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Deep learning improvement for accurate automatic classification of calcification and stents
in coronary computed tomography angiography
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[Abstract]

The purpose of this study was to construct a deep learning algorithm to accurately classity calcification and stent from
coronary computed tomography angiography (CCTA) images. 23,256 orthogonal cross-sectional images of coronary ar-
teries from 24 CCTA images were used. Wide Residual Network (WRN) 50-2, WRN50-4, and WRN50-8 were constructed
as deep learning. In addition, we added Dropout and changed the activation function of the output layer to rectified
linear unit (ReLU) to compare the classification accuracy of calcification and stent. When the activation function was set
to ReLU and the probability of Dropout was set to 0.6 in WRN50-2, the classification accuracy was the highest (0.7738).
Therefore, it was suggested that adding Dropout and changing to ReLU to WRN50 were effective.
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AIFFER, FrBER AR R R RS R
18190-190625), #i@ KA ER & RRF 7
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7 b LIEBNIBRAL L 72 ARFZE T, SEEIIR (AR
L7 7 —2 245 T 29ER & 13 AIKIL 2D 27~ MY
ERDIEFID 24 5EF 2 Rf G b LTc (72.2+9.55&, 5
P13 N). CCTA#IE 201747 A2 5 20184E10 A
DRz, 64%5ICT (Revolution GSI, GE~NWVAY 7 -
TSRSt L0384 (2x192) 254 ACT
(SOMATQM Force, ¥— A v A~ A Y 7 HREH)
Do THMBEMCIR L. 645ICT T, %%.arff
120kVp HERE 210~245mA LTI,
FANIA A RI F—v (S A233m /370mg1/mL, o
A TS BRI LG #EEHI & 25.8mgl/
kg/sD it # T 128 B A L, #ev T30mLo AR B
BHAKREBEAL B{IX512X512% MY v 27 &,
field of view (FOV) #160~180mm t L, 0.312~
0.35mm® i W # & BE, 0.625mmdD A 7 4 A&,
0.312mm D A 7 A ARFETHHEER L. 384 A5 1 2
CT T3, H®EE%100kVp, 370quality reference
mAs Tz L7, &kl % 25.9mgl/kg/s Dt T 10
BREAL, HivT30mLOAEIAIEKZHEA L.
W3 512x512~% ) » 7 A, FOV % 180~200mm
tL, 0.35~0.39mm OHNFHEE, 0.6mmdD A Z A4
ZJE, 0.3mm D A A A [ THRE L7

&—ry MERE, EHERSTY — 2 AT —>a v
(Advantage Workstation VolumeShare 4.7, GE
NNVARTT - P S RRAH) T 3RICHFALEL L
fo. CCTAI %2 O EIIR % BB i L, 5EEIIR
(T 7L 640X 640pixels D AW #1572, Zh

5 D5 % 256 % 256pixelst= M) 2 v 2L, WEhRk %

UOMCERE L 7C. 8 62 window width # 1,200HU,

window level # 240HUZf%E L, 24bitDtrue col-

or bitmapEXTHAELT.. ZhbDwindow width

t window levell¥, FHfIRILE AT > b2 ETMEIR
DFAA I EN L &M TH 2.

AIKALD ADOWIHE 8,494 4%, FIRILZFED 27 > b
58,4028, % X HIKIER A T~ b ZiEb L W HEiR
(E#R) 8,9454L, At 25,841 M DB IRIEA T Wi 1T
RPN L 72, NRWEOF % Fig.1 27, 164F
DREER % F¢ O BB > 0B 2 470, 284E0

