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Abstract - More and more hybrid PET/CT machines are being 
installed in medical centers across the country as combining 
Computer Tomography (CT) and Positron Emission 
Tomography (PET) provides powerful and unique means in 
tumor diagnosis. Visual inspection of the images is a tedious 
and error-prone task and in many clinics the attenuation-
uncorrected PET images are not examined by the physician, 
potentially missing an important source of information, 
especially for subtle tumors. We are developing a computer 
aided diagnosis software prototype that simultaneously 
processes the CT, attenuation-corrected PET, and attenuation-
uncorrected PET volumes to detect tumors in the lungs. The 
system applies optimal thresholding and multiple gray-level 
thresholding with volume criterion to extract the lungs and to 
detect tumor candidates, respectively. A fuzzy logic based 
approach is used to reduce false-positive tumors. The 
remaining set of tumor candidates are ranked according to 
their likelihood of being actual tumors. We show the 
preliminary results of a retrospective evaluation of clinical 
PET/CT images. 

1. INTRODUCTION 
Cancer is one of the most deadly diseases in the world, 

especially in the developing industrial countries.  Medical 
imaging modalities such as CT, PET, SPECT, and MRI are 
commonly used as fundamental components for tumor 
detection. Because each of these modalities contains either 
structural data as in the case of CT and MRI, or functional 
data for the case of PET and SPECT, it is sometimes 
difficult to make accurate evaluation of suspicious tumor 
structures utilizing one single modality. Thus, it is clinically 
conventional now to combine data contained in structural 
and functional scans to more accurately pinpoint any 
abnormality in the body. For example, CT and PET are now 
being used for such purposes [1], especially after the 
emergence of the hybrid PET/CT scanners which eliminate 
the need for post-processing to align and coregister the 
volumes [2]; serious challenging tasks associated with the 
use of multi-modal imaging before the scanners were 
combined.  

PET/CT scanners generate three different sets of image 
volumes that correspond to the CT, attenuation-corrected 
PET (AC-PET) and attenuation-uncorrected PET (AU-PET) 
volumes. The AC-PET volume is the result of the 
attenuation correction process that is applied to the AU-PET 
volume to account for attenuation, scattered photons, 
random coincidences, and differing sensitivities of 
individual image planes. Intrinsically, AU-PET volume 
contains areas of variable activity resulting from differences 
in photon absorption. For example, the skin generally shows 
high activity relative to deeper structures on the AU-PET. 

For this reason physicians usually consider the CT and the 
AC-PET volumes only for time-efficient examinations. 
However, this could potentially incur a loss of information 
due to the imperfection in the attenuation correction process 
which may result in eliminating some tumors and/or 
introducing artifacts that look like tumors in the AC-PET 
volume [3]. Even with just two volumes, visual examination 
with the naked eye could be a tedious and error-prone 
process due to the massive number of slices that each 
volume contains. One can imagine the required additional 
effort if the AU-PET volume is also examined. This 
motivates the need for a computer aided diagnosis (CAD) 
system that comprehensively utilizes the CT, AC-PET, and 
AU-PET volumes to assist physicians in their diagnosis by 
automatically detecting all possible tumors. In this paper we 
present a novel CAD system for tumor detection applied to 
images produced by the hybrid PET/CT scanners. The core 
of the system collectively utilizes the available three 
volumes in the PET/CT scans. This methodology 
strengthens the detection accuracy and reliability as takes 
advantage of the high-resolution structural information 
available in the CT and the metabolic functional information 
available in the AC-PET. In the meanwhile this approach 
reduces the detection error incurred by the attenuation 
correction process in the PET by the inclusion of the AU-
PET volume in the processing. 

The system carries out this task by employing different 
image processing techniques in both the 2D and 3D spaces. 
The entire process is summarized as follows. The region of 
interest (ROI) is segmented out from the CT volume using 
optimal thresholding and image morphing. The extracted 
ROI is then mapped to the spatially coregistered PET 
volumes. The ROIs from the three volumes are passed to a 
multiple-thresholding algorithm with volume criterion to 
independently detect all suspicious tumors in the three 
volumes. After the initial detection, a reduction process that 
is based on fuzzy clustering and fuzzy inference is applied 
to reduce false positive tumor candidates. To accommodate 
for the variations in the characteristics of the detected 
tumors and for the different clinical interpretations of each 
type of the PET/CT volumes, we use seven rules that are 
based on clinical experience to rank the tumors according to 
their likelihood of being tumors.  

