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Abstract

Segmentation is one of the crucial steps in applications of medical diagnosis. The accurate image segmentation method plays an im-
portant role in proper detection of disease, staging, diagnosis, radiotherapy treatment planning and monitoring. In the advances of image
segmentation techniques, joint segmentation of PET-CT images has increasingly received much attention in the field of both clinic and
image processing. PET - CT images have become a standard method for tumor delineation and cancer assessment. Due to low spatial
resolution in PET and low contrast in CT images, automated segmentation of tumor in PET - CT images is a well-known puzzle task.
This paper attempted to describe and review four innovative methods used in the joint segmentation of functional and anatomical PET -
CT images for tumor delineation. For the basic knowledge, the state of the art image segmentation methods were briefly reviewed and
fundamental of PET and CT images were briefly explained. Further, the specific characteristics and limitations of four joint segmentation

methods were critically discussed.
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1. Introduction

Segmentation is one of the crucial steps in applications of semi-
automated or automated tumor diagnosis [70], [71]. The accurate
image segmentation method plays an important role in proper
disease detection, staging, assessment of disease target volumes,
diagnosis, radiotherapy treatment planning, monitoring and fol-
low-ups [34]. Previously, image segmentation approaches were
done for a single imaging modality in an example: PET image or
CT image alone [4].

Positron Emission Tomography (PET) images have high contrast
to non-tumor tissues and therefore make them easily distinguish
the malicious area from the normal tissue, however, they are suf-
fered by low spatial resolution and result in poor of target bounda-
ry definition of the malicious area [13]. Computed Tomography
(CT) images have high spatial resolution that can provide detail
information of the human anatomy, however, they are suffered by
low contrast from surrounding normal structures and lacking met-
abolic information which further make them difficult to differenti-
ate between malicious area and normal tissue [34], [75], [7], [47]-

Human body, which has complex anatomy cannot be captured
accurately in single imaging modality [40]. Combination of two or
more imaging modalities can result in higher sensitivity and speci-
ficity compared to that component modality alone [40]. In an ex-
ample, when we use a CT image to segment a lesion which previ-
ously has been measured on PET image quantitatively, it can pro-
vide more precise texture features in PET-CT images as shown in
Fig. 1 [6], [40]. Fig. 1 present the greater contrast of PET image
(a), greater spatial resolution of CT image (b), and combination of
PET and CT images (c). Due to this reason, integrating between
two or more modalities have been widely used now in clinical

radiotherapy applications for affective assessment of target vol-
umes in tumor treatment. Therefore, in the advances of image
segmentation techniques, joint segmentation of anatomic and
functional PET-CT images has increasingly received much atten-
tion in the field of both clinic and image processing [47]. Fig. 2
shows an example segmentation that incorporate information from
PET and CT images where (a) illustrate the individual segmenta-
tion from PET image, (b) illustrate the individual segmentation
from CT image, while (c) represent the resulting joint segmenta-
tion.

It is obviously shown that the growing interest in integration of
PET and CT images has accelerated the methods for segmentation
[34]. This paper attempts to describe and reviews four innovative
joint segmentation methods of anatomic and functional PET-CT
images that are recently used to detect tumor/cancer boundary for
achieving accurately region delineations. In supporting the com-
pletion of the review, the necessary knowledge about the funda-
mental principles of PET and CT imaging are given in section 2
while the briefly reviews of state of the art segmentation methods
for PET or CT images before developing of joint segmentation
methods are represented in section 3. Four innovative joint seg-
mentation methods of anatomical and functional PET-CT images
which consist of multivalued level set technique, markov random
field (MRF) based technique, random walk co-segmentation tech-
nique and combination of low process and active contour tech-
nique are further described in section 4 to 8. Finally, the special
characteristics and limitations of those joint segmentation methods
are discussed in section 9 which followed by conclusion in section
10.

Copyright © 2018 Authors. This is an open access article distributed under the Creative Commons Attribution License, which permits unrestricted
use, distribution, and reproduction in any medium, provided the original work is properly cited.
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(@) CT Image || (b) PET Image || (c)PET-CT Image

Fig. 1: (a) greater spatial resolution of CT images, (b) greater contrast of
PET images, and (c) fusion of PET-CT images.

(b) CT Segmentation

CT Images

(¢) Joint Segmentation

"

PET Images

(a) PET Segmentation

Fig. 2: (a) individual segmentation from PET image, (b) individual seg-
mentation from CT image, and (c) the resulting joint segmentation.

