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2 Populärvetenskaplig sammanfattning

KAN EN DATOR LÄRA SIG BRUSREDUCERA
NUKLEAR-MEDICINSKA BILDER?

Inom nuklearmedicinsk bildtagning in-
jiceras en patient med ett läkemedel bun-
det till en radionuklid. De fotoner som
emitteras kan detekteras med en gam-
makamera, vilket ger en planar bild av
hur läkemedlet tagits upp i kroppen. Brus-
niv̊an relaterar till antalet fotoner som
detekteras. En längre bildtagningstid
och högre injicerad aktivitet minskar
brusniv̊an, men ökar sannolikheten för
rörelseartefakter respektive DNA skador.
Alternativa metoder, exempelvis, filter
kan användas för brusreducering, men p̊a
bekostnad av upplösningen i bilden. Syftet
med maskininlärning är att lära en dator
brusreducera nuklearmedicinska bilder och
samtidigt försöka bibeh̊alla upplösningen.

MASKININLÄRNING

Maskininlärning är en subkategori inom
artificiell intelligens, där en dator tränas
till att lösa ett problem med hjälp av
indata och utdata. Detta kallas väglett
lärande. Träningen g̊ar ut p̊a att mata en
algoritm med indata och utdata, som de
träningsbara parametrarna i algoritmen
justeras utefter. Fr̊an den färdigtränade
algoritmen f̊as en modell, som utifr̊an in-
data som modellen inte tränats med ska
kunna ge en prediktering.

TRÄNINGSDATA

För att träna en modell med indata och
utdata måste algoritmen ha tillg̊ang till

en stor mängd träningsmaterial. Att
tillhandah̊alla nuklearmedicinska bilder
fr̊an kliniken är b̊ade omfattande och
onödigt. Utdatan -vilket inom mask-
ininlärning benämns labels- simulerades
istället fram med virtuella patienter och
en virtuell gammakamera, programvaran
som användes var XCAT respektive SI-
MIND. En gammakamera kan simuleras
eftersom radioaktivt sönderfall och foton-
interaktioner är slumpmässiga processer,
som kan modelleras med Monte Carlo
metoden. Via Monte Carlo metoden kan
en foton sp̊aras fr̊an sönderfallsplatsen
ända in i den virtuella gammakameran.
Labels som simulerades fram med SI-
MIND var brusfria. Indatan bestod av
kopior av labels med Poisson distributerat
brus. Inom maskininlärning benämns in-
data för samples. Varje sample hade en
label, vilket motsvarade den brusiga re-
spektive brusfria bilden. Label bilderna
simulerades för radionukliden 111-In.

MASKININLÄRNINGS
ARKITEKTUREN UNET

Maskininlärningsarkitekturen som valdes
för att brusreducera de planara gam-
makamerabilderna kallas UNET, och
best̊ar av en expansiv och en kontra-
herande del, vilket ger dess U-formade
utseende. Den kontraherande delen min-
skar dimensionerna p̊a indatan för att
extrahera olika drag och mönster fr̊an
samples via den matematiska operatio-
nen faltning. Den expanderande delen
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förstorar dimensionerna istället. Även
den expanderande delen best̊ar av falt-
ningsoperationer.

RESULTAT OCH SLUTSATS

UNET modell tränad med normaliserad-
data kunde brusreducera planara gam-
makamera bilder, men presterade sämre
än Butterworth filtret om man tittar
p̊a de normaliserade profilerna. Butter-
worth filtret är ett standard filter som
används inom kliniken. Problemet med
att använda normaliserad data är att man
behöver en konverteringsfaktor till ak-
tivitetskoncentrationer. Det man m̊aste
ha i åtanke är att alla maskininlärnings

modeller är till n̊agon grad anpassad till
träningsdatan (overfitting). För att träna
en modell som presterar bättre och är
mer generaliserad, och kan ge en godty-
cklig prediktering för data som modellen
inte tränats p̊a, behövs en stor mängd
träningsdata med en stor spridning bland
de virtuella patienterna. Att f̊a en stor
spridning bland de virtuella patienterna
var utmanade, eftersom tillg̊angen p̊a bas-
fantom i XCAT var begränsad. P̊a bas-
fantomen applicerades små ändringar för
att skapa nya fantom. De ändringar
som applicerades p̊a basfantomen var
eventuellt bristfälliga för att representera
en stor patientpopulation.
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3 Abbreviations

