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Abstract As a new and rapidly growing field for more than ten years, deep learning has gained more and more
attentions from different researchers. Compared with shallow architectures, it has great advantage in both feature
extracting and model fitting. And it is very good at discovering increasingly abstract distributed feature
representations whose generalization ability is strong from the raw input data. It also has successfully solved
some problems which were considered difficult to solve in artificial intelligence in the past. Furthermore, with
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the outstandingly increased size of data used for training and the drastic increases in chip processing capabilities,
this method today has resulted in significant progress and been used in a broad area of applications such as object
detection, computer vision, natural language processing, speech recognition and semantic parsing and so on, thus
also promoting the advancement of artificial intelligence. Deep learning which consists of multiple levels of
non-linear transformations is a hierarchical machine learning method. And deep neural network is the main form
of the present deep learning method in which the connectivity pattern between its neurons is inspired by the
organization of the animal visual cortex. Convolutional neural network that has been widely used is a classic
kind of deep neural network. There are several characteristics such as local connections, shared weights, pooling
etc. These features can reduce the complexity of the network model and the number of training parameters, and
they also can make the model creating some degree of invariance to shift, distortion and scale and having
strong robustness and fault tolerance. So it is easy to train and optimize its network structure. Based on these
predominant characteristics, it has been shown to outperform the standard fully connected neural networks in a
variety of signal and information processing tasks. In this paper, first of all, the historical development of
convolutional neural network is summarized. After that, the structures of a neuron model and multilayer
perceptron are shown. Later on, a detailed analysis of the convolutional neural network architecture which is
comprised of a number of convolutional layers and pooling layers followed by fully connected layers is given.
Different kinds of layers in convolutional neural network architecture play different roles. Then, a few improved
algorithms such as network in network and spatial transformer networks of convolutional neural network are
described. Meanwhile, the supervised learning and unsupervised learning method of convolutional neural
network and some widely used open source tools are introduced, respectively. In addition, the application of
convolutional neural network on image classification, face recognition, audio retrieve, electrocardiogram
classification, object detection, and so on is analyzed. Integrating of convolutional neural network and recurrent
neural network to train inputted data could be an alternative machine learning approach. Finally, different
convolution neural network structures with different parameters and different depths are designed. Through a
series of experiments, the relations between these parameters in these models and the influence of different
parameter settings are ready. Some advantages and remained issues of convolutional neural network and its
applications are concluded.
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itk (mixed pooling). %510 &7 ib it (spatial
pyramid pooling). #iiifitfl, (spectral pooling) %
Mtk FEEH FrR A Ak D iR, BUREZ

A — M E AR L 05 E— B RER
WAES, Nl R E S (overlapping
pooling) MIJ5ik. FriE E S ith ik 7 il 2 AH 4R it
P DA B X . SCHk[24] K F S ith b HELE
fii top-1 A1 top-5 R4 2273 5l FEAIK T 0.4%71 0.3%,
S5 ESMAHESAM L, HizhgE 1ok, EAY
PRI A WHUREE AR n AN R T A | A

R TERIR DN, FRELUE 3 501, S,

t" = f b(tin tri1r2q+1)) (10)

nl nq’

toe FAREUEE R I8 n AN VRHE IR 4 o M2 T
BHE, o () FTHUR A R HL U RS

IR ETE b — B s e DO UREAZ . 5
Sk, CNN %5 %5 R 24 F
Hubel-Wiesel #5742 ch sz By 70 T 72 F(sicil, %
FHUZ SR A48, Hubel-Wiesel 16 (0 o] L2, BORE
JERERNZFR 1) 52 A4 A . CNN A& EURE J2 11
— AN IR RN (2 e ) DoMapN

1331,

DoMapN =( oMapN ) (1D
DWindow

Hoob, IFERZ P K/NA DWindow, 7EE 3
DWindow=2 . HUFE)Z 8 ik o /b 6 57 2 8] 1) 3 4 40
=, B A Err g e B D, BRI T 4
PR S
233 EHE

7E CNN &5y, @2 ANBREMBEE)S,
BEEE 1N LU EMEEEE. 5 MLP 254,
EEBEETRMENME LS LA — E WA &
TOHHMT A% . A E v DB S G HZ B AU
J2 v BT X A R R4 B I, T3RTF CNN
WLk RE, IR R AR 2 T0 U R E— K
FI ReLU B, f5J5— 2408 2 10t At s
Hes— AN Z, ALK softmax 2 4 5115
(softmax regression) AT 72K, ZEWAIFRA
softmax JZ (softmax layer). *tF—NEARR/32
1%, EHE—NEERTRRECE T EEN, X
BR[37IM4H T CNN JUFP 3 FH B4 2% BB B FE 0 A 1
AR A MRS . EH, CNN MEZEEZS MLP
S5R—FF, CNN HJUIZREE M2 R BP &Hik.

2 AN KR TR 28 X 28 )1 25— A /N R B 4
R, BT B M A, BTE B AR EE (held-out
test data, tHATFRAKINE) LB RIAERT, K
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TR IE, IR R TR A E T
1%—dropout £ A RIS 2 40 22 Jo it A LA 0.5 11
MEZAZ N 0, I XA B E T R, XL
ARSI CNN [ET A RIS, ASSE
AL A RE 0, o T U N B R 45 R R AR
t T dropout FEARMIBEALYE, &0 R 2% 55 A
M, ERFTA iR p st sy, m—4
P TOA BRI T Fe B R A U A7 7E, AT DAIX
FhH ARG T M oA BE R e, s
TO I B E SRR, B AT, 96T CNN f#
WF 9t K# % ReLU+dropout A&, JFHUE T1R%T
43 2k el assol

2.3.4 FEAETH

FREMBHEAN CNN — AN EESH, ©il
W R AR SR B AT B, A SRR N o
A, AT BE S e R 4 2 ST R RRAE 2
B, THAF T PIE8 27 205 R A SEREAE TS 5
2, NGRS AN E S R 281 R Te] 2= 3
K FEFEAR T2 2] s A AL . SCHRk[46]4¢ tH T —Fh
R 7 T e SRR e A H . AR T
SO /NIRESZIBA XL, BB HE BT/
4238 120k I SIS R R AR T AL
HIHIFR CNN Z5HFHEL, 785580 (%M
SERIIRHIE I H 32 5508 D S ReA 8OR v
PR, HAT, XFF CNN RIZRHE M E H i e i
WORFMRN TR B L, SR a7 SL56 EWEE i
PRVNAETY ) S PE R, B SRR AR WX 25 )1 2t i) A
Iy RPERERIEBURFE T H .
2.3.5 CNN £ (1) 3k — 5 1i B

CNN sz Bl FEszbr b O & 7 RIE$2EL
AR, CAR 5. B 6 Sl BB R CNN HEH 4
fiE. SCHR[ATIRH CNN EATHRE0T M3 L, B 5
NHBREE N, B/ 5 3 3 MERRE (CL, C3,
C5). 2 MEFERE (M2, MA), 1 M4iEREE (F6)
AL AMEHZE (07). BRZ BT BRI
i — JZ & A [F] (1) ) S, ] 5 W& H, Cl
EIRBE N EUE A% 5 ERFE, TR el 2
REIES o BORE IR PR AE T8 S 3EAR L RRAE A
FLoR, R i Yt A A5 U o A3 AR A o) e 75 AR
WRASEEMN, WEETEL, &2
fIE A R 0 77 A [F] A BER IR a6 8, I HLbE
% ZHRN, HRIE ki 2 1, Ak
2 F6 A E 5 — BT AeER, %

JER AT BT A ) 5 Bl = SR SR Bkl ok, Al
i ER BN R E AR . WA
FER UL, 2 Fisher S50 v U A S A R T 43
2%, i IEMAL T (dropout J77¥32), M4 %15
A RO, A4 R 2 IR I R RS &3 2
Fisher JIBIMEN], MAHFT KM, HepmhT
CNN #HUCH P Celectrocardiogram, ECG) #F#1iE
e, Eedln B EIT AlL Bl C1 (HHé
MERRITTEIE DN EREM— MR 1R
fE, )5 HA SR RIS TA R . hE T
AILVEH, EHoEE, FHERRIUE S,
WAR, XEERHIE IR A IR IZE R L, X
A2 R e,

