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Automatic analysis of CT/CBCT image quality based on convolutional neural network
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Abstract: Objective To propose an independent program for automatic data analysis which can avoid errors caused by subjective
factors of the operator while reducing the quality assurance workload. Methods The computed tomography/cone beam computed
tomography (CT/CBCT) images of Catphan500/503/504/600 were classified according to functional modules and studied by
convolutional neural networks (CNN). After training, the newly entered CT/CBCT images were automatically identified and sorted
by functional modules, and then the related indicators were automatically analyzed, including HU linearity, modulation transfer
function and uniformity of those images, aiming to ensure that the image quality met the requirements of clinical application.
Results For the CT images of Catphan500 and the CBCT images of Catphan503, the function modules, including CTP401,
CTP404 and CTP528, were correctly marked by CNN automatic classification. However, the accuracy of CTP486 didn't reach
100%, which indicated that some other modules were wrongly classified into CTP486. Meanwhile, the automatic analysis of
HU linearity, modulation transfer function and homogeneity of CT was achieved. Conclusion Based on CNN, CT/CBCT images
of Catphan can be classified accurately. The next step will be to extend the method to other imaging devices in order to achieve
a wider range of automatic image quality assurance.

Keywords: convolutional neural network; computed tomography; cone beam computed tomography; image quality; automatic

analysis

e

il

]

(W75 B #1]2017-12-22

[(BELMB | HR4 HAREHRES (2014A030310188)

(PEE A 15k R , B, 5T 05 1 < UR IR YT TR 5 2% L B-
mail: zhangjun@sysucc.org.cn

GBS IR0, M RIOEE DL, B 5877 1] - B4 ) 3, E-mail:

chenlx@sysucc.org.cn

WG TR r ORI A8 R 2 R 5 | 007
HRUGRT) HHET , XGRS TS TR fRUE(QA)
SEAHAYT B e B BRI 2 — Hoh iR
PR (CT) 2 B0R) 7T S Y B A, 73R T
THRIBE B AR T CT X R FH LXK R AR B AT



- 558 - H ] B2 B

ARG %354

Ay, I HEET CT BHR A TR+, i IE R CT
(CBCT)YEN IGRT s ISR R4, & B (L I
UEFIASHERY B2 T AN [R] i 6] o ] 28 4120, 1] 2
IEC . AAPM Z54R%F CT M B i Y K S8 QA A7
AHSCRIHRAS ", DB PIE NS S | S AU Na T BoAR
PS> o ARGSAR T T s B AT T
DX R XT AATT EUR . 22 K CBCT
5 CTHAE—E M 2E 5, BIAAREER A R A %00
B (FOV) 225, L IFEAR R AR 12257,
PRI Bl 2 B 115 C T-numbers | {5 M e 8 1l 4% 3236 ek %
(Modulation Transfer Function, MTF ) % [RI{& Z40h &
K22, X HAF CT 53 CBCT IW521R QA Zr ik
HABESE 4 F SN PRI RS2 AR R G A 25 LR
N QAR 1545 F i 2 > i &
J& R 2 3 B AR 28 ) 4% (Convolutional Neural
Networks, CNN)ZETFEHAGE | G5 L SR RIESR
I e R R A TR I T BT AR P
B2 LK G S e

A 30K U SR ] CNN X Catphan500/503/504/
600 (The Phantom laboratory, Salem NY, USA) ) CT
P Je CBCT seA§ARM DBt AT A 34325, M i
PR SAR R G380 A 3 QAT , A ks /b

AR QA T TARMERY TA&: , I HLn] ol i £
T A TR 14 52 10 Bl 38 o A DX Il 358 i ol PR 2
R B e A i — 2k

