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Abstract— Distributed inflammation in infectious diseases cause
variable uptake regions in positron emission tomography (PET)
images. Due to this distributed nature of immuno-pathology and
associated PET uptake, intensity based methods are much better

suited over region based methods for segmentation. The most
commonly used intensity based segmentation is thresholding, but
it has a major drawback of a lack of consensus on the selection of
the thresholding value. We propose a method to select an optimal

thresholding value by utilizing a novel similarity metric between the
data points along the gray-level histogram of the image then using
Affinity Propagation (AP) to cluster the intensities based on this
metric. This method is tested against the PET images of rabbits

infected with tuberculosis with distributed uptakes with promising
results.

Index Terms— Index Terms—PET Segmentation, Affinity Propa-
gation, Thresholding, Image Segmentation, Target Definition

I. INTRODUCTION

Structural imaging techniques such as computed tomography

(CT) and magnetic resonance imaging (MRI) are widely utilized

in clinical practice to examine anatomical changes caused by

disease. However, structural imaging is not well suited for track-

ing metabolic activity. Unlike anatomical imaging, PET imaging,

on the other hand, provides accurate molecular information on

the biology of many diseases with much higher sensitivity than

structural imaging. PET scans are mostly used for diagnosis,

staging, treatment planing, and therapy followup in different

applications in oncology, cardiology, and neurology fields.

Radiation Therapy (RT), a common cancer treatment in oncol-

ogy, aims to target the boundary and volume of abnormal tissue as

defined by radio-imaging techniques such as PET. The diseased

regions are then subjected to a lethal dose of radiation. In practice,

the determination of the boundary of these regions, segmentation,

should be kept as small as possible to minimize damage to healthy

tissue, but must ensure the inclusion of the entire extent of the

diseased tissue [1]. The boundary is known as the target volume

definition, and for RT the determination of this boundary is very

difficult because the micro-extensions of cancerous tissues into

healthy tissue may not be part of the highest uptake region on

the PET image.

The current technique to define target regions in RT is to

segment the highest intensity regions and add some pre-defined

distance (i.e., 1 cm) to the boundary of segmented regions [2].
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In this work, a novel PET image segmentation approach is

presented to use the main uptake region as well as the secondary

highest groups for defining accurate target regions. This precise

segmentation by clustering approach leads to more accurate target

definitions. In this work, we propose to adopt affinity propagation

(AP) clustering into PET image segmentation framework to find

optimal threshold levels for accurate quantification and precise

target definition of radiotracer uptake regions.

II. METHODS

Due to the low resolution and high contrast nature of PET

images, thresholding based image segmentation methods are

preferable since the local or global histogram of intensities pro-

vides sufficient level of information for separating object regions

from background [3]. Although there have been many methods

proposing methods for automatic threshold selection, none so

far can provide optimal thresholds for PET image segmentation

due to the large variability of the pathologies, low resolution,

inherent noise, and high uncertainties in fuzzy object boundaries.

Therefore, the selection of optimal threshold levels has remained

a challenging goal and no current technique can classify the

image into various meaningful groups in a robust way.

An overview of our proposed method is as follows: (i) diffu-

sion based kernel density estimation (KDE) [4] and exponential

smoothing are used to obtain smooth histograms from PET im-

ages, (ii) the similarity of all points on the estimated histogram is

calculated with the assumption that closer points on the histogram

are more similar and more likely to belong to the same class, (iii)

AP clusters the data points based on a novel similarity function in

order to find a optimal thresholding level to separate the uptake

regions into several groups which can assist in the definition of

the target boundary for radiation therapy. Details of these steps

are defined in the following subsections II-B, II-C, II-D.

A. Optimal Threshold selection

The observed histogram of any image is the summation of

histograms from multiple underlying objects, hidden in the ob-

served histogram. These objects (A,B, and C in Figure 1) can

be approximated by the location of the valleys between the

peaks with some inherit uncertainty in the areas of overlap.

