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Fig. 1  Dataset samples for object detection in optical remote sensing images
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2.1.6 VEDAI
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2009) . SZTAKI-INRIA (Benedek %#, 2012). DLR
3K Vehicle (Liu fll Mattyus, 2015) %, Frfi# H
149 2 2 B R s I 4540 42 09 A OG5 B B
ME 1R,

®1 RFEREGBRGNEES

Table 1 Object detection datasets in optical remote sensing images
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(Li%,2020a) 800x800 14 % , 23 [A] /3 #¥ % 4 0.5—30 m o
DIOR-R FEIFIGR R DIORBEAE b HBA 7 1 HeFAHERRTE , RV EHSEC AN  EBbRTE 1925124 ORE 6.9 GB
(Cheng 55 ,2022) T HE S '
RarePlancs £33 253> Maxar WorldView—3 T A5, e KHLUTERAERE 25 (GSD) 24 0.31—0.39 m,
“ Megimn B R 22 A E R 1120, BTN 2142 ks JERRTEE T 14700 42 KL, HBB  488.96 MB
Crmeyers, YY5h 7 50000 32 B TR S 1 BRTE T 29 630000 42 6AL
MAR20 ok A 48R 60 -2 LI 1 3842 ik &5 43 HF 3 SR B, 20 A CAHL L5 DL K
(B 4 2022) 223414~ HbRzs . MAR20 #2431 /K- FHEFNAT 1ia) 1 AR B R =X, 43 3% HBB/OBB 1.12G
AT BT AKSFHE S 75 T HE B FRIR BT 55
DOSR A5 1066 MY GAARIEFAR A 6127 MRS B, USRI/ IR 600 2 1300153, 1 HER N OBB Q417 M
(Han%%,2022h) 0.5—2.5m, EHEAIIE 832 T % 5 (521245206 ) FI 234485 375 (9154~ 5246) ) ’
HRPlanes L7 3002 5K 4800x2703 K/NAYREAR 18477 A KM BURAERA T 2: L MLLBRIZY o -
(Bakirman £ Sertel ,2022)  YIZR4E B UELE 5 4R
CORS-ADD A5 7337 UL W EE T AL AR LA 3 5 o BdEAE Hh 32285 2L R I
o TR RO AL A, AL G ZE KERL , G AL LA . B AR T TS B 4 #i 76 4x4  HBB/OBB 6.73 G
(Shi%,2023)
5| 240x240 {4 %
SODA-A 2513 5K 1%, 872069 525l . A 4% 9 AN KHL  ELTHHL /N A0 KR A A S
. B ERSEAE GIEE rdion A IR IRESE AR AR 00 5 e 0.4.025.  OBB 10.2 GB
(Chengﬁ.]{,ZOZ.’)) 0.35
TinyPerson FHFAT AN 5 /N HARKI , 05 1610 A RiE SRR 759 DR ARic EHE (B £ 2 HBB 147 CB

(Yu%,2020)

o 11 [l — B ), FEhRiE 72651 R/ 5]

2.2 HXEIEESH

Y 4R RUASE I A 4> # BE XS 15 4 28 ATk H bR 4G

(1) JCEHE I Mo DU R 2 41 i 2 A 30 e
HARBRIRA A TERL S . B X I 4 H
PRACIN RS T, JURUE A T B A
Bellsor A . MR IRAE IR R B . A B S
Bog oA . BRI A . BRI A L L

DUPESCHR B 1) R R 1 100 AL T 250 H0

K2 (a) $ifi3R 7 AP R0 4R BE A ) K R 11y
RAED . ATLAES], B LR R R KSR
PSR R RS, [FRE, 2016 4F 2007, BURER
R AR AR >, 2016 4F 2 05, BRs A & A
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WIZ . XFBRGRE S 1K RA E E A
PR AR . MTARR, DUBIHE o SK Sl i TR A ) B
BRGSO A SR AT B T
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(a) Distribution of the number of datasets
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Fig.2 Metadata statistics for datasets

AR b S 2 (b) FiR, &
BAETE R E . EEABR, b, E R E
3 A AR G e A [ R X, ARk,
B AR o0 9 i R A e vk e 1) R R AR
fi TAFRIME R AA BRI, DL A B R
B HE, LA R FUBHIT B BT R 2 00 B 22 AR HLAS 2y
Ly RATNTFERE . Flan, P Tk K2 2RiX
Kz ERFEBL SO w2 L A T 24
R H bR R IR A, W T H s K A BE
K, FRHE T AR AR B

