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Scale changing in general object detection: a survey

Shen Fengcan, Zhang Ping, Luo Jin, Liu Songyang, Feng Shijie
School of Optoelectronic Science and Engineering , University of Electronic Science and Technology of China, Chengdu 610054, China

Abstract: General object detection has been one of most important research topics in the field of computer vision. This task
attempts to locate and mark an object instance that appears in a natural image using a series of given labels. The technique
has been widely used in actual application scenarios, such as automatic driving and security monitoring. With the develop-
ment and popularization of deep learning technology, the acquisition of the semantic information of images has become easier;
thus, the general object detection framework based on convolutional neural networks ( CNNs) has obtained better results
compared with other target detection methods. Given that the large-scale dataset of the task is relatively better than datasets
designed for other vision tasks and the metrics are well defined, this task rapidly evolves in CNN-based computer vision
tasks. However, general object detection tasks still face many problems, such as scale and illumination changes and occlu-
sions, due to the limitations of the CNN structure. Given that the features extracted by CNNs are sensitive to the scale,
multiscale detection is often valuable but challenging in the field of CNN-based target detection. Research on scale transfor-
mation also has reference value for other scales in small target- or pixel-level tasks, such as the semantic segmentation and
pose detection of images. This study mainly aims to provide a comprehensive overview of object detection strategies for
scales in CNN architectures, that is, how to locate and classify different sizes of targets robustly. First, we introduce the

development of general target detection problems and the main datasets used. Then, we introduce two categories of the gen-

%5 HHA:2019-12-13 ; 4& [B] H #7:2020-03-02 ; T EN 7% H #7: 2020-03-09
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Supported by : Science and Technology Planning Project of Sichuan Province, China (2018GZ0166, 2019YFG0307)
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eral object detection framework. One of the categories, i.e., two-stage strategies, first obtains the region proposals and
then selects the proposals by points of classification confidence; it mostly takes region-based convolutional neural networks
(RCNN) as the baseline. With the development of the RCNN structure, all the links are transformed into specific convolu-
tion layers, thus forming an end-to-end structure. In addition, several tricks are designed for the baseline to solve specific
problems, thus improving the robustness of the baseline for all kinds of object regions. The other category, i. e. , one-stage
strategies, obtains the region location and category by regressing once; it starts with a structure named “you only look
once” which regresses the information of the object for every block divided. Then, the baseline becomes convolutional and
end to end and uses deep and effective features. This baseline has also become popular since focal loss has been proposed
because it solves the problem in which regression may cause an unbalance of positive and negative samples. Besides, some
other methods, which detect objects via point location and learn from pose estimation tasks, also obtain satisfactory results
in general target detection. We then introduce a simple classification of the optimization ideas for scale problems; these ideas
include multi-feature fusion strategies, convolution deformations for receptive fields, and training strategy designs. Multi-
feature fusion strategies are used to detect the classes of objects that are not always performed in a small scale. Multi-feature
fusion can obtain semantic information from different image scales and fuse them to attain the most suitable scale. It can
also effectively identify the different sizes of one-class objects. Widely used structures can be divided as follows: those that
use single-shot detection and those with feature pyramid networks. Some structures have a jump layer fusion design. In a
receptive field, every feature corresponds with an image or lower-level feature. The specific design can solve a target that
always appears small in the image. The general receptive field of a convolution is the same as the size of the kernel; another
special convolution kernel is designed. Dilated kernels are the most deformed kernels, which are used with the designed
pooling layer to obtain a dense high-level feature. Some scholars have designed an offset layer to attain the most useful
deformation information automatically for the convolution kernel. A training strategy can also be designed for small targets.
A dataset that only includes small objects can be designed, and different sizes of the image can be trained in the structure
in an orderly manner. Resampling images is also a common strategy. We provide the detection accuracy results for different
sizes of targets on common datasets for different detection frameworks. Results are obtained from the Microsoft common
objects in context (MS COCO) dataset. We use average precision ( AP) to measure the result of the detection, and the result
set includes results for small, medium, and large targets and those for different intersection-over-union thresholds. It shows
the influence of the changes for scale. This study provides a set of possible future development directions for scale transforma-
tion. It also includes strategies on how to obtain robust features and detection modules and how to design a training dataset.
Key words: image semantic understanding; general object detection; convolutional neural network ( CNN) ; scale chan-

ging; small target detection
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Table 1 Comparation of datasets for

general object detection

\ o VIGE WREEH

BEE R gl e
PASCAL VOC 2007 20 7.5 2.545
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Fig. 1 Development map for the methods mentioned in the paper
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X B ARHE SR 15 8 TR R T, s 1 1Rl )
AR DR AE A B, B 5 R CNN $2HR
RFIEAS S, B T vk ol B R o

RCNN 7E & JE ot # v, W 0L iy 452 B8 45 4
IR IR AT AL B 4 RS R AL, RIS
G RIZRBE G 5328 REE I i /8, fif
75 P 1] DL — 1A Ak s 3 i 14 I 2R LB BE Tl 4%
IWAE Faster RCNN Z J5 , AR AR 46 FLM 22
2% [ AR, U IR B SIS s 1 7 s B, SO
FITF—Re N 2. PCAEROCR AN AT FE A8 B0 R, in
AR A R e, R LY RN, —
AL A AR A0 & CNN 7 B s A7 3 B L)
L2 Z5H407 1 sh

{E Faster RCNN 22 J5 , A% T RCNN £ %1 45 14
A EF (R B 22 () 2 X AR B B, X S R B
3TN RGO A A5 AT TS Y ek, S e R
SO [B) L, LR AT AP R . 7E Faster RCNN
(RN B 2R T ES A LA an 18 2 B .

