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Overview : Application of Convolution Neural Network in Object Detection
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Abstract As a branch of machine learning,deep learning has obtained wide application in various fields,and has become
a major development direction of speech recognition, natural language processing,information retrieval and other as-
pects. Especially in image classification and object detection.it has made new breakthroughs. This paper first sorted out
the typical applications of convolution neural network in object detection. Secondly, this paper compared several typical

convolutional neural network structures,and summed up their advantages and disadvantages. Finally, the existing prob-
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lems and the future development direction of deep learning were discussed.
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M2 VGGNet ! A fR T 3 X3 M5 BUL AN 2 X2 1Y
AL A 2 A 3 X3 BB LI HE & 0 5 2R B 1 S 80
P2, XAk 3X3 1 8B B 2 Il ] ReLU 0T oA 2,
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A B 28 FRAE TR0 A 445 B 40 B0 0, 347 i o 40 310 Tk
25 R B ke my 2 AMMESS (r R+ RO Y R T 3 MES
#2326+ R JF LU 3R T 0CO2016 HE 7

2017 4F, Lin Z9Y % CVPR #2119 FPN i i £ RE .
Z IR PAFE &I W 4% H R R R [ A 2 )2 4 R AE, 2
SET R YE SRR, 7E COCO $HE [, fli i T FPN 9

Faster R-CNN A& 7 8 H sl 19 & 42, X A& L,
B — U A 2R BT 4% (Generative Adversarial Net-
works, GAN) 37 F 2] HFR K0, $2 H T Perceptual Genera-
tive Adversarial Networks (PGAN) %), H: 3 i # 57 80 4> 40
¥, 85 /8 Rol # #e Jg K Rol, 4 /N /N H kx5 Kk H A5 9 R 22
ST /N H BR AR fE
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MG ARAE , S BUAE O A I . F 2, 30 45 44 1) I 265 75 21 50
AR MG LSRR R 2 2% o IRt A&, 38 & 2% R
o aE Tl 52 . ) 4% 45 4 T i a7 B L S A R O e ) — 25
15 07 2 4 N e B ARG L .

Redmon %507 8 Hy A — A i 28 ) 2% afF 47 H B K I 19
YOLO M %%, YOLO 3R 45 (8] BR i1, 150 32 5K B i &% /9 i
SHE 1Y) B AR BE R S B 2 A MR, R LB I T RS R
HELRKEBE T RAIRE R, BRI RIEA TR, EH
SR MR fast YOLO B2 3K 8] T 155 Wi/s. &l F YOLO,
Najibi 2555 £24 7 1 B FURS ¥ L 78 Fast R-CNN iy 2L 5l | 38
T 5 DA 46 174 K6 000 A 57 A SRy L S 3 BRORE L 25 5 Wk AR B Y
G-CNN M B8 T 5 Fast R-CNN A 24 4 7 ) 2, [7] i) 8 i
WET 5%, WG HE 1A SSDN [ 48 % H 6 AN He E 17 4
fIEFEHL . 454 Hard Negative Mining 5 Mg , Jo7E 3 & AR B
HIR BN T2 B SR KO L 3R AR )T T G R AT

LIRS RTINS e E iR R s I <7 N = < 9
Redmon %5707 F Atk 11 0 4k 2k i 2K | B B (o7 J T 45 Oy 9k Xof
YOLO #FAFREZE e ik, 2t T YOLO-v2, 7E VOC2007 % ¥
4B bR S 67 Wi/s I, mAP S 76. 8% . I 2k 3 B S 40
Wi/s B, mAP 2 78. 6 %, U R W . FIHf, ZEH BB T —
PRI I 2543 2RI A4 J7 325, i YOLO9000 7] LA ] i 7 CO-
CO F ImageNet #4725, I35 5 9000 Fl B A7 A SE A

5 TON # 81, Ren 2 4008 1 F SCAF B 58 40 B 7F ) 4%
i, 45 & 15 B & M %% (Recurrent Neural Networks,
RNND B T RRC M 4, b 76 SSD M4 B n A 12 F
SCAE B P45 BT LLTR] B X6 R B b AN B AR AT R, 7 8 1
10U B{H A &R AR, 4018 T KITTI car 05 4 K X
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8 7 5 L 4 Sports-1M B4 11 100 J7 B YouTube #4047 %4 45
AT EB 2 M4 025, I8 BT 250 98 58 00 ) 45 25 4
A EE T G5 T 42 BURRE (4 J7 75, 1IZ B AV R Sports-1M. 1 11
BRI 55, 3% 4R THF) 63. 9%, Ji ZEUFE 2 A M
138 A = A B BURRAE L F 45 31 (0 22 4 40 4B i 1 32 3l 5 8
FHTAT AR, 320 T 3D CNN R4%, 245 50 3 T4y A Wi, 2k
B 22 AN HEAE 8 18 L6 T A A0 5 B4 A T RS R Y
L% /K. Baccouche ZEU° 4t T — B I 8 (0 5 JEE o ) 8
R, HAT AR B A AT ] S 56 A0 TR R 2 S 2k AR AT O
RIS — B R BB 2 M 430 B B =4k, A s I mb 2
FRAE AR5 8 RNN ikl G (84 F 5, %A
KTH &3 45 2% 0 F oAb 2 0 % B &2 %, KTH1 1
KTH2 b4 B 450k 94. 39 % F 92.17 %,
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BT AT E AL 2% DAL i IR R 43 (S 1k I )
{4 1] 88, Shou 45077 42 H T 4 BL-30 % AU 4 I 4% (Convolu-
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BTISE P 320 0 2 A B . 12 R 4% B B R sk R 8 T — AT
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3.1.1 AlexNet"!

