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Survey on deep learning object detection

Zhao Yonggiang, Rao Yuan, Dong Shipeng, Zhang Junyi
1. Laboratory of Social Intelligence and Complex Data Processing, School of Sofiware Engineering,
Xi'an Jiaotong University, Xi'an 710049, China; 2. Shenzhen Research Institution ,
Xi'an Jiaotong University, Shenzhen 518057, China

Abstract: The task of object detection is to accurately and efficiently identify and locate a large number of predefined
objects from images. It aims to locate interested objects from images, accurately determine the categories of each object,
and provide the boundaries of each object. Since the proposal of Hinton on the use of deep neural network for automatic
learning of high-level features in multimedia data, object detection based on deep learning has become an important
research hotspot in computer vision. With the wide application of deep learning, the accuracy and efficiency of object detec-
tion are greatly improved. However, object detection based on deep learning still have four key technology challenges,
namely, improving and optimizing the mainstream object detection algorithms, balancing the detection speed and accuracy,
improving the small object detection accuracy, achieving multiclass object detection, and lightweighting the detection model.
In view of the above challenges, this study analyzes and summarizes the existing research methods from different aspects.

On the basis of extensive literature research, this work analyzed the methods of improving and optimizing the mainstream
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object detection algorithm from three aspects: the improvement of two-stage object detection algorithm, the improvement of
single-stage object detection algorithm, and the combination of two-stage object detection algorithm and single-stage object
detection algorithm. In the improvement of the two-stage object detection algorithm, some classical two-stage object detec-
tion algorithms, such as R-CNN (region based convolutional neural network ) , SPPNet ( spatial pyramid pooling net) , Fast
R-CNN, and Faster R-CNN, and some state-of-the-art two-stage object detection algorithms, including Mask R-CNN, Soft-
NMS (non maximum suppression), and Softer-NMS, are mainly described. In the improvement of single-stage object
detection algorithm, some classical single-stage object detection algorithms, such as YOLO (you only look once) vl1, SSD
(single shot multiBox detector) , and YOLOv2, and the state-of-the-art single-stage object detection algorithms, including
YOLOV3, are mainly described. In the combination of two-stage and one-stage object detection algorithms, RON (reverse
connection with objectness prior networks) and RefineDet algorithms are mainly described. This study analyzes and summa-
rizes the methods to improve the accuracy of small object detection from five perspectives: using new backbone network,
increasing visual field, feature fusion, cascade convolution neural network, and modifying the training method of the mod-
el. The new backbone network mainly introduces DetNet, DenseNet, and DarkNet. The backbone network DarkNet is
introduced in detail in the improvement of single segment object detection algorithm. It mainly includes two backbone net-
work architectures; DarkNet-19 application in YOLOv2 and DarkNet-53 application in YOLOv3. The related algorithms of
increasing receptive field mainly include RFB (receptive field block) Net and TridentNet. The methods of feature fusion
mainly involve feature pyramid networks, DES (detection with enriched semantics), and NAS-FPN ( neural architecture
search-feature pyramid networks) . The related algorithms of cascade convolutional neural network mainly include Cascade
R-CNN and HRNet. The related algorithms of model training mode optimization mainly consist of YOLOv2, SNIP (scale
normalization for image pyramids) , and Perceptual GAN ( generative adversarial networks) . In this study, the method of
multiclass object detection is analyzed from the point of view of training method and network structure. The related algo-
rithms of training method optimization mainly include large scale detection through Adaptation, YOLO9000, and Soft Sam-
pling. The related algorithms of network structure improvement mainly include R-FCN-3000. This study analyzes the meth-
ods used in lightweight detection model from the perspective of network structure, such as ShuffleNetvl, ShuffleNetv2,
MobileNetvl , MobileNetv2, and Mobile Netv3. MobileNetvl uses depthwise separable convolution to reduce the parameters
and computational complexity of the model, and employs pointwise convolution to solve the problem of information flow
between the feature maps. MobileNetv2 uses linear bottlenecks to remove the nonlinear activation layer behind the small
dimension output layer, thus ensuring the expressive ability of the model. MobileNetv2 also utilizes inverted residual block
to improve the model. MobileNetv3 employs complementary search technology combination and network structure improve-
ment to improve the detection accuracy and speed of the model. In this study, the common datasets, such as Caltech, Tiny
Images, Cifar, Sun, Places, and Open Images, and the commonly used datasets, including PASCAL VOC 2007, PASCAL
VOC 2012, MS COCO ( common objects in context), and ImageNet, are introduced in detail. The information of each
dataset is summarized, and a set of datasets is established. A table of general datasets is presented, and the dataset name,
total images, number of categories, image size, started year, and characteristics of each dataset are introduced in detail. At
the same time, the main performance indexes of object detection algorithms, such as accuracy, precision, recall, average
precision, and mean average precision, are introduced in detail. Finally, according to the object detection, this work intro-
duces the main performance indicators in detail. Four key technical challenges in the process of measurement, research,
and development are compared and analyzed. In addition, a table is set up to describe the performance of some representa-
tive algorithms in object detection from the aspects of algorithm name, backbone network, input image size, test dataset,
detection accuracy, detection speed, and single-stage or two-stage partition. The traditional object detection algorithm, the
improvement and optimization algorithm of the mainstream object detection algorithm, the related information of the small
object detection accuracy algorithm, and the multicategory object detection algorithm are improved, to predict and prospect
the problems to be solved in object detection and the future research direction. The related research of object detection is
still a hot spot in computer vision and pattern recognition. Several high-precision and efficient algorithms are proposed con-
stantly, and increasing research directions will be developed in the future. The key technologies of object detection based on

in-depth learning need to be solved in the next step. The future research directions mainly include how to make the model
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suitable for the detection needs of specific scenarios, how to achieve accurate object detection problems under the condition

of lack of prior knowledge, how to obtain high-performance backbone network and information, how to add rich image

semantic information, how to improve the interpretability of deep learning model, and how to automate the realization of the

optimal network architecture.

Key words: object detection; deep learning; small object; multi-class; lightweighting
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(2017 ) AR A a7 B RAC3 0 2 1% ) D DU
T Mask R-CNN , X g £ R ik [8T ROSTA2 46 i R 15
AN IR B A, T 2 30 3 Rk M 22 1 SE R R 5
(LB MERR o XA T IERAE I [0) E ARk 1] it
IS LB R 22, AT T BARKINRCR , i (15
S REWE A 1 ST BT 55 O R SR

BR EIRITIESN A AEAS 5 A0 B £ 8 25 2
HES OB B H bR A 53 2 1 R 1Y 5 i, AR
FAE 4] ( non maximum suppression, NMS ) B ¥ |
Soft-NMS ( Bodla %%, 2017 ) . Softer-NMS ( He 243,
2018) , NMS By 246 R 240 H ARk i Iy vk vh b 4
(1) Je A B IR, 1 50— XIS 18 4G T AE 422 BEAS:
O3 EARHEATHET SR 5 T B A0 B s A HE ] g B3R
S ZAE S T AR T — 5 He i) (felf I 5 i SO 1
(B B FHABAE , fpe J 5 1 ) 2 3 U b 7 ] T A i)
HE , T ORAIE Ry B34 H A 4k 320 A6 I ROR S - 7 — A4
HE o XA BAFTEW A [R]8: 1) NMS 1) B {E A2 5
WE , BEE /N T2 M ERAZM ER AOAE , B8R T 21
TR 52) ANl i BER AAE 23 Bl M B, Ak 2R
Jr 2 TR B, B X ik 46 a] @, Bodla 45 A (2017)
PEH T Soft-NMS 3k, HUEAR A2 5 NMS AHL, A
[) Z AL AE T A S T 4 M B BT A1 B % % (intersection
over union, TOU ) X7 3 i i 46 DU AE , T 2 B e —
ANEAE B BAE, 17 A0 FRHE 5 d5 5 15 20 AE 1) TOU K
R IZHE BT FE AR 3 IS, B J5 500 KT B A5

1 LA R AE T] LR B, 0 AT AR & H A G 0 5
B RIER Oy T 2D 5 H AR B T
JE ,He 25 A (2018 ) £ H{ T Softer-NMS &3k | {fi i —
Tt 19 21 HE [8] U9 4651 2% R %% ( Kullback-Leibler, KL)
Loss , 240 2% ok £ AT LA [R] s 27 2 21 30 HE (19 T8 A2 2 A
(AR A Softer-NMS K¢ KL Loss fiff Fj 754k
TR Soft-NMS 535 15 2K, Softer-NMS 5.
ETE MS COCO G4 b BT VGG-16 |y Faster
R-CNN (#0223, 6% $2 53 29. 1% B kLT
ResNet-50 (1] Fast RCNN 746 45 5 M\ 36. 8% &5
F37.8% ,
1.2 E-FRHE BRGNS %R st

FEXF XU B H b A6 0 53 2% i AR &% 7] 78, YOLO
(you only look once) vl ( Redmon %%,2016) 45 = T &
2 A R HE SR IR 03 3, B HERE RAAE SR I e S HE 73
AN TP [7] — > JC 53 S TR J3E 45 AR I 4% v S 31
A7 25 235 Ky A2 A5 ] B, 62 I 34 B2 M Faster R-CNN
7 Wit/s $ETHE T 45 Wi/s AR TR T Y H
B Rr N A7 2 I Y 11530 B8 01 T T U B 6% 1 2 5
IFRIAT: 55 1R oK o B YOLOvI iyt 3, B i
JEE 2720 1 H AR AG I 555 O 46 A X BB Be 2 48 o
YOLOv1 {1y AR JEL % L AT , 505 1 0 2% 2 4y 14
WA 2 fitzR o s xs 27 B A AR AR 73 180 19 4
AR, s AR R K T8 BT B0 s 1
YOLOvI DA e W 2, BRUE Z 5 15 4 096 4
IR ARG N ARERER T x 7 x 30 4Ei ki |,
HEAS T FEANTT SE o v A] i 81X, B — g 2% R ]
SE R 1 E AL Y 1T

YOLOvI 435 1 e HE J Be, Jinpe 5 A ) i B
(B3 12 10 5 52 1 53 S A FEAH 0 5K, Lin 58 A
(2016) $2 1 % SSD ( single shot multiBox detector ) 7F
TRRFEFE BV 1 B B E AR A 0 58 0k 1) ) 3k 3
FRLIAEEE . SSD Sk VGG16 1E BRI, B 1
GRUZRSAT T2 RHAEE TR, 55 1 25 H
ftb 5B Be B bR A I 7 vk AR ], ) 4 AR AR 2 U
ML, e Ja JLE B BN B — RUE ERRFAE 2 ] an-
chor J7 kAT EAE $2 I, MK anchor 74N [A] RUEE
EAFEI R EAE , HEAT HARFPE AL B R FI W, 5
Faster R-CNN A [a], SSD H f) anchor 434 7E A [f] B9
FREE E, R 2 2 R IR R B 2 ROZ 25K, [
1E SSD HEZR & h 5 i — 2R AR /& 8 x 8 1%
ROMH 3 x 3ARE M G SRR E A RHE,
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AN