[# H
1% ] b
i £ . HE
A % 5y
& FFIESRI 2 " Fr ROBE AL #
1% W% " RPNZiH 4k A& %
; fiE . 1E . » 1z
1
—_— I —_— _— 1 —
S S S——— R— E S
f N S i
: [VGGNet ] [ResNet] ::[ FPN ][ CRAFT ][MR-CNN ] ”[ RFCN ] [ Mask RCNN ]:
I I 1y I
1 [ MoileNet ] :'[ OHEM ][ SoftNMS ]:'[ Cascase RCNN ]:
l\ Y | l‘ Y
N P N s e N e e e e ’

B2 RCNN fYFEASLE 44 S it 25 44 (&

Fig.2 Basic structure of RCNN and its improvement diagram

RPN iz 5552 br B Rl ] T s — B IRHE,
PRI AR Z2 I e vk 4 5 RZ 80 H A, R SR B0OR
R OB BB W H AR AE, O ik, Gidaris #
Komodakis(2015) #2 i T MR-CNN %5#4, /& RPN %k
BRSNS V)22 , Rl FURR A 23 B J2 3145 10 4
ik, A7 25 ] B 3 0L Ak R A i 42 R 2%, DA 30 o 7
BRMEE X, Lin 25 A (2017h) $2 HYRRAE 46 7 1%

M2 (feature pyramid network , FPN) 2%, & i1 7 —
AN AR K v SR AR B AR AR AE 5 IR 2 R o R
RHFIEG &, #2442 A C R G 4

Yang Z¢ A (2016) & 4 CRAFT ( cascade region pro-
posal network and fast RCNN) 4544 , 7 RPN Ffjp A—
A SR R 2%, EAT R L DX T %, i RPN )
i A0 — DI AD BUARAE , LA IS 22 5 2 I SRR
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Ay RGN AERR . RPN [0 Al L A5 H AR e
(ALPRE FUHE ) 72T 46 I A — ISR X Al 7 03 2
AENE , A5 T i) A 3 S A R4

ROT 73 KWAFAEVE 22 0], fe ™ B 1) 2 V- R84
RACER . Ry 1l ROT BRAG-F- R A8, Dai 45
A (2016) 4 H 5 T X 0 $ A 4 4 B R0 2% ((region
based fully convolutional network , RFCN) %54 , 7£ ROI
WAL TN A TR S, A4 B USRI
JER A5 20 A8 F BE 1543 ROT A AL = .
TEMELA |, Zhu 55 A (2017 ) 42 15 CoupleNet, Jf-1k
T &5 ROI 1543 ROL, 45 & 4 R B ARG S
DARFRCR o 5] NS Ryl i i A5 B 7
A, PR HEEAS LLSE B

FRICELSM , ROTIEA HoA sttt . He 55 A (2017)
$E il T Mask RCNN, 7Ep 2 Bl JZ A, 1253 2601 32
FA 533 Z SMA YA 53 32, il 3 FON -]
LEARAF YIRS 1), DA i 2 5 A 1) D0 o
WA, [F, ] ROTALign B ROT AL i & 73, Jd
P 22 (A FRAT THBR T oRAFIR 2, B R
T T8RS

£ %F 22 3 Y (interestion over union, ToU) 1B [
AN B T BN GR R AU A M 5 B4, Cai FI
Vasconcelos (2018 ) #£ 4} T Cascade RCNN ZE44 | % &
0% B A A I i AR 5 E s A A 158 A [m) Y
ToU YN Zrbg— I, HARME 22 0 [l Tl 1545 2R
ST T, R IR T TRCR IR A b
e 7 HAER S A

TEGEGEHE 15 4b 37 187, RPN H 32 i, Shrivas-
tava 5 N\ (2016 ) $2 4 FFXT PR 8 AR EHE 1)
AL % = OHEM (online hard example mining) , 7F
ROT JZ I i 2ot 171 % 41 A 45 20 A3 2014 T8 ROHE 30 1 25
. RPN ¥ 2 )5, Bodla Z& A (2017 ) {E VI 2R
LG | B ONIER (N E R v = s M N U E [ N[ K=
VAT I (L P A T AN i A B ok X &5 R A T
i 1

LT DX E ARSI 580k i O ke AT
L, 0 1) AR A8 ), 0 gl 10 2 [l U1 7
YRR A HE THE A A5 /0N, {8845 1 ) 3R X 0 5
2) I TAEREAHE & B BRI 1 I SR A i) £
A>T e 1 AEAS A B e, (45 0 2 4815
PAZEREINZR;3) (T30 1 Rl H 7= A — R 50 JehR 4%
HARAE , PRI 190 45 76 320 47 B F 06 PE A8 1 i 2 55 27

55 2 5 O, BS54 XHE 55 0 18 RS MR . Gk
Fe D) s T PIENA S S0 AN Kz — 3k 8] )
T 052 ) X BEAS G5 A8 R U, TR B B 0 S BUR
EGSINEE Y NIIE €/ E ey TR e i)
T 33 ) IX FELE G HOHERA AN P B BOER A E R
DAL b — 20 ME i R T 2 5 i e U B 45 08, BB AR
[EXTEER

X FIX— g by , RS Pk B
PR R X S AL rp AN RUBE B 2 T Ry —
I A 37 DX I A BURSE RS I ASE ke, 33X Ao 7 5
R M 2222 K5 ( multi-reference detection) o Kl W 7E
FRUBE J2 T 5 R B B E T A i 51X — 370 Y
SE RS I AT AN [7) RS A i XA X A A A5 3]
X AR TR 73 S Al
L2 ETF—XREERERENEE

TEW Y B b i A S TC e R B R
B i JE RPN 454, LR H— R G AE R, R S x
H R HESEAT 00 25 1119, i 326 J5 56 HE I 19 90 1R 2047
SYRFEAAL RN . — B BB AP B Bk AR
JoT 22 SR AR 33 22 40 [m1 U 1 SR B, 5 4% el H bR
MESEA TR0 SE A 2R, Rl 25 th 2R M5 B K H s
PN I3 20 B AR AL — A ) R, [0 ) — > [A]
I 2 PR A T ) B

AR — BT B U B Bk PR (EUAE X
UL, AR IR T B2 T I ORI A 1 [l AR i B
Sermanet % A (2014) B 5681 1 X Fh— &L 254
FE T4 Overfeat L5, R Fl 22 RUBE T 147 45 AR
(77 2, IRl AT 2328 R S o 32 RUEE [l Y
SRR R B RS , 5 SE Ak B T — Lk
T S HAloAk o BB B 3 07 S A7 R TR KT HL
KA AR YOLO R BT 2 KRB FRAE (7] 1
JEARHY SSD ZR 1 L LA 2018 4F v B e A T IR AT
A8 SHE (anchor-free ) 5%
1.2.1 YOLO F% Hbrki 5

YOLO ( you only look once) J& Redmon 5% A
(2016) 41 Hy 1% 5t - B R R ol 28 I 2% 114 H s G i 55
2o YOLO Rt H FrAd: il 7] 2555 Ak Sy — 4> 8] )3 o] &,
T I A B MR AE 221 A0 8 S (] D A7 X T
Fhl o IEFEM I b /b T R R Tl e B A, ]
DA Gl g s 1A DX 33, o 4 (4R 1 3 2 g g
WML R