2. Fundamental of PET and CT Images

Computed Tomography (CT) is a structural imaging techniques
utilized in clinical practice to observe anatomical abnormalities in
human body due to existing of tumor/cancer diseases [34], [7]. CT
images give detailed structural information with high spatial reso-
lution about one's anatomy that can be used in purposes of diagno-
sis and treatment [34], [75]. However, CT images suffer from
spatial distortion, lack of physiological/metabolism information
and relatively poor soft tissue contrast resolution. It results diffi-
culty in distinguishing the lesion boundary from the normal tissues
since tumor intensity will be appeared to be similar to the sur-
rounding soft tissue areas [5]. Therefore, structural imaging of CT
is not suitable for pathology detection applications where cellular
activity is more significant than anatomical features [54] Previous
studies have showed that in CT images, there are a large observed
variability of tumor regions due to the similar intensity distribu-
tion of tumor with the nearby soft tissues [5], [2].

Regarding to this matter, clinical experts and researchers have
developed PET scanners. PET, a Positron Emission Tomography
is a non-invasive functional imaging technique which is possible
to distribute the biologically targeted radiotracers with high sensi-
tivity and provide detailed physiological information of tu-
mor/cancer diseases [34]. There is several techniques used to
measure the cellular metabolism in PET imaging such as SUV
(standardized uptake values), TBR (tumor to background ratio),

TLE (total lesion evaluation) and etc. [6], [10]. Among them, SUV
is the best choice method for quantification of lesions which is
relevant measurement of cellular metabolism [61][79][30][68].
PET images have high contrast and therefore makes them easy to
differentiate the malignant areas from the normal tissues and re-
duces the observed variability of tumor sites [31]. PET images are
usually used to assess infection of tumor/cancer by identifying the
discharged photons from a radiotracer contained to abnormal cells.
However, PET images have no good spatial resolution. It cause
the target boundary definition from PET imaging is poor and
fuzzy and further cannot be used satisfactorily in identifying, di-
agnosing, characterizing, and staging of the diseases since anatom-
ic boundaries based on structural images are also needed [6], [13].
Therefore, accurate delineation of tumor/cancer volume was going
to be difficult by using PET image alone.

Hence, the combination between functional image (PET image)
and anatomical image (CT image) is further required frequently in
order to identify functional abnormalities and differentiate them
from normal extraction of PET radiotracers [34], [60], [51], [50].
Combination of both images leads to a higher sensitivity and
specificity than is achievable using either modality alone [34], [48],
[31]. In an example, since PET image has no good spatial resolu-
tion and therefore cannot accurately indicate the size of lesion or
locate any critical anatomical structures that would alter the treat-
ment strategy, however, CT image can properly interpret, localize,
visualize and co-evaluate the radiotracer uptake of abnormal re-
gions [6]. In fact, it will be very difficult to differentiate normal
tissue from abnormal at CT imaging if the PET image is not pro-
vided [6].

The new standard in clinical practice is acquiring PET and CT
images instead of a single PET scan to take advantage of the func-
tional and structural information jointly [34]. By combining in-
formation of these different modalities which has complementary
nature can achieve better radiotherapy treatment planning. Several
previous studies have demonstrated that combination of PET and
CT images is superior in assessing tumor/cancer disease to reduce
variability in target definition [69] and produce a more consistent
tumor volumes [81], [35]. Therefore, PET-CT images have in-
creasingly received much attention in the field of both clinic and
image processing currently for the effective assessment of target
volumes in cancer treatment and has become a standard method of
imaging for tumor delineation and cancer assessment [47], [46],
[59], [80].

3. Briefly Review of
Methods

Image Segmentation

In a routine treatment planning procedure, image segmentation
methods are required to distinguish tumors to be treated from sur-
rounding normal tissues. Typically, the image segmentation was
done manually by the physician to perform the radiotracer uptake
regions of target delineation procedure. However, due to time
consumption and un-accurate tumor volume delineation from
manual segmentation, automated and semi-automated image seg-
mentation techniques are applied [40], [80]. The proper segmenta-
tion technique is required to estimate accurately the interest lesion
volume of tumor/cancer disease, therefore, many segmentation
algorithms has been brought in PET oncology from the Computer
Vision field recently [80], [58], [92].

In the clinical practice, the specific characteristics of PET images
which are high contrast, fuzzy boundaries of uptake regions and
low spatial resolution encouraged thresholding based SUVs tech-
niques to be used in PET image segmentation methods [5], [20],
[84]. Thresholding based techniques applied either fixed, adaptive,
iterative (ITM) or optimal choice thresholds based on expert inter-
face or phantom simulations [34], [6].