448
i
7
12
3
56
N g
3 28 14 7 7
448 12 2 ¢ E I
3 192 256 B Y 7 1024 1024 4096 773
EBRZ ERZ ERZ ERZ ERZ EBRUZ ERZ BBZ
7xTx64-s2  3x3x192  1x1x1283x3x256 1x1x2356 1x1%512 3x3x1 024
BAMILE mAMALE  1x1x2563x3x512 3x3x512 x4 3x3x1024 Lxp  3x3x1024
252752 2252 BKIALE2x2-s2 1x1x5127  3x3x1 024
3:3x1 024 3x3x1 024-5-2
wBARALZE
2x2-52
K2 YOLOvI Z5#[&l
Fig.2  Architecture of YOLOvI
AL/ PASCAL VOC 2007 H4is 4 b 1846 0 RS &2
A(chl’yl’xz*yz) M YOLOV] E]/‘J 66 4% %‘35 ﬂ iu 78 6% o Iﬁj BTJ‘,
0oC
I o (€cpeeic) YOLOV2 i & [ YN 5 T — A H1 19 DEZ (conv)
Hiwi N A5 A BN (maxpooling ) J2 4L Darknet-19
e N IO Ay R B, T SRR 9
Hinl R R A 5 VGG BRI — £, Darknet-
e T 19 (B RUZ ETMHH 3 x 3 BB MALZ 2 x2
F AL, e R A Z 5, R AR TR 8 4 B AR 2 A%,

K3 SSDHESRIA
Fig.3 SSD framework

BANRAE R A5 3 H AR A AR FR A5 B CxyLy,2,9, )
FZAE R Ceyyeyyrenne, ), WK 3 iR, &
PASCAL VOC 2007 % 4f& £ £ SSD A Il 5 )5 A
YOLOv1 Ay 66. 4% FT-3] 75. 1% |, ) B 46 0 28 J2 s,
FET13) 58 Wi/s

YOLOv1 i #4600 38 32 e b, {H 2 B AW IR
7 (localization ) J5 [ A% fERf , I H 43 [1] 3 (recall )
AR, PR ORI FE AR BEXX — [A)8, Red-
mon F Farhadi (2017 ) $2 T YOLOv2 ) fr R 5
YOLOv2 2 1 & B fl) F 4tk 5 — 4k ( batch normaliza-
tion) \E 7 HER 12588 (high resolution classifier) | H
P HARMERL B A (location prediction) (22 R I 2k
(multi-scale ) S5 45 £ 2 $12 v BB A0 A 00 A 22, e 8¢

WIERIE N 2 £%; 5 NIN ( network in network ) ( Lin
45,2014 ) 81, Darknet-19 55 2% 1 42 7 °F- ¥ 1t Ak
(global average pooling) fi¥iill, 7 H7E 3 x 3 TR
ZIAME 1 x 1 ARk TR 4R AT 3 1 5 DA s
RIS H R, Darknet-19 4348 812 )5 1
YA — A2 PR SGH B, BRI A o 4005 5
I Darknet-19 1 DATEA FEARAS RS 2 9 HiT 42 1 K
YOLOv2 it SR f 33% o

YOLOv3 ( Redmon £l Farhadi,2018) £ YOLOv2
BRI b, 48 1T Y Darknet-53 5% 2 B 2% Jf
ZEA AR 4 T B ) 4% ( feature pyramid networks
FPN) (Seferbekov 45,2018 ) 747 2 KU R 5 Tl
FLIEAS JEARUZ ST R FH ARRAE SR 300 2515 31— KT i
FRAEIE (4013 x 13) SR )5 R A AR 53 J8068 4>
(13 x 13) B RIA% BT, AN R LS8 H AR e Ak
PR S — ROk BT, U] b 32 ) s B ook 7 2% H
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i, DR Ry A B ST 2 TN [ 7 5 4 101 SUAE
(CRHI YOLOV2 iy K ¥ R 251 (K-means) 3k
13 3 A ROT AN A 138 FRE ) |, e & e 4% 5 H 5
{EHY 10U S R iy FAER 0% H AR, YOLOV3 1
Darknet-33 #8%} T YOLOv2 [ Darknet-19 gt T %
ANJT T 1) YOLOV3 H i 4 AiE 1 RO 72 16 g it Ak
(pooling) JEHBEAS 1 5 FUZ R I I, Jl /b 1A B )i
B ;2) BEXF YOLOV2 rh i i B B 25 2540 R UK 2
JITP= A i 6 BE 1] 15 | AT ResNet [ 45 Hp i) 5% 22 45
14 (residual blocks) ,ResNet [t 4% 2= 2t #4 Il 2R 16 )2 N
2R B/, TR T LK R 2843 53 JZoR 4R THE:
DK FE X 2L AR 145 YOLOV3 i 1/3 f i ] 35 3]
Y5 SSD AH Y NS IE . 121 FAE B Ak AR T 5 i
T YOLOV2 iyt Canil 4 s ), Horproog e, o0, 01,
FORBORR TN Y, e, e, R A% BT Y A
Fr, p, B p, o BN FTH FAE R RSE, b, ,0,,0,,,b,
AL TN A 21 14 320 FUAE (1) L A A AR, AR BR Y
PR R Ir iR =R s 8(¢,) F18(1,) FRonAE « 4l
Ay A b RO AT 3 A FAE 1 H O AR BR AR XS T R 2%
FATCALFRIEE B

1
1 = 1)
10, =peh

B4 BoA RS SER AL e i i 1 e

Fig.4 Bounding box for size prior and position prediction

P,
C‘ mesEmendanns B |
- ] 1
] 1
! b ! b =d(t )+e,
T 1 — +
y 1 .

i bl—is H b=p e
1
1
1
1

1.3 ETHERER.IMEBFENELENES

AU BE H BRI 532 n] LA FHORS BE AL AN
S-S, 48 v ARG B 5 B B F ARG 3 )
T LURI R E QLS AT 3R TS TR P R A 32, A
1132 0P G 38 2 MRS BE 1 >R H AT, WU Be H
PRSI SR E MR BE A bRl Ak M 2 B 7 —
E R B EERE , IFFE N A CIF I G —H A A
DAy e S0V A A DA JRE TR ) 75 X

RON ( reverse connection with objectness prior
networks ) (Kong 45,2017 ) 53248 L7 Bt H R Al
B3k SSD MUK Be H s A I 3 3% Faster R-CNN 1Y

S 4 Y s ROE T H bRk i A, 5 SSD
AH{RL, RON i il VGG-16 M2 AE Ky & T M 2%, A []
ZALTET RON ¥t VGG-16 LR 5 14 55515 423%
BRI T RN 2 x 2 K72 MEHZEL
S PP P B R A AL 3L [ B R FH Iz 1) 32 42 7 0%
AHAT AL B0 3 R I R A IRTHE R ok, SE B 2 RUEE H
B L 31K B B4 A ROR 3 5 Faster R-CNN A1,
RON 42 i 15 RPN [ 2% AR S BL i) H AR S5 5 (ob-
jectness prior) JEHE R 5| T H AR X R R, [F S F]
ZAT 55 R R AL B A R 2, T I &I e,
RON X 21| 7 i A S 2, [ ) A0 [ 2% 1 Aar
W I Faster R-CNN T 3 £%,

RefineDet ( Zhang 45,2018¢) fil 5 7 RPN 4% |
FPN 350 SSD B33, J2 B i B AR B H s A )
RS A AR T LATEPRRE SSD 1= A4 Hir 4
HAE PASCAL VOC 2007 Eidi 4 b i 46 I A B 42
=5 80. 0% . RefineDet [4%.0o BARALEE 3 > J5 18I
1) GIARCE B H AR A6 0 5803k v A 1Y) b L 21 20 1Y
mIHEAR, B 5 RPN W) 25 45 2IHDR B2 IO HESS B,
SR 0 I R 0] 9 S AT g — 2P [l )3, AT A
B AR AAESS B 52) 5L AL FPN 28 (YRR AE
Al G HRAE R T RO 28 A, AT DA 508 s /s B A B A
TR 5 3) K6 I 2% L) SSD S AE 48 f3iF T 45 750 7y
R T, 5420 SR AR I, RefineDet 8] 25 25 44
F 35 A 44 AE G4 A5 B (anchor refinement module,
ARM) | %% ¥ 3% 42 #5 3t (transfer connection block ,
TCB) A1 H % 6 M 5% B (object detection module,
ODM) A i, 4RIEl 5 I

ARM FEH 24Pl T Faster R-CNN 2.3 51 1) RPN
R4, T8 F R AT B e EAE F1 5 BR —2E AR, 5
RPN [ 2% (1) 4[] Z b 2 Sk i AR T 2 2
fiE, T RPN 2% [ A& R FRIE . ARM L4 2
FROESR G 15 B 25 S8, — A2 AR Il A 3%, o —
Foe S, TCB AEHLIE BEAT R Y e 45 2
i, BRI ARM 73 Fé) i R iE 1 5% 45 i ODML A5
kA, 00T FPN S% A RRIE AL 7. ODM bk
AT SSD, FRRlE A FZ AUFRFE SR 5 AT 0 2R
AENE B2 A5 A anchors 5 ARM FEHAG
F A AL B anchor, ZE{LL RPN % 2% i H) A fi¢ B AE
)iy 5 FPN S0EZRL IRIZRHE Bl S 1 i )2 Rk
I B, , SR 05 T Ao R HE S T 2 APk (BT 247
L LRI SRR ST R VIO AN E R A7/ NEOF i
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" GHE 4y

SR U
ik
3 THEAE AEHE
LSOV R ]
.......... » HnZ
........................ gt
a0 N | FLS
e .
K5 RefineDet [M 2% 254 &
Fig.5 RefineDet network structure
IR B A g2 1) BUA I BRI SA R 2 R AT Xl H ARt 7

RefineDet 14351 5% PR %N £ 2412 ARM F1 ODM
PIJT I, P78 R
L({Pg% ,%xi}a{c,:%,%ti}> =

1 *
NARM(Z"LL(P"’UL' =1]) +

2 (17 = 1]L(x,87) ) +

NiDM DANCHSED ATESIANDY

(1)
K, Nyw 183 ARM HIEFEARIECH , Nopy 3R
ODM HEREAREH , p, AFEIFSE, «, L3 ARM
AL S5 B ) A b, e, AR ODM v T I 1%y 47 4 26
A, 1, 403 ODM il (O AE Y AL, 17 AR HARKY
HIRMARZ, g AU H bR py B I AL E RN
ARM #4340 & 2 H — 4324 (binary classification ) 1
KL, A L, , ODM #8734, 8% 5 2 2851 73
2% (multi-class classification) 12k L, FlEIE 1% L, |
[FIEE ARM 55 ODM 3 -5 43 A 461 2% eR A — i E 17
Hi T3

2 RI/NEFRYERNEE

/I FVRR 8 A7 AR PR 2 S, — Rl AR X RT 19
€S B EAR RGHIE T IR B R RST# 10% , 75 5h— b
JEAERT RSB E S RV HARRGE/INVT 32 % 32485
TE FRRRZIN /1N F AR (A G A AR i A 2

B, SBUN BER RIS A % 52) B T B
FE S AIBRG] /N HARKE I — BAFAER AT, AR
WFFE SR B AR, AR ST T 2% 34 o Jesz B |
FHERL G (SIAE BR 2 2 I B 25 05 20 5 A4
FEXS/IN B AR RE Sk i F e it e A T2
2.1 BFWE