YOLO fy 55 1 L4597 2015 4F 42 ) ( Redmon
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45,2016) 7565 | AU, B BT x 74T
DX, A DI ] 0 2 DX 8880 1 R BB 1 H AR AHE
KT RERY S, JE 1 470 NS H(BEE R 20 28) &
JE BEATARR A ], 07 2k s 245 R HARAE . 55 1 4R
MWARAM A D) EN EHTHRAT x 74HFK
AR G A R I E LR 1R 52) X /N, U
SR ER NI TR AR, I — i e
TIPS

Zonh MUk, YOLO & 41 F 2017 44 265 2 4R
(Redmon Fl Farhadi, 2017), 7£%5 2 fCrp, &3+ 7T
19 JZDarkNet M5, in A1 it H— LY AL B, SR
FHPIRHRST ) TmageNet B4l 42 50 2% 4T 10 48
TN , 54T W28 G0, LAIE I i 20 B 38 1 [
Bo AP Y anchor (YSEVAR, B A i O 1A E] R
FENATEER IR, K BRI AN T x 7 A7 X
ity 13 x 13 A I, B XGRS AN [H]
RJE i anchor, £ 451> anchor A [0 )7 # {5 | H b5
PrE RENNSE . iERE ™ E il R4, Kt
WITERBTUZRERAER I 2 K R 416 x
416 HYE AN, BERFE N 13 x 13 fRRAEIE R/),
FRUL anchor, IXFEALIRE , MERG R B /DR B N RE,
B R ETHE, A e A T AT ToU
(R T R AR H bR X R B, DL T 5
AR Ty PR UE O AR R Y. RGBT EL,
AT Z2 REEFHAERRIT 2 , YIZRIm o A 22 ROEE i A
IRk, XTI TAHE T4 | SRR —2e42 Tt

2018 4£,YOLO FAUHEH 145 3 451 (Red-
mon A Farhadi,2018) ,7£55 2 ARl % T —1
BRI M 28 2544, A 19 T2 254 i i 53 JZ M)
25 MERR 24T T 19 J2 DarkNet, 3B PR ied 5% 25 9 4%
1307 N 4 5 L I O 2 v B E N G A v
softmax bR AT I

M YOLO R FVE LM AR IE Y, — B B
2 AR IE AT IR R PR A R PR O . (RS
RS EE b, YOLO B335 3 H bin i 4325 [0l 9 1
FEATGT ] b 59 4 9 I Be I o A 0 530, IR R AE T
YOLO 7 [B1 VA Fif {7 iy DX 3l T 3 15 A B IX O
AN B HAt 2R 50 H [ ) DXIOHE B 0
1.2.2  SSD 41| HprAeaa ik

FHEE YOLO {5 F 42 3% 45 2 J5 FEAS I, Liu 48 A
(2016) #E H T SSD (single-shot detector) B 15, F 2
i FHAS B E HEAT ARG , £ 75 HE 42 1% 3 FZ b YOLO

SR PR A ] RO AR AE Hh S e 36 X
B, 30 3 A AR X I S I DX A T4 S A

TERRAIHY SSD Fk v, 4 2 KRB R Ak A S A
WEB . ERIT RPN BB, SSD 5501 %t 4 4 AE
JARIEAT R RURE PORE SE | K HAE A e X, %)
B~ o o DX el o 4 AR U I R A 0 2R [T )T
R AR E R, AN, 5IA T ST &5 R
R ARAT IR 1R AE BT 5 AR X RELRE R 43 X 5k
1 YOLO 25 1 RBCRA TR KA T,

SR SSD Xif /I H AR 1 [ 5 I8 58 4 B # . []
R — RIS I 28 R IE AN A, B XX
ANV, A PR T3 15— R PRAE AL B2 O
[F] 22 (R AR AT S A O R 5 o5 — R e i T
TN A ARPAE AL B ) 28 AT RAAE AL B, X A 58
HOXSRORAT Fr 82 T o B —Fh 7 ik i i e b 726 3 1Y
TEAH A

TEARFAE $2 IPURE B ) 2 A 488 07 T , 7R 2 I 5
BIER2E 2%, Fu 48 N (2017) #2151 {8 ] ResNet-
101 A& R 2% DSSD ( deconvolutional SSD) o FE3iX
ANEER R BR T ERRIE D 5 AR Z A IR TE S
KEBZEMAT —FR5RER)Z, 2 - FCN ¥
2% (Long 45 ,2015) Wit 7 — N8 T RAEHE FRAERY
B, AR AR 26 B He i 73 2R 45 R o T Shen 45 A
(2017 ) JUJ 245 Ak 0 45 24l et J5 Y DenseNet 1)
2% (Huang % ,2017) , CSFROA T5 28, ISR IT 4591 25
—ASERE W 2%, $2 H T DSOD ( deeply supervised
object detection) .1, Liau £ A (2018) #&H T Fire
SSD 4544, ¥ SqueezeNet (landola Z£,2017) /E K &
PO 2% , K H r ) B 25 A e i 1 4 AR B B /N B 5
AR

SSD Z2 91 38305 fufi T SR 2ASA5 28] 1) [kl s IR 118 il A
HERHRAE B B AL, 5 TGS BB E R AT 20 2R e X
A FEH T IAT B RRE , AS Rk M 23 T (]
A A R A R R L PR fBT P SR A
W2 2 Wy {4, R R b+ YOLO, H e = F
YOLO, {HXAS5A1 8 A H R BRE, — 23 A 1w
(), B RUBE T AR e , 7 — R b AEAR it 2 30
P oy gL e ¢
1.2.3  HoAth—Bir B H bp e 55 2%

BT RE R BE 2 R R TAREAS, 5 IE
FEARSEAEAE B Y 2281, 3% 25 3 BOEUIE 2Rk 5 52 i)
REIASR . 2018 424G 1Y anchor free SLVEFE T
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AR A L HE A2 1B U f SEL B s 2 ek ] ) S
R AT BRI

) anchor free 7352 YOLO 25 1 X, DA K&
Huang 55 A\ (2017 ) $2 1} () 5 T DenseNet #4) 1 i) A
5 o DenseNet S35 ] TR R L E A M)
4, R PR A EAC R G B g B EHE B R AS 4 4
ABBRI AR AR S , FE A AR O (A 0 ] 7 2 HARAE A 7
B ZADSES Unitbox (Yu 45,2016) Hhi & 1) ToU
F1 % R, S EOBTY anchor free S35 285E T340