In a fixed based threshold, the SUV’s value of 2.5 which is equal
to 36 — 40% of the total SUV from predefined region was used in
clinical to delineate abnormal area from the background drawn
manually [6], [67], [62]. In an adaptive based threshold, realistic
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phantoms were built by examining class uncertainties in order to
provide more optimal thresholding level [66], [56], [21], [17],
[73]. For iterative based threshold, iterative thresholding based on
scanner hardware properties was applied [25], [83], [45] while for
optimal choice based threshold, the local approached was integrat-
ing into the threshold selection process [10], [16], [19], [49] to get
optimal thresholding levels. It has been shown in various studies
[32] that the optimal levels of threshold was the most important in
thresholding based methods while the deficiency of optimal
threshold levels averts the accuracy of lesion delineations from the
background [6]. However, thresholding techniques were generally
restricted to delineate a lessons with dimension larger than 4 mL.
When the thresholding based techniques were used to segment
PET images in lung cancer, it resulted a variation range of
15%—50% in selected threshold value when compared to a CT
benchmark [12]. It was also found that thresholding based tech-
niques cannot address uptake heterogeneity, partial volume effect,
and tissue inflammation which can strongly influence interpreta-
tion of PET images, thus these techniques cannot delineate the
tumor volume accurately [12], [74], [55]. More details about seg-
mentation methods based on thresholding approaches for PET
images can be found in [34], [6], [91], [74], [14], [68].

Similar to the thresholding approaches, the stochastic and learn-
ing-based approaches such as Fuzzy-C-Means (FCM) [90], [11],
Fuzzy Locally Adaptive Bayesian (FLAB) [38], clustering [88]
and mixture [1] techniques are extensively used in PET image
segmentation [6]. It is because the fuzzy nature of lesion boundary
such as circular uptake regions is well presented in these ap-
proaches [6]. In an example, FLAB which was based on a Bayesi-
an statistical model used a finite number of fuzzy levels to label
voxels within a Region of Interest (ROI) [6]. However, although
stochastic and learning-based approaches can well segment the
circular uptake regions and fuzzy lesion boundary by precisely
defining the ROI, the accuracy of delineation algorithms of these
approaches are restricted to only large lesions with simple shape
while the complex shapes of lesions are not easy to be delineated
[6]. Besides, a significant problem that arose for these approaches
were the lack of a continuous boundary or a spatial neighborhood
concept [11], [79]. Specifically in FLAB technique, in order to
provide acceptable statistical assessment of voxel labels, the tech-
nique requires a significant number of background and foreground
voxels within ROl drawn manually [6]. Therefore, the accuracy
and capability of these methods in delineating for complex lesion
shape are suspected to be more difficult [6].

Apart of the techniques described above, region growing approach
[22], gradient based approach [25], [36], level set and active con-
tours approach [44], [52], [48], [26], and graph based approaches
[8], [88] are also actively used in clinical applications [6]. In re-
gion growing approach [22], [52], the segmented region was as-
sumed to be sufficiently homogeneous, therefore, the results of the
segmentation become not accurate and often error for heterogene-
ous structures. In gradient and contour based approaches, the
smooth region with reliable boundary’s information was required
[6], [36], [48], [26]. Since PET scans produce noisy and not good
spatial resolution images, pre-processing techniques are required
to be applied in order to reduce noise effects [6]. Based on this,
graph based segmentation methods have been proposed in [6], [8],
[88] to reduce the difficulty in segmenting complex boundaries on
low contrast images and further it has attracted much attention
during the last few years in image segmentation due to their good
performance [47].

Bagci et al. [8] have demonstrated that a graph based segmenta-
tion method using random walk algorithm has effectively seg-
mented lung tumor on PET images [8]. Apart of that, Cherry et al.
which have combined the conventional graph cut energy with a
novel monotonic downhill function, has showed that the technique
has effectively extracted heart and liver [9]. In most of these ap-
proaches, foreground seeds, background seeds and ROI are very
important to be defined by the user in order to begin and limit the
segmentation bounds [6]. Further, active contour and graph based
segmentation methods have been superior and promising on PET

image segmentation. However, although these advanced image
segmentation methods have provided better accuracy compared to
thresholding methods, they still have many limitation and the use
of these approaches are still avoided from the routine clinical use
[6].

Overall, all approaches of image segmentation methods men-
tioned earlier are developed only on functional PET images with-
out concerning the integration of anatomical information (in ex-
ample CT image) into the segmentation process [6]. Recently, it is
highly required to have both functional and structural information
in clinical uses to provide more accurate of disease identifications
and delineations for potentially resulting in an earlier diagnosis
and more effective treatment plan [6]. Inline to the developments
of multi-modal scanners (in example PET-CT), there are recent
attempts in the literature to take the advantages of integrating ana-
tomical and functional information for separating the abnormal
regions (lesions) from normal structures [71], [34], [6], [7], [40],
[89], [47].