1 MRETE

1.1 YIZEEREFMTALIE

Bt HL At B 4 16 Catphan500 . 6 5] Catphan503 . 3 ]
Catphan504 F/1 1 1] Catphan600, 1t 14 41 % HLAY CT 5§
# CBCT HY QA §1% . CT 1% /&4 — £ Philips 1Y
CT Big Bore fll — {5 Siemens f) SOMATOM
Definition AS #4845 , 14 B R 02 140 keV, £14
JZJE 3 mm, BESKEIR KN R 512x512, CBCT #4154y
S HE Elekta [ Synergy F= H B2 N &5 19 XVI &5
(Elekta AB, Stockholm, Sweden) , UL A Varian HJ
Trilogy % FH £k I i #5% 1) OBI & 4t (Varian Medical
Systems, Palo Alto, CA) RE&EHATF, HEMEITTH KR
0.5 mm, &% K/ A (384x384)~(520%520)

PEHCAN[A] Catphan 281 CT LA K CBCT 434 #9 [&]
%, N4 CTP401 .CTP404 .CTP528 .CTP486, L) %
Catphan DJRERLHA N PR MU , F T BT ric,
AT NS . HARbRIC 5 X0 AR R B E a1
FiR

CTP401 CTP528 CTP486 Holder

Lable:0 Lable:3 Lable:5 Lable:6

1 Catphan REIEEEHR BARRI OB FHRE

Fig.1 Different function modules of Catphan and their corresponding digital labels

A i AN 2R AT DL b3 (D T
G — IR e i BRI, 7 (B DI 2R 28080 ) i A
PN, T R GE A E AL 128%128; (2) 5351
K HU— Z 4 Bl AL AR 48 1) J7 15 0k N Sk b 3G i U1l 541
P HEALEY LT A2 4 B0 (BEMLAS e R 0 52 BE (Bl
PSS KR R0 G BE 5 (3) BT A i A DN R 8ctls i A TR
HEAL AL B, A 75450 1] 7 K B (B 1Y) 3 A 72 Ak Bl
AU ; (4) Ay st G I 25 s 32 2 AR L sl A ] 44 TR
— UGN, i B Z T SR E W
SO AN B AT AT LI AL (shuffle) fi A o A 1k
G REAPRE T WU I LA &R A U1 2k
FEABCE DR P4
1.2 CNN &R 1

CNN & —FIRRIR 1 22 J2 I8N 28 2844, S A ]

B &t —Z 5 s oAb B, o] DU EME T 3 BOF B
U — B RRAE , DT S5 28 08T 1) PRl A4 A Tt
M. 5EFHLAR2E T R LA, CNN AT DU E 5
HR R B 28 [ B DA AR SRR & & B AT o
Mo SXFPER G AR5 R S RRPE (T 1S CNNFETTHRAL
Ave B B a5 1R 5] A RR A A R
P

AR 2 s, FEAE 522
N EFUZ (convolution layer) |2 />3 F& 1F L8RS
14 42 )2 (fully connected layer) Fll 1 4~ M 4% 11
Rz,

F— N EBZERUER/N(Sx5x1) , Fith 644~
20, M kemel P KN 1. BRIZEIASE
RIS PR (Rectified Linear Units, ReLU) , iz K
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Fig.2 General framework of convolutional neural network

Convl1 and conv2 are two convolution layers; local3 and local4 are two

fully connection layers; softmax_linear is an output layer.

fth £k (max pool ) Lk K Jey s B4 i A DX sk i 1o 5 — Ak
AL R (3x3%1) i B (2x2x 1) o X3 7 I
— ke 3k i i 25 SR 08 BRI A b E R B AR AR A
S A R AR AR AR
JEBBIREKRIN(5x5%64) i il 64 M HZTT, [AFEZ T
ReLU br#fEflk AL ab B, SR S5 45 T — 2 %%,
P 5545 )2 B VE AR AR 20 B B AL JS i 25 di 2
] $ 52 )5 AR 2 [B] I B i 22 )2, R B3 i
ReLU 33 pRECK S . fi il 5 softmax J2 £
AR AR LA AR D K D 2 g R T ARG
ANTRIAREE R F0 ] e Pk A

il 22 I 25 (1 44 4 38 1 Google ) tensorflow Z1 14
L5280, YIIZRIG batch by 32, 4R 24 ) R R 0.1, 2%
> S P R 0.1, $H4AT batch RECH 20 000, %%
AINGRAEFAR A GTXT770M L P
1.3 Rz CNN 523 Catphan B9 B 5h 4> 2

