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Segmentation of Ground Glass Opacity Pulmonary Nodules With Sparse
Representation and Random Walk

LI Xiang-Xia! LI Bin* TIAN Lian-Fang' ZHANG Li' ZHU Wen-Bo?

Abstract Pulmonary nodules are the radiographic manifestation of lung cancer in early stages. Ground glass opacity
(GGO) pulmonary nodules are considered to be one of the most likely nodules of malignancy. To address the low accuracy
segmentation problem caused by blurred boundaries, different sizes, irregular shapes and inhomogeneous intensities of
GGO nodules, a segmentation algorithm with the sparse representation and random walk model is proposed. Firstly, the
geodesic distance and local search strategy are introduced to automatically select seeds. Secondly, 8-neighbor and sparse
representation K-nearest neighbor algorithm are combined to build a new graph which avoids the interference of image
noise. To construct a new weighted matrix, intensity, texture, spatial distance and sparse coefficients are incorporated.
Finally, a label constraint term is added to the energy function of random walker. The proposed algorithm can obtain a

high accuracy and strong robustness.
Key words GGO pulmonary nodules, nodule segmentation, random walk algorithm, sparse representation, weighted
matrix
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Fig.1 The flowchart of the SRRW algorithm
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Fig.7 GGO nodule segmentation of SRRW algorithm

using different nodule seeds
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Fig.8 Segmentation results of GGO nodule by using
RW. RWR. SubRW and SRRW
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Fig.9 Segmentation results of the SRRW algorithm
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Fig.10 Segmentation of the proposed SRRW algorithm

in a CT image sequence with a GGO nodule
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Table 1  Comparison results of Overlap values among

SRRW. RW and SubRW algorithms

CT Efg SRRW Hi RW & SubRW &k
LIDC-000498 0.9145 0.8534 0.8942
LIDC-000058 0.9324 0.9164 0.9632
LIDC-000125 0.8652 0.8432 0.8223
LIDC-000043 0.8942 0.9473 0.9024
LIDC-000074 0.9724 0.9636 0.9475
LIDC-000119 0.8148 0.7647 0.8086
LIDC-000063 0.9025 0.8437 0.8946
LIDC-000054 0.9438 0.9421 0.9676
LIDC-000106 0.8142 0.7642 0.8247
LIDC-000116 0.9798 0.9075 0.9248

Mean 0.9034 0.8746 0.8950
Std. 0.0583 0.0725 0.0590

F 2 ARTCRYRRT R SRS B AT I ]

Table 2 Execution times of seed selection strategy

Kol PATHII (s) il AT (s)
1 0.2554 6 0.2054
2 0.2087 7 0.2081
3 0.2122 8 0.2225
4 0.2069 9 0.2041
5 0.2067 10 0.2060
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2500 SR T TS 2 IR I8 07 14 ETE R £ /]
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Sl R T YGRS X KR A R, IR
Overlap FEII{E 4 0.66, A T Kuhnigk S84 &
I B R LA R B, Messay 45159
T A M A, R T B R A EITERE.
FYEDAGI Overlap ~FIIMEN 0.77. SRT, FHER
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BN TARAEE R, R FPE m  EIRS L B Y. A5
FEh ) SRRW SFA 3R HL Overlap B4 0.91, 53] 1
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R GGO filigh 543 F1 B A 850k

3 ARG HIBIEN Overlap {HIPXT LG
Table 3

pulmonary nodule segmentation algorithms

Comparisons of Overlap values among different

ag IR Overlap
Kostis[®8] 0.57 +0.20
Okada, %1371 0.45+0.21
Kuhnigk %(®] 0.56 £ 0.18
Kubota 217! 0.66 +0.18
Messay %391 0.77 £ 0.09
AR SRRW 3k 0.91 4 0.04

6 it
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