Generally, the proposed CAD system can be applied to 
any part in the body. However, we focus on the detection of 
lung tumors due to its significance. Several CAD systems 
have been proposed to detect lung tumors in CT such as 
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[4,5] and PET [3,6] separately. To the best of our 
knowledge, our system is the first system to computerize the 
detection of tumors using PET and CT images jointly.

2. ROI EXTRACTION AND TUMOR DETECTION 
2.1 Extraction of the regions of interest 

To extract the lungs out of the whole-body PET/CT 
scans, we utilize the iterative optimal thresholding algorithm 
[7] to calculate a threshold value Lopt that divides the image 
volume voxels into two clusters: ROI and background. For 
accurate ROI segmentation, thresholding uses the high 
contrast CT volume, since it is easier to distinguish the 
lungs from the remaining body structures in its histogram 
[4]. Applying the threshold value Lopt to the 3D volume 
produces an initial segmentation shown in figure 1.1-b. This 
initial result is imperfect because it considers the exterior of 
the body as part of the ROI and in the same time excludes 
parts of the ROI (the black islands within the lungs). To 
eliminate the structures that are exterior to the lungs, 3D 
sequential labeling with 26-neighbor connectivity is used to 
identify the largest two connected structures that don’t touch 
the borders of the volume. The identified structures 
resemble the two lungs, which are then processed by adding 
to them a negative self-copy to their binary equivalent 
images then applying image closing morphology with a 
mask size of 5x5 to fill the excluded small islands and to 
fuse the breaks in the borders, respectively. As shown in 
figures 1-e and 1-f, the extracted ROI from the CT is finally 
mapped to the AC-PET and AU-PET volumes by selecting 
the corresponding voxels, since all three volumes have 
isotropic spatial characteristics after resampling and scaling 
the PET volumes.  
2.2 Tumor detection and false-positive reduction 

Lung tumors in both CT and PET volumes are typically 
characterized with higher intensities compared to their 
background. Hence, the detection algorithm applies multiple 
thresholding procedure with volume criterion to detect the 
tumors in each of the three PET/CT volumes. In this 
procedure, the volume under consideration is thresholded at 
equally spaced gray levels; starting from the double-mean 
value – the mean of voxels having intensities greater than 
the global mean of the lungs -  and ending at the highest 
intensity level in the volume. At each of these threshold 
levels, sequential labeling is used to label 3D connected 
structures. After that, the volume of the labeled structures is 
checked such that those with volume falling in a pre-
specified range are preserved as tumors candidates while 
larger or smaller ones are discarded. In our implementation, 
we set the separation between the threshold levels to 3 
experimentally. The upper and lower volume bounds for 
acceptable tumors are set to 3 cm and 5 mm, respectively. 
The upper bound specification is based on the clinical 
definition of tumors [8] while the lower bound is specified 
experimentally to eliminate noisy structures.  

(a) (b) (c)

(d) (e) (f)
Fig.1. ROI segmentation steps: (a) source CT image, (b) initial 
thresholding of (a),  (c) after closing, filling and background 

removal, (d) final segmentation, (e) and (f) mapping of lungs field 
to corrected and uncorrected PET 

The application of the multiple thresholding procedure 
on the three PET/CT volumes results in a large number of 
tumor candidates, many of which are false positives and 
have to be removed. The presence of the airways and the 
pulmonary veins and arteries are the main sources of false 
positives in the CT volume. In the PET volumes, the scan 
process is conducted with the patient breathing and this 
causes the imaged lungs to be the averaged size of the lungs. 
Thus, when the ROI extracted from the CT is mapped to the 
PET volumes, part of the exterior of lungs is unintentionally 
included within the desired ROI as pointed by the arrows in 
Figures 1-f and 1-e. These external regions are of high 
intensity and are explicit sources of false tumors. To reduce 
these false-positive tumors extracted from the CT, AC-PET 
and AU-PET volumes, we use three Mamdani fuzzy 
inference systems [9] with singleton output fuzzy sets; one 
for each volume type. The motivation behind designing a 
separate fuzzy inference system for each of the PET-CT 
volumes is to accommodate for the variations and different 
interpretations of data between the volumes. However, the 
test for a new tumor, regardless of its source volume, 
invokes the use of the three systems to make use of the 
power of combining anatomical and structural imaging. 
Technically, to implement these systems, we first define 
their input feature space such that it is composed of three 
variables: tumor’s contrast (COT), tumor’s mean gray-level 
intensity (INT), and tumor’s mean standard uptake value 
(SUV). The third variable, SUV, is a widely used measure 
for quantifying the uptake of 18F-fluorodeoxyglocouse (18F-
FDG) in tumors based on the amount of injected tracer dose 
and patient’s weight [10].  The SUV value for a specific 
region is defined as 

[g]WeightBody/[kBq]ActivityInjected
[kBq/g]ionConcentratActivityROI

SUV =     (1). 

