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Abstract: Remote sensing object detection (RSOD) has emerged as a critical research direction, and it attracts consider-
able attention due to its complexity and fundamental importance. The primary objective of RSOD is to accurately classify
and regress the position of the objects of interest in remote sensing imagery (RSI). According to the image acquisition plat-
form, RSI can be classified into tree classes: satellite-, aerial-, and drone-based. The sensors equipped on these platforms

capture ground information from different altitudes and views, which fulfills diverse observational needs and applications
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ranging from urban planning to environmental monitoring. With the advent of deep learning, especially the convolutional
neural networks (CNNs) and Transformers, the detection accuracies obtain substantive improvement relying on the power-
ful feature representative capability and better adaptivity. However, small object detection (SOD), as a subfield of object
detection, limits the performance improvement in recent years. This study focuses on the remote sensing small object detec-
tion, of which we summarize seven major challenges. 1) Less available features. Small objects typically occupy only a few
pixels with absolutely small sizes in RSI, which leads to limited appearance information and detailed spatial feature infor-
mation. In addition, with multiple convolution and pooling operations in deep CNNs, the information loss becomes severe
as the deepening feature layers. In general, the detailed feature information of small objects resides in shallow layers. To
address this issue, super-resolution and multi-scale feature fusion are usually employed. Super-resolution methods enhance
the details of small objects by reconstructing high-frequency information and refining spatial resolution through advanced
upsampling techniques and feature restoration algorithms. This approach rectifies structural distortions and improves the
clarity of features. In addition, the incorporation of shallow CNN layers can retain rich spatial details, which facilitates pre-
cise localization. The fusion of shallow and deep features enables networks to capture fine-grained details of small objects
and global semantic information, which ultimately improves detection accuracy and robustness. 2) Misaligned evaluation
metrics. The evaluation metric of object detection often relies on intersection over union (IoU), but it can be problematic
for small objects, which are highly sensitive to even minor localization errors. Such errors can lead to a significant drop in
IoU and an increase in false negatives. To address this issue, several alternative evaluation metrics, such as mean average
precision (mAP) at lower IoU thresholds, have been proposed to capture the performance of models on small objects effec-
tively. Meanwhile, the assignment of anchor boxes further complicates small object detection, as a smaller number of
anchors match small objects, which makes precise localization more difficult. Therefore, improving loss functions and
evaluation metrics specifically tailored for small object detection is essential. Moreover, the sensitivity of loU during non-
maximum suppression can result in the erroneous suppression of small objects, which negatively impacts overall detection
performance. Developing robust evaluation strategies that account for the unique characteristics of small objects is critical
for enhancing detection accuracy. 3) Large image coverage. Remote sensing images typically have high resolution and
cover wide areas. As a result, small objects appear smaller, which makes them harder to detect. Directly processing entire
images leads to high computational costs and can result in missed detections. Many existing detection frameworks are opti-
mized for medium-sized images and objects. Thus, novel methods that effectively enhance object detection within large-
area RSI are necessary. Strategies such as image segmentation or region proposal networks can help mitigate these chal-
lenges by allowing models to focus on specific areas of interest rather than processing entire images indiscriminately.
4) Complex background interference. Remote sensing images encompass a diverse array of terrains, man-made structures,
and natural elements. This condition complicates the separation of small objects from their complex backgrounds. Environ-
mental factors, including atmospheric conditions, terrain variations, lighting, and shadows, can further increase false posi-
tive and false negative rates. To tackle these challenges, strategies such as context-aware learning and label noise suppres-
sion have been developed. Contextual learning utilizes spatial and semantic relationships to enhance object detection accu-
racy. Meanwhile, label noise suppression techniques help mitigate the impact of labeling uncertainty on model perfor-
mance, which improves the robustness. 5) Non-uniform data distribution. Objects in remote sensing images are often
sparsely distributed, with certain regions densely populated while others are not. This non-uniform distribution necessitates
a focus on clustered areas to enhance detection efficiency. However, traditional uniform or random crop processing meth-
ods may prove inefficient for detecting dense objects, which leads to wasted computational resources. Developing mecha-
nisms that localize and prioritize these dense areas represents a critical challenge in improving detection performance.
6) Uncertain orientation information. Owing to the bird’ s-eye perspective characteristic of RSI, objects present arbitrary
rotated orientations. Standard horizontal bounding boxes often fail to accurately describe these rotated objects. By contrast,
oriented bounding boxes facilitate highly precise localization by incorporating rotation angles. However, several issues
remain unexplored, including label mismatching, positive-negative sample imbalance, and limited feature supervision for
geometrically complex small objects. These challenges can lead to suboptimal learning of key object features, which

requires further research and innovation in bounding box representation. 7) Scarcity of specialized datasets. Existing
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remote sensing datasets predominantly focus on medium to large objects, with relatively few designed specifically for small
object detection. Although some datasets such as AI-TOD, TinyPerson, and SODA exist, they are often limited in terms of
the number of object categories and instances available. Furthermore, class frequency imbalances exacerbate the issues
related to model performance in specific applications. The lack of comprehensive small object datasets hinders the develop-
ment of robust models tailored to this task, which necessitates the construction of new datasets that address these limita-
tions. This study presents a comprehensive review of deep learning-based techniques for small object detection in RSI. We
analyze the primary challenges associated with this task and highlight recent advancements in key areas such as data aug-
mentation, super-resolution techniques, multi-scale feature fusion, anchor box mechanisms, contextual information inte-
gration, and label assignment strategies. Furthermore, we provide an overview of commonly used benchmark datasets,
evaluation metrics, and various applications related to small object detection. Despite of significant progress that has been
made in the field of RSOD, numerous challenges remain, particularly concerning small object detection. Future research
directions should focus on developing innovative solutions to address these challenges, which provides insights that will
advance the field and enhance the performance of small object detection in remote sensing applications. By addressing
these critical areas, researchers can contribute to more effective and accurate remote sensing methodologies, which ulti-
mately enhance our understanding and monitoring of the world.
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Fig. 1  Challenges of small object detection in

remote sensing
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AN (2022) $2 ) — Bl FL A7 5% 22 e iR 2R 45 A A B
YOLOvS 6 5 1) 35 284 22 S 416 B0 88 70 38 A v 47t
P26, FH %) 5 7 20 B R A0 PR A G DN A 7 ik
HEMC, I HLA S IR 20 TT 8 ik v 18 2R
g3 8 H A K D &L 48 5 RSSOD (remote sensing
super-resolution object detection) .

TR PR BRI SR TR Y 2 B i H AR
M GME ANy, B3 W0 T R T/ B AR
AT DLPERIRRAE . ER B 2 PR A7 T e R R
AT BES AP BN TG SR A 4015, X SEIF A
(Y205 AT BEVR VB R INASE AL, (s HAR PP oy LSRR,
SO DNV BE A AT FIETE 1 3 0L XU
2.1.2 BT ZJUZRERLE Tk

B A 22 W 45 (convolutional neural network,

CNN) i >R HIZ2 JZ IR G5, AN TR 892 I BAT AR Y
FRAE o 2 RPN 35 AR RS YRR (91 E B
30 2 SO AR AR ) , I REWE 4R 1 SIS i £9
A3 WA EAE B, EE S /N AR A E L. T
/NEBR RGN X BRI, AT 2 4
R SEAT e B 5 0L 5 T e J2 R AR U B 220 5 1 LA
BT SR . PRI, w8 J2 A2 AR E A 2 5 2
—ANOCHEAD IR, AT LLAE R B A0 04 W] I 255 08 AE
B, IR RRIE R, 48 RE NS R4 /N H AR
R A0 2055 FIOR H AR 42 R A5 B, SE B AT 9 H bn
GoRIlIE Ve

HTEE Kk AR Z G IR RUE R
N, SRR RS I T ZRAHEREG T7 1 2
J2 B RRAE B 1 A RRAE ] |, DA b i A A R A
Kl AT (Ding 55,2018 ; Liu 55,2018 ; Zheng 5,
2020a) . Liang %8 A (2020) 7€ SSD H1 5] A T — /%
SNRIAR T 32, %00 SCALAE B s BB ANF- 2 it Ak
JZ B 3G s N B A R KL BE . Gong 55 A
(2022) 8 1 38 F Y — ek il & YOLOVS DU 1 11
BTG, TR JZ S 8T B R ik Rl 5 2 A0 3000 Sk T
/N EARKEI . Ma %5 A (2022) B3t T —FPiE H /1
AR B R FE S IR 45, DL KB XS /)N H AR AR ik
SRS SN 1 2 2B G B R AR W 1 4
Wei 45 A\ (2020) 4 H 5 53 P 5 R AR 4 7 35 9 4%
(high-resolution feature pyramid network , HRFPN) , &
TE 7853 RIS 43 BRI R0R |, DL Xt & LR
I8 (SAR) M AR A RS i EL & B A I . Lu 55 A

(2020) 4 H —Fh 2 Ry ek 1145 A, S8R B ASAE
o AR B TE RIS, DU SR G0N B AR AR AEF]

i
FRAIE 42 -3 M 2% (feature pyramid network , FPN)
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(Lin%%,2017a) 5| AT —F {1l A8 12, DA
R IR UF B 22 . R, RIE S T
W 25 H AR 2 B 25 )45 BLgid TR IF BG4k 2
5S8R AT RE 2= % o M i e aX A~ [a) B, Huang %6 A
(2022a) il Chalavadi %5 A (2022) # H —F XL FPN,
T 4% 38 28 7] 27 > B S EOR A AN R GO0 R 1Y)
B I R A _Bm R A R A B AR R
A Z GO RRAE o 5 1 A IR 388 5 A A R [
Cheng 5% A (2021) % H T 85 UR-E Rl 6 19 J7 1%, A
IR BRI SE I T B ROBE R R Al 3K 7 7k
R TR 2R EAE AL A R T AR R BT R

AN TR RUBE AR AR AL 35 5 AN A2 i 15 S, i
2 ROBEFRRERLG P DA SR 430 3 5 (2 20 055 8 RN
JEE SUE R N T B ARG ARG B, I3 5 AR 7
FEE Zsc T RIE e . SR, N S Al A AT BE
R TR B B B 2 BRI H bR RS HE
B o BEAM, AN R BERHE Z [ A7 53 A 22 5, LBzl
BT RE S T AR | RS DU ) 5k
2.2 3 EERLE/NBIRENE X