W] 7 anchor free J7 ¥ I A1 7E 5 £ 32 4] th
(Zhong 55,2019 , 3 32 — > £ 5343 SCOEBEAR FPN
A R ) A S 3o 22 S0 P A 18 1 ) A, {H HEXT H
Ly NN L A AN B =R R iy L 58 o8

Law Fl Deng(2018) 7r: H F5 i £ s A5 0 5 1, 4
tHh T corner pooling [t A 77 2 , 380 4 A A i) 41 1 g
BRI TE ) B ARHE M s Ao br o —A58 RT e
AEFEEURA 2% Hourglass ( Newell 45,2016 ) #4785 1E &
(RIF I, PO P A s st A 9 7 3 AR R A A
B CEFEARARE B EEE B L K Im (5 R , 315
TRCAEEIROR . TEICEEAE b, B4R 1R AR SR R
(25 (Law 55,2019) , 7E A SO ROR I Ll 1, 3
— R T EEE, R B T SR RO . AH L,
Zhou 55 N\ (2019 ) AH 238 12 B i 2 007, (2 HH 1) Ex-
tremeNet PJZERGIN 1) 42 bR 2243 S B, P B
BRI 40 M EG IR, SR LA TR R
JEIF AL , X Pl A B — R &CR H A
2:22 A Z REE T ROR AP, Duan 55 A (2019) fifi ]
WEZE B AR ot 3 A 5 0 B A5 BEAE R i B A
HER AT RARME R, Zhou 55 A (2019) 3 3 3K
B~ BN EOE FRRIE [ ARECE TR AR, X
AR AELAE A v a5 1 H AR B KN, AR T
BT RCR , Hl R 2R 2 HAAE: 55

bR T _FREERI AL Z AN, AR 2 — B B
SR A A el R Oy AT e, S —Biy
BRI i iy [a]#T, Lin 58 A (2017b) £2 4
T A R PR AR focal loss, 3% A 2% bR G 1)
TEZBIFTI AR R IE X, SO s ] 1 K&
PREA GRS A BR B SR Al o i T 2% e 4, i it
T—"14 4 RetinaNet [ W 2% , i o %28 FPN 544
ST P24 (AU ESR A RPN) (05 =X, B3 i ok
PRECAIR IR B i Ko 534k, Zhang 55 A (2018) ¥
SSD 5 RPN %54 B 4 mh 4, %1t T ARM ( anchor

refinement module ) 1 ODM ( object detection module )
BEHL 3 in A 2% FPN % TCB ( transfer connection
block ) FE R fif e 38 1] R 487 [ 8L, 31X > 45 4 i 44 4
RefineDet

—Br B AR Z R R B, TR
oA, RS T — U A, s 17 3 8 A X B
Peo HWK, B TAERNHBE AL R/ NI 5IE SR
i e, PRE ROy i 0 H R AL B SRR BIE B
g — 1A, 22 B BT S 2 SR S 0
P E A T 55 o

)R, — B B S 2t A A A 55 1 Bl A
G, BT R T R R A E O B2 R HOE
R TR FE AR ARG o U, AR T Hof A AT 55, X
ANGER AR 2 o0 A 4t 0 DR AR A A B ) U
B FE A S EAR YRR B b S s T AR

X IX — g ), RUBE AR Ak i) Pk R 22 il 5 7
— G T, BT BN R E 2 e 2
A3 HEERKG M ( multi-resolution detection ) , R H7E R
JZ T R PR AR T A a] B S AT SRR, BE A%
TEZ 0P PR OL T X0 B 3 BE R R

AN, T3 — AR B SR A FRRAE S B0 4 5 ) i Y
& T T OO LT 328 DRI RG] U9 %) Dy kit i
[ o FETE A A AT 2 W e T S IR B M 45, R
b A5 R (i AR R 28 380 Rt A 25 4 A B
RF B BRI B B ) B3 1k 1) — 26 i 3
W AR 2 07 ZE W] LARI B sTie , SC A

4

2 BRNEEPTREZBREE
HIfLAL

TE HARMKE N AL AP AEVE 2 R A TR 1 1]
AR /N FARASIN e /0y F A o T 45 0 T A
NSRRI TR, — B ME SR /N F A A
E SRR AE 073 A A2 AT Ot AT AR
AT —FIH,

— R, /N HARIS A PIRE, —Fh e HARA B
AN AR N FUR TR D A0 45 A fil A TR
b EEBUIN; T3 — MR A AR B 8 TS A RTE
PG B R R DL o XX PR B , WX B
RIS XS5 1 MO0, — B AR AL il 5 7Y
T3, (o FAS [ J2 0K B R A 8 Rl 5 P LAAR G 3 e o
XA RIS 5 25 2 il D0 A TS T ol 4 JR s B e 4
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A DA B A RFIE . AME T DA TIN5 1Y
BB AL BR , FRAEHR I 25 (7)1 AL L BE 4 AL R AR R
JE AR o
2.1 ETFHIEREM ML

P22 I 28 A R B T SCHRFALE 1 10 T o R IE 2 1R
W 2 — BRI SCR I G R 2 — o R ARSI
£& ¥ VGG-Net ( Simonyan 1 Zisserman,2015) | Res-
Net( He 45,2016 ) %] ResNeXt( Xie %%,2017) . Xcep-
tion( Chollet,2017 ) 55 {4 2% () 28 15 F2 oy, B T AR
2V 3 FORS 2 A8 ) 468 RRAS . Al VGG-Net [ 4%
T 11216 JZF0 19 2 RA, ResNet M 2% i
BT 22 2 .50 )2 101 JZF0 152 ZRYRRAS . ARl
W 28 6 1 FRUBE ) RSB R AN TR o A, X 454> )
R AR Z A NS, A5 10) A 45 AR (R 1)
HEAHTACRAE R AHSRE) | 1 5 i ( RP 1m] 0K T
RIMIEE) B CRVRRAE 5 B0 50 6 AU A
I ) FIGREE T 25 46 R (RIS ) 4 A3 28 2R HUAS
IR o T IX SeHR R R 0T S5t ROR (45 R A
A E i A5, PRI E A RS A8 46 (9 S8 R A

