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Small Object Detection Based on Deep Convolutional Neural Networks: A Review

DU Zi-wei' ,ZHOU Heng"? ,LI Cheng-yang'**, L1 Zhong-bo' . XIE Yong-giang' ; DONG Yu-chen' and QI Jin'
1 Institute of Systems Engineering, Academy of Military Sciences, Beijing 100141, China
2 School of Electronic Engineering, Xidian University,Xi’an 710071, China

3 School of Electronics Engineering and Computer Science, Peking University, Beijing 100871, China

Abstract Small object detection has long been one of the most challenging problems in computer vision. Since small objects have
the characteristics of small coverage area,low resolution,and lack of feature information, their detection effect is not ideal com-
pared to large-sized objects. In recent years,the small object detection algorithm based on deep convolutional neural networks has
developed vigorously,and been successfully used in fields such as satellite remote sensing and driverless vehicles. This survey
makes a taxnomy,analysis and comparison of existing algorithms. First, the difficulties of small object detection and common de-
tection datasets are introduced. Second, the existing detection algorithms are systematically described from five aspects:backbone
network, pyramid structure,anchor design,optimization of object and a bag of species,to provide ideas for further improving the
performance of small object detection algorithms. Then,we briefly summarize the existing small object detection algorithms and
analyze their performance of the listed algorithm on common dataset. Finally, the application and the future research direction in
the field of small object detection has been prospected.

Keywords Deep learning, Small object detection, Multi-scale feature fusion, Anchor-free, Attention mechanism
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tersection over Union,loU) B T, & 5 5L 6 i £ H 2 K F
INERRIEREA A E . B A B AR T i 3 30h 7 R 2 80k
DACHR A b AT YR K H AR FE AR S IE 2 T/ HARFE A
Bk AT g 1] 1 2 2] R AR RRAE L T Z /N B AT

OB TE 25 . 210 B br K 0 45 58 1% 38 FH 800 4k
PASCAL VOC™ 1 MS COCO™ #1145 % & 19 B Fn 2 5. {2/
HAR AR i 80 5 AR, % F A/ B AR A 0 208 48 Wider
Face!™ Ml TinyPerson'™ 241 & A AAT A5 . B4R/ B A
Bk o5 b A U B AN I AT I S BRIz A e ) 2%

CORHEBTHAE, 5 T 00 B ARk U 77 vk 5 208 fi e i &
B4 AE ( Anchor) % S8 M TE 4R AE 2 L. X F/NE AR & &
TR G 38 0 5 HE A7 A R D B0 B R () L R HE 7Y & 10
B S H IR ] 5 2) 450 AU A 4G 0 200 5 X i AE 1 RF K B8 HE L3R
B EG A5 SRk L 8 5 500 BN A A 2 5 o A AR % G 00 28 SR A A
AL,

BT LA () B, A% SC R Ml A 3T TRT ) 5 R 8 T 45 1Y
AN EBRAG I B 4 A p B A R R T LAk E
b B 2R AL 5 A5 TR AN I R T A5 2 0y W AR 5 R A
BeAh L AR SCAEH T BOHE 4 b oo B AR PR e HEAT T S
S3 AT 5 HEBE VR4S I % /N B ARG (4 I 7 S5 R R BF 5 O
MIHEAT TR,

F 1HIH TH MS COCO %l 4 I M BeHE 44 5 /\ 4 B 5

LR, HoA AP RIAPS G346 /N B bR 0 R A

F 1 A MS COCO %l 5 - g HE 4 mir A\ (i A 24

Table 1  Results of top-8 models on MS COCO

Model APL APS PR TR/ %
Noah CV Lab 0.720 0.407 31.30
mmdet 0.706 0.399 30.70
DeepAR 0.668 0.378 29.00
DetectoRS 0.669 0.377 29.20
KiwiDet2 0. 685 0.362 32.30
360 Al 0.674 0.369 30. 50
ZFTurbo 0.671 0.367 30. 40
AD Lab 0.675 0.343 33.20

2 MNERENHES

B A TR B A 0 51 4 R A G AR Y B oL 7E R
FUBECHE 4 R AT AR I Al T A e PEAS BOE RO S . BR T E
By e PASCAL VOC Fl MS COCO, 78 38 M F A% B4 25 51 %)
/IS B R AR I R A BE AT R 43 o A A A 2 R RS L TE AL
BEIME AT N B G NI B 5 A 28 38 A 75 1B 1545

22 50 TR /N B ARG BE 4L . i AT iR R R AG
%48 £ 42 5% DOTAM, RSODM , ATOD!M 5 6 A HL &l 1%
BPE 45 AL $5 VisDrone™'™ 5 47 A K I %% 4% 4E 0§ CityPer-
sons * Fil Tiny-Person; £E A A8 1 451 35 () 50 48 42 £ 35 Wider
Face; 328 5 i B B IR 45 045 T-T 100KM'Y 1 Behrendtt!