B2 (c) R T BG4 B k05 . o,
H 53% W EHE AR TR T 4 L ER . 16% B9 808 Sk i
FILA, 16% WEWE X AVLINES S, 558,
A B A AT EEEE . (E15—FE 2,
B 7 TR R OR PPk AR, B AR RR
AWiRLE, E= R H EDREE M —BATZ

M e EAER, EPEAE (Gr-2 BA,
JL-1 PSS R T A i X b UL i Bk i,
KHHEZN 1 TG 2 s B R & S 5 0

AR E Bt K 2 (b)), Hrp, 1—
5 GB R/ B S R A fie i 2 . AR, FHC
ROLB AT R AW BT, X R R
H 25, — 268t 50 GB 1Y R 28 B a4 2 i i
B Bl L R (e A, B A T SR ks
T E—EH

(2) SRS ANEREHEE, BT oM
RAFE, ZERFESAMREEREE, AW
] 53 ARG 43 BRI A A B th 2, XA DG4k
PR HEAT 53T

YR A R A, LA ) A PR AT A A
0.5mb I, @ NWPU VHR-10 (Cheng%:, 2014)
H23 [ 3R K 0.5—2 mo IT4E, JEfiE BOEAZ



R e i LA AR R AN Rl €T B3 2679

B R B 2, 23 8] oy HER e R Tt
B4 xView (Lam %5, 2018) Hdfi it 2s 6] 43 ¥R
$70.3 m, LEVIR(Zou#IShi, 2018) %44 iy /N
SYEERN 02 mo [, HFASE R T,
A K 00 178 S 48] A /0Nl 2 B /N i A, Ok
3% B PRGN BRI B R EL I 2 A0 S 11—
AT A S HE R AR & A 1Y AI-TOD (Wang
45 2021b) . SODA-A (Cheng %%, 2023) 2%
B R AT BN AR .

H i K 22 000 Bl 45 181 154% 3R jpg 3 png
#, AU EF LG 3B OIE R R . (HE,
Wit o 1 1 e AR K B T, S L AR R T
Z TG R R — A B2 . 2O B
bR T8 B LL R I B, iR BN 2T A ik B A O
fb e B S, W RarePlanes (Shermeyer %, 2021) .,
xView (Lam %, 2018) % ¥4 & — &4 £ 615
SEE

(3) FEAAFR T AT X E s 4 A
SR B, B A 0 R . RIS E R
SRR B R Y B A BN 2 i o A2 Ek:
AR RUL, KEBEPEE HAG T He i, £
ST — S PRI R A AN A0S T £
PEAEHRSC2016 (Liu %, 2017) . JRZEA I 4
COWC (Mundhenk %5, 2016) &, [A]mf, A5 3%
DB AR RS T VR AN R WA ], & A T
IR E S H AR A, DIOR (Li 5%, 2020a) |
DOTA (Xia %%, 2018) . A [a] %4k 4 1 K5 %
HHERG RN ESEBE., RZRTRESHEN
BRI, Fs 4 b i MG B 5 RN N, T
T JUAR U HE BT — SRR 5 K ) AR i 4 . Bdis 4
1) S 451 00 52 B AR S DR 8 1 A, il dn
DOTA-v2 (Ding %%, 2022) . FAIRIM (Sun %,
2022) RSB A R A T