FATHE VLA G I TR 22 W 4, — AR 8 L AlexNet
it . K525 97 1 , ZFNet™ , GoogleNet™* Fl VGGNet !
# 2 B T AlexNet B9 2t #F, i H b5 4 D 7 5 52 P % 0k
R-CNNFY L J AlexNet §J48 , 2012 4E, Hinon Ay 2% /£
Alex Krizhevsky™™ $#& ) 7 I B % FH 1 28 W 45 A 8 AlexNet,
JFZ T M4 1 ImageNet, 38153 T B4 55 25 40 09 & 47 1 5t
top-5 24 16. 4% , RIGEFEMR T EE 4 KRR, SR
MR 2 B A 2 M 4% 22— LeNet5™' A Fb » AlexNet 84 i1 17
VEZHWRIE:. DESEZHRSZ, BG4S T 5 M EHZEM
INREEE IFAEIAGHEBRWER TR Kb )Z,
2) B IRAE CNN #12% H Dropout f# g ad & R, 3) % H &
B 1Y o R M Ak AR A% G0 1 7 2 A L 3 T T 2 Ak 1 DR
s S, S T Ak 2 2 8 T B S SO R T TR R
B, OFEIRTE CNN P H ReLU ¥k b B Z A1 51
Sigmoid 3% # tanh &%, BE AT LU e 8, oK Wi 46 JE I i B <,
SCAT LR T g A B SRR ) A, AL BR T A 28 I 2% T g
B i 3 SR T L 3 42 0 MR 23 4 L 43 A (9 Sigmoid bR AR, At
RGBT R ReLU fE N T . 5811 T LRN 2, H iR
TR K B EAE 0 H T R BRI EUE B 0 TR Y
ka1 . )UK 4 FroR, Rk X GPU B % Il 25 45 ¥4 L 43 ) &b
BLIE NS K N 1157

gﬁ’%‘J =

7
3o \ Max 128 Ma.x
pooling

it pooling pooling

K 4 AlexNet 2544
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FE R-CNNUH i £ 2§, OverFeat 5% FH 25 1 # 28 W 45
CNNL AR G2 o 0 AR I T — B, 9F 4045 2013 4F 43 28 ln
B 22 30 I8 S KRR (0 38 43 ) T B 48 T 4%
B RF ALE 2 BB, B X AN TR AT 55, T M Sk DI R A I 2%, HR 2L
AFd e JUJZ ok A B BB R AR . ELAARCR UL, BT 5 2 F1 Alex-
Net VAL, b 4 FURRIE SR IUZ 5 6 31 9 J2 41 % 43 25 Rk il 11
HE 5553 T 45 A AN 25 AL, BE T IR B TR 25 0L . 3k i A 7Y
B JE ok R-CNN R B AS I i F A e it i) 28 A
%, EEGRSEECRITERZNEL2EEE RS 6 2
K —A 5X5 MR, DL AR IE2E Dt i 72 v i ACAS TR R /1
B B A5 B0 AR B2 — A 1X 1 R g — A S AR
ZINAE S T B A IR o o — B Y e R B A Dy AR R
BN AR A, e B 12 AR 85 SR AT 5 5 1R R
AR, WA AEX DA BPIEMAT offset WAL I, H5
RN 9 Fhith A6 25 5 43 i % A TG I 4% )2, 45 31 9 A S0
S5O BUH B ORAEAE S A 200 1 TN A A . 75 2 AT 55
WA 6 2 BN 9 JEBETH S IS (AR AR O (R RS 1 A5 3 9
DNy A T3 HE B9 4 A F A B 4 T8N 0 7 R L S 0 R 22 T 1Y
L2 B AR R BOR IR W 4 . B 38 900 35 1 R AT
9T A5 B B B A I AAE
3.2 ETHREREHN B RGN
3.2.1 R-CNNFP¥

Girshick % 32 ZLECI) 40 o] ) 4 B 28 9 2% 2 47 H A
SE AT AN ART /) e G 000 0 ok I £ A R A R Y BE Y L 4
T R-CNN MR, & 5 fros . 4 00 H bs e I 3 3 7
¥ /& DPM(Deformable Part ModeD) 2!, B J& — Fh 3 T 4H {4 11
K%k, 5 DPM I 2 6 100 3647 3 D 48 R 19 J7 AR
Ho R-CNN 55— 25 % F 8 £ PR 48 R0 3 i ing 1t A il f i
DX 3 o AT FH A5 43 5 e 19 2000 A D3, 4 A i 3 X388 4 2 R
/N CNN ZEATHFAE 1] 0 7 42 B0, AT LUA 20020 5 T 45 AL $2
A 1R A AR AR G 7 % R 18] 8, E B AR RO R
43 817 AR AR T RIS, kA, ONN 723 1R A GPU
PEATIRATH S R RCR B B A T DPM J5 vk (S8 1R i 20
CPU 5D . fm . FIH P SVM 43 28 2% | A H K 30 il Fn
313 A [0 51 SR A A 43 288 0% o 0 R A )G A 4 A 3
— BT,
) warped region

F
N
N

3. Compute 4. Classify

proposals(~2k) CNN feature region

B 5 R-CNN %i#y

X5 A ] B S AE K T 4 B BOHE JFE (ILSVRO) I
114 W B B T 25, A /N BOHE 48 (PASCALD H§ 2 IX 38 % A )
I A5 4% S 1 NRRAIE J2 40 1) 5 TR B & R AU s 2 3 G R AR )2
i HH I g 2 R AE 1) AN AR 0 AR 2 i A I S R )
WAL, RS 2 5] BRAERE AR R A BT, CNN 23]
B P AT AT B .l A e R R AT A FT AR B mAP
8YC M PERE . SRR 1Yy Wk R R BER BE2E S 2 g L FE H
o K6 S ) Ak B

R34 0 45 R RE AT AEAR 22 0] B 1) B Bt % 2, MR AIE 42 B
FOE SR, BRI LM SVM AL 31 AN 3 FAE [ 19, 3 4 1 2
2)R-CNN BUA R T E G5 2%, 02 XF 2000 4168 3% HiE 43 51 32 17
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BRBEGEER HOEALZNEZ T DB RIINGH
T 8 AE B2 B FRAF LR A7 B W% 4%, 25 [8) FF 5 K 5 4) g 1 i IX.
SRR T R, 5B B O 4 ™ T AR (91 0 B
BT RGN ARG B3 5 5) 36 T R B DI R 4k B ) O A K
T RIS BARK I L, 5 B X A AT & R
St
3.2.2 SPP Net'®!
A2, BRI R 095 AR 20— 3
ISR R 8 AR TE 10 O vk ok e i A B & R R A
Rob. B2, 8o FEYEA S A TR & S8 R hifi s ™
TP AL, DTS2 W0 4G 00RG B8 . T 7 S B vl i A 1 IR A A R
INAR— ,SPP Net i FH i 2E B fie K B 5 A2 A 1 I 46 3 25 Fn
DA R TR /N ) i A B R EL TR B 1k s 304 . SPP Net 5]
AT 254 538 &, N A T 48 8] 4 5 85 itk 4k (Spatial Py-
ramid Pooling,SPP), X B, &R &FHE FEE N T HARR
SHE T RE A BRI A RAE . INE 6 BT R — A4S 4X4,2X 2,
X1 R/NAY 5 HE O 43 B AR AE B, il LAAS 3] 16 +4+1=21 Fh
4380105 X EEA Xt AL 5 T LS B 21 4U4RAE . Bl A A B
X3 A R AE 15 B 22 A4S ROBE SRR AE A 8] IS AT DLAS 2 — A [ 5 4
BE R i b, AT R A R R R B X R A A v Ak 0 o AR ek
JE 7S ) 4 Ak .