Table 1 Wide residual network structure. The net-
work width is determined by the coefficient
k. The original architecture” is equivalent
to k=1. The convolution group is shown in
parentheses. Where the numbers next to
the parentheses (3, 4, 6, 3, respectively)
are the numbers of blocks in the group

layer name  output size block structure

convi 128x128 7 X7, 64 stride 2

3 X3, max pool, stride 2

conv2 (1x1, 64xk
64 X064 3X3, 64X k X3
L 1x1, 256%k

(1x1, 128%k
conv3 32%32 3X%3, 128X k X4
L1x1, 612xk

(1x1, 256% k
conv4 16x 16 3x3, 256 % k X6
| 1%1, 1024 %k |

(1x1, 512xk |
convhs 8X%X8 3X3, 512x k X3
| 1x1, 2048 k |

average pool 1x1

activation softmax

Fig.1 Examples of target images
(a) Calcified image, (b) stent image with calcification, (c) normal image
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2-2. Deep convolutional neural network DS

DCNN& 50 #4595 Residual Network (ResNet)
507 6, BEDT 4 v & —BR2HE M LI
Wide Residual Network (WRN) 50-2, 4523
£ L 72 WRN50-4, 81285 L 7o WRNS0-8 % 4
L7, WRNOH#% Table 112787
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Fig.2 Structure of Residual Block. x’ indicates
the input value
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Fig.3 Structure of Residual Block with Dropout
inserted

£ WRN D85 A— 2 —Hid WRNS0-24594,212,355
parameters, WRN50-4 %375 815,17 1parameters,
WRN50-84°1,501,221,379parameters ThH - 72.

2-3. DropoutDEA

Fig.3127R 9 & 9 12, Residual Block®2/g H D
convolutiond, Batch Normalization /&, &Mt
O < Dropout A L 7. AHf7E T & Drop-
out DAEHE % 0.4, 0.5, 0.6, ¥ L IWWRN50-2 Ti1x 0.7
THETL 7.

2-4, HAEDFEHELEBOESE

AEFFETIE, B0 2GR %L C RelU %
A2 LIS X 2 ERE~ORBErHAEL. A
Tl & EEALB o S O MIIEL R U L 82 2 LT
softmax B D & J (ZIEBML S e, A B
BT ET, WRNOD ST A—Z =280 L T &4
LR R a3 (i A

2-5. DCNN DQZFE & fEEH

AWFETODCNNDFEH T X — 2 —1%, # )&
LB % 7R 3 epoch # % 1,000, 11D %#
B DEAT A= X — DB R IR T FE LR
0.001, “EEEOANWEHE 2RSSy FH 4 X%
4, WH R THT 5 BRORGELFHE Adam'” b L7,

%7, 1,000epoch TOFEMHMY 6, 7 4 v 2 —
¥ LIcHd, Dropout #38A LIHa, Wl
JEDIEMALRI% % ReLU (2 L 73 & TOHBIN % &
CEFEOFECC OV THAEL. 2 L THFEBIT
DIEfFER b GRS 75 <, A IS
Ko I SAIHE S L IC LI L 7e. R 7e
BB 2 5 = L2 epoch TOXEKED IEffZ
LR OBIERF I 517 2 EMSC TolEn ik U 7o
&, WFEEHORA LR L. 2 L TAREERB L
WFEEDPEC R 5187 A= 2 =R IEFIIFEE DT
F1087 A— 4 — LHW L, 5BUSE O 217 - 1.

% DCNN O3 HUEHE 2 3Fli § % 72312, resubsti-
tutioni L TEL 702, FFM 7 — & X— 2D 244
BI25,841 % 2Dt k7 A MHT—4_X—2L LT
MO R L TR L 7c.

