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Review on Development of Convolutional Neural Network and Its Application in Computer Vision
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Abstract In recent years,deep learning has achieved a series of remarkable research results in various fields such as
computer vision.speech recognition,natural language processing and medical image processing. In different types of deep
neural networks,convolution neural network has obtained most extensive study,not only reflecting the prosperity in aca-
demic field,but also making a tremendous realistic impact and commercial value on the related industries. With the rapid
growth of annotation sample data sets and the drastic improvement of GPU performance,related researches on convolu-
tional neural networks are rapidly developed and have achieved remarkable results in various tasks in the field of com-
puter vision. This paper reviewed the history of convolution neural network firstly. Then it introduced the basic struc-
ture of convolutional neural network and the function of each component. Next,it described the improvements of convo-
lution neural network in convolution layer, pooling layer and activation function in detail. Also.it summarized typical
neural network architectures since 1998 (such as AlexNet, ZF-Net, VGGNet, Googl.eNet, ResNet, DenseNet, DPN and
SENet). In the field of computer vision, this paper emphatically introduced the latest research progresses of convolution
neural network in image classification / localization, target detection, target segmentation, target tracking, behavior re-
cognition and image super-resolution reconstruction. Finally. it summarized the problems and challenges to be solved
about convolutional neural network.
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Fig.8 Architecture of VGGNet!*”

4.4 GoogLeNet

K H Google i Szegedy 211 I % BT HY GooglLeNet, LA
6.67 % ) Topb 5 F KA 2014 4F ILSVRC k1% 28 B 1% 5
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GooglLeNet #AIZE a1 & 9 Frs

K 9  GoogleNet % 2% fgL10]

Fig. 9 Architecture of GoogLeNet!!"!

4.5 ResNet

T P F 5 e 11 o] 1 I 2600 2 1 79 ResNet #2015
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JZ . BRI T A PR 2 — I i R b s BB R Y 4%
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e (155 BUZ 0T LAYk G 1 VR 2 I 4% P B B B T
B, “shortcut”B B 2% 2] 5k 2 ML) F(2) = H(2) —x, fif
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3X 3, 1IX D) SRR A AL T S B, Fovh 1 X0 PRk A% T LSS 0

B E S B 8 . ResNet B E5 44 Q& 10 frow

Weight layer

10 ResNet 48 1 2 jig 1)

Fig. 10  Architecture ofResNet!!!)

4.6 DenseNet

2016 4F, % ResNet H identity/skip connections [ A8 fiY)
MR & ok A 2R IR K 2% T 2 K 2% . Facebook FAIR 3L 55 %
i) Huang 250 # 7 — Ff DenseNet £ | % # %I 2 ¢
ConvNet Ht FIHT 5t (4 5 20 5 — 2 5 R 25 b iy oAb 2 % 450k
R BRI K TR ST R B RRAE B AR A JE 222 B A AT
Fg# H DenseNet, fEWAT A9 EIR /2B | 55 B A PR
PR ILSVRC #4528  DenseNet 83k 4 5 ResNet A 24 (4 #:
PE BT R SE A AR TR B R R [
S 28 T 8 R AT A A AN AR R AR 0> T IS . DenseNet
MR EE e 11 7w

~

B 11 DenseNet f& 7 2 fiy[12]

Fig. 11  Architecture of DenseNet!!?

4.7 DPN

¥ 8 360 AT NYE [ 37 K 24 41 A9 NUS-Qihoo_DPNs [
BAM 2017 4E 4 H T —F B B Dual Path Network (DPN) 5
BELHCLL 6. 200 AR B ES R F 5% 3R 2017 4F ILSVRC SR FE Y14
FENLATS 1522 . ResNet T LA FH O 42 BRI 4FAE , 17 DenseNet
W T L3 P B R BB AE . DPN 254 T M B4 A, 1 dh
3R 9 [5] B  RF T3 e O AR MR A R R R AL 1 R
£, DPN BEBIS5 P 12 iR,

1 1x1
[ ]_?Xa -] ]
1xiy’
o V V ...... | -
1l
0 =2 |
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T

Bl 12 DPN % 25 iy 03
Fig.12  Architecture of DPNM?/
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4.8 SENet

2017 4,2k A A 32 3 A & Momenta B & A1 A (WMW)
B Hu 2042 T Squeeze-and-Excitation Networks(SENet)
AR, L 2.3 040 M B A R A6 S 3R 2017 4F TLSVRC Pk A 28
WA T 55 1 42, B A 2 5 24 > 1 4 R 4 B R
X R AIE E AT B 7 A 1 O 3 P e 5 {5 R IR | 3l R 4 2%
HHBRAE M HA KA H B R, 78 R gl AR i3 &
S HCE RN BT . SENet 1] LUK i $2 7 BLA 1 4 K 2 5
CNN Ry PERE . SENet BEEIZEH A0 13 TR

[l 13 SENet 515 Hy"1
Fig. 13  Architecture of SENet'")

5 CNN ZE i+ & #1405 9 49 5z

AN E LA A T CNN LE T 3B 58 458 A 5507 01 5
J AT R o 25/ B AL BARA I | B bR 2> E) L B ARBRER AT R
U GOHE 0 B R T
51 BE®HSE/EMN

