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Automatic 3D vertebrae CT image active contour
segmentation method based on weighted random
forest
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School of Automation, Harbin University of Science and Technology, Harbin, Heilongjiang 150080, China

Abstract: In order to solve the problems of sensitive initial contours and inaccurate segmentation caused by active
contour segmentation of CT images, this paper proposes an automatic 3D vertebral CT active contour segmentation
method combined weighted random forest called “WRF-AC”. This method proposes a weighted random forest algo-
rithm and an active contour energy function that includes edge energy. First, the weighted random forest is trained by
extracting 3D Haar-like feature values of the vertebra CT, and the 'vertebra center' obtained is used as the initial
contour of the segmentation. Then, the segmentation of the vertebra CT image is completed by solving the active
contour energy function minimum containing the edge energy. The experimental results show that this method can
segment the spine CT images more accurately and quickly on the same datasets to extract the vertebrae.
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Table 1 Segmentation results of quantitative experiments
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CCR 0.66 0.78 0.85 0.938 0.955
Jaccard 0.63 0.75 0.80 0.930 0.952
Time cost 45 min per case 40 min per case 20 min per case 15 min per case 13 min per case
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Fig. 5 Analysis of experimental segmentation results

TJ5 B FIAE R AR B G R A0 7 FNid BE A o3
SEVUATRASSCHY S EI AR, 207 5T LAERG L5 H
PRI IERf > H AR, 7 HIEs Rt

4.4 ERXHENFHELERELE

R TAEF LR, KA A=A X B (T1~T6,
T7~T12 F1 L1~L5)Jf3H 5855I DC Fl ASD R4k, 4
SCHUAEAE CT 4805 TR RHE RN SR R AE B B R AT
F A EISCR, BARREOS tZs Rl 6 s, sk
RPN 2 7R, B TR E IR

TERZEFEUN, BRHEAR Y 22 5 2, (R 55
45 B B T R HE B B ZE 5. Mk R
B /NI RS FE B, B O R L4
PR IR T I o X5 PR S S B A 25 SR T
k>0, B 7 2 10 BHEFEFN 10 BIAEMEERHMEA T CT
Kl EIL5 ) DC R 50/ ASD 250, JGit DC &%
5 ASD ZREUNAT , fEER A 43 FI45 SR B AT RO
MIHEE /- HEIZ5 0 . DC REK, 7812511 ASD &
oA, 2Rk

200002-7



Y6 THE  https://doi.org/10.12086/0ee.2020.200002

—e— Health case 1
Health case 2
—o— Health case 3
—e— Health case 4
—o— Health case 5
—@— Health case 6
~o— Health case 7
—e— Health case 8
0.90 T T T Health case 9
T1~-T6 T7~T12 L1~L5 —o— Health case 10
Dice coefficent (unhealth) —#- Unhealth case 1
(b) Unhealth case 2
-e— Unhealth case 3
0.901 —e— Unhealth case 4
—e- Unhealth case 5
—-@- Unhealth case 6
~o- Unhealth case 7
—e— Unhealth case 8

T T T Unhealth case 9
T1-T6 T7-T12 L1~L5  |-e- Unhealth case 10

Vertebra group

@) 1.00 Dice coefficent (health)

0.95 -

DC

DC

0.80+

B 6 DC#f= ASD it R
Fig. 6 DC and ASD statistical results

A2 pEEREIMARAT
Table 2 Segmentation results of each evaluation index

DC ASD CCR Jaccard
HHRK B Health  Unhealth Health Unhealth Health  Unhealth Health Unhealth
case case case case case case case case
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T7-T12 0.953 0.917 0.452 0.832 0.954 0.915 0.949 0.902
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All 0.955 0.925 0.353 0.405 0.954 0.921 0.953 0.927
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Fig. 7 DC coefficients and ASD coefficients of 20 cases
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Fig. 8 Segmentation results of the proposed method
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Table 3 Comparisons of DC coefficients for segmentation results
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1129 E 3l Multi-atlas 0.93 12 min/case
21281 T3 Mean shape 0.93 45 min/case
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412 [R5 CNN 0.947 27 sipiece
AITTE Azl WRF-FEAC 0.951 13 min/case
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Fig. 9 Comparisons of the segmentation effect between the proposed method and other methods
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Random forest center point positioning. (a) 3D distance map; (b) Regression points obtained by regression forest

Overview: Medical image segmentation has been widely used in medical image diagnosis technology and has become
one of the indispensable means of clinical treatment. The use of computer processing to analyze spine CT images in
modern medicine has become an important research direction, and has very important clinical application values. Due
to the complicated structure of the vertebral body and the small difference, it is difficult for people to accurately extract
the vertebral body of interest. In previous studies, we tried to manually set the initial contour directly to construct an
interactive semi-automatic segmentation scheme. However, due to a large number of vertebrae in the human spine and
the similar shape of the vertebrae, the manual setting of initial contour points requires a certain medical foundation and
consumes much time. In order to solve the problems of sensitive initial contours and inaccurate segmentation caused by
active contour segmentation of CT images, this paper proposes an automatic 3D vertebral CT active contour segmenta-
tion method combined weighted random forest called “WRF-AC”. This method proposes a weighted random forest
algorithm and an active contour energy function that includes edge energy. First, the weighted random forest is trained
by extracting 3D Haar-like feature values of the vertebra CT, and the ‘vertebra center’ obtained is used as the initial
contour of the segmentation. Then, the segmentation of the vertebra CT image is completed by solving the active con-
tour energy function minimum containing the edge energy. The experimental results show that this method can seg-
ment the spine CT images more accurately and quickly on the same datasets to extract the vertebrae. Experimental re-
sults show that the average segmentation accuracy of the active contour segmentation method of 3D vertebra CT image
fusion weighted random forest proposed in this paper can reach more than 92%. This method has certain advantages: it
can automatically locate the center of the vertebrae and accurately segment the vertebral area; it is easy to obtain CT
images of the spine, using the segmentation model proposed in this paper to segment the vertebral area, and combining
the subsequent 3D reconstruction and 3D printing can easily help clinical applications and treatment. Due to the diffi-
culty in collecting CT data of vertebrae, it is necessary to add more segmentation data for model training in the subse-
quent research to improve the segmentation accuracy of the segmentation model and achieve multi-level segmentation
of the spine.
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