The proposed method assumes that a peak in the histogram

corresponds to a more homogeneous region in the image as it is

very likely that a peak involves only one group. The justification

behind this assumption is the histogram of objects in medical

images are typically thought of as the summation of Gaussian

curves which implies a peak corresponds to a homogeneous
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region in the image(s). The challenge now for segmentation is

to locate the valleys in order to achieve the maximal separation

between the groups.

B. Kernel Density Estimation via Diffusion

Due to the nature of medical images, their histograms tend

to be very noisy with large variability which makes robust

threshold based segmentation difficult. Therefore, the histogram

is smoothed in two steps to improve the robustness. First, we

used KDE via diffusion in order to estimate the probability of a

voxel being noise by the distribution of local regions to which

the voxel belongs. The motivation for using diffusion based KDE

was because diffusion process can adapt the kernel of the density

estimation process for specific image data through linear diffusion

process. Kernel adaptation is provided by the transition density

of a diffusion process, which utilizes the image data with no prior

knowledge required. Furthermore, KDE via diffusion deals well

with boundary bias [4].

After the probability of all voxels are assigned through dif-

fusion based KDE, a cut-off level was used on this probability

map to exclude the data most likely to be noise. Next, shape-

preserving piecewise cubic interpolation was applied to provide

a continuous histogram while still preserving the shape of the

histogram. It was then smoothed via exponential smoothing to

reduce the noise further, but the essential shape of the histogram

is preserved throughout this process.

C. A Novel Similarity Matrix Construction

In this study, a novel similarity metric was devleoped to find

the relationship between all data points using the histogram

with the main assumption being points that are closer are more

similar and likely belonging to the same tissue class. Most graph

based clustering methods use either the Euclidean distance or

a Gaussian distance function to find the similarity, but these

methods do not take advantage of the fact that these points lay

along a curve [5]. The geodesic distance much better reflects

the similarity than either of those commonly used methods. If

there is a peak between two points, this information must be

utilized for accurate classification. See Figure 1 for a diagram

of the similarity metric calculation. The geodesic distance, dG,

between points i and j can be approximated as

d
G
ij =

j−1
∑

k=i

dE(k, k + 1), j > i, (1)

where dE is the euclidean distance between any two points

on the histogram. This is an efficient, robust, and accurate

approximation for the actual geodesic distance without the need

of any polynomial interpolation between the points which may

result in large errors. The similarity matrix, S, between point i

and j can be formulated as

Sij =
√

|dijx|n + |dijG|m, (2)

where dG is the computed geodesic distance along the histogram

between point i and j. For the histograms of the images we

tested, n = 1 and m = 3 were found to be optimal values

considering the accuracy of the segmentations. In other image

Fig. 1. Proposed calculation for the similarity between points i and j on
the histogram. A, B, and C represent the classifications that can be made
from the gray level histogram.

modalities and related applications, n and m may be learned in

a training step for optimal values. By using the geodesic metric,

we aimed to include the information from the peaks and valleys

that the Euclidean distance does not.

D. Affinity Propagation

AP was first described by Frey and Dueck for clustering

data points based on the similarities between them [6]. It is a

general exemplar based clustering method that has some very

important advantages over other clustering methods, such as

spectral clustering and k-means. Those methods randomly select

groups and iteratively refines the groups in long execution times.

Since randomly selecting the initial groups does not guarantee

the globally optimal solution, AP improves upon this by initially

considering all data points to be possible exemplars. Only one

run is needed which vastly decreases the computational burden

while also providing the optimal solution.

AP refines the groupings by passing messages between all

points: (1) responsibility and (2) availability. Initially, all data

points are considered as candidate exemplars. Then, each data

point sends a “responsibility message” to candidate exemplars

such that this message demonstrates how strongly each data

points favors the candidate exemplar over other candidate ex-

emplars. In other words, the responsibility, r(i, k), is a message

from i to k and can be thought of as how responsible and well-

suited point k is for describing point i as i’s exemplar. Similarly,

the availabilities of k to be i’s exemplar, a(i, k), are sent from

candidate exemplars to data points and indicate to what degree

each candidate exemplar is available as a cluster center for the

data point. This balance of availabilities and responsibilities finds

the globally optimal solution via iterative process of interaction

between responsibility and availability as:

r(i, k)← s(i, k)− max
k′{k′ 6=k}

{a(i, k′) + s(i, k′)}, (3)
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where s(i, k) is the similarity between point i and k and k′ is all

other points besides i and k. Note that the similarity matrix in AP

algorithm (i.e., s(i, k)) is defined as Sij in non-Euclidean space

as formulated in Equation 2. Briefly, point k is not responsible to

be the exemplar for point i if there is another point that describes

i better than k. The availability is defined as

a(i, k)← min







0, r(k, k) +
∑

i′{i′ /∈i,k}

max {0, r(i′, k)}







.