TN
EEES

(c) ZXFPNEGIZEH

FEA A o
2.2 ETSHIERERMEHML

TEB TR Z R R K AR R I 45 R AR A
Rl ZIRAHFAE o B RO 15 21 1 I A0 1Y IR
JEFHIE , B R A B SR AR T TR S R R AR AE
LRSS R NIER T 21l AN & 7 B AN 5 N S o B
MG Y RFAL , [R] I o AR 5 )2 R A A 7 R 3 0 23
Ko A RZ AR RS ARSIk Rl T LA 208
AN SR SRl NbEE S8

FRAE RS A9 K JE I 3 Fi 7R Faster RCNN
YOLO 45 R 1& HAR R, I r 2 kg anl&l 3 (a) fir
N2 B B R )2 A R AR TG IE R AL APIR B 7E
SSD ik, Kl Z5 A 1Al 3 (b) Bz, R A ) A B
OPAHEAE)S 3 JZ . Rk, AR BRI RAE
ARG AR e 2 A W HE 6T /N A [ 051 FR) AT, {ELER
B/ R YR TG 12 AR ) 20 S A . L,
FPN RS AHRB)Z HEAT Fr iR SR B A1, A6 I 25 44 T 1] 3
() From o X RLHL, 78 % Jé vh A BRLER 2 9 1k BE SE AT
RO R S RAE , 1B T 1A 3 (d) BRI SRR

(d) FHIEER 25 IS5 1)
B3 R RS S A I K e 2 R 1]

Fig.3 Feature fusion structures for detection

( (a)single feature; (b)feature fusion as SSD; (¢ )feature fusion as FPN; (d) multi-layer feature fusion)

1t Faster RCNN S35 254 vy, [0 L2 W) B
1, BV HCAGE 2 DX SRR B A A4 L K ROT 2544 4K U T
VGG-Net = ResNet " [ fi Ja — JZ FFIE R #EAT X I

SRR P SEAb B o X AE 23 208 R 2 R 8,
/INE BRI A o PR ARAT 6 B B AN R 2 B
ik, ATV — AL AL BE, FE#EAT RPN 5 ROT AR BH, 52
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SR, 35%, B, XM, BiR / BRENPIIRETIENBRE

B, /N BbRRIETE RS 3 JZ B ATAG3) , Jows 4k
WU R 2 R HHE

T, Bell 28 A (2016 ) 2 H} ION ( inside-outside
network ) 544, 4 VGG-Net H1 155 3 .4 5 Heis UK
ery 5 5 AT RO B A — Ak, SR 5 1 B &
FROUESEAT ROL WAL #8415, G Ah, N 25 (8] SCHR A5
B R ANYRERY R ZE A RORRAE , [FIREZOBIT A
WAk, XFELFRE , $205 1/ HARK I 9 73 2 e
JEFNRIHHERT . Kong 25 A (2016) #2 1 HyperNet
S5 EIJS R TR 73 I F AR U = 2 05 B T2 5
XF VGGNet RE26 1 JZFFAEMAL 57 5 JZ4FIE S &R
55 3 R R R - Ak, 75 30 i DX IR ORI )
FHHIE , 31T T BUF AR . Cai 55 A (2016) $2 13
MS-CNN 2548 IR B0 RIS HAR 9 5585 52 bR J2 1
SR HUE I Z 8] 4k h A, PITESE 3 E M
JG AR — 2 ARS8 08, AT Z 0K, I
BT T 24T 55 AR sRBCR BRI 25, X Se A s
R JE R AR A ARG RIS 5 18]

TEAL GE i G AL B2 v, RIS 4 35 O vkl
PR TR] 3 BEAR A ERAT B [ /N R & 5 %
XMUEUE, Lin 55 A (2017a) 42 5 T FPN 4544, %1t
TR R i e DX B30 B A R RS 1Y

=t

RIS FERFEFIFE AT T x 1 RPN BERZERS
1 BN [F) 48 B AN (] v B2 1 R A1 &1, P 0T A S AR 1]
AT X I ) $2 B, XA — ok, $ IO Ay i i X
WA T2 REE, JET AT DA 2 547 19/ B br ks
MZEHR, Bl X P I5EAR T HT VGG-Net  ResNet
1 Inception SE4FAE M 25 B A2 B A5, B R 1 PR
AR TR R FC A 4 , AR a2 5 1y 18
SRERT AL s

X SSD 22 FREAEAS I A, AT DL AR A Bk R il 15
P 7 9 0 A B 6 /N RS i B RRAIE 1 5 2% o Jeong
S5 N (2017 ) K R A1E o0 465 A [i] 23 1 AR A0 300 ok 3 A 11
75 AT T 90k, 2 i T RSSD (rainbow SSD) 4544
Huang &8 A\ (2017 ) W& A 6] 2 S 17 B 1, ok
FERBEZ G IR BT, 3 H FSSD ( feature fusion
SSD) £ #4 (Li il Zhou, 2017) . Zheng % A (2018)
$EH ESSD (extended SSD) 53k, XF VGG-16 25 [
557 ~ 10 JZRHESEAT FoRAE 5 XTI )2 i
TR 2T 5, 13 B M 25 BB R A, Cui 55 A

(2018) 7£ ESSD Ry AL b 3d o 529015 3% 25 75 )
s Tl BE, A T B SR AESS L 45 3 T MDSSD
(' multi-scale deconvolutional SSD) 8.3, X JLAP 454
ARFIE RS RN 4 7R

= ——————

VGG-Net

...................