€] 5 FREZ IS CNN ] 2 H R AEH)

== A

‘ layer

v

[ ‘
PAAAAAA)
pranan |

== ] e ‘
=~ | :

E ]
TRy | |
cuoBl cuct

&l 6 ECG 23 CNN [y ] 24 4 1iE e
2.3.6 5EgE GR B HVEAH E

GNP ATRETG —NMEHEBRS
—ERER IR BB, 514 MLP A1
b, CNIN A 572 BRUE e S A8 X 26 Hh RT3l 2R 2
AR D, PR T SRR 2, Al A, A
MRS 7 —NELF A s 1. [, 72 CNN
&35 ) v fof PR A R R AR AR o ) e 8 E AN O K
WL, XN S (8] R AN AR Pt 5 B A S,
91, T H CNN Z5F ol 46 AR R, &l LLR
IRVRIZEH . REEB B R RIARE ST, ERE
B AL BE T A AR 143 SR R, S PR, CNIN 11 JR)6
R BUESL AR L e S MLP B
FARIEEMSEL M E S T2k

3 CNN By — L Buft &
3.1 NIN 543

CNN 1[5 R BE I 8% 42 — Bl | S 2 1 A 7Y
(Generalized Linear Model, GLM), GLM 3%

AP LGB, AEDE I 5 50T LA B0 [F) — A 11
AFAEEARFEAR FHER. Lin 2 AP H T —
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Fh Network In Network (NIN) P8R, (AR {f
FH 422 X 2% (micro neural network) fX#E1L%:
CNN G RUERE, RIS IER A 4 s P R 2ok 5
Wefbgs CNN A iER)Z, BT DA as b 25 I 24 1)
FIRAETT. ML E B R MLP B, 1
TN 7 s

() RHEERZ

(b) MLP £ E
Bl 7 B2 5 MLP ZREST Y ) (p)

K& NIN g5/ AR ERE, & H MLP SREUR
JESRE) GLM. NIN 385 765 A i s i 2 b 22
HEFERZ LT . SEFBUE L E 0L,
MLP 3% [F]—NRFALE [ () BT S s s2 B o 3k =2, BRI
X T Rl —AMREAETH MLP AH[R] . SCRR[50].2 Fr LA #E
MLP, ZFEF] MLP R BP BEHEAT IS, Bt
CNN Z5#h 4, RN MLP 2 —FhiR A, H
AR 0 S8 AR . MLP 5802 RE % Ab B o 42 24 1)
Lt ) R, FEECHE N R R . fE& S CNN
ditheEEENSHE 2, STENE, Bike
FEEAKH T dropout IENALEE AR . NIN Z5#4K FH 4
JP AR B TR i 2, R SR
Kb o it 4 J5 3k 77 %0 B J5 — > MLP
GRRZ A FHE RS, PR SR e
R, RJaiAF softmax R EF. £RTY
WAL AT G Bt — NS5 R M IE AL 7 Cstructural
regularizer), ‘& RI LAMG SRR [ 5 28 A0 i — 2
TEA R PR 2 i A R EAR 28, RikRe
gk Ao AL, AR IECREE N A EME B
HEATSRAN, DRI N 1) 25 () AR A B AT B i ) B A
1 Lin 25 APOYGZ 507 R T MNIST & SVHN %5
Hamderh, IE VIR . Xu 2 ABUgE
4 NIN Z5K932 H1 7 ML-DNN #2784 , i Fi] 5 SC#R[50]
HE ISR, SHmamis ki, £WT1Z%
LAY AR A
3.2 mE AR

SR CNN B4 — AN RE 9 K7 Jep iy,
H 2 EATI IR 25 52 BN B £ 23 (8] b 2 AR I 2.
Jaderberg %5 N\ PASE ] —Fbi 1) T 27 5] M — 45 )
A 4% (Spatial Transformer Networks, STNs) 3k
fi e ) R, ZAR R AN AR A HAK X %
(localisation network) 4% A= i #% (grid generator)

NoRFKERS (sampler). STNs A H TN Z, tAT#f
ANFIBRZ S E L EZ G, A7 Z 48 5 CNN
BRI SR ZE# . STNs BERE H3& B L B i AT
25 [E AR RIS 55, fii7S CNN BRSPS . 4.
et B e BSR4k, STNs 11
THRBEIR, JLPASEmEA CNN A1
33 RER

B Zeiler™ 25 A 42 W10 R B B W %
(Deconvolutional Networks) %7 5 CNN (] AR
eh, Refeic® EA R AE. CNN 2&—Fh BRI -
ik, HMANESELZENGI. LR
AR KA TR o T S AN 28 h (1) 215 B2 B T
MR, BN T 4% 2] B8 20 S R AR 247 4
BURE B MR R AR B NG 5. ME,
Zeiler K s AR X 2 A 404K CNIN H 2% 2 J2 2 )
BENRHFAE, UAFIT 287 I o602t CNIN 1145 25 #4154,
RGN E W] H L — N SRR, B R R
AT BRI R, AFZAFET S CNN 22—
AR . SCER[BA1EEY i R — AN B AR E AR n B
—MNRERZ BB, MRS (ReLUD. it
b (max-pooling) J&, AMCHE ¥ RHEE N T —
N, B EIRGE N RN RERZE . RERZ
T EAR AT unpooling CRFH —FliALL i 5 125K
max-pooling FIIFRIFE) . HriE (fili AR s Hok
TRUEFTA YN AR S BD R RERERE (R G
MU R R B BAE %, SR G RHEAE
HBRIEED, KRG REMRHE. 8l R EREAR
AIAAL CNIN #1948 2 27 2] B RFAE, Zeiler 1815 H
PLR 2516 : CNN 2 2] B FIRHE X T F# A4 U A
AR, AHRX T e — A B R, B
PR B R AT IRBR X FRIERY . Zhaot25 A 32
BT —ANFRIFR A SWWAE 45+, SWWAE 67y
H ARG M S S B FREE M2 A, R G R Mt B
NIEAT I, T R AR S50 FH >R dE 4T B . SWWAE
ME— B — “WAE—E” (what-where)
H gL, gL — SRR KRR S —
A~ max-pooling JZ41 %, &1t max-pooling 2 /=4
MpEE: max-pooling ¥ Hiid v what L&, &
YERT— 2N ; # max-pooling A7 B {5 Bid
N where 285, where A% 5 B ) % i3 B ] A 4G
Frh . SWWAE FH5 % BB & = MR 7GR
o, BRI K A AR R ) . SWWAE 7E % Fh
BRI BTSSR HER 2, e
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& T BA KR IO bR T S5 T A R 2 5 A X 2D
MR R AT DL, 2R AT REIE - S AU ¢
4T 5550,

A WEHZERFIELR
4.1 &=

BRI AV NI R A B ISR, R
FEAP 28 AT IR B H R, /2 CNN
MR, BT E BT M ST
CNN i BP Bk T A B I, R aim
FEARAME LR B, CNN TFEA 262 11,
5 2R F — S8 AN [B] 11 /) BE AL BS0O6T 199 26 v Pl A AL
B A BAE AT RN LYIG6 I . R “/NEEALEL” DA
PRAUE P 28 A2 IR B0 KT gk AEALRES, &
BNGRRME “ AR FRORUE P 28 AT 1E 5 %7 =)
WIZE, W R R AH R BUE AT AR AU RS, 54
2T 72 1P, BN BG4k AR A R B
YU AT A[-0.5,0.5] 8 H [-1,1] (B RHEAEM X
) B, EsebrRi o, TR 8T % T4 R
FERVEE, RIS EAR AT N TARE R R R
KEINTT. HZER THARE CNN 15273851
GIFPAF Bz AR 1, NFHEREFRERI
AR, X EHIZ) T CNN 7ESEBRA )
o XM RS — AR .