4. Join Segmentation Methods of Functional
and Anatomical PET - CT Imaging a Step
Before the Final Submission

Due to the information given in PET and CT images are different
but complementary, the combination of single modality of PET
and CT images provides great potentials to the fields of segmenta-
tion [40]. Based on the section 2 and section 3 above, the number
of developers have recommended that the integration of infor-
mation from both PET and CT images would provide more accu-
rate segmentation results compared to use of single modality alone
[74]. Because of this, there are many joint segmentation tech-
niques of functional and anatomical PET-CT imaging that have
been proposed recently as motivated in achieving more accurate
tumor volume detection/delineation from segmentation results and
improve the robustness of the segmentation process. In an exam-
ples, a handful of algorithms exist named as multivalued level set
(MVLS) [26], an algorithm of Markov Random Field formulated
on a graph [40], the variational Bayes inference technique [85],
voxel-by-voxel basis technique [86], random walk co-
segmentation [6],[7], PET and CT combination of Textural Fea-
tures technique [74], [89], Combination of Random Walk and
Graph Cut techniques [47] and combination of low level process
and active contour [70], [71].

In this paper, we attempt to expose and review four famous tech-
niques in joint segmentation methods of functional and anatomical
PET and CT images among all available techniques due to their
specific characteristics which consist of Multivalued Level Set
technique, Markov Random Field (MRF) Based technique, ran-
dom walk co-segmentation technique and combination between
low level process and active contour technique.

5. Multivalued Level Set Technique

5.1. Background

El Naga et al., [26] developed a joint segmentation technique of
PET and CT images based on the level set approach by applying
active contour techniques. The level set is a method which defines
sets of contour values and positions that evolve over time [28].
Level sets were initially developed in theory of curve evolution to
resolve the restrictions faced in parametric deformable models
[28]. These characteristics have allowed the level set techniques to
represent the state-of-the-art in shape recovery applications [3],
[64], [82].

Mathematically, if the deformable contour/surface at a time t > 0
is represented by C(c, t) = {x(c, t) , y(c, t), z(c, )}, s €[0,1]
then according to the curve evolution theory, its movement could
be represented by the following partial differential equation as
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shown in (1) [52]:

oC(c,t) v 1
— V (K) 1)

Contour = cross section at L=0
(i.e., {{xy.2) | @ (xp.2:f) = O})

Evolution in the

(@) (b)

Fig. 3: Deformable image segmentation by using the level set technique

Fig. 3 illustrates the principle of deformable image segmentation
by using the level set technique: a) representation of the level set
surface at time t of the evolving function and (b) a projected view
showing the evolution direction.

5.2. Multimodality Image Segmentation by the Level Set
Method (MVLYS)

The definition issues of spatial neighborhood faced in clustering
methods was inherently corrected in active contour methods [26].
However, in active contour methods, multi-modality imaging
generalization was based on redefining the concept of boundary as
a logical combination of multiple images [26]. For this reason,
MVLS approach was adapted which was originally developed to
handle multichannel color images [77], [18].

In the previous work, Naga et al., [27] used the level set method
for auto-segmentation of single image. They noticed that more
robust results were achieved when direct gradient based methods
for estimating image boundaries were replaced or combined with
methods that do not require noisy explicit image gradients. For
this, Naga et al., [27] applied edge-modeling (region-based) tech-
niques to improve robustness to noise. For generalization of the
level set, Naga et al., used (2) in segmentation of N multi-modality
images [23].

Inf, (L,1",I" )any length (L)
1 + +]? -
+Nzt;{i E[‘Ii -1 H(¢)dx+li

X[ |1, =17 @~ H(g)dx)

where 77 is a weighting factor for the contour length given by the

surface integral in 3D (or the line integral in 2D). H is the Heavi-
side function which is following:

@

1, x=0
0, otherwise

H(x) = { ®3)

(in the implementation, this is approximated by a smooth inverse
tangent function), I (I;7) corresponds to the pixel intensity means

inside (outside) of the contour, and ;ﬁ (x; ) are user-defined

parameter pairs providing relative “importance weights” based on
the user’s experiences, assigned for each of the imaging modalities

in contrast with the other modalities [26]. The last term corre-
sponds to the spring force and is thought to provide further bal-
ance by introducing more inside: outside contour contrast by ad-
justing Q;. Infjis the infimum of the set of possible contours (L)
solutions satisfying the functional. Infimum is the greatest lower
bound of a set. This is more accurate than using the minimum,
which does not necessarily exist in this case.