A

—

Spatial pyramid
Pooling layer

&l 6 75 [a] 4 I A A

At A SPP 2 . Kt BRE AT — IR 6 BURRAE $2 UL
AR BRFAE A L R-CNN 4R 75 2 2000 A~ 78 4 10 1k X 35
PEAT TR, BB I T 24~ 102 18 WA — E R,
eI GRAT L i A3 2541 45 15 20 /G 9 45 1T 0 4 3% 12 )2 L
FRWAESS . 5 R-CNN —# , ffi i SVM Fiif F4E 1] )3, SVM
AR A2 S FHE NS 6 ] SPP 2.

SPP Net X} R-CNN 5 K /¥ 8t i 58 76 F SPP JZ W m A,
B LI AR B2 22 2ok 221 B Bt L R AIF 0 B2 AE TR T, 8 i ) oy
PR IE 22 1R 2 . 4R A $2 BUR 7 CPU rp #E 47, X T GPU
Heibd T M . AN L O A T A g 2 AR RS B 4R
FHR B N8 A )2 B 45 454
3.2.3 Fast R-CNNPY

AT R-CNN il SPP Net, Fast R-CNN 4 # () 42 35 77
STET NG R &M L1 M2 4F %5 51 5 i 5, Se 3 o
HIRSER, BT % SVM I ZR 40 25 8% s A 1L T SPP Net H g
P )2, Fast R-CNN 78 — A4t ok Boo] DL 3 2 1m) 1% #%
P28 T A T 2 RS BT T A 2 S 80, dE T fff mAP [ R-CNN A3
ARSI B2 Tt 5 78 155 20 4% 4 h R A 2 47, L R-CNN Il 5 i
JEYE o A% R H FE R 213 £, 55 SPP Net A L, il 5 JE P
3% W3R B R 10 %

B 7 AT LA F . Girshick i B ik 2w e | R
BB AU A S 43 B A B 4R & R Rol(Region of Inte-
resting) A HE B L —RINEREF, RA—4FLK
SPP Z Rol Pooling E A% & Ji — e K4k )2 . X 4K

2% 2 T LA AN ) DR/ ) i A RS 81— A ] RUBE 9 R AIE 18] k5
R J5# Rol Pooling J= 15 B By 71k il i3 I > & & MR 5 . ff
SVM J3 2 0300 5t [0 I 94 A 3 TR M 22 R 235 rh AL 2 A 5 1R

Outputs: bbox

|-+ Deep Rol pooling | softmax regressor
| {ConvNet ~ layer
[ Rol N - FC FC

rojection -
—
] Conv feature

map Rol feature vector
For each Rol
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3.2.4 Faster R-CNNP™

Fast R-CNN ff FIJ 3 61 1 2R $2 U4t e R A1E , 1H 23X #6843
HBBTE CPU g A7, ££ 75 3 BR800, M LA GA B Se i), % Tk,
fifi i RPN (Region Proposal Networks) % 2% i 55 15 1& /£ 19 J5
W . Faster RCNN 51 A RPN 6 £% , 5 X S 412 B, 4326
[A] 5 3 FH 6 BHRRAIE 3 5 S AL & Faster R-CNN S K I FE A .

RPN 3R U4 B T2k AR Z A i 42 3% 45 2, ] LU 4%
ANZ AN R/NR BRI, 5 FRAE AR B AR IE 2 LRI &
AN TR) B FE R HE HE AT X3 R, ] s R LA A R T R R HE (1Y)
FRAE . XA 2% 205 A4 3, B 3282 Al 15 2 i
8 it/ o 432 )2 I F H Wiz X 38k Ry /i 3 38 S S5 &, IR I 2
I X3 0 v LA KXo 2 B A A L s o b R £4) 450 2 o1 4
535 softmax loss 1 L1 loss,

% nochor boses

| 24 scorcsl |4Av coordinates | <:\
rd

Cls layer | 3 5 | reg layer Jid a
7
4

7/

ﬁ Intermedjate lyer
/7 -7

ANV 2o
AN

Conv feature map
B8 RPN 45ty

R T HAE K 4 4 B 45 19 RPN 5 Fast R-CNN A 44
& sRen 22 25, SE MAFAE I 2, D ] TmageNet i il 25
R IG AL RPN S %o S b Xof 468 326 DX 388 2 B 36 47 30085 2) 4%
RPN 7 3] (9 5% 3£ DX 30 AE Dy A, 20 57 )1 25 A I 9 4% Fast
R-CNN; 3) [# 2 LA F)Z , A DU 9 45 90 4 £k RPN, I HU i
¥ RPN &4, i AT B FUR L O gk gL @ = B2
HH Fast R-CNN #8043 , T4~ 1 2% 2L 52 35 U2, S0 8 RPN
Hl Fast R-CNN [0 2% (% 5 — , {li 5 (o0 £8P 3 e 8, i 42 75 Y
A E
3.2.5 R-FCNFY

H b A6 ) BE 22 53 28, SR M AH J2 53X W 3 2 (8] AF 7R 7
J& . TmageNet 432845 5L 0] i 08 TR0, 32 2 2 43 28 0l LA 58 45
I B AR A8 M 0 R s B v M B R . A I B A A A I
WA L S IR RS AR AL . I I TR EE G L 5
Tt 2 O 2 T AR B 11 50U R T A R AU L ke I R A T Y o )
AT RFENR MW, X RS, R-FCN i 4% N %,
SEH R A 4 R S =, IR $ 7 8 15 43 I (position-sensitive
score maps) R MR & .