F5L b, CNN AT PAgHAT To s Bl 2k IUAE
— T IR A ST B IR TR IR IR 2 S
Chyperparameter), XS EATHE BRI, XT it
Ngiam®& AR T —Fh R i B —ANSES 5L
W 22 S vl —Fa i (sparse filtering) . Hifi
PEB A — AT R AR BB B — L2 YU 4
HRFE, MR RER IR . ERBLIER T,
HAFE A A MR B A W N R FEAR A0 R B 1
(population sparsity). > #t4 Chigh dispersal).
TEAERBT (lifetime sparsity). SCrH8 H A 46 5
W TR FEM 2 A v, e AR R IR I VI 25615 31—
AN ZIE—RE, R AR 2R
ANRMNZREE )7, RIEEHE. @ sess, KA
PGP UL BB E I, w2 B — IR &
SUHIHRRAE 27 o DongPV & A 5 7 8 I 82 T
CNN [ EIR B>, [RIIHE % CNN AR 28
W THIERL FESCHR[591H, R FH M it I A S il
W&k, FHE CNN 2] B R4 SR R IE R )=
IR MRS N\ 2 Softmax JEH AT K. BEE
Dong!®V4 N\ SR — R 152 5] CNN 588

THABARGRG . SCHR A K & o ARy s T8
BNGERZMERZ, 1200 SP NG h g
PLWrUENE Ay, B B INE bR R A I
CNN fith /224, &)L BIT-Vehicle i =
IFZ CNN BB eI AT anR il deh R
BRFMERE, FERHEFENNZ—AKH CNN K
%@, RGNS AT R IR NS, SRS T
KRB BBE%S (W BP B k) #3470

(fine-tuning).

SIS RE GRS M5, iR
MAENZGEREFE — A HEAARS S CNN iR %
RIMERRISFE, BB A S . 7R
W, NTHIERESMAENS, &E—E
IS T 3gf FH 24 0 40 B AR A IR e A, Xt RIA T
12 58 B R R A 11 47 2 R ) e 28 43 R AR N
PERE. 75 CNN 23R rh, SR T3 I SRR A%,
HSRH PR RRAG A iR X AR,
AN LA— A KRR s B0 151900 f— 41055 M,
Ve B A HE EIA[1,200], IRt iEdr, FAMEE
ARBEHLIE E — RS iE S, BAIHCLEES 1700 4
BAE NS N2 5 BP Il 2t #2, 1) CNN 1%
ANYEHCH 1%1700, SARERLE SR, #ETE T
Bt AN A ESCHR[48] MR B, &I ECG (1
RN 1, SEbR BRI A —FE, (HETE
CNN [N IR R, DR FRZ IR EA,
) RS SR SR RN R e i 204, A SR B
AFRAIARFERE T Ak,  HEX 2R 1 & H
Wi o m, R A E e i A B B o R A B
BTl L pH 2 4 M T T 8 I SR A 1 E 1

FESEL N TR A 5L B ECG 70#r, A
[¥] ECG idsrEiE —4EfS 5 th rl BEAFAE —LLRIUAH
AR ECG iURBHE —4Ef5 5. WERIIAFEA A it
M, RNZA IR SR B W& e il 2 5 R, W
G IR S AR 2. T 525 — 283
SEARAFRIRE I, N THRIE RIS AR A IR 21 5
H. HILE CNN 73t i, @ny BURHIRa 1L
Tk, SRMNGMEL, RENGTESEE
B XA BRI 2 AT 1 7 AR R RN ZRTT
ENEBAIIGREE R B — /N R FEA RS
TRE I PRI BRACEE, IF B 6 —
AMPEAEBIBGER A U8 E 1T B AESEPRR T R,
XA INGINES AN B LR, KT
Mo 2 06 AN BB 70 M RE A3 THT IR KA
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WY, TR X R A TG 10 42 i Y,
42 FFEITH

REE 2T Ret ] 2 B T A2 WH A, &4
TR 2R IFFEIRE 0 TR . HErsE HE)
WSS T AA Caffe®™ ™, Torch®® &
Theano®1“2%, Caffe /& — /T c++iis. H*ET
CNN FHIRSVER) S, & A ) CNN SE3.
Caffe i LAfE CPU J GPU LJ&4T, &3 MATLAB
1 Python #% 11 . Caffe $&4ft T —AN w8 T R4,
AT UIZ MR, ol &AL . Caffe oiFH
PO AR L S ERSUR KBTI B
IS AT MARR, (EHAS K40 B3 Titan GPU L
—RATLLNGRE 4 T 5k EIME: H A IEnT Dot
Caffe t: X 2 5 & 5118 . R Caffe il 7%
R, (B2l T 2em 8, eA%ETA
FH 3 T4 22 M 2% (Recurrent Neural Network , RNN)D
FEAY, H Caffe R IGTERE

Torch & — /N SCHRMLER 5 S EIR R AR
2R BREKH] Lua A 5 A1 C = 96 5 1 - Torch
N AR5 5 SRR i T — A RIE A
B, BIEW 3 H i0S. Android ZE AR S . &
SHTRRCAS Torch7 {5 CNIN F )11 2558 i 45 21 K e P 32 7T o
XPT Torch IR, HAMIAKER AR, XIEH
HYTBHRIESHES . 15 Torch ¥4 Python #1171,

Theano & —/ o VFHH e S PRAGH PR 30
261k 20 python . Theano #2447 NumPy i K #B
- UhRe, WI{E GPU Fizgfr. Bt4h, Theano REWE H

IRy, CUHEH TR THE . Theano
REM R 2 Hm S RNN BEAY . SR17 Theano
FIgm PRt FEIRTE, S\ Theano 75 ZE W FERT[H] .
Bahrampour®45 ) R4 JE o . R AR FI =R K
W EJ7 [Ei %] Caffe. Torch. Theano. Neon® %
TensorFlow % 5 NARPE 2 ST HAFAM1E T Hik

Hrpr Caffe. Torch ¢ Theano J& k) 32 1% F A%
PEERE o IX AN BERI3 AT 7E CPU B0 GPU
Fi247, 1H72 Neon ARefFH 2 4f% CPU, Caffe
B AT AR N B E I CUP IR 2R FE 4K,
TensorFlow. Torch K Theano N AJ LR 3% Hbik £
CPU Z2%%Y. “rik[64] i 5256 & I Torch
5 Theano ZM /N EAHREIERZEN, MUK
FES MRS M, I CRF&FIE; £ CPU L,
X TAE— VR FE 28 5/ I 25 A8, Torch &
WAL, HIRE Theano, Neon [PERERZ; £
GPU Il AR AT IE R 26, X T 7N P 245 A 1Y
Theano VI R B e R, X481 X 2% A 784 )
& Torch fbl, TXTT REIGEMEZ Neon tHAE
WHTEA ], AE GPU LI ZRFIERE RNN A7,
Theano [KVERER LT Caffe 5 T IEINARUEIRE
gERPERE; 5 Theano 284Ll, TensorFlow /&
e RIGHSEH, (HRBEERA GPU LIRS
AWHE UM EER . R 1 8457 Caffe. Torch %
Theano it BA 1)— 2845 5%, Theano ¥4 11l &
) CNN 7, FrLIfE Theano bANAEEfEHEAT
CNN G & Tl 25

*1 TRRHEN—LS S

Lo Caffe Torch Theano
REIES C++, Python Lua, C Python

FFIE 2 2 2

#n #r447, Python, Matlab Lua, LuaJIT, C Python

[gas CPU, GPU CPU, GPU, FPGA CPU, GPU

F & Linux, OS X, Windows, Ubuntu, AWS, Android | Linux, Andriod, Mac OS X, iOS, Windows wEETE
priEy et CNN CNN, RNN, DBN CNN, RNN, DBN

THYIZR CNN A5 " fa 7

Caffe [Online], http// caffe.berkeleyvision.org/,2016,9,22
Torch[Online], http://torch.ch/,2016,9,22

Torch7[Online], https://github.com/torch/torch7,2016,9,22
Theano[Online], https://github.com/Theano/Theano,2016,9,22

®® e o6

Neon[Online], https://github.com/yelite/neon, 2016,9,22

5 SEFRM A

® TensorFlow[Online], https://www.tensorflow.org/,2016,9,22

(@  Compasion of deep learning software[Online], https://en.wiki
pedia.org/wiki/Comparison_of_deep_learning_software, 2016,9,
22


https://en.wikipedia.org/wiki/Ubuntu_(operating_system)
https://en.wikipedia.org/wiki/Android_(operating_system)
https://github.com/torch/torch7
https://github.com/Theano/Theano
https://en.wikipedia.org/wiki/Comparison_of_deep_learning_software
https://en.wikipedia.org/wiki/Comparison_of_deep_learning_software
https://en.wikipedia.org/wiki/Comparison_of_deep_learning_software
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5.1 Ef&mE