TR TR 2 T ) E RS DU 8RR ]
FEF ImageNet F 8 V4519 VGG-16 ( Simonyan F1
Zisserman, 2014 ) | GoogLeNet , ResNet-50 Az ResNet-
101 55 P 254 g B 1 W 2%, X 2631 0 4% f9 4 T 2
SRR B T R AESE B TR 2R S 28 A
SEARAE HIE X UG T /N B AR TSI EAT kG P A
W BRI — R, WSS IR R & e A i T
W0 28 g REml b AN HUOBT R T R4S, 4 DetNet il
DenseNet 55, LA W /)N HARYI A ARSI 55K

DetNet &2 Li 28 A (2018) 2T ResNet-50 $#2H i4
BT W%, DetNet ZE4{% 88 ResNet-50 [ H] 3 B Bt
HORER b B0 T8 4 B Bernss S Bk, s a6
WrBC, S5 EANIE 6 s . A on BoA RRAE & 7 1
AURFIESR I 2%, B R IER 7025 M 2%, 14 x 14 GAP
FONFFAEEI RS RN 14 x 14, GAP g Hifii . Res-
Net-50 "P Bt 5 (R Ak 18] Y 1732, T DetNet
B 4.5.6 FURHIE I IR Y 1716, JXAEAR T LA
PRUERAIE 1 4 RUBE R A5 R, TR IE NI AN 23T 2
AR DA ST T R A5 R TR Ry 1 s /A
TR FIA A, DetNet HBCARAL SR BT R 25
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— R, BT B E B H ERE I — A, TR AES S B
BORNER 6 B BEORISS 1A [R] A48 18 K, 3l 0 28 45 Fg ]

> B256> A256— A256— > B256-> A256-> A256——» . —» 14X14

[E R ]
16xstride

B S Hith
16xstride

__i __________________ l _______

1x1 1x1
conv,256 conv,256

& &

DATERE R A IRCR A R PR AE MS COCO %idiadi iy
KA 2 M ResNet-50 f4 35. 8% 2 = 3 40. 2%

EEER
GAP 1000

y

FrE6 i
16xstride

__________ l T

1x1
conv,256

¥ ki

K 6 DetNet %5

Fig.6  DetNet network structure

Huang 28 A\ (2017) $2& 14 1) DenseNet ‘& T % 2%
TR T ARG LA 9 £ S22 BRI 0 1Y) 2 45 ) ok 4
THI 28 P BE R0 4R 20, INRFAE Y A B2 HH R, 85
R (dense block ) f i IR0 %% 4R B 2 W] Y 3% 2, K
> T R SRR I — R R TR
FETH R (gradient vanishing ) A1 53 1k ( model deg-
radation ) [F] 8, fif 00 2% 5 b Tl 4R 5F H. AT L) $i B 3]
S AL, 25 T e SR ) R UK . R RS
WREYh O TRIERE 5 R Z A KR AR AL
1% , DenseNet FLHOKE BT A7 1Y 2 14 2 k2 ok, BIVRE Ry a7
2R R IE K AT Rl AR5 S A2 S Y
JEH . [FI), BT AE DenseNet Hifs Z0 AN ) /2 )4
MR HEA T Rl S #R A , T 224 () )22 9 Ak T R 455 A [
Y RSE RN BR AT 0 2% 1 T SR A ((down: sampling )
IS, i RiX — [A) 8, DenseNet [ 2% 9k 73 1 %
AP, HAE R — A~ 75 4 P b SR RRAE B R f
FRARTE) RN, FEA [a] 285 5 e 22 [a] 150 e 46 J= ((transi-
tion layers ) SZPL T SRAF

1F DenseNet W25 LR [, Zhou %5 A (2018b)
HT STDN (scale transferrable object detection ) 8k
STDN R Ff] DenseNet %25 /A FAE S M 2%, $id 5 1%
251 FRAE B2 HCRE 7, A B 51 AR 55 460 2 (scale-
transfer layer) ¥ CAT ARFAIE B F5 40 R RO B RHE
A&, 5 #&FH (deconvolution) |, %A (upsample ) 2 R
SRR AN ] ROT S5 2 0] DI LA S 24k
AR ARTHE T A SOCRGT I RHE I, ) A1
22 SR AEARCRTIN | St T 245 SR it 45 2 S 28 i G
450, STDN 53938 12 XF DenseNet [ 2% 1) feff i F1AH
SRHGHE, AT LATE DR UEAS DU 32 B2 /Y HiT 4 T, #4575 PAS-

CAL VOC 2007 a4 L I BE M LA ResNet-101
ST M2 B DSSD ( deconvolutional single shot detec-
tor) 3 (Fu 25,2017 1) 78. 6% $ R3] 79. 3% .
2.2 R R E

TR 57 ) W RS2 B (receptive fields ) J2 4§ 45 1
2 X 24 g — 2 HE R AE )L (R4 2R TR BRI A
PG 1S i IXIOR /N o TR 7 ) B Al s
28R P 2ok 3 I ez B 1% O OR 4 i R RE L L e
NARZSAL bR TR 82 B R 2 ) K B B 1 28
)7 B OC A&, fE 7 N B 2 ) B A (implicit spatial
model ) o 75 H w8 X5 /s B A 145 B BR
()R P LA S 484 A o JR 52 BB R DR TR R AL 18] s R
F DN 1 Do 286 1 AR A1 4 B RE 7 15 21 3E 2 19 B A%
(ERSSSURIE = VAN EE AR 7/E% N ivaillE 28

A 3 102 B A v ARSI D99 265 114 R i Hi
BE T, B IR AE %32 B Bt (receptive field block, RFB)
B2 (Liu 45,2018b ) Hrfdi {], 22 7E SSD Zg
FIABSZ Y, N 7 iR . ElH pRE in hV4 IR
AN SRSz B 18 R AIE [ TE A 0 3208 hVa4 [ 254 T 4
BIE—EIL W TR B2 W[5 o s By i it
BRI 14 J5% 52 BT T D99 264 1) R A1 42 g
PRIt AT DA 7 S JB i B 7Y ] B 7E PASCAL VOC
2007 Hdfadl AR IR B2 42 i 21 80. 5% o fEZEHY
|, RFB 2T Inception ( Szegedy 2£,2016) (1 JEAH
FHIETE Inception [FEA FAIA TN vE )2 (XL
PRI B A SRR , A R R T s B
RFB 4544 F 24 PR A 1) AR RPN &
FRIZAE ) 22 53 S50, X T 3 ik 2% T Incep-
tion JEUAEL, [ 7 v FAS [) R/ B 18] 26 78 AN Tm) RO
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ERRERUZ;2) 5IA T 9 (dilated ) HFUZ N
Yot A= B 0 LE 3 #1558 1 DeepLab ( Chen 4%,
2018) Hr, 32 A FH A 2 34 057 B, 55 Deformable
CNN(Dai 4§,2017) 25{pl, RFB 454t FAS 7] L 4515
INMTEGRZMSEL. 76 RFB 45t &5 A TR
RGTFI L 5 AR 2 4 th AT 45 G, 35 B Rl )

FFIERIH . RFB Z5HgH 1 3 R R /DB
B IR RS T i E — SV R A B RRIE S
NZERUIE 52 B RO FE, 25 2R AR W 30T, sl 51 A
RFB A8, AR5 H 7 PASCAL VOC 2007 %4
P4k AR IIRG BE M SSD 1 75. 1% $ =i 5 RFB Net
1 80. 5% , Rl JE X /Iy HAR AR ISOR R T 2%

33

rate = 1

1x1 B

1
ZHIRES) 20

| @ +fr-

pRF in hv4

3x3 B

rate =3

FHER

3x3 &K

rate =5

| 5 EM

concat+1x1

o iim

2 [HIAF

R%eSgi]

—— e e — a1

K17 RFBRCRR EE
Fig.7 RFB effect diagram

16 REB 3 filt b 38 it o Jgk sz B ik A o5 A —
FhESHIE R RFB-s, L ZAPIAL M. 1) I3 x 3
BREAES x SERZ:2) 1 x 313 x 1%
RN 3 x 3 B2, FEHZRD IR R, K
) Tnception Jii B {4 X Inception %5 f4) i gic 33, 4n
8 Fr7R.

ReL Ui B4k

Per1x1

3 ;?;%f“ Iﬁﬁ%f” |

| 1x1%$“ || 1x3%$“ || 3x1%$” || 3x3%f“

o
S
P2

3x39§‘~$“

rate

3x3BF

rate 5

gEd

| X1 || X1 || 1x19§*” |

NS = 17N

K18 RFB-s 451475 B4
Fig.8 The architectures of RFB-s

TridentNet F23 (Li 4£,2019) [F]#E MRS BF A

F, Lk ResNet-101 FJ&54E & T W45, @it 5] A48
{17 5 FRUE i o0 24 114 2% 52 187, S AN W] RUBE H A 10 A
M, fre 242 /s HARMI PR ORI 2 o TridentNet 5
il 24y S g 4 A EE L5 (weight sharing among
branches ) #1485 & X B i3 € 1)) 25 ( scale-aware training
scheme) 3 /77 [H] A 4 i, 4555005 vh 1 22 00 S04

15 RFB Net HP i 2 73 345250, BIK A R AE
SRR 225 1) B S s BUR B R 3 S R, (W)
A S % A AR SR AN [0 58 2 8000 =5 TR B A2
o PR RIR 3 AN ERZS e
(1, ASCER e — Ty T AT LA g I 4 i ) 3SR Y D
T3 —J7 T AT DL 224 3 ) S8R A B ARz AL RE
77, AR REGE TS B 52 AR B (inference) o Tri-
dentNet Hfiff Flj—Ff et 500 ik , BP e 5— 140 3¢
PR R A R e B R ﬁxﬁﬂ&ﬁﬂi L R4 5
I3 S RARME T A 22 03 SC 45 R o 16 RO i
Wit ts 3 Aiﬂ%ﬁﬁﬂ’l"\{'ﬂlxlﬂﬁrﬂﬁ H¥ro H
TSR REE 1 H A5 % 7 i) ) 28 fe A4 I8 52 BF AN [

PRI LR 3 3 2% 32 0 e AS [R) ROBE 1 H A, i
b7 8 LA A0 4 26 SN 2R H AR RS 22 5%
& A RS B2
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BEE AL RE A IR S T DA S IR P 2 > R R
PR RFIE RS 1) L3Ok B . R RS B
FE I 3 2 T DU R B A 3R B T
B 27N BE I SE AR TR B2 ) R ) S, 18
HARAIN e, 32 SR TR B 22 2 B i 50k, B
W 22 W 25 75 B 2 2B RFE EA T Rl 75 3
BIRHE . 8RR AERLS T LIS 2 209/ B ARG
2, DT e R I P A AR 2

TR AR 4 3 W 4% (feature pyramid networks,
FPN) ZHij, R 22 800 B ARSI 7 122 5 93 207 1 —
R R SR R R HEA T AL B, JF A H = )2 1Y)
T UE BB INBEURZFE K BAE BArkil b, &2
T AF SR I H 2, FPN SR 2 RBERFIERE& 1Y
7550, 0 mARZ R I BEAT Rl L 72 MS COCO i
£ FoRE/IN BRI e G T A B2 4 5 3 35. 8% , [A] I
FPN 4% YOLOv3 25 BRir B H ARSI 7 g

