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Abstract

Purpose A new method of using a convolutional neural network (CNN) to perform automatic tumor segmentation from two-
dimensional transaxial slices of positron emission tomography (PET) images of high-risk primary prostate cancer patients is
introduced.

Methods We compare three different methods including (1) usual image segmentation with a CNN whose continuous output
is converted to binary labels with a constant threshold, (2) our new technique of choosing separate thresholds for each image
PET slice with a CNN to label the pixels directly from the PET slices, and (3) the combination of the two former methods
based on using the second CNN to choose the optimal thresholds to convert the output of the first CNN. The CNNs are trained
and tested multiple times by using a data set of 864 slices from the PET images of 78 prostate cancer patients.

Results According to our results, the Dice scores computed from the predictions of the second method are statistically higher
than those of the typical image segmentation (p-value<0.002).

Conclusion The new method of choosing unique thresholds to convert the pixels of the PET slices directly into binary tumor

masks is not only faster and more computationally efficient but also yields better results.

Keywords Convolutional neural network - Deep learning - Positron emission tomography - Prostate cancer -

Tumor segmentation

Introduction

Prostate cancer is one of the most common cancer dis-
eases, with circa 1.4 million new cases estimated worldwide
yearly (Global Cancer Observatory 2022). The cancer typ-
ically progresses very slowly causing either no symptoms
at all or minor problems with urination, but it can develop
into a metastatic cancer by spreading into the bones of the
spine and pelvis (Rawla 2019). The treatment options include
surgery, radiotherapy, hormonal therapy, and active surveil-
lance (Sciarra et al. 2018).

To image the prostate patients, a nuclear medicine imag-
ing method known as positron emission tomography (PET)
is commonly used. During the imaging, a patient is first
injected with radioactive tracer substance, the positrons emit-
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ting from the unstable tracer collide with the own electrons of
the human body, and a PET scanner detects the gamma quanta
produced in the electron-positron annihilation. The resulting
PET image shows how the radioactive substance has spread
into the patient’s body, and by choosing such tracer substance
accumulates in the cancerous cells due to their higher activity,
cancer tumors can be detected (Townsend 2004).

One routine task required for interpreting PET images of
cancer patients is tumor segmentation, which means par-
titioning image into two or more segments so that areas
depicting cancer tissue can be labeled as positive and the
rest as negative. It is often required that a medical expert
divides each three-dimensional PET image into transaxial
slices and considers these slices separately. Since this is
time-consuming and repetitive work, different learning tech-
niques have been developed to assist in it Blanc-Durand et al.
(2018); Guo et al. (2018); Kostyszyn et al. (2021); Liedes
et al. (2023); Sharif et al. (2010). Especially, a convolutional
neural network (CNN) is well-suited for processing medical
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images because, when receiving image data, the CNN can
understand the spatial relationships of the input. When one
gives a PET image to a CNN designed for image segmen-
tation, the CNN returns a matrix of the same size, and by
choosing a suitable threshold, the numbers in the output can
be converted into binary digits that correspond with the labels
of each pixel.

However, comparing the predicted binary masks and the
PET images raises the question whether it is possible to create
the mask directly from the original PET image by choosing
a suitable threshold to classify the pixels. Namely, cancerous
tissue contains more tracer substance, and its pixels therefore
have higher values in the PET image than their background,
and if the image is restricted to the prostate only, there are
no other regions with high concentration of tracer that would
produce false positive values. In some cases, it is possible
that the tracer concentration in full bladder hides the tumoral
activity, but the patients are typically instructed to empty their
bladder before imaging. To work properly, this method would
require finding individual thresholds for each transaxial slice,
but this task can be also performed with a CNN. Because it
is possible that there are background negative pixels with
higher values than pixels with cancer, even the best thresh-
olds would not always result in perfect accuracy, but this
unavoidable error is minimal compared to the inaccuracies
of a CNN performing regular segmentation. Furthermore,
this error could be fully avoided by giving the CNN finding
thresholds the output of the CNN performing segmentation.