= ————

(e) MDSSD
K4 SSD RANAHFFAERL G R B
Fig.4 Schematic diagram of SSD series structural feature fusion model( (a)SSD;(b)FSSD; (c¢)RSSD;(d)ESSD;(e)MDSSD)
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BT SSD KUy itk AT 2 R i B R T
FRITEEZ AN IR 1 RetinaNet AYJERE F#E1T 5 2k
. Zhu % A (2019) 42 1} FSAF (feature selective
anchor-free module) 2544 , £ RetinaNet 19355l F , 78
T AMRRIER ST S S TN T TG B s HE Y 73 2
FENE 7 o FELSA N I, X —4~ B ARG H#L R
SPRHE &2 B AR M ) e 5 B E A HARKE . Tian
ZE A (2019) #& H} FCOS (fully convolutional one-stage
object detection ) Z5 44 , {1 FH 28 AL 4 1 i8Il 9k 07
B, BT RO R ZR ik BIR A [0 99 B R O 4
SRAP SCHATRCR G SR . Kong 48 A (2019) £2 i Fove-
aBox £ 48, Ay e M 5 B £, B Gl i FPN
(] e e TR £ S, P o Al B e 46 14 AR B
DB, X 3 FhriEAR 25 T FPN (I 2 RUEH
BAGHIN , 308 3ok G R 1) J22 [ AP 1) R 0Bk L N %of %8 4
(Bl F R4 T Z2 A [a] RUSE 1% B AR A TS8R

DAL 3 Fh 5 iR )& T anchor-free (14305 W , #f fd
JH T SSD &y v B0 RU% Bl e, T
FRAE 4B RSO RE R, AN R AR Ak g ) AT LR AEAS
[F] R AR IR AE o PRt B 3 0 Y 2 T E, A [+
FRUZ S H AR AT A Z A FEAE JZ s I 31, 44> A6
B TIAFE R RS .l TR AR A B A K,
PRI 22 A RE R 1Y) 5 90 0 N 25 W 35 418 A5 4 1 3R L
XA VLT 4G I LEZE A X /)N E A A S DU A B R
R

BT B RFAE AL B, B T 254 R
BRI R 258 Z 50 ROR St ) 2 66 7 )2 T Bk BR 2 066 1Y
FHOERLG 7, 0 A A2 A E AL 5, 7T USR]
T2 AT RAAE 5 i )2 18 SURE 455, T LATE O A
[F) RUEE B AR B8 AR 40 R FiE e
2.3 ETHIERZBETUNMRKL

XPREANRAE A, B ORI T AR, DALt n) D [a] )
13 BB ARPAE ORI PR ERCHE A UL, R A IR AIE R Y
RS2 R IE B R B RO IR R RRIE B R
ESZEPAHXS /N o BRLHGBR T i A [) )2 R AR 22 A1
i AT LA 3 AN () 5 AR 2R AT S 20 1 sz By
IR kS NRES

TE—Br Bt b, YOLO R 315 K E 5/ H AR
12 fA B H bR R I A& 4% . XTI, van Etten (2018)
PEH T YOLT(you only look twice) B, F T4 1%
BN 26 x 26 AR HER. t T EEEIER
— R, I E S ] 416 x 416 15K BT 20 HF

I 73 1 2 X3, O PO AR S P A5 21 B S0
FHIER) DarkNet FHATHHES EFLIL. YOLT fE/NH
FAGH b 1% 3 2 SRR oA I 1) /N 26 x 26
BRI HARAY DarkNet19 P28 00163 5B

Papandreou 55 A (2015 ) & 5 1 FH 25 A 4 AR K
FMEE R IEE . Z )5, RFCN (region-based fully
convolutional network ) ( Dai 2¢,2016 ) Fl SSD( Liu 4,
2016 ) SFEFER ] T X M R i, @A XA [R] [A]
B AR 2R AT R A AR, USRS I AR =X
AT AT B g R AE 1 45 51, ARSI 3 Uz B i H
4,8 ] 5 R AR BSOS [F] AR AE AR X 2
Y RNZEIREN

SRR ZS A B AR, ISz B T REY KOS 7T BB
i/ AT, HX /N BARK DU 9 et R AE TR
QIR SSRGS e s = VAN E b Tk oAt il AN |
BRI S B DT R 1) B o v R T RRAIE R S
KR, AE 2015 4, Jaderberg 45 A (2015) #2 1
TE 25 oA A 25 e e 73 i JEARL, A ) 26 2
Yr— M HERE 28O L AT e 2 8O0 UG kA7 B ik
P, FERXA KR SERE [, 2017 ARG AT 5T B
St ] R R ( Dai 55,2017, 7EI 26 1
W TR, 78 B BN 2R — A B &, X 6 B
HATEUR AL o X AE AT DL AR A v iy J sz B
SEIAT S, A AN VE B AR A B, XA, AT LA
(BECTASUR ) | ebE A AN =R I NEE PN N B AN
1) DX 3k

Kl 5 SR B R B L e o B L L
B EAYON GRS, B 5(a) JBR T IEF B
TERAE B O L 9 % SZ B . 18 S (b) J o i 2 25 1
BRI 1) S s2 Y, AT DR U 52 B ARG B K,
K5 (c) M2 R dg B AR e ) T A &, X0
AN Sk 1), X REAZ B S N2, AR R b R
— HAR/ N H RS S 4T

23 1 BRI 4 B 2 [ RRAE T Y SRR ROR AR 4
Xf 22 T s i B AR BOR , A 2 Fh SR g Rl A
{§8. . 7F DeeplabV2( Chen 45,2018) 1, {ffi F| ASPP
(atrous spatial pyramid pooling ) B4 s ErfE{E H . A[H]
53 S A A A FRER BOAS [ %2 B )RR ALE , 75 T ok
{E B RL A 8 E . 17 RFBNet (1 59 2% 45 #4) ( Liu %,
2018 ) JUJ & T SSD A4 AN [1] J22 4 A1E 2 317 4 AR 22 AH L
RoF B 79886, 7E trident network ( Li 4,2019)
b, AN R RO 1 28 8 5 AR B [R) 4 32, it
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(a) IEWBBUESZI

(b) ZEBFEZ T

(c) TS S BRI

K5 ORISR R s B A AL A R

Fig.5 Schematic diagram of the change of receptive field in different convolution processes

( (a)receptive field of simple convolution; (b)receptive field of dilated convolution; (¢ ) receptive field of deformable convolution)

38 W AERES 0 SCf HAS [R) ROSE HAR, 2RI T X/
H ARASI ) 0 ROR
2.4 ETAREEZGRENHR

X e RUBE 1) B ARk U, (58 R 119 283 e
PIINGRER , FEBTTEE XM 1) I 28 45 48 X R 2 T2
B, Chen 55 A (2017a) Bk T RCNN &4y,
e 7 IUAS KRB AR b i/ N A, I R 45 5 —
TER/NEAR, H RPNt g HE 1 KMk 31 167,407
F1100% 45 3 AN RSF, 78 3 2 SRl s HE i F R
R, DLAS 08 Bt 19 70 2 A ARAE o XA Rl
FFX /N HFR R SRS 3] T BRI T .