FEAS FPN W28 [a]FE ] ik A 2] RPN o 2R 04
[F) RUBE AR T TR 5 7E 9 RPN 28 A, L4
XU B H AR ISk R 2, BAAR D7 I IEl 9 s .
BB TR 20 T REE Y anchor, { P2, P3,
P4,P5,P6} 43 B XTI () anchor L JE {327, 647,
128%,256°,512° | |, [A] i A 2 AR A 3 4~ FE X LE B

(552 ——y

l [ P6 |-{anchor:512:}
[ 42

| [ P5 | anchor:256* |
[ 32 ——]

l | P4 I—-|anch0r:1282|—
[22 ——

l I P3 I—-| anchor:64* I—

I P2 I—-| anchor:32? ]—

| ZF-Net H

Xl I
—{ X134

EiE

ResNet conv4_x

| i
T133BR)

anchor + | Ix VB | + | 1< 188

K9 Flé FPN /) RPN W 4%
Fig. 9 RPN network with FPN

B IR R R 18 AE ., Zhang 55 A\ (2018b)
T SSD HEZERE & BRI AR)Z 5 & B R IETE X5 B
P2 H T DES(detection with enriched semantics) , 38 13
%%1&% éf‘?ﬁ@ E(JIEX{%E\ E/‘J ﬁ’%u*ﬁﬂ( segmenta-
tion module ) 554 &7 i J2 R AE & 7 SCAE B Y S A
MG AE A (global activation module ) f# 5T SSD At
TN E AR A 1 G 00 2550 R AR 1 0] R, 4 AE PAS-
CAL VOC 2007 %iin s b ryk g B2 32 71 51) 84. 3%
DES (/) BAR ML 5 2253 3 A J5 T :1) 55 SSD 42
P A [R] A9 RN 73 525 2) 2 IR, DA conv4 _3 FlI

BPa1 0201012 1, XA IE & FIEA IS IDFEZ SRR iy AR 5 %2 Fr ik 181 A3
anchor, [N AT IR 2 MRS B IR B A SUEES3) B EGE BEEL A F : 2) BL (attention
For TS mechanism) ( Qi 45,2017 ) A9 EAE R 46 57 151 2 R AIE (&
AT H AR I Bl R & B AR AE (s B SUE R, MZS A5 Ha anlEl 10 s o
conv4 3 fc 7 convé 2 conv7 2 conv8 2 conv9 2

e

W o

il

L

ik | (ks
g | e

SR

ARG J E"Jdii%ﬁﬁj ,'E'JZIK‘?%JZ‘IE'?J YL o J

i) iy i) i

SR

K10 DES 545Kl
Fig. 10 DES network structure
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FPN S35 AT DL i 2 00 U5 B 5102 B EHR
{5 BARES 5, 2T 28 O RRIE SR IR U7 , 32 e AN
JE{A FPN P48 240 2 N T3 iH i, fil s R IR
Behf, B G Ghiasi 55 A\ (2019 ) ) J #f 28 28 # 48 R
(neural architecture search,NAS) ( Zoph 1 Le,2017)
FEARAE R T — AW RHIE 4 35 W 2% NAS-FPN, A=
G AR A A 2 A N R i e e — & ey
5 RUBE S e 1) T 7 48 2R 2 (] P s PR B A R R I 48

FREHRA P ) 1R B A48 2 A ) v Y

X (S E AT RS TR TH = @R hU N P A X
RAOCHRHAIE & TR LB R MY 2%, NAS-FPN &
RetinaNet ( Lin Z%,2017) HEZE W i 25 T B T B AH
G546 SEBL T T b R R R Y o ME T R TR
MS COCO stk F kI IR S| T 48.3%
2.4 ZERETRMEME

TR 25 ) TR A RO 22 ) 205 AR RO Ktk v B
B ) i ERFE R BE B AR, B 5 $ 3 R o 4
I 22 ] ) ORIE LA K /IS B A 9 AF DG A5 S, DALt ik 4
HER A R 2 I 455 2 e A M 2 1) B2 4 B, DT 2 785
P 265 1) FEAIE H2 U RE ﬁgﬂﬂ&iigﬁ@/]\ﬁ%%u,ﬂi%
P/ B AR AR RS 2

1 Fast R-CNN (35l |, Faster R-CNN 3% 5

BBk RPN W28 HEAT 04k, 55 1 BB RPN F

W2 (HO) , %5 2 BBt L Fast R-CNN Sk JE At (1 8%
DHR XIS I 5 R 2% (HL) k11 (a) Bz, 2k
M 2% {di Faster R-CNN {£ PASCAL VOC 2007 %&£
RORSIS HE N 70% $ETHE 73.2%

Intertive BBox (intertive BBox at inference ) 7E ¥
I BRI RESR T T 006 0 ) 48 224, e il 1 kA
(18320 SAE [0 5, K T — A S 2 [ 9 745 31 174 i 52
HE A B30 b A Ry T — A A A AL ) 32 RAE 2 AR

qﬁm ni m

_r m bt

(a) Faster R-CNN

(b)Intertive BBox

Pool

3YC(HL) A& 11 (h) fios, 4271 1/ B ARz i
KL

B AR S 815 Y B — TOU |5 {1 ] A&,
Integral Loss( Zagoruyko %£,2016) (& 11(c) ) H3 %
SR (HL, H2 , H3) Ff47 B S M, Xt 30 FAE (AR
2 e RO 1) 10U 13 {8 42 i /N H bR 9 44 1)
s B

JL T Faster R-CNN | Intertive BBox FI Integral
Loss 2244, Cai F1 Vasconcelos (2018) #2H Tt
¥ Cascade R-CNN, 5 Intertive BBox A~ ], 46 | 454
R BT —Br B f th g AT I 25, AN 2 5 T i
WL . 5 Integral Loss (1% 22 5| 7E T Cascade
R-CNN g4~ B B i) iy A0 A J2 A — B B adn it
HE i L, T AN ot B A ) 8 B (R )1 575
B o [FIET R H— 1) TOU (5 {B0XE LA SE 3R Fl 5
JEHY TOU A6 % [] 31, Cascade R-CNN 45444055 1
AN[E] TOU SR 1 2%, &l 11 (d) frzs , [ a4
= 110U BME T EFEA LL ], B 1 IR e i
FEAR RSP 6] 8, Cascade R-CNN X 41E B34 7
25U 38 3ok 2R A ) 1 L ) G D00 o 2% 75 1) AN [
PRI 25 R, fe 244 MS COCO 4 b i 4G UK
JEPETIF) 42. 8% , Cascade R-CNN {45 ¥4 75451 2% R
Boh A E RAFHARBL, 512K R Bk

L(x',g) = (h(x"),y") +
ALy = 1L, (f,(«',0") ,8) (2)

Hrfr, of FRERXT LB, g & o XF N7 Y ELSE{H
A AT REL, 2 AR, O = f (%00, o

DRPE A 22 190 25 B R Al B S ECRRAE PR A RO AN
W 4 ik ﬁ#ﬁ%ﬁ/l\l‘ﬂﬂﬁﬁﬁ AN G VI AR A A

ﬁ lm{ﬁ %%Zr\‘,flil AL:J\
filan, 4R

LSRR TH O B AR I AR E
%?ﬁ%*ﬂ%ﬁ%ﬁ?%ﬁﬂ@%ﬂﬂii&

Y ET 2 E B

® ¢
[ R

(c) Integral Loss (d) Cascade R-CNN

K 11  Faster R-CNN | Interative BBox Integral Loss fil Cascade R-CNN ik HEZR{AR R 2544
Fig. 11 Algorithm framework architectures of Faster R-CNN, Interative BBox, Integral Loss and Cascade R-CNN
((a) Faster R-CNN; (b) Intertive BBox; (c¢) Integral Loss; (d) Cascade R-CNN)
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TR R BRI S BE ST AN AR . XS ) T
o R R 2= IO PN 52 e A 58 N B 1
th T HRNet 5735 (Sun %,2019a) , 53 125 1 B AR A8
PR R o BRI T MBS 1 BB, R E
BT IR 73 B 0 5 W 2%, 15 3 2B B
T 25 A, FErR e 1 B BEi B — e R
RHE B R AR AT AR S — U A A 4730 43
SCHEIUE B TS 2E BB+ 5 1 s R RR
B 1 BT 28 A% T8 i 2 YO AR B
SRR TR LAY — s R, QB RS DU SRS
23 () ARG HE B s . R MS COCO i g [ ikAT
RO SR 25 Al 2 N X 3 T 45
Hr, HRNet J5 L0 T C A MR,
2.5 REIGHFA

TEEUE B N ZS R v, /N BARRS I o5 A R K e
], T IAT Y ARSI B 1 22 S B %k T H AR B
SEIATBET I, R 5 Y B R 25 5 B
W) 571N E R A IS o DR b — SR 5 3 5 B
UL I 25 5 28 /0N B R A ARG B

YOLOV2 % [E 2 1E: ImageNet 45 4E I Hil il 2
RUR i N BRI/ 224 x 224 8 3R, S AG I M 2%
MBIEE 416 x 416 R RAFTERRZE 0], BT LK T
PIGAERIAE 416 x 416 18 K 1Y) ImageNet E{ R4 |
ARSETI SR, SR 5 PRI AR AL S IRURRAE , 3 o i
YNGR J7 205 BT T3 2555 Y ARG T A Y 1) R Gk

Ferc T |
ISR G T E LN T0.3 =
wu%%ﬁﬁmmﬁﬁ_%w[:z}

A

=
(G

| |
EBUFEL] ﬁmu

%, #5172 PASCAL VOC 2007 Zdi £k 19 H ARSI
FEFETF T 12.2% .

ImageNet il MS COCO $udfi S 16 4y (A g R~ 73
iy BIRFEAAAERR 22 57+ 1) ImageNet ZHE £ T Y H
PRI BERRSE B A o3 Ee (R AE 50% ) 4S5 6%
1M MS COCO 454 A 10.6% ;2)MS COCO %%
PaLE 9/ B AR L ImageNet £i#54£ 2253 ) MS COCO
B AR RSB ECR . DL 3 3[R =
BT BARKEIN S AE MS COCO Hidladk b I ifE
A, Singh 88 A (2018 ) T % S dfs 46 149 73 A7 , $2
— Pl IR 2577 50 B T R R R IH— Ak
(scale normalization for image pyramids, SNIP) , 3= %%
ALE PR D) 2 RPN, 5T A
184 IR ARAL BRI 2 A A R R8s 2) o 1
IR N SRR RN AR ) 22 57, 7060 2 Il A ) Hope
TRYINZRAEE T iy 56 09 Y1 2588088 )OS AR A9 ROL
BB REA Tl L . TR 7 MS COCO i 46 1
RO IDRG 42 5 3] 48. 3% . SNIP Hh JE i 2 il 5 46 U
Arid 2 RPN 2% #025ET Fr A b 1) B SR (R 2
3 proposal FI anchor (5%, 4~ ROL 7E 2 Ui 2k
HROE T [ AL 58 15 TN R R 1) i RS ARG, BRI
A RO I BUESS € L I NI, 1% ROL it Ay
I EA , AR LU G5 [l 285 58, 73 JU) )t e Jo 3%
(9, RCN Sy 73 28405 , FH 7 40 0B ARG 00 1S ) 328 A i 5
WAL ZOR . BAREE WA 12 frs .