R-FCN & #:7E ResNet-101M0 gy 3L all F 2= i 5 19 4 =)
SRk 2 RN A i 2 2L AR R R 100 )2 #EAT B, 4 Image-
Net YN 82— A~ 2048 4k YK AE B, b T B AR 4 o 4
BB — A BEVLAT R AL 1Y 1024 4R 1X 1 B2 515 21 &
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SR 0 A T 0 PR AT RS

WE 9 Fros . B 0 B AE B FR 53 1 e Xk AT 45, I
WS 3] — B A SRS A3 IR A543 B R H AR — /N, 15 )
B (CHD(CEHEBM—ATFF RIO A hdE, 285 i
Rol b2 /5 . 44 2) C+1 A0 M AR B, B ¥4 softmax
FHF 2902, [ B Al — A 4 Xk X kAN 0] U3 10 FAE 57 B (1)
WA LCPHERE AR B RS RATERIEE VOCOT il
VOC12 I LA 170 ms/ i (9 3 B 43 51 45 3 83. 626 Al 8296 11

mAP,
k// vote softmax
k{

K*(C+1)-d conv

C+1
Al
L C+1
C+l1
I % 3
K(C+1)

image Feature maps Position-sensitive score maps

B 9 R-FCN &y

3.3 EFEEFZENBRGED
3.3.1 YOLO"™

Je AT BE PRI Rk B RPN W45 Az pl A 15 X 4k, B k47
SRR EERAE e B — A BB, T A
S S DR LR TR B A R B R 2E B0 YOLO 8
TR, BB — A A0S 0 4R B bR R AR S —
ATV RT3 A 3R SR AS i ARE RLE 5 B L IE AN 2% 4%
—¥£ . You Only Look Once,

SEr SV =V

192
Conv.Layer Conv.Layer  Conv.Layer Conv.Layél(") 24 40% 0
Conv.Layer Conv.Layer =\ Losc 1x1x512 Conv.Layer
7X7%64-5-2 3x3x192  1x1x128 }X4 }XZ 3x3x1024 Conv.Layer
Maxpool Layer, 3%3x256 3x3x512 3x3x10241 7 3535024
2x2.s-2  Maxpool Layer xlase X1z 3x3x1024
2x2-5-2 3x3x1024 Maxpool Layer

3x3x512
Maxpool Layel‘\_/[axz;:(oztils}zayef 3x3x1024-s-2
2%2-8-2

o

Kl 10 YOLO 45#

WE 10 FrR . YOLO By 45/ 8L H GoogLeNet'*) #1 Net-
work in Network"" , 4 & 24 M EFZ M 2 &2 7
GoogleNet 732 W45 By LRl L H— A~ 1 X1 45 /NF1 3 X 3 %
FRZ IR KR AR Inception 544, YOLO 894 FRZ Fl T H- Ak
PRI, 4% 12 )7 F T 10000 (R A TN 28 B SR . e, oy T

4
Classifier:Conv:3x3x(4x(Classes+4))

SERAST AU (1 R0 L T 458 T N R B HE BN 224 X< 224 B R F
448X 448 , [ ¥ 300 A 119 437 B A5 B RN B AR B AR 4T T A
— kA HE

S o ity X 11— 2 Ak B G T R R AR B T M K R v L
VOC 2007 PR ECHE 4 17T LK B 45 Wi/s, & 11 19 /N8 Fast
YOLO B 2355 155 M1/, 52 A4 00 W J5 1 2 A 25ms, 5
— YAk B AR A B TS . ZEREBE B YOLO 7E Il 5
TEAG o A2 i A 2 S 8 15 81 H fh S i b BRVL 1 2 A%, AT
DIAR B 30 38 5. 40 R-CNN 8§ Fast R-CNN 25 BB =) 3 15 5t i
Ky BRI 0 . BeJR A — AN i X i CNN A AL, 25 5t
Akl 5, 7 3B K R R A A R T SR R T fi
Bk,

AR 1 g 55— A i Xof it 4 A A U 8 2%, T 4% K 1) 3
2 VLA RS B S AR A 1 R O /N R A N 458 2 R 5 /N
10U (Intersection Over Union) A1 22 52 0 B W, AR T & 1
W . 5340, B R A — X R — AN ik, M ik 7
B o5 e /N ER — A XS 3 T R M it R RE A T HE R
AN, R,
3.3.2 SSD

X YOLO 728 AN FRAE B v A 7 X7 W4 % H 4 [0l 15
UK BE R W 1), SSD 454 T YOLO Fil Faster R-CNN,
VLR 43 J2 38 WUPE O T AR S+ B BE AT mLE Ay 26, IRJZ IR
HEAE TR A0 X0 o R v L 1T D B O AR AR A AN L IR A
SNRBE B AR 8RB RFAE S XA T e H . E A 2% T KR
FEEAR. 54 I, SSD 7 B — [ul I I 2% 114 BE il -, B % 4 81 4%
g 2 RO X BURAE 3547 B AR B, BEARHIE T YOLO
St XoF S B K4 0, AR B T Faster R-CNN X/ H bR kS 8 (19
FePE 78 VOC2007 3K%] T 72. 1% mAP, 3R E T 58 Wi/s,
AT Y H ARSI L PR Y 54

WE 11 frzs , SSD 7842 VGGI6M iy et F %3t T 6 4
B BEATRHESR M, VGG16 | 5 J2 BB S — B, JUP A
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SCIE B ERIC, S T 3R A At 22 90RE AS i0 SAUAE TET  me A
P T 0 3 o T 24 A =l A R 900 o 48 A i T i A 1Y) Bk
L. f#i ] Hard Negative Mining % W . #2 85 ¥ {5 #1 2 it 17
7 Bl Ghdse @ VIR 25 1 SRR AR 145 DR TIE TE S REAS L 91 K
1:3,

Extra Feature Layer
|

VGG-16
Thrth (ﬁij layer

|38

Conv:3x3x1024 Conv:1x1x1024 Conv:1x1x256  Conv:1x1x128

& 11

3.4 MmBREN
&5 B AR R AR #E m AP 48R B 4 U 2 14 H AR B
SRR E . WA B ) B ) 4 2R 5 ST H bR AR
A, HA et N E S AR T 0.5, WA g H B IEM ., il
A5t E A T AR R B B — B BB A R R AL R
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y V¥