F 2 W RN B AR IO 4

Table 2 Common small object detection datasets

AR D/ N

ER e B % £ 14 % 7 # REE 4 524 R+
- WE BE AR
PASCAL VOC 2012 20 11530 27450 — — — —
% . _
MS COCO 2014 80 32800 328000 - 50 25 25
DOTA 2018 15 2806 188282 4000 4000 50 33 17
ERE R RSOD 2014 1 976 5529 — — — —
AI-TOD 2021 8 28036 700621 800 X 800 10 10 50
T AL E 1% VisDrone 2019 10 10209 2600000 — 75 18.5 6.5
- CityPersons 2017 — 5050 — — 59.50 10 31.50
TAB# .
TinyPerson 2020 — 1610 72651 — 50 — 50
AR E % Wider Face 2016 - 32203 393703 - 40 10 50
o Behrendt 2017 1 8334 13493 — — — —
AT R 1%
T-T 100K 2016 — 100000 30000 2048X 2048 36 18 16

R TERE /N F AR B9 AE S5 SRy 2 %68 RS AR X RS P A

FA . DEFL R F B2 X MS COCO BHi 8 R ~F/h
T 32X 32 B FE M HARE A/NEFR, DOTA HdE & 1 Wi-
der Face #4454 /I B A5 i 12 E BR & #E (10,50 ] Z [A], Ti-
nyPerson £ 48 XJ /N H b5 Y847 9 — 25 4 43, B 152 Z #E [ 20,
32]Z a1 B bR R/ BAR AR ZEAEL2, 20 ]2 A 1 H AR X
HUN Bbs . 2) 3 FH RSE Y 8 S 4% BN B AR 25 B
1% 10 AR #1750 43 . SOD™ ™ E % 48 v, /1N B A AR X 1o AR A o
PEBCATAE 0. 08% ~0. 58 % Z [A] ., Wang 251745 % 4 48
RSF/NFJRE R S 10 % /9 AR /N B AR .
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g BIVR T R 45 | RS S5 R VREAE BT DR Ak B bR A 55 21
X5 A7 TR B B /I B AR A 0 B 9k AT A TR A R R

G, WAL PR ST R4 RRE SR BN B KB B, &R
ik R T £ R R AERL A 8 5 R AE SR O Rl &
] ]UBE B R AE (43R5 AE B A i SUME B . BiE R o W
24 1) B B, R 4 0 S R R AR J2 Rl R A5 R 3R A5 T
M S5 Al B bR LS8 53 25 F 5 07 BT R AT: 55 e I . 38 3 7
A3 1 1F SRR A I B AR 2k R4 (Loss Function) e W 7B A5
RISk, 3 2% 20 02T rp F AR/ IN 09 AR e 4 BUE R 0 2%
R LS e (B Lk R 7 S RN ol VN TP e mE ER C SV < | e e
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Architecture of small object detection

Fig. 1
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T2 43S LA TR R R BE A S B T I 4 R B A el T
E- N
K2 250 T8 T 2% 1 R R DK 2% .

VoVNet

Hourglass (Huang et al.) (Leeetal.) CSPDarkNet-53
WEMRSL (Newell et al.) Res2Net (Redmon et al.) NFNet
ResNeXt RD:rkNet-tSSI (Gao et al.) (Brock et al.)
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(He et al.) '[ (Tan et al.) (Zhang et al.) (Li et al.) W
@— @ @ @ @ >
9 N
Y e o~ i\ o
SuffleNet v1 MobileNet v3
. MobileNet v1 (Zhang et al.) ODIEINEL V: MicroNet
ey SqueezeNet (Howard et al.) & (Howard et al.) (Lietal.)
(Iandola et al.) SuffleNet v2
(Zhang et al.) GhostNet
MobileNet v2 (Han etal.)
(Howard et al.)
B 2 5T Mg kR k4
Fig. 2 Timeline of backbone network
3.1.1 MHEKRLRTTFREL FUHT S BT B T 7 455 280 8 46 D 58028

