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Abstract
Positron Emission Tomography (PET) imaging is based on measured sinogram. This sinogram consists of an
array of the sums of all the counts along the lines connecting two detectors. Therefore, to turn this
measurement into images, an image reconstruction algorithms (such as ordered-subset-expectation
maximization [OSEM], TRUEX, and filtered-back-projection [FBP]) with different parameters need to be
applied. The lesion detection in PET images can be obstructed due to the limited spatial resolution and low
signal-to-noise ratio, which could lead to errors and uncertainties, by the physician in reporting the images. To
overcome these errors, a reliable method for lesion detection is highly demanded, especially, in oncology unit.
This study is aimed to develop a method to determine the optimal image reconstruction algorithm for visual
lesion detection on PET images, taking into account the size of the lesion, ROI pixels intensity/activity
concentration, algorithms and its parameters. The raw data measurement of a thorax PET phantom
(NEMA/IEC 61675-1, 2001) obtained from PET was used for the reconstructions. The phantom has an activity
concentration on the background of 5 kgBq/ml, equivalent to the standard patient of 70 kg at initial injected
activity of 350 MBq of [18F] FDG. The activity ratio of 18F between hot lesion spheres and background was
set to be 4:1. The image reconstruction was carried out on a Syngo MI.PET/CT 2009C\2012A software/work
station using iterative reconstruction algorithms of OSEM and with implemented time of flight (TOF). The
parameters used for reconstruction were 21/24 subsets for TOF and non TOF, 400 x 400 image size, 3 mm
Gaussian filter, zoom 1, 3 min. scan time and the number of iterations for all as follows: 1, 3, 6, 9 and 12. A
MATLAB code was developed to analyse the image data. The data were evaluated using a statistical t-test. An
ROC analysis was performed using Metz ROC software (ROCKIT 1.1B2 beta version) to authenticate the
test. The ROC area under the curve (AUC), which determines the detection performance of each
investigated reconstruction algorithms, was obtained depending on the lesion size. The AUC for 10 mm
sphere lesion with OSEM and OSEM-TOF was within the range of 0.88 ± 0.10 and 0.94 ± 0.08, respectively for
all iterations. For combine spheres in all iterations, the AUC were within: 0.95 ±0.03 (OSEM) and 0.96 ±0.02
(OSEM+TOF). It shows that the 22 mm sphere lesion has low AUC standard error. The use of t-test
approach allows to automate the comparison of different image reconstruction algorithm. The OSEM-TOF
algorithm yield a better result in all the tested sphere sizes reconstructed with different iterations. The
method could be improved by using measurements with lower contrast and u-test.
Key words: PET, Thorax Phantom, reconstruction algorithms, lesion detection, MATLAB, ROI, t-test, receiver operating
characteristics, area under the curve.

Introduction
PET is a type of medical imaging system used in
diagnostic nuclear medicine to acquire functional and
anatomical information of body organs by the use of
crystal detectors and radioactive substances of very

short half-live such as 11C, 13N, 15O and 18F [1, 2]. These
equipment consist of scintillation detectors due to their
good stopping efficiency and energy resolution, for
example NaI(TI), BGO, LSO, etc [2]. Positron emission
tomography measures sinogram, since they can not
measure image directly. This sinogram (i.e. projections
https://globalmedicalphysics.org/
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from all angles) consists of an array of the sums of all
the counts along the lines connecting two detectors.
Besides, in order to turn this measurement into
images, a reconstruction algorithms with different
parameters (e.g matrix size, filters, number of
iterations and subsets, e.t.c.) need to be applied [4].
Positron Emission Tomography (PET) images are
covers by limited spatial resolution and low signal-tonoise ratio, which obstruct the visibility and detection
of the lesions (mostly small hot lesion) to a point
where it could be difficult for a human observer to
verify the presence of a lesion. This can be a source of
errors and uncertainties during the diagnostic done by
physicians. Therefore, a reliable lesion detection
method is highly demanded especially in oncology
unit in order to know where exactly the tumor is and
to obtain better treatment outcomes. For that reason
an
automated
visual
assessment
is
more
advantageous in the detection of lesion for
quantification against the visual method; besides
automated assessment may provide more accurate
and objective assessment of lesion detection.
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attenuation (made from polystyrene material with
density of 0.3 ± 0.1 g/ml) was used. Besides, the 18F
activity ratio was set to 4:1 between the sphere and the
background for a start concentration equivalent to the
standard patient with 70 kg (≈70 l). The injected activity
used in this clinic for whole body scan was 350 MBq of
FDG-18F at the time of study which resulted to
background activity concentration of 5 kBq/ml. The
four small spheres of 10 mm to 22 mm diameters were
filled with radioactive water of 18F (i.e. four times of
background concentration) while the largest two
spheres were filled with non radioactive water in order
to simulate for the cold region. The phantom picture is
depicted in figure 1.

