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Bodypart recognition with CT sinogram based on

convolutional neural network
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Abstract: Medical-image-based human bodypart recognition, which aims to accurately locate the bodyp-
art of a specific medical image, is an essential preprocessing step for many medical image analysis tasks.
Currently , computed tomography (CT) is one of the most available medical imaging techniques in clinic.
Many CT-based medical image analysis algorithms (such as lesion detection, organ segmentation, etc. )
need to first identify the bodypart information contained in the CT image to obtain prior knowledge, so as
to ensure the speed and robustness of the algorithms. However, CT images are reconstructed from CT raw
data, which is also known as CT sinogram. And the image reconstruction process may cause information

loss. Therefore,, compared with CT images, CT sinogram may contain more effective information suitable
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for bodypart recognition tasks. However, there are still relatively few researches on bodypart recognition
based on CT sinogram. Therefore, the deep learning based convolutional neural network (CNN) tech-
nique is used to train on CT sinogram and its usability in bodypart recognition tasks is verified. A public
dataset (i. e. , DeepLesion) and three clinical datasets from well-known medical institutions are adopted
to verify the performance of our proposed method. Specifically, the Radon transform is used to perform da-
ta simulation on CT images to obtain CT sinogram, which is served as input to train a CNN-based classifi-
er (Sino-Net) to recognize the five most common bodyparts (i. e. ,head,neck, chest, upper abdomen and
pelvis). The experimental results show that the use of CT sinogram for bodypart recognition can achieve
similar performance to the use of CT images, and sometimes even better than the results based on CT im-
ages.
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B, & HATIHA BRI CTRBR B . B 5 4 427 24 880 CT MR L, Wik 7 R BN IE
fifR AR Y R R, T R SRR AR R R CT IR DL R I H R A kR CT A
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s . LIS ERFIE A, BRI 1 R

F 1  DeepLesion BRI 1 54~ BRI B S A0
Tablel  Distribution of five bodyparts in the DeepLesion dataset
SR LB iR o R (EE Hit
B 1675 4531 15177 9626 3777 34416
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L = argmax (p,v). (3)
MLH1,2,3, 455 0F, W Sino—Net Tl 1) B 1A ER AL 4351 Jy S . S0HR . Wi . LM Ess 4.
A 5256 {8 F RMSProp 835 (http: //www. cs. toronto. edu/~tijmen/csc321/slides/lecture_slides_lec6. pdf)
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Fig. 1  Illustration of the proposed method
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5. 24 (Momentum) AIAIERZE > b 78, ARAESCBRZE S, FRATHHIZE S 0.9, #LK/ (Batch Size)
150, XA FILSHEAT T 3004 ML, 223N 107,
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JHIY CNN Z5 R HEATAE 0, AT HRA T AR SCHY S
2.2.1 J5F ResNet#5##) CNN 254 FR 222 (ResNet) T 20154F % H IREE ), B 7E ImageNet KA
MO PREFE (ILSVRC) HhiAs 7 UG r 2K E . 3R 22 W45 5 TOutk, JF HIL N ERBkEREHE  (Short-
cut) ZERE AT LAZE A ph 0 28 0 265 % 3 488 T g S BB BE T AR A1 R, TR, AR ST SE B T R 2 I 2% Bk R
VERER A T CNN ALY, AR AU B FR A Res—BPR, TE 2 iR, BEH 81 4F (Convolution) JZ, 4K
. (Max—pooling) JE2H 1744 (FC, Fully Connected) JZZ AL, Hi, BRI K/ R 3x3, A 644
B, HOERECHE R RS (ReLU, Rectified Linear Unit), I AKMALK/N R 2%x2, BERTPIAETZE
Ah, FIEBZZ G0 THEE—4k (BN, Batch Normalization) #4F.

‘ ‘ ’ ‘ ‘ ’ s Cony+ReLU
) f—— Conv+BN+ReLU
= = pu 2y

Maxpool
FC

K12 Res—BPR, B 8MERUZ . 4 M RIMAJZH A2 Z AL

Fig. 2 Res—BPR, which consists of eight convolution layers, four max—pooling layers and one FC layer

