 25 A8 B AR LA 18 07 T, BHBE [ BAR)
PR B CNN AR R, SEBLAE SAR G S8 . FFH. 78
0 T )3 o 2 > 1y 2 o ] — 2 AN T3 R Y
FREE . DA, M 40 12 2R R 3R TH A FTRRAE , 3003 G I
E, A0 TH T BT MSTAR S04 42 1 10 2 H AR 4 2 i
R
3.2 SSDD REFIHUEEERI DL R

1T SSDD 4l A 7E AR AR H Fr E0HI £ Hh 23 JF B[] 45
LT SEARJE T DL (1Y SAR ST H A S 433 1o
SSDD s AT IE . H FEZAYWF5E 7 4145 SAR &
PRI B AR FICOFS I PR 73 . Hovh, 7256 SSDD %
P AR AT I DR ZE b, A H AR DA 5% & 4 K 240,
A7 25 L SSDD $idli 4 o JLfilh, % 24T CNN AR A
ARSI 25 R T BEEAR T, (R, X K375 SAR EIZ Uk
T LA F ARG A7 AR5 2 N XE . B3, i T SAR {55
PERMA T R3] — B RT 220580k F-4 , th T30
Yt 2 2% 5 FAR [ 50CR 4 B R A REE LA 217
i o BNk B[] L, 433 A 2 5 SSDD £l ds 4 e I
WFIE .

Xof 1 22 R ) 8 6] 5 Rk R 2 R R R 2 i)
FE 2019 AR A 1 B I HLI 5 T DL AR RICST Ay Jfy fi vl
Z REFHR TR RE 52 . e Ah , f T RHE K2 BA
P& B T I A T M 4 (DAPN) 1 7T SAR LA H bk
IO G 2% B 1 T T $REIRCE 1 22 PRRAE A 7 3
TR R (CBAM) 18R 48 14 12 , W TKs f 45 10
FEAE P KGN 7 I | e 2RS0T 22 RE ARG

Xof T B AN A (5] 0, H, A R 1A BAAE 3 PR AF R
RN AT THENEDIE . B, 2% 3Ck[42] 5
HH TSP s G R S 2% ST AL, 3= 2T AL
il F2BALEE =843 - (1) 7T 2 > 3tath -, R A GAN 42
HUSAR MR R 5ERHE 5 (2) f FHIX SE4EAE , 1t K-means B
AT S AR, RIS T 5 AT 5 (3) i ad &
Tl JERE TV o R SRR i /INEE A B i, DA ) — AN
TR RFEASE T BRI 5 2D 22, R A i 27 2
FERAE T, B2 ST ORI
3.3 OpenSARShip RFIEUEERI DL M

T OpenSARShip 7 81 54l 4 I Jg iy ko 3 4 h
78 H AR5 PR B R R BT ST B2 T i B b
PN A BT iR 2% > 1 H AR 5 7



FBIG 2F: IF SAR IR H ks Bt 42 B ILAETR L7 2D P I BT 2555k 7

T, TE HARK I O MER B T T B RHRR
SR IR Tl K2 i e i ML R P A . o
B Bk H K24 T BAA T 5 il SAR ALY H AR5 s AR AR A
/D D K H AR g A9 0] 8, £t —1> SAR MG H bR
W57k o LA AT T P28 i 2B 2 1 et 2]
B, 38 A B A B R 5 A, 8 FH S8 SR A R eR B A D
55 T SRR A S A 00 [ R0 671, 3 3 Ak AR i A T
BB Gt ARG AT X S, Kz 1 5 &My AT
AL, A ey 20 2% 3T

BF X SAR MR E 45 T H bR e A B /b 3 80U 2 I
L LA IR ), A 2 3 W98 S 2 W 2 ) Oy kil AT
SAR HARHBIGEIEIIFE . B, 22 SCHR[45]82 T —Fil
BT GAN B2 I8 5 >0 )y . 4399148 1 OpenSARShip %%
P4kt 80% . 60% .40% . 20% bR i Bl A 5 , 12007 1
AR AR 1k 5 A H RIS B 2 /D4 T 23.58%.