SPECT- Single-photon emission computed tomography
PMT- Photo-multiplier tubes
SNR- Signal to noise ratio
AI- Artificial intelligence
CNN- Convolutional neural network
ReLu- Rectified linear unit
GD- Gradient descent
MSE- Mean squared error
SGD- Stochastic gradient descent
MAE- Mean absolute error
FCN- Fully convolutional network
PET- Positron emission tomography
MSSIM- Mean structural similarity index
SSIM- Structural similarity index
NRMSE- Normalized root mean square error
PSNR- Peak signal to noise ratio
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4 Abstract

Background: The project aims to reduce the noise in planar 111-In projections with
a machine learning model.

Method: Sixteen base phantoms were used to create 696 phantoms in XCAT. An
anterior planar projection was simulated with 111-In and ten uptake curves for each
phantom in SIMIND. From the 6960 simulated planar projections, 55600 sample and
label pairs were created by adding Poisson distributed noise, scaling, rotation, and
shift. The label was the noiseless representation of the sample. The normalized sam-
ple and label pairs were used to train four UNETS with different hyperparameters.
The UNETs were evaluated with the metrics mean NRMSE (normalized root mean
square error), mean PSNR (peak signal to noise ratio), and mean MSSIM (mean
structural similarity index). A fifth UNET was trained with 55600 sample and label
pairs without normalization. A UNET trained with and without normalized training
data was compared to a standard Butterworth filter. The comparison was performed
using the normalized profiles from the different images.

Results: The smallest mean PSNR was 53. The largest mean NRMSE was 0.19 and
the mean MSSIM was 0.81. The difference in the means between the UNETs for the
different evaluation metrics was evaluated with a one-way ANOVA test for the test
data containing no augmentation added except scaling. The one-way ANOVA test
showed no statistical difference between the means for the different UNETs with re-
gards to the calculated PSNR and NRMSE values. However, a statistically significant
difference was found between the means of the different UNETs for the calculated
MSSIM values. The Butterworth profile was more consistent with the ground truth
label for the test data than the profiles from the UNETs trained with normalized and
un-normalized data. The UNET from the un-normalized resulted in blurrier predic-
tions compared to the UNET trained with normalized data.

Conclusions: The UNET can reduce the noise in scintillation camera images with
a high noise level. However, the UNET trained could not recover details such as the
ribs. Further work is needed to optimize the training data and the architecture to
recover details lost in the imaging processing. The images from the UNET trained
with normalized training data were not as blurry as the images filtered with the
Butterworth filter.
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5 Introduction

Scintillation camera images have limited spatial resolution and a large amount of
Poisson distributed noise. A wide range of noise-reducing filters is available for ex-
ample the low-pass Butterworth filter. However, most noise-reducing filters reduce
the noise at the expense of resolution loss. Different convolutional neural networks
have been proposed and have shown good results for photographic images. However,
training a convolutional neural network for scintillation camera images is challenging,
since noiseless images are required. Moreover, enhancement of medical images re-
quires that no false information is added or crucial information is lost in the process.
The enhancement should solely reconstruct information lost in the image acquisition.

6 Aim

This thesis aimed to:

1. investigate if a specific convolutional neural network, the UNET, can be trained
to reduce the noise in 111-In planar projections simulated with a virtual gamma
camera.

2. compare the UNET model’s performance to a Butterworth filter.

1



7 Background

7.1 Nuclear Medicine Imaging

Nuclear medicine imaging utilizes the photon decay of a radioactive isotope labeled
to a pharmaceutical. Since the pharmaceutical corresponds to an uptake mechanism
in the patient, the image retrieved from a photon position-sensitive detector system
reflects the organ function. The images have several clinical applications such as
diagnosis of pulmonary embolism and tumor diagnosis.