2.2.2 AT DenseNet f5- B #9 CNN 254 S HEIEBTRMZ (DenseNet) T 2017 4R g E AR . AL
Ji, DenseNet#%) ¥z H T & M EME AT AE 55 IR S T HAERIRICR . DenseNet R B IZLEE ST, B
B RIS 35 T B N A3 £ % 28 (DB, Dense Block) 5, 12245 BE I8 M 45 DI Zhoad A5 b 0 A 3 40
HIE, TR EEEIM S, ASCHE T CNN 458 Dense-BPR, WE 3 fin. Bl 1IMERE,
AR, 3R (TL, Transition Layer), 14FE1 (Avg—pooling) J2HI 1 )24 .
Hp BN R 3x3, G 64 BB . B EEEEI M AR HLEZE (DL, Dense Layer) 4
W, ANERAEERIEEEBEKR 3. 6. 12008, BANEEZHHANERELN, WHERZEDN
BRI R/INGT AR IX1F3x3, SRR 730 o 128 F1 32, s V)20 T A SR B SR 2 1), &
AOVE R Bl 8 T R/, A5 i — A 5 AR e D ) AR IR T8 R/ INRR 5 J5 — > B i e B ) i ARH DRI
HER G IDERZRMAFERZ A b, BRRR/N R Ix1, BRECRE N 128, Pt R/ A
2X2,

s Conv+ReLLlU
Dense Layer
s Conv

Dense Block 1 TL 1 Dense Block 2 Dense Block 4
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Fig. 3 Dense—BPR, which consists of one convolution layer, four Dense Blocks, three transition layers (TLs),

—— C

one average—pooling layer, and one FC layer. Two adjoining Dense Blocks are connected by a TL

2.2.3  J T Inception M 2152 #) CNN 454 [ GoogLeNet T 2014 451E ILSVRC A3 58— 4 LIK, Incep-
tion BRI GHEE T 24 T T2 KT . Inception B I 24/ NG R KRB, i & 1T S 8009
HZRIF P T MR, 4 s, Inception*ﬁﬁ%&%ﬁﬁﬁ%*@@m%%ﬁigMﬁiﬂﬁuE@Méﬁ?ﬁfﬁ],
FX M Incept—-BPR ., 1% M 45 2544 1 3 S AH A Y Inception BEER | 1 DN EBFUZ AL A2 EZZ A . FA Incep-
tion B 2 A ERZ L I RRMALZE LS “PU& 307 Al Hrp, 2 M ERIZNEREZ KN A
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3x3, GBRZEGE A 16 F132, SRR E RIS, B K/ 2x2, 4 5553 3 I 3 5503 SRS
U2, BB K/INGNR3x3 . 5x5 DL R Ix1 . A 1 45003 F )2, ik R/l 2x2, T Ix1 B
¥eiz B nT DL BRI 8 G O R A, BRI ARG BUE KN R 5x5 0 3x3 & FBUZ AT FPE- 24971 2 J5 AN A
T BRI R Ix1ERZ

Incept 1 Incept 2 Incept 3
‘.l»@l “l‘ ‘.I»@
I

Conv 5x5

Conv+BN
Conv+BN+ReLU
Maxpool

Avgpool

Filter concatenation
FC

s Conv 1x1

Conv 3x3
K4 Incept-BPR, ‘& H 34 Inception 3t . 1B FEF 1A &R Z AR

Fig. 4 Incept-BPR, which consists of three Inception modules, one convolution layer and one FC layer

2.3 XWigE

ARSI B AN 5 s, A SO DeepLesion 80455 Yl 45 Sino—Net,  F-2R F 3738 B iEv: DI IE
ZEEWA R, 3 Im RBHE AN — 20 DR M S a2 A R . LA, 5 CTSZEIAHXT I Y CT &
RAE R LA 34 CNN I ZS A, IR T ARG CNN 4% (B Img—Net) , K¢ FHK A Sino—Net #E17 HL#%
T HE— 25 BIE Sino—Net X BHAFRAL U A PERE . Sino—Net 945 Rl 15 7 FfL G243 28 7 ik i 45 R aE T HE
B TMMEG 205k BRI (LR, Logistic Regression) 5 ZREH5170HF (LDA, Linear Dis-
criminant Analysis) B8l KIE4B (KNN, K-Nearest Neighbor) Bl Ay KRN AR (CART, Classification And
Regression Tree) “; FEHLERAK (RF, Random Forest) “''; #hZEDIM-H# (NB, Naive Bayesian) 2l ) R S
Al (SVM, Support Vector Machine) ' Sk T R IESZIS 1 A%, SR RIARERRE R 43 09 L 58 SLERIE
BN TG G 207 i . BARKE, 1 S x5k CT UG AT N TARAMESR I, L4 5324 F TARE, I
o, TAIBAREEE, 13D NBCRRHE, 5120 W BT EIRHE. SRS, B X BERAEVE S 7RG S o KA Y
A, VRIS &m0 4

S B VEAL MEN L FEHERR % (Ace, Accuracy), % F1 (macro-F1), #EWCHFRAIERHEMZ (Receiver
Operating Characteristic Curve, ROC di<k) ', ROC £ FHE A (Area Under Curve, AUC) ™' HT B
TROL N Ace THEA 2R

