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ABSTRACT
This article presents a segmentation approach based on ran-

dom walk (RW) method to delineate tumors having inhomo-

geneous activity distributions of 18FDG on Positron Emis-

sion Tomography (PET) images. Based on the original al-

gorithm of RW [1], we propose an improved approach us-

ing an adaptive parameter instead of a fixed one and inte-

grating probability densities of label into the system of lin-

ear equations used in the RW. The proposed segmentation

method initializes automatically seeds in tumor voxels using

Fuzzy-C Means (FCM), and then delineates the tumor vol-

ume using the improved RW. The performances of the algo-

rithm were assessed on PET images of a physical phantom,

covering a range of hot spheres simulating tumor lesions of

volume [0.99 - 97.3 mL] and contrast [2 - 7.7] for a voxel

size of 4.1×4.1×2.0 mm3. A comparison study with a fixed

threshold value of 40 % [2] and an adaptative thresholding al-

gorithm [3] have been carried out. Results show that the pro-

posed method is more effective than the other methodologies

for spherical volume measurement. The good performances

of the improved RW method have been also confirmed on data

of three patients having heterogeneous 18FDG uptakes.

Index Terms— Segmentation, random walk, 3D images,

FCM, PET, tumor, uptake heterogeneity.

1. INTRODUCTION

For the definition of the target volume in radiotherapy,
18FDG Positron Emission Tomography provides an addi-

tional metabolic information to anatomical images using

computed tomography (CT). It provides a good detection

and discrimination of tumoral tissues [4]. Numerous semi-

automatic methods have been proposed to delineate FDG

positive tissue, but it is still a problem to obtain an accu-

rate tumor definition because of low quality of PET images

due to low spatial resolution, noise, partial volume effect,

some complex shapes of lesions and nonhomogenous uptake

of FDG. Most current methods are based on thresholding,

such as the used of a fixed threshold (40% to 50 % of the

maximum value in the lesion) [2] and adaptive thresholding

algorithms [3]. These methods, using only intensity, do not

integrate spatial context of voxels. Adaptive thresholding

methods require a calibration step on phantom, depending on

acquisition parameters. A recent interesting adaptive local

approach (3-FLAB) using a fuzzy concept was proposed to

deal with heterogeneous uptake [5]. However it takes only

intensity information. In the presence of necrotic area within

the tumor, this method could not delineate correctly the whole

tumor area.

We propose a PET segmentation method based on the

random walk (RW) using a small set of pre-labeled voxels

(seeds). Then, the other voxels are assigned to the label of

the seed point that a random walker, starting from that voxel,

would be most likely to be reached first. Thanks to the mathe-

matical formulation of the probability of a walker in a neigh-

borhood very close and the positions of the seed, the walker

can go to object boundaries under some conditions. It pro-

vides a tool dealing with heterogeneous uptake on PET im-

ages. However, this method has some limitations, such as

dependence to the choice of the free parameter, β, as well as

the probability that a random walker going to a label, depend-

ing only on the gradient of intensity. Several papers [6, 7, 8]

tried to improve its robustness but they do not deal with the

dependance of β. To solve these problems, we propose an

improved approach to make the parameter β adaptive and to

integrate the probability of each label in the system of linear

equations used in the RW.

The paper is organized as follow: Section 2 introduces

review of the RW method. Section 3 presents our PET tumor

segmentation method. Validation on phantom and patient’s

data is detailed in section 4. The discussion and conclusion

are reported in section 5.

2. REVIEW OF THE RW METHOD

This algorithm, proposed by Grady et al [1], requires a small

number of labeled voxels as an initial step. The segmentation

is obtained by assigning each voxel a label, corresponding to
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the greatest probability of a random walker, starting from this

voxel to reach the label. In this approach, image is considered

as a purely discrete object. So a graph, with a fixed number

of nodes and edges, are created. The graph consists of a pair

G = (V,E) with nodes v ∈ V and edges e ∈ E. An edge, e,

spanning two nodes, vi and vj , is denoted by eij . The weight

necessary for the walker’s moving on this graph according to

a connectivity follows the empirical function ωij , such as:

ωij = exp[−β(gi − gj)
2] (1)

where both gi and gj are the image intensity values at voxels i
and j. β represents the free parameter depending on the user.

The probability that a random walker starting at a given

unlabeled voxel will first reach a voxel of a particular label is

computed, based on solving the so-called Dirichlet problem

[1] with the boundary conditions given by seeds location.