ILAER, CNN O iz M T EUG A 3451
i, Krizhevsky 2 A PU4 — ¥ CNN H T
LSVRC-12 & 2&H, il inig CNN 8 (17 Ik
F ReLU+dropout #iAK, UG | 4 S i 1 4 2K 45
B CZK LRI N AlexNet). AlexNet £x 7]
HEE 5 MEREM 2 NMeEEE. 5164 CNN
FHLE: 7E AlexNet HR A ReLU BB ATHELL 14 bR
# tanh RRAL, BRAK T ROV AL E, BRI
SR IRT 7 LS d#id dropout HARTEYIZRL
FEH ] 2 () — e 2 pEN L E N E, (FREA
HASHEME, b T aERZENEE; s
TGP BUSKPRAR A . oo BRI
07 ORI ZRE A, ATk Dl G . AT
AlexNet, Szegedy 25 A\ K H 0 7 CNN 97,
e T A HEE 20 EH CNN 458 (XA
GoogLeNet). 7f GoogleNet £ T 3 ik
R RIE (1%1, 3*3, 5*5), iZ45MM F 5%
MR TIHHEREGAHZE, ERSH 0k
[24]/0 7 12 1%, 1fi H. GooglLeNet ({HER R T =, 7
LSVRC-14 #3537 EUE 35 “fae i ” A
—4, Simonyan % N\E H ok R (1S B PR T
“UREE” XFF CNN W4 B 2. iZSG@E
AWM 2 251 P A WIS IR A 3*3 B ER =
SRIG IR 2 IR, SEEGR B, YRUE R BUL B
16-19 W, AR ARSI 2 R T COh
AR VGG #i), VGG A B /NEH
BRI ZANERE B — N BEARKRERZ N ER
2 CInH RSN 3*3 BN = 26 ERE —
ERA 77 BRRMERE, X E I b
TSHNEGE, T H AR AR PSR B O B R
PE. VGG #M7E LSVRC-14 3538, 537 BB
33 “TRERIE T A 4, WER T IREEALE
FoRP R EEM. HEHT VGG 5 GoogLeNet 1]
IREEFBECER, A S8 2546 LU IR BT 2%, I ]
K, 1 H VGG & 75 % 2 IR I 45 I 4L

AlexNet #i7 | GoogleNet 17 5 VGG #i A1 4S
£ ImageNet SEFEHET TIREFINEE R, SR EA]
N BB [ KNI 352 1, CNN B2
AT 2 KN, B AT AR AT RN
fIETH, AHJ2 A5 = 7 e KR RSN
It CNN RPN R /IN T DR — S X — R ) 2 YR T
BHAEEREY, TR E RN, T
XTI B HEAT BT BB 400, (H 2 X 1AL 4o

RSN R IR LE S S 15 855, AT 2
U (I HE B 2R . He 250714 A $7 1 —Fh SPP-net #5784,
ZEARAE CNN i fE — M EIRES S — ek
22 Hp N — /> 23 (] 4 7 3tk (spatial pyramid
pooling, SPP) JZ. SPP JZREM A CNN AN [E] KM K
FNEN AR/, FTH 7 DAAE CNN
R N3 [ e R/ N R, FaZ el ) CNN
BRI Rl B e, 75 LSVRC-14 % 4 2 L 5§
RIS =4 .

TEJZPARTR IR FE I A R o, B T A7 AE R
B AL, IEAETEE IR . fEALYEAG (Batch
Normalization, BN) & fif st B2 4 5 in] ) —Fh Ay
ROTERS TR R B A TR A,
W2 K FEIS BN AN, SR FE0E R, HAxMEREm T
FEAE I A TR, T A 38 0 ) 26 R R FE A 7
IR 2 BRE 2 80 9, SCER[69]F R 2=
%% (Residual Networks, ResNet) SRf#uL Bk ),
ResNet (1) BHRG i 2 85 B4 8, il 5| N FERE
BeHi AR (Shortcut Connections) 4% A %5 2 A% 33 3F
BRI SE RAI . E ResNet th G —MEUEEZ,
IR G — N EIUZ G . ResNet {1552 11
W25 REfE 19 20 78 YISk, THEAf SR A & VR IR R
MR 2 ERA . KIREH 152 Z 1) ResNet H T
LSVRC-15 M E1G /> K ELeH, ERB[ THE—LM
&t TEIZCHkT, E2%30K ResNet [IIRE R E
“4 1000, JF7E CIFAR-10 P15 Ab 23 £ & rh B8 iE 1%
BiAY,

AlexNet 5 VGG B F M 28 S5 N EH AL, &
ATH AN 2 NS — AN B Z 1% A B AT B
NIgJa—Jz. 1£ BP JIZ Tl i 22 /2 th e T 2 A%
R REM, TR R B WX 8 A8 A% 33 2 K 2 1 i
ZR/N, HELMRALEE S5, Bk, %1 AlexNet
5 VGG A, B EATTRIREEIRER, TR LA
eSS/ . ST 8 45 45 14 e 1% 75 21 250011
%%, GoogLeNet £ % /MHAEF AR E(E 5.
ResNet JIiE i FEARE e RS 5 A vl L S 2
MERARRAB I, BORIEFEERRS 1 IR Z AL
WNGRMERE o U] e I 252 SRAR R (V0 1R F5E I 285 455
BT IAR — N E R B I R R ER 73 28
R e 2 of T2 REUR BRI 2%, {H— L8777k
2N BB AR U R A HHL I $4 B85 12 ) AR 46 )

Mishkin %5 A I 5% 5 i Ll 82 7 47 oK fE
ImageNet F&3§ 0 RKEHEH AR CNN 25ty (EFE
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VGG. GoogLeNet) 11 RE & A R ZHuL B CNN
SERIIRZIE . ORI SEER AR B DL R — 2 D
XL, AEBGR A BN BIfR BT
(Exponential Linear Unit, ELU) B""™ 54 BN [
ReLU JEZe M R4 2) 7EHUREZH R P E Ak &
I R AE AL AT EE BB LAY . B P 2 it Ak Bl
ML ST BT, 3) M T F RS %
TR 77k (square root). P 2 3] R I Tk
(square) B Wik 2] Z 32k 7% (step), fHH
LRME S RO EE (linear) FUf; 4) f/MitE
K/I (mini-batch size) 7] HY 128 8# 256 /=47, Ul
RXXHF AT GPU s i 2Rk, Mt
K/ (batch sized HUEGBIER/> 5225 5) HAETER
FEE 25 2D P 1 B v BE AR TR AR I /N o an SR 25
ERANNTER I/IME, TR R 2 B
B o DRTE F FE RGN ZREE /N, 75 A A A4
BHaER OB R TN RAME: 6) HTEANT
PR KA & AT SERR I, R aT DU G2k i, w]
FH IR ARy E 2 (M 75 v R 12 s ARV E A
—E IR A, SR S0 2 B A R v 1 A
PEK/NEEIL; 7) A REE i A BB K
N, AR E B E s, X
B 45 21 K SO [ (1 25

5.2 ANBR 5!

NGRS, AL G R B B 2R A5G 4 AN B %
Rr-%f 55- A % R-43 2% . DeepFacel ™ g ix —
FRBRLE, (HEX NJRXS 55 R R m B Bt AT 7
Uit . 7F DeepFace 5 St UG 34T 3D ABEXT 5%,
A NBEEMZ M 2% g . DeepFace fIHT 3 2 (2
ANGBRZE K LABREE) T IRBURSUFE Cnid
GIBHE R . U E RIS M 48 XM
HFHAEEEE, HENTHRDEENER,
DeepFace (N Z R A 12, HERAH —MEH
JZ )5 1 - DeepFace 155 /N EMZ G RIEE 31N E
HEREZ (X 3 MaEREEEREALE), H
FAEXF 55 BN UG R AS TR (1 X 380 AN [R) 1 =) 358
GHRRE, RAALZMERZ TG BN E
% . DeepFace H A 2 M2, SEEEAT KR
RN EUEAS R 7 B RFE 2 (8] Can A HR 47
iR BEEMME SR A . B8N
T P A N R £ 4 2 (Labeled Faces in the
Wild, LFW) 1, SCHR[72]B0AF A6 R 51 AL %
N 97.35%, il NHRHFRAERIZ 97.53%, SCHT
F 558 MR T DAAE 5 v R R S R R R . AR