Detections:8732 per Class
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Conv:3x3x512-s2 Conv:3x3x256-s2 Conv:3x3x256-s1Conv:3x3x256-s1

SSD 4514
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HESEBRKT 0.5 B8 — & ], ke H o E 4],
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NI FRB 75A 1000 J7 DL L BYREA , HLAS It RE A 2 2 &2
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PR ROB AT, A BE B AE LB o4 o 4 8l AN SRS 1 R W ik
¥
4.3 FHEBRIEFEEXRNKE

e G R B2 2D vk R AE T B % . (B2 7 A3k
BP0 o B b R WE T R S, NSRRI
Al A A X I BN AE SR R TR R E T B O AR R
HEATHY WA R 45 T L o AL . BRI SR A0 L Bk
B A F R WP RORE I ) B HIRR T — W
B S AFLR X AR AR 1 5 3K 3R 35 B 0O R A W B 2 ) Bk
ANy LA AR 5 Bl ) — B 3 i WL AR IR R TE W )
BT A R R R IR BE 2 S ) — AR Iy im0
4.4 HENBFIMEMESRTE

454 35 W 42 N ICCV (IEEE Inernational Conference on
Computer Vision) , CVPR(IEEE Conference on Computer Vi-
sion and Pattern Recognition) , ECCV (Europeon Conference
on Computer Vision) = K 15 HL 5 0 9 2 WA H: b i 3¢ ]
VLA 2, Bk 8 2 1 O 58 & F AL AS 2% > F1H A2 52 07 1 5 R
BE2E S Bk A T B B AR R I SF I L AN 2017 4F A
RNN B RRC W £ Fi1 4t 4 DPMP 1 Deformable CNNEY
D0 2% X E 8 AT 4 3 I BRAE O . A I R 2E 5T VAR R
] B SR 2 S] A5 J7 AR TE AL S R 2 S R I i R Th R A
TG X ALK S AR OR IR B 2 T R — A BB
4.5 HHIEGEERSERE

P T I 2ol 82 oh A A R 0 B SR 1 AT AL B4R L TR
2 2 Y 2k 75 BEAR KA 1580 50, TH S HUAE £ P B 19 48 7 i 17 IR
BEE D R IIEA 2 — . PLFEAN GPU T R Al
5 (Nvidia) 3 ) FEUT JLARHfE H B9 Tesla A Titan X R 512K
AR R AE E T AR R R R . S R
i CPU A L, o BE 32 TF 1T A JL A% . 2017 MR MEAT I 1Y
AlphaGo # & KIS i T TPU, £ /4> TPU fili FH %5 &2t [+
I AT MR 4R R . A G AR R B AR A C Y AutoML
J7 T LA B SR E R ik B AT B 800 > GPU
BRAEIBATEE . 8% AN AR, R W 5 & MW 4%
SR R DG E 1) 4 07 b ST 2 2R A L K R R R TR 2 S R TR —
MBI

HRIE OGN EEES T —DAEE R 57
] R A B 22 I 245 1) 45 B2 LTt A )2 46 R A 2 A T Lk )
2 H O T AR BRI JF 35 B0 I s B . X R R AT LA
W AR 22 52 2= ) AL o AR, I 25 58 B2 JR T LA B 4 1E T B SE PR
. —Jr i, B ) N AR R T EARTE Tl A L BT
SFAAGR) Tz Sy J5 T R S R TR A B B
EARW I L ERR AR . A IR RRRESES — &
A LATE EARAG DN S5 A TR RE AU HRAS: B ORI R 1

& % X W

[1] LI H,ZHAO R,WANG X. Highly Efficient Forward and Back-



24

i BN R

2018 4F

2]

[3]

[4]

L6]

[7]

(8]

9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

ward Propagation of Convolutional Neural Networks for Pixel-
wiseClassification [ J ]. Computer Science, arXiv: 1412, 4526,
2014,

BER. 2012 T AR & B ARG HORM = [R] Jbat. 7
£ ,2013.

SRAEWT, W R S R D RS S R R L) ] IR
AR CH R . 2015,36(2) :191-200.

SHEN Y, HE X, GAO ], et al. Learning semantic representa-
tions using convolutional neural networks for web search[ C] //
International Conference on World Wide Web. ACM, 2014 :373-
374.

GREFENSTETTE E, BLUNSOM P, FREITAS N D, et al. A
Deep Architecture for Semantic Parsing[ ]J]. Computer Science,
2014,30(5):1-15.

KALCHBRENNER N, GREFENSTETTE E, BLUNSOM P. A
Convolutional Neural Network for Modelling Sentences[ ] ]. ar-
Xiv:1404.2188,2014.

KIM Y. Convolutional Neural Networks for Sentence Classifica-
tion[ J]. arXiv:1408. 5882.2014.

WALLACH I,DZAMBA M,HEIFETS A. AtomNet: A Deep
Convolutional Neural Network for Bioactivity Prediction in
Structure-based Drug Discovery[ ] ]. Mathematische Zeitschrift,
2015,47(1) :34-46.

LIU Y,RACAH E,PRABHAT,et al. Application of Deep Con-
volutional Neural Networks for Detecting Extreme Weather in
Climate Datasets[J]. arXiv:1605. 01156, 2016.

CLARK C,STORKEY A. Teaching Deep Convolutional Neural
Networks to Play Gol[J]. arXiv:1412. 3409,2014:1766-1774.
FUHL W,SANTINI T,KASNECI G, et al. PupilNet: Convolu-
tional Neural Networks for Robust Pupil Detection[ J]. Revista
De Odontologia Da Unesp,2016,19(1) :806-821.

ZHANG X,ZOU J,HE K,et al. Accelerating Very Deep Convo-
lutional Networks for Classification and Detection [ J ]. IEEE
Transactions on Pattern Analysis & Machine Intelligence,2016,
38(10):1943.

HARIHARAN B, ARBELAEZ P,GIRSHICK R, et al. Simulta-
neous Detection and Segmentation[ M ] // Computer Vision-EC-
CV 2014. Springer International Publishing,2014:297-312.

ik E, E I, R, PR BESE 7R H bR AL A T i o T o TR
S]], A8 k%4, 2017.43(8) :1289-1305.

LIENHART R,MAYDT J. An extended set of Haar-like fea-
tures for rapid object detection[ C]// International Conference on
Image Processing. IEEE,2002:900-903.

