AR ISSN 1000-9825, CODEN RUXUEW E-mail: jos@iscas.ac.cn

Journal of Software,2021,32(4):1201-1227 [doi: 10.13328/j.cnki.jos.006166] http://www.jos.org.cn
O [ Fh 22 I8 B IT 5L P RSP A Tel: +86-10-62562563

% RE Birik mer ST LR
AL T N LT T

(RERRE R RS SEAR Y B, AEET 100190)

PO LR B 5% S 00 & (b RN B BAERF AN, AL 100190)
SONMLAE B AT 3 5 s 00 = (P BB BT SRR 7TRT), 65 100190)
RSB RS BAFSBE,ITE ME  330013)

BIE#: B3R ES, E-mail: cuixia@iscas.ac.cn

W OE: BAFRN— ARG AL AR R L — B S R W AR R T AR S AR
AFE) R 7 5 FET 6L AE AL AT RE A AP 2 W LA R 69 Tk ik 3R R-CNN AR B 4938 £ AR & 4 B ARARME X R L Z
3 AR AR At EANR T A G R T MR AGIRIT A2, B AR ¢4 RE Bl AT TR A S 3 Bk s 44 =2
— AR AR, B A 35 2 T ROEAR K AR B ARG A A 5 F 1 B s, 38 SR RV 38 AR o dTT o f E4F
WEIE R B AN RRCH — R ERLFRIE AR, WAL, N4%F XPHEESFTaEsT LA TEE
5] 6 B ARAR M FE R AT T B B oAr Aast £ RUE B ARAR M 69 )3 4 An B 38 Jp 80 A5 R 30, B R AT R TIREF
564 B AFA M 6 P A £ B R AR A R IS AZ AT T @, 4504 R-CNN £ 71 4 K & 09 B BB 422k YOLO.
SSD AR A —MN B F ik RV oA % RUE B AT A RIAAZ S, T EAHT BERETH. HERLNOFIELT
BRF A F ok B st B RE B ARAR M 6 BUR AT B 48 AT R R BT R e AT R .

KHEIR: B AR R ) R P AL S REAFAE

FEESZES: TP393

sl A A BRABFITL AR B S BN, DR, R . 2 RO bR A 0 R B 2 ST B A SRR B 4 ,2021,32(4):
1201-1227. http://www.jos.org.cn/1000-9825/6166.htm

P35 A #%30: Chen KQ, Zhu ZL, Deng XM, Ma CX, Wang HA. Deep learning for multi-scale object detection: A survey. Ruan
Jian Xue Bao/Journal of Software, 2021,32(4):1201-1227 (in Chinese). http://www.jos.org.cn/1000-9825/6166.htm

Deep Learning for Multi-scale Object Detection: A Survey

CHEN Ke-Qi'*®,  ZHU Zhi-Liang***, DENG Xiao-Ming®’, MA Cui-Xia'**, WANG Hong-An'**

'(School of Computer Science and Technology, University of Chinese Academy of Sciences, Beijing 100190, China)

%(State Key Laboratory of Computer Science (Institute of Software, Chinese Academy of Sciences), Beijing 100190, China)

*(Beijing Key Laboratory of Human-computer Interaction (Institute of Software, Chinese Academy of Sciences), Beijing 100190, China)
*(School of Software, East China Jiaotong University, Nanchang 330013, China)

Abstract: Object detection is a classic computer vision task which aims to detect multiple objects of certain classes within a given
image by bounding-box-level localization. With the rapid development of neural network technology and the birth of R-CNN detector as a
milestone, a series of deep-learning-based object detectors have been developed in recent years, showing the overwhelming speed and
accuracy advantage against traditional algorithms. However, how to precisely detect objects in large scale variance, also known as the

scale problem, still remains a great challenge even for the deep learning methods, while many scholars have made several contributions to
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it over the last few years. Although there are already dozens of surveys focusing on the summarization of deep-learning-based object
detectors in several aspects including algorithm procedure, network structure, training and datasets, very few of them concentrate on the
methods of multi-scale object detection. Therefore, this paper firstly review the foundation of the deep-learning-based detectors in two
main streams, including the two-stage detectors like R-CNN and one-stage detectors like YOLO and SSD. Then, the effective approaches
are discussed to address the scale problems including most commonly used image pyramids, in-network feature pyramids, etc. At last, the
current situations of the multi-scale object detection are concluded and the future research directions are looked ahead.