DeepFace IS H M E T 1.2 12, H 95% 5%k
H 3 MNMREERE & 2 MiERE, ik DeepFace
XA PREFEAR R BE TR, ERE—NRIA
VA A T

7E DeepID™, DeepID2"™ 2 J5, Sun 2 A\ X AH
Zk32 4 T DeeplD2+™, DeepID3. DeeplD2+4k
7T DeeplD2 45, BAS 4 MEHZE (K
FWUNEREREAILTE), HENMEHERYE
bEE—ANBREE, FET 3 AMmmSGE: D N
K&, G RREm AN EeE m s T
128 4, ANFHER N3] 1 512 4E; 2) 14
T INgEdE: 3> —ANEA 512 4maiEEy
S5/— /MBI T 2R, Be R EA N
WEMES (ARG S AN #HIAME T A8,
1 FH MBS 5 B BB 109 0 288 1) % 4k S RE 8 sk /> 2
WAEAL . DeeplD2+7E LFW L\ HER RIiER T
99.47%. DeeplD2+EA 3 MEHEMEME: 1D BMW
T2 PR e A2 P EE AR Y, B s 2ot A
oJa, VIRESRA BT MR A5 3R, 1% R A i K
T2 IR e ) R IR I BE E 2) =R
EZYTWAPNI 2= L gD PN A A = Y S K (S i pk e
3) FEEME IR ER R R &, L
RERIVFZ AT TAE N T 3R 25| \yF H @1k,
BT ENAES N R ENAR, H
DeeplD2+38 i K H 4 I 2k FE A% R sk BE % 1 2
12 Fix 2 JF %), DeeplD2+ 142 AV RE5 . 25 47
FE NG AIIEBE, I A 6% 35 B AT TR AR B AR AR
N MR, BB RN 82 SRR Ak
AL 7 e — i (95 S1E T, Sun 28 AUeL5y )
Hi# T VGG M2 Al GoogLeNet [%4%, 7531 DeeplD3
netl 2% F1 DeeplD3 net2 M 2% CH AT N
DeeplD3). DeeplD3 4k | DeeplD2+]—Lekk i,
LHELE S J LA REAE SR BUZ HH B AT T I AUE A 3
2, IR HON T LS R8BI Hh 2 5] HH JREAE SR
5T, RS — s rb i) 2 sp I N
- N HIA I BHME 5 . SR1M DeeplD3 HIVRSE IR,
HE MR MERE IR IUZ A 10-15 2. @44
DeeplD3 netl 4% F1 DeeplD3 net2 4%, 7E LFW
- DeepID3 [ AR AIHERG N 99.53%. L&
DeeplD3 VR JE B L DeeplD2+i%, {H /2B B L
VGG 5(# GooglLeNet VRS2 . AM MU IE T
LFW E—SbRyi s R E, MRS
DeeplD2+—Ff, I FTHTEE KIIILREE it —DHE 7R
AR TR IR FEASEARY (1) A 280
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FaceNet" 2 i Google 7 &4 H 19 —Fh AR
AL, B 4 o) M G 3 S B X A% ] 1)
— AN, A RR R B ORI A AR SRS (1 —
ANER . FaceNet & — Mt > ik, Bl
iGN = e PR s B AT NI UE . R0 AR
. FaceNet B EATSHH LM = o H B KR
B, NG ERZRAEMUHERE—E,
WHTZAES . SRR E A G E N = o5
KRE, BANG SRR (R PERE,  [R] th2Afli
S A, R I = e A K R B iR B T
FaceNet PEREMIRFHRIRE N, & LFW 4 21
YouTube A& ZcHE 203X, FaceNet 7521 iR 7 v
243 59N 99.63%F1 95.12%.

FH LS T DeepFace. DeeplD, FaceNet A%
BEAT SR 11) 3D X} 5%, DeeplD W75 22— Mj HL ) 2D
Pistxt . Parkhi 25 A\UBWE L SC & tBFAL T 7E
ANTE] CNIN 2546 AN AT 55 555 N TG TR 3 ik 12k 1) 52
Wi, SCER[78]3E I SEAG R I A TR MR K
e, WGENAT KM, HXI55/5 FaceNet (1R 5]
HERf R B B . 78 LFW 3dlE %2, DeepFace
Z51 [ FaceNet [ N AERf R AR LL Gy, (HA2
CNN 7E NSRBI TR VF 2 HA Pk 1 1) 17 7,
YNTHERARFAE 2 0 NG S SN ARG AR AR
RIS, # F5 BER NI TG i FE ),

5.3 BIEER

Hamid 25508155 £ i R R} R #2377 CNN T
PUANES R, JREERRTE TIMIT 353508 2 -
HEATSEUG, SEi gl BRI AR A (AR AT
A A R B A 2 BRI (1) 5 U o 48 X 45 A 2 %
T 10%, KU CNN B FEaEHETHE S 1R 5 HER
#, {ESCHR[80-81]7, CNN R I 2R T
ZRRAUEILE (limited weight sharing , LWS) $
AR, ZFRAETS AT M AL FAE S RAE, AR A
LWS JE R TSR, AMEKE /1) CNN
WRAEHZANERE. IBM AR A &k
CNN H F-iRB0E & 77 T 7 R ERIWF 7 LR, I
RF T BB,

5.4 ECG 71

ECG & H I A H I — Mol IS RS0
MG ARIZWHARTE . EREEITIZ WAk %S RS~
BEZ M NREETT ERXECWIRS, TE2miisE
045 AR B % 46 Sk — BLEU T0E 70 S LS BY
ECG 70 Hr®, Kadi 5 A%k 7 M 2000 4] 2015

R B A2 4 BOR ST T ST B O i 55
T SCE . ARTTARGE Bt F 2 R SR L REIE
149 Fi SCRRFFHEAT 70 A, S W ST A 2000 4
B 2015 4, KA BRFZ IR SRS B A0 .
EPIRIIBE TR 2K BN RE R IZ R
£5:% VAR I v e~ L 01 O N o R A 1 ok T K
A, AR 4 AN SCHE ) ML RE S 3R 15 58 i O E A
o SRR AT 45 RAB UL T A2 28 R AE T
SERUAH Bl Co M99 20 A v B 2. SR e T i
PR ECG MR SR ARZ A, G
P2 BOR N TR B 1) ECG 20 #freh, MR 25
RIFAEIREAE.

IR SEPRRH H, ECG 2HNZ RBMES, 5
e RS AL o AR L R A R BT 22 S ECG
Kot RN EES] CNN (s E, Sl T —Fh
ECG-CNN #2%, MHEFIT AT ERIISCHR A K1, 1%
ECG-CNN # 2! 52 CNN 15 KB ECG 432k
ECG-CNN # AR H AA 3 NERUZA 3 N2
1) CNN &5, HimNEda4E%0Ch 8%1800 (X 8
ANEAZE ECG KFf 2540 . ECG-CNN 12—
BRUZI RN A 8%23, TAE T AHNT, X5
LeNet-5 %45 45 75 BUE H B FUZ R /NN 5*5 A
—F, BGHERE—RASEEEMMAT. 8
1R ECG-CNN A5t [ 5 28 DA 1R O 2 o 040
PE-MIT-BIH $#f " GZ3ds i 4k 48 26103%) i
40 % ECG 37 m AN A4 25, 15 B HER
N 99.2%. [FIR 7E 1% SCHk HH e K ECG-CNN 5
RO ARV ZH S T T [ W A S D o s 7 ) e
145 95 B 8 (Chinese Cardiovascular Disease
Database, CCDD, http://58.210.56.164:88/ccdd/) ]
Al 251 2RIl AT O IE ST 2%, B RIMHEmR
N 97.89%. A SCRIR[89) A ST R [90]1F Ayt E S
R, AHFEEESE E, SCER[BI]AI[90]45 21| f)-Cadr IE 57
W ETAR N 98.51%A1 94.97%. AN SCHER
[871i8 K FHiZ B4 CCDD 3 FE 1 Set IV $¥i4E
Ht 11760 2510 BT A0 T AL IE 8 402K,
I AUER RN 83.49%, SCHR[89]FI[90]7E iZ K ds &
WS B I HER R __ 73~ 70.15%1 72.14%. M L
R L gE AT, oA O IE R 0 O R %D
I N B IE S 7325, ECG-CNN - AL 15-3) (v
T 2 850 e T ol W SR P v 7 22 . Hakacova 26 1°4 2012

