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Abstract: Object detection has been well studied based on the traditional manual features and deep learning algo-
rithm. However , the research on small object detection has just begun in recent years and there are little research outcome a-
vailable. Furthermore , most of the methods proposed are based on the traditional object detection algorithms with certain
modifications so as to improve the accuracy of small object detection. Small object contains fewer pixels and has less fea-
tures,and it is even harder to extract object features after down sampling. Hence , small object detection is a challenging task.
Small object detection has a wide range of application requirements in the fields of automatic driving,remote sensing image
detection,and criminal investigation. It has important practical value for the research of small object detection technology. In
this paper,the existing research results of small object detection are summarized. Firstly, the existing algorithms are classified
into one stage,two stages and multi-stages according to the number of stages for detection. The principles of RetinaNet ,Cor-
nerNet-Lite  feature pyramid network ( FPN) and other algorithms are described and compared. Secondly, this paper describes
the application of small object detection technology in different fields, and summarizes the data sets such as MS COCO ,
PASCAL VOC .DOTA . KITTI and algorithm performance evaluation indicators. Finally , the challenges faced by small object
detection are concluded,and the future research directions are prospected.

Key words: small object detection; scale variation; feature pyramid;deep learning; feature extraction; convolutional
neural network
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3 ARNEARRME AR LR

(=R7 TS AP APs
YOLOv2[?%! DarkNet-19 21.6 5.0
Ssp513123] ResNet-101 31.2 10.2
B

K}f - DSSD513 (24 ResNet-101 33.2 13.0

GRS -
RetinaNet! > ResNet-101 39.1 21.8
CornerNet-Lite 20! Hourglass-54 43.2 24.4
Faster R-CNN +++ |2/ ResNet-101 34.9 15.6
Faster R-CNN w FPN(?") ResNet-101 36.2 18.2
Faster R-CNN by G-RMI"%! Inception-ResNet-v2 34.7 13.5
Bk Deformable R-FCN!?] Aligned-Inception-ResNet 37.5 19.4
RS Mask R-CNN3! ResNet-101 38.2 20. 1
DetNet-59 3! DetNet-59 40.3 23.6
SNIp!3 ResNet-101 ( ResNet-101 proposals ) 43. 4 27.2
SNIPER ] ResNet-101 46.1 29.6
L ER Cascade R-CNN[3* ResNet-101 42.8 23.7
ik Cascade R-CNN * * [33] ResNeXt-152 50.9 33.4
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VL AR 453, TP 125 S50 A 32 T R /N H i
B8 T 5 AT B g o7 P 2 e T A B B, B  TE
S /0N E BTG 09 1 Bl — e e T AE R ok
HA TR ORI F 53 23 ).

Eggert C 451 Faster R-CNN B T4 b AR 1 19
Flll 437 T Faster R-CNN X /v H 5 K 00 9 1 B 155
B, I RUEE RPN Fl % Ry 2R 46 6 AT RIF5E , 42
TP R R RE T R AR TN R A 5
AR ] faster R-CNN 23, 78 Flickrlogos i s 4
R A T A

Hu P 280 R T AN/ N RS B0 520 0 20 1
MR BERASHE R4 % bR SCHERE = AN A R o
AN AR R HEAT T 4R 5T, 76— 3K A 1000 > A 19
Pl b i S I i AR B 24 S 800 A, % B 7E FD-
DB I WIDER FACE i85 1 I8 T ARG 55 R

Liu W 25 4R T — R e AT A0 0 53
TR E) T 4%, SCik (39 ] i 32 AR R
AW T ToU BRI 2 AN G S b Rk B4R T E
RORSEERY H B9, 7% 530k SSD S HESE , L ResNet-50
SR 2% 3% SCHRIE T T 22 B Bk 2 42 T/ F AR G
W ) — AN ARA 2 7

Li J 21 S0 i PGAN Jy i 1o P76 20 58 A a5 K )
b % BN R A R B R 2R, 6l F

MVRFIE R 7R 5 R HARFRE 78 26 0L. A i ) 2% 3 ot
BT 2 BEIBCANRL B RRAE , K/ B AR 43 B R AR A R AR
R Ry oy R A R M RR AL 0 ) I 2 — T 1T 3 BRI
YRR U W 43 BE AR R AR 5 B S R W AR FRAE [ I 3iE
B SRR 2 19 A ol 0 B 23 A X Ay D00 e 4 2 A
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Ren Y 2" 5% T4 Faster R-CNN 578 137 F 7856
23 G b )/ B AR AT 55 . PASCAL VOC Bk % 1)
FRILTE Faster R-CNN & &R & 1. 28100, B Faster
R-CNN i FH F /N B 3 J8od G0 i 23 B Re 8 22 T
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FEE G /N AARE N B RHE A AN S s
b8 AN E ENEPE T AR S A0 IS RANE R AN DEEOAeE 3 €/ S E|
[HIESERANE RN AT IENEA €/ S DRERATIS €/ SEH RSB )
MRS, AR R A TR EARBETE A
SREMG G , 25 TN, T 114 B0l 2 2 45 72 465 E BF 98 0
e ALQRNDEE/IE S RS g el AR R Ty oaill ko €iTE SN
AR SOE bR SRR AR | A S B R AR Hop
R LA Bl gE MO 22500 4 k.