AN A2 R R > 1 5 = Tl UGN
R 25T RS 2 SAR EIMR . Horpr, [ B RHE 7 1] BV
FL M 7E SAR & H AR IR B sl B Tz k. HizH
MSTAR 4 5 Y1 25— F T CNNBEALAY H AR 0 1 2%
AL, FRRHBE A BAETEF X 3 T SAR BRI RS 2= T A T
AT . RN A ALEE : (1) 1E T 2 SAR Fl{5 4
P e 0 £ S5 R0 FNEAT: 55 I 5 055 (2) 38 T i #8 2I] SAR [
Ak B bz 2] PR RE A (3) A RUHLEAT SAR HARUIATE
o TEMCEERN I A BN T — R 2 IR A i, 0
NIEECHE 5 SAR H bR Z A1 22 5 o 3 0F 5 IR A DA
OpenSARShip £ 8 o Hehit 4 71885 7347 o
3.4 Efh X FrEEEERY DL K

PR T LAt U ZH 508 S 20 T B[R] 5 i, X0 2 e Ry
W RAR B/ . %F T SARShip dataset e iit , 1% K5 £E 10
HIVERTBAZEA T 1B T2 iR AR ARG 9 . BN, 275 3C
Mk 48142 12 FH RetinaNet H 4345 #5617 SAR EM% B bR
R, 2%, R FPN S RUBERRFIE s SRS 4 Jm it 2k
FH T D2 1) A Tl L, A I el R v X 3] 4 52
It 4bh , 3T ATR-SARShip £ 4 42 , o A Be A A k17 T
SAR MR HARK A 5T . 5 3] SAR G LA H A5 Y
His L1, B HS — T 44 SR R 1 A 0 A8 A6 1) ) 2% (feature
balancing and refinement network, FBR-Net) . 1% 7% H 6
T3k A > Yn i 300 S (1% 3 FH JIC B HEE SR e T B B 114 52
e LU, I 5 |3 (8 A 4 B 5 A AN R 7K P 1Y
Z2 0 SCRFE 15 B 25 58 22 M2y 2] 52 27 5 T /INRUOEE AR
MG B o BRI T R I AR R L T 8% LA, 1

52T 3% LA b FLAEhREET 5% LA o % HRSID ¥l
£, 275 SCIR[S0182 H 3l 3 FEAS TR RS AATE RS TS,
A B SAR G, 8 T it i, I FH T AT SAR AR
AR BRI . 55 41, 2 2% SCHR[S1]42 H % Tiny YOLO-Lite
PO 265 £ 32T P 208 R 45 BT A S I o B A Ak B 5
TImE N ARG, IR E R T — BB, 2k
WR3E i TR R ISR R AN T R4 B A s A PERE . b
T AT S OSCHRS | AR ML, R LR £ 2%
TRARFAE rp, DASS SR HLARIE 2K AR ) o IR AL PR AR ) S48
52 A4 CNN BRI Fb 25 /0 [ 5 A%, T AGH o i 2%
HAR TR,

4 LERIE
i d & 3T DL Y SAR & B A 5 R A5 i
BEILAE . A SCR X T A TFIY SAR EIG B AREUE 416 Bl
HEA TGN GG . 15 AR SO SAR RGT- A 1Y & SR bl it
T T HER . iBRPLE SAR RSEik 22 3 SAR R4 n]
1 SAR EUS R AR IRk , A SAR IR H bR B £ i 7 41
T IR, Hoh  HlEk SAR RS H 5 9 E, HAR 4 HER
;BB SAR R TTHUER &, HisfT oA fRE .
YR E AT SAR MR H bR ficais S5 D0 R4 T 1 IH 94 5
g5, AU R B S HARZERIE B R S g s 45 4
W%, HH, MSTAR . OpenSARShip . FUSAR #4451
o AR RAME B EdEEE . I H, MSTAR Jy 44 H bn
#5454 , OpenSARShip F 51] \FUSAR My I i H A5 Bl 45 .
55 41, SSDD , SARShip dataset, AIR-SARShip £ 51 , HRSID
B A4 5 H RSB B0 S SAR MY H A5 BHi 4 o
TEX T4 Bt g vh , L AIR-SARShip F 41 54 5 %
LRI, I5J5 A SR XX SE LR SAR 4 H bR
EMIAHOC R, FHEA T T 2 . v LU 6 T 8 B R
R B A W AT H RAS I 5 1RO ik A ST TR
JC HARZEHE B BB 4R AT AT HARAS I 5 2% i BIFY
XS L — A E B T SAR B4 H bR B g i dtsr N
JET DL Y SAR [EIZ B A -5 45050 7 i e S 4t 1 s
T, HE, ARSI ZR IR 2SN JE 2255 T DL 1) SAR El{%
H b 5 R S s o B i 2%

SE
[1] RanL, LiuZ, Li T, et al. Extension of map-drift algorithm
for highly squinted SAR autofocus[J]. IEEE Journal of

Selected Topics in Applied Earth Observations & Remote



LIRAEE L P N

Mar. 25 2022 Vol. 33 No.03

[10]

Sensing, 2017, 10(9): 4032-4044.