R2 HEEEXER

Table 2 Basic information of datasets

bACInE A Bl iai SIET e S Kt LI
TAS (Heitz Fll Koller, 2008) 1 30 1319 792
SZTAKI-INRIA (Benedek %5,2012) 1 9 665 ~800
OIRDS (Tanner%§,2009 ) 4 900 1800 —
NWPU VHR-10 (Cheng %,2014) 10 800 3775 ~1000
UCAS-AOD (Zhu%,2015) 2 910 6029 1280
VEDAI (Razakarivony l Jurie,2016) 9 1210 3640 512.,1024
DLR 3K Vehicle (Liu 1 Mattyus,2015) 2 20 14235 5616
HRSC2016 (Liu%,2017) 1 1061 2976 300—1500
COWC (Mundhenk %5 ,2016) 1 53 32716 2000
CARPK (Hsieh %#,2017) 1 1448 89777 1280
RSOD (Xiao %,2015) 4 976 6950 ~1000
VisDrone (Zhu %,2022) 10 10209 ~542 K ~1490
xView (Lam %,2018) 60 1129 ~1M 2000—4000
LEVIR (Zou #1Shi,2018) 3 21952 11028 800
ITCVD (Yang%%,2018) 1 173 29088 5616
DOTA (Xia%,2018) 15 2806 188282 800—13000
DOTA-v1.5 16 2806 402089 800—13000
DOTA-v2.0 (Ding%§,2022) 18 11268 1793658 800—20000
RSD-GOD (Zhuang%,2019) 5 18187 40990 300—600
HRRSD (Zhang %¥,2019) 13 26722 55740 152—10569
Bridges Dataset (Nogueira 45 2019) 1 500 — 4800
AI-TOD (Wang%§,2021h) 8 28036 700621 800
AI-TOD-v2 (Xu%§,2022a) 8 28036 752745 800
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gk
b EIE TN K KEERe S & 5
SIMD (Haroon % ,2020) 15 5000 45096 1024
FGSD (Chen%%,2020) 1/4/43 2612 5634 930
FAIRIM (Sun%,2022) 5/37 15266 1.02M 1000—10000
DIOR (Li%,2020a) 20 23463 192472 800
DIOR-R (Cheng%:,2022) 20 23463 192512 800
RarePlanes (Shermeyer % ,2021) 1—110 253 14707 512
MAR20 (& 3CHAT 4%,2022) 20 3824 22341 ~800
DOSR (Han %§,2022h) 20 1066 6172 600—1300
HRPlanes (Bakirman Fl Sertel ,2022) 1 3092 18477 4800
CORS-ADD (Shi %:,2023) 1 7737 32285 640
SODA-A (Cheng%:,2023) 9 2513 872069 ~4761
TinyPerson (Yu%,2020) 1 2369 72651 —

gibprik, AR, BEA R S ) S HORAE
T SRR AN WA T, 0B B 1 R HLE S
Y6 B ZORANWHR ¥ o 53— 7 T, B A 3 R
B 109 AN W7 2 At g ol R PR AR AT 55 A8
(35 S IF AR Bk T AR SCSIL ROAR WOtk . M ok
A, oA IR AR B AR IR HE 0 SR WA i o
LR ZRBIRTT IR K R, Dt
SR GIN EARAG I | AR B2 4G 0 S5 AF 50 0 X L
WS AE T B 2 B A (e 1R A R 4
3 BRI

AR TFRBAEE O W) I N T AR
> R G TR IR R F AR DN T, I A G
SRR R EBE TR . AT XK BRI 4 )
(%' e SR A AR A R Sk A T I A A e A

3.1 KFEAEB R

AT G 3 TR B 2% 2] 1 ZKCFHE B Frr I 4
TRTE 8 B N o TR A 28 I 2% B L TE AR
PEIAG ST A5 0 0 T, PR HC P B s 8 Y B 9 1 e
0, ARPBE I RS B0 B AR AT S LA Sk .
Bifi %5 TR B 27 > AF 38 AU Y N B, UCAS-AOD
(Zhu %, 2015) . LEVIR (Zou 1 Shi, 2018) .
DIOR (Li%, 2020a) XA ATE, #—20
PRt 7Ot R bRk BE N AR, U, ¥
HR Al B A DU 2 5 RO R HE , AN T T A 28
BIE AR JRAE L

R-CNN (Girshick %, 2014) 5k o7 18
H br I 455k 45 20 FH o 40, Cheng %5 (2016)