A Dirichlet integral may be defined as:

D[U ] = 1

2

∫
Ω

|∇U|2 dΩ (2)

for a field U and a region Ω. The solution is given by a har-

monic function that satisfies the Laplace equation :

∇2U = 0 (3)

The Laplacian matrix can be defined as:

Lij =

⎧⎪⎨
⎪⎩
pi if i = j,

−ωij if vi and vj are adjacent nodes,

0 otherwise

(4)

with pi =
∑

ωij for each node v.

The Laplacian matrix is a sparse matrix. It can be built

according to 4 or 8 connectivity for 2D images, and 6 or 26

connectivity for 3D images. It is partitioned into four sub

matrices : [
LM B
BT LU

]
(5)

in which, the subscripts M and U stand for marked, (labeled),

and unmarked, (unlabeled), voxels. The Laplacian matrix de-

fines a system of linear equations, which may be used to solve

the following system (solving the Dirichlet problem) :

LUχ = −BTM (6)

LU : Edge weights for the unlabeled voxels (nU · nU );

M : Binary matrix of values 0 or 1 of size nM · l (where

l is the number of labels and nM the number of seeds),

corresponding to the boundary conditions of seeds;

BT : Edge weights corresponding to the unlabeled and

labeled voxels (nU · nM );

χ: the probability for each voxel being a member of the

labels (nU · l).
Using the probability, obtained by solving the system of linear

equations 6, each voxel in the image is then assigned to its

corresponding label for which it has the highest probability.

3. TUMOR SEGMENTATION METHOD

Our 3D tumor segmentation method is carried out in a region

of interest (ROI). It can be separated in two steps. The first

one corresponds to the definition of seeds (tumor and non tu-

mor). The second one performs the proposed RW to delineate

tumor in 3D.

3.1. Initialization of RW

To fastly solve the system of linear equations, a ROI including

the tumor is defined on CT images of the patient. To initialize

the method of RW, we firstly define seeds automatically. All

the voxels of the outline of the ROI are considered as seeds

of healthy tissues (background). The tumor seeds are defined

automatically by the fuzzy C-means method [9]. Because of

the heterogeneity of the grayscale in tumor, the voxels of the

image are classified in 3 classes: background (C1), moder-

ate FDG uptake (C2) and high uptake (C3). The voxels of

grayscale upper to middle of the centroid of C2 and C3 are

defined as tumor seeds.

3.2. The improved RW method

To build the Laplacian matrix, we use 26 connectivity for

the adjacency graph as shown in Figure 1. In 3D connectiv-

ity, there are 5 differents distances between adjacents nodes

(d1 < d2 < d3 < d4 < d5).

Fig. 1. Lattice neighborhood in 3D showing 5 differents dis-

tances when using 26 connectivity.

To overcome the character operator dependent of the free

parameter β in equation 1, we propose to use the distance be-

tween adjacent nodes. Thus, the weight function in equation

1 becomes:

ωij = exp[−(gi − gj)
2/(hi − hj)

2] (7)

where the added d = |hi − hj | represents the euclidean dis-

tance between adjacent voxels i and j. The weight function

depending now not only on the intensity of grayscale, but

also on the euclidean distance between adjacent voxels. It in-

creases the weight of transition between two adjacent voxels

similar in intensity but far in distance, maximizing the proba-

bility of the walker going to a seed.
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After the automatic determination of seeds and modeling

of their probability density as a Gaussian, each seed is associ-

ated to a function of probability density of label j, as follows:

ρj(I, μj , σj) = 1/[
√
2π · σj ] · exp[−(I − μj)

2/2σ2
j ] (8)

The submatrix BT is then modified according to :

B′
ij = ρj ·BT

ij (9)

Thus, the connection between unlabelled voxels and seeds

with high probability density ρj are strengthened. This al-

lows to better classify unlabelled voxels. The system of linear

equations becomes as follows :

LUχ = −B′M (10)

4. VALIDATION

Our method has been carried out both on phantom and pa-

tients PET images. PET acquisition and image reconstruction

were obtained on a Biograph Sensation 16 Hi-Rez PET scan-

ner (Siemens Medical Solution, Knoxville, TN, USA) follow-

ing the same clinical protocol. PET emission data were ac-

quired in 3-dimensional mode with a 162 mm axial Field Of

View (FOV). The acquisition was performed using emission

scan of 3 min per bed position. Images were corrected for

dead-time, random, scatter and attenuation, and reconstructed

with AWOSEM (4 iterations and 8 subsets) in a 168×168 ma-

trix (voxel size of 4.1×4.1×2.0 mm3). A Gaussian post fil-

tering was applied (FWHM = 5 mm). The spatial resolution

was 4.4 mm in transverse plane at the center of FOV.