223N G5 5 4 T LU T8 i A R RS 45 1
ANTRIRREE T B T 568 5, S BT B 109 7 1k s 1R B
R BIAREAE T ZE SR (2R T 3kt 5 R R R
o 5 P15 A ke 2 JEL A PR s 152 T T, S X SR
FIA AR B 5 B 28 e, AR IEZE 0, SR 0.1
()38 K B e+1.6450 M5 FRR, 2 HACY HA
— AR R 5 KT 45 T L BRI, A4 32 W 45
F B MY IZEUR TEE RS, FF T HERR . A SC
H R BIRRIC A 255, R 22 ik iR i A — 28 1)
1, M ECr ] — )24 7400

Z I, AT LI A £ CT 84 CBCT 1442
AR AT /328 BEIX ) CTP401/404/486/528 , 9K I 4%

4 Catphan500/503/504/600 f) 1t B 45 , AR 4l CTP401/
CTP404(CTP401 H/£1E T Catphan500, CTP404 ££ 7
F Catphan503 . Catphan504 , Catphan600) 5 CTP528
L E 5 2, FIWE Catphan 2880, HIWT 2 4F 40 F (LA
Sk S HEAEMAAS £ , Sk 07 1 S 1E 5 Ia) B 5 1) R £
J7la))

Catphan500: Zcrpso-Zerrs2s =30 mm

Catphan503: Zcrpsos-Zcrss =30 mm (1)

Catphan504: Zcrpsos-Zcrss=-30 mm

Catphan600: Zcrrsos-Zcrs2s=70 mm
1.4 CT/CBCTEGRESH

A SCHE B3 B BRSO CT A 4Pk
MTF DL 4501 3 4G Fahm . 9K S bR [R5 5
FEBRAS 13X 3 T, B T S ot T 3 3 CNIN 52
A B EER QA TR I B A IS LA AT (AR PR 45
Bt AT 0
1.4.1 CT{EZM CTP401/404 2— MU & 408 74
HL %5 B 5 APEEAAH R RBEEE . CTP401 #1 CTP404
A5 A RE DL BN L BE AN R 1 s . Y E
CTP401/404 B L KA A7 Je , AT AR 5 J L] 326
AN ARk 1 v ] DR A~ R R ABAE iz bRk
R CT A

#1 CTP401 5 CTP404 B EMB SR BT HE
Tab.1 Materials contained in CTP401 and CTP404 and their

relative electron density

Module Material Relative electron density
CTP401 Air 0.001
Low density polyethylene 0.945
Acrylic 1.147
Teflon 1.868
CTP404 Air 0.001
Polymethylpentene 0.853
Low density polyethylene 0.945
Polystyrene 0.998
Acrylic 1.147
Delrin 1.363
Teflon 1.868

1.42 MTF MTF B9l & 3 &5 CTP528 73 #71 3K 15 ,
CTP528 17 21 4l FH A8 SR AL AR X, 21 Al 4 Xt 433l
FIR 1~21 Ip/em, JIr A EXT 53 A 78 LUARE 0
AR PRIk AT DG et B R L 17 profile 4347 , 38
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1 3 (2) TR X A AR X MTF {8, #iX% MTF 38 i 5
AN ESHIE R Sy N SO =R
CT,. —CT,,, 2)
CT,. +CT,,.,

Hrr, CToea WX Th 5221 CT A, CTouey H LY
CTH., SAHX MTF /N T 5% AN FE AT 5387 o

1.43 #E5M CTE A 5] 8 1k 5 ) b RS B 1
CTP486 Mt kA . MLl 5 ey Lrp N At
SAXERAYSF-3 CTE , 38 3t 2K (3) TR R AE #15)
P, 20 (4) 3154 Uniformity Index(UT)™ .