Visual assessment instead of quantitative assessment
is main objective of this work; therefore the study is
to develope a method for determining the optimal
image reconstruction algorithm for visual lesion
detection on PET images and to explore the impact of
iterations on the image algorithms for lesion detection
performance, depending on the lesion size.

(a)

However, PET plays a vital role in diagnosis, staging,
treatment, prognosis and follow-up for the
management of cancer and it is unique among all
diagnostic and therapeutic procedures since it is based
on molecular and pathophysiological method [5].
Image reconstruction is a process in which a 2-D or 3D image is created from the acquired projections (i.e.
the coincidence events measured at all angular and
linear positions of the detected radioisotopes
distribution within an object) [6, 8]. The algorithm
used in image reconstruction can be either analytical
or iterative [8] such as Filtered-back-projection (FBP),
TrueX-Point-spread-function (PSF) or Ordered-subsetexpectation-maximization (OSEM) [4, 9]. This work
will focus only on iterative reconstruction algorithms.

Materials and Methods
Phantom Measurement and Image
Reconstruction
The acquired data of a scanned thorax PET phantom
(NEMA/IEC 61675-1, 2001) consisted of six fillable
spheres of 10 mm, 13 mm, 17 mm, 22 mm, 28 mm and
37 mm inner diameters and a central sphere of 50 mm
diameter in the axial direction for simulating the lung

(b)

(b)
Figure 1. NEMA/IEC body phantom photo (a) and it‘s Sketch diagram (b).

The PET raw data measurement was first reconstructed
using iterative reconstruction algorithm OSEM with the
parameters of 400 x 400 matrix size (pixel size 2.04 mm)
with zoom 1, and 3 mm Gaussian filter. The number of
used iterations were varied as follows: 1, 3, 6, 9 and 12.
https://globalmedicalphysics.org/
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21 and 24 subsets were applied for the implemented
TOF
and
OSEM
reconstruction
algorithms
respectively (software version Syngo MI.PET/CT
2009C\2012A). Scan time of 3 minutes was used as an
equivalent scan time for real patient and activity
background of 5 kBq/ml.

The ROC curve and area under the curve (AUC) are the
evaluated parameters of the analysis because they show
how reliable and effective is the test. The tests with the
ROC curves furthest into the top left corner of the graph
is the optimal [27]. The values for AUC normally ranges
from 0.5 to 1, therefore the test with higher AUC values
yields better result [26].

Data Analysis and Evaluation

For the ROCKIT software to work the condition of the
test depending on the type of data available; it could be
single, double, etc. then define the cases (meaning the
lesion and non-lesion or positive and negative data).

The image reconstruction was performed on the
PET/CT Syngo workstation system; the reconstructed
series of inages consists of 81 slides with 2 mm.
The MATLAB code was developed to reads the
metadata information and display the images in initial
size magnification from the acquired raw data. A
region of interest (ROI) option of 3x3 and 5x85 pixel
size on the sphere lesion and background was
implemented while the number of total ROIs is fixed.
The pixels intensity values belonging to the ROIs were
extracted and their maximum, mean and standard
deviation values were computed and stored in an
excel folder.
The comparison between the two regions (Hot lesion
and background) is performed to determine any
differences between. This is relevant at the ends of hot
lesion where lesion and background becomes more
difficult to distinguish, so it needs an automatic
procedure to classify whether is the lesion or
background. This could enable us to evaluate the
reliability of these two region conditions as
demonstrated in figure 2. The t-test and receiver
operating characteristic (ROC) analysis were used to
evaluate the data collected using MATLAB code.
A simple statistical t-test was selected to serve as an
automated detection criteria since the length at which
the lesion has been spread into the reconstructed
image is unknown. The large t-value signifies the
more likely for the lesion to occur. To make a more
complete differentiation between two or more
conditions, an ROC analysis was performed. Thence,
ROC can serve as a used method to validate the tvalues of several conditions. The ROC area under the
curve would enables one to know and determine the
best test out of the analysed data. Avreceiver
characteristic curve (ROC) was carried out using
ROCKIT (WINDOWS version 1.0.1 BETA 2, metz-rocuchicago.edu.) University of Chicago software.
An ROC is a graphical representation that describes
the performance of a dual classifier (or tests) by
plotting true positive rate/fraction TPR (i.e.
sensitivity) on the y-axis and false positive
rate/fraction FPR on the x-axis [26].