In this article, we compare three methods using a CNN
to perform tumor segmentation for transaxial slices from the
PET images of prostate cancer patients, including (1) typical
image segmentation with a CNN whose continuous output
is converted to binary labels with a constant threshold, (2)
choosing a unique threshold for each image PET slice with
a CNN in order to label the pixels directly from these PET
slices, and (3) combining the two former procedures by giv-
ing the continuous output of the first CNN to the second CNN
that chooses the optimal thresholds to convert it into binary.

Materials and methods
Software requirements

The CNNs were built and evaluated by using Python (ver-
sion: 3.9.9) (van Rossum and Drake 2009) with packages
TensorFlow (version: 2.7.0) (Abadi et al. 2015), Keras (ver-
sion: 2.7.0) (Chollet et al. 2015), and SciPy (Virtanen et al.
2020) (version: 1.7.3), and the data was visually inspected
with a medical imaging processing tool called Carimas (ver-
sion: 2.10) (Rainio et al. 2023).

@ Springer

Data

The data of this study was collected from 78 male patients
with prostate cancer, who visited Turku PET Centre in Turku,
Finland, for imaging during the time from March 2018 to
June 2019. The mean age of the patients was 70.9 years with
a standard deviation of 7.59 years, and all the patients were
treatment naive. Some of these patients had bone and lymph
node metastases, but here, we focus only on the cancer tissue
of the primary tumor in the prostate. All participants were at
least 18 years of age and consented to research use of their
data, and this study was approved by the Ethics Committee of
the Hospital District of Southwest Finland (research permis-
sion number: 11065). The same data is used in the articles
(Anttinen et al. 2021; Malaspina et al. 2021), which offer
more medical details about the patients.

Each patient was first given a dosage of '8F-prostate-
specific membrane antigen-1007 ('3F-PSMA-1007), after
which a combined PET and computed tomography (CT) scan
was performed with Discovery MI digital PET/CT system
(GE Healthcare, Milwaukee, WI, USA). Due to the size lim-
itations of this camera, the height of one three-dimensional
image can only be 20 cm, but larger CT and PET images of the
patients were obtained by taking multiple three-dimensional
images so that the bed holding the patient’s body is moved
alongside the camera after each image. During the imagin-
ing, the patients lay on their back with their arms stretched
above the head and the area from the top of the head to the
upper thighs was scanned in 5-6 bed positions.

Because of the size differences of the patients, 13 patients
had PET and CT images containing 341 transaxial slices,
while the rest 65 patients had images of 395 transaxial slices.
Each of these slices was of size 256 x 256 pixels in the PET
images and 512 x 512 pixels in the CT images, and the voxel
size was originally 2.734mm x 2.734mm x 2.79mm for the
PET images and 0.98mm x 0.98mm x 2.79mm for the CT
images. However, the PET and CT images were converted
to two separate NIfTT files, both of which contained either
512 x 512 x 341 or 512 x 512 x 395 voxels of the size
0.977mm x 0.977mm x 2.79mm. A physician created three-
dimensional binary masks of this same size to indicate all the
voxels with cancerous cells in the primary tumor.

Transaxial slices depicting prostate cancer tumor were
separated from the whole PET images with the help of
the binary masks, these slices were converted into two-
dimensional NumPy arrays of size 512 x 512, the borders of
a fixed square [184 : 312, 148 : 276] were cropped out from
each slice, and these 128 x 128 squares were scaled into a
new size of 64 x 64 pixels. The location of this square is
plotted to one transaxial slice from a CT image in Fig. 1, and
as can be seen, it is between the bones of pubic symphysis



Research on Biomedical Engineering

Fig. 1 The chosen region of interest shown as a white square in a
transaxial slice from a CT image of one prostate cancer patient

and ischial tuberosity and contains the prostate. It was also
checked from the binary masks that all their positive pixels
are inside this square. The binary masks were then similarly
cropped and scaled into the size of 64 x 64 pixels so that a
pixel in the new mask was labeled positive if at least one of
the corresponding four pixels in the original mask was pos-
itive. The numerical values of the pixels in PET slices were
scaled onto the interval [0, 1] for each slice individually.

The final data contained 864 transaxial PET slices with
1-685 positive pixels per each slice, and these slices were
from the 78 patients with 2-31 slices per patient. The data
was divided into six sets of 13 different patients so that each
set contained 145—-149 slices or, equivalently, 16.8—17.2% of
the data as shown in Table 1. In this way, we have six possible
test sets with no overlap, and for each potential test set, we
can set the contents of the five other sets into the training
data. No information from the CT images was included in
the final data.