7.2 Scintillation Camera Principles

The scintillation camera is a position-sensitive detector system for planar imaging
and single-photon emission computed tomography (SPECT), see figure 2. The main
components are a collimator, a scintillation crystal and photo-multiplier tubes (PMT)
[1], see figure 1.

The collimator filters the incident photons by direction. The aperture is an array of
lead consisting of holes and septa, with various geometric designs available. Nuclear
medicine imaging utilizes, for example, parallel-hole collimators made of parallel holes
and septa.[2] The parallel hole collimator attenuates photons with an oblique inci-
dence angle, whereas photons with a direction parallel to the holes are transmitted
through the collimator and can impinge the crystal.[1]

The photon interacts and ionizes atoms in the crystal, and energy is transferred
to ejected electrons. The atoms are additionally excited by the electrons creating
electron-hole pairs. In inorganic crystals, for instance, the frequently used NaI(TL),
the electron-hole pairs migrate in the crystal lattice. Scintillation photons of visible
wavelengths are emitted when electron-hole pairs recombine between discrete states
in the forbidden band of the impurity atoms. These photons can not be reabsorbed
since the energy is not enough to excite an electron from the valence band to the
conduction band.[3]

The purpose of the PMT is to convert scintillation light to an electronic signal. The
PMT consist of a photocathode, where weakly bound valence electrons absorb in-
cident photons. If the absorbed energy exceeds the binding energy, the electron is
ejected. The emitted electrons are multiplied in dynodes followed by charge collection
in the anode. An array of PMTs is mapped to the crystal. The narrow beam of scintil-
lation photons diverges, generating a signal in multiple PMT. The photon interaction
site correlates mostly to the spatial coordinates of the PMT with maximum signal
intensity. The centroid coordinates of all the signals decrease the spatial resolution
compared to the PMT size, called the Anger logic centroid approach. Coordinates
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are collected and placed in an image array. The image is essentially a map, showing
the locations of radioactive decay.[2]

Figure 1: Dual headed gamma
camera.

Figure 2: The main components of a scin-
tillation camera based on Anger logic cen-
troid approach.

7.3 Scintillation Camera Image Noise and Spatial Resolution

The statistical error from the randomness of radioactive decay creates Poisson dis-
tributed noise in SPECT projections and planar scintillation images.[2] The Poisson
model estimates the number of events in a fixed time interval if the probability of
an event for each trial is small, the events are independent and appear at a constant
rate. An event in the scintillation camera can, for example, be detecting a radioac-
tive decay. The constant rate of events is valid when the number of nuclei is large
and the observation time is short compared to the specimens’ half-life. According to
the Poisson model, the mean value is equal to the variance, and the variance is the
squared standard deviation, hence

λ = σ2 , (1)

where λ is the mean value and σ is the standard deviation.[3] The signal-to-noise ratio
(SNR) can be expressed as,

SNR =
λ

σ
=
λ√
λ

=
√
λ . (2)

SNR is enhanced and image noise is reduced by increasing parameters proportional
to the mean, namely the administered activity and the time per projection.[2] The
former is restricted by the core value of targeted radionuclide imaging for therapies
and diagnostic: acquire image information with an absorbed dose as low as reason-
ably achievable (ALARA).[4] The latter is at the expense of patient convenience and
the risk of motion artifacts.[2] The count rate performance correlates to the image
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mean. Therefore the collimator’s geometric dimensions must be considered. However,
an increase in the geometrical sensitivity can not avoid an increase in the geomet-
rical spatial resolution. The trade-off between sensitivity and spatial resolution is
essentially a compromise between SNR and spatial properties of the acquired image.