TEVR I 0 2 v, Bl T 45 2 A R 4% AN R AF o 3R 2k
AR AR B A SR K R AE AR IR B R AR, Hoh sk 22
#115) (Residual Networks, ResNet) 48 H A 2 28 B T #h 28 0
HIZEWIRE LMD TERER BN LR, YA EEZ
ResNet ff 2 #F #8 #, 41 ResNeXt''*' | ResNeSt?* | Dark-
Net!?2) Z 51 | Res2Net!?") il NFNet'®' % Hourglass™® (7
T P 45 fif R 3% 22 BB A 2R 890 . DenseNet™™ 2R il % £
HREM G- 2S5 M2 HEEE. VoVNet™ Xt T
B T R K — 2 H S5 ks — 2 P8, Efficient-
Nett2" Fi] J] # 22 M 2% 48 2% (Neural Architecture Search, NAS)
R g5 e B AL R I X AT 1Y B8 RE LR BE R R R A B AT
EAMM . CoTNet™ ¥4 Transformer™ 4 R # A & T M %
BT, IR ARG 1R SCE B S T A R AR
Tk R N B bR R I A E B ResNeXt, Hourglass,
DenseNet #il DarkNet # 5 JEFT 1RG04 21 .

(1)ResNeXt, ResNeXt 7F ResNet 3l F .2 T In-
ception™) H1 43 21 45 U AR, 38 0 M B 22 A M R 90 R 25
AN TERIL . U DetectoRS 6 B F M 4% ResNet-50 #
S} ResNeXt-101 JF , 7E MSCOCO ¥4 £ b /N B bR #6 I K 2
#/HAT 1.5%,

(2)Hourglass., V0 M 45 by 10 s A58 B 41 1, 24> 10 U A5¢
HE b X R 09 46 b 85 A8 K IBOR R RO R B9 R AEAE B, IR FL
=S U RO IR =SNG e 1 i VI 5 O AN E R o oA 2 4
[ # , Zhao % 4% Hourglass "1 2 4> 3 X3 B4 AL 11 5k
ARG ZEHREH N 2 4~ 1 X1 M1 A 3X 3 H BB, 7E R &K
BERIPERE R IR AL T IF B S8 b T 5k 1/5,

(3)DenseNet, DenseNet i it F¢fiF: T FH 1 55 % 1% 200
T B2 H R %R AT PR . DenseNet Z2 i 1
o BT 2 IR, OF B AR T T RHEAE BRI 2. VoVNet
2 H1 T OSA(One-Shot Aggregation) %54 , 1 4 7 Az T8 K Y J%
AR T 2 PR AE T B O T8 AR I H ROR AR Y TR)
BF X /N H AR AR R B 8 9 7], Yuan 4508 VoV Net % 4
AR EAE AT AT YOLOv3 o, B8 38 T R 4% % 45 1iF i 8 &2

(4)DarkNet, DarkNet-53" 345 53 M E 2, B H %
T ResNet H #8421 (Shorteut) A AR, i i ok B K21
B 22 B ofe 356 I 4% R . AT /N B B RS IR R G A e
Wang 25U T YOLOvV3-CS, i 1 75 38 88U 5 L #4756
B2 GEvHi T W 45 R Ta) RS RRAE A 2 2 A5 ., o kit A
N3 AR TR BE R AT R . AE RSOD B 4 1 T W 4% &
F J B ASE AL [ /I B A G RS B2 4R T 4. 4820, YOLOw4™
i1 T CSP DarkNet-53 & F M 45, 5] A CSPNet™ (Cross
Stage Partial Networks) 8 B 77 #8007 16 3% 01 S8 AR, 3 e T A
B AR B H A2 2D 0 Il R, 3 LD T B T 4R 20 %6 10 B8
o EFXE/N H bR AR AE AR SR K ] B, Dou AU R T
YOLOvA-RF 8%k, B2 &R T YOLOv. iy
Ak A TR DT AR BT SE R A RS2 BT T AE B T I 4% 19 i o
HLH 3N T R AR & 3, R BB 2/ B AR i RRIE A5 B .
SIS RAE M A YOLOv4 , B 45 /N T 138 MB, 3 B 7E
KITTY $0HE 85" E P BRERAT 1.4%.
3.1.2 #EKRARFTFREL