5

Acc = M, (5)
N

Horp NARERMNAAEA B, Q A IHAAEA 2 « R F0I E 0 PREAS B, R FL AR
2XP e X R
macro — F1 = P +R_ (6)
R, AL, Ry =23 o RREEAR P =LY T pp oy
= men =5 Lui=ipp 4 pp,7 e = mew =5 L= pp 4 pN

FLRPESA, PP O MREPESS, FN R IRBATER . ifURIERIA R, feARscseh, A 52651, 705100 k.
G N S R D9 & = £

3 45 B

222 G5 T EE X DeepLesion Z4 52 (1 FH 3 4~ CNN 432848 304 T B AL R 00 (I HERR R I ZZ F1 455 .
Fe2n] LIS RN LT 3 FhH ] CNN gk (4% (Res—BPR . Dense—-BPR . Incept-BPR), Sino—Net [ BE#S
H Img—Net FYPERE R 4. Sino—Net FYHERG R A7 F1 7F Dense—BPR A AU B i fe fE 45 5, 7393~ 99. 77% F
99.76%. FHAEREKY], BT CT X BT SR AU EA AT AT a2k, JfF B 55T CT IG5
REBAL A AR L, 25 RS gt i
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Fig. 5 Illustration of experiment setup

22 3/ CNN WIZE AR50 B PRES A7 B HE i 2R AN 2 k1Y

Table 2 The accuracy and macro—F1 of three CNN networks to recognize bodyparts %
i HER % FF1
Jr ik
Res—BPR Dense-BPR Incept=-BPR Res—BPR Dense-BPR Incept—-BPR
Img—Net 98. 52+0. 01 98. 34+0. 02 98.22+0. 04 98. 52+0. 02 98. 35+0. 01 98.22+0. 04
Sino—Net 99. 71x0. 01 99. 77+0. 03 99. 06+0. 02 99.71+0. 01 99. 76+0. 03 99. 07+0. 03

1) Img—NetJ& L)L CT FURAE A% A ) CNN /32588, Sino—Net J& LA CT 5% I/ M A ) CNN 4325285

F3U T H X DeepLesion $4li 42, A SCHEH A9 777 (Sino—Net-Dense-BPR) i 7 i 4t 73 2 7 ik 1)
HEW R LA SR . LS50 HITE 31 Sino—Net #5784 rh e B 4 (1) Dense—BPR A #Ufe 5 7 Fp% 5t 73 2y ik A 7
P, FFR3ATLUMEL S, 7R 587 vk dh BEHLAR AR 53 S 88 AR A5 05 e I AR 2% (85.52%) , AR T Sino-
Net-Dense-BPR (99.77%) . 6 J&7s T A SCHR (7 80 7 ML G2 73 20T A ROC Hh £k, rTLLE Y, Si-
no—Net-Dense-BPR UG T S LA 45 0 . 28 A RERH], 78 S REBAI IR b, A SCER N L AE
D5 AT 7RGS0

3 TRMESG 4325 1 F Sino—Net—Dense—BPR By ER) 24 L 4%

Table 3 The comparison of accuracy between seven traditional classification methods and the Sino—Net-Dense-BPR %
Jrik LR LDA KNN CART
HERR 74. 48=0. 40 77.57+0. 14 82. 50£0. 35 77.210. 32
WIRES RF NB SVM Sino—Net-Dense-BPR
HIRTHES 85. 52+0. 42 53. 68+2. 07 58. 45+0. 94 99. 77+0. 03

N T BUEAR SCHR B DT L B2 ARRE ST, R A 3 R AL 4 s PRSI SR K T T Sh R E LA <7 ik
ARSCE TR VERE . ARBRTER 4. R AT LUWEEE], Sino—Net XJ 3 Il RECHE 52 Y T0 00 1 ff 42 235
AR T Img-Net BTG R A5, I H Sino-Net 78 3 M EUE PR IBUS T FAERYSE R . X 2L REH]
Xk AL [A] CT B0 a8 B Bs A SCH Hh D7 06 BT RAF 92 1 RE
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=== LR (AUC=0.944 0)
LDA (AUC=0.965 3)
KNN (AUC=0.956 0)

w=== CART (AUC=0.848 5)

== RF (AUC=0.977 2)

=== NB (AUC=0.847 8)

= SVM (AUC=0.9317)

mmm Sino-Net-Dense-BPR (AUC=0.998 0)

True positive rate
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Fig. 6 The comparison of ROC curve between seven traditional classification methods and the Sino—Net—-Dense—~BPR
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