Table 1 The six potential test sets, the total number of slices in the
set, their percentage of all the slices in the final data, and the average
number of positive pixels in each slice of the set

Set Slices Size Pos. pixels Pos. pixels
per slice per patient

1 149 17.2% 133 1520

2 146 16.9% 99.4 1120

3 145 16.8% 78.7 878

4 149 17.2% 81.1 930

5 146 16.9% 94.6 1060

6 145 16.8% 97.1 1080

Convolutional neural networks

In this article, we use two CNNs that both follow the U-Net
architecture introduced in Ronneberger et al. (2015). The first
CNN used for typical image segmentation is the CNN built in
Liedes et al. (2023), except it was modified to suit for images
of 64 x 64 pixels. It has first a contracting path formed out of
three sequences, each of which contains a convolution layer,
a dropout layer, another convolution, and a pooling opera-
tion with ReLu activation functions. After the contracting
path, the CNN has a similar expanding path, which has two
sequences of three convolution operations, between of which
there are a concatenation layer and a dropout layer. At the
end of this CNN, there is a final convolution layer, but it has a
linear function instead of the ReLu function. The architecture
of this CNN is summarized in Table 2.

The second CNN used here to find suitable thresholds is
the CNN designed in Hellstrom et al. (2023). This CNN con-
sists of three pairs of convolutions, every one of which is

Table 2 The layers of the first U-Net-inspired CNN used for typical
image segmentation, the shape of the output of these layers, and the
number of parameters in them

Layer Output shape Parameters
InputLayer 64 x 64 x 1 0
Conv2D 64 x 64 x 16 160
Dropout 64 x 64 x 16 0
Conv2D 64 x 64 x 16 2320
MaxPooling2D 32 x32x 16 0
Conv2D 32 x 32 x 32 4640
Dropout 32 x32x32 0
Conv2D 32 x32x 32 9248
MaxPooling2D 16 x 16 x 32 0
Conv2D 16 x 16 x 64 18,496
Dropout 16 x 16 x 64 0
Conv2D 16 x 16 x 64 36,928
Conv2DTranspose 32 x 32 x32 8224
Concatenate 32 x 32 x 64 0
Conv2D 32 x32x32 18,496
Dropout 32 x 32 x32 0
Conv2D 32 x32x32 9248
Conv2DTranspose 64 x 64 x 16 2064
Concatenate 64 x 64 x 32 0
Conv2D 64 x 64 x 16 4624
Dropout 64 x 64 x 16 0
Conv2D 64 x 64 x 16 2320
Conv2D 64 x 64 x 1 17

The input shape of the first layer is 64 x 64 x 1, and the total number
of parameters is 116,753. All the parameters are trainable
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Table 3 The layers of the second U-Net inspired CNN used to find
thresholds for converting images into binary, the shape of the output of
these layers, and the number of parameters in them

Layer Output shape Parameters
Conv2D 62 x 62 x 16 160
Conv2D 60 x 60 x 16 2320
MaxPooling2D 30 x 30 x 16 0
Conv2D 28 x 28 x 32 4640
Conv2D 26 x 26 x 32 9248
MaxPooling2D 13 x 13 x 32 0
Conv2D 11 x 11 x 64 18,496
Conv2D 9%x9 x 64 36,928
MaxPooling2D 4 x4 x 64 0
Flatten 1024 0
Dense 64 656,000
Dense 32 2080
Dense 1 33

The input shape of the first layer is 64 x 64 x 1, and the total number
of parameters is 116,753. All the parameters are trainable

followed by a pooling operation, and then there is a 3-layer
feed forward after all these convolution-pooling sequences.
The CNN uses a ReLu activation function on every layer
except for the last one, whose ReLu function has been
replaced here by a linear activation function. Table 3 shows
the architecture of this second CNN.

The optimizer for both models was Adam (Adaptive
Moment Optimization) with a learning rate of 0.001. The
loss function was binary cross-entropy for the first CNN and
mean squared error for the second CNN. The first CNN was
trained on 30 epochs and the second one with 15 epochs, and
during training of the CNNs, 30% of the training data was
used for validation because these epoch numbers and this
validation split produced the best segmentation results in the
preliminary tests.