XTI BRRRGIN , FAE A B RS B ) 455
ZROTPERE R B K, T ARG A0 . Rekavandi 55
N (2025) 48, S a7 AT RAS I 7 AR 0N B b
W AEAE R B, AR AR5 2% pR SR B2 /Iy B Az il 7
BRI ROEIE . FETHTHE AR Z8ATS 5 32 1A
ERUN VAN SRR TR = il e v AS EDANY -~ S
T /N B o 4l AR TR /DN, il FOHE S A6 T
Bk, ZE T A 3 FORE B S0 MR S XN B Bk
F1A) 5% M) 378 X6 K H b i 5 M, DAL ARG A 92 2 pR 2K
A BTN H bR ARG HERE 0 o
2.2.1 FETHRHENLE 0 5k

FH /0N B A 04 5 S R HE RS8N AT AT Tk
NI A% 15 2 18,35 5 T T A 1) T B R A AR AT
FIE DT AC 174 5 HEE A ) 2 Ay SR RE A PR Ik ] 5 B2
BHE SR /1N HBRASI 9 — O A5 o

Faster R-CNN(Ren %%,2015) 5| A T X s 2 13 %
26 RPN, LhA:= iU fie i H bR il HAE . Wang 58 A (2018)
Wt T — AP RRE AL B AE SR 2 HEAR 7 2 R
FGAE s A, -4 BERUBE I/ INA LY 328 25 Ak 35
SRS, B SR A R T A = o PR AR A
R R B R AR, X RS AR
(AR JBE NS, DT P B 5 M) 1 ARG 0 A 2 v (18 4328
145 - Duan % A (2020) $& H — R 5 8 (1% 5 T 38 1

JEH S 45 B 2% (channel-aware deconvolutional net-
work , CADNet) B3 5 7 70 5 B9 SR (match-
ing strategy based on the center point translation, CPT-
Matching) , ATE I 2R B B 5 6l 06 45 B 2 A il Y
BEHEAE R IERRAS | DTS2 80 B A ) B A DT i . TR
W B T X B Ph L s EA T RS Y 7 125 (AR I 2
b R TP AT RO AR RS , DA 3 i A5 0 A [] R
JEFEAR B bR I g

JCAH 7 PR HC ] B8 A 2% 45 R R B ) M RE
AR WAL . HEETRAE R IT A AN,
BEAIL TR B T H AR AL, TN T 2 A TR HE Y
W% . FBR-Net(feature balancing and refinement net-
work) (Fu 5§, 2021) 48 HH 3 5 07 51 19 P4 47 0%
P T IOA I A T TN ] A R RE , O
Ao T SO0 N /N HARBY A2 2] o Law Fll Deng
(2018) 4 } CornerNet, i £ fif H] 511~ CNN 4 H ¥Rl
SAE RS DN SRy X G A, B A LA T M. Zhou
N (2019) P42 H B9 Kz I 5 CenterNet 5 L iR 7 ik
ANTRY AT E AR AR R B — s He FUE Y
JUfreputs o R SCHE SRS T B ARBY oG & R F
o =S W I AN N VA LD T
Wang %5 A (2020) #2 i — 1 45 5 M-CenterNet [ 5
i R 20 RORKE 1 E 67 B ARy ot , A4
e % N E bR Y E AL PERE

B AE AL &1 T H bR DTG AE A, o e R
T AR R A R TE AN R A5 B A Sy 43 2 R [
UATRIE , A5 R PR [R) R/INFII R (8 H B, 42 TH
RERE S SRTIT, B AE MO 0 SCHESR | W] RETCHEAG i B2
i HAR, FEREACR TS | SREAS IS 22 LR e EHE ST
WA, 2T, TR 7 ki o B R AE 5]
I R AN, S T TR EHE 1 AR
AL ER, 38 T X8 HFRIE AR TR T e 200k . 98
T, TR 5 X R T %) JBi RS 555 B RO
FEHEXS S5 AN HERA R E 5 BOE i 22 , U HJRAE = o
BRI 2 SRR b
2.2.2 FETYNGMALH Tk

TN AHE AL B A2 AR AT RE S 20N BARRY ToU
(ELA A 0 35 3, 300 /0y E b s 0 f) 2 E 7 A AS
S o e Ah 7R AR A KA 40 ] (non-maximum sup-
pression, NMS) i 2, ToU FH 4] W7 1903000 31 S5 HE S
TSR AR . SR, ToU X/ B bR 1) =5 B Skt
A AE-5 20 NMS B 15 i — 26 152 i) 71 A 000 40
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Rezatofighi % A (2019) 4 Hi 19 L2 IF L (gen-
eralized IoU, GloU ) & 7F loU AYJERE 5 AT PI/~i4
SRHE 1Y) d /N PAT DX IS, DA G 5 e 4 3R > 20 SRATE
Z B A O AR L A B ET SRR A 5 AR /NN AR
W, WO SIGH A2 B, O HLF50AE B & i A 00 1, ok
B SEBR 1 O o Zheng 25 A (2020b) # H} i 25 52
FF- He (distance ToU , DIoU) F15¢ 4814 38 - H (complete
ToU, CloU) o DIoU it i 5 1 P4~ SAE 22 fi] 1y rfocs
FUE R R g /N Bt A DX SORT £ 2 i R, ik — 20 ek
T loU, B MNE T GloU Bt (A R ET
Tl RATE S A, P H BT, CloU 7E
DIoU R HERN |, 25 i T 301 FUHE A9 5 B2 Al B2, s
TR TR R ERRE o (H CloU fY FI9E
AN RE [F) IF 3 DR s/ X AR AN S BRI . il ok
CloU Y[R, Zhang 55 A (2022 )5 CloU H FUi A Al
FLSHE A SZ e R 5~ IT, 20 A R A B , s S A 2k
W R RRAR T I Z 8] % 22 53, OF 4 Hh s Ot L
(efficient loU, EloU) o ZJ&5 , X T ToU Y Bl 7E ifs A7
aloU (alpha-IoU) (He %5 , 2021) . SloU (Seylla IoU)
(Gevorgyan,2022) \Wise loU(Tong 55,2023 ) %,

SR, SR X e FE bR X ToU 547 T 08, e —
SEFERE B Rkt 1AL E DGR A B EN IR Z IR
TART— AL IBUE O B R o A, 3k 2E ik
BB 4% R, TR AR DA H AR XS ToU
O I B - SN il i N N (15w o
SAFAER AV (18] B, Chen 45 A (2019¢) 3 o K¢
HEFPAT: 55 AR BRI 25 vh 1 23 AT 55 L i 9T 1
A FE 451 2K (average precision loss, AP loss) LA fiff Pt HE
JF )0, o 351 AP 451 2% 1 FRLERCRG DN 45 ) M e A I
B35 . Lin %5 A (2017b) A FEAR ML 45 5328 R AF 7R
191 1) 458 2R BLER, BT — A BT A Y 25 AR A D B Reti-
naNet, -8 H BT A S5 5126 (focal loss) KU ZR4E H 7E
— R B R XEZR B 1. Wang 48 A (2019) $2 1 —
oA 5 X 3 48 2 PR (focal-area loss ) , 18 1o G 7 18
iS4 N B B NS0T AVt el S e

He % A (2019) 5] A KL (Kullback-Leibler) 1 i
VS i1 SAE L5 2%, T30 FORE R AT 2 2. Xu
S5 N (2021a) 2 T80/ N 10 FAE B 246 568 RS R R
S/ T B B A 1 FOHE B AFAE 4 H SRR (dot
distance, DotD) , B A~ 30 SAE vhots 552 (8] A )5 —
LR LB ASEE B . Wang 55 A (2021) ffi FH Wasser-

stein B CE ToU , $2 H —F )T —1k Wasserstein } 25
B 8T 2 1 (normalized Wasserstein distance, NWD) o
Wasserstein B 5 5 K0 {0 a5 BV 4~ 340 S HE o
B BN B AT DL S A AR LR . O L
NWD XA [ RUEE Y 5 AR AS Uk DRI T3 5 0
/NEFREI AR . Yang % A (2021b) 7155 = B 4
At Z 18] 19 KLD A2 [l 453 2%, it 5 AR 10 Rt s 25
Hu SRR IE o Fu dF A (2023) XS /N il FHAE I
o SCAHAE = ] AR RLE 00 2 AN M 10 [P  , $it i
T e T 3 A BRSO AR {BL Y B2 & ( Gaussian proba-
bilistic ~distribution-based fuzzy similarity metric,
GPM) , o s 2 3 Pic 48 {3t B ME ff (9 L it o KLDet
(Zhou 1 Zhu, 2024 ) ¥ 2 KAL 3 FAE S ey — 4w
W o3 o 38 A 20 A 22 8] i AR AR KLD AR R i
A7, RRVEAR S WL SR B0 Mm% L $R L T
ZTERIEREAS

BIEAGFEPRBERS L 11 EE XS /N HBR 1RG0 14 g
PEATANECEA, 2R 35 M T 412k sR BT R PL S
EAT B O AR AL T S B A ) 5 1) A B TR
FHEHLXS /N B AR B R IIRS B2 RN &b, SR, 515
GERIIPAG ITEEAE LE BT e R AL T B SR AR TR
AR, S H AR AT RT3 28 Gk DR ATINA AL 3, 3
B 7 PP R A B e M R R ST . A
B BLH 5 bR B9 BT AT AR B0 4 E 19 ] 37 5T
% FECZALRE /)AL TEA R I 37 5t bl B
ARz s T
2.3 St3TERIRE R/ B ARG E &

T2 SRR B DR He v o3 W R A G L, &
FUN BARRAXS ST B2 40/ . P, 44k B
R 2 R R AT e S BB ORI T S AR, AT 52
PR E A YT 3 B AR I 5 22 o R A
RGTEGAT B AR B, Q] 783X 26 A (5] 45 v 52 8
/N AR5 R T 22 18] 1A R RE DR IS, A2 2 T
AL IS 2 118 DGR, 2 PR DR 2 110 0 i 4
2.3.1 ETFJUZICE R T5E

T PR R T 3 PR AN R Y R
AR o /N B BR AR T8 08 R 1 R A2 75 5
N3 T RUBEASDEE 9 TR) R, 30 Y A e ) 5
PR 208 Ay Ak B b 25 ROE i B AR AR By L 78
T X 22 SR P 4 /N EL BRI 3 LORS HEE S2 A U

Yu 55 N (2020) e A/ B ARG I i) 7 E 2R
7N, 4t — B RV T (scale match, SMD) R 1 % Py
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Table 3 Summary of advantages and disadvantages of loss

function-based approaches

Jrik = gy

AP loss P EAR AL AP loss H1 R F
PRBOR ZE /N A BRZE HiEF T7 R0F A AR

Focal loss S P-4 1 TR A, N 5E L Focal loss T35

Focal-area loss

(OIS RANER ZNOE o1l
PEfE.