MTF(/)=

. .cr-cr,

IntegralNon — Uniformity = m (3)
CTperiphery - CT(-,emer

Ul= T (4)

HA, CTou s CTon 4351 4 54 X 38 - 24 HU 8 ek
{E N5 /M, CTeener » C Toeriphery 73501 H 0o DX 385 DA 2300 T
X 38k 745 CT(E, UL 4 M7 B 1 4 25 5 v 446 X
S NGOLEN

1.5 BEf&RE QAR B3N/t K illik

HRPEES 1.3 752 1.4 TN ES XD G CT/
CBCT B4 17 A SR & QA BT « (1) X
Catphan AT 44, = /D RIEH #1475 CTP401/
404 5 CTP528 W i 8 5 (2) Al &2 & Il k4 1Y
CNN, X 4 B A SR B 1 73 2, T AR AN [R]85
P o7 B ¢ R B 5 Catphan %155 (3) 38 o 2 Je A 4621
$E UL Catphan ) 758 BE IE 118 B0 , X Catphan #£47
FEDT 5 (4) MG BN LIS 1.4 95 N2, 115 RS o
EisL AN | e Tean]

TEHLCT 5 CBCT 45 1 A i B GRHZ A
AT, CT KIS K H Catphan500, 7£ Siemens )
SOMATOM Definition AS $14# , 414 L& 140 kV, B
7L 280 mAs, FOV 266 mm, $##/Z/% 3 mm, CBCT ¥
1%k F| Catphan503, 7£ Varian fiY) Trilogy = F BN
AR OBL R SE 4K, 334 F T 100 KV, 45 LI
131 mAs,FOV 250 mm, EEZEE 2.5 mm.

X PR 25 R UER PRI T 50 AT, S BT A8 b o -

K51 B : Precision=TP/(TP+FP) (5)

71 A% . Recal I=TP/(TP+FN) (6)
H i, TP (True Positive) . FP (False Positive) . FN
(False Negative) ., TN (True Negative ) i& X A : #5751 il
W 5 5 SR A5 5 1k TP BRI T 5 5o 3 B 7
JE R TN BRSO A 15 2, S5 5502 5 A FP 5 B A 73
W E , FIIEH E N FN,

2.1 CTBshH &R

X} Catphan500 £14# (1) CT 4% , 213 CNN H 3
YRG5 5 WL 3G 2, e rbn] DL 32 BTy e A B
CTP401(#57250) .CTP528 (#1453 ) # il LLE#AFRIC H
Ko HIE CTP486 MK i FE I A 3K 5] 100% , BRI A #
G ANJE T CTPA486 Y5 Bl f 152 F1] KT 1, CTP486., K]
3RS R HTIIZE R . 50% 8 MTF 24 2.9 Ip/cm,
10%[) MTF 24 5.0 Ip/cm. Uniformity Index 4 0.16%,
Integral Nonuniformity >4 0.000 80,

2 Catphan500 B CT BB B 5h 245 R G (%)
Tab.2 Automatic classification results of CT images of Catphan500 (%)

Parameter CTP401 CTP528 CTP486
Precision 100.0 100.0 51.7
Recall 100.0 100.0 100.0

2.2 CBCTHEhAHER

P 4 2 R T e T A 45 8 o 50% [ MTF
4.6 Ip/cm, 10% ) MTF & 6.92 Ip/cm, Uniformity
Index 4 -1.23% , Integral Nonuniformity A7 0.006 18,
Catphan503 14 () CBCT [&14& , Z 3k CNN [ 34326
G4 B W 3, B CT 45 A, B Ihfekith
CTP404 (Fr% 1) \CTP528 (br%k 3) &R ] LUIEHbRIC H
ok {0 CTP486 . i BHLisk 22 iyt 15 ] 1