DCNN D #1121, WRN50-213 Deeplearning
BOX version 2 (DL-BOX v2, FX&#t Y —7 v 7+
7 Fo3vR), WRN50-4 1% DeepLearning BOX 11
(DL-BOX 11, k&t —7 w7 - 7 Py z),
WRN50-8 & DeepLearning BOX/alpha (DL-

¥ il @ 31 (367)

08



$ ﬂﬁ' Arts and Sciences

Table 2 Hardware and software configuration

detail

DL-BOX v2

DL-BOX I DL-BOX/ a

Xeon E5-1650v4

Intel Core i9-9900X

AMD EPYC 7542

CPU 6core/12thread 3.6GHz 10core/20thread 3.5GHz 32core/64thread 2.9GHz
Memory 128 GB 128 GB 256 GB
GPU NVIDIA GeForce GTX 1080 (4 units) NVIDIA TITAN RTX (2 units) NVIDIA Quadro RTX 8000 (2 units)
GPU Memory 8GB 24 GB 48 GB
(ON] Ubuntu 16.04 Ubuntu 16.04 Ubuntu 18.04

Software library

TensorFlow-GPU (ver. 1.12.0)

for DCNN
Software library
for NN Keras
Python 3.6.10

Table 3 Training accuracy and presence or absence of vanishing gradient problem in the training process. ‘x’
indicates that vanishing gradient problem has occurred

WRN50-2 WRN50-4 WRN50-8
Full connect Dropout Training Vanishing Training Vanishing Training Vanishing
activation rate accuracy gradient accuracy gradient accuracy gradient
Softmax - 0.3303 X 0.2610 X 0.3652 X
0.4 0.3303 X 0.2501 X 0.3652 X
Softmax 0.5 0.3303 X 0.2501 X 0.3652 X
0.6 0.3303 X 0.2501 X 0.3652 X
0.4 0.2156 X 0.3652 X 0.2501 X
0.5 0.7672 O 0.7147 O 0.6837 O
RelLU
0.6 0.8553 O 0.2501 X 0.3846 X
0.7 0.5322 X - - - -

BOX/a, MA&tty—7 v 7 - 7 KN 2) il
L7c. HHE LB 2 FERBE OB Table 21K
T, ARWFZE Tk Keras # V72 DCNN O #2417 -
7. Keras ki3, 874 77 ) dTensorFlow I
PNy sz FELTHETET S =2 —F VA |
7—254759"% ThY, Graphics Processing
Unit (GPU) Oz LY, S8 % X Y mdiqrd
ENTES.

3. & R

Table 3(2, % DCNN () % %E 82 T O IEf#
RELMHEDOFEDHMEIRT. HflZ 7 4 v & —
HOWEZ)RT 1Y Dropout ALY LI T
X, WBECHESIAE LEEPHES Kot —H T,

32 (368) & HAZBHBFMPETAEE 2022, vol.69 no.834

W DAL % % ReLU (% 2, Dropout D
#%0.5, WRN50-2Tix0.6 T b AEHIRDOIA %
T s 1.

Table 4~7 (2, AFIHKE % BT & 724 DCNN (2
3517 % resubstitution % T O - JE B DR [ 175 %
7. Table 413 WRN50-2, Dropout DifZ0.5 (2
#F 5iRIAAT4, Table 53 WRN50-2, Dropout
DHEFR0.6 1= %13 2 {R[1751, Table 6% WRN50-4,
Dropout DiE#0.5(2 %1} % {7474, Table 71%
WRN50-8, Dropout DffER0.5 (23513 2 {RIFATHI T
H 5. NSRS, BERHE
ELS SN TS 2L ZHER L 72 CCTARROD
BOERCE e, B34 DCONN 23588 U ol (58
ZRLTV%. WRNS0-2, Dropout Dif#»30.5D
t &L, WRN50-4, Dropout DffiE»30.5D L & T
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Table 4 Confusion matrix with WRN50-2 and
Dropout rate 0.5