A 2% I8 R A TE] Y
A

ToU loss

Clotloss B 25 1L B3 | WG

DIoU los e T LoU MR AR

o s Tz 2R, L S e

Hoey — J ES AV

CloU loss %Elﬁjﬁ*Eljl??’*Eﬁ\ 2% 3

ouU loss o REBERTR MR I

B A AT H bR E A .

— L A ] PR S s, Ay
FEImE A . -
e T R i T

aloU loss R bl PLkE /N H fRE AR 11 -l
B ' :

SloU loss

WiloU loss

KL loss

DotD loss BT IS A A G 2 Jy vk i A5 4

NWD lose (VP SO A A AR S5 A, £
TUE SCREHE Z LAY, Zrid fEdp , B S 4L

GWD loss FE W R ME BN BEREIRE, 3RS

KLD loss ] 45 GAFE .

GPM loss

B R H AR R, O KREE B M 437 5 T Y
e/ B AR A TFRE 178775 1) o {H SMUZ X T8 A
FUGIEATHRAE 2087, %8 T B B AR AN 5 G 5L
bo AEN SM B EICE T A, Jiang %5 A (2021) 42 Hi #Y
SM-+ ST, B RUEE DE Tic A RS 2 i 381 512 457)
9, A UGS AR TE R SE RIS 5 48T T I 2R
G MR €/ 5 S FINEUE R PR S BB RS o)
B IESEBEEEE.

Li ¢ N (2019) #& th — b 37 B4 HE 22 YOLT (you
only look twice) , HR 35 H A5 09 RUEERE H b5 o0 9 328,
LA A ) ISR RN A ] RUBE H BR 0 3 26 4%
AR 25 o 5, B 22 RUBE A I PR ek A7 PF A
FlG, AARAS TORS B 00 0 67 F 432845 5 . Hong % A
(2021) $2 Hy RO % £ L (scale selection module,
SSM) 4 IR 2 53 I FFIEAZ B 25 TR 2, i AN
[F] J22 9% 2 8] B 6 BE T H R — Bl @i, A, Zhe 55
A (2023) Be it 1 R I 0 R ZE IR A (scale-
aware knowledge distillation, ScaleKD) , ¥ & 4% i% 2

DiTASERY F) JR RURE A% 3] R 8 1 2 AR Y B T A
R AR oy TR EE RS T h , BIVRORE A ) o T 2 1
R, S AR ORI AR /N F s L R Ry, Jf gt — 28
ci A ST E I/ (= SN B R R oo Sy L B P
DEINE S B REN V=P S EEANER D E PSS ¢
EE il

i A R DR PC RE LB AN ] /Ny AR
AESRIBCE I 8. A VT A 7] I/ B AR R
ik, 3l A B A R AGE , B v B IR ISR, I T
RIS SR, AW BP0 AL TR 2R 1 5B 56 R
SRR , AR5 T e di A 77 58, 5m 1
SRV RS 1 5 ek
2.3.2 FEFHEWTINE R 5k

e S MRS THT B, K R A 7R i Ak B A A%
B i AT A 2 T R O PR PR O R
A AR AL A ER R B B o B B
O AT AR SR IO 328, X R 8 TR A B
B WA, TR I , AR K Y )
B — Ak FEES BB N 2, DA T T A A A A
IFI] . 3o ) R E A B g 70 B3 R = R 2
S I JE O WA, PR D o 0 B 2 B A i BT
AL, NI HE— 2D 18 T HER 3

SSD-MSN (multi-scale object detection network
based on SSD) (Chen %5 ,2019d) i 1o M BT £k [X 5§ rr
PP T — a2 B bR 19 I, ISR 5
BT IOR X b 2 2] /N F AR Y B8 2 B A TF
it — A R 2 PR SR, BIMA i P 5 b A
B3 % 3N KRS DX AR AN RT LU AR O 2 Y
DI, 3k R AR DR B S 8T X P & 2 H
Fro Van Etten(2019) # Hi SIMRDWN (satellite imag-
ery multiscale rapid detection with windowed networks )
HEZR, iy 24 HARRLIAE AL bl —Fh e — B 071, 31X
LEAHE 20 AT LIS R/ N R BEATHE 3, 12 A A
KT 0.2 km?/s (38 AEPPA 5L IR 70 B TAE R R R
F TR RS AT Rk e A I

Akyon 58 N (2022) &3t T — 4% A U0 R il
£ # (slicing aided hyper inference, SAHI) %) JT 5 AlE
28, /IS F B s i 4 AL 1 e P A4 U0l B 4 B A G
PAMEDL . 3 1 oRE R o R B 1) PRl Akl LAGE /N H
PRARD T R BR R XU R AR5 12 A48, JFTE
T K a4 A P 1 b EAT SR UG IR Y FE . Zhang
SN (2023) 4 ) —Fh [ 38 0 %l B 4 2 (adap-
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B0, HaE, ER
SeFIE BE G/ B AR IR E ¥ S H LR R

tive slicing aided hyper inference , ASHAT) i 24 F 1%
BEYI R J7 96 o ASAHT SG3E B2 ) A B i A 2 V)
Fr RN B H IE A B O) R RN AR B 503 B
ESAUIVINE e

Ao AR T DR RE AT DA ek A P K A
B g Ak BRI 6], DT A AR A AT BT IR A T E , 7
X R R B AR B A FAL AR S AT A . (HAE
T3 A DR R ) R 3 A AR T 45 R
R AR AT 2 2 SR TSR 4 A0 MR sl B A1 1 0 e o
ok BEAT R AE B M, 3 AT RE 2 5 EOR I RS B2 BT B
R R AE AL B AR 2% 4 18 SR P AR, 2 R A 2

SIS/ B AR ATE A7, 3 0] B8 S 20N /N B

PREGAAT T PEA AL , BRI 25 R AFAE
2.4 FxERTFHRRENBIRENEE

oty T R P G0E L 2R ELA R R R
ik, X BERFAE-5 A AR E @ MSCEEE n] BEALL, 35 n
THUNRIMERE . B Ah, R BE ST T EBO Tk
SE 1] 71 FRE R I, 50 2 e 1 R H A A D @t . 9K
M, X SEAIF TS 200 1 38 B 5 R R ST B R
TEXAEOL T, AT RE SR AN i/ N i 1 R H A, OF B
ANTFIZEELA H br nl BB 2N R A i B LR SCfE R
R FEAT /N FAR B T AN
2.4.1 BT EFICEAININE

18 TR PR TR R 9 B RS A 1 2R Y
TICFE R I HARE B AR R T i LT SCfE B
AR . T SCfE Bl w248 AR A H 3
Sl b Z A1 23 (6] R S AR AT LA K 0k 1 i
DA i) B AR S LA B AR 7R o PG, bR SO
FA 7 R BN I B G v A% e 1o ) P R L PR
M 15 8, B i H bs 5 0K EE L 9% ] B8 7 MK I A2
TEME

Liu 55 A (2019a) 4 1) 2270 5 fil 5 W 465, 5 1E 4R
PR SRR /N BRI B PERE . B 5 i A
R 75 e W25, e 5 iR 5 2 ) R SCER R,
2 i — AR R BN AR BUARIE . RS, 5IA
RERT DX 10 245 LA 56 23420/ H B R AR 3
FHIE . ), TR ZAGI B B, R T LR S5 BRl
WG, R X T st TR A S . Zhang A
(2020 ) 38 2 447 M 126 A 490 iy DX SR T A 34 AN R R/
A DX, A= A Rl bR SR, IS AT TR
XS i) 4 568 RS RS AT 28Rl 45 SRy B8 L SCRPAE AT H B
fit.o Yang %% A (2020) JF & T — A0l 46 3747 HE 2L

2% — 20 s G 2 SR PG rh /N H AR A RO
Liang 55 A (2020) 2 H — 5 T4 f1F fl 15 R 408 3 1Y)
SSD (feature fusion and feature enhancement SSD, FS-
SSD) T TEANLENG /N BARKIN . Cheng % A
(2021) it bR SCRAESE SRR R T 42 R R 3¢
&It i R 7R B AR AP SO E R
P BT SO Bk TR R b 3 i SIS )RR R AR
Chen %5 A\ (2019b) % JH Rol-Align #AE M4 J5 IR 5
fE iR 5 B SUE R IR S BARUE Y
[X 35 (region of interest, Rol)F¢fE#EFTAlG , LA 8
Hbr-5 55 Z (B HY SR

VER ML 5 08 7 A 8 A0 DX, Rl 1
ARLETEME X B, Lu 58 A (2021) 854 1 25 [T
HOJHGRIE T, 5T BRI O, 1T
THERTFT S IR /N H AR o Ran 48 A (2021) 2% H
22 RO BT SOFT Y 5508 38 71 2 ) B8 (multiscale
context and enhanced channel attention, MSCCA ) 3 5
NHFRERE . Li%e A (2021 it T — A5 2R
BEHe LLARAS /N H A5 B 5% (9 0 1 . DETR (detection
TRansformer ) 1k —Ff 35 2] s H A A 0 AE 42, R H
Transformer #1742 Ja) ¢ 2 @A, 767N H AR A 4 55
h XM K 4. O’DETR (oriented object DETR) (Ma
85,2021 K i U e it B Bk TS5 A
JUBEHFAE 1 A8 2 5, IR B A2 5E 1] H ARSI 5 55w
PUIR S K PEAE . Dynamic DETR (Dai %, 2021) 7E
fifE A as rh it 7 —Fh 2 T RO By S A 1 2 S AL,
Ph 2 ROBE J7 3K 0@ 7 B % 8 1 X B . Deformable
DETR (Zhu %5, 2020) # Hi — A1 B8, (061
27 R BB LA RAE £ . Gong 55 A (2022) % H
YOLOvS, - E WA JZ AN 1 7 iR AR Rl 2 #0930
DSk SR ARG /N A 4 s 4 AR Kk 5 46 4 Swiin
Transformer T 3k , HAS AL 7 1 37T LK H3 42
7% JE B A 2 & PE . AO2-DETR (arbitrary-oriented
object DETR) (Dai % , 2023 ) 2R FH— Fl 5 ] 10 A AR
B, AT I A B [ B D AR R B G i 6 B e
DQ-DETR (dynamic query DETR) (Huang %% , 2024 ) fifi
4 2 H RO ) P R 2 B (8] s 25 8 H AR A if)
18 B0 I o A 1) 0 AR L LUK 8 G i)
EE7