ARSCWFFEAE R Wos , ONNG#E S 2 Js , l T
CT/CBCT 14 Catphan P& i1 AS [R] BB (1351
i 3 CNNEU , o] LU FH A S0t 3 5218 R 58 QA &
B H B, LISEBL A 31 QA RIMEGAR RS
QA J2 i it ANHR XS QA AR F i KR #EAT 730, A
T 5 B (L PR AN [A] LK N T B 1) 22 5, 23 368 il
Gy BTAE RAFAE— 222 5, T H W T AR M bE 350 4
MTF S8R L th— e BRESR . BAAIEA
— LEHE % T & 0 M7 R BT A RO B 40 CT
AutoQA Lite (Iris QA, Frederick, MD, USA) . QAlite
(The Institute for Radiological Imaging Sciences, Inc,
MD, US) .RIT (The Institute for Radiological Imaging
Sciences, Inc, MD, US) %, {Hj&—Jmm, Kk CT LA
S CBCT G Bt i (4 22 57, — O BRI FH 20 A 15 o5
—J5 I, AR FP SRS AR QA RS 22 5+, 11
4 Catphan F BI7E 134 A R A RL 5 B4 08 1oz )
QA B LAy 22 5, N IK 5 Fr 7, CTP528 A5tk 7
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Fig.3 Image quality analysis of CT images of Catphan500

Red circles: Regions of interest for analysis

Catphan503 504 L4 & 600 445 fr 22 5] . A, — Ay
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Fig.4 Image quality analysis of CT image of Catphan503

Red circles: Regions of interest for analysis

LA F > A SR AR DL I 1Y QAR AT R
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Tab.3 Automatic classification results of CBCT images of

Catphan503 (%)
Parameter CTP404 CTP528 CTP486
Precision 100.0 100.0 57.6
Recall 100.0 100.0 100.0

CTP528 & 5% [ FRARHRF , MU XS T 0 25 SRt B T4
(6). PRI, A SCHE I ZRmt i A S B TS+ A
PRas, REGL TN R IR

W2 F13 3 0] LA Y, A i 2 )% g U
CTP486(lable:5) , Hi BLXFi 08 1 J5 A J& CTP486 H
TN ES R, R EUR A HA R 2 W] 8.1

a: Catphan503

b: Catphan504

c: Catphan600

El5 CTP528#51R
Fig.5 CTP528 modules

a: Mistake for CTP528

b: Mistake for CTP404

¢: Mistake for CTP401

6 Catphan ZIEEHHEE %

Fig.6 Scanned images of Catphan support arm
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F UL KE AL, AR5 AR 38 Catphan 19 )L ¢ 5 8 &
CTP486 1)/ HT)Z i

CNN BB 2 A R mT 4 R P LA K aa P, R
ASCHYNZR T Catphan (KR8 H 2 BE R ZAEYIZR
I A At 15 QA IAHEE 1) PRI LA K b AR (B
%, ) 4 American College of Radiology (ACR) CT
accreditation phantom, SEDENTEXCT phantom
gl sl B ORHE CT/CBCT EIR , Zead YIRS 24 7T L
HEAT A SR8, BN, A2 B T Planar
kV imaging ¥ 1% it & QA #¥) Tor 18FG (Leeds Test

Objects, United Kingdom) {4 lable: 7 A Y%k, £
Y455 , 7] LIZE S Catphan 1R & 76—t A9 UG T 8 R
Ak, MEGY RS, R BGRERU
280, B a] DL i 52 B0 PR 5 b S ) 36 A 3
G3HT

A CT/CBCT 1Y Catphan &8 11F CNN g1 7
YIRS B, 25 B B YIRS B AR AT LS %)
Catphan K% A 815325, I SEBLXT CT/CBCT B4
w1 A sk AT, HE—25 AT L i AR R S 5
i QA RBLHEA T ISR, Wi SEBELELA 3 )32 3 FHE Y
H 2 EMR QATEIT , AR = R QA ISR
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