Key words: object detection; deep learning; scale problem; multi-scale feature
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Fig.1 The scale variance of the objects within different images or one image in object detection task
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Fig.2 The scale distribution curve of the instances among MS COCO detection dataset
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Table 1 Detection performance on the MS COCO TEST-DEV dataset
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R AR FESRES Ey AP AP50 AP75 APS APM  APL
Faster R-CNN! VGGNet-16! 2015 21.9 42.7 _ _ _ _
SSD512+(13] VGGNet-16 2016 28.8 485 303 109 31.8 435
Faster R-CNN+++!"! ResNet-10117 2016 34.9 557 374 156 387 509
R-FCN[* ResNet-101 2016 29.9 51.9 - 108 328 450

Faster R-CNN w FPNI#! ResNet-101 2017 36.2 59.1  39.0 182  39.0 482
YOLOv2P7 DarkNet-19 2017 21.6 440 192 5.0 224 355
DSSD5131¢ ResNet-101 2017 33.2 533 352 13.0 354 511
Mask R-CNNE4 ResNet-101 2017 38.2 603 417  20.1  41.1 502
RetinaNet5001*! ResNet-101 2017 34.4 53.1  36.8 147 385 49.1
RetinaNet800! ResNet-101 2017 39.1 59.1 423 218 427 502
Cascade R-CNNE7! ResNet-101 2018 42.8 62.1 463 237 455 552
PANet!*®! ResNeXt-1015! 2018 47.4 672 518 301 517  60.0
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YOLOv4!* CPSDarkNet-53 2020 435 657 473 267 467 533
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Fig.3 The visualization of detection results and backbone network features of ResNet-50-based Faster R-CNN
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Fig.4 Overview of the image-pyramid-based multi-scale object detection

K4 T EGETHN 2 REH RIS

AT gk R EA R4 S Rt T MR R B &N SEHE BN AL & ZHE N RN — 2o kR
HO5E 3G BT AR GG AR R T S R U B AR VR ) — BUR A 4 A AR £ X 5 [ i )R B AN SE
FAT- 22 ROBE H AR AR A0 R DU T H R AR E A 0 ROBE 23 A1 W 2 2 8 T FRUBSE A e I 45 [ o 7 1, 4 o 1) A A
2,5 TN R R I, R 2 U2 52 B 52 R, bb a0 R BE G 77 R S, L A AT 40 HIR B 1 L3 AR G i T H 5K 1 R AN i
NS A FERR IR PR TE TN H A5 28 B 50 =F 5 1 H AR AT 45 5 Z BRI BB R TR E L, R —
1) S5 36 BRAIE .

22 EFREF—*HHNEGEFTE

Singh 2 A5 MS COCO Hidis 4 b K R /N H b SR BB %, R FH AS [0 9 11 5 55 X+ Faster R-CNN #i%
80T VEAH B RE TR 58 A Ji5 M/ B AR R RS B2 BRI ZR SR s 2 L 800x 1200 1 73 #F 28 HE4T YN 25, T Xt )
KA 1400x2000 143 # 28 DUZ SR IS 92 B8 A 178 S 36 i R 325 K I 25 8 B SR IE 2R 1400x2000, 55 J5 P /)N
H AR BAS BB BT FHE 20 5058, 7T Re =2 B T ASRIR K B AR & SRR 5 A8 45 58 K, 30 7 A5 /N B AR 1)
B 202 RS UINZRAR EoRoBE 0 RS RUR /N H b 368 H /N b RUBE S BBl 1R 9 282 D0 T 400, A RGP 400 ™ o
B, IX AR A T B2 BRI 9 KB B IR B0 (1 25 2R e SR T B8 7™ B 1Y) 7 THD 488 SR 3 SR P B AL, 2 R )11 4 50 s NS 32 0 1,
PRABAERE R RS SBERWERTRE R, T RESFBUMI BT R /N, T2&5 Rk T 8 i
A ity P RO A A A R A 2 2 o) R A0 LA SRR ABATTAS 1 5 0 o R 1) L B S R I 5, B A 1l
GREARIIN Z S 5N G R TR &S 1 T 2 9 R A — BB & 735 (FFR SNIP) I 25 5% R F BlE 4
FEINGHT HRE—ZH RIS ENREEE N W EEE S, 0B 4)fa X RMIIRA B 121



