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Survey of Small Object Detection Methods
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Abstract; Small object detection has always been a difficult problem in the research area of object
detection. In recent years, with the rapid development of deep learning, the research on small object
detection has made great progress. Researchers have studied and proposed a series of methods to improve
the performance of small object detection from the aspects of network structure, training strategy and data
processing. This paper provides a detailed overview of small object detection methods based on deep
learning. According to the principle of the methods, the existing small object detection methods were
divided into multi-scale prediction, data enhancement technology, feature resolution enhancement,
context information, new backbone network and training strategy, a more detailed comparison of these
methods was done, and the commonly used small object detection datasets were introduced. Finally,
summary and prospect were made combined with the development of the existing technology of small
object detection.
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FHR 5 SR BRI | 75 B A 1 2, LSN (S 52 BE AL
WAL, RIS B % FPN fp {3 8 H AE I & 2 AR
JZHERE IO, SO T —FOBLUE] FPN, S8
TSR T 2R B U A . 78 COCO it
B & T IEAE R SSD RIAEEH VCG16 B8 T
TG HLT , 5 SSD M L, B APs IR AR$E & T 2
A L. SCHR[ 33 T4 EA B 32T 455 B ARl
1155 Z IR 2P I, Bt T — & 1T B AR i
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HER K Z B A T ResNet-50, 3C & H 1)
DetNet-59 W87 & BU/IN H AR 75 T3 R 58 K, 7228 9F
I (intersection over union,IOU) > 0.5 WJIEH T, /)
H bR B3 43 B gi w7 6 A 3 s, SCHR[34]
28] ,VE%%%T Faster R-CNN F1 Cascade R-CNN
02 7 T T BB TR R R A
Y AR 32 H T DetectoRS B H:. 1 G, B ¥
FPN 20583 B T by 3T R4 X ke
VA PS5 R RE 24 TR R AR B BT 1 2 3 5 HAK
SIAT AT 25 A R Sk X R AR | B ARA:
DR REAS 3 1 BRI 2 7T

2 AEIEE

RS20 1 BUA (4 /0y AR v BEAY

J5 8 AR K — e RE B2 /N B AR AR 5 1
HEATRT LG, 5 R 1 PR, PR AR PRI APs, BJ
T/ HAR BB BIRE B 5 3R s Y45 R 2 S 1
COCO ¥t -1y APs f5hrfE 8. M AT LI, H
T T M2 45 B4R IE 4 TS A5 B 2k RN
HEZR T ARP AR 45 = B 1) 00 208 A 8 1 o 3 ot 44 5 IS
JERFIERY T SUAF B R4 B/ B AR iR DU B, X 4
k4 73 TP AR R & B T7 ORI OL AL, A W 2 s
TERY R 3K B 1 4 A R T/ B b A 0 14 58 19 $2 71,
PANet I DetectoRS [ 2% 5 HH fiffy Hb 36 UF 73X — 5.
A, DetectoRS H45 FRAL UL T X5 B HEZ FIH W
M. M TridentNet BYZ5 AT L& B, 82 B Al H
P RUE Z [ BT G 2R | B REG BRI IR 2 BB
P YR AN = RN SR oRlE NP7 51 AN E R 7 iRl iRy e
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Table 1 Comparison of small object detection algorithms

UNER 7N o2l sR7S FT M 4%
Sk LR B WERHT T T OBOE TR ResNet-  ResNeXt-  DetNet-  APs
wo oERHEAR PR UER R 101 101 59

SSD513'% vV vV vV 10.2
DSSD51311%) vV vV vV 13.0
FPN'') vV v 18.2
PANet! ' vV vV 30. 1
Libra R-CNN'™! vV vV 25.3
SNIP!'¢’ vV vV 27.3
SNIPER!' vV vV 29.6
TridentNet''®! vV vV 31.8
CoupleNet''*’ vV vV 13. 4
DetNet'**/ vV vV 23.6
DetectoRS'** vV vV 37.4