Chen 25 A\ (2023) 2 i} — Fh 4 2 MDCT (multi-
kernel dilated convolution and Transformer) [XJ 387 75 BA.
i Bt H AR K ALY Transformer He 42 il 2 — 2% H
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T A I S8 1) S50 ) 265 v, LA BT 1R 52 %8 S5 Fn 4 4R
Yserh BAsfE B A5 . LisEAN(2023)% &3] /E 5
I H PR B R X 45 LSKNet (large selective ker-
nel network ) , 3X /2 T UK 7E 1 J% H Ao il 0l 22 i
PEVERAZHL o 380 2 7E R E i BB e 2y 25 ) e sz
5, REAS T A A A BN [] B b o 1T 505 R 22
o X BN EREZ B Y 58 AR TS [A] e AL
AL A — R ER B B AR AL PR RAEEAT T
AROMBCRZS ARG o X S UL A AR g A
BAHE , MRALREDS [ 38 1 PN A N
FEAH 7 b ] R SR Az B, DA G i A 4L 2 R B b 4%
FEBR BT SCUE R

R SCE B T SRS TE R BN H BRI 8
S R B SRR B B H AR, A 1)
TR Y S G R R 2 i T B, AT AT R0
DA FIIRAG SO0 o L SR R AR T A8 280 58— H A
FRIE B, A7 0 H AR 0T RS A A 53 3
PAIS AT REORAFFE i RO A U PR BE . SR, IX by il
ARESI AR DLERITURIG R . Rl 4/ B s 5 H
5 5% e BE AR B AR 40 e ), 1T SO B AT B I AR
H AR5 75 5 Z 18] AR VA , AT 3 e I 3 7 v ) 152
Ao B I A XU
2.4.2 HEThREMER S T YT ik

TN AR Z SM0UE B SR 2 2% 7,
HAEG ISR . MR FRE R - A 22 th T
N KRR BB A B 1Y RS i, MR FR 23T A
FERAF B RS AS | 3 e RL AN TR, ™ E R
MBI 2 > AU A8 P BE RN AICR, -

R BEARA/IN B A 0 fry 0 St PR R AR, 28
HAAEI R (Xu s, 2016) 7 Tl /b i H
Fror#h s B A R . B AR TR 2 (Ranjan 45,
2021) it P LR i RIS Z A Lee 55
N (2022) $& H — Bl 22 B Z 2650 A ARKE I C3Det
(class-wise collated correlation detection) , 43 1| 18 13
S Rl A AR AR AR G, DR BB AN 4 Ry Jy 20k o 2 K]
BT SCEERAR I A OCH, — B L
HARIE R AL HE S B, C3Det 5l 20K X 215 BAE N
B ATFRINE 22 H BRI I FORE L AL 65 ] P R 98
FE R HFRZE A RO T FR A

H ARG rh b 2 M P (2R L 2 24 T HOR
[F) 248 U (0 B 28 W 75 2 LA (] 1) 7 =X R AR 0 A g
Zhu 55 N (2024 B AR 2 MRS 73l 4 28 AR 2R

HMRAE D e RS FLANEA SE BT SHAE , TR —Fh 2k
M G/ H A% & I 2% DN-TOD (denoising tiny object
detector) , B 45 & T JIBHINR 25452 1E J7 S8R M P 2
BRG] L, SR P 3405 | 557 2 RO R Ak L0 SR AE Mg
P o T SCAE SR (Li 55, 20200 ) K 34 FHAE G450 4T
RO AT AR IR 5L 53 A1, 388 3 120 FHE B AN B 7 7
AR FE MR AT Xu A (2021e) R T —
Fp F T o027 2 BB (meta-refine-net, MRNet) , 18
b SRR P T M 7 1 T RS B 1| R figp R 25 e 75 )
81, Bernhard Fll Schubert (2021 ) {B 15 It 45 2 Y 1) Mg
PR R N s (B R 22 A E bR AL B R T
— P R TE AR 2] ) A 2R Ay S Y g M s
DN-DETR (denoising DETR) (Li 4§ ,2022a) 5] A 2 1
YIZRA AR — I3 R DE EE A AERE o Liu 55 A (2022) #1]
P93 2 D bt e L 45 R e v T Ak PR SRAE R 7
Wu 55 N (2023 ) fdff HI 5L 22 92401 2 ~J 19 07 V5 A HE Ik
PR AT E R T R — Rl T A3 ) A 2R B
PG % SSD-Det R 4748 25 [R5 &, , LA H 2818 19 7
AN HER 1) 31 FAE

AR 25 M 7 Kb B  vT DL E  e R RL A
B RYEANZ AL RE TT , B PR ASE TR A7 TG A A R A A A
S, T LA 3R I X A [ A B AR A R L T
1 5L P A T M P R Ty vk L RS AT DL /D
TR RAR A R 1 070 T 52 0, DA T A ) B R Y 9
IMBER o XAAT B TR B 44~ ] bR 5
ZNR] {22 5, 340 AR B 9 AR Y ) S o RO R R
RS G SR ek JBE O M P s, T RE i i U5
SR TR IE Bz AL B AR R A o Ak TR
TR X R MRS B , s 25 W 7 A LG Wt 2 18 T e 25
SARIE U H RT3 e 3 25 PR B B 2 [ Bolll 2R Y
FWE , 2T AAFRE M, S BOB R LIRS, I 1 3
SEIN R 31552 % R ] JAS
2.5 o HAHANNBRENEZE

TEMUHEE T, AARE A5 S B 35 A4 AIE
ARG 81 HL 3 A AN 5], 3 TR 5 Xl g 2R
B MmN BARTET Z2 17 S h B o A A
P A AR R X, X i A AT I 2 Wi s M
T, BRI N T ARSI O MERE o B OR R
H R R S A AR RURE AR A TRt it A AR B
NLFshisesE 1977 20, 5ok Bk G0 ni s/ N
DI/ e, 3K 26/ N Y [RT R O 5 s PR AR AR
() A8 DR /0N, A BE G i SR AR ORI BN E AR B A4 55
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B0, HaE, ER
SeFIE BE G/ B AR IR E ¥ S H LR R

2.5.1 RTHEXEIRRNIT %

i M PGB g JEARL, o] e 3] 45 2L AG 8 09 X
E0 N e EESE 7y alll ESP S i O ) F e 2 ]
H R ISR RN 8 A DX O 1k EA T 35T, LAk 0 7
A=y 22 i A X H AR, IR0 AR AN
H bR A Al 57 Xk, A5 293 H 5 98

T3 B R T ik R T BE AL B A EBT
Ozge Unel 58 A (2019) 3B T ¥4 5) #55 %F TN H br
Kz ) A 2L . R-CNN (remote sensing region-
based CNN) (Pang %, 2019) 75 %t 5 40 B R R b 47
R 2 FipA ) o /N S B, HIX ST T
A AR B AT Y, I S BORZHER BT R
AR AL, IX LSS Al RE 228 K H AR TP A
a2 AN R BRI, TR A PERE

ClusDet(clustered detection) (Yangg:f ,2019a)3H
T R F P 2% CPNet(cluster proposal sub-network )
A B H DB, RUBE il 1 M % ScaleNet (scale
estimation sub-network ) i 113X 26 X 35k (1) H 5 He 7],
I Jo A RUBE A — AR ) SR 28 DX S ke o A 381 A
) ® 2% DetecNet (dedicated detection network ) , 47
FIRRAGEIN . O T g oA i o B G BT o B g
A0 5 A W3 AR A9 [R) AL, UFPMP-Det (multi-
proxy detection network with unified foreground pack-
ing) (Huang 55 ,2022b) 5| A T Gt — i St 41 2 b 1%
R SR BB A I 5% i i B 1 DO T SRS
I, LA F 5. 58, A Mosaic 50K (Zhang
85,2016) 44 7 DX IR AT 2H 26 3 i B4 HLo 7 5
JSAGIN A 55, DT S 25 A AR S R e 1) AR

DMNet (density-map guided object detection net-
work) (Li 55, 2020) 32 [E{5 H AR 52 Al 22 30 H bR
BRI X — IR A &, B e & KL AR
JE SIS 1 AR 7 v % R W DX
Je A H AR, AR 2 0 2 ) U AR B LUE L
B9 X3 . CDMNet (coarse-grained density map net-
work ) (Duan 45 , 2021 ) K %5 &£ 18] & SR HURE B Y T2
IR T — A i A X 8 85 B AL T 2% . KERE
JEE 1 % E AN RE S 3 F bR 99 A, g EL W AR AR
H bR A RS TH R  Lin 55 A (2024) 5211
YOLC (you only look clusters) , —-/>3&F o4l H brki
4% CenterNet 14 2 14 = A% HAT S RO HESE , T i 72 /E
AR B B — B RRE RN B B TRUR 8
L) o NETIRSE TNESE NG PNAN E E T

RIYE L ST R R EZRLH (local scale mod-
ule, LSM) , it i % B Hl 17 5 (67 B K4~ 4 X3, A
3 07 A 2R 5 2 DO O LA S Bt Az I

1 3 e 0 AR DX AT H AR U A E L, 7]
LA BHERR AN & HAREA S A H AR 52X
ol R AN A 3 T A L A DX A Y H AR RRAE , AT
DA RGN BE , S T+ H bRl RS R . 767
SERE TR Z YR, X — RS RE A8 A D
RUSEORS 0 X 70 HAR 535 5o AR, 107 ¥ X DX I
73 B VE R AR A, A A DX AR 1, 7T
AE- T B0 A HE 2 H AR R e G X IR D AR X
S, DA 2 i A D 8008, o e Ak, B 3R A T AR IX.
B, — 2N AR 1 H ARATE IR ME LAVERR TR
2.5.2  JETREAE R AR A O vk