Predictive classification result

Calcification Normal Stent

Calcification 7432 1062 0

Gold
standard Normal 4273 4672 0
Stent 7354 1048 0

Table 5 Confusion matrix with WRN50-2 and
Dropout rate 0.6

Predictive classification result

Calcification Normal Stent

Calcification 7483 917 94

Gold
standard Normal 1866 5663 1416
Stent 1015 536 6851

&, A7 ¥ M ES NICHRIE L 5 720 WRNS0-
2, DropoutDff#0.50 L 2kt 5, IEHZAIK
LR AT b RS THBIL BB 0.4777,
ARALS 2 7~ b Bt TIER L A8 L refblatks
130.1249 TH o7z, LT, WRN50-2, Dropout®
fEFR0.6D b 31251 2 FTERI0.3669, fakatE
#130.0859, WRN50-4, Dropout D f#:0.5D &
2K 2 TR 0.3951, MAREPEERI20.1458,
WRN50-8, Dropout DfHR0.50D & & 2351) 5 56
312 0.0509, BREMESRIZ0.2513 Th -7, FICIE
fE=13 R WS WRNS0-2, Dropout DREF0.6D k
& T0.7738, WRN50-8, Dropout® ff #0.50 &
& T0.6866, WRN50-4, Dropout® ff #0.50 &
& T0.5246, WRN50-2, Dropout DfEF050D L &
T0.4684 ThH-17e.

4. & &

CCTAT AT v MG ADORBBIL 21T 5 B4, A
TYNEMIL BB T —F T 7 2 MR T =3
WE, CTOMMFEORRCZLY, RKILZE) 27
Y MERTIRARILE ATV b AT Ty N OISR
WARHBEC B, AL E AT >t OSSR A
Bk al, A7 FABETHAKRIESETL TV 2
RIS NEE E 72 Y, 2T > b D BAEIRRE 2 SHAlG
T2ILEDWLL LS. - TCCTAMER T AKX
RATYIAMT Y PO IEHCERL, AT
MDA EREC T E 2 X 91T 5 2 LXK

Table 6 Confusion matrix with WRN50-4 and

Dropout rate 0.5

Predictive classification result

Calcification Normal Stent

Calcification 8145 349 0

Gold
standard Normal 3534 5411 0
Stent 6298 2104 0

Table 7 Confusion matrix with WRN50-8 and
Dropout rate 0.5

Predictive classification result

Calcification Normal Stent

Calcification 4149 3875 470
Normal 501 8436 8
Stent 2854 390 5158

Gold
standard

Pl Tths. 20wy, CCTAMERLHOTE
W BT T & 2BWSERS AT L ORSEIHH
Ths. KWfZEx, CCTAMIROML %3 5%
Wi A7 2, FFAIKILE AT v+ 2 IR
A TELLIITHIERHIBLTVS,

Ak b % &t CCTAMIE L AIRILZES 27 > b
O CCTAMIRI, FEF B> e eR-> It
W&, FUEO SCREEE RO MG 2 5B T 5 12
1, M EC BT A0 ML T &
5 DCNN#»HET 2082 H 5. DCNN g 2%
TIETE Y BMLRRSL TS RELE 2. —TF
T, EAEURIREEC & 2 TR R b FEBRODIESF &£ Dt
MBI 4= N2 THET, BRHELTS LWL
MO T EDLEINT, B L TV RSV
SRY, WM T 4 — PNy 2 T REFED
K I EEESH Y. s kY, B
JER BB+ 2 LICRRA»H 5 12, shorteut
connection (= & ) FHIDED AT ##%5 D& (2 1HH
D75 12 Residual BlockZHw5 2 £ T, BOA
Tt WhoREPHET 2 PV ERs LY. 20
Residual Block #% @ b3 5 &L THIL S NLicDH’
ResNet TdH 5. ResNetldfki7m v 7 #EAT 5
CETHRILOBRAZML LIFL 2 EHTE, 2015
HFOILSVRC TAMO T 7 —55.3% % Flil % 3.57%
PEBLIC. 27CResNet 3 28T 2 THLL T,
ZHUADLETRT7 =~ AWM ET S 2L THIS
NTW2, INEESEL, HOBRSEPEILTT
NA—REWRT LT, ErECROR kD
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ResNet il bR TRWVAT 3 == A2 T EHT
5. IOHFEDOT 4 v A—HKEHLT I LIIREYIA
(T2 L8RBEN, EZILL LIZResNet 2 WRN
THHY, MERIEL T 5 LT A—2—nHi0
L, WRN Tk ResNet & Y i Bi#»TE5 L9
285, ELICWRNOD b v—= 7l h 5D
ResNet (b~ o8 5. fE-> TWRNIE, #
PO T CHIKILD A D CCTARSR L, AIKIL%