3 /BN EEE

AT, TR A ) (1 F AR A e 2 T
KRB, SR 0T 7E R0 A A I s 4R P, Ok
Hh e B B B2 1 /0 AR B SO kA2 R
/NI A K SR — D HZ R, O T et/
BE 7 RIIES & NIDY -8 e = - E 24 DORANE L 7% il
AR SEAN ARG A A

1) COCO™ . FB) HARK A IG5, & T
Kur/hNEbr. —4 5 T 91 K HAR, A 328 000
SKRIE N 250 T A HRIFHE.

2) Tsinghua-Tencentl 00K ¢ L — AR AR I R
HEUREE  RHE T 10 TR ER AT 3 A AKE
PR s,

3) Tiny Person™" .t ER}2EBE K24 H Y 5005
4 Qs A —A 251 Hod JIZRE 45 794 3K
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4) DOTA™ . 3 B % E A K 00 450 36k 14 405
B, — A E 15 RS St 2 806 TREIA.

5) UCAS-AOD™" . J®JE &R H AR I B 4
HALEIRZE /WL 2 2R E AR, Hop 5 RALAE A
7482 N REREAR T 114 4.

6) NWPU VHR-10"*"; P§ 4t Tk K 2= bR vE A A
R H AR A 48 , B dE R LAY 4995 10
AN, ZEIR LA 800 K EIME, Hoh & B iw
M EMEA 650 5K, 15 5 &1 150 5K.
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A 176 sKEUR  WARZEA 165 TKRENR.
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ARSI f 2 R PR B 4R VIR 5 180
K EA.

9) URPC 2018 . /K T EI%, AL K& H/NH
b, MRS B L R R, g a
2 897 sKYINZREG AN 797 skl &4,

4 HLSRE

H AT TR BE 27 ) 19/ B ARSI 5% 1) A% o 7]
U T4 E /N H AR B R E R A S A FE
RIS S5} AN E RN ivall N A DB e
AR08 AR B 5/ B AR IR R A
TR B8 FI SRR O A T 22 RO 0 19 07 4 T
R S B Dk AR TR R A R T ik
Horp BT 22 RO TN A4 5 e F 98 s 1T AR K
IR F DL FPN R 284555 Sy JEl i 17 O A6 A
Biei e e S R SN N E A B R PSS Wi L s
JIRJERFIE T AR i/ HBR R ARIE R IR, 23807k TE
COCO HlatE FIUT 1 /N H ARSI A4 S Pr 25 .

SRS HE R b HARBY AP RE | H AN B AR
DA PEREHCORAETEAR K 2280 ) A SR el 48 R AL
() B8 3801 22 RUBE P fIE il SR s ok ik — 2B 42 T/
AR BE , 10 A AR 2 0] 85 22 Al k. AR S04
GIA /N HERA I 5 25 XA B LA W 111
W57 10 AT e

1) 5T FPN Ak iy 2 ROEEBIIN. H §i T
FPN 192 ROZ M HEZE € 28 iR F2 00, AR 20983
XF FPN W AR R A 10 07 AT T IR AR R A
Ak, A5 /N B b 00Ks B2 13 3 T — & 1Y £ T
DetectoRS /27 FPN A9 5EAl F ik EFF7F COCO %

PSR DARAR B APs AR FR AR S 2k, AR, Ao
S ALY FE T FPN AR AR RS 5 07 30, 80042
IR A FJE DAL, 560 /N H ARG i) 4 THT
i .

2) MRIFIR ISR Z 7%, He 5041 T
KT A I oA D00 190 265 KA 01 A 00 A1 3 AT
55 Z BB 2257 TR 18 AE B8 AI7 6], H AT, 3% 07
1T T AR e (R AR ZE TARERHRR.

3) BRI XN BRI A 2. H AR
FOBE AN S2 B B TE R S B0 5 2%, U] 5 T Uk
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