@O MIT-BIH Arrhythmia Database[Online], http://www.physionet.org/p
hysiobank/database/mitdb/ 2016,9,28


http://www.physionet.org/physiobank/database/mitdb/
http://www.physionet.org/physiobank/database/mitdb/
http://www.physionet.org/physiobank/database/mitdb/
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G T T E— O BEPLN E SN2 IS R, A
484t T 576 4 ECG, KB Philips medical H 32
W v % 145 80%, Draeger medical systems [ #E#f
KON T5%, T 3 AN ECG ML HEm A
85%, % LLiZGeih 455 & ECG-CNN BB i 45 4,
A1 CNN 7E ECG 4328+ (1 Rtk »

SCHR[B7]) ECG-CNN R HL S — il — 4
CNN, {Hj& ECG HJ'FIEMEHEAH M5 FHE A %L
PSR —FE, S B FLAT I [ AH DG,
TR IR R AR ML, PRI B 4R A
f¥] CNN Z5 4 B2l T ECG 432K rhl e, 4 iy, 4l
£ ECG-CNN B! Ffif 7ok, 20 T SECER
2 W 4% (Lead Convolutional Neural Network ,
LCNND i, [ 8 Frm s Tid 3402511 LCNN
ghH.

B P P Y

CU-A4 CU-B4

At

ID-Cov=—"—""1D-Cov
K 8 FETid 43201 LCNN £yt

EE 8, BRI CU WAES— M B
ER—ANEREE, filln CU-Al. CU-B1 & CU-C1
B S — N ERZ R — AU 2, 1D-Coc K7
—YeEREH . T 8 MR, B NREIA 3
AR, 1 H A F S )35 R 02 A B
S, AN S EIE A GET 3 MBI, W
Hp—/FEk s B R IT CU-AL. CU-BL,
CU-C1, AJ5FEA RIS = AN HUE 2 HE 422
[ — AN R TE R L, RE/EBERRITZE
AT 2. 5OCHR[BTIAHEL, ECG-CNN B H A
3BT, MK 8 H11f] LCNN 45t 24 15
BTG, SCER[BT]IH X T EEMANENBE, H
LRI RANK 8%23, K 8 hfg—MNFEMZE N5
R KR KNSR 1%18. A 7 38 ZRAEAS A
1M PEARANFIZE 5] ECG Al A%, LCNN 7
S RIA T ECG il sk B AR, X ECG il &idh AT
s AP REERE, ¥ 2% ECG idskTH nRERITE
PR 218 7E LONIN [l 2Rt FE b, SR
VB ANAR K 10 S ) BP 423:1%2), [@REZE CCDD
HATBIRIGUE, & 15 J1£ %% ECG idx Mk,
LCNN Hif5 7 83.66%[1] ECG I A 8] 1E 573 73 S5 v

WK, ZE5 UL T LCNN £ SEBR B A 2L
o FEM T — AN E AN A A IR 17D 5 R S 143
KHNR G AR (FFR ECG-MTHC), iZfA4
B RREIERE 04T, QRS AR /34 %=
TEAE AL SHFAE ) SVM 4 2457 7 ECG 4%
TEHT 4 A5 2Rpbith, &5 ECG-MTHC 57 [
FEXF CCDD H i 15 5 2 st kb ATk, (H2H
T4 1 Ji% % ECG it [AIRFAE S H £ T
RS WEE e, Rk ECG-MTHC MR HAH T
14 £ Ji% ECG M HZNEWEE R, HLABEmE N
72.49%, i LCNN 7EiZMAAEE Fryn R R R
83.72%", 53CHR[93]HILL: 1) LCNN SZfR bt 2
— AN B R 2 2] 7, K T RS RRUZ ATEURE =
LS B RIS N B A& 822, 75 1 softmax
BT 2) R EORHE M EESE, LCNN
tt ECG-MTHC ¥ 5, Fill%:; 3) T LCNN HiE
FEBRRE e S22 R 2 454, e B R sR A R 2
WAHES, Wk T ECG-MTHC t SVM JE4 &
AE 12 PRIIBR . %, LCNN 228 R T
ECG-MTHC FI#EREZ . 250 4 LCNN 1E 35y
RAFPE T — P T A e S0 1 = MR R O
W, SRHIZTER MIT-BIH F) 48 410 1475
PR 093 215 B A HERR 22N 99.91%; [FI 1%L
Wy BRI A 2 ECG A kit 2, K H] LCNN
5 RS WO 45 & 1077755 CCDD AT
Al EME RS, 53] 14 275 %dxkmm
WAERA %N 97.87%.

SRIMAE SCHR[48,87,94]/1 CNN Z5#Hh, B4/
SEEE R KE RN, FIIEM L]
Gz M T2 ECG i H A e K. (HAETE
SRR F, ECG b F A @ H A —8, WfE
CCDD ' ECG id KN 10s-30s, 1M HAT (1%
i (48D AT PURAETE — 2 id sk Ian LR, el
AR AETEIC S e LR B B e LR, X
I 2 [ e K B 1 77 SN AT RS B B R L ™ L

Zheng!®> g ) i — i 2 B (IR 2 B L
KA £ 457 (Multi-Channels Deep Convolution Neural
Networks, MC-DCNN)> R i 6] /7 51 73 5,
o —1BIE B 1 S 4t — AN L ) CNN 4544,
Hfg—imiE A2 — N E P o, ek —
> CNN 25t i Ja — R B2 %S MLP Hhit
175328, 1t BIDMC 7aifilPE 0 s v B 45 ks
D RN 94.65% , AR T M — s Sk
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Kiranyaz??"145 A\ $ 4 —FdE T —4E CNN KO AN
ECG 7038, % CNN £t % 3 4~ CNN ZH1 2 4
MLP =, ¥ MIT-BIH %4 ) 44 S0 s E sk
KOs, ARIEMERAL0M (VEB) FI=E EvERAL
O (SVEB) M7 FUEREZR 73518 99%F1 97.6%.
SR AX LS BI 58 TARAUR A T b v 250408 2 38 43
s, e 78 o R IR B AE S Br S H () R Ak 4y
FMERE

F AN 6] RIS 8] 5 510 0] A 75 A [ B () OB
FRIARFIE R R, (HRINE T2 EERE % &
X SEPR Z, 17 HL 32 2 P R BE B S )5
We, 7SI 1) 5 2 B0 AR B P P e e
WL N T AR, Cuile AR T
— PR BT 2 ROBE S A 2 I 2% ) B (8] )T 1) 4325
PR (R MCNN 7)., MCNN #4453 4
BB BB R BRI B. AGH R, &
Bl B 1 e N 2 R AR R AR e (B
By P SRR . T R AR i DL KA R )
AR, R IE NI o aid Bk 3 FpAR
e, MBRRN 3 MAREdE . RS RmE: ¥ 3
FASHEIRAE R 3 N EERERN (—F R
AN B —NEREF, X5 CHER[48]1 LCNN
BRERALD, BNEREERHEE —MIE. &
G B RGN Bt 3 NI R iR 2R —
AN BAE TS BUC S, 7RI B ] DR £
MNEGREMZ AN EHIT G RE, RaREE
— N EEE K softmax 2. 5 CHR[48]AH EE
MCNN 7£ 45 #52 Hof 2 5818 1 8E 347 84, S0k
(48]0 75 4382 2 R AT A5 B AL, MCNN X 51
%K/ SUREARZ RN B B A A —AF . MCNN AT LA
AEERZ JUI AR A1), el b R GG O R R
IF) P49 o ) LB ol L AN AN R 0% 2 AN ) R I 2%
FHIEIL RE S 2 B = 2 I RAAIE . CNIN B 17 FH T I ]
FE5143 24k, AT LA T I ] 47 - 2 3] 19,