5 23 24 i S AL RL o8 U080 B9 JE A AR 55 08 W 2 4R
K BB ZE BN LA BUE L 28 h M T HAb TS HLAR 32
1R 55 9L E A2 16 HR B R B AR L TR P B0 s
3 H IR L AR S R R R R A — 28 5 AR R R . Rl —
T LAD 22 M CNN A2 2 55 T T 5R A 1818 53 2/ 58 {n
fE55 X BAMAEIE T AL AT 55 CRLIG R 0 28/ 52 fir

HARA I S 51 2 BD Al 14 Pros

Classificati Classificati

Ojbect Detection Instance Segmentation

CAT,DOG,DUCK

CAT,DOG,DUCK
B 14 HEHEAT S
Fig. 14 Computer vision tasks

5.2 Hirt&m

H A543 Cobject detection) — T 42 31 8 HL WL 52 45 I8 1Y &
FERF ST 5 1 0T H R ORS00 G b B AR X G B X
IR E HARZEA] . CNN FF H bR A6 5 5 m] 38 9 20 20 it
20 90 AR, SR L B T B U g B OF BT RE A IR
FE 2012 4R Z [0 56 F CNN /Y H AR A U 9 3 8 218 . 2012 4F
CNN 7£ ImageNet #k i P i) B R L) ™ ik T 058 A B
Xt 3 CNN A B AR I 09 2485 W s 7 B Ak TS
BT, A o A T/ AL FE R-CNNF, Over-
feat™, Fast R-CNNMJ, Faster R-CNNF®, FPNF 1 Mask
R-CNNE - EMGAG I E Bk ) 32 I 38 L B 2212 W K 3
TPy A0 4 4

2014 4F, Girshick 255§ H 7 — Fl 5 4 1% X 38 (region
proposal) fl CNN ) I & 4 >J H A il AE 22 R-CNN, 11

B 15 B s . R-CNN Bk 1 o 5% H i 5 4k 8 % Cselective
search) M7 3¢ s 78 it A G b 48 B T 462 55 0o 42 (10 10 6 4 , #
A5 26 HE AL 11 2 — A BT 5 59 I/, I 95 S5 I 4 ) DCNIN 2R
MR BURRAE 5 2R J5 Bk TR I SVM 45 28 1 43 25 28 0
TEHE 532 B b5 FUH 509 88 43 5 de S5 AR ROR (E 0 R O 1 &
FHR AR AE 75 B B AR PR I E L5 2R

Warped

1| Acroplane? no
—[Ferroe |

Tvmonitor? no

! W =t i
I.Input  2.Extract region 3 Compute 4.Classify
image  proposals(~2k) C‘I’\.IN fe:tures regions

P15 R-CNN H bp i 53k i 3 e )

Fig.15 Flowchart of R-CNN target detection algorithm'®*
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PET& AR F CNN KR AE $2 IR 43 31 36T A 4% 321X 50 Hh
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CNN M 4 73 70 B 4G rp 42 RO Rl RRAE , 28 )5 T S6 mb 45 4F 3
TET OIS O AR K 2R ] 19 4T 55 . Fast R-CNNSY
3 2o {9 31 35 Cend to end) A Y145 77 74 Sk gleilk SPP ™ 4%, i
TP 0 265 J22 05 T LA SR B0 I BT 3k Ak T AR ST i AR L R e
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e A B0 0 8 IX 38 W 4% (RPN, 7E— 25 b 7 3 3, 2017
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ZE081 7 Faster R-CNN (36l F 42 T —Fom H 69 B bx 52 41
53 HE 42 Mask R-CNN, Jf: 3K 18 T ICCV2017 5 £ 8 3
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Y J& Faster R-CNN, %4> 32 5 8UA 19 FHF 30 FEHE 319 4 32
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B4 ARG F 0 Sk, HL A8 AR 0 454 4 1 i A 7 S a2
HAR R HAT A,

BT 3F R-CNN 9 7 ik 8 47 7 LA ZE — AT AG b A FE
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I T LA B L6 G PR B AT i 30 o 46 Ak Y B AR ARSI B R
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5.3 Birsoz

E 418 4y #] (semantic segmentation) J& b & 4~ & 14 14
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SRR LA E R b3 — 25 X o R — 2R B 4y p R R
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T A s s T AR AL B,

W % TR A B 45 90 2% 76 R R I | 43 2 55 2 T 45 1
BRI BT E 28 A BT B CNN R 21 B
B ArE S, A 2015 45, Facebook MY A T. %Y AE 5L I &
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VIR G 1 AR W 2R B — AR R A B9 43 #I X 3. 2 )5 . FAIR
X H AT T Mg AR ST . T 2016 ETFF & T AT LUK DeepMask
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Net™ TR AT H H 4 2331 DX 3 09 1k
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Convolutional Network, FCN) & % if 17 ¥ £ ¥ (end to end) fY
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[, FCN H&RZ A8 CNN M fir g iy 4 i 82, X5
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16 FCON [ gh# R 2 i 17
Fig. 16  Architecture of FCN
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R G A R A AR B R AR 5 B e 1 B O3 S5 R T
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bk, Dai 45 IR T 2 AE 55 G R %% (multitask network
cascades) e S B SE B R Ao LAy E), AR 3 44
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X4, SCERL5AJB T T — A A B A48 (R 2589 19 CNN R B
A5 AR CNIN A AU DA 00 5 A8 ok IR B 2% . 5 (U 42 B
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F MR MUE S5 b, SR, 3R (9 A5 2 B ) AN BR 5 &b 2
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Fig. 17 Architecture of SRCNNL?2]
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