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Automatic liver segmentation for abdominal computed tomography sequence images based on

extreme learning machine

CHEN Jin-jin, ZHAO Yu-qian, ZOU Run-min

School of Geosciences and Info-physics, Central South University, Changsha 410083, China

Abstract: Objective To solve the difficulty of liver segmentation for abdominal computed tomography (CT) sequence images
caused by low contrast of adjacent organs and different liver shapes by proposing an automatic liver segmentation for
abdominal CT sequence images based on extreme learning machine (ELM). Methods The threshold value method and
morphological operation were firstly applied to remove muscle, fat, ribs and spine in the preprocessing stage. And then, the
mean value, standard deviation and distance transform of the preprocessed image were calculated to extract the effective
training features. Finally, these three features processed by normalization were applied as the input layer of ELM, and the
segmentation results were obtained by learning. Results Liver segmentation was carried on nine abdominal CT sequence

images. And compared with the other three methods, the proposed method had obvious advantages. Conclusion The proposed

method can segment livers in abdominal CT sequence images accurately and effectively.
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Fig.1 Flowchart of proposed algorithm

Note: ELM: Extreme learning machine
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Fig.4 Extracting features by distance transform

Ab 3 A PR 2 S AL AT RRAE DN R 9T R A S 8
I 22 215 B SBT3 2SI, 5w a1 43 28
G50 RO R TR LR AT

Step 1: BEHUHAE CT @41 2 i sk U0 e 19 3 4 4¢
k) A T —f b B

Step 2 i 2 FR 2% 2T ML TG BRAR g (x) FITRGER
EMATCANEN | FAT B L4 5 i AR w, FIBUR)Z
R w2z b,

Step 3: W55 1 5K U1 - I — 1L 5 P RRAE [0 S AN
AL T 8 X 4% 1 A A2 TR A sk U) R BR
ORIl St S (S p sy IS 2 ]| E7

Step 4 I FH I R85 5 8 )2 i 56 14 H L
Tt i ASUEE () fe /N 3R ik O B/ NYB B B IR AF S L
DM R o A e (i

Step 5: fi th oIS A5 AL, 45 HI 7 2 T IO IX 35 7
SR L AR 0, A 2 43R 25 R n) —(HEEOT 5
SRR R T 5 ia AR B IR 145 R

Step 6: EWCF i + 1 5KalH 5 i - 15k BUR 1YY
ERWREZEREAE L SR B AR AR IEE T — 1. 2R,
RS R A A ARt R R
TR, TR R A s B, 79310 2%
45 R FIEUGHR IR R ik A, HEIE e
FBCTIFHINI ], o BIAS R 5 .

3 RWERS D

R T PR ARSI CT P51 B 10 4 B fE
AR SO IR R T8 — B2 e T B AR 9 N JE R R 1.5 mm
(IS FR CT 751 EUR AT 52 50, IR o 145 R 5 iR 2
S ) A4 A SCHRUYRN SCHRSS 21 1 53 0 25 R kAT
FEA o ARSCRHIANE 30 HEfgdatnt.

(1)izf7HJE] (Runtime ) ;

TR F AU R 5K B DL A 25 S5 3 L

CHINESE JOURNAL OF MEDICAL PHYSICS, Vol.32, No.5, August. 2015



Wi, 45, JETRER= I HLRRE A CT iP5 ST [ 373

-615-

5 BRFINEMI N EIER
Fig.5 Partly segmentation result of ELM
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Fig.6 Comparing segmentation results of proposed method and BP algorithm for 9 abdominal CT sequence images

Note: BP: Back propagation; CT: Computed tomography; VOE: Volume overlapping error; RVD: Relative volume difference
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a: Manual segmentation

b: Proposed method
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Fig.7 Comparison of segmentation results among four methods
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Tab.1 Comparison of VOE and RVD of these four methods for 9 abdominal CT sequences

VOE (%) RVD (%)
Method
Max Min Mean Std Max Min Mean Std
Proposed method 9.93 6.43 8.39 1.39 9.63 2.73 6.12 2.41
BP 9.43 5.79 8.00 1.28 8.26 0.20 4.67 3.44
Thresholding 11.98 5.92 9.36 2.40 2.37 -8.41 -1.32 3.75
K-means 17.93 7.19 10.10 3.62 4.30 -9.74 -1.95 4.54
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