Potentially, numerous logical integrations of images could capture
the basic biophysical structure [23]. Naga et al., have applied a
soft-AND model where is the logical combination of the images
was determined by the assigned relative weights ( ¥ ) as shown

L

in (3) [23]. The weights were intended to reflect the ability in as-
signing images with lower contrast (i.e., CT) to be a similar com-
putational importance as images with greater contrast (MRI, PET)
based on the user’s experiences. Nevertheless, other factors may
also be important. Obviously, the selection of weights will pre-
sumably be based on experience and training gained using the
technique and better understanding of the conceptual mapping in

(4).
Biophysical structure = f(CT, PET,...; }) (4)

The MVLS algorithm started with an initial contour in the multi-
image domain. The curve was changes under the effect of the
internal forces (contour curvature and string force) and external
forces (image boundaries) until they reached equilibrium [26].
Default weighting (77) was applied to the contour curvature to

maintain acceptable elasticity (smoothness) of the contour and the
spring force was fixed for the different imaging modalities. How-
ever, it is noticed that the solution to the curve evolution (in (2))
does not necessarily guarantee that the evolving function ¢ (.) will
remain a valid distance function, which could potentially cause
serious numerical problems such as unbounded gradients. Hence,
they followed the approach of Aujol et al. in rebuilding the dis-
tance function such that the zero level was maintained at the cur-
rent solution for the evolving function ¢ (C, t.) as shown in (5).

%¢’ +Sign(#(C.1,)(Vel ~1) =0 ®)

where the PDE in (5) is initialized with the current level set solu-
tion at time t; [i.e., ¢(C,0) = ¢(C,t.)] and the solution ¢ (as t
tends to infinity) would yield the evolving function with corrected
distance function that will be used to reinitialize (2). Upwinding

finite difference schemes were used to approximate |V(0| , Where a

one-sided (back-ward or forward) finite difference is used in ac-
cordance with the sign of ¢ (C, t.). This reinitialization process is
repeated every 10 or 20 iterations.

6. Markov Random Field (MRF) based meth-
od

6.1. Background

Han et al., [40] have developed a formulation as a double labeling
of MRF on a graph for co-segmentation of PET — CT images pur-
poses [39]. The formula was named as MFR segmentation energy
which was applied to minimize the MRF total energy in PET and
CT imaging and solving the different results of segmentation be-
tween PET and CT images [39]. Here, a divergent random varia-
ble f, is announced for each voxel x as a input in PET and CT
images [39]. By denoting feer (which is respective to fct), the
variable sets is related to the voxels in the input PET (which is
respective to CT) image [39].
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In the phase of pre-processing, Han et al. applied algorithm of
image registration. It is applied in order to register PET image to
the CT image and make sure that there is same size between both
CT and PET images by assuming one to one correspondence be-
tween fperand fer[39]. They denoted the voxels x* in the CT im-
age corresponding the voxels x in the PET image. Each label f in
PET image (fper) and CT image (fcr) is taking a label value from
the label set £ = {0, 1} representing that the voxels are in back-
ground with f = 0 and in the foreground with f = 1 [39]. Then,
every possible task of the random variables in fpgr (which is re-
Spective tofyr) delineate the tumor region in the PET (which is
respective to CT) image [39]. Han et al., applied the method of
Boykov and Funka-Lea's graph cuts to optimally calculate the
tumor segmentation in PT image or CT image which is done sepa-
rately [39], [15].

Further, Han et al., [40] introduced a third set of co-segmentation
(for dual variables fppr_cr) as a pair voxels x and x” in the PET
and CT images to take advantages of the both modalities for seg-
mentation [40], [39]. fper—_cr integrated the energy consequence
of the disagreement of the PET and CT segmentation distinction.
However, there is no consequence that will be enforced if the pair
labels of voxels (x, x), f, and f,, are the same [39]. In the final
results of the co-segmentation, PET and CT might be weighted
differently and therefore the different consequences of the disa-
greement might be enforced [39]. Hence, the big issue in this ap-
proach is to minimize the energy function as following [39]:

EpercT T EPET ( fPET ) + ECT ( fCT) + EPET—CT ( fPETf(ZT) (6)

Epgr (fper ) and Epgr (fcr ) are energy functions of the MRF
for the PET and CT, respectively while Epgr_cr (fper—cr ) 1S CO-
segmentation energy that be used to integrate the consequences of
disagreement of the segmentation distinctions between the PET
(with high contrast) and CT (with high spatial resolution) [39].

6.2. Energy Segmentation of MRF for the PET

By denoting &pgr as surrounding system which is used in PET
image input {pzr the energy function of MRF (Epgr (fper )) IS
defined as following [39]:

Eper (foer) = D.d, (f)+ D w, () ™)

re¢per (r.s)edper

d.(f,) and w(f,. fs) are data and smoothness term [39], [78].
Smoothness calculates the cost of set different labels to neighbor
voxels rand s in {pgr as presented in [39].