9 A7 v O CCTAMR % IEAE 3BT 2 2 3AH
ThrLtE25.

Resubstitution % T O 5 FIEWRN D 7 4 v
A—HEWeT LTl toT 74 va—
HOWINIIEMR SEICZENTH L. LrLad
L, WRND 7 4 v A —BEWPT LT A —X—
BT RS B2 eOFHEE-PBRICLY,
WRNS50-2 T 830 5{ll, WRN50-4 T 3,300 %L nl,
WRN50-8 T1.3M L 72 Y, %< OFMERR % # %
L7 MMATWRND 7 4 v & =24 2 LT,
GPUDAEY —H A4 XL WS IR T S 5 BRI
BRASH U7z, o T 7 4 v X —3 e MBI S ¢ 5
CERHEECHRETANE TH L.

AI7E T, W3 2 LRI% % ReLU (2
L, Residual Block(ZDropout## A4 % 2 LT
R ROMEP N T2 T, Jhd, @
WHOC LN TV 2 softmax BIETIXHIEA» 046 1
ThHoOIH L, ReLUBMBIXATIMEL 0L D LD
ECEHIEPAIMEL R CE L L 2B THL L
25, AJMEDKE 5103 EWETELRIE O E - 12
LB MIMEDZESKE S Y, FRMIC ReLU B¥L %
Mo 1B RELFTENECI DL E
. W50 2 ELBIEUE, 2B T il
H, softmax B HV LN 2sY. ZhuX, softmax
BMEOWIMER 061 TH Y, HMIMEOBAA 112
Rotew, HHEMERLLTHZE220THS. &
12ReLUk@%, I3 2 AR B 6
NTHY, HEHEMNEOHCAME ENTL .
Mg 0 2 LB 2 &2 ReLU L2 L, Residual
Block (Z Dropout 3 A4 5 2 L1, WRND 7 4
VAR L LA LS 2T
WTE 5. o TRIMHBEBICHIRY & - T R
DR TELDCNNPEATH I EH TS 5.

Dropoutiy —EDMERT I Y A hll=a—Rm Y
PHAL THEEPHED L 2 LT, HEEOMI LI
DCNN#%#H L TV A LRI IENTES. O}
DIFFEBIIS VAL Toma—arPHELTHL 2
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LT, WHEZ2DCNNEZEEHLTVE I LILRS.
JATIIZE T, Dropout#3EA$ 5 2 L THRKEE
PMETE2 2 L2HEL T2, Dropoutid—
EOMRTT v ALl ma—n VPR L T8 P i
HHEFETHY, BEELPPCILNTELY. #
FREINRTA—L DI L TERETH LN
MonTw2™, 2 2 THRIETIR, B¥EOTH
D712z Dropout #BA U 73 HREEE~ O 528 & A
LT, HEODODCNNOAHEHITTMETLELHIR
CHRERDBEOND 2 EDS o T DD, FOSFHE
IAFHHKRT S, Dropoutid e IEFEIFIZ S v &
LATo2—ayZEIRL T B THaIcD, fijfl
IO DCNN O JJ#5 R O3l % A R & T
52 ENTED. AT, Dropout DiER%Z 0.5
KWLO0.6E LI L TR SRS SN
DEEZERD.