(4)

AP is terminated after a fixed number of iterations, after signal

changes in availability and responsibility remain constant. The

segmentation process is finalized after exemplar based clusters

are assigned class labels at the end of this process.

III. EXPERIMENTS AND RESULTS

Tuberculosis Animal Model

PET images from 10 rabbits at various time points (pre-

determined) ranging from pre-infection to 30 weeks post-

infection were evaluated. The rabbits were infected with

aerosolized Mycobacterium tuberculosis (H37Rv strain) in a

Madison chamber with a day one count of 3Log10 bacilli in

the lungs. The rabbits were injected via the marginal ear vein

with 1-2uCi of 18F-FDG PET RT and imaged 45 minutes post-

injection for a period of 30 mins. CT and PET imaging were

performed without respiratory gating on NeuroLogica CereTom

and the Philips Mosaic HP scanner, respectively.

167 slices were taken at random with no more than 5 slices

from a particular image volume which gave a wide assortment of

lesion sizes to minimize any bias. These slices were segmented

by the proposed method as well as two experts manually selecting

a thresholding value, as is the current clinical standard along with

manual delineation. Manual delineation, manually drawing a ROI

around an object, was not used due to the distributed nature of the

PET images. In order to asses the performance on various lesion

sizes, the lesions were split into three groups according to their

areas as defined by the expert segmentation. These cut-offs were

arbitrarily selected to ensure the same number of lesions were in

each group, but the cut-offs are similar to the ones found in the

literature [7]. The groups were defined as Small (0− 3.45cm2),

Medium (3.45 − 6.84cm2), and Large (6.84 − 30.67cm2) with

56 lesions per group.

The Dice Similarity Coefficient (DSC), which measures the

overlap between two segmentation results, and the sensitivity and

specificity were calculated between the highest intensity group

found by the proposed method and the expert delineation. (See

Figures 2 and 3.) This highest uptake region is generally the only

one used by radiologists in staging and diagnosis. Overall, the

average DSC was above 90% for all the groups and the overall

sensitivity was 94.4±10.5% with a specificity of 91.6±11.9%.

The variability of the DSC values decreases with increasing lesion

area as expected. The average of the absolute percent difference

between the selected thresholding values of this method and

the expert selected was 2.06%, well within the accepted intra-

observer variation. For a qualitative comparison, see Figure 4

(next page) for twelve example slices. The first column gives

the original PET image of the lung while the second shows

Fig. 2. The DSC values for the three lesion groups. Note that the standard
deviation decreases as the lesions become larger as expected.

Fig. 3. The sensitivity and specificity results for the three lesion groups.

the boundary information of the various groups on the original

PET image. The third column colors each group for a different

visualization. As can be seen from the Figure 4 (next page),

each group is somewhat homogeneous as expected. Our proposed

method takes 0.66 seconds per slice and around 1 minute for three

dimensional computation on an Intel workstation with 24 GB ram

running at 3.10 GHz. The method can be run either in 2D or 3D.

IV. CONCLUSION

The proposed method selects a near-optimal thresholding value

for PET image segmentation by using AP and a novel similarity

metric applied to the gray level histogram. The results for the

highest uptake region corresponded well with manual selected

thresholding and as an extension of this work, the accuracy

of utilizing the secondary group(s) for target definition will be

assessed.
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Fig. 4. Results of segmentation of PET images of the rabbit lungs: Original PET images (A, D), Original image with segmentation boundary overlaid
(B, E), Segmentation result with colored groups (C, F).
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