4.1. Phantom studies

The phantom was a cylindrical object (Data Spectrum Cor-

poration, Hillsborough, NC, USA) containing 8 spheres of

volume ranging from 0.99 to 97.3 mL. The 18FDG has been

included in the spheres and in the background of the cylinder

according to radioactive concentrations used in clinical rou-

tine (Fig. 2). Data were acquired under 5 different contrasts

between the spheres and background, ranging from 2 to 7.7

(2, 3.4, 4.9, 6.3 and 7.7).

Fig. 2. Cylindrical phantom with different sizes.

(a) (b)

Fig. 3. Comparison of 2 differents methods from the average

values of relative errors on small spheres (a) and large spheres

(b) of cylindrical phantom.

4.1.1. Comparison with the original RW method

For evaluation, both the proposed and original methods were

tested on the phantom. To avoid a methodological bias, the

same initialisation step was used both for the RW(β) and our

method. The original method of RW was performed using 5

β-values, ranging from 0.5 to 3. This range was chosen after

a preliminary study on PET images. The relative errors on

volume measurement (in %) were calculated. The results pre-

sented on figure 3 correspond to average errors on the small

spheres (V r ≤ 3.78 mL) and large spheres (V r ≥ 11.6 mL)

for both methods. This figure shows that the relative error in-

creases when β-value is inferior to 1 and superior to 2. The

original algorithm is close to our method when β=1 for small

spheres and when β=2 for large spheres. It is very sensitive to

the choice of β-value, whereas our method is stable and more

efficient.

4.1.2. Comparison with other methods

A comparison was performed between our method, a recent

adaptive thresholding method [3] (TAD) and the use of a fixed

threshold value corresponding to 40 % (T40%) of the maxi-

mum value in the lesion. These two methods were chosen

because the recent adaptive thresholding method presents bet-

ter results than other methods in [3] and thresholding fixed to

40% is usually used in clinical routine. The results in table 1

show that our method gives better performances than others

whatever the size of the sphere. It can be also observed that

all methods make high errors in small spheres due to partial

volume effect.

Method Err(%) Err(%)

small large

spheres spheres

T40% 58.0±18.5 27.3±2.8

TAD 31.7±18.2 12.8±2.6

Our method 30.9±3.8 10.8±6.4

Table 1. Comparison of 3 methods measurement of volume

by the mean error and standard deviation for small spheres

(V r ≤ 3.78 mL) and large spheres (V r ≥ 11.6 mL).
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Patient 1 Patient 2 Patient 3

Fig. 4. PET images showing 3 patients with lung cancer.

T40% TAD Our method Expert

Fig. 5. Segmentation results (green contour) on patient 1, 2

and 3 on lines 2 to 4 respectively: columns 1 to 4 show the

segmentation obtained by each method.

4.2. Patient studies

The performance of the 3 methods (our method, TAD and

T40%) were also evaluated on PET images of 3 patients with

lung cancer (Fig.4). The results are shown in Figure 5. The

3 tumoral volumes (TV) manually delineate by expert were

30.7 mL, 49.3 mL and 159.6 mL. Our method gives results

(in %) close to the expert (2.5, 3.0 and 7.3), whereas T40%

(-20.6, -49.1 and -63.5) and TAD (-23.4, -53.1 and -60.3)

underestimate TV. Both methods (TAD and T40%) do not

provide a satisfactory segmentation because of heterogeneous

uptake in lesions mainly in area when the tumor is necrotic.

When the heterogeneity is significant, these two methods lead

to undervaluation of TV because they tend to extract only the

high uptake region (e.g., Fig. 5, Patients 2 and 3). Our method

is able to segment the whole lesion including necrosis.

5. DISCUSSION AND CONCLUSION

The choice of β influences the weight of walker. Indeed, a

high β-value reduces the weight, which weakens the connec-

tion between the adjacent voxels and underestimates the TV.

Conversely a low β-value increases the weight, which over-

estimates the volume. On phantom data our improvement

gives better results than the original method while avoiding

the choice of β.

For functional volume delineation, segmentation methods

in clinical practice are usually based on a fixed or adaptive

thresholding. These algorithms have shown an acceptable de-

lineation under specific conditions such as cylindrical phan-

tom case and when the activity distribution is homogeneous.

In clinical practice the lesions have often complex shapes and

nonhomogeneous uptake. In these cases, these methods fail

by undervaluation of the lesion. Our method which takes

into account these problems allowing to obtain a better delin-

eation could be greatly beneficial for radiotherapy treatement.

Our study was performed only on a small sample of patients

and these results need to be confirmed in a larger group of

patients.
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