Evaluation of the models

For each predicted binary mask, we count the number of
ground-truth positive pixels predicted correctly (TP), nega-
tive pixels incorrectly labeled as positive (FP), and positive
pixels labeled as negative (FN), and then compute the Dice
score defined as

2TP

D=——— ¢c[0,1].
2TP + FP + FN

Clearly, the greater the value of this coefficient is, the better
the mask is, and its value of 1 means that each pixel was
labeled correctly. To find the optimal thresholds required as
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the dependable variable for the second CNN, we created a
function that chooses the two-digit threshold value between 0
and 1 that gives the maximum value of the Dice score when
this threshold is used to convert data into a binary mask.
Because the Dice scores do not follow the normal distri-
bution, we consider the median and the interquartile range
(IQR) for them instead of their mean values and standard
deviation. The IQR is the difference between the 75th and
25th percentiles of the data, and it measures the spread of
the data. For the same reason, we also use here the Wilcoxon
signed-rank test to estimate whether the differences in the
results of the three methods are statistically significant or not
instead of the better-known Student’s ¢-test.

Structure of the experiment

First, we choose one of the six possible test sets, re-initialize
the CNNs, and test all the three methods as follows: For the
first method, we train the first CNN with the PET slices of the
training set and their binary masks, compute the continuous
predictions from the PET images of both the training and the
test set, and find the constant threshold that gives the best
median Dice score when used to convert all the predictions
from the training set into binary masks and then use this
same threshold to turn the predictions of the test set into
binary masks. For the second method, we give our second
CNN the PET slices of the training set with their optimal
thresholds, train it, predict the results for the test set, and
use the predicted thresholds to convert the PET slices of the
test set into binary masks. For the third method, we first find
the optimal thresholds for the output of the training set from
the first CNN, train a re-initialized version of the second
CNN by giving it the predicted training data and the found
thresholds, predict the thresholds of the output of the test
set from the first CNN, and use these predicted thresholds to
convert this output into binary masks. The experiment is also
described in the flowchart of Fig. 2. Itis repeated for all the six
sets.

Results

It was checked for the sake of comparison that if an opti-
mal threshold was chosen for every PET slice separately, the
median of the Dice scores would be 0.969 with an IQR of
0.0588. If the same two-digit threshold was used for convert-
ing all the PET slices, the best possible threshold would be
0.41, which would result in a median Dice score of 0.558 with
an IQR of 0.457. For converting the continuous output of the
first CNN to obtain the results of the first method based on the
typical image segmentation, the thresholds 0.30, 0.19, 0.16,
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Fig.2 A flowchart showing the
structure of the experiment used
to obtain the predicted binary
masks from all three methods
for one specific training and test
set division

Train the 1st CNN
with the PET slices
of the training set
and their correct
binary masks

Predict continuous
output for train-
ing and test sets

Compute the optimal
thresholds to convert
each PET slice of the
training data directly
into a binary mask

|

Train the 2nd CNN
with the training
set and these
optimal thresholds

Find the constant
threshold that
gives the highest
median Dice for the
continuous output
of the training data

Compute the optimal
thresholds to convert
each slice in the
continuous output
of the training set
into a binary mask

Predict the thresh-
olds the PET slices of
the test set and con-
vert them into binary

l

Convert the con-
tinuous output of
the test set into
binary with this

I

Re-initialize the 2nd
CNN and train it
with this continuous
output and the

constant threshold

optimal thresholds

!

Predict the thresh-
olds for the continous
output of the test
set and use them
to convert this
output into binary

The 1st method

The 3rd method The 2nd method

0.31, 0.41, and 0.24 were used for the six test sets. Figure 3
also depicts the predicted values for the optimal thresholds
to convert the PET slices directly into binary masks against
the real values of these optimal thresholds for the first test
set.