Xie Y, Yang C, Yang X, et al. Finite word length optimi-
zation for spaceborne SAR imaging systems[C]// IEEE Radar
Conference, 2015.

Shi L, Karvonen J, Cheng B, et al. Sea ice thickness retrieval
from SAR imagery over Bohai sea[C]/ IEEE International
Geoscience and Remote Sensing Symposium (IGARSS), 2014.
Singh G, Venkataraman G, Yamaguchi Y, et al. Capability
assessment of fully polarimetric ALOS PALSAR data for
discriminating wet snow from other scattering types in
mountainous regions[J]. IEEE Transactions on Geoscience and
Remote Sensing, 2014, 52(2):1177-1196.

Srinivas U, Monga V, Raj R G.SAR automatic target recogni-
tion using discriminative graphical models[C]// IEEE Interna-
tional Conference on Image Processing, 2011.

ORI, AR, RE T IR S HORAE T A8 B AR P A B
FEERI]. i BREHR, 2020, 31(10):12-20.

Song Ting, He Fengshou, Cheng Yufeng. Research progress of
deep learning technology in radar target detection[J].
Aecronautical Science & Technology, 2020, 31(10): 12-20. (in
Chinese)

IRTOUE, BLF5E, 365 0%, 4 . IR RCS HAR T IS BUN R IG5
TR Mias BRI, 2021, 32(5):39-43.

Xu Dingguo, Wei Zihao, Luo Sheng, et al. Study on the
method to enhance the scattering characteristics of the low
RCS targets[J]. Aeronautical Science & Technology, 2021, 32
(5):39-43. (in Chinese)

A S, A, B . HLAR SAR & LA (], AR i5,
2002, 24(1):1-10.

Qu Changwen, He You, Gong Shenguang. A survey of airborne
SAR development[J]. Modern Radar, 2002, 24(1): 1-10. (in
Chinese)

Moreira A, Krieger G, Hajnsek I, et al. TanDEM-X: a
TerraSAR-X add-on satellite for single-pass SAR interfero-
metry[C]// IEEE International Geoscience and Remote Sensing
Symposium (IGARSS), 2004.

Hajnsek 1, Krieger G, Werner M, et al. TanDEM-X: A
satellite formation for high-resolution SAR interferometry[J].

IEEE Transactions on Geoscience and Remote Sensing, 2007,

45(11):3317-3341.

(11]

Qi Z, Yeh G O, Li X, et al. A novel algorithm for land use and
land cover classification using RADARSAT-2 polarimetric SAR
data[J]. Remote Sensing of Environment, 2012, 118:21-39.
Zbyn¢k M, Rott H, Cihlar J, et al. Sentinels for science:
Potential of Sentinel-1, -2, and -3 missions for scientific
observations of ocean, cryosphere, and land[J]. Remote Sensing
of Environment, 2012, 120: 91-101.

SKRPRT . w5 4r = 45 TR BRI T 5 DG BER R[], M2 244,
2017(3):269-277.

Zhang Qingjun. System design and key technologies of the GF-
3 satellite[J]. Acta Geodaetica et Cartographica Sinica, 2017(3):
269-277. (in Chinese)

The sensor data management system, MSTAR public dataset
[EB/OL]. [2009-04-04]. Https://www. sdms. aftl. af. mil/index.
php? collection=mstar.

Huang L, Liu B, Li B, et al. OpenSARShip: a dataset
dedicated to Sentinel-1 ship interpretation[J]. IEEE Journal of
Selected Topic in Applied Earth Observations and Remote
Sensing, 2018, 11: 195-208.

Li B, Liu B, Huang L, et al. OpenSARShip 2.0: A large-
volume dataset for deeper interpretation of ship targets in
Sentinel-1 imagery[C]/ SAR in Big Data Era: Models,
Methods and Applications (BIGSARDATA), 2017.

LiJ, Qu C, Shao J. Ship detection in SAR images based on an
improved faster R-CNN[C]// SAR in Big Data Era: Models,
Methods and Applications (BIGSARDATA), 2017.