®4 ERBEERESH

PG/ S G0 E:2KivA Fhk & R B
MS COCO 2014 AR ] 91 328000
PASCAL VOC 2005 Pattern Analysis, Statical Modeling and Computational Learning 20 17125
(A~ F BR L 5% By ) 0 25 1 4
DOTA 2017 ORI S H S 5 AN SRR B 15 2806
UCAS-AOD 2015 TR R B R S 50 5 2 2420
NWPU VHR-10 2014 [ 10 800
RSOD-Dataset 2015 R 4 976
Tsinghua-Tencent100K 2016 TR 5T A S R 128 100000
KITTI 2011 TR R R 39T T3 T e 1 P 25 1 BRI 5 B 5 200000
Flickrlogos 2011 TR TR R Z AR SR AL 5 S5 00 32 8240

4.1.1 NHBUBE

MS COCO B4 " 405 T [ AR I A LI LR 3 vh
VLR ELRRIE R, A S LA A, B bR SR B, H bR
JSFEE /N 8] 9 2 COCO $di 46 i kL. [k COCO %
Pie b BT 45 S , % T/ EARAS IIAT 45 30 U, BRL7E Al
ARG AT o S A ) T COCO i 4
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Dataset examples

K9  COCOBHRAER:

PASCAL VOC“ 4 Jy 2 i S 48, 16 G 40 26 5
I P45 50 0 45380 32 i P XL BEAT: 45 o W 2 )
PEALARZE . A 2005 475 2012 AFRHAFEHR 28T — 3
PG R 55 8. 55 FE 0 £ 5 H Y 2 1R B B 52 4 o
— B B B A
4.1.2 ESUSMNAEESE

s R R B A REZ N, MmN LE

SKFNIETT K, HU AT AR RO 2 [ 26 H ARt /N —, B
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2JLAMMEE, I L Zs 128 2R MG H bk I 5 K £
BRI BRI BE 45 . B 48 A LT LA
DOTA $dfa "™ AN T 23 G B AR i ok
PUBERAE. % T DOTA-vL. 0, 4 & ok [ A [l 14 1%
ISP 45 17 2806 ML 2 (8115 43 i 14 1) K /NE 800 x
800 F 4000 x 4000 4 2 2 [l , £, {5 75 4 Fft e il 7 17l
FIR AR 2. 52 A TERR Y DOTA {8 £ 7 188282 4>
S2f5i]. UCAS-AOD ##a 4 R & B HAR % K
BL, LI R 75 5 ke A, NWPU VHR-10 i 41 e Ay
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RSOD-Dataset $(#a4E """ 433 KHL 4855 37 S HF A
PO HAR, “HLA 446 kK R, Bz 189 sk B Fr, ar &8
M 176 sk & R JhAl A 165 5K & Fr.
Tsinghua-Tencent1 00K & — > K KRAR 32 18 A s 3 v
B S bR G RAF i/, BN S bR S H RS
Ty 22 UG e 4 . 500 4 TR T i R 4 o BRI R K
St b TR S A S PR 43 i R T B A i T
PRI, BRI AR A 45 7R RV 5 7 5 = K. Tsinghua-
Tencent100K J2& H i & AL A 195 T 5523 50 ) A FF
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S UER % ( Average Precision, AP) " /N H kR
M —> 5 FIVE S8 b5, T T 315307 249 00 46 U A B2
iy A I A 7E B2 ) A PERB 47 IR 5 T MAP U B %
TV 22 H bR i A 0 25 1 B8 , 47 5 4G DU 25 78 Fir 7 26
SRR IR, BT B RS2 500 AP E 5 AU A
FHNMF-HME. 72 COCO FHi et AP RNl MAP, APs
SEEEX/ N BARBPEA FE AR, /N B AR AR 1 2R R D
F 32 x32 fHFR, AP AN

_ TP (1)
TP + FP
(1) o TP 2R IESE TN A 1E 8%, FP 24 7 2 i
NIEZEERR.

IS 37 RGN P A 5, A AR S /N H AR A I ) —
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AL v B R AR B, 18— AU A B B /A
BRI el B2 AR B S 1) — PR FE A, B U %
TR, A BE S S A .

V-2 47 [ 48 ( Average Recall, AR) KI5 £ i IEAEAS
o7 SEBR IEREA BB e, IR AR
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