1210 Journal of Software 3kfF 4% Vol.32, No.4, April 2021

Lo TR 3 — ROEE S A B AR R B SO i 4 35 1 05 S ORAIE BT B0 U1 25 55000 0 6 0% 1 5 o) B R TR SR IE
F TR I ) S D VR4 4 o 25 3% S T ]I S2 ] T+ Faster R-CNIN (R AN B, 3506 B A5 R 32 1) A 0 R S0 5
ok A A BIAR TR AT AT, SNIP AR I /2 JE 1 CNIN (1 ] B o %o 4 455 10 22 138 1 45 S s ) — /> ot Pl
GBI RN T WBCA, 2 I 25 50 I R B fif e EMR & 7 85 1 P4 475 18 ) 8 1) 7.

Z J5i,Singh %5 \¥s SNIP F+h SNIPERMLN T BEWE R v PG 4 7 B4 70 I R B 1) P9 A7 PR Al 19 L SNTPER
AT 0} 76 B 1) EAR HEAT IG5, 100 2 A & 3 15— E R B BT o JR 2 [l 2y 512512 T 7 Il R 0.
FHrp FEARNZE B LR K/ 9 WS 587G, 3 B B 48 T 12 R R A 20 H A B PUAS A D v, B A I 2 B 1) I B
AR T B R AR R 5 R A8 H AR, Singh S AR AE T B TR IEG KRR A A SRR AR, L E S 5145,
T3 7 0 20 SR /N T R0k T R 4 35 1 P 77 1 8, 7 I 5 B T AR P B K B RS S B B o i
TN R R e T Y (A RS B2 AN S 7 S B R P A BRI A i A7 R 106 2508 N 5 B 1) G 4 o 5 R
Ik FHE BRI B4 SRR I ) R A A A
23 ETAEINFINEGEFE

A — Z SR L T3 = AL 0 8RB 3 51N TR B AR, 3 QU T 9 A DX, DL I 2 11 7 USE I 2
FUEE E ARSI 5 L V% 25 50 AR ASHIN o 51 N O HRAE 2 Lu 55 A2 1 AZ-Net ™AL f1A 8, RPN 19 2% (£
R SRS A5 b — AN E TSI ORI 55 2 R R AN L 6 22 RUBE I H bt AN Bl L R
ABATT BT T — 3@ A 2R A 32 DX 3 A BT AZ-Net B3k DU 7k B D48 2R D o0, i A 405 422 X 3 o
JROR AR 7 o PO R 1, BT A 48 5 1A% R X RUBE I (9 — AR Ak X3, Jm 2 T T 480 i R Xy 2
TAFAE TN H bR AL R B R v e by R AEy AR Piaax 5 A KK AR s i R
i AL B BT X EAS B S /N B AR A I 7E PASCAL VOC Hidi £ 1 1) S 56 45 2348 B, 12 S50 A 1 1o 4 32 X

N S8 TE BN Bt 45 L ARIIUAS NS B B, TR B 3 ) 4 R R R IR R TR R G R &0k ONN SR H2 U 4
TE W 347, % BN T A0k BE IRRRAE. AN I 12 S vk IR R T — AN AR 0 P At e S 1) ) S B