AT, MK, B85 H, 55 . BE TR 2 > 1 SAR BRI
Ao A B2 T M BE 3T [CL/ 55 I 5 43 HE R % ML 2% A
45, 2018.

Li Jianwei, Qu Changwen, Shao Jiaqi, et al. Dataset and
performance analysis of ship detection methods based on deep
learning[C]// The Fifth Annual Conference on High Resolution
Earth Observation, 2018. (in Chinese)

M, R, IVTE, % . AIR-SARShip-1.0: 75 709K SAR
ARSI B4R [T]. k4R, 2019, 8(6):852-862.

Sun Xian, Wang Zhirui, Sun Yuanrui, et al. AIR-SARShip-1.0:
High-resolution SAR ship detection dataset[J]. Journal of
Radars, 2019, 8(6):852-862. (in Chinese)

Wang Y, Wang C, Zhang H, et al. A SAR dataset of ship

detection for deep learning under complex backgrounds[J].



FBIG 2F: IF SAR IR H ks Bt 42 B ILAETR L7 2D P I BT 2555k

[22]

[25]

[29]

(31]

[32]

Remote Sensing, 2019, 11(7):765.

Wei S, Zeng X, Qu Q, et al. HRSID: A high-resolution SAR
images dataset for ship detection and Instance segmentation[J].
IEEE Access, 2020, 8:120234-120254.

Hou X, Wei A, Song Q, et al. FUSAR-Ship: Building a high-
resolution SAR-AIS matchup dataset of Gaofen-3 for ship
detection and recognition[J]. Science China, 2020, 63 (4) :
36-54.

ESA Cookie Policy, Copernicus Open Access Hub [ EB/OL ].
[2014-08-01]. Https://scihub.copernicus.eu/.

Lu Q, Li G, Jiang H, et al. Data augmentation method of
SAR image dataset based on Wasserstein generative adversarial
[C)// International Conference on Electronic Engineering and
Informatics (EEI), 2019.

Song Q, Xu F, Zhu X, et al. Learning to generate SAR
images with adversarial autoencoder[J]. IEEE Transactions on
Geoscience and Remote Sensing, 2021,10:1-15.

Zhou Y, Jiang X, Li Z, et al. SAR target classification with
limited data via data driven active learning[C]/IEEE Inter-
national Geoscience and Remote Sensing Symposium
(IGARSS), 2020.

Huang X, Yang Q, Qiao H, Lightweight two-stream
convolutional neural network for SAR target recognition[J].
IEEE Geoscience and Remote Sensing Letters, 2020, 99:1-5.

Long Y, Jiang X, Liu X, et al. SAR ATR with rotated region
based on convolution neural network[C]// IEEE International
Geoscience and Remote Sensing Symposium (IGARSS), 2019.

WuT, Yen Y, Wang J H, et al. Automatic target recognition in
SAR images based on a combination of CNN and SVM[C]//
International Workshop on Electromagnetics: Applications and
Student Innovation Competition (iWEM ), 2020.

Xia X, Yuan Y. Combination of multi-scale convolutional
networks and SVM for SAR ATR[C]/ IEEE Advanced
Information Management, Communicates, Electronic and
Automation Control Conference (IMCEC), 2018.

Zhang Y, Guo X, Ren H, et al. Multi-view fusion based on
expectation maximization for SAR target recognition[C]// IEEE
International Geoscience and Remote Sensing Symposium

(IGARSS), 2020.

Pan Z, Bao X, Zhang Y, et al. Siamese network based metric

[33]

[35]

[36]

[37]

[38]

[39]

[40]

[42]

learning for SAR target classification[C]// IEEE International
Geoscience and Remote Sensing Symposium (IGARSS) ,
2019.

Xue Y, Pei J, Huang Y, et al. Target recognition for SAR
images based on heterogenecous CNN ensemble[C]// [EEE
Radar Conference, 2018.

Wang Z, Fu X, Xia K. Target classification for single-channel
SAR images based on transfer learning with subaperture
decomposition[J]. IEEE Geoscience and Remote Sensing
Letters, 2020, 99:1-5.

Sun Z, Xu X, Pan Z. SAR ATR using complex-valued CNN
[C)//Asia-Pacific Conference on Image Processing, Electronics
and Computers (IPEC), 2020.

SRS R TR 2 ) 1A R IR PR H AR A 123 (D). R
FARHEK,2020.