5.5 HENH

Redmon 25 \P%hgt 5 KRk G e — A 1
R, SRH—NEA 24 MEREM 2 Mg ZE
) CNN Zifyitsr HArtaill (HFKJy YOLO). 7
YOLO 1, HMNEIEEG, JRGEERIG N 77 A
Wk, @ CNN- T A AN A% 1) 22 A 6 6
(bounding boxes, F>kEZ7 5 BRI L4
JIX e B R . YOLO 4% iim B AE N
T EL, MEERIRERR/N. YOLO %

JEWAER R, 78 Titan X (1) GPU I &Fb8ha] LLAk
I 45 K &G . SR YOLO A LR E: 1)
BRI AR A IR SR T o A B L e L R — AN,
Rl b e A TR SR 25 (A 2R, IR P2 SR PR ] 7 A5
TUXTARIUT B AR T, [FIR s/ B brE it 2 4
ST A I BE 715 2) X FARE RIS E
W) AR ECE A T LR H bR, BRIz ARE A
FARGFs 3) A ER ZEAN SRR A ReRE HE 2 AL
IR Z . BT YOLO ANeEkEHEELL, XM AFE
RS B /N T Faster R-CNNERy, (H2 YOLO
(R3E FEEBE bR, Faster R-CNN &% HERI 2% (Region
proposal network, RPN)!%5 Fast R-CNNM 254
HIZBRERHEN S, BT R8T
P, BT YOLO Kl A AR s, Rt Liu %5
AP%EF YOLO #2417 SSD #%. SSD FIH T
YOLO =3 AR [ iR % T Faster R-CNN 1)
B S HLE] Canchor ALED . 'B5 YOLO — kil i =]
VASRE H R B AR, AFIP)E: SSD Tt HEA~
BB R B2 B F PR E . 2, SSD 3K
(IR INKE 15 Faster R-CNN 2 AR%, {HZ SSD
TR¥F T YOLO PRt (f)ReE . tbak, CNN i&n]
F T4 S0 A B 2600, s 0 g 4 1)
E X

5.6 CNN H{L &

CNN B 4 ANMFRAS: R, AUEILE. b
Rt 2 20, CNN feisifit 2 2 AR A e,
MK HHE [ 3h 2 STRE, TR B T L s
fE, HIREMSE e A R RIARE %3]
e U, BRI DA R T CNN S5H g
FEME TN, i \SEHKRE, AlexNet. VGG,
GooleNet /% ResNet [1J—/N LR K fE 34 2 e AT
(IR P R SRR T, 76 CNIN o7, 3 I 489 1oz P2 M
T 28000 X 4% ) A 4 1 A8 e 8 TR U ML E A R
M, PRAF U A 2RAFAE Y

6 X F CNN S#Z &R — L3R
6.1 ECG SCI& 43 #hr

CNN 7E ALY ECG 43 M4t i i 7t 2
I WA . AR SCHE CNN 7ETH S ALY ECG 2 #T v
M, Bt TARISE A RIREER CNN - /2% 45
4, FEAG AN TR X 4% 25 40 1) CNIN AR AL 8 T MIT-BIH
HH P A RO I . AR A S 4
R T CNN S-SRI AH H G R KA RIS 5L
WE X RE R AR . ¥ MIT-BIH 23 &+ 48
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ZRICK [ 110109 ALKl 4) 9 CNN AL I 254
AR , HA BEHLIE L 24100 AN O A1E NI ZREE,
HAOHANREE, FNCSRA BP Sykdtirf e
Y (HFIFJE TH Theano SZl). & CNN 45H
M SRR SS 73— o AT 305 3L
BR[94] 5. AR AUCHIED ROC i Zk F (1iHi
Uk B CNN 2511 == MR o Sk BE
MR UL, AUC {EBRK, Hkr ISV REBR AT .
AR SCHITR ) W 2 S5 R TR FE S 4 B TRIEN
5 (FWMNE. W E. SEEE. 1N ERERL

MFREZED 7 CERANE. WlE. £EERE. 2
MEREL 2 M) 9 (ERAE. fitE.

EEEZ SMERZE L INIREE) K11 (i
NZ R SRR 4 MERUZE I 4 B
2. ERVTIRBBUZ AP 2 RIEREI . S8
Kb fE: o mint AR AR E R E 5 DA CNN
B, IX 5 ANANIFK) CNN R BRGAUZ KT,

FAZ ORI H « BN IR 2
LN W 2 Pror:

=2 RER 1195 MEIMELEHIN CNN 55 28K25R
Stagel Stage2 Stage3 Stage4 FHEMHH  WE AUC
B WEEE B ke B e B IR
1*3 1*2 1*4 1*2 1*4 1*2 1*4 1*2 (8,8,8,8) 11 0.9979
Dep 1A 1%7 172 1% 122 1% 122 1% 1%2 (8888) 11 09980
11 0.9987
1*11 1*2 1*10 1*2 1*11 1*2 1*10 1*2 (8,8,8,8)
11 0.9967
1*15 1*2 1*14 1*2 1*14 1*2 1*15 1*2 (8,8,8,8)
11 0.9967
1*19 1*2 1*18 1*2 1*19 1*2 1*19 1*2 (8,888

R 25 T RAERR 20 MG B
KANBIFRL KA AT S HHI 1 CNN
B, R A RFIETE £ H RS RZ PR R AL
NG T B RUZ S O SZ R AR T — X R, P
LRGN E AR AL A e Ja SRR A BURE 2 RS
FETH At ME— g . & 2 fJ3X 5 4> CNN R
AERIINAR WK 2 K Ra R B, X
TRSREN 11, HEGRZAKR, AUC Jelgn
JriE N o XS Ah 3 S AEIREEDN 5 B T
R, BEEEAZIIEN, AUC SEi e N
s UREEDN 9 IR, S RRZIE N, AUC %

0.9974

BUNGE TN B9 Fs iR 5 1
CNN Z5HBEE B KA, Hoor R RE R AL AL i
el I SRIR R BL, ARSI N BRATRE T 4R
B HAEER SN, SR K
REANIARI TR 23] o FEARSER T, BRI
RANBUETEHE[10,16] 0, HARR eGSR — N
TP R A5 R X 4 LI ) 7 2K 45 R AT A
X T RBUZEUINGET CNN S5H, 38 0 9 28 (14 7% B2
REAGTRTHE A (170 KL RE

0.9972

0.997

0.9968

0.9966

0.9964

0.9962
2 4 6 8

10

12 14 16 i8 20

CE A PNANE P ES E A EA)

N T FHEHUREAZ RIS 2 PR RE RN, AT
RV A — IR L 0 ) B B 3 AN ) CNIN AR

FKfblits, X 3 4> CNN B, B 1 HUFERZ KN,
A S MO EHMFE . o T BRI A A 5
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(1) REMSEERR, PR T2 IR ML, B
RN REEUE . LA S R E
—BOR UL BUREAZ /N R, AUC SE R0 = sk
Mo WEMAKRE, FEEBTIIREERIIEM, HorRas

R . FEASLY T, BURE R R KN
2 o 3 TS AR R 7y REG R . R 3FHIH T
RIETY 9 1 3 DMANIFIZ A5 K ) CNN 2 1 L 48 7

Rah

* 3 RER 9B 3 PN FEIMLELEHIE CNN 5T HRER

Stagel Stage2 Stage3 FHETHAH ®E AUC
BRE R ERE IkE2 BRE R
Dep_9 1*5 1*1 1*5 1*1 1*5 1*1 (16,16,16) 9 0.9970
1*5 1*2 1*5 1*2 1*5 1*2 (16,16,16) 9 0.9980
1*5 1*4 1*5 1*5 1*5 1*5 (16,16,16) 9 0.9978