ARG IBAREES H 2. H—1, RETHOMRE
o, BRTHCL L TR aRBEEATL L
W92 2 EIWEETH 5. IEMBRVER L E» T
WRN50-2, Dropout DfE=R0.60DHBETH->Th
TRV H38.6%, BRHITERA37.0% TH 722 &
b, EOIIIELVLAEN T E 2 & 9 ERROBENS
NG R =R — DR LETH 5. FATHIR 26,
batEn % CIERIZIEF WO a Yy 5 A 7 —F
7727 MILBbDLEL LN, DCNNAHE L
TV 2 8% heat map THERA L 7 LT 39 2 — & —
PIEET 2 0E D D, HI, EBIE 2456 E
Ll o12Z L TH L. DONNIBERIESZ I E
BRI R T & 2720, JERIEE S 6 I E
Ths. HB=12, epoch - FHF - Ny FH A 2 -
HAZEH T 2BORBLTFEL L, FHEO T
A =R =IOV THE 217> TV L. DCNN O
HIEINODHER AT A= =1L > THREIED
5128, FRCABHEREDE T S Ie4&thiis e T
1, FEEORAT A—F— 12O THHEIL, L VIE
7 DCNN O3B BE# MGRET 2 N & Th 5. H
E LT, 408K R ) % resubstitution 3% %
FwTws 2 ETha. Resubstitution iz DCNN
BH 58 D W B S T D B R EE O MRS, TEO Ik
72 RETED BT CH S s 7o, REFFEIZ 1
LEMETEE LTCRREYTHL EELD. —hT,
resubstitutionE I EHN 7T —4X—2% 2D % %
FAMAF =4 _X=2 L LTHHLTH Y, DCNN
WRMOIEB THEEL TV 2 b Tk viey, @k
Al S e gL o TREMGES hold out#iiE7s
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E, ¥AMT =2 R=AL T A MIT =2 RX=2 %57
G ICHEEET & SIS LEDD 5.

AT, AL E ARILEES A7 > P OHE)
GEDOHEATSIH, WEORHFIZ OV TEHliA T &
&g aiewicix, akibEtEd 27 v Mgy
SAKALEIRZ IEL S GRRT S TUL 2 20T H M
WA ARENDS.

5. #&

WRN50 #HT, CCTAWI{§IZ 1) 5 fIkfbZ bk
5 A7 ¥ Mg EAIKAED A O Wi{§R O BB 2 il
7. WRNSODHIE 236500 2 i HEALEIE % ReLU (2
2B L, Residual Block @ convolution {2 Drop-
out ZHfiA L 72HEHE, WRNS0-2 O Dropout ##E3#0.6
TR FOVCIEfRE LY, 0.7738 TH 7. epoch
B8R Ny S AR ECTEE S
RT A= 2 —DFE, I L EFIBOBIND & 5 i
FHEEDH S DD, WRNSODEHIZARTH Y,
SO E DT RUC ReLUZ WM T2 2 &
&, Residual Block @ convolution& (2 Dropout
PHEINTL2IELRAMTHL 2 EARBI NI

6. #H &

AWFFeD— k12 JSPSRHFE 20K20233 DBk % %
FRADTHS.

ROFHA

Table 1 Wide residual network#i&. ®v kT —2UDIg
[FRBAICEOTRESND, TEHBHEEY (Fhk=
1EAETHD. BHFAHBOTIL—T(FHEMAICR
N2 FBNOEOH=F (£EH53, 4, 6, 3) (3,
I —TADTOY I DEERT

Table 2 I\—ROIFZEVINITT DR

Table 3 ML—ZVJRICHITDNEREE IEEKRBED
BE <) FAHABENRELECEERT

Table 4 WRN50-2, DropoutZ0.5[C81FDRRTTFI

Table 5 WRN50-2, Dropout0.6IC8I1F2ERTTI

Table 6 WRN50-4, Dropout¥0.5[Z81F2ERT

Table 7 WRN50-8, DropoutZ0.5(C8H 158877

E DA

Fig.l  XIREEE
(a) ARLES, (b) AKLE#ESRTY MER,
(c) ERER
Fig.2  Residual BlockD§iE. "xi IFANEZTRT
Fig.3  Dropoutz AN 7zResidual BlockD#i&
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