Figure 2. Example of the ROI position (3x3 and 5x85 sizes) set on the background and
hot lesion using the MATLAB code.

Results
The t-value ROC results for reconstruction algorithm
OSEM and OSEM+TOF are presented in this section.
The tests were evaluated for lesions of different sizes
using several iterations. It was analyzed the
detectability performance of these algorithms and how
significant the iterations might contribute to the
detection of the lesions.
The reconstructed PET images using OSEM and
OSEM+TOF with different iteration number are
presented in figure 3. The slice image number 46 where
all the spheres are visible was chosen for comparisons.
The images show that the background noise and
contrast increases as the number of iteration increases
for OSEM and OSEM+TOF algorithms. In both
algorithms the image for 1-iteration has low resolution;
nevertheless the hot lesions are better visualized in
OSEM+TOF image.
Figure 4 shows the behaviour of the ROC curve analysis
in comparison of four sphere hot lesions (10 mm, 13
mm, 17 mm and 22 mm) for OSEM with 1-iteration. The
large sphere yield high AUC compared to the small
spheres considering the ROC curve criterion.
On the other hand the result of 13 mm sphere
https://globalmedicalphysics.org/
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OSEM

OSEM+TOF

46
OSEM Iteration1
1.0

True positive fraction (TPF)

crossovers, the 17 mm sphere which was not expected
under normal circumstances due to high activity
concentration on that sphere. The difference in ROC
curves between the small lesion (10 mm) and large
lesions are wide. However, the graph shown in figure
4 was almost the same with that of OSEM 3-iteration
results.
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(a)

Image comparison between OSEM and OSEM+TOF for iteration1 with
24/21 subset

Figure 4. ROC curve for OSEM iteration-1 comparing the hot lesions detection
performance of different size 10, 13, 17 and 22 mm.

OSEM Iteration6

(b)

(c)

Image comparison between OSEM and OSEM+TOF for iteration3 with
24/21subset

True positive fraction (TPF)
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Figure 5. ROC curve for OSEM iteration-6 with an arrow demonstrating the gap
variation between 13 mm and 17 mm spheres compared to iteration 1 and 12.

OSEM Iteration12

(d)

(e)

Image comparison between OSEM and OSEM+TOF for iteration9 with
24/21 subset

Image comparison between OSEM and OSEM+TOF for iteration12 with
24/21 subset

Figure 3. The images from (a) to (e) shows the reconstructed PET image slide 46
for comparison between OSEM and OSEM+TOF with several iterations.
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Figure 6. ROC curve for OSEM iteration-12 showing the impact of iterations.
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Figure 7. An ROC curve for OSEM+TOF iteration1 comparing the hot lesions
detection performance of different size.

Figure 10. Showing the graphs of OSEM AUC values depending on the lesion size
and iteration number.
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Figure 8. An ROC curve for OSEM+TOF with 6 iterations with non degenerate
data of 22 mm hot lesion sphere.

Figure 11. Showing an OSEM+TOF AUC values depending on the lesion size per
iterations.
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Figure 9. An ROC curve for OSEM+TOF with iterations 9 and 12.
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Figure 12. An ROC curve for OSEM with all spheres grouped together for each
iteration.
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The area under the curve (AUC) depending on the
lesion size and iterations for OSEM algorithm is
presented in figure 10. It could be observed from this
graph that the iteration has impact in lesion detection
based on the lesion size. The small lesion (10 mm) is
much more obstructed and difficult to visualize than the
large lesions. This could be the reason its AUC increase
with increase in iteration while for the large lesion size
it decrease with increase in iteration.
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Figure 13.: An ROC curve when the spheres were combined together for
OSEM+TOF depending on number of iterations.