JERHGT/

[s2.e2]
\
DD
[ [53.¢3] HE \ \ i

P12 SNIP 28454478 5 K
Fig. 12 Schematic diagram of SNIP network structure

Az 8 32X BT M 45 ( generative adversarial net-
works , GAN) ( Goodfellow 45,2014 ) & —Fp R E 2 >J
PR T AR A% 40 A0 b TG W B2 ) B HL AT R

Tz —., GAN i o A= s Y ( generative model )
) 5145 AY ( discriminative model ) %) & AH 18 2% >
PR R o FEIN RS R b, AR R0 45 4 H ARt
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A A LS 1R PRI 25 R 0l 0 45 T A1) 1)
2R H ARl S AR R 288 AR ) R S B Y
PG 3 0 IR, AR A4 B3 Do 28 R ) 1) ) 2% S A o 1
— SR R, B B A S . GAN
8 P 7 A R RN 2R 07 =X, 5 AT 8 25 R o
S WSR3 B PR B R AR, Li AR A
(2017) £ H 9 J8 0 A il =X X 4T K9 2% ( perceptual
GAN) 2y GAN ik 7 —FiREF By 20720, percep-
tual GAN K FIrA7 A 1R 53 Sy R AR N P AS 1
8 AL FZ IR R RO WA ] A 254 DGR, 523 /)
RRRFIERTR , 622 5 KPR, T4 /N
K2 . perceptual GAN A5 P4~ T R 4% . A= B N
2% (/NI A 0 I 45 (RWIIAS) o A il I 2% 2 —
AR BE 5% 26 FRAE A BB AY 58 2o 51 AR Z 400hE B 1)
AR SRR 22 1 AR B 4 Ay 15 0 B AR ALE 5 S 531)
0 2852 55 PRS0 S 2 XL 9 SRV 73 32, X403 32
FHR 3B/ INP A HE B o 70 BRI 5 FLSE Y R W)
PR A, JRRCH 43 32 000 36 3k JRR R 4 2k 4 T R T 3R
perceptual GAN [ H#5 BRZCH
m(jn max L(D,G) = E, i log D(x) +

B, [log (1-D(G)NT  (3)
K, 6 RoRAERINE, D FomFIHIM L E FRREL
PG, a2 43 3RS KRR RN ; B A BEAY
SEAENGR G b ok D RS IR 75 b,
A G A NP BRI o 8 A B 2,
2 TR BFRARHE, B TE BBz x4t
R LU PRI o [ B 5 AR S

m(in max L(D,G) = E log D(F,) +

Fy~pdata(Fy)

Eﬁ‘prs(Fs ) log (1 =D (F, +G(F_|f)))]

(4)
R 2 RKYVAEF NIARTRI 5k 22 e o Hir  FL 3%
NN RHE , Fy 28 RYIR B FRE, G RoR A4
AR RREL, D KR e dn . B4, L5535 7E PASCAL
VOC 2007 $IRE£E 146 kS B M Faster R-CNN f1y
73.2% e F 84%

3 BRI
I P 2 W AFAE AR L B 0 1 T 580

Xt 22 S P AR B4 G - v s A TRt - 1) A 0
BRGSO H D BRI RO B 9252 ) W

PR ARG I, 15 B 22 3, 5 BORG)  E F
RrIORE FEFRAIG . B X ax S m) 2T, iF 58 8 25 05 =X
L8 1Y F BE & S T 2RI 22 28 5 W) AR I s8R
SOk N7
3.1 IR

S METETEAL 20 DRI XS 4 B Ar i 37
Sr R AT R ARG A B2 L ER IS b R R
MR EJT, 3T R 355 1 48 A ) 531 3R
BIFA G, EEXHX S [8] 8, Hoffman 45 A (2014 ) 42
T TR U207 Y 3 D 2 2
M5 LSDA (large scale detection through adapta-
tion) , B0 AL 5 T35 HAn i 2 70 K E s &, 7T LA
YNGR HARGF (9 3 28 W 4%, A I 54 4 A L2
) B bR KX L H28 HARMERf AR =, (H2 0 T
FABZERI R G R B, L, LSDA & 56 F
S BAREER IR AL 45 98 I ) ARG D 5
BEPEATIROM , f5 Jo o G D B84 B DI 5 1) S BT 7% 3
A RINAR 2 19 2 53] ok 52 342 5 H A G ) 2 531
BH.

7E YOLOV2 ( Redmon %5 ,2016) [ 3£l -, Red-
mon FI Farhadi (2017 ) £ X% F iR [a] @42 H T YO-
LO9000 FrIEH7 I 2 SR, BIHE RS A0 43 S B als A 1k
A FEFEIVIZR B AR AR, SE 1 22 28 51 W) 1A A
D 3R NN SR e 30 2o AR T S G D 1 [ 150k 27
>J 30 A g A AR T AT E AR 0 4 AF L B
AN IEBARRIR G TR 2, 2575 BbR
TC AN Y R I, BB 5L T 52 B 1Y YOLOV2 fii 2K
BRBSCHEA T B ) A5 4 5 2 B — - SR UG I, HRE
8 MAZIA ) 3 J e 58 TR O3 B I A R 2% o i T4
e A RAT T A B AR AR 4%, 20 2880 4k By
BT CBEIRRYAR TG, O T A SRy O =0k
B I IX R4S, Redmon F1 Farhadi (2018) #2141 T )2
432K (hierarchical classification ) J5 3, f& %8 Ima-
geNet H1 3] # (WordNet ) JAERAL EE /3 244, 2t
TR (WordTree ) S i) L 41 5 b A HLw iR 4R
WordTree Jg& — > HL o0 A & 19 23 JR B8, O 1 fdE ]
WordTree #£174325, Redmon Fil Farhadi Z¢ A (2018)
FIOEEAST R AR AR, DA B[] Gl B 4 v
AR G SCIRIE RS, 4, YR AAR 2 Ry i
T R AT LIS O IEAEAS s M REAARSE
AR5 R R i ORI AT R AT R 1]
TR, anlsl 13 FEl 14 s
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MS COCO

®HL WER W AR MR R R KE AR 5 70 B

Uﬁ%??%%ﬁ§§§;;\b

Brgs it A A R e ORI g EEE 22K pEEN
SR A B3t k% KRG R AR B0 B A

B 13 MS COCO F1 ImageNet H{4i A 25 B
Fig. 13 Data storage structure of MS COCO and ImageNet

i ) ) — H
v FIAITE
A SR N

WOPH WG R R 4 SEE TE R
WL AL ARHL Bk FEHY

14 WordTree il 77 fifi 46 1 713 T 4]

Fig. 14 Data storage structure of WordTree

8 H BRI A v, ARBR T Y X 52 SE B4 A
NS, R I AR A RS IER RN ZRE 5 (H
JEBIFFE N G 1 S0 73 B M BR 30% 1Y I B A
AbR%E 2 )5, Faster R-CNN [PERE L TR T 5%
I, Wu 28 A (2018 ) £t 17— ol f7 503 3850 149 9 AR A6
IT7i%, BUVFCRAE (soft sampling) o HORMETT 126
ROT Fy86 B2 81 A 5 1 52 191 0 25 1 oK 5, A DR AS 1
FE R 5 DU X T HERE AR (hard negative ) Y AY H
B/, 7E PASCAL VOC Hfs 46 1Y R 52 56 uE B
THCRFE I AR A [FIARTE 3 F 1A &M, 78 Open-
ImagesV3 (Krasin 55,2017 ) $t4fa 45 b 0952 56t % W
TEBDTERE R BB 4R b, ORFEOL T vEAS T
FEL T, IR R] AR R A 10 1 5 S8 AR S 30 %2
ESHIE7/LS TRl
3.2 ML)

R-FCN 53k (Dai 45,2016 ) 38 12 5] A A B U
1541 & ( position-sensitive score map ) fi# gt T Faster
R-CNN tf ROI A 5 & V1550 (Rt , 32 71 17 A6 I 3
A7 B BUSAT S B R-FON 28 vh i) — S 5 B2 4R
13, 1 ZBTUR h BB ECR 5 A U o B Y

A EEAR IR, O pP(C + 1) b, € RIS
S, p o ROT i bR RS, PRI 21 A ISR A 2 ik 25
VR AL B URAS 2 B TR, T S B
AR DU B2 R B BE X X A ) 3, Singh 55 A
(2018) 411 T R-FCN-3000 5575 A 7 /& 2 265019
PRAG I A 55K o R-FCN-3000 4 7328 I 45 3 Jil P 5%
S, — AR SRR A AR S R-FCN v i 7 1 Uk
Py 2L, FOR #E 4T K285 (super-class ) £l , 75
FYAXE R RZN 73 K. RIEHIFE YIRS T I
() — 2828, K2 1y B 2 1 5 1Y, Al DL oo SR 2
(K BRI $RAG 2T R p* (K + 1),
Hop K IR RZECH |, H K i i/ N T i
R H PR e AT AR AR 7 SR AT o T B TR
Iy — RSB PR AT AR EE 326, th— M C A
BREHERZEA N, C NErA YRR 0%, %
A R2I A R-FCN i p* (C +1) (p = THE) 193t
A 1749 feJa AN 73 SRS IME R 73 O e
i HAR R B2 o 8. WRMBUEAE 2 380 Wi
AL J5 T, AR X T R-FCN RRDR G, T LA AR £
R 25, EMEYIIRZE5] C 20 2R3
3000 2, frate ok YT RTINS K, B kg T RL7E
PRAEASTINZIE 551 4T B4 T 245 R o

R-FCN-3000 7 ki3 28 S B 0 Lt 1 4210 1
—FPEET R-FON #2225 B ARSI 24 , S AL
FI bR ARSI B AL 1 —Fofr S DIt | e B A R 7 8
{HJ2& R-FCN-3000 75 H A7 13 FHAE 138 114 5 M 7B 4
Ptk UNGRAY ARME B e ) B A R PR bR
IR, I, Guo 5N (2019) £ T —FP TR
R M ARG I A J2 T 45 g B 45 )1 2 5 gt
(‘hierarchical structure and joint training, HSJT ) ,
HSJT & S HARSIN Z IR i) K 2, S8 2 IR
RIZEATY i — 4R R IR PR BE s UK i FAE SbR
ICE BB GRRbRC B A R AT R G I 2R,

3t — IR N SR AR BOR MU B F AR I ) 5
o SERATRA HSIT S i MU i H s

R0 X 2% EL A AR - 14 22 2R 00 KGO P BE , 7 ImageNet
B AL R IIRS BE R 3 T 38, 1% o

4 BENLEE

RIE MR, B A RSS2 E R
SR, T RO A7 2 18] FE 47 25 18] 5K 58 A
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KT 55 o S 1R TR BE 2 20 1 H AR 5k e
% IR 55 #1278 2 4% Sl iy , 38 V) 5 2OR B T IR o
AT H A A B A T i A AL B