TERUAG I 25 R v, ey A B XA E A A2 )5
KU, RS 2 DX el nT B AR R 0 50 5 A
AR B DX PR e 2 LS AR R . T
I ARG A B DI, W] LA kb SE I A A5 R, L SR TG
ISR e e o R 0B A B DX s W 16 A7 18
T g A XA SRR S AN OGS,
SRR ICHE N, AT 2 g G RO A FIHE A 2

DREN (difficult region estimation network ) (Zhang
S5 ,2019) fin s T PR HE DX 880 K . Wang G A
(2020) 1] FH SR 0 2 AR Al e A PR ARG D 45 R 2 Al
0] 4f IR} X 388 . GLSAN (global-local self-adaptive
network ) (Deng 55, 2021 ) ffi Fil 4> &y — Jay #B fil 15 5 Wi
AT 1) FRUBE A2 A 0 26 e AT HERR AN . X H FRil
SAE Y TIPS B B, T PSR IR R BT 4
JRp R AGE I , 7 AR A (0 8 MR PR B T AR 2 R
H BT 7 1 G o oy R AL US| HEAT R ERG 4
LI, LA TS0 SRS i ) DA 4 2R o A B B e A T
ZER I T NMS G IR e 2R 45 R . Koyun 55 A
(2022)f i —> W [ BL i H ARG IAHEZR , B SR AR
ARSI 8 3 v R A R M Y I A A
JRCHE BB A DX A B A2 L SR 1) e [R5 b 2y
SYSRAE S, L AR S phy s FUHEBE 15 1v) e 2H A, O 0
1 P ASTEAS BRI I Y PR

BTG AR DX 7 L BE 6% A Ok SE IR AG A
B BETHAGIN 45 R ) S8 B, O e AR XY
DRBRTE 58 5T 40, DA 52 g A6 D 5803 R HE B 1
B3Z 7R 5850 A B AR E Y B F SCfE B T BE
B 2 2 b R R A . A, R LR R
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i G 0 45 2R 1) V0 A XS, I HC A 90 T A D0 1A
REALZE I, TCVEAT R PR 1 {1 B 1 et 3 T
SN REARAG ISR o
2.6 §X75 EAEE R/ B RGN EE

T SRR R R oph R ) LA A A A i B
ZAE IS ) R AR AR, Qs H A R AR L I
SE H AR L FN DT 1) A E | A5 58I K P FAE ]
FIE TG VB 1 6, LR R 1) 3 26 i@ e H A , b 2L 25 [
H AR e RS 38w 2 AT 7 ] 0 50 A0, X R i
ANE BRI RN T RN B ARSI O XERE . %
G T IKAE (1 7 A A BT el A I A7 v
AR IRDRR, T AR A B0 7 i) A 3568 T a2 SR AR P Y
BRI ECEE,
2.6.1 FETHeke HARRAEN T4

1&48 B AR 7 BT AL BRE R H AR I A7 7 B %
JRIBR T £ BE 00 AR A A A5 R T [ AR AR AR R Y A
W7 225 oy 0 SR AS DRSS e ARG B 1k Ah
SRR P ERST/ B e H b ME LR R
il et B AR FRAE Y Jy i3 2ok AR B AR 1 e £
JERlATERE AL bR 2 | BB 2 T4 H A5 Y J LA ¢
fiE, NS TH RS HARFEESS H bR a0k RS B2 , i/
TS A

Yang % A (2019b) # Hf SCRDet (small, clut-
tered, and rotated object detection ) F PN (2R L
HUIEHE F A5, 38 3 >R FERFAIE il 5 ) 2% SF-Net (sam-
pling and feature fusion network ) 2% 4] fi# P& i HE R A
AN B (R, e Ao 410 M P RN 5t H AR IS
PR W BRI 0 1 2 e T
MDA-Net (multi-dimensional attention network ) , &% J5
B ToU 5 BN 7 BRI £ 1 L1BER L AR DR e e
3 FURE R 32 B R, i ek ik A SCRDet++ (Yang
45,2023 )8 2 W A AR AR I o, FEARAE 1A |
Ty S92 25 Mk, 3o ak A M B ) o s/ N P R T
R BESNE e G T ZAG IFE AR YA — B — R
JORE A A N0 [ 483 2K 152 1 RS, Yang 56 A (2021a)
V8B 11 300 SFRE B ey — 2k v A A L ik (AR B8
W 1 5 B Wasserstein #5 B (Gaussian Wasserstein
distance, GWD) LI AT A TERS ToU 51 AT E
M7 57 7 Wasserstein {525 0] DL 15 B B R [ AL #& A
2R ) T E T Wasserstein [ 25 (19587 784 0] )5 45
KA BRI T XA

Zand 55 N (2022) i id —Fh40 732 G X OBB

YEAT %140 T 5 1) J7 15 DarkNet-RI (darknet-rotation
invariant) XJ i€ 4% /N H AR SEAT RGO, % A ROEE iz H
Ji@ i NSRRI It 1 DU A 24 R LA 5 il 2 =
YIZRFEA 1 360° - Ifl e 4% 35 FEl R AT R iR 2L 52 i i
AL E b R B RN AR AS AR R A RUEE X e
ez Ak .

T /N FARASIN n] LAy H bR A R A TS A
PRV 27 11 SFAE 3o (e A4 R 1R E A% B B AR TR T £
FRLE % 1 H A, IR I8 i 5 | A ERE AN 1 AR AT LI
Y i i IO AN [) £ RE RN 2825 1) H AR A2 Ak, BRI 5
AE AR AR L 00 b T AR e 5 A B AR %
2% o AHAN U J3E 10 22 ] RE 52 Wal S INRS B2, T HEX 1k
INBOERE 2 m bR Hoh , BA Y e e 25808 n
THFEIT RS, AT RE T B P T R
2.6.2 FETHREEVLHLAY ik

AT B9 2 0 BCFE =X, To il 2 ik TR HE I 2 T
BAAE B, ARAE T BCFE b i BEARE T B A T &, 7R 52 B
I AT R 2 AR R S N ROT Y LSS A . X
Tk /N B bR, HA B ROF /N B BAT e i, H AR
AR AT RECRFALE SE X LA TR A A 2, A g A 1 ik
o XTI BEAE A B T B 2 W A, DA T 5 A
0 s 1 S A B RAG 1R 2

Xu 55 A (2022b) N BUAT B S B AE 5 e 5 5
SHOARNE £14 B2 SR W A2 AL BRA/ N B AR 2 R 19, OF
S BEAF bR 5 D C Y I 72, A AT T HE R BRAS Y SE B AE
F AR S S0 AT AL 3, 2 1 AR 25 53 L SR I RFLA
(Gaussian receptive field based label assignment) , i
T 1 1 052 B R 25 (receptive field dis-
tance, RFD) Ff 2 0 i = 37 /52 B9 B0 50 300 A 22
] BRI o e A2 BN JE B BRAE A Y, 41 B
b 51 56 A9 YU L e R TR, g A B A AR A
HU LS PL— SR T 0 BYMELZ AP BE I, 2R HH e 20 Ja
Z AR SRR B AT LA RORT A R H AR K/
S EAEAS AR T IS BN VEE (], Hou
S N (2022) 32 i 5 1) H ARSI A8 B RS AR
H 18 v £ 8¢ (shape-adaptive selection, SA-S) AR H
18 0 I i SR W (shape-adaptive measurement, SA-M) ,
FRE F AR AR FNT7 [0 HE AR b 70 BEAR2E o Xu 58 A
(2023 ) TA A AFAE S 50 A VE FSC AT E A AN -7 2 LA
SE 8] 5/ N B ARAR 2 23 BE A > B, 4 ) — Fh 3 25
S5 LA K b 2 48 1 9 i 4% (dynamic coarse-to-fine
label assignment, DCFL) , LA 8l #8 J 0 e 55 An 2%
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B0, HaE, ER
SeFIE BE G/ B AR IR E ¥ S H LR R

Sy LA B AR R R UEA T AR LA SRR AN DR HC ) 25, [
i, 1) FH R 570 56 T P R BEORS 200 14 S5 36 24 R R 3l A
BCARAS: , Ry AN [R) S A1 PR A 1 L AF X1 ) W B

A SRR 2 3 T 5 W T LAVERA ok e B0 AE 5 B
SCHBRVCHED , BB A AL AL S A (1 I 2505
A Y B A% R 4 b 2 > B X 0y H AR 575 50 RRAE
SCIEU VAN SR 7S o s ) (1t B e UM | LT i
RUA] DS 20T 22 5C T/ B AR A 20 2Rl , 12 7+
XF/ANE AR RO GE T o 1 Sh AR 43 Be I ik T LIAR
Jir SR A EAT 13 I R YD X O SR ATE 1Y)
SEIAR B AR . 0 AR 4% AR AE 53 T SR mT
A8 2 M 3 i ASE A I 25 1 T 5 0 2% B8 A [ A
WAL, FEAR 28 o Be ok B v, W SR VEE SR M A A
i5, TR SRV AE SRR 0 BARVEES , AT T A
PRas M
2.7 SEXTEUREREA/NBIRQNEE

NI ARy Bl B SR R R e TR B 2
> 1A P B R 23 i 2 4 T (Halevy 55, 2009) o
TR PR A T RS ) e B B A P L T R 2
FERREAS (A5 70 R 6% BT A7 00 b 2% > B8 B Vs A O3
A B SE 2R, N4 T+ 0z A RE AR v . 9K
I, P4 R I R BRI A2 0T R S = . Bdis il
R FIBR AL T R A KR A B 1] T S,
HOY R SRR i An iR 5Ok A B 28 =, F3h s
VE R B AR 23 3 1 . A Bl ) 2R
RIS 0 o A Y P B AL 2 DG i AT LG I S £ O
A2 RE B IR A DAL SR
2.7.1 BETHEARY T

B TR 2 ) ORI S AN R AL, e
HAE ] 5IEe Ty o Bdsig s e 4 T/ B ARAs
PERER A RCT-BL, AT Fe 800 RS S8 i Z2 e, DA
I 4 FHA R (1437 Ak e 07 A e (Kaur 55, 2021) o
T I 4 /N5 6 UE M R AR 22 0] Y 22 B, B 1 o
A B TRz AR 2E . BRI RE 32 5508 T i S 40
FER) 3040 1 FH R IO R AR IR 2 i T A I 3 2
(1) A

