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Bone cortex segmentation of CT images based on BP neural
network
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Implant, Department of Orthopaedics, Shanghai Ninth People’ s Hospital, Shanghai Jiaotong University School
of Medicine, Shanghai 200011, China)

Abstract; Objective To measure the bone mass, the shape of bones and the bone strength through segmenta-
tion of the bone cortex in CT images, and to calculate the corresponding parameters in histomorphometry. Meth-
ods CT images were first interpreted through the DCMTK to draw information of the corresponding images,
then the OpenCV are used for preprocessing on the basis of ROI (range of interest) , and the texture features of
the image were extracted as the input vector. Results of the manual segmentation were used as the mentor signal
to train BP neural network, which were then used for segmenting the bone cortex in a sequence of CT images.
Results of the segmentation were further processed and displayed. Results The segmentation efficiency of the
bone cortex in CT images through neural network met the needs of the practical application. The separation re-
sults showed an obvious shape of the bone cortex with easy distinguishing from the surrounding tissues, which
could satisfy the demand of the clinical diagnosis. Conclusions When the texture features of the bone cortex are
evident, this method can achieve a more satisfying segmentation effect with smooth contours, high segmentation
accuracy and strong adaptability. With less artificial intervention in the process of the image segmentation, this
method can be used for batch CT image segmentation of a complete set of the bone cortex. The inadequacy of
the method lies in relatively longer training time demanded for the neural network training.
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Fig.1 Bone cortex segmentation system framework based on BP
neural network
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Fig.2 Results of CT images (a) Without window adjustment, (b) With window adustment
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Fig.3 Gray histogram image of the bone cortex
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Fig.4 BP neural network structure

1.4.1 dgaA B EBRIIGHEAS M SR

GREARC T T EER K ROI X 15, &%
X R B R R SRR R, &35 — e ab 3
J& , BIVAT AT P 28 P 2 FEAR R A i) B, TR g
FIA SRR B R G A S 1, A& B I 4R
wH -1,

1.4.2 HHEX  SHHEMEHFTINGE, B Rk
4 SIGMOID , YRR E R — R EE NS,
WHRIREGS D, FAENE SR E T, IIGRs:
SRR SIS [ [ B i Y 2Rk Bt 22, T 4% 280
ENGFRE M R BAN TR LR . B,
BLAEPRAUE W 48 78 43 G I AT 42 T R & Yl gR ik
.

1.4.3 #AEX MEMKIIZERG, BXF ROI
XA BRFTHIN ORGSR G ERIKEENT
RETEBEMNGRAERKRRIBGEE; KT
BER BRI ANLGG P2 HTH W . K5
B KERRXBGERERERN 1, BT ERKX
BRERER -1 k¥ CT IREEGEE K —ERE
&, BV AT vE B b IR 51 B R

1.4.4 A#43 HHSBRTZRE, BEREZRD
ok —{HK %, dT RO X A fEA S 55 R EA
AHIE R R PR T S B BB T 2 B R 40
PR T TR, 8T IHRX SR K RA LS, LT
R Z B B REA B O AR 5, FH TR
BRI KSR AR IR K &R 7 I AR, BRI S
ZH5rE

2 HBRSH

AR A BP #2245 R R R4 &5 3
AEREZ B T 4% BT 345 ) U3 — AR HRFAE
SR, i A BV AE R BRI RLL 0/1 AT SR
P i JE AL R vk AT I 25 BP P48 I, 2 o AR B
E50.2, 38 H TR0 1, WK 1 fin, ELK
kiR, EREBVIGREUE 500 KEEH Z M
g TR ZAR AL K, B Gk Bz D 500, I
SRR SR N 3 414% 60 I 512 x 512 K/ BEE K
B SEEA W 3 4145 30 MREEE B, IEFI3RIK
#90% 7e A o

HIZ22 MBS AT, ] BP M2 W48 25118 B
oy EI B TE) PR RE B R—AT & BRI R o BHXA
FZHEE CT B&, o RIFTEFER RIZTES s,



I %,% ETBPHEN%N CT BGEEKEAE
WEI Jiao, et al. Bone cortex segmentation of CT images based on BP neural network 231

®1 BP NEXNEFRERIHITHEIHER
Tab.1 Results of classifying bone cortex using BP neural network

RS BPUIGUE WAERAER % WA RGIR %
1 485 88.50 89.56
2 492 98.39 90. 15
3 500 99.42 96. 67

®2 ETBP H&E&NZSEHFERE
Tab.2 Time cost for segmentation using BP neural network
REREME  M&YIZG  AHERY AFdER SRERR
HF /s HE/ s WRE/s  KFEIN/s  /NFEI/s
29.73 83.38 5.85 9.98 2.89
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Fig.5 Time cost for the neural network segmentation
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Fig.6 Results of the bone cortex segmentation
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