ST T O AR A N RR 0 R P Y A
M %28 T H L2 H K. WY SqueezeNet™ i i
Fire BLHK > T 2 8006 K46 T B, 3 4F 2% . MobileNet %&
G\ ShuffleNet 58 819148 90 A5 B 28 i A 46 05 5 3L
WA T AT AL, R R s T R i BFge 408, Mi-
croNet" "1 3 F MobileNet £ 31 #F 47 it 9F , {8 F A% k4 1 % A1
PO 265 7 g 22 [ A 32 5 M e ) P Al 26 P ST o S0 R RS T 4B
Ko GhostNet™ 45 &3 1) 45 BUM fa] 21 22 P B A LB/
B B SRR AE . T SO R A9 MobileNet fiT ShuffleNet £
PR R AT T VRN 4

(1)MobileNet £ %1, MobileNetv1 ™" ¥4 F7 1 2 B4 fift 1%
— AR BE ¥ T (Depthwise Convolutions, DWConv) Fl—A4~ 1 X
1 #: 1 (Pointwise Convolutions, PWConv), DWConv ¥ A [A]
Fi) 25 AR A% N B 48—~ 18 18 , PWConv il i 41 55 DWConv HY
A EE A AR TR o R R A [ A 4 A T A s T B
OB . MobileNetv2 ) ] % A {6 2k 5 1 36 35 o5 4k 45 1E
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Pt 151 5% 22 45 #9 (Inverted Residuals) Bk 47 51 42 BOT We 5 9%
4, MobileNetv3™ 454 NetAdapt™™ # R 38 & & 4 0 &
M 2% 25 ¥4 , 35| A SE(Squeeze and Excitation) & £ 5 fill 5 %
HH S BE S, Zhang ZMI % YOLOv3 #8477 ik, H Mo-
bileNetv3 £ 4t DarkNet-53 Jf 5] A 2 B i & Bk, I A
A5 b, ) U B N H A

(2)ShuffleNet % %1, ShuffleNet v1" &t 7 & S B &
1 (Pointwise Group Convolution, PGConv) #l il 18 & ¥k
(Channel Shuffle) B ~45#4 ., PGConv Wi/ T 3157 & 24 £ , i
TE VR Ve T4 PGConv i 1 1 38 18 15 8 il 38 AN 1%, Jn 5tk i
E R B RARES . FEMIERE L, ShulfleNetv2 ™ T#EH T 4
SR b Al BT R ) < 1) 7 [R] S5 A S L R GE R N A DT IR
BUAS g/ 5 2O B 2 A B 5 3) W 4% 1 v AR AT B D el e R
% ia5 . ShuffleNetv2 5| Al i 43 # (Channel Split) 8 F , ¥
i A A 1) 38 18 37 43 R WIS, 95 % DenseNet 19 R AE 5
ISRREZHBER .
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3.2.1 BAfeFH

PR 45 5 3550 o SR HE R AT I K Sl RO LR 13 2 43
BrR EUREES  A [8] 43 % 256 [R5 0 g A 00 28 T8 2% 27 2 3 R
ENEAORER 7S X F g Rl

H T 1R B ok K PR B/ B bR R S B R T A I AR
Singh &P T R IH — 1k B4 4 5 3 K i (Scale Nor-
malization for Image Pyramids,SNIP) , K54 F¥ 14— 2
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POE R R AR R . AL, Singh PV T AV A HOR A
B RO A — b 5 4 3 K W& (Scale Normalization for Ima-
ge Pyramids with Efficient Resampling, SNIPER) ., 1% % W& ¥
G TR R AR IR A [ 2 B R RN (512X 512) [ [T R
YERIN R 5T, BERUA A 3R RN ER AL R E
BEPEA A I 0 R Y Sk 2 51 2.
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Liu 5505 80T T B8 4 735 51 5 W 4% (Image Pyramid Guid-
ance,IPG) , WM& 3 it/ . 1IPG W 4% & 4 fiff ] 115 4 - R SR X
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Fig. 3 Image pyramid guidance network
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I 6t i A B 84T 22 Uk SR BE A B A TR BE G AR AE 1, %
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H T FPN 45 76 W0 45 0 T8 0 ok B P 2 K 25 2k TR 2 2
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Network, PANet) ., H1E 4 (b) I 7% , PANet 7 47 1iF & F 35 (1)
JEME R T — 4 A T b o8GR AR L T4 8 5 B AT
B 7 366 2R A2 o DA T K EL A 00 H B R AR B 67 1R S ARG )
g of, DLHETHRRAE 4 5 35 04 19 K BB . BIFPNPVFE PA-
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ST AR AL A 2 A BRGS0 L Qiao S HfE
T DetectoRS il W 2% . 3 33 35 31 19 38 I3 47 1E 4 538 (Re-
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Gl A B SCREER, 75954 S 4000 [ B R AR T AR rh o 4
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COCO BG4 b AH H 3L R 45 HTCE il /N B AR A4S 0 A B 42
F+T 6.4%,
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Fig. 4 Five ways of feature pyramid network