&(r,s) .
0 if f, =

if f f
Wr,s(fr!fs):{ >l (8)
6.3. Energy Segmentation of MRF for the CT
By denoting é.r as surrounding system which is used in CT image

input {cr, the energy function of MRF E¢p (fcr ) is defined as
following .

Ecr(fer) = D2 du(f)+ Dweo(fe, fy) ©)
reger (r';s)eer
6.4. Co-Segmentation Energy of MRF

Epgr—cr (fper—cr ) integrates the consequence of disagreement
of the segmentation distinction between the PET {pgr and the CT

{cr [39]. The variable fi, .y € fpgr—cr is related to the pair
voxels (r, 1') in {¢7 and {pgr Which takes a value from the label set
L={0, 1} [39]. If fi, ) = 1, the voxels r and 1* are categorized as
foreground (tumor) while for others, the voxels r and r’ are catego-
rized as background [39]. Here, Han et al., used the function
Yer' (£, farrny, frr) ((10)) for penalizing the differences of £, and
fr» and attempt to resolve it based on the outstanding features of
the PET and CT [39].

0, if f =f,,
yr,r'(frv 1:(r,r'7 fr) = ¢1(rrrl)a if 1:r = 1:r'f(r,r') = fr‘ (10)
o, (r,r'), if f o= f.f, . =T

, =T,

(r.r)

@1 (1, 1) and @, (r, ') are the respectively values used in penalizing
the distinctions of the segmentation between r and r’ while the co-
segmentation energy is defined as following [39]:

Erercor (feercr) =7 (F, f(r,r-)’ f.) (11)

7. Random Walk Co-Segmentation Technique

7.1. Background

Bagci et al., [7] have proposed a co-segmentation technique in
integrating the advantages of both PET and CT modalities by de-
veloping an algorithm based on random walk methods. This tech-
nique is applied to delineate the accurate tumor volume with cor-
rect structural boundaries [75]. Further, the automatic of seed
localization of background or foreground is also proposed to pro-
vide fully automatic for the whole system.

7.2. Co-Segmentation Based on Random Walk

A graph GR is denoted as a pair GR = (VE, ED) while v € VE
represents the vertices/nodes and e € ED S VXV represents the
edges. If a node v (consist of v, and v,) is linked to an edges e, in
graph GR, so v, could be declared as a neighbor to the v, and each
edge is weighted by wy,. Here, a graph GR is assumed to be con-
nected and un-directed, so that w,, shoud be equal to w,, Bagci et
al., formulate separately the weighting functions for the PET and
CT modalities based on recommendation by Grady [37] as follow-

ing
wy, =exp (=4 (Inf —In7)?)
w, =exp(—4° (InS —In$)?)

(12)

In, denotes the intensity at u-direction and B denotes a weighting
factor while P and C indicate the PET and CT imaging modality,
respectively. Conventionally, the probabilities of random walk are
required to be similar solutions with the problem of combinatorial
Dirichlet as presented in (13) [45]:

D[x] = Lix (13)
2

x indicates the probability of each node [42] while L indicates the

combinatorial Laplacian matrix. For each of the functional and

anatomical imaging modalities, this matrix can be constructed as

in (14):

d’? if u=v
LZ, =4—w, if v and v/ are nearby nodes (14)
0 otherwise
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Z is one modality whether it is PET or CT alone, so Z € PET or
CT.dy = Xe,,csW(eyy), is the vertex degree [75]. v is the node
connecting to the graph constructed on PET imaging and vCis the
node connecting to the graph constructed on CT imaging.

In segmentation of combined PET-CT imaging modalities
based on the graph, a graph need to represent the complete infor-
mation from both PET and CT imaging. Based on graph theory,
two graphs (graphs for PET and CT) can be integrated if an edge
exists in both graphs [45]. By denoting two graphs GRF =
VEP,ED? (for PET) and GR® = VEC,ED¢ (for CT), the fuse
graph from the both graphs can be defined as GRFS =
VEFS,EDFS. The following formulation is subjected to the fuse
graph,

vl ={(,vP) v evP eV P}
E™ ={(vi, Vi), (v, W)} (vi, V) € E°A(V), V) e EF}
(15)

Instead of using a separate implementation of GR® and GR?,
Bagci et al., applied the fuse graph GRFS to segment objects sim-
ultaneously. The combinatorial Laplacian matrix (LFS) for the fuse
graph GRFScan be defined as following:

L™ =(L°)* ®(L")” (16)

LFS is assumed to be constant for ¢ =0 and 8 < 1 while ®
indicates the direct product. By denoting x¢ and x* as distribution
of initial probability over the graph nodes of GR® and GR?, the
distribution of initial probability for fuse graph x5 is following
(17). € and n are applied to optimize the distributions of initial
probability which has limitation by { > and n < 1.
X = (x7) ®(xP)" (17)