7.4 Low-Pass Filtering in Frequency Domain

Low-pass filters reduce noise, therefore often used as a post-acquisition filter. On the
other hand, the filter also degrades the spatial resolution.[2] Low pass filtering in the
frequency domain filters high-frequency components and retains the low. The former
contains the details in the image and contributes to a significant amount of noise.
The latter contains the main features of the image. Filtering in the frequency domain
is defined as,

R(u, v) = W(u, v) ·G(u, v) , (3)

the filtered image R(u,v) is a multiplication between the unfiltered image G(u,v) and
the filter W(u,v). Several low-pass filters in the frequency domain are available, for
example, the ideal low-pass filter and the Butterworth low-pass filter. The Butter-
worth filter is preferred since the ideal low-pass filter is essentially a box function in
the frequency domain. The box function is equivalent to a sinc function in the spatial
domain, increasing the probability of ring artifacts, unlike the Butterworth filter with
a more graded transition from 0 to 1. The Butterworth filter is given by,

W(u, v)Butter,lp =
1

1 + (
D(u,v)
D0

)2n
, (4)

where n is the filter order controlling the slope of the amplitude, a higher value of n
gives a steeper slope, increasing the probability for ring artifacts. D0 is the frequency
where the amplitude has decreased from 1 to 0.5. The noise reduction increases for
a lower D0 value since more of the high-frequency components are filtered out, see
figure 3. However, the degradation of spatial resolution increases with the loss of
high-frequency components.
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Figure 3: A is the noisy image, B and C is the noisy image filtered with different
Butterworth filters. Image B is filtered with n=2 and D0 = 10, while image C is
filtered with n=2 and D0 = 30.

7.5 Machine Learning

Machine learning is a field of artificial intelligence (AI), where the algorithm learns
without human interference. Meaning, the algorithm filters out important informa-
tion and gains knowledge from the training data. The algorithm has not been explic-
itly programmed, note explicitly programmed algorithms is another subcategory of
AI. A trained model can make predictions on unseen data. In other words, data that
the model has not been trained with.[5]

Supervised learning is a sub-field of machine learning, and the training data contain
sample and label pairs. The label is the prediction we desire from the model
for a given sample.[5]

7.6 Convolutional Neural Networks (CNN)

A convolutional neural network (CNN) is a machine learning model that can be
applied to images since it is designed to extract array patterns. CNN is constructed
of three types of layers, namely convolutional, pooling, and fully connected. The
former are feature extractors and the latter maps extracted features in classification
problems to a class output. Feeding the output from one layer as input in another can
hierarchically extract more complex features. CNN architecture is often constructed
of a repeating set of layers, for example, a convolution layer or layers followed by a
pooling layer. In classification tasks, the repetition of layers is followed by at least
one fully connected layer. In the forward propagation, the input data is modified
through the layers giving output data.[6]
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7.6.1 Convolutional Layer

The convolution layer for a three-dimensional image and filter is based on discrete
convolution in two dimensions since striding is only performed in two dimensions.
In 2d convolution, the filter is stridden over the image, and stride is the distance
between two filter positions, denoted s. s > 1 shrinks the image. The image’s third
dimension represents the color channels. An RGB image has three color channels,
while a gray-scale image has one. Hence, the dimensions of the input image, A, are
given by.

dim(A) = (nH, nW, nC) , (5)

where nH, nW and nC are the height, width, and the number of color channels,
respectively. The convolutional layer takes the number of filters as an argument.
Each filter, K, in the layer has the same dimension, given by,

dim(K) = (f, f, nC) , (6)

where f is the width and the height of the filters. f is usually odd, often equal to
three, five, or seven. The two-dimensional convolution on volumes, namely the input
image and each filter is determined with,

O(x, y) = conv(A, K)x,y =

f–1∑
i=0

f–1∑
j=0

nC–1∑
k=0

A(x + i – nH/2, y + j – nW/2, k) ·K(i, j, k) ,
(7)

where A is the image matrix, K is a filter matrix also called kernel and O is the
resultant matrix or the feature map. x and y are the image matrix indices, whereas
i, j, and k are the kernel indices. The filters’ constitutes called weights are model-
parameters or learnable parameters, while the size, f, and the number of filters are
hyper-parameters. Model-parameters also called learnable parameters are
updated during training, while the hyper-parameters stay fixed. For equa-
tion 7 the number of trainable weights, #w can be calculated with,