Gao 25 NES: T AZ-Net (948 2% 1 AR 3L 51 N B 3868 J1 M B4k 27 20, B it 1 — AN BR300 10 S
SRAG I 15 43 R A G B RR T S F — S HURE ) Fast R-CNN X R SRR J5 B 23 75 28 AR HE AT A0, A= o v Al
FREEFHME AR 5 R s Ak & ST HR B A T R B /N B AR B X380, SR FH SE RS 2 PR R D00 48 6T 155 4 % 6 11 X — [X 3k
FEAT H ARG, 15 B B 12 X 380 PE o 00 Sk N, T UG N ORE RS AGE DU 28, 4 A6 30, B BN B AL 5/ H bR SR B0 45
R AT LT R RNE L B HTHE N, % 5VETE Caltech 17 AR I £ 4 420100 108 R AL H IR D T 50%- HEWT
I IR 46 06 7 25%,7E YECC100M %8s 4517 | ()45 2 AL B AL B )8 /D T 70% - HEWTIN (8] 45 %6 1 50%. Uzkent % A [6¥)
FELE T Gao 25 AR, RIFE & 51 NSk 22 21 3 B G H i 3t — 30 B R 1 X3, A8 3 X 30 72 F, B0 4 4 e
1% IX A2 K H A Sk 2/ B AR 35,5805 40 0 38 3o PR A [R) R BRI s 3 AT R I, I E AR T — 2B
B AR xView W8I EGEE £ E BT AT (0 S0 45 2R 0, S AR T BELEAE S o P R R AT R
FIREI 2810 5 R BETH T 50%, 48 FEH0 U5 T B S0 SR, i S B A& VR TV E = UL ) AR K 2 R
B E AR AL R 2040 . B AR BIA0T 1 3 SRR GE AR W 4(d)Fw), ¢ HIr % 7 B ARl A%k i
ST R R EAS . IR AL S S A I T )L R b DAAR I e Bk [R) R AT DUE AR 2 BB & = n Ak
4 - 3 1 o 00 o - 63 00, 5 ) PR B8R4 5 =0 0 Wi 6 2 B85 10 R — J2 P IR R — 38 43 X S A7 7R 98 7 BB, a0 SR A 37,
HEIT —EAHETE B LB UL A Y TR A i 2 ST g sk ge Sl 5] 5, K8 7 G &MU R
53 fB P T SNIPER 5 W A ATH SR A7 75 1 4 Wi B T 550 6 B 3 — 7 5 1) i) R

3 ETWERAFEEFENS REBREN

FLIIEL R-CNNT A2 10 R ) 25 FEL 42 7 o 228 190 46 14 B i — 2 R ) L R AT 5000, ER T 4030 2 2 1) R 11
SRR/ FRR BRI RCR A, R U 5 9 0R 22 R RO AR 2 B R < 7 38 B RESE T A [A) 70 2 R an A\ S HOAS
(7] FRUBE PR ARFAE Lt 42 i Sk 7 L F) A A AT T 8 i 0, A L 8 3 Y e KT e, R 6 P o 42 1 26 1N i ) 2



MA 5% RE B AR M IR B T AR iR 1211

% REZ IR AE 2R, 3 RE WS 2 RN — U MR 15 D0 T AU A5 21 B 5 < 7 3 P e SR B A 2 ROBEARRAIE, Hik 3
AR /NG 2 IR B 2 B DA 9 A 77 O A ) 2% A AR AE < - (1) 2 T 85 2 R 5 ) 2% 1A S T R
JE AL B, 75 B 7] RO AR R 7R 5(2) 2 T RS2 B AN R 0 A7 ST M 3 22 1) < - 1
31 ETHERERMERHIIEFE
311 RHIES T R 45

5 18 B AU 22 W 2% 2 2 R B 0 5 R B RS )R A P, EL 2 R A R b, ) % A A T R R R A 1 A T
JCT RARI 2 RS20k, T/ SSD B! *IAT MS-CNN Sy VORI 4 52 e, 7T A B 43 7 33 6 AN [ R ()RS AE ] 15
BUAS I bR I i e BEAT B A SRR RHAE B B ST I N b, R R AL B S STAS I K H R (H S, S BR 45 2R
KA,/ HBR IR IS P 40 9 R A5 21 W10 3 70 AR J5L IR 8 T, I SRR AR 2 DR DR R P2 25 AN A [+ AR AE 27 i
T3 AN 5] A7 A2 4 2 25 A5 SO T8 AR JE AL 2 AR OR B T S DN AL T 1) 23 R A5 R (ERF IR SR s 8 70 K 99,
AT G T SCAE S P ARG I 00 R 22 T M, B A 19X 2% A AS [ R 2 AR AE B TAS R ROBE 1) H f R AN 3
i, 75 B S A — 2 AR A R SRR (S B RRAE T B