RS A B 1 5 R s T AR T LA AR e, LA
PRGBS () 3 A 23 [ R ARz fhig 0y .
UL R H bR S A JLART AR JE (Simard 45
2003) . JiE ¥ 5 45 5 (Yaeger %5, 1996) | % 57 (Kri-
zhevsky 55 ,2012) L J°F-#% (Wan 55,2013 ) . X 4678
oA R UGS SURNE R FTHR T, AR08 1 8

(9 Z2 AR DT 3 5 B Gz A9 A fEEPE o Stitcher
(Chen 3, 2020) 51 A —Fh 5 i (9 B 408 1 568 D 5
3 R5 HIs T B Rk 1R 5 0 17 AN T A
A R 551 T 1 D4 R AL 38 L 2846 . Auto-
Augment ( Cubuk 55,2018 )il 11 [ Bl 44 50 75— & F2
G T KA )AL i B R SR R (1Y
RS 0], BT BOGER I BE AR 1 PP Al R R SR s
1y o7 5, {H I 25 3 5 2 o T Fast-AutoAugment
(Lim &5, 2019 ) 5034 (11T 2 71 %65 B2 T e 1) B A % 1Y
8 RG> B R A Ot TN SR
Yun %5 A (2019) 42 H ) CutMix £ 8558 5 7238 o8 A
Bt A e R PR, 5 — 1 PR A 23
DI, R A e o — IR R 2 b AR U R A
B T %k, 3252505 & , YOLOv4 (Bochkovs-
kiy 4% ,2020) 5| A —F 24 4 Mosaic 15043458 75 1% .
Mosaic (4 3 2 A JE FEALER BT 4 i FR PO EA
PREEAE VIR R E (75 B AR LS/ Le ] 1 3, DA
AR A IR

R 1 i o o B R I SR A T 2 R AR
REAE A R IR A Z2 B, DT 32 T3 B ) 92 AL g
TIPS AU B AU, JJE AR B A kA 5 00 T
I . XTI BARKIAT 55, s g s A B
B[R] 37 5 b i AR S , 32 T30 B ) 8 e 1P
SRINT , B0 1Y o R R RE SR TSR R RE L (H e g it
SIFES AN R 8], JCHAR R ARG b
SRR MG AN 2, T RED I A MRS, BT R Ew . W)
I, i 1 5 1T RS BOSOCR AN 3 LLE— 20 4R T
PERE .
2.7.2 HETHERMAE BT

/N EBR 38 8 78 SE B g 5 b AR 3, A2 75 5%
TR, T AL GE I EEAE A DN I 25 5yt 30 e A6y 5
DA, JE A A B E B, T LU GG s B bR
SRR, B SR RE AR TS A eI i A
RERS e B B Z A2 AY AR A 5 o XN IT AL
BT R R Z R R RETE BRRA AL E RN
T 507 T HEAT RS T 0 R A G B AR A A
SR SRR . BT AR A I B 5 T A
B T3 AL Bz AL RE g, A A T AN [ Dy ) R
JBEFNAZ 2075 5 0 FUARIN AT BE PR 50 s ARG 2

A A TR G 8 — A TRT B3 ¥ Sl i BE AL A
R 58 /s H AR B 5218 . Kisantal 55 A (2019)
T /N B AR TSR /N B AR T R A £
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THR I PERE o 3% A5 2k B[R] RAT AN J7 1T = 1) H FR
AVRFEDR TR AL 2) AR 8 MREnlge S B R
SCAFF . Chen %5 A (2019a) 4 —F 3 17 4 58 5K
i AdaResampling ff 2R-565 2 4[] #5122 5 W& 38 1o FH
73 %) CNN AR e bR SCIE, IFAR S B AR A JUEEFI
PEECE A bR 53 —Rhg R T5 SJE Xl 2y
A AT RERYHE SR A 1] . Wei 55 A (2018) 5] A T PTGAN
(person transfer generative adversarial network ) , il 12
1 BAR N — MR R 2 7 — R ok e 2
BT ) 22 BE A . DetectorGAN (Liu 55, 2019b)
T CycleGAN, $AT MG B EUER 9 6 4, 48 H b
f P15 5 Ak o A % H BR B9 B4R o Bosquet 5% A
(2023) Bk T X500 H1  EURA AFIEHGIR & B HoR
ZAN B T R R R BE R SR A 1A LU SN B
P B g B e RS o B — e A AR X4 1 5 e
¥4 (downsmpling GAN, DS-GAN) , ¥4 K R <) H by ¥
ey B A/ F AR BIVACR B FR A= 1/ B

A BT 28 (GAN) B HE BRI A R 45 48 0T
JE 1T A B 4 i AT REAE , TS D/ B AR RER
AR B SHESS . BRI A S s H R A
A FEIN A , SR AD B AR FRIERY S~
FEFFRIRE BE o H AR ) H AR AT RETC 1 56 42 S ke
B S S 2R, JU AR A BB P B 02 295 R
BRI HERRPETTREAN 2 o A, B H AR R
fiE5 FLSE H AR Z A AR 22 57, il B SO AL T
G AR | 2R T 5 Wi LS5 37 5 1Y) 3 B E T -

3 BiER&MiITfAiEtR

3.1 HREEFESNA

TE 18 3% F BR A I S5, BHhs 4R 473 18 o AN A] Bk
AR AR (0 o A DR DA R L ARG ) A B 1) S [] A
B AR 10 B B T R X U R R o AR
53 R WA JE Ry, R SRR A A A )
P AL TRy BN B AR I &Cs 4, AR 2 LA
BARERERNEIRE AN HS IR 4,
3.1, 1 BRERATEE AL F ARG Bodn 4

1) NWPU VHR-10 (Northwestern Polytechnical
University very-high-resolution 10-class dataset) (Cheng
45 ,2014) 2 PHHE Tl R A =0 5 8 BE R ge s
AT 2014 4R $E H B — L 110 20 HER (very high
resolution, VHR ) 3 J& €4 Hh i) H ARKINAT: 55 e 31

Btk A7 800 M iy 73 B B 15, 3 10412851,
15 CHL AR e R Bk Rk AR
Y 0 B R ETIHLAE o IR A5 X i
B BN BRI A AR 148 5

2)x View (Lam %5, 2018 ) 04l 4 J& 2018 4F 3 |5
] B R AT S 90 R T T 2847 “x View FRIN PR AL FE 4
th,J2 RSOD Hi R AT 2 — U 60126
B KZ100 JTAARiC Hin . Z8n S A i 1 i
1 400 km® 9 X3, BAT 6 ZHH05%

3) UAVDT (unmanned aerial vehicle detection
and tracking dataset) (Du 5, 2018) 45 4 J2& 1 [E #}
FBER T 2018 4R MY, A5 TE AHLIAE Y 100 2
ASRRATE 5, 18R T T o A B LA B 4 355
ZMYs . ZEIRER BAREN EEAET N E
WA BT 8 4164 HARSLH, 54 T
BT AT 0 B AR D AR, B fEHEsh oA
DIREEE I ACHIE % NiLY-3/8

4)DIOR (detection in optical remote sensing images )
(Li %%, 2019) Fodha e i) BB AR T AN [R] 1Y 228 Je 1
3 P [ | 1148 IR 8] 25 88 O, 6 55 10 1t 3 X Jsf
1z, 3623 463 LA R 2 M p BN 0.5 m &
30 m AN S Bl b g H bR SR 192 4724
2022 4, Cheng 5 A (2022) #4  DIOR-R %4 4& ,
T AR AR 55

5) DOTA (dataset for object detection in aerial
images) (Xia 55,2018 ) B4 48 ph IR 2% 3 3k 5 X
L LR AR LR 2 B IR G R AT . B RIMUA
i 4% 4 $5 DOTA 1.0, DOTA 1.5 #l DOTA 2.0,
DOTA 1.0 F 2018 4F & Hi , (05 151 HARKEH] . &
BT ARE FEBRY BRIV | AR
BN RN UK IS B R LS = 877
FAEER Y, 312 806 AL 14115, 188 282 it
HE. DOTA 1.57F 2019 4F4&H , 7 DOTA 1. 0 i HEA]
-, DOTA 1. 538 v smaifb iy B ArZE 5], IF51 A
TEZW/N R BRTE , (A5 A AT 55 A 4k .
DOTA 2. 0 — 2" e 1 % dla B HO BB, 8 25 18 4
FUAR 200, 23t 11 268 1@ K145, br 13 HE £ i
1793 6581~ A RO BIRSE I Z HE4L, HAR I
BEMSE 2B BF B, & T Z s TR H
PRAINAE 55 .

6)VisDrone(Zhu %,2018) H KA K 2EML 2527 >
A2 S 30 % 2018 AR Bl R 60 3% Tl T
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Table 4 Comparison of widely used datasets in the RSOD field

ZHR bRtk Z3 [ 43 B Fh EURECREE SRR
UCAS-AOD(Zhu%%,2015) OBB 03~2m 2 910 6029
VEDAI(Razakarivony 1 Jurie,2016) OBB 0.5m 9 1268 2950
NWPU VHR-10(Cheng 5§,2014) HBB 0.8~2m 10 800 3775
SSDD(Li%:,2017) HBB 1~15m 1 1160 2456
VisDrone (Zhu %,2018) HBB - 10 10 209 542 000
x View(Lam%%,2018) HBB 0.3 m 60 1413 1 000 000
DOTA-v1.0(Xia%,2018) HBB/OBB 0.1~1m 15 2 806 188 282
DOTA-v1.5(Xia%,2018) HBB/OBB 0.1~1m 16 2 806 472 089
DIOR(Li%,2019) HBB 0.5~30m 20 23 463 190 288
Tiny Person(Yu%,2020) HBB - 1 1610 72 651
VISO(Yin%,2021) HBB - 4 17 730 1 646 038
DOTA-v2.0(Xia%,2018) HBB/OBB 0.1~4.5m 18 11268 1793 658
ATI-TOD(Wang %5 ,2020) HBB - 8 28 036 700 621
FATRIM(Sun%§,2022) OBB 0.3~0.8 m 37 42796 1020 579
AL-TOD v2(Xu %%, 2022a) HBB - 8 28 036 752 745
SODA-A(Cheng %,2023) OBB - 9 2510 800 203
USOD(Zhang % ,2024) HBB 0.4 m 1 3000 43378
DTOD(Zhao % ,2024) HBB - 2 11 600 1019 800