IR 255 I R 28 B E =2 A, G L )11 2 SR s R
lER SRR SRS €/ =N =R 7 N O e S i
YOLOZE 2 4% ( Redmon 45,2017 ) A9 25 #4 Yl 25 5 &
o SRR AL 1 IERORST 1 I RSk, BV 280
10 A4~ I Gt = B Lz B8 RO, DLt R 2
RIESHESCR

BEXT I i R v ) A PELRORUBE [R]85, 2018 4F
Singh F1 Davis (2018) #1117 3 W%, #4177 — &
515255 . CNN-B Fil CNN-B-FT JUR B 402 56 T R A
AR HER ER P SRAE SR Oy Bl 224 19
T EIZ CNN-S 7E 48 x 48 23K 96 x 96 X KK
EUR L. CNN-B J&7E 73 BE %l 224 x 224 1R
RAREA Il 2k CNN-S 2 7R 70 B R 1% B
Z5;CNN-B-FT 25 7E 224 x 224 (R R AR Lk
TN, FEE FIR I PR3 E R AL MR T I 28 3R
XL R R TR B, IR T PN . X
FEBETT A S5 FA5CR AT UL, I FURG I 3 236 22 ) sk
R BIORA 2 5 bR AR GO TN R4 &%, I ER

W/ EHFs i ee RoF s . BT Xt
HIZEE S T — T A ] RO i) Zdar A &5
F4) , 308 3 A ) RUBE R HERROR i 16 RPN A5 f18 AN [1) R
INHTEFRRE . BOE T — A A R Y FLAELAE,
HEATIEPEPE VISR BN [ RUBE B I 28 2540 . XA 4
¥44 5 SNIP ( scale normalization for image pyramids) ,
BIRBAT BB AR BT

TR |, 2018 4F £ H (1% 2l i 25 1 ( Singh
S5,2018) i, [ RRRS R 4803 1 3 AN RUEE L (HIFAE
FLAEUINZ TR H I 1 7 4 IO — i R/ B
BORY, OR JE R S B A — A S5 P DR SAAREAS D) 2
W RPN SRR, B4 5 IEHEA RSN X G, &
PRI OB 5 1 X IBHE AT 25 0 X AREAT I AREA
Ao SR ZE I SRR B 3 AN [ RS O
PR RAR I A A 59 0 X REAL RS Y RCRAH
X SNIP A7 BRI T

XTI Zrad AR R R ny 2 ROBE RO LR, £
AR TH R ZREE h A [F] H bR 27 T AN [ R B 1Y)
FRFEE RN o AU AL XA G A 0 ) R
(— /N BAR) MBICR BT, SR A EE T Z R
Er A TURTH R L S5 TR 5 .

3 AEAENREMEHMEILR

i ARSI T SRR A T A A I R AL
A, PR A T AR RS PR A 7 B AR f I R
Bk B H R B AL % PASCAL VOC %
P4 ( Everingham 4 ,2010) A1 Microsoft COCO ( MS
COCO) Fi#li4E . Lin 55 A (2014 ) £ F MS COCO %
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Pt P2t T — RSV UEROR M S8, B R R R F
H bR (R R0 ) S48, 38 20 3k BB, 7T DAY A b
A HORE o T R E ek

FERIIAT: 55, — M fiff O 22 5 % (average
precision , AP) PR REAESE I 25 I RICR . AR —
AR(—MIE 50% FT75% ) RN KT X A8
E A HARHE A2 e HARHE . A HER 52 HARE
JIT A TN AR L ]

32 2 AR5 FHAS [R) R AR B2 I 45 11 355 SR
Fods , ms Ron 2 RERIEL, AP by B{E R AP35 1) A5
HEZR AP Fl AP, IR A S(E R 0.5 F10. 75 B iF
Ky e 2R, AP (AP, Fl AP 4351 R/ FR AR H b
R . R 2 i AR 1) IS IR BE /i
TR RUEE H AR IR BORE A B2 7. 2) 78 VGG-
16 5 ResNet [ ELASH , 5 A& Z RER, =%
Xof /0N b B4 o 1 B 2 R AR S R, S5O I B T A

x2 E—EETRESEREMEE MS COCO HIBERIFE FEITERILE
Table 2 Comparison of running results of different feature extraction networks of the
same algorithm on validation set of MS COCO dataset

/%
ik BARSE  RHEREUN% AP AP, AP, AP, AP, AP,

321 ResNet 50 27.1 49.0 26.9 10.4 29.7 39.2
RFCN

321 ResNet 101 30. 52 52.9 31.2 12.0 33.9 43.8

321 ResNet 50 + FPN 40. 6 59.9 44.0 22.6 42.7 52.1
Cascade RCNN

321 ResNet 101 + FPN 42.8 62.1 46.3 23.7 45.5 55.2

300 VGG-16 25.1 43.1 25.8 6.6 22.4 35.5

321 ResNet 101 28.0 45.4 29.3 6.2 28.3 49.3
SSD

512 VGG-16 28.8 48.5 30.3 10.9 31.8 43.5

513 ResNet 101 31.2 50. 4 33.3 10.2 34.5 49.8

321 ResNet 101 28.0 46. 1 29.2 7.4 28. 1 47.6
DSSD

513 ResNet 101 33.2 53.3 35.2 13.0 35.4 51.1

500 ResNet 101 34.4 53.1 36. 8 14.7 38.5 49.1
RetinaNet

800 ResNet 101 + FPN 39.1 59.1 42.3 21.8 42.7 50.2

320 VGG-16 29. 4 49.2 31.3 10.0 32.0 44. 4

320 ResNet 101 32.0 51.4 34.2 10.5 34.7 50.4

320 VGG-16 + ms 35.2 56. 1 37.7 19.5 37.2 47

320 ResNet 101 + ms 38.6 59.9 41.7 21.1 41.7 52.3
RefineDet

512 VGG-16 33.0 54.5 35.5 16.3 36.3 44.3

512 ResNet 101 36. 4 57.5 39.5 16.6 39.9 51.4

512 VGG-16 + ms 37.6 58.7 40. 8 22.7 40.3 48.3

512 ResNet 101 + ms 41.8 62.9 45.7 25.6 45.1 54. 1

511 Hourglass 52 41.6 59.4 44.2 22.5 43.1 54.1

511 Hourglass 104 44.9 62.4 48.1 25.6 47.4 57.4
CenterNet

511 Hourglass 52 + ms 43.5 61.3 46.7 25.3 45.3 55.0

511 Hourglass 104 + ms 47.0 64.5 50.7 28.9 49.9 58.9

E L R R B8 e 2
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KBV Eo AW &2 RERBS, i FPN £, N
ResNet Xif /)N HAR RO AT, 2 S8 ResNet Xf 22 KU
BT IACST o 3) /Iy B AR 0 A6 0K B2 G e K H
BRI RIORS B 5, A B B AN R K EARE—F 4)
— A /N B AR MER BE AR TOF S0 AP B, Rt
/Iy HAR BRI 7K T — i 2 B i P XA K P
NI J5 25 ) R R, B — B i 4
e — R MR IRG BE. BE e, X/ HARBETH 42