EFxt SSD SLIAEFE MBI, Lin S AR T 25 4 IR AE 7 5 W 2% PPN LA SEARAE T 45 45 4 2 RS AE
VL Y 4 2 P52 22 1) JE RN 2 R P £ 8 SUAR JE 06T 22 RUBE () H A EAT RS U, 90 2% 5 K U R SC I 6(a) BT s B4 4
RPN 4 45 () 3 Atk b AAME N 1 — 2% b1 B2 R A0 B iR JZRHE BT 4G, 208 1x1 B RS LoRIEZ 5, 52
RFAEJZ 08 55, 28 I 3838 2 6 3 AR N ) D7 Rl 5 15 2038 R RRALE B, DA S SR K 3 79 21 RO AE B AR EAT 11 B R
5 EORFE RS S SR R BRI AR AL S R PPN W28 Y DR i T — Mg R E R 2 R R IR B
5 JRHRHIEG I ARG AR RHIE G I — 2 B2 SN AE R H bR B S R AR B T iR 2 R T 4 2R
JE R RPN ERFE I b — fi 4 #0843 AN RUEZ 6 5L FPN B TARFIE & 7 85— 2 W/ 10 s — ROBE VS L

(RIRE 0, 200 25 B v /I B R R0 PR B A L A B R M e 7 B HEAT HE T 1 Faster R-CNN, H.fE
g ORAE 6FPS FRIAS I3 52 £ b ] DL, PPN AE AR B/ BT RT3 8, A AR T 1 Aer Il W 26 58 1 22 RUBE H B IR A
2 09 2% G5 A G0 4 RN H bR U ST Ak B 25 RUPE ) 3L I ) 3 P o0 % g i EL S B A 21 1 A T S AL
MAEAT S5 b (1 an S22 #10). 55 FPN 5] B AL (f) DSSD SV O & 3k F S AbL i) SE AR Rl &5 7S ) R B8 (¥ R AGE (L IX
HIFET DSSD &3 1 [ 4 AR R A 4 THRFAE B 7 7% 2% T A W2 P4 .

9T X FPN $i t RFAE R & I RCR A — DN B, T S 5 F UREZ T 307 7R FPN 324
(7 YOLOV3 45 5 Ab B AL 35 B/ RO IR H AR 0 50 20 R IR 4 J2 R AL AE i 15 R 2 R AL I (1 T ARG S LA 2.
AT UAR R 5(a) Hh o ke TR 2 e T i L, 38 SCAR R 9 A 55 10 DX B AT 8 DX 7 1 Tt S 1 A 4
SSD Sk ELEEA B Z R AL T /I 5 AR (R DA EE 1B 5(0) i AE R R R S0 R IS ] B R AR 2 T & R (1
ANEFR L2 ST PRI TR Z X AABL T FPN ZUR 0 /0y HARAS U 0 35
3.1.2  BORRHIE S 78 2% U RFAE Rl 1