Figure 5 and 6 display the comparison ROC curve
corresponding to figure 4 with 6 and 12 iterations,
showing how influence the iteration could have in
detection performance of mostly 17 mm, 13 mm and
10 mm lesions. Looking at these two graphs for
iterations 6 and 12 there is an improvement in the
curves distant separation between the lesion spheres.
For iteration-6, it was observed that the gap between
13 mm and 17 mm curves start to shrink compared to
iteration-1 as shown by an arrow in figure 5.
In figure 6, the gap between 13mm and 17 mm
becomes narrow and close to each other towards the
left corner of the curves as iteration increases and
more interpolation points occurs, unlike in 1-iteration.
The same behavior observed for iteration-9. The gap is
a very good sign for the impact of iteration.
Figure 7 shows an ROC curve of OSEM+TOF with 1iteration and the corresponding results with 3
iterations. Ideally the detection performance of any
kind of lesions depends on some factors which
include size of the lesion and therefore it is expected
to get better result in large sphere size as shown
below. The result for 17 mm and 22 mm showing a
straight line in the graph, this is because the data for
both test conditions are degenerate and imply perfect
decision performance. It was also indicated in the
software that the 17 mm marginal data is not perfect
as 22 mm sphere marginal data, though they all
produce degenerate data at 1 & 2 iterations. Figure 8 is
an ROC curve for 6 iterations which delivered the
same result as iteration 1 & 3 with the exception of the
22 mm sphere result.
Figure 9 shows an ROC curve of OSEM+TOF
representing iteration 9 and 12. It differs with
iteration-6 at 10 mm and 13 mm where they cross each
other.

Figure 11 displays an AUC curve for OSEM+TOF of
different iterations and sizes. It was observed from this
graph that the AUC for 17 mm lesion size was very
perfect with degenerate outcomes on all the iterations.
While the 22 mm lesion size delivered degenerate
outcomes only on 1 and 3 iterations and its AUC
decreases with increase of iterations. However, for 10
mm and 13 mm lesions size, the AUC decreases with
increases in iterations and mostly the same values were
obtained at large iterations.
The method of combining the lesion spheres data
together for each iteration was introduced in order to
observe the performance of iterations in general
perspective by not considering only a particular size of
lesion; especially for the OSEM+TOF where degenerate
data was obtained at some sphere hot lesions (such as
17 mm and 22 mm in 1 and 3 iterations). The entire four
sphere lesions for each iteration were grouped together
as a single test condition, then an individual iteration
test was carried out and obtained the result as shown in
figures 12 and 13.