Bl B H bR B e AN AR R, 7 R-CNN (1) S5 4ith
AR RS NS R (RICNN) , T 2285 B
25 (8] HARAL I . RICNN 7684 CNN 2244 () JE Al 1
SUABER AR 2, R s it fin oF T Ak 24 R AR Ak H
B eREL, (A5 A [F) e 5 #f B2 0 A4S E A AR LA
ik, T S BLE 5% AN A8 1 o Long 56 (2017) 45 i3
R R AR B (NMS) {5 B8 Y 341 A M D 3k
TTREWEE AL, E T2 ) —Fh 2 A5 23 1 T B i
FUHE [ H J59% (USB-BBR), *f NMS i & J& it i1
FHESE— L BEPuL, e 1 8 B ER A 5t
{5 B T ORI AL 8, SR, DA BSRvA SR
PEBEMEE R AL (Uijlings 45, 2013) dEFTHEIUHE
AR, TR RS, WYY T A SCEE RN H .
Ryt — R m kI RE, Bl S — 28 TR Faster
R-CNN (Ren %%, 2015) HFiZ & H e .
Zhong 5% (2018) & T — B Ik T {7 B BB iy
(PSB) By ik MG 22 2 501 Hh B 25 ] H AR R U HE SR
PSBHESLR FH o B UK AL 2, LA 3 2 B Bt
() AN 72 P 0 E B s D i B3 %) AN A28 P 22 ) B F O o
SR, FE TN 45 2R 5 1S 45 37 8w 25 R I
7 BB JEROOR W AR X i 2 4E ] o Shivappriya 5§
(2021) 48 AAF B0 eREL, 1) FHARE L A8 460 F 2k
G R R T i NNl G 3 L G2 N
R R SR R oK, SR R A T A
TR PR — BB 4% . Li%s (2022b) B —FpILT
JG2F 2 1 73 5] A YOLOv3 (Redmon £l Farhadi,
2018), HH T i@ IERENG/NEA HARR I o %07 138
1oF TORRAE B2 AR I A R B BOTRRE L, [R] B
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T L REAE F AR B2 o TR ) i, SR R
AL ) B0 TORRE A TR, AR AP s T
D EFEARTARZALRE . Ye %S (2022) #iiH
—MET BENERE I AA L (AAFM) 19—
BeI2g . AAFM AL 38 6 S A A R 1 38
EEZNSEEERT, RRREaAEEER
ik SR, Z M4 V- 2 ROE BEs iy tefil, 3
T EG A S 2B [FEE, AAFMBLH] &5
ANBANG A 2 S 280, 3 TR AL A
A

TR PR TR AN S ARG D g A AR AR A A%, T L
WHETRAGENESE . ML, W8N G Rise
P —SiE TR S A AE R . Li %
(2020b) 38 i 245 2 % AL W i 7 AT H ARk
W, DT T REAE R BT [FIEE, R EH bR
W2 R 22 5, I ERER AR IESFEM
% (DPAFPN), DIHEIFHFIFHZ RN E(EE, JH7E
— R RS TR R T R fE B A R ]
B BT AR B A R, Lin s (2022) 42
H—FP 7S OB O M 4% (SRAF-Net) . SRAF-
Net 1 4638 1 51T 538 iR R IE 4 P M 4% (SE-
FPN) SRECH bR S5 R SCRIE, SR5 5
HBIK DS, (SADH) AT 5 AERA ARSI . (H
TGS T T S B B AR A S BIE
M A FEAN R AR 2800 Z (B B F SCfF B . Fu s
(2023) $&H T Xnet, DU JIE FRE AR Y 1) (1]
B AR T — Ml A B, T s
BTz B i 30 R B, (B R T 3 7 E A i R
JEAE A

3.2 HEFEAE B AR

BT RER AR AR, @ B Y B b
VAR 7 BE, Al B AR KA AS I B9k OE
PO R H A B 7 AT, AR R A T HE
AT REAETE ORI e 8 o eAh, AR I
il 7 0 2 B By Z R A B IKPHE (Wang
8, 2023) . EEXT LARIRIRE, AHSCHEREHE H bR
BIERR

DOTA (Xia%, 2018). DOTA-v2.0 (Ding%s,
2022). DIOR-R (ChengZ§, 2022) %52y i ik
PRI A5 e B A s e D00 935 v o o o P 1 s 4
NN R K BB T e . [FRE, BREEHERS
W BATRAR S R A5 58 TRE R ] i AR BT