[ : HBB 1 OBB 43548 7K V-3 FHEFIGE [m) 3 FHAHE =" FoR TCIE B 45 2R

B i R 3 AR PSR F B, 2 B8R T ESE
HEF A 25t Ik 38 | S R T E 3
W) 55 . VisDrone B4 2 AL 45 24> fA, Horp
VisDrone2018 , VisDrone2019 il VisDrone2021 J2 FL 5
HOLBIRRAS o AN RRAS B B S AE USRI AT
Jiry & . H A VisDrone2021 #2110 209 17 14
i 90 000 AR FEHE LA K 263 MR B, A 5
Z8E T RAPAEAY = R R S S 2 i Pk
i, HE S T o AN HIL I B A A R R R R Y
Ko

7) FAIRIM (fine-grained object recognition in
high-resolution remote sensing imagery ) (Sun %5 ,2022)
I I RR A e 23 KA B BB T ST B 2022 4F 4 A Y
RSIAMALE H bR R s 48 , fL 45 542500 #1137 4>
AR 23], 1 40 000 Wi T {8 A 128 100 774
SE [0 FAETE REROX R, G st e ek b i A LR
Sl 2 BRAE o 25 TR [ T B AY 1 R
a0 T HON AR B AR CBAR B SR TR X R —

M DXAEANR] IR ] BER IR 2 AR 85
3.1.2 @iV AR

75 F ARSI TR, /) F A3 0008 2 B4 7 it LA R
WAt h Z R EA R — A AP PR X
[l RN R 1 B R AE 2R 5 B iz (L g
LR T/ F ARSI 332 A P R R T 1 22 IR Y
H /0N F bR Rt B 0 i A PR, Ll A i 19377 35
A E AR A B R TT R RNV AS DI 3 1k,
T I AN R A I X R 8 AN P P g —
A BT BRI AN B 2 S el AN R N A
R, A BB IR BT ALt T
S P AR A RO /D (A R AE L FE 32 ) H AR
FRRRAE , DTS2 MR 17 /08 LB RGN 533k (4 P BE Pl A1
ZALfE

1) Tiny Person (Yu 4§, 2020) $ic 48 45 J2 th v [ R}
B¢ H ST T R TS 5 -5 AR R 4
T 20204 o B AR R TE TN AR AT A
KL 55, AR RN o B R s o R
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AT HEA T RAE A Kt i o PR IR, BUR PR
0 THNRER T N B R, T THERET2 651 0 A
HER B R

2) AI-TOD (Wang 45 , 2020 ) fii 25 % K4 4 th
IR AF S REMS L T 2021 A4, 6175 28 036 1
WA EME W Es 8 A2, AT 700 621 4~ H bR 5L
o 5 A MU E G bk B S A L AL
TOD rft HAR 3 RS20 12, 844K /N T HiAth
B . i BE T 2023 4F KA ES 2 4 MUAS AT-TOD
V2, BT T 24 BARZE  /NRLTE AL /NRLA
s PAESE) S RSB RS & ) N4
CINEESC 4 =450 2 ) KRt Canihn  sC (s
ST NS AE) o AL, AT-TOD v2 IR B A
T e v EREE R 0 H bR (AN 8] R 25 K S50 it A 558
TR EBR) , DR FHEHR AR R R SRIRE 5596 B %
P47 R 8 I

3)SODA-A(Cheng%5,2023) £ 7GIL Tl K27
BRI T 2023 4F & AT A 4R , &8 RST H il
NERREI BT . AR 2 51008 EE T
YR K/ g 4 761 x 2 777 15 2% F1800 203 N A
OBB EREM H AR o 2B E A 90, s &
BLCELTFEHL NS G0 R AL A0 AN AR AR A i
WE UK AU AN AT A — AR T A
378 337 5 R BOE 4E SODA-D, & i T a2 Ze 8 o
Y R R RSE AN B g

4) USOD (unmanned aerial imagery small object
detection dataset) (Zhang 55 , 2024 ) Hi m 5L AL 25 AL K
KAF E RS2 T 2024 4R 32 1 , 2495 3 000
BUZR A0 43 378 D40 . RST/NT 16 x 16148
R HBR 5 R 96. 3%, RoF/hF 32 x 3244 K H
b5 R 99. 9%

5)DTOD (dense tiny object detection) (Zhao %5 ,
2024 ) F i A th L RUOR 2 AN TR S S 50
T 2024 4F KA A5 11 600 BE K14 F11 019 8004~
SR XGRS RSE R 12, 914 K B R ENE
AL T 88 XS G o B A R R R R A
H# AR BRI, HErh % 8/ B AR H G m R
e KA AR , R MR 24 11 1124554
3.2 FEIERR

25 7 ELL 1 FHE (GT box) AT AE | 38 15 315
ZEH L (ToU) flif i — F B S FRIE . 47 ToU U FR2E
5 GT Box #p%— 3 H R T 1% B {H, S Hii A M HE Ky

IEFEAR (true positive, TP) , 75 M| A A A4S (false posi-
tive, FP) o AR ] A9 GT(ground truth) H) %€ AR
FH 7% (false negative, FN) , Bl g K . S it TP, FP #
FN %t , 315 3 6 JF 29 {H (mean average preci-
sion, mAP) APEAG Rl g8V fE

SRS B (average precision, AP) B IRAE VOC2007
(visual object classes 2007) Bk K FE5| A, 25 % B A5 &
H ToU [ P 3155t 3 ] S AU B2, XA [ 4[] 55
TR B BOR T3 mAP, MS COCO Bds 54k 1
J& L B AHHE RS, B 0. 551 0. 95([a]F# 0. 05) £~ ToU
B 7 24RE B2 (AP) o $2¢ H AR RUEER] 43R JHA
Al PEA 16 5, AP, 1 AP, 23511 ToU 2 0.5 H10. 75
I AP 280K B /I v ORRUBE H V- 2K B2 3
APs APm APL. £ Xt /N H A5, I APeS | APrS Al
APgS Al AR Bl 460 “ B/ H b AT 225+ o
TSR AR AR R I 40 LA 2 )Yz N
3.3 ERUNERENERITEE

N ik — 2 R 7R B B EL A AR AN H AR A
T EAEAS B AR BRI SR, X 3 7 ¥ AE Vis-
Drone2021 ,UAVDT ,AI-TOD F1SODA-D ¥4 4 I- i
AP REX L o

S HAE T ETEA R EHE 4 FrIPERE LLHL .
Ga ok E AR N ETEA B ErERE2E R,
B — M7 vk BETE T A B d 4R AT R R A
CDMNet (Duan 45 , 2021) 7 UAVDT $i 4k 5 3% Bl i
o Liu 558 A (2024) $2 i} 19 YOLC 7£ VisDrone Al
UAVDT 46 8-V B PERE IS | A6 RE ) 47, 352
P v /AL R RLRRCHY H AR AR . G LSM B
B, YOLC 1 VisDrone Z#i2E L 39. 6% HY mAP HUf
AR LS, I BEAS I 9 22— PR I 4 2 36t T 470
EE7

LA 2, YOLC 783X 5 4> #5405 2 H A A 55 110
FI AEAN [ T i 7 T 1590 4R 1 1 e 3R BT A1

5o FRHJE, VisDrone ¥ HinfRE 2 R

BEAE R, HAT R/ HAR s UAVDT $dfa i H 52k
U JUJRE XA vP AR AR 55 A B AR, H AR RS
AEARXT LN o Bt e P 18 B 4 DX, (A AN ] 5 ik
FEIX A EE AR X LA R B3 2 B A R

Xu %5 A (2022b) 4 Hi 9 RFLA 75 AI-TOD %di £
BRI A A TR AERE . 107 E A R IR R
32 B G v 3T O A B S B A5 B 32— A e
Y IR T B RS S I AR
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Table 5 Performance comparison of different methods on the VisDrone, UAVDT, AI-TOD and SODA-D datasets

1%

VisDrone

UAVDT

AI-TOD SODA-D

ik
AP AP, AP,

AP AP,

AP, AP AP, AP, AP AP, AP,

Faster R-CNN(Ren,2015) 21.8 41.8 20.1 5.8
RetinaNet(Lin %%,2017h) 14.4 24.1 15.5 -

Cascade RCNN( Cai Fll
Vasconcelos,2018)

160 160 150 -
CenterNet(Duan%§,2020) 278 142 17 164
FCOS (Deng%#,2021) 166 288 167 -
ClusDet(Yang,2019a) 284 532 264 137
CDMNet(Duan % ,2021) 307 513 320 207
RFLA (Xu%,2022b) - - - -

YOLC(Liu%,2024) 39.6 63.7 41.6 193

17.4 25 12.8 29.9 9.4 28.9 59.7 24.2

- 8.9 242 4.6 28.2 57.6 23.7

- 15.1 34.2 11.2 31.2 59.9 27.8

166 134 392 50 215 488 156
- 126 304 81 239 495 199
125 - - - - - -
24 - - - - - -
- 257 589 188 297 602 252
201 - - - - - -

T ML PR R S B R A R =" R Tk H A 2R

BTN B bR B 22> . M Z R, Cascade
RCNN (Cai il Vasconcelos, 2018) £ SODA-D % i ££
R AAE. SODA-D ¥ 4 5 AL-TOD s 4E 1y
3% X BI7E T, SODA-D A 7 1 K (1) H A il 4 15
O, X A A DU AT 55 5 0 2 2% R 2 A PR PE . Cas-
cade RCNN 3# 1t 2 By B 114 101 U9 77 A3 250 % T 3k —
[B) R, JCHAE Rl R s OL T | REAS R Mok &2 H b
IALE . BRI, RFLA 76 AI-TOD $di 42 03
W10, 15 5 T HOH 0N H ARG 27 2], 1T Cascade
RCNN 7E SODA-D #4548 rh i R BRI 15 45 T H R 4F
)3 P4 b P

Faster R-CNN(Ren %5, 2015)/F A 4 H k6
T, M T A SO A T AT DX R AR SO R A7 FE
SODA-D %45 % £ AL T CenterNet(Duan %5 ,2020) ,
A A 3 Bt AEPE e 22, B iR T HAE® L /NE
PR 45 5 N AR, 3038 T2 Hbr Ay
S0 35t . CenterNet W 7EFG 5 H AR Mo S 54
PeFi. FAEALEITZE /N B ARkt R AZ R, /N H bR
ReF JBARZ AR | 5 1 RF R E 1] () 6 HE DC fc i
A0 e DL B 55, 52 0 R AIE 2 IRORTAS: TUDOKS BE L 4 [l
B RS A R TUAR G HE 3 m 55 5 0 T4k
FIWT

SRy B UL S A I 45 2, AR A 2 TN R AR
TEA B4 Ly Al AR 25 2R BRI & 3 s .
T 0 TR A5 SR A A3 AT, RE RS T T R £ 3| | X Se A

AN X T 3 BN F AR bl Rk D 5y
A AN SRR/ H AR SRR A, B & 4R T TG
AES e

YOLC ~  CDMNet  RFLA  Cascade RCNN
K3 AR ETEA R R g il Bk 4h 2R
Fig. 3 Visualization results of different methods on

different datasets

TESL 2RI 5 A4 H bs AT, B — B 2
SeREE Yo PARIRRI @ AR . H AT
RHART o H A R AR TR A it 5 R . 3
B RO KA L TR B R 2 25 BERS IR T
B ARSI, S I A 2 B A, AT
RIETIRE 2 HAR M Z LG SEHIE N RE ST . KA
AL RE SO A I TR b A ) 4RI 3 RSl o 2 )=
R ZRIR 3 A A TG A [ RS A B LA
AT BRI SR 0 T HE— PRI DT ik
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(1 RE 22 53, X4 7 B2 7E DOTA 1. 0 B4 |
F T PEREXT EL, 43k 6 i .