A7 B9 MobileNetvl ( Howard 25,2017 ) M S Bn
IO FH 5% R R B v E R AN 10 2% 235 440 1) A5 AR 0
PN ER 432 1) YR BE AT 435 45 FX ( depth-wise convolu-
tion) , PRI A] /3B 43 2H 45 FH (group convolu-
tion) &40, AN [FIZ A 24 4G PR p — B R A 5
Xf— IR BRI T B AR, TR Al oy s S R rp— 1
B R AT — D FRE B AT B, X AR AT L
Ul 2 D 2 A 2 BRORIBE T T 58 o, A o A 0
7 52 ) 3% 1545 FH ( pointwise convolution) , % & R
AT x 1 BRI ] 43 B 5 AU A5 3 1Y RRAE
FIEAT R R il DR AR AIE 1 22 (B0 A5 8 AS ik i 1)
[n]

MobileNetvl 5 — i (% 45 By X AF 78 22 7=,
E1S fios , Horbia ARFEEIA M AN, i s R AE B A

NA B AR IEE R SR Dy o — 34 FH (standard
convolution ) F1&H N A~K/INR Dy x D BFEFRZ 3
Fr&RURAE, sl 15 (a) fis , BRI TR RN
S, =Dy xDgxMxNxD, xD, (5)
T LS EEH A
S, = D¢ xDy xMxN (6)
R AR P — B R 5T — N, W
B M A Dy x D R, BARG B AnE 15 (b) fir
No BRAERUN TIRBEH N AR AR AR, R
FANAT x 1 BB ER, WK 15 (c) B,
RASEW—RETRIT R
Se = (DgxDgy xM+MxN) xD, xD, (7)
ZHEHE
Sp =Dy xDy xM+MxN (8)
HIE AT WL, 7 Dy, N BERIYIG L0 T, Mobile-
Netvl HrAEREE AT 73 B 4 B B TR T IR 2 S 4L
G REE FARARARIER

DIPLL 5600000

(a) — B

(b) REERT 320

“—N—

(c) BB

€ 15 MobileNetvl 55— X 51

Fig. 15 The difference between MobileNetvl and standard revolution

((a) standard convolution; (b) depth-wise convolution; (¢) pointwise convolution)

MobileNetv1 FiJ FJ ¥ B AT 73 85 4 Bk /b 1 5 Y
FRIE 5 A2 B0, H R K ) 28 25 1y 3 J2 R 2 T
VGG M4 H FH T 4F o Sandler 55 A (2019) 7
MobileNetvl f2EAl F3&H T MobileNetv2 , 3= 24 &
P UG s — &l FH 2 M 252 (linear bottlenecks ) 2
/NG J3E i 1 2 0 T P A e MR S 2, DA T DR IR AR
RURY IR BE J) 3 & A 8] & 5k 22 A Bk (inverted
residual block ) , 12 45 #4) 5 1% 4t 5% 22 #5 H (residual
block ) HH4E i FeAa i fE 35 19 7 XA B . SEgm 4 2R
250 MobileNetv2 #HX} T MobileNetvl [1%) P4 £ ikt BE4%
KA T T BBIROCR , SEIEAE ImageNet 4R 46 1)
HERGR I 70. 6% 42 =38 T 74.7% o

Face ++ A BA$E H 3% ShuffleNetv ( Han 2§,2017)
A P 38 38 52 48 ( channel shuffle ) J7 7K 2% 8 70 AL
(MU e 3t d T80 , A4 BB (14 4R 1 1] DL A e 7321
M (group convolution ) 4F 5 1 {5 B, it 18 A 1 I
MobileNetv1 H {14 32 i 45 BV O 14 K 12 AN (B 2 5 Im)

A, R 2R P R AR IR R R . Pl i 5
B A H IR0 g (g =3 ) 1 SR)EHE R

HjE HjE I
N — — —
GConvl
ALK — rr—— —
D Y - SN
GConv2 ‘ k\\ ! - Slj‘?ﬁ-
LIHY —
(a) HIE]1 (b) iHjE2 (c) JHIE3

K16 FEA B A3 18 S0 07 12
Fig. 16  Channel shuffle with two stacked group convolutions
((a) channel 1; (b) channel 2; (c¢) channel 3)

R AR Jon 3ok AR 47 S AR L i s8R
I T FE AR T e AP P A8 S KR (floating point
operations per second , FLOPs) , X455 35 B 1 45
FRUZ BT EERAE , T A A7 5 ) T4 #E 1 T3] ( memory ac-
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cess cost, MAC) i3T5 A it 25 53 SR Y I feff 7 41 [+)
f) FLOPs T, 52 i B2 22 i 25 lL AR, Ma 55 A
(2018) i1 4 LI A 1520 MAC /Y 4 > F 2
HE.

55 1A SE G T BUZ S A ) RPAIE i 1
Hook MAC H8FRAYEIE o fRBE—A 1 x 1 BRUZ A
AFFEE TE RO o) 5 RFAE RS & b AT w Bl
FHEEIERUZE ¢, . B FRBHUZ M FLOPs {8, )

B = hwe,c, (9)
PR T x 1R, BT DU A CRAE Al R AE A RO
SEMFRY , hwe, 7R i NFFAE BT 7 A7 25 18], haoe,
PRI FHE TR AEAR A ], ¢ e, RRBBIZ T
P s 0], B R MAC

M,. = hw(c, +¢,) +cc, (10)
A A ST 1S
zwAcaza/thJrh£ (11)
w

P e = e, , RV AR 38 38 BOM ) H R e 3
BORAERS 7245 € FLOPs Fii$2 T, MAC 1% 2 UE Y
AE

F2 AR T EBAY group FRAEXT MAC
RSN o [F] B A]

My = hw(c, +¢,) 912 hwe, +Be, B
g ¢, hw
(12)

o, g IR group BEGE . ATLLEH B Z ) group
PEAE 3G MAC, DT (AR Y 3o i AR 18

1x1 GConv

1x1 GConv

BN-ReLU

3x3 AVG Pool
(stride=2)

3x3 DWConv
(stride=2)

3x3 DWConv

BN BN
1x1 GConv 1x1 GConv
BN BN

(a) ShuffleNetv1-1 (b) ShuffleNetv1-2

BN-ReLU

55 3 AN SR OC TR B 1% 3 SRR RS Y
PRI 52 ), 52 9% 45 2R R 78 AH W] FLOPs 1 1 %0
T, BB 0 B bR, PR S BB 22 ) T 0
T RBAH]

55 4 > SEER S 06 T U0 3R K BT (element-wise ) 44
PEXT 5 AU 3 3 1Y 52 Wi, 3 & X ShuffleNetvl Al
MobileNetv2 f) JLF 22 452 11 1) ][] 9 #6 19 23 A, & B
element-wise #/EH A A THFEIL HLAE FLOPs F £
PREUEE 2, I E R AT BEY /D element-wise $/F

ShuffleNetv2 ( Ma 4% ,2018) & 3% T ShuffleNetv]
HAELER (] R AN LA | 4 A SO0 42 i 00 1k I 4 445
¥, GEA X AN E 17 Bz, 17 (a) (b) /& Shuffle-
Netvl F P RIAS [6] e g6 48, HCIX )02 5 2 4 R Ak &
ROFi#AT 1 4i/MEAE . B 17 (¢) (d) 52 ShuffleNetv2
AR RS54 . AL 17 (a) 117 (o) AR L AT LA
i, BT (o) EIF IR AL 3G T — A>3 18 3 40
(channel split) #4E , B AdRAE 098 8 P75 1% ¢ Fil
¢, ¢ R e/2 WAL BH S5 1 ASSEEG R AT AR
BLo HET 2 2 A SLEny o0 #r, B 17 (o) HHX T
BT (a) BOH T 1 x 1 BAZH1 group 4, [R] i}
T TAD )38 3B 55 53 T AR ICE AR group #24F, HE T
55 3 SR AT, 1817 () F 38 38 52 48 ( channel
shuffle) EEVERL 2] T concat #24E 5 M, B T4 4
ASLEG AT, B 17 (e) B IE 17 (a) ) add (ele-
ment-wise add ) #E/E B il concat #EE, %% Shuf-
fleNetv2 ft) 46 I K5 B2 A LL T JR A 79 ShuffleNetvl M
29.9% #2713 31. 8% 32T 1.9% .

1x1 GConv

3x3 DWConv BN-ReL.U
BN-ReLLU| (stride=2) 3x3 DWConv
3x3 DWCony [ BN (stride=2)
BN | 1x1 Conv |
BN-ReLu |17 Conv

1x1 GConv

BN-Rel.
BN-ReLU N-Rel.U

Concat

Concat

(c) ShuffleNetv2-1 (d) ShuffleNetv2-2

% 17 ShuffleNetvl FiI ShuffleNetv2 F{# B SR
Fig. 17  Building blocks of ShuffleNetvl and ShuffleNetv2
((a) ShuffleNetvl-1; (b) ShuffleNetvl-2; (c¢) ShuffleNetv2-1; (d) ShuffleNetv2-2)
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BTN ATES & 1 MobileNetvl [ T]
I3 B3 MobileNetv2 ft) FLAT £ 1H: i £ i) 396 % 22 45
P41 MnasNet (Tan 45,2019 (15 T 45 RS 2514
(AR SRR S A | P2 i T —
B2 2 W 4% MobileNetv3 ( Howard 45 ,2019) , /g 1 8
SRS IRRACR o AL S R BIRT A HAME R
YA TR L5 SEAE Rt

TEHAMY R 5 77 1, MobileNetv3 B S5 i
PRI I 2548 R D REAL L 4 Jmy Y I 28 254 , T /s )
NetAdapt 7 ( Yang 25,2018 i 4 )2 (A% 55 2 i 1 7
Al B AAEIT TS HEE Z IR T B I8 R 3
ML Z8 5L o X T4 R B 28 25 #4438 2%, Mobile-
Netv3 {ii ] 55 MnasNet rAH[R] 45T RNN 042 il %
IR R A AHOR AR E AT G 34T
K BE—SE P04 , 72 H bR SE I3 BN AT R
T T8 EZE0E G 1L, MobileNetv3 £i| ] NetAda-
pt 7 X g — R BRI  Jy EATIRAR, e A
AAEBIIE R Y[R, PRAERS BE , D8N SE 2 B — )2
HORET RN

TEMZE L5 R R J5 T, £ %5 MobileNetv2 5 2% f5
JE W Bt S B R 1) ), B i3t T MobileNetv2
(R LS 250 B I Ja — 2 I Yt AL 2 i S, RS BR
wE—1EM)Z, [FBF5] A h-swish (hard version of
swish ) I BRESOR AR 28 T H030 R, 32 i S R4S
PRPE, HIT swish B o8 BCRE A8 A7 5504 5 0 45 1K
JE B R AT RO, IR T h-swish (hard
version of swish ) 7% pRET, BAR K
R, .6(x +3)

6

A, o ARSI AT, R.006 103 ReLU 345 sREL
X TP A LA SO R BCTE DR 3R P RO D0 R Ak T
ARZARH, AL R, 6 TEARZ BRAEHAE ZE v AT LA
SEPR, TT HL i sl e T RCEORS B A K s AT
JEPR

hoalx] =« (13)