N T IRVHRF AL T H 6 SRR RE M, X B
AT B FHERIEE 7> BB 6 DASF ) CNN A
Mo M, X 6 A CNN B ERAFAE AL H 4h, H
SHE . B SERRIL, WA H
b, HoorRPEREE . X JE T TRHE T # H i,
4G — ST M T 2% 2 2] R AL B i 3, DRI T AN
TR . SR, HAFHEm £ H KT 40

I, BRI R KA, S [RTREA A TR
2], RS, AR, HR BT
T4 R T H[10,35]. % 4 Bl T VR A 11
[ 6 AR 268910 CNN 43258, 7Eix 6
ONN Sy, FEHHEm H A, LB
HOE R, AUC eI T A5 401

* 4 RER 1186 MEMELEIDH CNN 5 HER

Stagel Stage2 Stage3 Stage4 FRAE T4 H WE AUC

L)z WEE  BRE R B R B R

1*5 1%2 1*5 1*4 1*5 1*4 1*5 1*4 (33,33) 1 0.9846
Dep_11B 145 1%2 1*5 1%4 1*5 1*4 1*5 1%4 (6,6,6,6) 11 0.9910

1*5 1%2 1*5 1*4 1*5 1*4 1*5 1*4 (1212,1212) 11 0.9971

1%5 1%2 1%5 1*4 1*5 1*4 1*5 1*4 (24,242424) 11 0.9956

1*5 1*2 1*5 1*4 1*5 1*4 1*5 1*4 (48484848) 11 0.9972

£ 5 Fasy 4 DARITREER) CNN AR K =
PR REE R, fE— Stage:  (1%5) + (1%2)
H, 195 FoRBREH BTN, 172 RRER

LR RIBURE R BURERZ D . SKIR SRR, BEE
REERIINGR, W4 PR RE iy

#F 5 NEIREHR CNN &R

Model FARGEH
Model_A Stagel: (1*5) + (1*2)
Model_B Stagel: (1*5) + (1*2) ;Stage2: (1*5) + (1*2)
Model_C Stagel: (1*5) + (1*2) ;Stage2: (1*5) + (1*2) ;
Stage3: (1*5) + (1*2)
Model_D Stagel: (1*5) + (1*2) ;Stage2: (1*5) + (1*2) ;

Stage3: (1*5) + (1*2) ; Staged: (1*5) + (1*2) ;

FRAET 4 H R AUC
15 5 0.9971
(15,15) 7 0.9975
(15,15,15) 9 0.9981
(15,15,15,15) 11 0.9985

NTEREE CNN IREE . BRUZ K/ BUFERZ
KN AR H Z AR, TR AN [F] 15
FE BRIZKAN BUFERZ KN SR H Bt T
350 Z/MANFIT CNN B JX SEAN[E] 1) CNIN AR

PRI S B AR B SR IR SR AT S . T
SRS A I 1) X E—REE, FHEmHHE s
BUREKNEEE, BAE /NGRS R T £
Hf) CNN A7 b A SR U HL S /INRFIE T 4
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) CNIN B RUERAG B AT 1) 73 A R, IX 5 SCHR[36]
HRFAE T H 5 8 BRI A AR A 24 A
K—FF, FIRBUH 70T AE R EdEZE, CNN
TRVERE A EEA—FEIRIL, AN S50
RedE T MIT-BIH St 1T 2) RIEHERZ
RN BUREARZ RN EE . 3) A O 440 B2 IR
BB Gy RVEREBR AT s 4D X TR — MR BER B,

LT H AR, 7 ek e .

6.2 BK{EIR LU S A

SCHR[L061R FH P AT AN [RIREZ ) CNIN- 4544 73]
E i BRIV A B AICHE 58 K 3 BKAE A0/l 2 ik g A 54
AT R . R 6 AN CNN BRI HI7E
AR AR LRI Es R

7 6 TEIREHR) CNN 7EBKER LR KR

Model [ ERIREE kA A RS kA A
Rttt (%) REE (%) HEWIZE (%) Rt (%) RE (%) HEWIE (%)
CNN(7L) 70.87 64.14 67.50 96.62 89.09 94.78
CNN(OL) 75.64 68.99 7231 96.64 9553 96.33

% 6 1 CNN(7L)%& 7~ 1% CNN HIRE AN 7 )2,
1M CNNOLBE R FIRE R 9 2. M R R E
o, ERN RS E CNNOL)BY Fr 3 & 484535 &
T CNN(7L)RERY, [t e B 1 3 in 99 2% 1) )2 0]
DAFZ 0 Ik F i B R 2 R ARRAIE R BERRR, A P
REHRLT .

+
7 lE'\élZl

ITAEK, CNN MAUAEILE. vl4S5b. &
PP AR R ARR I L2 B TV 2 I (O
CNN JE R AUE L 280 T 75 BN ZR AU A2 B
(S-SR = = £ A i B U L Ak T (R LR A
28NN [V JR 0 AR ¥ LA — 2 AN M PR A
A AR PESE, 38T T M2 2 1L RE 7. CNN
W FAAHHE E RN BI S, SR 5 Facd: st I 25
ol AT L 25 5], B T T LERUREAE . AT
SEIRERM, HBEANMRSERZAZIN. BR
CNN Fr AT A Sy d i H Ol 2 B T % Fh
g R R AR 5N AT RE 4, {H A2 CNN
a2 TAER o

1) H Fr AT i CNN #7852 Hubel-Wiesel 15
TR AR AT , 75 38— 2542 1 Hubel-Wiesel #5278,
X EBATIRNII I R ISR p e — Se A, [A)
WHEF S A EFIBE CNN REWS 7570 K% HIB
IR

2) R CNN fEVF 28U it E L -2 &
A3 7 NHE IR, (HRATSRAREOE IR i Hh 22
AR, X T A BARIES, R
e R g 258, 2R, B— 2 EHZ
AMRETCEA R EE I IR TR EEVELN )RR &
BATRE IS SR, ENk e a5,

3) RN ZRE R £ 5 Ml B 4 1) 0 A A —
FE, U CNN HARMESRAG— AR AR, 40
R TR ARBEIR BN S E R 2L NIRK ECG
B, L, FHESIN CNN BRI FE R,
AT RS I NARE S I A T CNN AR i,

4) JRER T TR LS CNN BB R T 5 R
KA RGABII R e, (E A2 B A g N\
REEM 5 RGBEEE CNN B B B
P e o7 /710,

5) HHAl, CNN fETHENLAHE) ECG A #rdiidrt,
A NGERCTE R — 2. N T N eSO R —
B, TENG R GG I B A R [ e K, AT A
MM CNN R HEHAR B2 — MERIR AT T
AR, BT RNN A]DUARBRK AN 5, [
AT RNN 5 CNN AH45 4, FFRH T ECG il
SO R R — METFRAHE AR

6) rERRMEINZRr, Wi BEAN I St 72 1) i
PR AR TURAT TR A2 — /MEA R 1. 7R
SCHR[48II Bt g, ST B GRFEAAE —
AN ES S BP IAMEREFE G, A%
ANNGRA AR ZE SR, W R e i o2 HArh
1EfE ), MIGRAF MR R AL. FHst b, AL
A DO B A0 — 20 (R o5t 491 24350 K A AT BP
WG, BRI SR EES, AR5
FIWTZAR Y R 75 T2 A R 1 M R S R 1) 20 FAE Y

BRI, CNN BARIEH U2 R
B, AER XA G e AR R A 5 N T RS
g PR ES N, BEARBRN—B
B TS SR 2 A2 AT S0 0 — ANl BT B A
FE AR I DL EHT R AN T AR 2 i e
I FH 5 22 () AT
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practical applications.

Currently, cardiovascular disease is one of the deadliest
diseases for human beings. ECG is very important for
cardiovascular diseases monitor and diagnosis. Our group has
been working on computer-aided ECG analysis methods for
more than ten years. What is more we have tried many different
machine learning methods including support vector machine,
hidden Markov model, rules inference et al. in cardiovascular
diseases studies such as normal/abnormal ECG classification,
atrial fibrillation and premature ventricular contraction
classification and so on. Through a series of experiments, we
have found that the method combing convolutional neural
network and rules inference is better for recognition of these
cardiovascular diseases, and it can gain higher accuracy rates
than some other traditional machine learning methods. Now we
have used the convolutional neural network model for some

cardiovascular diseases classification on our cloud platform.
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