VIOLA P, JONES M. Rapid Object Detection using a Boosted
Cascade of Simple Features[ C]// Proceedings of the 2001 IEEE
Computer Society Conference on Computer Vision and Pattern
Recognition(CVPR 2001). IEEE,2003:511-518.

DALAL N,TRIGGS B. Histograms of oriented gradients for
human detection[ C] // IEEE Computer Society Conference on
Computer Vision and Pattern Recognition(CVPR 2005). IEEE,
2005:886-893.

CORTES C,VAPNIK V. Support-vector networks[ ] ]. Machine
Learning,1995,20(3) :273-297.

LIN C F,WANG S D. Fuzzy support vector machines[ J]. IEEE
Transactions on Neural Networks,2002,13(2) :464.
FELZENSZWALB P F,GIRSHICK R B,MCALLESTER D,
et al. Object detection with discriminatively trained part-based

models[J]. Computer,2014,47(2) :6-7.

[21]

[22]

[23]

[24]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

FEBH S TR ZR I L TR A R 28 T 4 AE ST SEALLSE v i L B Y
g )], Bl R4 S AL HE, 2016,31(1) 1 1-17,

EVERINGHAM M, ESLAMI S M A, GOOL L V,et al. The
Pascal, Visual Object Classes Challenge: A Retrospective[ J]. In-
ternational Journal of Computer Vision,2015,111(1):98-136.
LIN T Y, MAIRE M, BELONGIE S, et al. Microsoft COCO:
Common objects in context [ M] // Computer Vision-ECCV
2014, Springer International Publishing,2014:740-755.
MOTTAGHI R, CHEN X, LIU X, et al. The Role of Context
for Object Detection and Semantic Segmentation in the Wild[C] //
IEEE Conference on Computer Vision and Pattern Recognition.
IEEE Computer Society,2014:891-898.

LIU C,YUEN J, TORRALBA A. Nonparametric scene parsing:
Label transfer via dense scene alignment[ C]//IEEE Conference
on Computer Vision and Pattern Recognition, 2009 ( CVPR
2009). IEEE,1972.:1972-1979.

OTSU N. A thresholding selection method from gray-level his-
togram[ ] ]. IEEE Transactions on Systems Man & Cybernetics.,
1979,9(1) :62-66.

BOVIK A C. On detecting edges in speckle imagery[]]. IEEE
Transactions on Acoustics Speech &. Signal Processing,1988,
36(10):1618-1627.

BEZDEK ] C. Pattern Recognition with Fuzzy Objective Func-
tion Algorithms[ M. Plenum,1981.

LONG J, SHELHAMER E, DARRELL T. Fully convolutional
networks for semantic segmentation[ C] // Computer Vision and
Pattern Recognition. IEEE,2015:3431-3440.

CHEN L C,PAPANDREOU G.,KOKKINOS I, et al. Semantic
Image Segmentation with Deep Convolutional Nets and Fully
Connected CRFs[J]. Computer Science,2014(4) :357-361.
KOLTUN V. Efficient inference in fully connected CRFs with
Gaussian edge potentials[ C]// International Conference on Neu-
ral Information Processing Systems. Curran Associates Inc. ,
2011:109-117.

NOH H, HONG S, HAN B. Learning Deconvolution Network
for Semantic Segmentation[ C]// IEEE International Conference
on Computer Vision. IEEE,2015:1520-1528.

ZHENG S,JAYASUMANA S, ROMERA-PAREDES B, et al.
Conditional Random Fields as Recurrent Neural Networks[ C ]/
IEEE International Conference on Computer Vision. IEEE Com-
puter Society,2015:1529-1537.

JEGOU S,DROZDZAL M, VAZQUEZ D, et al. The One Hun-
dred Layers Tiramisu: Fully Convolutional DenseNets for Se-
mantic Segmentation[ C]// Computer Vision and Pattern Recog-
nition Workshops. IEEE,2017:1175-1183.

KRIZHEVSKY A,SUTSKEVER I,HINTON G E.Image Net
classification with deep convolutional neural networks[ C7J// In-
ternational Conference on Neural Information Processing Sys-
tems. Curran Associates Inc. ,2012:1097-1105.

HE K,ZHANG X,REN S, et al. Delving Deep into Rectifiers:
Surpassing Human-Level Performance on ImageNet Classifica-
tion[J7. arXiv:1502:01852,2015:1026-1034.

XIE G S,ZHANG X Y,SHU X,et al. Task-driven feature poo-
ling for image classification[ C]//1EEE International Conference
on Computer Vision(ICCV). IEEE,2015.

WU R,WANG B,WANG W,et al. Harvesting Discriminative
Meta Objects with Deep CNN Features for Scene Classification

[C]//2015 IEEE International Conference on Computer Vision



5 11A Tt

5, 45 A BURH 22 R 28 70 AR A I v A9 10 1 43¢ 3 25

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

[52]

[53]

[54]

[57]

(ICCVA).IEEE.2015:1287-1295.

KRIZHEVSKY A. Learning Multiple Layers of Features from
Tiny Images[ ] ]. Handbook of Systemic Autommune Diseases.
2009,1(4) :1-58.

LI F F,FERGUS R, PERONA P. Learning Generative Visual
Models from Few Training Examples: An Incremental Bayesian
Approach Tested on 101 Object Categories[ C]// Conference on
Computer Vision and Pattern Recognition Workshop(CVPRW’
04). 1IEEE,2005:178-178.

GRIFFIN G,HOLUB A.PERONA P. Caltech-256 Object Cate-
gory Dataset[ R]. California Institute of Technology.2007.
DENG J.DONG W,SOCHER R.et al. ImageNet: A large-scale
hierarchical image database[ C]//TEEE Conference on Computer
Vision and Pattern Recognition(CVPR 2009). IEEE, 2009:248-
255.

SZEGEDY C,LIU W,JIA Y,et al. Going deeper with convolu-
tions[C] // IEEE Conference on Computer Vision and Pattern
Recognition. IEEE, 2014 :1-9.

SIMONYAN K,ZISSERMAN A. Very Deep Convolutional Net-
works for Large-Scale Image Recognition[ J]. arXiv:1409. 1556,
2014,

HE K,ZHANG X,REN S,et al. Deep Residual Learning for
Image Recognition[ C]// Computer Vision and Pattern Recogni-
tion. IEEE, 2016 .770-778.