5 HIESEMEHEREREIR

5.1 HiEE

Bds TR AL N TR RE AR 3 KB
A, e N T e A R R SR, AT SR B
ATPRAR I S . IRBE 2 > B0k 2 i LA ] AAR21 )
2 R J  ARR —J 1o i DR o i T RSB0 4R 11

B, B AR vk R A S BN A, AL B AN T s
S IR Y I T N T F e s =k 7y alll]
B TERE A E PR , 1] A 2B B b G 0 4 i sk
Ok A 2y B B HA S I D Tl 5 K38 g

HARAS I 4 AR DG AIE S b A e AR 22 i e 2
AL 4530 BRI o A SO AR G ]
BAEE #ITN 4, M Caltech101 (Lin £,2014) JF
eI E I Rl R RN RTINS RV e I
Caltech256 ( Griffin %%, 2017 ) . PASCAL VOC 2007,
PASCAL VOC 2012 . Tiny Images( Torralba Z£,2008) .
Cifar10( Williams FI Li, 2018 ) . Sun( Xiao ££,2016) |
ImageNet , Places ( Zhou %, 2018a) ., MS COCO i
Open Tmages, BUBY B bR K55 35 o {8 19 4
BE4E F E a4 PASCAL VOC 2007 ,PASCAL VOC
2012 MS COCO FI ImageNet 25, A ¢ 046 5 1 £ 40
HEWEL,
5.2 JBEEMERELEER

H BRI v F M BB A T S A 45 HE 32 (accu-
racy ) &3 (precision) . B3R (recall ) -85
(average precision, AP) S 37¥5 B 7 {H ( mean aver-
age precision, mAP) . HEH F KR PFr A AEA 7326
X EIREAS JIT o 1) L A3 2 T ff o000 2 ) A A AR > 25
SRR DB LB . VR — R TR PPAG R i) 4
JRERERE , ARE & K215 B, Tk A i —14
BAIVERE . A3 U0 0 TEAEAS o, TE TR
HYIEREAAN RO SR BB . A Il 348 A v T A
TEAEAHE A1) v 4 TE A R0 18 TE A A BT 5 Y L
B, SRR E P-R 4 T A A, P-R 2k WoR
P 3 S e bR A 238 0 A ] R 22 ) A AU, P-R
2R Y RO — B AR I Y A o A S A ] R
P-R R 2 R o (A e B AL Sl AR IR o P2
K B2 (mAP) S Je 0 B — A S AR T3 1 1y
KEE (AP) ORJEH3 15 AP pF-2{H., H ARG I
V5 AR A PERETE br & mAP, AR SCHrA A 6 I
FE AR IE 48 mAP,

bSO ARG HR I P AR 22 58k DL SR Ry ) s
AN B AR A PERE TR AR T VIR A, T
H IR T 0 25 i ARG RO L Dt 4 A TR 2
(mAP) 6 3 J32 5 XU B 3 1) S BE AR 43
gt HBR RISk | 0 H ARSI 33125 1) ik 5 000
Tk s B AR P (AR RS 32 530 A0 22 2 53] H
PRASIN SRR AR OCAR B AR N R 3L 2.
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x1 HEENNERBESE
Table 1 Popular databases for object detection

%R [SEFSE 4

FHEH BRI G a)/ 4R R

Caltech101 ( Lin £ ,2014) 9 145 101

PASCAL VOC 2007 (He 4,2015) 9 963 20

PASCAL VOC 2012 ( He %,2015) 11 540 20

TinyImages ( Torralba 45,2008 ) #4179 000 000 53 464

Caltech256 ( Griffin 25,2017 ) 30 607 256

ImageNet ( Nielsen,2018) #4714 000 000 21 841

SUN( Xiao % ,2016)

131 072 908

MS COCO( Havard %,2017) #J 328 000 91

Places( Zhou %,2017) #5110 000 000 434

Open Images( Krasin %%,2017) £79 000 000 #j 6 000

300 x 200 2004

375 x500 2005

470 x 380 2005

32 x32 2006

300 x 200 2007

500 x 400 2009

500 x 300 2010

640 x 480 2014

256 x256 2014

sk 2017

R X B0 s T iR R R —
A EbR s RZHE G B A W 5 A R
MR N AR AR s AN K T SE PP Al

A 35 H AR I R LY 20 A4~ 28 51
Rt INGRIEG ; BUR I BS54
KN BARTEAA R 5t
—REZRTEE 2B B8
AR RIREAS s N AR HE AL A S 1

15 PASCAL VOC 2007 % fi), & PAS-
CAL VOC 2007 #8858 m AR, 43 &
EgEE L,

UGG 8 e 2 IR HE R &
1 RT- BB AIE ; N K A Bk TR
74 CIFAR10 FI CIFAR100 % i F H
brorde

5 Caltech101 25 f0), HFR KB & 1L
Caltech101 £,

PR A3 3 9 RO 4 % 5 He PAS-
CAL VOC 8 F§k i #£; T 4 Tmage-
Netl0004 17 5 ILSVRC Bk i 57 .
K G 2 5 A X 52 28 51 i 55 4]
KRR RIS 3 SR B H A
W WA KL fE 4y B R SUN397
1 SUN2012,

FERE s BIREGEEELH
FRSL AN 5 ) FAR R B T
A FBRRI T — A B

T 5500 W i KAn o8l 4 %
FHH) 4 4> T 4E /& Places365 Standard ,
Places365 Challenge, Places205 #l
Places88

245900 7 i 1] 45 2L 1 i) KB 4, T 1%
E & FEUR HAr % B br il FHAE 17
TR,

M2 AR LR 458 -

1) TR 2 > 19 A IO F A A I 353 S B T Jo
AT i il TR B =7 ~) , £ PASCAL VOC 2007
nge RIS BELL DPM AR 1% 4t H Ak
DFEEAY 29. 2% , #2 = B 2L R-CNN Sy i 4 T I
JE 252 2] 1 FARRSHINAR 1210 66% L 3-TF T 36.8%

2) £ TV FARAIN 335 B A S ek 3R v, L
B B A R DO BE B, 75 PASCAL VOC 2007 %X
itk AT RUIAE] 80. 5% 3% B ple itk n] DU AU Y
R EE AN 0.5 /s R THE 9 it/ LK BURLL Y
R R g, n) LR AFAE 40 Wi/s Db SR AT

A EA Y B AR ARG 0 5 125 1) A6 DK B2 DA 66. 4%
$ET1 3 78. 6% ; RefineDet 553525 5 WU B G325 (14
JEAIA LA S B BB 12 1) i B L, A SR vE AR A
TSR R B AR 1 R R IR R AR B 81. 8%
PRI , 7 B 45 5 B OU Y B OA k1) e s R A 7 i,
B R D00 PR K 32 00 3R 30 B 3 P16

3) FEFE /N B AR ARG DN RS B2 1) AR DGRk
KR e M RE B T M 4%, W ResNet-101
DenseNet-169  DetNet-39 1] DL ¥4 H Fr 6 ) & & 78
PASCAL VOC 2007 54k 5 b f%) e A% 22 42 A 21 —
AR, 4y 31355 80. 0% .80.9% 40. 2% ; Tri-
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R2 ARBHENEELE

Table 2 Comparisons of different object detection approaches
Fik BTRG WA A WAk b O g
DPM ( Juan FI Gwun %5,2013) - - VOC 2007 29.2 - -
R-CNN( Girshick 45,2014 ) VGG16 1 000 x 600 VOC 2007 66 0.5 psd
Fast R-CNN( Girshick %,2015) VGG16 1 000 x 600 VOC 2007 70 7 W
Faster R-CNN( Ren %£,2018) VGGI16 1 000 x 600 VOC 2007 73.2 7 A
Faster R-CNN( Ren 4§,2018) ResNet101 1 000 x 600 VOC 2007 76.4 5 psd
HyperNet( Kong 45,2016 ) VGG-16 1 000 x 600 VOC 2007 76.3 0. 88 pIe
R-FCN( Dai %,2016) ResNet-101 1000 x 600 VOC 2007 80.5 9 N
MaskR-CNN( He %§,2017) ResNet-101 1000 x 600 MS COCO 33.1 4.8 W
YOLOv1 (Redmon %,2016) VGG16 448 x 448 VOC 2007 66. 4 45 L
SSD( Liu %,2016) VGGI16 300 x 300 VOC 2007 77.1 46 B
YOLOvV2 ( Redmon #/l Farhadi,2017) Darknet-19 544 x 544 VOC 2007 78.6 40 L5
YOLOv3 ( Redmon #1 Farhadi,2018) Darknet-53 608 x 608 MS COCO 33 51 L
RON( Kong %,2017) VGG-16 384 x 384 VOC 2007 75.4 15 L=
RefineDet320 ( Zhang 45 ,2018¢) VGG-16 320 x 320 VOC 2007/2012 80.0/78. 1 40.3 il
RefineDet512 ( Zhang 4,2018h) VGG-16 512 x 512 VOC 2007/2012 81.8/80. 1 24.1 psu
DSSD321 (Fu %§,2017) ResNet-101 321 x 321 VOC 2007/2012 78.6/76.3 9.5 B
DSSD513 (Fu 4%,2017) ResNet-101 513 x 513 VOC 2007/2012 81.5/80.0 5.5 L=
STDN321( Zhou %5 ,2018b) DenseNet-169 321 x 321 VOC 2007 79.3 40. 1 B
STDN513( Zhou % ,2018b) DenseNet-169 513 x 513 VOC 2007 80.9 28.6 iEH
DetNet( Li 45,2018) DetNet-59 321 x 321 MS COCO 40.2 - -
RFB Net300( Liu 4,2018b) VGG-16 300 x 300 VOC 2007 80.5 33 B
RFB Net512( Liu %,2018b) VGG-16 512 x 512 VOC 2007 82.2 38 L=
TridentNet( Li %4,2019) ResNet-101 321 x321 MS COCO 48.4 - A
FPN (Seferbekov Z%,2018b) ResNet-50 1000 x 600 MS COCO 35.8 5.8 N
DES300( Zhang 5% ,2018b) VGG-16 300 x 300 VOC 2007/2012 79.7/77. 1 76.8 LEEH
DES512( Zhang 5%,2018b) VGG-16 512 x 512 VOC 2007/2012 81.7/80.3 31.7 i
NAS-FPN( Ghiasi %,2019) ResNet-50 1024 x1 024 MS COCO 44.2 92.1 N
Cascade R-CNN( Cai F1 Vasconcelos,2018) ResNet-101 1280 x 800 MS COCO 42.8 - X
D-RFCN + SNIP( Singh %,2018) DPN-98 1 000 x 600 MS COCO 48.3 2 pye
YOLO09000 ( Redmon FI Farhadi,2017) Darknet-19 544 x 544 VOC 2007 78.6 40 B
Soft Sampling( Wu %5 ,2018) VGG-16 321 x321 VOC 2007 79.3 - P38
R-FCN-3000( Singh 4§:,2018) ResNet-101 1 000 x 600 VOC 2007 80.5 30 pye
HSJT( Guo %%,2019) ResNet-101 1000 x 600 ImageNet 38.1 - N

e PR VAN N DA E RN

)5k, A EE A VOC 45 PASCAL VOC,

dentNet ,NAS-FPN , Cascade R-CNN ZE58 7% 45 51| M 384
TR 58 A2 BT e A il 5 R ECK A B 22 T 245 1) £
JZ HAE MS COCO Hdis 46 E 1Y H ARG RS B2 2 55
F|48.4% 44.2% F142.8% , AT T /NHRY
PRI RRS B2 . AR B ¥E7E MS COCO, PASCAL
VOC M3 4 VL K AH [R] & 3 78 PASCAL VOC 2007 |
PASCAL VOC 2012 4 A K4 |- iy ks W 45 4 o