8 B PR ARG I A5, 55 o R R b &
A /INEES B AR I R AR — R GBI, 3 42
T RO F B T IR PR K o L %6 AN (2024) 2 HE G 5%
i e KA AL E T 2% DecopleNet, Bl #r P i@l & 1
FFIEBE R RAEAS B 5 2 S I RRAE SRR B, Jre B
HH AR R )38 M L BBAE B e LA S e I L K H AR

R A5 Z2 AT 55

£ DOTA 1.0 H b5 4% 55 1, DecopleNet £
RS B2 ¥ 1K 78. 0% , C 8 [R] AR [ ), 12 46 2
TES R M S 2R BE ) LR B (0, 280
S 23.3 M, BEFPTF s B X (floating point opera-
tions per second , FLOPs) A 142. 4 G, i Ik T~ HAb A=
R, A ORI RS DR BE B 6] i), B R 4 Tt 1 s 5

F6 AEFHEEDOTA 1. 0 HiRE EHMERELER
Table 6 Performance comparison of different methods on the DOTA 1. 0 dataset

i AP/% Params/M FLOPs/G
SCRDet( Yang%,2020) 72.6 - -
ROI Trans(Ding%%,2019) 74.0 55.1 225.3
G.V.(Xu%#,2021b) 75.0 41.1 211.3
AOPG(Cheng%%,2022) 75.3 - -
ReDet(Han %,2021) 76.2 - -
Oriented RepPoints(Li % ,2022h) 77.6 373 200.5
Oriented R-CNN-DecoupleNet DO(Lu %:,2024) 773 18.6 124.2
Oriented R-CNN-DecoupleNet D2(Lu % ,2024) 78.0 233 142.4
T IR AR RIR S A R L 2 2 =" FR O R A5 R
£ ERyTERE T

4 & &

T/ N F R G — L R SR AT ) — A E
HA PSRBT . 7545 TR~ ) BOR B PR
A 18 BN FRR G IN 32 2112 S I U4 A
Wi A BIE . AR SCIRTE 1 130 A i WFFE 18 3C, 41
FA G B TR T IR 2 ) (R /S FARAGIN AT 55 1)
WK . T 2 AR B s ) bR 9 R B 45 1
SIS FUARASIN B4 7 R A, BV AT AR 2D |32 AN DT
BE | PEHGE T 5E \75 SR A AN 5] 5 1) AN
TE MR SRR B, R, /N FAR 978 SCHEAS [R) b
el e A P A, R TRl 2 iRtk AL 55
e 2R LS F ARG i) B i S . IRk, i o A
Il e 5 1 A AR iR/ RS E S 35Tk AR
Xt b R AL B A 2R S X A — 2R T ik AT
(e B3R D 2, G4 1 8 ) I Ao 00 B0 v A T IR 2
2] 1 H ARk, AR S AN Rl BRSO BLA /N H
PROEE MR AT ax i Bk . e, A4/ H s s
A, 4y M R BE VRS AR A 1 B LA B AR A [ B dis

% R R IR /N B AR 5 1k B SR BR T AR 35
WS H S R T 0. /N B RRKI AR
AR R IR 5 ) B AR RN T
PR 6471 -

DL BiL =S S ¥ S 2y VAN E R ol BIUE N
AN ARG RS B, KA T 52 24 i I 4 1t 5
AR, SRR . BB R R A T BN H bR
R 285G H 2, AR OIS TE AR BE IR A2 PR Y B85 rh s
RS st A A B R A T Yok R BE A, 1 v 2 REAL
{0 o T S N [ 3 A B g NI N TR B
I T 43 3 G A S PR oK . B i fbi
WU AE T FEAS S 35 T VR B ot 2 T 6 0 B T T 42
T AR AR T SR AR . X R AT
DDA TR Fry 4 B o R 48t v i 7 R 3 B A RN
R DA , 30 e JLAE Z R4 0 3 55 h i 3
P R VAN RN el K W LS T S Y VROl E|
B RTINS 43 A 95 4R RS 552 52 2 S5 R K i G 4t
M

2) ZIBERSRG . A IR H AR 2 02
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W HARRY E ISR . AR (e Rk (AL
SR RN AY A AR{E A M, 18 i 5 X s {5
BT USRI B AR 1 Jr BIR A, ik B o 4 T R o
WY HARRAE . R0 BRE B/ B AR
FFE R SO FIN R 3 2 2 R 26 AL, AT LA i o
AL SEER A EARAI A5 R . R B RS R R
TR A TR SO RN SR R B9 5 bR g, 2R
TN EARKIN A PERE . KR TR H ARAS I 14 2R
T SR N T P AR A A AR BE A 22 , I xE LA A2
Ko MZT , SRR NG T A R L e
ARE L. 23S RSTAY AL AL BE AT LAS o X 5 5% 64
il BERE 7, S BT by B2 [1] H AR B 2000 | B 4 T ) 3
figt , AT Ay 2 — 20 i i /0y E AR AG I ) 1k R B2 43 T
Ciji 1z

3)/INREAR 2 2] SRR T, AR H R B R Y R
PUREAR TE L0 PR 2% I 3 5%, O HLiE BUE 55 h &
2 BB 1 B AR BL IR BT AR Ak, T EERIRL e i
R DL 3 B8 8 e B B2 A RE T, 1 SR AR R 1Y
SR . /NS H AR (few-shot object detection,
FSOD) s 5 (A HIA BRECE O B 30 4 ) FEAK
RN BT o 2 AT ) FSOD A/ F A I it —
ARG BEA RS 2 22 Sh m AU U B
FREYRE ST o BEAE T ) FIIE RS 27 2] BOR YA I if
A FSOD B ALRE REAL AT R B 2l P sk~ ]
IR AT BN B PR IIAE 55 o X SeF R IE DA
e 455 A0 A B il D11 2 B Be AR 2R 1 = 5 e AR R 5 6
P, ABUE BB 4 M S5/ NREAS AR B B, B T R8T 2R
/N F B RIS JBE I e o AL, 255 A KK
P dfom | BN SCfE B 9 A 7k R OR 9 FSOD A Y
1 S s O A B IR A2 IR P R R s AT, SE T
Z R, I JC AR | A AR 9H W AR5 L
S

ORMEE T o T/ AR RSBV, E s
S, HLANT 78 5 52 B I 2R FOMME RS i T4, 1
T ARG 4 X, I L e AR B e v
Tk, FEEHR GRS o Moh AR RN 0 bl
PEFERRE AT 55 Th IR T2 2T Be T T HAR ST
M B o ) D VAR R R AR TE R, ME LUz AL 25 7
SeEd H AR AR B 2 2 3 Aok U D % A i B AR
H51, BE S b R A HE R IR S D AR T A
i BTCAR B FEAT U5, R LR MR s 20 %) A 1 2

T (R ARG, 00 25 A AR AR A T ) J3AS R ] o 3
FE 53 F AR BR T AR B 5 A By T4 TS 3
ZACRE T , (AT ARLLE A [F) 26 Y i) 2 Sk 1 rh 2R 30
P o SR AR B 2~ o T I A T AN Y A7 e 7
BRZEAL B AF PR, T RS RE B &R A
PLER R AR I S R @ 025 IR 7 I FE R RO H
ARG v ) R TSR SE )

5) Gk MR bR . TEIE R ENR /N B ARG AT
S RS IS PEI AR AR BOCE S, RS H Rk
A 55 36 R P 208 2 24 15 (mAP) 7 R 3740 A
#E . mAP Z5 5 % & T RS B (precision) Fl1 4 [1] 3%
(recall) , i 3 T3 BN B AP, FEXF T A 28500 Y
AP BG4S o MR TH50RT AT [0 580 38
SR B ToU I Wy FUIAE /& A5 5 L SCHEDTE T . SR,
X5 T/ BARKIN 8 52y H AR , mAP Fl ToU (1938
FHPEAFE B3 R BRI o ToU X301 S5 AE A i i DC i 22
KA MAE/N BARRI b, i T H AR RSFER /N,
B R RR B WAL, H 8 IoU B N, X
Tl DL 2R mAP XA RIPERE B 223K, AT ok i
Ty S AR RS (18 S PRAGIN BB ) o 3 A0 0 S HEAR JEE 1Y)
HF 2R AEAS mAP AR/ B ARSI v i) 38 P 52 3
PR, CHRETEA TARER2ZRKRIER T . BT
ST AERR HL TR /N B AR A IS AL A MR, R ok FR EEAR
MG IAE GG P TEAR

6) B LA . AT, 38 SN B A A ) 451 s
e P — > 32 BBk R A AT 4R ) R R B — 1k
N T GG — PR SR 20 e i
Z HZ AL/ B PR B ARy EH B, Btk
R TR U B E RIS A, T AR N B A4
fifs AR BRI , L B RO T W
SRR ST /N E bR o TR 3 SRR 6 AR 340 1V TR
EZ=XIAINRT75 -/ S TR S W= &L
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