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Estimation of Spinal Deformation and Stress Distribution
by Deep Learning for Computer Aided Diagnosis for Spinal
Scoliosis
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Kaoru KOBAYASHI (Hitachi Ltd.), Kensuke KUBOTA (Spinal Injuries Center.),
and Ryo KURAZUME (Kyushu Univ.)

Abstract : We have been developing a system for estimating human tissue deformation by deep neural networks (DNNs)l).

This paper presents an extension of our previous systeml) by introducing a new design of the DNN of the node. From
experimental results, our proposed system can improve the accuracy of estimating human tissue deformation compared with

our previous systeml) .
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Fig. 1: Overview of analyzing spinal stress distribution in our new diagnosis and treatment for Spinal Scoliosis.
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Fig. 2: Estimation of an object model deformation by

integrating DNNs which simulate nodes in the model.
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Fig. 3: Structure of DNN for estimating the nodal

behavior.

RS AR IZ X D &R ML SRR 2 M LRI 5.
[EAkE G, Figd ART L5012, FHEHESN a 235 D
DRI D, ¢, d, e, f EFEE L, FTRTEHEN o Z2TEHS
CLUTAHUZAKERP, Q, R, S, T DH%2EZ25. A
HEDE=a—v v, EHiACETs=a—nrty
N Ny, Ny, N, Na, N, Ny 23005, —F, E2@D
foa—0 Vi, RERIEETS=—a—a &y b Np,
Ng, Nr, Ng, Ny I35 5. 22T, flisia, b, ch57%
LEFEPEEZBE, FOZa—0a Yy N NpDZa2—
uviE, ANIED a, b, clZBTd=a—arEy b N,
Ny, N, D=2 —0VOARLFEST S, FHERZ, BEEQOD
B, ED=a—nrty h NgD=a—vrid, AJE
DHifa, c,dD=a2—ma >ty b N,, N., NqD=2—1
VEREAT . HEIETIE, BETSZ - ODOERT—DOD
—a-—prbey NEEKT S DFD, HIED=a2—n1
Vi, Ty VERLETS 2 DO0EHRITLIZ Npig, Notr,
Nris, Nsyr, Npop E3EIINS. BoNfz=a—aY
¥y bD>5H, NpigD=a—uViX H2ED=a—1
Y&y N Np, Ng D=a—n> &8T5, REIC, &6
4TS 5 3 DOEET—DD=a—v YLy b %
SRS 5.

2.2 ZEBAE

ARFETIE, IR A—2DFR#E{LD-DIZ, & T
DJEIZ 2\ T Autoencoder 12 & % H ¥ E%ﬁb\ #%
Autoencoder Z#%i4 U, Stacked autoencoder % #5&E L
7z ¥7z, £=a -0 OHINITEELEI [ - Tk
oNnd. AR TIREMARESE LTy /e N

((s) = - (1)

—a—Orvtybk
MoiEs

(V. W, N J N PN PN
—— ]
NP No | B | O
N ‘ ’ NL' = gl '¥— B

Ns+r\ Nrip 5
L o2 | # fi
@ A’mxxi M _T_”R+5+T Nssren  Nrepsg

.K;l ' I-@ﬁ%ﬁ
Ql

EEHRZEET
) EXROEHMFR

Fig. 4: Structure of locally connected layer in our proposed

system.

EHWE, ZZTald, Hd=a—mrh, TheiEs
TWAERTZa—urPofEeex%ilkl, TOFE50H
A EREAEEDIETH 5.

£ Autoencoder &, FEZEL 7z Stacked Autoencoder M
EAMREUL, EEVERECL > TRYVIEUERINS.
ZIT, EAMREERTIESV, ?ﬁ“ﬁ@ﬁki >
TEbS. FEROFERITE - T, IR HEEZ K
OB ENTES, —FH, RARIZHSATE @%%6 z
T, RFHETIE, UFITERRBHIET, EMREOMED
BUBHIZ BT 278 REGIE U7z, £3, #IHME0.30 &
U, 8510 BED Z 2 IZRTOFEERIZ 0.90 MF b Z &

FEPELIZON, RAITNEI LD LI ITHELT-.
Z 2T, FME & HRER ISR R E L CHE L7z

3. =R

REFIEOAMMEEBALT 2720, HED 2 IRTTA v
YaETN (Fig2 ) 2HWT, TOLEBEHTET S
EBAEITo. ZOETFLOKAE XIEIE 29[mm] - & X
59[mm| TH Y, Bift Lo 42 8, PRI H B Hix 60
#2575, DNN ORETHWS¥E T — X%, #kic
IR LIz EDERAR—2THY, TONRR—IF
JEfE FEM Tk 5. 22T, FEM 2#F73 572012
i, R L0, SEET AR RINENH D, 5

[\l 5 1 % EEHis (Fig.2 £MOHm) L U7z, F£7z, [E
RSN D 37 HOBEREiR (Fig.2 £ DHER) &4
DIEFARERE U, SAEMH AR 48 BN 12 52
T, BN R =V 2R LU, 1 DOER AR —21%, 19
WA DERERLTED, Lzhi>T, §F33,744 D%
BF—R%&MHi>T, {RHiMDO DNN 2EL . 87—

- 1618 —



Table 1: The maximum and the minimum value of

displacement and stress in the training data.

Table 2: Average error of all internal nodes between FEM

simulation values and estimated values by DNN.

25 [mm]  J6J [N/mm?]

ZAE [mm x 1072] 5 J1 [N/mm?]

J BOKf 7.2B+00  3.2BE405 oy TECRIED 44+ 238 1.9+ 1.9
B/ME  -1.2E+01  -3.9E+05 REFE 32+ 14 1.5+ 1.2
A 2.6E+00  1.5E+05 . PeERIED 36+ 2.5 1.5+ 21
FANTF—& e
B/ME -2.1E4+00  -2.5E+05 REFHE 28+ 1.2 1.1+ 0.99
Table 3: Structure of DNN for a node with 5 neighbor nodes.
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