BHE R SR O AE SRS (Wang 55, 2023).
LT A 19 R B B ARG T vk A R T 9 A
Faster RCNN OBB 5 ¥ (Xia %, 2018), E7E
Faster RCNN (Ren %5, 2015) By EEal b, %
RPN [ £ [ b 2851 1 Ry e 2 HE 1) e K AMZ A TR AEE
3 3 A I S 3 S 38 i — A5 A 1 A) a H  3E Ok
[ =1 A ARG D HE A9 7 i) o 2000 32 ) R 2 RPN
3 HE B 7K i 8 HE G 1 5 %% A ) E A B0
2RI T 1 20915 S5 B IR T &M
Kl fig . RRPN (Ma%, 2018) %f RPN #471&
1B, WS T Z2AEREHE, LLE N ASF 5 [ 8 H s,
HET AR JCIERE X S A BEAE , T HIER% Rol it b )2
RARICREAE, A R YT RRAEASKT S ) 8, %A
T 1R B A R R HE TR T 1) AT IR L R 9 115 RN A
I FEYFR K. Rol Transformer (Ding %, 2019)
Wit T —> Rol 2% 2 g k2% ] AL UBE A, Jf-fdi 1]
e 2 7 8 BRI Rol Align #F— 5 H8 BUNR 56 A8 78 4
fiE, —@EfE LM TR EET L EAR . [FE
FERERR, AT THORMKE, HH
X F RS B AR BRI AR AN . Redet (Han
8, 2021) 38 2F B THE R S5 A2 I 28 R 4 AN A8 Rol
Align R HIUH bR i e AR REAE, KARFEAL T %
TiAE BT RS TR SER, MLt
FY) S T AR, FR I ORI AR R R,
A 372 B F FL A i it R I R A R R T
Oriented RCNN (Xie %%, 2021) 421 T —fhizH1k
() ZE4E Oriented RPN 3K A B i Jo i 114D e 25 40 e A1E [X
B, SCITORS ORI B ) R RO . TR HE Y
— [ BEAG: I A 1 A L 4 H A9 2 R3Det (Yang 4%,
2021a), EFE RetinaNet (Lin%F, 2017) A93EAH I
AT —AFREAfEBIE (FRM), AR T — B B
F14) TN 370 55 A5 S8 6T i JO7 %) R A1 s 6 A7 S 5 Gt
DI FF R A RRAE &, BEAMAHE H T SkewloU 145
YNGR RS o S A, (A I ek
2 HAF R A BB N A . S2A-Net (Han 4,
2022a) BT ARFEXT SR (FAM) FE
BARGINREE (ODM), SERUEREXT S5 AR, 221
TEEM RN —B . GWD (Yang 45,
2021b) #EH T —Fh LT 5 B Wasserstein (25 (9 $5
RN M PIAFEFEHE Z [ I I 22, A R0 #h T34
AN B T He A 5 G DN B ) AR — B () A
H T8 R N 48 B /3 A BE 2 B i, 75 EAAh
BSEOHE . KFIOU (Yang %, 2023) #£iH7 —
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PR Z 0 KFIoU %, 3 ik R FH e 307 A 14 3fe
BURBLAL SkewloU it 28 13 HEALE], B THE2H
AR AT A PR S A DU R RE T, WO TR
SOMIES R i R A ER Y & Y iR E

BT R AE BRI Ty T IR, AN
P BERT H O — SR ik ROT 19 HARTR MEA 2 VL T
S, TR REAG I S A Ok o O HE S 1 3L
A 43 T G Sl B R R T OC B R Rk
(Wang 55, 2023). JET oS A J7 e 4y
B[ J& TENet (Lin %%, 2021), ‘E7E FCOS (Tian
85, 2019) FEAl BB T A MEEEIH S5, JF
FEH BB T S B, Rk A 32y SR
TOAE 1A 53 S RRAE A T A T AR AT Rl
A BA BRI 332, A R AR IR LA HEA T #
JERNE, FEREARTH R 2 A0 Rl R T T AR
B, AR R EE A U R i TU AR HE H AR RS B2 AR TH
B K 28] . CenterMap—Net (Wang 4§ |
2021c) 8 T PO AR AR EDR TE BR H A5 A S (A
MBS, IF LA AR IR HE , AR KRR BN BR T
Hbra SCRHE SRR EBIrE, s 75518
FOMA I PERE B SE A, Gk T 2L SR
X o3 H RO HR R 5 o BT OGBSI B R S A
D E PRI SCHE R, XS H bR Y 23 [8]3E FL A T BR A
O’-Dnet (Wei %5, 2020) 381 M HrCo i [l U5 i 7%
R E O BEFAE DU b i, LA E K H AR Y
RF K T5 1wy, BRAS T 28 T A AE AN 75 20 g T
BHE, RRFFEALTHRAIRY T B E 42PE . CenterRot
(Wang %%, 2021a) 7F CenterNet iFEAL [, I T
— B AT AR T R 4 S 55 I 2 T A A ) Sk 8 43 14
ARG, AL YRR BT, R TS
BAE DG B THAA (A X RO AR A R B B 0 52 R
BT B E SR IRE T, JFHERR B T e i )
RWITm, $ETF TR IR B . Oriented RepPoints
(Li%§, 2022a) #2H T —F0 [ 35 NS A PEAL A2
T SR W R T e e B b, IR N 1 3 M40y =0kt
PR RN TR RE , A LBEAE AR &R X 5 5
SRR R B OCARE , ST HARE A 5 Y
FERARTIN , Ty LA AR T AT R 7 S 4 2 L AT
G5, LUET R R 0] A9 73 JEFE L