PAJCBR, 6 0 26 501 50 e 22, A58 TR ¢ A 00 G R
o 1y SNIP 553k 3 1o 48 Ao 29 1y 3 5075 5, 5 A
MS COCO il i £ b i H AR A IR B2 2 o 2

48.3% o PRt AT RLid i A W22 5 PR BE T 19
2% BB BT B CRE AR RS SR A AR 22 T

245 RV AR R F) T 2 D X088 A BE R 3R TH/N H AR
AR DK JEE
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4) T SE B 222 50 P (A AG I 114 F 56 B X EE
%3 YOLO9000 F1 R-FCN-3000 3 335 i F e 25 % 4
e A 7 2RI 45 43 S J5 i, AAMASEEE T 9 000
13 000 N5 B A , 1 H ks #E PASCAL VOC
2007 FAHAE I HAS DN 13 42 = 21 78. 6% ANl 80.5%
IRB[FISE ST A0 280 P A T 1) 4 3 5K, HSIT
A A KA S 4E TmageNet b (ARG TINRS 13 2
FHEIT 38. 1% W RAE M T/ HARIAR R RCR o

g b BT IR o 1) B R RS NS0 IEAE A
[F) £ JBE fift R AH S BOR BB R, 7E PASCAL VOC, MS
COCO Al ImageNet Zdudi b AR RE /3 HlA 2] T
82.2% \48.3% FiI 38. 1% , K I 3 B L B AW 2 T
SERPPEEOR UG 1B R SEIRCR o TRl AN SOF)
PRI ) R RESE B , 4 FLOPs N
K AT GPU E JSE %0 A S B A A I 33k A 1 8
SEFBEE, AR SE M TEAE B nR 3 Fin .

#3 7 MS COCO HiEE LR BirlER
Table 3 Results of object detection on MS COCO dataset

FLOPs/M
il 1 mAP/% GPU #JE/ (i/s)
40 140 300 500 40 140 300 500
Xception( Chollet,2017) 21.9 29 31.3 32.9 178 131 101 83
ShuffleNetv1 ( Zhang %,2018a) 20.9 27 29.9 32.9 152 85 76 60
MobileNetv2 ( Sandler £%,2019) 20.7 24.4 30 30.6 146 111 94 72
ShuffleNetv2 ( Ma %, 2018) 22.5 29 31.8 33.3 188 146 109 87

AFE 3 AT DL B, Bl A S 1% D 2 45 A 1 AS A
1, %% Ak F T B 8 Y FLOPs © 8 A L 3k 20 3]
500 M 300 M .140 M F140 M, #i F4% fy 5ok B th 7 A
Wit i, 7€ ShufleNetv2 FFELZA] LIGAE] 188 /s, ]
F AR A A L AE AN T8 /57 , 72 MS COCO il
BE PRI EEE 40 LA R 33.3% , {H)2&, Tie
RS o RS0 A A A TR (A Sk S B 5 % B ity )
P RA R K22, DR e E AR I 03k 1o P 51085
Bl >R IR T R WT LI 5 5 R R

6 fFRRREIEIES REHZRTTE

H RIS A LA e e b — A~ F 2 H A
APEAPERY R, 23 12 0. R R
FOR) 2R, BARF I 4t & 8 A T BRI
Ak AE R H AT BRI SR 5 AR R B Z [ 4)
FEEE R 2E0E . AR 4E A BB O s s i BEAE
SR A SO T IR B 27 2T 1) H PR I SC BB R T
— 2D R A TR 8 ) R 5 R RIS T ) A T RE

1) Gy {452 28 B35 7 R 3 55 T 1 H A A
Mok o WIS F R ERAFTEE B R4, 1 n
WEPY(Yan £E,2019; Sun %5,2019b) | B4 ( Gao
45,2019 ; Zhang 45 ,2019a) | # m FDOG BUZEAL 14

RUE A L33 (Kocabas 45,2019 ) AT 73 A5 TE |
Mg R 45 , 3o 6 4 S 1) 3 s R R 2k E Ak
SR S BR  FHAR H T B R L DR, R T
TFER GEFEMES B B 1Y 9 ( Zhang 45
2019b) \HAMFAEfl G (Zhao 55,2019 ) 5545 5 1k
SRASIHTHE R AR (14 1 B A 1 4 5 S A ARG
M 3K

2) GnAn] 7 2 56 FH YRR 2R 9 S5 4F T S BURG Af 1Y)
HARKLI . thF B ARSI ) 55 24T 55 2 AT T3
N—BE 5 ZR b7 5 R v A b R BT Rl &
220 i B AR R GRe S, R, Sesn kiR 4
BRERE DRI A A R, K L i R R 4% A 7Y
YR, HETH RIS SR AN T kT
KA bR 3, B AN, 22 % €A N 57 1 Tma-
geNet Z4E 4 L K PASCAL VOC MS COCO %53 il
B AR B B o (HR X FP A W B 24 >
e, — 5 N TARTE R AR KK, [R]Bs T0 7% B A
WIS A TRRTE s 5 — 7 1T, b T 40 B B8 XA [R] 26
o N B 2800 i H bR JCT: SE 3 A 38 N7 RS
P P, AR T iRk o) sk fh 2 > 6 5L
F55 W57 (Ren 45,2018 ; Karlinsky 45,2018 ) B G
( Rahman 45,2018 ; Demirel 25,2018) 5 K UI12: H
BRI (B anfaf 45 5 Se e MR sl POk SEBIAN [H]
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Gy T 10 B AL F ARSI E SO B RTOFTE A L o

3) Anfar AR B P RE R T 45 TRIZ B TR
25 (R RE S DR A2 W 0 b A I Rk 1) 4 B S
I, R ST R g P B 4 B T I 0 X )i 2k i it
FAG LI E R AR E S . H ETE TR
HARKIIREHUE , R AR XA FESS & M4
HEZR A B 1 e o A7 7 W35 22 5, DR g I s sz 100 40
Sl e B R 2% B R SR AZ O A LS8 LA PR
IF: (D) 8 m B T A FUE S5 1L —1k. &
IRBUA BB T M2 B 28 X EIR r 28 AT 1k,
{ELIR i T o3 RGN 2 18] B 28 S Ve S By ~d i ™
A 22 , DRI D) R S ST B X H AR I ST Y
FIE M4 (Wang 25,2019b) 5 (2) 42 =4 T R 45 1Y
AEBHAAR o BT B B E T 2% TP S R LR
BBVECE BB RAC, T E AR R MR IR AT
Y G , DRI Aar X8 19 2% 305 47 L 46 A3 ( Cheng 45,
20183 Wei 45,2018 ) LA J 19 2 Ak PHLASCAR 1) 75 SR Ks
JEARRIZ O WFFETT )

4) Qg BR AT SO i ERGE U B 12
PRSI A PR AR S R o R 2 ] 3 Y
FHIESL 2B 2 R NSO B o R, AT RER 72
OMZ BT W25 A5 AL v PR G AR RO — SR
PRI, HAT AR TT S RE LT P2 (1) F
FHREA7S , RIVE R TR B 22 I 245 1) %2 IR ALE 32
S C R R TR DN b N 2 3 RN R ]
A JEE AR RS Tt ] LA 3 ok 1) P 0 U 22 0 ) 2% 285
Fy BRI  BRORIAT 200 R o SCS5 D5 16K
FHEA TG 25 BRI B R S TR AE P 25 8] 23
HER TR =i F ARSI R 2 5 (2) AT R X
PR PR A T8 SCERAR T LA Bl 0 B ey 8RR
JEUR M > RS I 5 )2 ik DR AR 2R R R 52 45
S FIA1EL, RV 53R 200 G S0 R 43 1 L 3R
SNERALIEE (1 PRI P8 S 4 RS Ak, DA T S B [ 451
PR B R = U ) LA

5) UnAay 48 v TR JEE o I B AT B . X T
REEITRIE 7 ] 28 A L, 1 2 U USR5 By ik
FULITH R, SRR KRB AT )52 B, B
SRS i o A% iy A B T R R IR
HEATSbs b —3R BRI R SR
UG BEAR R S A HUE SE R iR BUAS B TR A
BP9 A BRI AR R 5 5 I BBl 2 1) 1 AR A
P, TR fe 2 SR DR LM i AN W B e A B g ]

FRRETE o AR R WA Lo W 5% J 1) 4 2 ) T S 2 9 2%
(Verma #1 Zhang, 2018 ; Rosario 45,2019 ) 5 3 45 14
AR R R 2 A B g AT e . AR M 2%
BT AR 22T LU 48 /N ) 48 ISR 3350 75 5K, (B[]
I 2B ARRAE , 75 H BB M M) 28 46 4 rh 2 ]
BNEUR B GETHRAE , T TG 2] 3 0 = il U
Ko BRI 25 0 28 7 A8 A X R R B L 2R T I
P L8 1 I FoR B 28 R AT D)2 o] IRUR PR e SRR Y
S RRFAE , AT A5 A5 A8 R DAFEAS [] B9 40 A1 1 s 1)
S/ B S B A 2 A

6) ey B 3l b A i B B e U0 1 1 45 4R A
BT Z R M MR o — T TR A B
AR BTN A X 285 85 ) AN SO T4 8 1 43k
RS BB [] it AORE T A [R) B S A
Zm AR, AR FEBLAS 2= 2 1 07 ok B Sk
27 2 NG — A e D R 28 240 2 H Hi s i T
TG I Z— o Zoph Fl Le(2019) JFAI 1 i i #if
22 o 245 AR 1 R A 7 FORSEBLR B 7 2T 1Y A Bl ki
— AU, WY TR R A 2 2] S ] DU R
SEAF 1) I 25 2284 s Real 55 A (2019) i — 2B BFFEIER]
TR TR A ] IS B2 45 51, (32
X PR R 7 AR B ] GPU YN ZRJL T/, Rt
Tnfer A 5 B AR o 353 7 AR B DB, Zhao 4§
A (2019) $i Hi —> 157 B 1 I 28 ZE AR TT IR 48 2R, 3
R IRE TR B 045 4R B A B S R Y T R IR
Pham 2§ A (2018 ) 41 H #4) 38 £, 35 8 22 2 6] v 7 A 42
T A IERE | SR J5 XT3k A~ K TR Z A o 1 /N
PN T REERIII R, IR 5E AR , ShAETS 21 A 28
P AT LA ZE I GRA R, DT DR A AR AT il 28 1) 45 B Ay
HERWTAERE, BHAT, AR RC 27 EIRN
SN ( Ghiasi 55,2019 ) Hh & B AR 58 1 RE ST, A
TR AT R R A R, 30 S Ak TR A 7 A R
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