Discussion
The results of this work have shown a meaningful
difference in PET images lesion detectability between
small lesion (mainly 10 mm lesion) and large lesions for
both OSEM and OSEM+TOF algorithms. Ideally, the tvalue obtained in this study by comparing the pixels
intensities of the two ROIs (one on the hot lesion
spheres and the second on the background) could not be
sufficient enough to achieve the main purpose (i.e.
detection performance of algorithms). Due to this an
ROC analysis using ROCKIT 1.1B2 software was
performed in order to observe the detectability
performance and characteristics of each algorithm, then
notice how reliable they are based on the size of the
lesion and number of iteration; several results were
shown.
The ROC curve for OSEM iteration-1 shown in figure 4
delivered a good and expected representation of the
curves for 10mm, 17mm and 22 mm, but for 13 mm it
was quite abnormal considering its size. Ideally, the
curve of 13 mm hot lesion sphere should not jump over
17 mm hot lesion sphere of competing with 22 mm hot
lesion sphere because this shows that the detection
https://globalmedicalphysics.org/
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performance of 13 mm sphere is better than that of 17
mm sphere and nearly equal to 22 mm sphere.
Therefore, this totally violate one of the detection
condition, which says the large the lesion the more
simple and better to detect [18]. A probable reason for
this behave could be due to the improper positioning
on exactly the centre of the hot region, the ROI size,
noise in the image, number of iterations etc. This
could be improved if the ROI size is reduce to a very
small size (2x2 pixels) as used by Huang et al [19]. In
their research, they used only two pixel values at the
centre of the ROI and compared the results of true and
detected location by several criteria used. One may
also use a large size to cover the whole region, so that
it can take into account all the maximum pixel values
within the region as it shown in. The number of
iteration has influences on the problem of 13 mm
sphere curve crossing over 17 mm sphere. It was
observed in figures 5 and 6 (i.e. graphs of iteration 6
and 12) that the increase in iterations reduced the
visibility performance of 13 mm sphere.
Figure 12 describe the performance of the OSEM
algorithm with respect to iterations not on specific
lesion size. It was observed that the curves for
iterations 6, 9 and 12 interpolate each other because
they have better resolution and contrast than
iterations 1 and 3. Despite the low spatial resolution
and contrast on the images for iterations 1 and 3 but
still they displayed a better AUC. Besides, small
iterations yield good performance than large
iterations. Nevertheless, for the AUC obtained for all
four spheres of several iterations in figure (10) shows
how significant the iteration can contribute in
detecting the lesions no matter how the size is.
According to the AUC graphs in figure (10), shows
that the detection of small lesions is much better with
high iterations, whilst for the large lesions detection
low iterations seems to be better so no need of
applying high iteration for them.
However, as it was expected the implementation of
TOF in PET system could improve the lesion detection
process for any algorithm combine with TOF. So far,
OSEM+TOF seem to yield a better result than the
OSEM alone. Figure (13) displays the expected curves,
i.e. with small AUC values at small lesions and vice
versa for large ones. Besides, for the large spheres it is
still atypical because the algorithm detection
performance for 17 mm sphere should not be the same
with 22 mm sphere by considering their difference in
size. However, both the two large spheres yield a
perfect result (i.e. degenerate data) for iterations 1 and
3. For the large iterations, 17 mm sphere still
maintains its degenerate outcomes, while 22 mm
sphere was not degenerate at those iterations.
Nevertheless, the measured degenerate data could be
compensated by reducing the amount of the activity

49
concentration between the lesion and background (i.e.
activity ratio less than 4:1) as used in [10, 19]. It was also
observed that the activity concentration was less confine
and not homogeneously distributed on 22 mm sphere
hot lesion than that of 17 mm sphere hot lesion, which
might be the reason why 17 mm sphere gives better
detection performance for large iterations. The
evaluation could be improved if short measurement
time and lower contrast are applied. Another way to
improve the evaluation might be by using another type
of phantom as used in [5, 10] and [28].
Again, the evaluation could be improved by performing
a nonparametric test instead of t-test. Because u-test
value is more robust than t-test and it is against
violation of the assumption in image. Moreover, u-test
does not consider normal distribution instead uses rank
data. The AUC can serve as an automated procedure in
lesion detection, because it shows the capability of the
test performance without any observer.
This study has limitation; only two algorithms were
evaluated in this work using single test method and
therefore adequate test criteria for analysis validation
and more reconstruction algorithms to be tested are
required to perform.

Conclusion
The work shows that a new approach using t-test is
possible for lesion detection. This allows automating the
comparison of different image reconstruction
algorithms. It could also serve as a procedure for lesion
detection quality assurance in PET images. The AUC
supplied the automated information for the lesion
detection and visualization by the algorithms. The large
t-value signifies the more likely for the lesion to occur.
It was observed that the OSEM+TOF seems to be better
in lesion detection performance for the whole
investigated hot lesion spheres of several sizes (10 mm,
13 mm, 17 mm and 22 mm) per iterations than OSEM.
Although the difference between the two algorithms
were insignificant especially on large iterations.
The work has shown the impact of iteration on the
algorithm detection performances based on lesion size
between low (better for large lesion size detection) and
high (which are better for small lesion detection).
It has been recommended to use other measurements
with lower contrast to better differentiate difference
algorithm, in future measurement. However, there is
need to apply a different test method like U-test to
improve the test evaluation, which might produce
better result than t-test method due to its less
assumption on data. More reconstruction algorithms are
required to be evaluated as well.
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