The performance of a random walk on the fuse graph GRS is
assumed to be equal to the performance of simultaneous random
walk on the graphs GR® and GRP [45]. Furthermore, the combina-
torial formulation of Dirichlet integral can be updated as follow-
ing:

FS 1 FS\T | FS \,FS 1 FS 7 FS FS\2 (18)
D[X ]:E(X ) L™x :E Zwuv(xu —X )

\
EWEEFS

By considering separately the prior probabilities and Laplacian
matrices of unlabeled and labeled nodes, Bagci et al., decompose
(18) as following in (19).

D[st]=%(XFS)|T(XFS ) =[L\'FS ® }{X'j

T FS FS
B L | %/

(19)

In the matrix decomposition (LFS), sub-matrix is denoted by B.
The results show that the combinatorial Laplacian matrix LFS is
semi-definite with positive amount while the critical points of
D[xFS ] are the minimal.

8. Combination of Low Level Processing and
Active Contour Technique

Rossi et al, [70], [71] have proposed a semi-automated joint seg-
mentation technique of thoracic PET and CT imaging. This tech-
nique combined the models of low level process with active con-
tour in order to extract the lung lesions from thoracic PET-CT
imaging modalities. Here, deformation in active contour model is
influenced by internal force-like equations [39], [76], [87] while

the image intensity of the contours have a incisive variations cor-
responding to minimize the energy for matching the deformed and
reference contours [91], [3], [64], [87].

In this approach, the purposed segmentation consist of two-fold;
firstly as a guide for the image registration process and secondly
to provide a brief anatomical segmentation for lesion segmentation.
For the first fold, there are three steps involved in the overall im-
age segmentation which are consist of a) automated multiple
thresholding, b) respiratory system extraction and c¢) pulmonary
three extraction. In the automated multiple thresholding step,
Otsu’s method [65] and connect component analyses (CCA) [43]
were used. In the respiratory system extraction step, an initial lung
region was obtained while the pulmonary tree such as blood ves-
sels was obtained from the pulmonary tree extraction. The detail
information about this technique can be found at Rossi et al., [70],
[71].

Second fold is lesion segmentation. For lung segmentation, firstly
SUV image is obtained from the initial PET activity image using
the standard formula:

SUV = C/(DIW)

C indicates the concentration from the PET activity image while
the injected dose and the body weight are denoted by D and W,
respectively. The activity image is first decay corrected before
calculation of the SUV.

The SUV image is then threshold using Otsu’s method over the
whole image or within a specified region of interest around the
lesion. Using Connect Component Analyses (CCA), the lesion is
manually selected. In case from thresholding the lesion is connect-
ed to other components, the boundary can be refined using the
Chan-Vese active contour (CV-AC) [18] method which is initial-
ized from the center of lesion found the distance transform. As the
lesion is segmented based on the SUV image, it is then used as an
initial contour for the AC-AC method for segmentation based on
the thoracic CT image. This sequential segmentation approach is
used in consideration of the scans potentially being largely sepa-
rated in time. In cases where the lesion is on the lung boundary, a
balloon active contour (B-AC) is first used [53], guide by the ini-
tial overall segmentation. After which only is the CV-AC method
is then used. This is to prevent the contour propagating beyond the
lung boundary.

9. Discussion

In this section, we would like to discuss about the specific charac-
teristic and available limitation of four innovative join segmenta-
tion methods of PET-CT images. First method is named multi-
valued level set which was developed by El Naga et al., [26]. This
technique was proposed based on deformable models of active
contour and also method of generalized single-modality variation.
The delineation of tumor volumes by using this technique result
an increasing robustness to image noise and a decreasing gaps to
the boundaries. This method also has inherent sub-pixel accuracy
due to their spatially continuous representation. Furthermore,
since multi-modality structures which refer to “biophysical struc-
ture” were used, the algorithm applied in this approach is well
worked in presence of heterogeneous uptakes with small miss-
registration error. However, this method is suited well to be ap-
plied in head and neck cancers, while for lung cancer cases (which
have heterogeneity in lung region), this technique needs highest
image resolution in example 4D image.