Table 4 contains the medians and the IQRs of the Dice
scores, which were computed from the binary masks pre-
dicted with our three methods for the six different test sets
separately. As we can see, there is much variation caused by
the different training and testing data divisions, which is why
this table has also the medians and the IQRs of the Dice scores
of all the 864 predicted binary masks. When all the predic-
tions are considered, we can see that the median of the Dice
scores of the second method is the highest while the Dice
scores of the third method have the lowest median. Further-
more, the third method produces better binary masks in those
test sets that give the lowest values for the first method. There
is not much difference in the IQRs between the methods or

= = = =
- o [=:] (=]

Optimal thresholds

=
%]

=4
(=]

T T
0.0 0.2 04 06 0.8 10
Predicted thresholds

Fig.3 The predicted thresholds given by the second method to convert
the PET slices into binary masks against the optimal thresholds, when
the predictions are computed for the first test set by a CNN. The plot
also contains the least squares regression line whose slope is 1.08 and
intercept is —0.0611. Pearson’s correlation between these predicted and
the optimal thresholds is 0.872, and the coefficient of determination R2
is 0.764
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Table4 The median and the interquartile range (IQR) of the Dice scores
computed first from the predictions of each different test set separately
and then from the predictions over all the test sets for the three methods.
The maximum of each row is written in bold

Test set  1st method 2nd method 3rd method
Median IQR Median IQR Median  IQR

1 0.718 0.359  0.746 0.351  0.629 0.376
2 0.811 0.305 0.774 0.324  0.781 0.341
3 0.705 0.343  0.698 0.494  0.667 0.355
4 0.667 0.502  0.582 0.442  0.696 0.457
5 0.782 0.357 0.815 0.325  0.739 0.322
6 0.594 0433  0.594 0.394  0.653 0.447
Allsets  0.709 0.394 0.718 0.405  0.689 0.383

the test sets, but it must be noted that these values are very
high.

The p-values of the Wilcoxon tests between the Dice
scores of predictions given by the three methods are in
Table 5. By comparing this table to Table 4, we notice that
there is a statistically significant difference between the Dice
scores of the first and the second method only at those times
when the Dice scores of the second method have a higher
median. The p-values for the Dice scores from the predic-
tions of all the six sets also suggest that the second method
is better than the first one in a statistically significant way.
Furthermore, we see that the third method is also statistically
worse than the two first ones.

To showcase results visually, Fig. 4 contains one transaxial
PET slice in the first test set in Fig. 4A, its correct binary mask
in Fig. 4B, the continuous output of the first CNN in Fig. 4C,
this output converted into a binary mask with the constant
threshold 0.30 used for the whole test set in Fig. 4D, the PET
slice of Fig. 4A converted into a binary mask with a unique
threshold 0.440 given by the second CNN in Fig. 4E, and the
continuous output of Fig. 4C converted into a binary mask
with a unique threshold 0.313 given by the second CNN in
Fig. 4F. In other words, Fig. 4D, E, and F correspond with
our first, second, and third methods. The Dice scores for the

predicted binary masks in Fig. 4D, E, and F are 0.846, 0.789,
and 0.846, respectively. The optimal threshold for convert-
ing for the PET slice of Fig. 4A is 0.50, which would have
resulted in a fully correct binary mask. Additionally, Fig. 5
shows the four different segmentation results given by the
second method with Dice scores varying between 0.366 and
0.851.

Discussion

According to our results, a CNN choosing a threshold for
each transaxial PET slice separately to convert them into
binary masks works better than a CNN performing the typi-
cal image segmentation when measured with the Dice scores
of the predicted masks. The third method with a CNN finding
optimal thresholds for the output of the usual image seg-
mentation CNN performs worse than the two other methods,
possibly because it has more potential causes of error. Still,
if the CNN for typical image segmentation performs very
poorly for some reason, its results could be potentially fixed
by giving them the CNN that chooses unique thresholds to
convert them to binary masks.

However, since the differences between the accuracy of
these methods are relatively small, it is worth noting that
using a CNN to find optimal thresholds directly for the PET
slices is also considerably more computationally efficient.
This is because the U-Net architecture is based on using a
contracting and an expanding path so that the CNN can first
see the whole picture and then focus on the details. If the
U-Net CNN is built to choose suitable thresholds, it has less
layers and it does not need to carry so many values over
them because it only returns a single value for each image
slice instead of a two-dimensional matrix with as many ele-
ments as pixels in the input. This makes the CNN faster, and
because of its smaller number of weights, this new thresh-
old optimization method requires less epochs for the CNN
to converge, as noticed in the initial tests for this article.