Su Hao. Object detection method for remote sensing imagery
based on deep learning[D]. Chengdu: University of Electronic
Science and Technology of China, 2020. (in Chinese)

Han L, Zheng T, Ye W, et al. Analysis of detection
performance to CNN based SAR ship detectors[C]// Information
Communication Technologies Conference (ICTC), 2020.

Chen C, He C, Hu C, et al. A deep neural network based on
an attention mechanism for SAR ship detection in multiscale
and complex scenarios[J]. IEEE Access, 2019, 7: 104848-
104863.

Gui Y, Li X, Xue L, et al. A scale transfer convolution
network for small ship detection in SAR images[C]// IEEE 8th
Joint International Information Technology and Artificial
Intelligence Conference (ITAIC), 2019.

Li Q, Min R, Cui Z, et al. Multiscale ship detection based on
dense attention pyramid network in SAR images[C]/ IEEE
International Geoscience and Remote Sensing Symposium
(IGARSS), 2019.

Cui Z, Li Q, Cao Z, et al. Dense attention pyramid networks for
multi-scale ship detection in SAR images[J]. IEEE Transactions
on Geoscience and Remote Sensing, 2019, 57(11) :8983-8997.
Zhang T, Zhang X, Shi J, et al. Balance scene learning
mechanism for offshore and inshore ship detection in SAR
images[J]. IEEE Geoscience and Remote Sensing Letters,

2020, 99:1-5.



10 i 2t BEE B Mar. 25 2022 Vol. 33 No.03
[43] Deng Z, Sun H, Zhou S, et al. Learning deep ship detector in 2336.

SAR images from scratch[J]. IEEE Transactions on Geoscience [48] Wang Y, Wang C, Zhang H, et al. Automatic ship detection

and Remote Sensing, 2019, 57(6):4021-4039. based on RetinaNet using multi-resolution Gaofen-3 imagery
[44] Li Y, Li X, Sun Q, et al. SAR image classification using [J]. Remote Sensing, 2019, 11(5), 531:1-14.

CNN embeddings and metric learning[J]. IEEE Geoscience [49] FulJ, Sun X, Wang Z, et al. An anchor-free method based on

and Remote Sensing Letters, 2020, 99:1-5. feature balancing and refinement network for multiscale ship
[45] Zhang W, Zhu Y, Fu Q. Semi-supervised deep transfer detection in SAR images[J]. IEEE Transactions on Geoscience

learning-based on adversarial feature learning for label limited and Remote Sensing, 2021,59(2):1331-1344.

SAR target recognition[J]. IEEE Access, 2019, 7: 152412- [50] Zhu C, Zhao D, Qi J, et al. Cross domain transfer for ship

152420. instance segmentation in SAR images[C]// IEEE International
[46] Cheng P, Malhi M. Transfer learning with convolutional Geoscience and Remote Sensing Symposium (IGARSS), 2021.

neural networks for classification of abdominal ultrasound [51] Chen S, Zhan R, Wang W, et al. Learning slimming SAR

images[J]. Journal of Digital Imaging, 2017, 30:234-243. ship object detector through network pruning and knowledge
[47] Huang Z, Pan Z, Lei B. What, where, and how to transfer in distillation[J]. IEEE Journal of Selected Topics in Applied

SAR target recognition based on deep CNNs[J]. IEEE Transac
tions on Geoscience and Remote Sensing, 2020, 58(4) :2324-

Earth Observations and Remote Sensing, 2021, 14: 1267-
1282.

A Survey of Open SAR Image Target Datasets and Their Applications in Deep
Learning

Zheng Tong, Lei Peng, Wang Jun

Beihang University, Beijing 100191, China

Abstract: The target detection and recognition using synthetic aperture radar (SAR) imagery is a challenging subject
because of its low readability. In recent years deep learning (DL) methods have attracted much attention and also
been applied into the SAR target detection and recognition task. As a typical kind of such approaches, the supervised
learning algorithms are generally data-driven, and require massive labeled SAR images. However, the labeling of
SAR images is expensive and time-consuming. This paper surveys major open SAR image target datasets as well as
their application with DL. Firstly, typical airborne and spaceborne SAR systems are introduced. Then some widely-
used open SAR image target datasets are described from two categories, namely, those with and without class labels.
Finally, recent work on the application of those datasets with DL is summarized. The open SAR image target datasets
could help promote the development of DL based target detection and recognition techniques using SAR imagery.
This paper may be useful for future studies in such area.

Key Words: deep learning; synthetic aperture radar image; SAR target detection and recognition; supervised
learning; SAR image target datasets
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