HUANG G,LIU Z,WEINBERGER K Q. Densely Connected
Convolutional Networks[C]// CVPR. 2016.

CHEN Y,LI J,XIAO H,et al. Dual Path Networks[ ] ]. arXiv:
1707.01629,2017.

EVERINGHAM M.,GOOL L V,WILLIAMS C K I.et al. The
Pascal Visual Object Classes (VOC) Challenge[ ] ]. International
Journal of Computer Vision,2010,88(2) :303-338.

XIAO J,HAYS J,EHINGER K A,et al. SUN database: Large-
scale scene recognition from abbey to zoo[ C]// Computer Vision
and Pattern Recognition. IEEE,2010:3485-3492.

UIJLINGS J R R,SANDE K E A V D.GEVERS T,et al. Selec-
tive Search for Object Recognition[ ]J]. International Journal of
Computer Vision,2013,104(2) :154-171.

ZITNICK C L,DOLLAR P. Edge Boxes: Locating Object Pro-
posals from Edges[ C]// European Conference on Computer Vi-
sion. Springer,Cham,2014:391-405.

TLFE S, B AR AR S5 SEiE B AR K DU ST 3% YOLO [yt 7
R AL b BT, S AL 85T . 2018,35(11) ¢ 1-2.
SERMANET P,EIGEN D,ZHANG X,et al. OverFeat:Inte-
grated Recognition., Localization and Detection using Convolu-
tional Networks[J]. arXiv:1312. 6229,2013.

GIRSHICK R,DONAHUE J,DARRELL T,et al. Rich Feature
Hierarchies for Accurate Object Detection and Semantic Seg-
mentation[ C]//IEEE Conference on Computer Vision and Pat-
tern Recognition. IEEE Computer Society,2014:580-587.
GIRSHICK R.Fast R-CNN [C]/IEEE International Con-
ference on Computer Vision. IEEE Computer Society, 2015:
1440-1448.

OUYANG W,LOY C C,TANG X,et al. DeepID-Net:Defor-
mable deep convolutional neural networks for object detection
[C]//Computer Vision and Pattern Recognition. IEEE, 2015
2403-2412.

REN S,HE K,GIRSHICK R,et al. Faster R-CNN:towards

real-time object detection with region proposal networks[ CJ /

[58]

[59]

[60]

[61]

[62]

[63]

[64]

[65]

[66]

[67]

[68]

[69]

[70]

[71]

[72]

[73]

International Conference on Neural Information Processing Sys-
tems. MIT Press,2015:91-99.

SHRIVASTAVA A.GUPTA A.GIRSHICK R. Training Re-
gion-Based Object Detectors with Online Hard Example Mining
[C]//1EEE Conference on Computer Vision and Pattern Recog-
nition. IEEE Computer Society,2016:761-769.

SUNG KK. Learning and example selection for object and pat-
tern detection [ M |. Massachusetts Institute of Technology,
1996.

YANG F,CHOI W, LIN Y. Exploit All the Layers: Fast and
Accurate CNN Object Detector with Scale Dependent Pooling
and Cascaded Rejection Classifiers[ C] // Computer Vision and
Pattern Recognition. IEEE,2016:2129-2137.

BELL S,ZITNICK C L,BALA K,et al. Inside-Outside Net: De-
tecting Objects in Context with Skip Pooling and Recurrent
Neural Networks[ CJ // IEEE Conference on Computer Vision
and Pattern Recognition. IEEE,2016.:2874-2883.

BYEON W,BREUEL T M,RAUE F,et al. Scene labeling with
LSTM recurrent neural networks[ C] // IEEE Conference on
Computer Vision and Pattern Recognition. IEEE, 2015 3547~
35565.

HE K,GKIOXARI G.DOLLAR P,et al. Mask R-CNN[J].
IEEE Transactions on Pattern Analysis & Machine Intelli-
gence,2017,PP(99) . 1.

LIN T Y,DOLLAR P, GIRSHICK R, et al. Feature Pyramid
Networks for Object Detection[ C]/ IEEE Conference on Com-
puter Vision and Pattern Recognition. IEEE Computer Society,
2017:936-944.

GOODFELLOW 1 J,POUGETABADIE J.MIRZA M,et al.
Generative Adversarial Networks[ J]. Advances in Neural Infor-
mation Processing Systems,2014,3:2672-2680.

LIJ,LIANG X,WEI Y,et al. Perceptual Generative Adversarial
Networks for Small Object Detection[ C]// IEEE Conference on
Computer Vision and Pattern Recognition. IEEE Computer So-
clety,2017:1951-1959.

REDMON J,DIVVALA S,GIRSHICK R,et al. You Only Look
Once: Unified, Real-Time Object Detection[ C] / IEEE Confe-
rence on Computer Vision and Pattern Recognition. IEEE,2016:
779-788.

NAJIBI M,RASTEGARI M,DAVIS L. S. G-CNN: An Iterative
Grid Based Object Detector[ C]// IEEE Conference on Computer
Vision and Pattern Recognition. IEEE,2016:2369-2377.

LIU W,ANGUELOV D,ERHAN D,et al. SSD:Single Shot
MultiBoxDetector[ M] // Computer Vision-ECCV 2016. Springer
International Publishing,2016:21-37.

REDMON J,FARHADI A. YOLO9000 : Better, Faster, Stronger
[J]. arXiv:1612. 08242,2016:6517-6525.

REN J,CHEN X, LIU J,et al. Accurate Single Stage Detector
Using Recurrent Rolling Convolution[ C]//IEEE Conference on
Computer Vision and Pattern Recognition. IEEE, 2017 752-
760.

LIPTON Z C,BERKOWITZ J,ELKAN C. A Critical Review of
Recurrent Neural Networks for Sequence Learning[ ] ]. arXiv:
1506. 00019,2015.

KARPATHY A, TODERICI G,SHETTY S, et al. Large-Scale



26 B N N = R

2018 4F

Video Classification with Convolutional Neural Networks[ C] /
IEEE Conference on Computer Vision and Pattern Recognition.
IEEE,2014:1725-1732.

[74] JIS,YANG M, YU K. 3D convolutional neural networks for hu-
man action recognition[ J . IEEE Transactions on Pattern Anal-
ysis & Machine Intelligence,2012,35(1):221-231.