This SUV measure is calculated from the AC-PET volume 
only. So, to get SUV values for tumors in the CT and the 
PET-AU volumes, the activity of the corresponding location 
in the AC-PET volume is used. In the second step of the 
design, the domain for each of the input variables is 
partitioned to have two fuzzy sets, High and Low, with 
open-right and open-left trapezoidal membership functions, 
respectively, and as shown in figure 2. As the names imply, 
the High fuzzy set covers the upper portion of the domain, 
while the Low fuzzy set covers the lower portion. 
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Fig. 2: Fuzzy sets used for input variables COT, INT, and SUV 

To define the parameters AL and AH of the membership 
functions of these fuzzy sets, (v)Low

vμ  and (v)High
vμ , for 

each input variable v, we apply the unsupervised fuzzy 
clustering algorithm [11] on the features values extracted 
from a training set of tumors for each type of PET/CT 
volumes. In our implementation, this clustering algorithm is 
set up such that the training tumors samples in the 3D 
feature space are divided into two clusters: low-likelihood 
and high-likelihood. The centers of these clusters; (SUVLOW
,INTLOW,COTLOW) and (SUVHIGH,INTHIGH,COTHIGH) are then 
used to assign numerical values for AL and AH . For instance, 
the AL and AH values for the contrast variable are assigned to 
COTLOW and COTHIGH, respectively. The last stage in 
designing the fuzzy inference systems is to define the if-
then. In each of the three fuzzy inference systems, we define 
eight rules such that we cover all possible combinations of 
input fuzzy sets (23=8). The consequence part μi(y) of the ith 
rule is a singleton fuzzy set, which a set that has unity 
membership at a single point Yi and zero elsewhere. For the 
ith rule, this can be defined mathematically at point Yi by the 
Dirac-delta function as  

)iY(y(y)iμ −=                              (2).
The value Yi for the ith rule is assigned intuitively based on 
the clinical significance of the rule’s condition. Table 1 lists 
these rules in ascending order depending on their diagnostic 
relevance. 
If SUV is Low & INT is Low & COT is Low    Then Y1 =  (y-1)
If SUV is Low & INT is Low & COT is High   Then Y2 =  (y-2)
If SUV is Low & INT is High & COT is Low   Then Y3 =  (y-3)
If SUV is Low & INT is High & COT is High  Then Y4 =  (y-4)
If SUV is High & INT is Low & COT is Low   Then Y5 =  (y-5)
If SUV is High & INT is Low & COT is High  Then Y6 =  (y-6)
If SUV is High & INT is High & COT is Low  Then Y7 =  (y-7)
If SUV is High & INT is High & COT is High Then Y8 =  (y-8)

Table 1: Fuzzy-if-then rules 
Based on the definition of the three fuzzy inference 

systems, the decision of discarding a tumor candidate 
detected in any of the three PET/CT volumes is performed 
in three steps. First, the contrast (COT) and the intensity 
(INT) of the test tumor are calculated from the volume that 
this tumor belongs to, while the SUV is calculated always 
from the AC-PET volume. At the same time, the contrast 
and the intensity of corresponding locations of the tumor in 
the other two volumes are calculated. This calculation 
results in three triplets of values for the three features: 
(COTCT,INTCT,SUVAC-PET), (COTAC-PET,IN-AC-PET,SUVAC-PET)
and (COTAU-PET,INTAU-PET,SUVAC-PET). In the second step, 
each triplet is presented to the fuzzy inference system of the 
corresponding volume type such that the response/score of 

each system to the input triplet is calculated utilizing fuzzy 
inference [9]. Technically, three computational steps are 
invoked in fuzzy rule-based inference to calculate the output 
in any system X of the three fuzzy inference systems. These 
are:  
1) Calculation of the degree of match DMi between the 
feature values of the tumor and the condition part of each 
the input rules. For instance the degree of match for rule 3 is 
given by 

)Low
X_COT

μ,High
INT_X

μ,Low
SUV_X

min( μ
3

DM =       (3) 

, where Low
X_SUVμ , High

X_INTμ , and Low
X_COTμ are the membership 

grades that of the input values SUVX, INTX, and COTX  , 
respectively.
2) Calculation of the output or score of each individual rule 
by scaling  the output singleton with the degree of match 

)
i

Y(y
i

DMX
i

SCORE −×=                     (4) 