FPN % 0 JEAELE T il IO 2% P9 350 O AS [RD IR B2 RS AR A5 2 (E2 ol b 52 T 38 2 R 1O 485 ) A (LS P M,
PRI H B T — R B0 B HEAT 0 18 R 5CE ) 5725 Liu 25 APPIA:(1) FPN BSRNG UR 218 SURMAE FI T 1 i 7 3%
(K1RE— =B R T P 28 IR (0 1 R 3 2 AR I AN T 25 2K, 3 B30 B 00 ) AR I SR A 22 (A S IR
AR H AR E L (2) MR R PR RORE A 0 I 21 < B A 28— SR AT U, XA S I A e 0L, IR DR A7 25 FE 2
A HEAE J2 AT B A7 TE A FIAS B R AR AT 132 T PANet RRAE & 7353 o M 4/ W 6(b) BT il LU H,
PANet M FPN T2 K4 3 (R RFAIE < 7 35 (K 2 JT 6, XG0 1 — 2% B R 170 b (KRR ARE 750 bl 5 1) 0 8, S R 2
A ERAL T RME B e T RS R Rol XS R AR R T 06— )2, BRRO 5 R R A 2 08 1 B R
EORBEAT Rl 5, fie AL i & R AIE I B EAT AL S ORAIE 1 B — > B AR TR 78 22 MU T B A R AR R 45
SCURER IR T PANet FAFE—AMe Ut DX R B i R I Firo0S I2 A SRR AIE <8 7 3 B0 2 50 7T BUR L KA 70% %R
EAR R B T oA RUBE RV RFAE 2, R AT 30% 3K B T RUBE SR 630 1 2 —RFAE J2, IR AIE B 17 AR AR R 45 A B2 A 24 1%
FEHAS T 24E MS COCO Sl 7 HIPR B 55 1 44 A H AAs il Bk s 25 2 4.



1212 Journal of Software 3kfF 4% Vol.32, No.4, April 2021

(b) YOLOV3 ¥ 2 HFME i & 1R JZ 47 1E J5 1 T AL AL

Fig.5 The comparison of the visualizations of the shallow features of YOLOv3 detector

under circumstances whether concatenating deep features or not
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Fig.6 Overview of different ways to construct the in-network feature pyramids through cross-layer connections
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Table 2 Quantitative comparison of different anchor strategies based on Faster R-CNN’s face detection
performance on WIDER FACE validation set
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Table 3 Quantitative comparison of different loss functions based on Faster
R-CNN’s detection performance on the MS COCO TEST-DEV dataset
%3 T Faster R-CNN /£ MS COCO iV I e I 1 6 B2 A X AN ] 110 45 2 b 2

12k R K AP AP75 APS APM APL

2 FE L (ToU) 51 2k B 5 37.93 40.79 21.58 40.82 50.14

I XA I EE(GToU) 5t 2% B % 38.02 41.11 21.45 41.06 50.21
1 B8 22 3 LE(DIoU) # 2% BR £ 38.09 41.11 21.66 41.18 50.32
58 4238 I LE(CloU) 51 2k R %5 38.65 41.96 21.32 41.83 51.51
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T 4 2 0 X 3B AT R A 4% B, 5 S B AE PR AN 3 3 B 4 e AT R B UE AR ORI A B AR A R
ME.Song %5 NP H0 B I 43 BT 48 HE, 20 2RAT 55 (0 BURR IX S I 4 190 835 42 IX 3R, T 52 67 A2 45 196 R [X sl ) %
H A% 132 5 X 38, W9 3 7E 25 (8] B ekt 55 AR 0 T 2 ROBE H ARk I e B bR i R B8 K, 70 8 5 8 AT S5 1E
2 [ 1 (R 55 i) R 2 e . [R]RF b, Wa 2 DOV I A 328 122 2 A0 36 B R e HE R AR i 10 2 TR
AR B TG A T AT 43 28, )5 A R 3 S R A R PR RRAE A 2 R O 1 T e, TR IE A [ U R, S
U025 B T X — W sl T By 285 B0 3 il R 7E 00 5, o WL ) L 2 P N 55 2R AT AR A,
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B fig vk )7 %5 Double-Head, £ Rol X 5% 25 7 N 4 %, — KA W E S ERE R #T 30— %4
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Fig.8 CutMix and Mosaic data augmentation
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Table 4 Quantitative evaluation of Stitcher augmentation and corresponding training strategies based on
Faster R-CNN’s detection performance on the MS COCO TEST-DEV dataset
4 FT Faster R-CNN £ MS COCO i 5E _F 1 er I 1 e 540 PP Al P 5 9 32 0000 004 56 1% )N 5 S s

EES ] F& 7518 Stitcher I £ 15 (] AP AP50 AP75 APS APM  APL
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= 6 1 404 625 442 261 431 515
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