3.3 HtBEARETTmE

HRSC2016 (Liu%§, 2017). xView (Lam %,
2018) . FGSD (Chen %, 2020) . FAIRIM (Sun

G, 2022) SFEROGEE AR AR H ARG 5
V5 B O T T BRSO AR 2 0K JREAG I ARk
(% AR AL T B JE At . Han 5% (2022a) 241 —
Ml R fE B2 I 2%, R S e 1 N 4 d ok
PR M B I 22 245 ., RS2 HE A 1 2 T B
i 52 2 SR Ry Rl 2t H BR (5 2 o Devaki
G5 (2023) AU T — BRI TAER SR AR,
AL 4G 7 LI SRS | W (B3 A H R BE AL 41 T A8
Yo, (AR AT DL Az > 2 8 B A 5 M 0 RRAE
AT 4 o 20 R B2 H AR K I BE 77 o Song 55 (2023)
B LA 20 A 5 O 28 SR i R R i 4 B TR) Y
T SCIE BRI &, IR BTt rpo RUZ BN bR 4573
T SR W 58 3 A FH % H AR GE T4 o
VisDrone (Zhu%f, 2022). AI-TOD (Wangfff,
2021b) . AI-TOD-v2 (Xu %5, 2022a) . SODA-A
(Cheng 55, 2023) A5 72t A5/ H ARG I
ki R ER AR . A HEsh T/ HiR kR
WAES5 Ry . Xuds (2021) RHHE T #Y DotD Ji
11 7 SORBURH FH A ToU, DA G- M S 30 A 25 43
it . RFLA (Xu%§, 2022b) 3 & 75 b5 25 3 e o B
RN FRAE A R TR AZ 380 ground truth Z [H] 1)

ARARLEE ,  DL4 s X /s B AR RS I BE . DCFL
(Xu %5, 2023) — J7 1 i —Fh 3l 25 1 77 205

K. ARZE AN FARRAESEAT AR, 53— J7 m A
FHRELAE £ 21 56 DC J5E A1 5 S0 240 1) Jim 36 249 ROk 3 25
SrBEChRAE, SEEL T /N B RS RINPERE A IR IR TT

34 EBBRKAER

Bifi 5 30 FH KA N TR AR SE, AN T8 B
SIS T R R, R, A KR T
BRI E W . R — e R, AR
22 552532 T B Oy 128 TR i R Bl AR R ) e R R H
BN, Chasf (2023) #g i1 AT S Al A5 AL (%) i
S EBE PTGk BRI S B RS
B 37 TH, IR SR G SR AR
FEBERE HARKEI | o S5y E 5 IS5 MR R
AT TIRAMBESE o 02 AR S 8080 1 MAE
(He &5, 2022) 1K HIL 5 32 J8% B 48 4 MillionAID
(Long %%, 2021) UEBHIEAHFR Y A9 P e bl 5 A 2
BB IG hmER E, UE, PR T RS
— N ACHSEFA R LR . Sun %5 (2023)
BT AR A R eE T, A R A T AE
P8 RingMoo TZMEZEFEE T — P14 I A 7 5k i gk
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AR KB AR, WA, it T — i R
RSN TV, BRI 28 B 5 T %
£ VAN =R 7t U T B O g ' SO g N 2
55 (s, Hbnkall . o CaH, 2k
M)LM%%,ﬁ%Tm%mE%%ﬁ@ﬁo
(Liu%F, 2023) &% 8 B IE il A R e = 15 55 PR
FTRLET, PR T8 —A T B A 1 T R
FH RemoteCLIP, Z AR W] D) [R5 2% 2] £ 8 1915
SUAR RN S5 0 SCAS LSS, S8 T &4 A 0 08 A
TEFRIN