[75] BACCOUCHE M,MAMALET F,WOLF C,et al. Sequential
deep learning for human action recognition[ C] // International
Conference on Human Behavior Unterstanding. Springer-Ver-
lag,2011:29-39.

[76] KANG K,LI H,YAN J,et al. T-CNN: Tubelets with Convolu-
tional Neural Networks for Object Detection from Videos[J].
arXiv:1604. 02532,2016.

[77] ZHU X,XIONG Y,DAI J,et al. Deep Feature Flow for Video
Recognition[ J]. arXiv:1611.07715,2016.

(78] WGL. S it 3 i BILAE IR B A5 46 D0 o 8 B JH B 58 D], |
T . PR 2T K 22 . 2008,

[797 SHOU Z,CHAN J,ZAREIAN A, et al. CDC:Convolutional-De-
Convolutional Networks for Precise Temporal Action Localiza-
tion in Untrimmed Videos[ C] // IEEE Conference on Computer
Vision and Pattern Recognition. IEEE,2017:1417-1426.

[80] ZEILER M D,FERGUS R. Visualizing and Understanding Con-
volutional Networks[ C] // European Conference on Computer
Vision. Springer,Cham,2014:818-833.

[81] LECUN Y,BOTTOU L,BENGIO Y.et al. Gradient-based
learning applied to document recognition[ J ]. Proceedings of the
IEEE,1998,86(11):2278-2324.

[82] FELZENSZWALB P,GIRSHICK R, MCALLESTER D, et al.

Visual Object Detection with Deformable Part Models [[C] //
Computer Vision and Pattern Recognition. IEEE, 2010 2241~
2248.

[83] GU C,LIM J J,ARBELAEZ P, et al. Recognition using regions
[C]//1EEE Conference on Computer Vision and Pattern Recog-
nition. IEEE,2009:1030-1037.

[84] CARREIRA J,SMINCHISESCU C.CPMC:Automatic Object
Segmentation Using Constrained Parametric Min-Cuts [ M ].
IEEE Computer Society,2012.

[85] FJ7 I, 5. X8, %, 3T RCNN B JC A HLIK A B % B Iy /)
RN AFFTLT ], HERAE BB 2% .2017.19(2) : 256-263.

[86] HE K,ZHANG X,REN S,et al. Spatial Pyramid Pooling in
Deep Convolutional Networks for Visual Recognition[ C] // Eu-
ropean Conference on Computer Vision. Springer, Cham, 2014 ;
346-361.

[87] DAIJ,LI Y,HE K,et al. R-FCN: Object Detection via Region-
based Fully Convolutional Networks[]]. arXiv: 1605. 06409,
2016.

[88] RUSSAKOVSKY O,DENG J,SU H,et al. ImageNet Large
Scale Visual Recognition Challenge[ J]. International Journal of
Computer Vision,2015,115(3):211-252.

[89] LIN M,CHEN Q,YAN S.Network In Network[J]. arXiv:
1312.44003v3,2013.

[90] LECUN Y,BENGIO Y,HINTON G. Deep learning[J]. Nature.
2015,521(7553) :436.

[91] DAI J, QI H,XIONG Y.et al. Deformable Convolutional Net-
works[ C] // IEEE International Conference on Computer Vi-
sion. IEEE,2017.:764-773.

(L% 1170

[101INORI F, DEYPIR M, HADI M, et al. A new sliding window
based algorithm for frequent closed itemset mining over data
streams[ ] |. Journal of Systems &. Software,2013,86(3):615-
623.

[102]JDONG J,HAN M. BitTableFI:An efficient mining frequent
itemsets algorithm [ J ]. Knowledge-Based Systems,2007, 20(4) ;
329-335.

[103]SONG W, YANG B, XU Z. Index-BitTableFI: An improved al-
gorithm for mining frequent itemsets[ ] ]. Knowledge-Based Sys-
tems,2008,21(6):507-513.

[104JBAYARDO R J. Efficiently mining long patterns from databases
[C]// ACM SIGMOD International Conference on Management
of Data. ACM,1998.85-93.

[105JAGARWAL R C, AGGARWAL C C,PRASAD V V V. Depth
first generation of long patterns[ C]// ACM SIGKDD Interna-
tional Conference on Knowedge Discovery and Data Mining.
ACM,2000:108-118.

[106 JBURDICK D, CALIMLIM M, FLANNICK J,et al. MAFIA: A
Maximal Frequent Itemset Algorithm[ CJ / International Con-
ference on Data Engineering. IEEE Computer Society,2001:443.

[107]JGOUDA K, ZAKI M ]. Efficiently Mining Maximal Frequent

Itemsets[ C]// IEEE International Conference on Data Mining.

IEEE.2002:2405-2409.

[108]Z0U Q,CHU W W, LU B. SmartMiner: A Depth First Algo-
rithm Guided by Tail Information for Mining Maximal Frequent
Itemsets[ C] // IEEE International Conference on Data Mining,
2002(ICDM 2003). IEEE,2002:570-577.

[T09TRAIK R T4 i 4, %5 2£F FP-Tree (5 KA %101 H 445
3 K SRR [T ). AR 3, 2003,14€9) : 1586-1592.

[1T0TBURRIE , 2% 4 75, B KCHE L 55 BT FP-Tree £ 84052 416 e F % 35
LT, R34 . 2005, 16(2) 1 215-222.

[111]Z8 520, 32 S84, SFP-Max-J& FHE ¥ FP-R 114 e KM %A% 42 48
L] BT R 5 & J& . 2005,42(2) : 217-223.

[112]JU S.CHEN C.MMFI:An Effective Algorithm for Mining
Maximal Frequent Itemsets[ C]// International Symposiums on
Information Processing. IEEE Computer Society,2008:144-148.

C113J4R T A0 B, G IR A I b i 6 4 1 5 R0 6 o 42 4 3 0%
LI, HHEHLRE 2011, 31(5) :1339-1343.

[114]ZHAO Z G,WANG F,WAN ]. Maximal frequent itemsets mi-
ning algorithm based on OWSFP-tree[ J]. Computer Engineering &-
Design,2013,34(5) :1687-1680.

[115]YANG P.PENG H.ZHOU X, et al. FP-MFIA ; improved algo-
rithm for mining maximum frequent itemsets based on frequent-
pattern tree[ J]. Journal of Computer Applications,2015,35(3) :
775-778.