3) Aggregation of the individual rules’ scores into one score 
that represent the system response to the input. This is 
calculated using the weighted average formula given by   

==
=

8

1i
X
iDM/

8

1i
X
iSCOREXSCORE              (5) 

After calculating the tumor scores in the three fuzzy 
inference systems, the third step calculates the average of 
these scores and compares it to an experimental threshold 
value of 6.5 (this corresponds to eliminating those candidate 
that don’t meet 81% of the maximum score that any tumor 
can take, i.e. 8.0). If the tumor average score does not 
exceed this value, then it is discarded.  
2.3 Tumors ranking  

Applying the multi-thresholding algorithm on the three 
volumes to detect tumors does not guarantee that a specific 
tumor will show up in all the three volumes due to the 
difference in the intensity distribution and representation 
between the three volumes. In addition, tumors usually have 
different mean intensity and contrast depending on their 
likelihood of being tumors. Putting these together suggests 
the introduction of a ranking system where tumor candidates 
are ranked according to their likelihood of being tumors. In 
our system, we used four features to calculate the rank of 
the tumors: (1) tumor concurrence - whether the tumor or 
part of it occurs at the same location in more than one 
volume, (2) tumor volume, (3) tumor intensity, and (4)
tumor contrast. After the calculation of these features for 
each tumor candidate, we use seven rules that are based on 
clinical experience to rank the tumor candidates as follows. 
Rule 1: A tumor or part of it, occurring in the CT, the AC-
PET and the AU-PET volumes is assigned the highest score 
to be true tumor. 
Rule 2: A tumor, or part of it, occurring in the CT and the 
AC-PET volume is assigned the second highest score.
Rule 3: A tumor, or part of it, occurring in the CT and the 
AU- PET volume is assigned the third highest score. 
Rule 4: A tumor, or part of it, occurring in the AC-PET and 
the AU-PET volumes is assigned the fourth highest score. 
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Rule 5: Remaining non-concurrent tumors from the AC- 
PET volume are assigned fifth highest score with each being 
assigned a sub score that is directly proportional to their 
mean intensity. 
Rule 6: Remaining non-concurrent tumors from the AU- 
PET volume are assigned the seventh highest score with 
each being assigned a sub score that is directly proportional 
to their mean contrast.  
Rule 7: Remaining non-concurrent tumors from the CT 
volume are assigned the sixth highest score with each being 
assigned a sub score that is directly proportional to their 
mean intensity. 

The volume of the tumors is used to break the ties 
between tumors with the same contrast or mean intensity, 
with preference to smaller tumors. After the rank 
calculation, and for better visual representation, the scores 
of the tumors are coded into colors such that the higher the 
rank of the tumor, the closer its color to white. 

3. PRELIMINARY RESULTS 
Data in this study included three PET/CT scans that 

were acquired using Siemens Biograph 2-slice PET/CT 
scanner which yields a CT image volume with a pixel size 
of 0.98 mm (512x512 matrix) with a 5.0 mm slice thickness. 
The corresponding PET images have a pixel size of 5.15 
mm (128x128 matrix) with a slice thickness of 2.43 mm. 
The PET volumes were upsampled and scaled to meet the 
CT specifications. To test the system performance, we 
adopted a leave-one-out scheme such that one of the cases is 
left on the side for testing while the remaining cases are 
used to train the three fuzzy inference systems. On average, 
the systems achieved 96%, 98%, and 97% reduction in the 
initial number of false-positive tumors detected by the 
multiple-thresholding algorithm when applied to the CT, 
AC-PET, and AU-PET volumes, respectively. The 
remaining tumor candidates are ranked according to the 
rules explained in section 3. To ease the comparison 
between the clinical diagnosis results and the CAD results, 
we considered tumors satisfying the first four rules as true 
tumors reported by the CAD system. Adopting such 
criterion revealed a reasonable preliminary performance of 
the system an overall sensitivity of 75% and 100% 
specificity. Figure 3 shows a sample result for a tumor 
satisfying rule 1.  

4. CONCLUSIONS 
We are developing a novel computerized system to ease 

and aid physicians in detecting subtle lung tumors in the 
scans produced by hybrid PET/CT machines. Preliminary 
retrospective evaluation using clinical PET/CT images 
showed promising results. 
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Fig.3. (a) tumor matching Rule 1 is marked and assigned the 
highest score. Corresponding locations as well as intensity and 
SUV values are shown in (b) CT (c) AC-PET and (d) AU-PET. 

The bar on the top of (a) shows the encoding of rule numbers into 
gray levels. 
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