THARPE -t ] AR TH R AR RN ACR o Rl Al
PAFR Al SRk A e RO B A BRI 25 1]

B BAT S A BT B P BY BOR— B BeRIL 10128
T8RN 3 i 4 s Hirf, 36 4 Hriy SSD321
S Lin 55 A (2016) $2 1, (HiZAA ] VGG-16
VENFFESR BRI 45, DN IR T Fu 55 A (2017) 45 1
MIZ5IE . BT AT S35 B s IR AE 1 101 J= 5% 22 M 4%
(EBR—LEff FMh 7. R 28 1) J7 1% ) BEATRFAE SR I

%3 WMHEREZEMS COCO HiREWRITE FHEITER
Table 3 The results of two-stage algorithms on validation set of MS COCO dataset

/%

(N7 FRIESZELN 4% AP AP, AP, AP, AP, AP,
OHEM ( Shrivastava % ,2016) VGG-16 2.6 4.5 222 5.0 23.7 37.9
OHEM ++ ( Shrivastava 2§ ,2016) VGG-16 25.5 459  26.1 7.4 27.7 40.3
RFCN( Dai Z£,2016) ResNet 101 29.9  51.9 - 10.8  32.8 45.0
CoupleNet ( Zhu % 2017 ) ResNet 101 34.4 548  37.2 13.4  38.1 52.0
Faster RCNN +++ (He %§,2016) ResNet 101 349 557  37.4 156  38.7 50.9
Faster RCNN + FPN(Lin %,2017) ResNet 101 36.2  59.1  39.0  18.2 39 48.2

Deformable R-FCN( Dai %:,2017)

Mask RCNN( He %%,2017) ResNeXt 101

Inception-ResNet

37.5 58.0 40. 8 19. 4 40. 1 52.5

39.8 62.3 43.4 22.1 43.2 51.2

Cascade RCNN( Cai Fil Vasconcelos,2018 ) ResNet 101 42.8 621 463 237 455  55.2

Fitness NMS( Tychsen-Smith 45,2018 ) ResNet 101 41.8  60.9 449 215 450  57.5

SNIP( Singh %,2018) DPN 98 45.7  67.3 511 29.3  48.8 571

SNIPER ( Singh %¢,2018) ResNet 101 47.62 68.5 53.4  30.9 50.6  60.7
I PR R RS IR LA 2R - " FORTCE B A A

4 & &

W AR UM 28 TR A AR, H Ak
IS BEAE B AR T, (B RARIRAT AR 2 7 2
figp DR TR AT, e, 2 T 2 T A H AR R TR
—GEARTFII R AN, X I RBE (R RR F 5 m] LA
AR BEAT 4R T 7 0BT I AT AT 4 4 R 7 1) o

1) o R B A ) A 2R R A 0 AR o P 4R v
(71 AR AE R AT 32 O — A HO B B T 5 7
I o A LERI LA v R RIS & B T U T
BREE, SEBLAE A R R B S R s B
TG 5 A I 258 P B 22 Rl R A B A 7 15 R

S ER T o AN R BE B i P PRI 2 1) BB 2R,
X ROBEAN [ ) F AR I ARG AR AT R $E T

2) K5 BRI AR T AN [ R T 1 ey A 05
BT — BN AT AT IR TE T 1), B4 XA JE (14 F
FERIXT I E MIBETE . P iRk B 2 N 22 o0 R
JEEAC I ARG DM R | 8% ot P s R AR A 00 1Y
T LA 5 Fon bRk JEE i A B T PR ) IR 3
TR U AR T ROBE TR , DR B2 A S G 1) s A 7 3k
JERIREE . FEk st R B NSl I ARGk
M5k, ATRESA L5 RCR .

3)AEAS B B B T AR N S T2 ROE H
PR INABCR T 52— XTREASR UL, BLRT B 32 2
1 SRR A i B S BEATTROR RN AR /1N i X
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x4 —HEREZREMS COCO HiBREWITE FHEITER
Table 4 The results of one-stage algorithms on validation set of MS COCO dataset

/%

Bk BRIEHR IR N 28 AP AP, AP, AP AP, AP,
YOLO V2(Redmon Fl Farhadi,2017) DarkNet 19 2.6 440 19.2 50 224 355
YOLO V3 (Redmon #l Farhadi,2018) DarkNet 53 33.0  57.9 344 183 354  41.9
SSD321 ( Liu 24,2016 ; Fu %¢,2017) ResNet 101 28.0 454 29.3 6.2  28.3  49.3
SSD513( Fu 4,2017) ResNet 101 3.2 50.4 333 10.2 345  49.8
DSSD321 ( Fu 4 ,2017) ResNet 101 28.0 461 29.2 7.4  28.1  47.6
DSSD513 ( Fu % ,2017) ResNet 101 33.2 533 352 130 354 511
RetinaNet500 ( Lin % ,2017) ResNet 101 34.4 531  36.8 147 385  49.1

RetinaNet800 ( Lin 2 ,2017) ResNet 101
RefineDet320 + (Xie 4 ,2017) ResNet 101
RefineDet512 + ( Xie 4 ,2017) ResNet 101
FoveaBox ( Kong %£,2019) ResNet 101
CornetNet( Law Fll Deng,2018) Hourglass104
CenterNet ( Zhou %¢,2019) Hourglass104

39.1 59.1 42.3 21.8 42.7 50.2
38.6 59.9 41.7 21.1 41.7 52.3
41.8 62.9 45.7 25.6 45.1 54.1
40. 6 60. 1 43.5 23.3 45.2 54.5
40.5 57.8 45.3 20.

[e e}

44.8 56.7
47.0 64.5 50.7 28.9 49.9 58.9

T L P R B R U4 R

P77 R BEAT AR R [F] — B AR A9 70 IR . 5B
B AT PLB EAIAE AR IR T ZRACR o
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