The second method of joint segmentation reviewed in this paper
was proposed by Han et al., [40]. Han et al., have developed an
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optimal graph based co-segmentation method by establishing a
mechanism of arbitration graph, encoding the characterized infor-
mation of PET and CT images and combining the context infor-
mation between both images. This technique was based on algo-
rithms developed to optimize and solve the problem of MRF
(Markov Random Field). An arbitration term in the energy func-
tion was used in this technique to produce a reliable contour for
both PET and CT which further result a single reliable tumor vol-
ume from PET and CT images. However, this technique may not
provide the accurate results in tumor boundary delineation since it
assumed one-to-one correspondence between PET and CT deline-
ations and compromised the identical tumor volume calculated in
both PET and CT images. It is because the uptake region calculat-
ed in PET images cannot be credited to be always same compared
to outlines of lesions calculated in CT images due to the functional
characteristics of the tumor. Besides, this technique only can be
applied to head and neck tumor/cancer with non-small size be-
cause the performance to delineate the small uptake regions of
tumor was not evaluated.

The third method of joint segmentation discussed in this paper is
random-walk co-segmentation proposed by Bagci et al., [7]. Bagci
et al., [7] have developed a co-segmentation technique of com-
bined single modality of PET and CT imaging based on random
walk segmentation method by constructing the hyper graph. Here,
the technique treated the image as a graph and a weight graph was
constructed. Although the mathematical concept used in this tech-
nique was different with Han et al., [40], but, the natural adapta-
tion to the proposed segmentation algorithm of this approach is
similar. The best advantage of this approach is when the one-to-
one correspondence between functional and anatomical structures
is not satisfied, this approach can adapt the algorithm to solve that
problems. By using a co-segmentation algorithm, it has increased
sturdiness into the process of lesion delineation due to unification
of the information from both PET and CT imaging. Besides, co-
segmentation provides wider spatial and temporal coverage of the
tissues with less uncertainty and therefore offers more reliability
in results. All these advantages are due to the reality that co-
segmentation algorithms can be applied to imitate the appearance
of human visual image recognition which depends on the number
of informative features such as corners, texture, edges, and lines
which are available in the images.

Three innovative joint segmentation techniques mentioned earlier
attempt to provide systematically and accurately non-small tumor
delineation especially on neck and brain PET and CT images. For
delineating lung cancer, Rossi and Abd. Rahni [70] and Rossi et
al., [71] have proposed a semi-automated joint segmentation
method of thoracic PET and CT images by combining low level
process and active contour. This technique based on deformable
models which geometric representations were defined explicitly in
the imaging domain. In this approach, the impact of internal force-
like equations will deforms the models while the contours are
characterized by sharp variations in the image intensities to match
deformed and reference contours by method of energy minimiza-
tion. However, this technique was only examined using few data
sets while more data sets should be tested to present its perfor-
mance in accurate segmentation result. Besides, since this tech-
nique is semi-automated, the lung boundary should be well de-
fined, otherwise there might be difficulty to delineate lesion
boundary properly. The improvement of current technique to be
automated joint segmentation method will guarantee more accura-
cy in the segmentation result.

Overall, all of the joint segmentation methods mentioned in this
discussion attempt to combine the complementary information
from both PET and CT images in order to define accurately the
tumor volumes from the human body normal structures. The first
three methods are the famous methods in tumor delineation which
keep using and improving by other researches recently. However,
these three methods only give best accuracy in tumor volume de-
lineation for neck and head tumors with non-small sizes while
there is no evaluation done for the first two methods in volume
delineation of lung tumors (small or non-small sizes) since deline-
ation of the lung tumor is more difficult. Besides, there was an
evaluation done for the third method in delineation of non-small
lung tumor and the results showed that the third method given
acceptable accuracy but it is not the best accuracy yet. As we
know that lung tumor is not homogeneities in the lung region and
has similar densities in pulmonary structures such as bronchioles,
bronchi, arteries and veins; therefore the technique used in deline-
ation of lung tumor/cancer should be more specific and it is still
keep developing recently by researchers and clinical. One example
of the technique used in delineation of lung tumor is that has been
proposed by Rossi and Abd. Rahni. However, the best accuracy
for lung tumor volume delineation is still a task especially for
small tumor sizes.

10. Conclusion

An accurate image segmentation method is required for diagnostic
assessment. Since interest in integration of PET and CT images
has accelerated, it is appear that joint segmentation techniques of
PET-CT images has attracted increasing attentions in clinical ap-
plication. It is due to the superior of its results segmentation in
tumor volume delineation obtained by combining two comple-
mentary modalities. However, although many joint-segmentation
have been developed and proposed recently, the best method of
automatic joint segmentation on PET-CT images in delineation of
tumor volume is still a puzzling. Especially for lung tumor/cancer
where the tumor is highly integrated into the mediastinum, shows
heterogeneous uptake, or is surrounded by collapsed lung or in
lamed tissue and when the size tumor/cancer is small. Therefore,
research in image segmentation method areas will keep continuing
due to accuracy, precision and efficiency in tumor/cancer volume
delineation.
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