4 75 B

ey I e A R R TR 2 ) O i R
B E R R INAT 55 K e R JE A, L2 AH OGS AT 5
FIRY DB 2 17 R0 A 4 %E%WME%AIﬂ

RE T AR A W 7 2 SR AT A ), SRR Y
E%ﬁﬁﬁ&ﬁ,%ﬂ%%@wgﬁﬁﬁhﬂﬁ

PR & A, A SR TEXT & A 1Y B s 4R 0t
WERIE 5 B2, xR IE M AT, R
AH ST B B JE s T SR IR R . O,
AR 30K 2008 HE—2023 4E £ & AR IO R MW%H
ﬁh@ﬁﬁ%%ﬁﬁ&ﬁﬁﬁ TRy, X HA

AL RRCR SR VEAT T A A, AR Y TE X
ﬁﬁﬁ%ﬁﬁ%mu# TAmEgELS, A
TUEE . PR RS B 3 A R S A T
T AT AT, IE T 6 B RS B AR A
B IR R T . RBLEE . 2O I 1)
KR, WA, X E & EEE, MKFHEH
FRASEIN | e S HE H AR ARSI DL K 4 43 K0 7 1\ (/)
A G 00 240 e B ARG ) 5 22 A g B A G AR
KRN BEAT T RER , IR SE T OB X A vk 1Y
WESEM . 25 L, ARSCK R G 23 TR B S 1Y)
T8 R EME B AR A 1 K R AR e S
SRS %
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A comprehensive review of optical remote—sensing image object
detection datasets

YUAN Yigqin, LI Lang,YAO Xiwen, LI Lingjun,FENG Xiaoxu, CHENG Gong,HAN Junwei

School of Automation, Northwestern Polytechnic University, Xi’an 710021, China

Abstract: With the introduction of artificial-intelligence technologies such as deep learning into the field of optical remote-sensing

detection, various algorithms have emerged. The use of these algorithms has gradually formed a new paradigm of data-driven optical remote-

sensing image object detection. Consequently, high-quality remote-sensing data has become a prerequisite and a necessary resource for

researching these paradigm algorithms. highlighting the increasing importance of remote-sensing data. To date, numerous optical remote-

sensing image object detection datasets have been published by major research institutions domestically and internationally. These datasets

have laid the foundation for the development of deep learning-based remote-sensing image detection tasks. However, no comprehensive

summarization and analysis of the published optical remote-sensing image detection datasets have been conducted by scholars. Therefore,

this paper aimed to provide a comprehensive review of the published datasets and an overview of algorithm applications. We also aimed to
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provide a reference for subsequent research in related fields.

This paper presents an overview and synthesis of the optical remote-sensing image object detection datasets published between 2008
and 2023. The synthesis is based on an extensive and comprehensive survey of literature in the field. By reviewing and analyzing these
datasets, we enable a comprehensive understanding of the progress and trends in optical remote-sensing image object detection dataset
research.

This paper categorizes the optical remote-sensing image object detection datasets published from 2008 to 2023 based on the annotation
method. A comprehensive description of 11 representative datasets is provided, and all dataset information are summarized in tabular form.
The analysis considers the information in the datasets themselves and also the spatial and spectral resolution of the images in the datasets.
Other basic information including the number of categories, number of images, number of instances, and image-width information are also
considered. This analysis effectively demonstrates the trend toward high quality, large scale, and multi-category development of object-
detection datasets for optical remote-sensing images. Additionally, we provide an overview of the development and application of algorithms
related to published datasets from different perspectives (e.g., horizontal bounding box object detection and rotated bounding box object
detection), as well as a subdivision of detection directions (e.g., small object detection and fine-grained detection). Our findings confirm the
influential role of remote-sensing data in driving algorithmic advances.

In summary, we offer a comprehensive review of optical remote-sensing image object detection datasets from various perspectives. To
our best knowledge, this comprehensive review is the first one on such datasets in the field. The work serves as a valuable reference for
subsequent research on deep learning-based optical remote-sensing image object detection, providing insights into data availability and
research directions. This study is expected to contribute to the advancement of this field by offering a solid foundation for further
investigation and innovation.

Key words: deep learning, optical remote sensing imagery, data source, object detection, development of datasets
Supported by National Natural Science Foundation of China (No. 62071388, 62136007); Key Research and Development Program of

Shaanxi Province (No. 2023-YBGY-224)