One issue present with the predictions of all the three
methods is that the segmentation is either very good or

Table5 The p-values of the

1st vs 2nd method

1st vs 3rd method 2nd vs 3rd method

Wilcoxon test to study whether Test set

the differences in the median 1 0.00588

Dice scores between the three

methods computed from the 2 0.397

predictions of the different test 3 0.283

sets are statistically significant 4 0.885

t

orne 5 0.00245
6 0.0785
All sets 0.00181

1.40e—04 8.75e-07
0.00239 0.470
0.349 0.407
0.424 0.580
0.0689 1.34e-04
0.00734 0.977
0.0473 8.45¢e-05

The corresponding median Dice scores are in Table 4. The statistically significant values with 1% level of

significance are italicized
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Fig.4 Four transaxial slices
from the PET image of one
prostate cancer patient A, its
correct binary mask B,
continuous output of the first
CNN C, and the predicted
binary masks with three
methods D-F

Fig.5 A transaxial slice from
the PET images of prostate
cancer patients with the
annotated tumor outlined in
white and the predicted
segmentation given our second
method outlined in blue

(A) PET slice ) Correct binary mask ) Output of 1st CNN

(D) 1st method ) 2nd method ) 3rd method

10 20 30 40 50 60 10 20 30 40 50 60

(A) Dice score: 0.366 (B) Dice score: 0.682

o

10 20 30 40 50 60 10 20 30 40 50 60

(¢) Dice score: 0.785 (D) Dice score: 0.851
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almost fully wrong. In other words, there is a high amount
of variation in the results, as can be also seen in the IQRs
of the Dice scores. This issue could be likely solved if there
would be more data available to improve the training of the
models, which would improve the medians of the Dice scores
obtained. The methods studied here could be also potentially
improved by using images with higher resolution than 64 x 64
pixels, and it could also be examined what happens if the
pixel values of the PET slices are not scaled onto the interval
[0, 1] or the slices are converted to colored images instead
of using grayscale data. Adding anatomic information from
multiparametric imaging could also improve results further.
Namely, a CT/PET scan was performed for all the patients of
this study, and while PET images give functional information
about tissues, the CT images offer anatomical information
about prostate size and location.

Another idea for the future study would be to design
a CNN that can apply the threshold optimization method
for three-dimensional segmentation of the prostate can-
cer tumor. Recently, Kostyszyn et al. (2021) obtained the
Dice scores ranging 0.28—0.93 with median values of 0.81—
0.84 with a three-dimensional U-Net CNN trained on PET
images of 152 prostate cancer patients. Consequently, three-
dimensional image segmentation gives more accurate results
than two-dimensional segmentation, and our findings suggest
that choosing thresholds performs better than regular image
segmentation, so it would be interesting to see how well
the three-dimensional version of the threshold optimization
works. Furthermore, other possible topics of further research
could be studying how changes in the PET image acquisition
technique affect the results of segmentation.

The method of choosing unique thresholds with a CNN to
perform segmentation could be also applied into other topics
than the PET images of prostate cancer patients. One possible
issue of this method is that it also labels such ground-truth
negative regions outside of the prostate as positive if their
pixel values are high enough, but this problem could be fixed
with an algorithm removing the false positive segmentation.
Also, by choosing a few different threshold values instead of
one, this method could assist in the segmentation of colored
images. Given its theoretically best results had a median Dice
score closer to 97% here, this method certainly has much
potential.

Conclusion

Three different methods of utilizing a CNN to perform
intraprostatic tumor segmentation from 2D transaxial PET
slices were studied. Out of these methods, the first one was
typical image segmentation, the second one was using a CNN
for choosing suitable thresholds for classifying pixel values
in order to convert the images directly into binary masks, and

@ Springer

the third one was a combination of the former two methods.
The second and the third methods were fully new techniques
introduced here for the first time. By analyzing the Dice
scores of the predicted tumor masks, it was noticed that the
second method performed the best. In fact, this new method
works better than the typical image segmentation in a statis-
tically significant way and is considerably faster and more
computationally efficient.
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