3.3 #IERIT

TR (8 A £ 2 X R e I AE AT 43 25 R0 1 A AR L AR
0 AE B IO A J7 =X R [ 43 24 A 4l L ( Anchor-based) #1178
A5 HLH (Anchor-free) ,
3.3.1 A HEHH

HEHEAZ IR T Faster RCNNPSTREER A1 L A% 40 A6 07 322
rh I a7 g 2K Al HE S A T R AT TR o) A B R T
FE 1 RE B AN A1 /N AR L 9 2 56 4, R b 3 22 RO R AF 15
SN N Y LR = oAl Y SR R RN = Ry oa U T e n e
JUST BB 3 A 100 4 B8 HE DG T SR s e o EEEE

F4 7 [ L B8 % el R S~ il 2 ARG 00 2 v 5 e B A R el
HE ) - 41l 2 B 25 R B0, /NENHE B 95 BE AR LE R B AE T 5 A T AR
B, X3 BT /N H AR A TR AR, B X B AN - A Y )
B, Zhang SE000 H2 T4 E R 4% O W 5 Sk kR TR R E A Rl
RE SHEAT 0 2 R 3, ofe (R UE AN R R ~F i 4l A 76 B 1 %% & 40
— f/N AR REE VLT B 2 G5B Y HEHE . Yang AR HE A
I ARG 00 9 e P o X T2 R S AT A R B R BE LG Dl 1 A A A
DU TE K o = B8 LR 1.5 A RRE ARSI M A . et 8 5 T R
NS A AT 55 ep 0 H AR RS AR T T /I H B A D 1 68

AR L 45 o S B0 8 S AE )R SF Zheng SN 20t
A 1 AR Ak B R R T AR U IR MR B AR R B & RE 2
BEHE RS IF HoR FH ToU f Ak 19 5 1 % 38 3 5 58 w& , >k B fIX
ANERR R XURE o 32 5K W 225 X 2o 72 e Vi K 0 i EERE HE AT

BE B AR 3 6 Hom A Z S5 fA U b, B 1k B A5 B (AR 48
B HE B A TR A 3 AT R /N B AR 1 3 |15

FF /N B A A I R TS SR A AE 5 E B A B R DG Y [
U, Zhou S5 SR 3 T IR R A B B 00 3 28 55 vk A il — 41 4l
HE . 38 2 IoU F i I 3 {6 ¥ #¢ (Adaptive Threshold Selec-
tion, ATS) J5 ¥l A B Y 8 AE Sl 43 SRy 1 B AR N 670 B AR, LR
WEI R R AR 35 47 . Chen S50 4R T — Fl 36 T BRI S AE
VG TC 5K W5 K A B AR BB IR 5 LSS B IR 1 ke S EEAE AR
IEREA PR Y 26 I 2k i R 6% 38 43 25 145 AR 8] RsH R/
H A%, DL SR TN B Am e 0 RS B2
3.3.2 RABHH

X5 TN B AR B TR AE Y B AR A DN B v 5
HE A 56 (4 8 S 4500t 22, 9 FL GG 0 RS B f s . 25 B AR I KU
R TE B Al HE /N A 22 2 R UL B 6 I 5 57 38 o 4 E 4 o
G0 D) s ARG ARk, U HE Bk A B R T X A
e

BRI A T A AE B 1k 0 Dy R T OC B R T R A T AR A
M, KT OB A B A Corner-Net™ |, ExtremeNet!
N CenterNet™*) i job 4 M 45 G2 SC 4 A5, I XoF G 5 s il A7 43 41
AR BT R W, Bk TR AR SR R A HE Bk A
FSAFS™ ,FCOS" , FoveaBox" ! Fil VFNet™ , LI I J5 ¥ &5 F
FHRFAE 4 7 95 ) 4 047 22 ROBE R0 L 9144 43 28 5 1A 43 S
AT RGEHEAT . 22 3 0 H T 5 43 0l A A 57k

3 WS O HE A IR Y A

Table 3 Summary of various anchor-free detection models
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Table 4 Comparison of four IoU functions
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Table 5 Comparision of advatages and disadvatages of improved methods in different structures
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Table 6 Summary of various anchor-based small detection algorithms
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