#w = f · f · nC . (8)

According to equation (7), the kernel center never overlaps with the utmost elements.
Therefore, the output image, O(x,y), is smaller than the input image, A(x,y), if
zero padding is not added to A(x,y). Zero padding means surrounding the image
A(x,y) with zeros. Another less common padding option is edge wrap. The padding
parameter p is the number of elements added to each side of the width and height,
see figure 4.
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Figure 4: Image with and without padding p=1

The dimension of O(x,y) is a function of padding, p, and stride s, given by,

dim(O(x, y)) =

(
bnH + 2p – f

s
+ 1c, bnW + 2p – f

s
+ 1c

)
, (9)

if s > 0. p=0 means no padding is added. f=1 is essentially decreasing nC to 1
without changing nH and nW. For dim(A(x,y)) to be equal to dim(O(x,y)), p should
be set to,

p =
f – 1

2
. (10)

Multiple kernels are convolved with the input image forming a convolutional layer.
The output from the convolutional layer is several feature maps stacked in a three-
dimensional array. Each feature map contains different attributes extracted from
the image. Therefore the filters are often called feature extractors or kernels. For
example, a filter can be trained to recognize an edge and the feature map represents
the spatial locations where an edge can be found in the input image A. The CNN
consists of several layers, l, meaning the input image volume in a convolutional layer
is the output volume from a previous layer if l > 1. For layer l = 1, the input
image volume is equal to the input image volume in the CNN. The input and output
image volumes for a convolutional layer are denoted a[l–1] and a[l] with dimensions

dim(n
[l–1]
H , n

[l–1]
W , n

[l–1]
C ) and dim(n

[l]
H , n

[l]
W, n

[l]
C ), respectively. Meaning a[0] is the input

image volume for the CNN. Padding and stride can be adjusted between layers in a

CNN, hence the notation p[l] and s[l]. The number of filters in a layer l is given by n
[l]
C ,

where each filter and convolution operation is denoted with K(n) and n, respectively.

Thus ∀n ∈ [1, 2, ...., n
[l]
C ]. A convolutional layer, l, consist of an activation function,

ψ
[l], and a bias b

[l]
(n)

for each convolution n, see section 7.6.2. The nth convolution

operation in a layer l, can be expressed as,
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ψ
[l](b[l]

(n)
+ conv(a[l–1], K(n))x,y

)
= ψ[l]

(
b
[l]
(n)

+
f [l]–1∑
i=0

f [l]–1∑
j=0

n
[l–1]
C –1∑
k=0

a[l–1](x + i – f [l]/2, y + j – f [l]/2, k) ·K(n)(i, j, k)

)
,

(11)

The output from layer, l, is then,

a[l] =
[
ψ
[l](b[l]

(1)
+ conv(a[l–1], K(1))x,y

)
, ...,

ψ
[l](b[l]

(n)
+ conv(a[l–1], K(n))x,y

)]
,

(12)

and has the dimension,

dim(a[l]) =

(
b

n
[l–1]
H + 2p[l] – f [l]

s[l]
+ 1c, b

n
[]l–1]
W + 2p[l] – f [l]

s[l]
+ 1c, n

[l]
C

)
, (13)

if s > 1. Except for the weights, the bias b
[l]
n is also a model parameter. The total

learnable parameters for a convolutional layer is given by,

#w + #b = (f [l] · f [l] · n[l–1]C ) · n[l]c + n
[l]
c , (14)

where #b is the bias contribution to the total number of model parameters.[7] The
convolutional layer’s main characteristic is weight sharing, namely the same kernel
is stridden through the whole image. Weight sharing reduces the number of train-
able parameters in comparison with the fully connected layer. Convolutional layers
combined with downsampling, for example, pooling, can be used to extract spa-
tial hierarchies.[6] The in-and output pixel values of a convolutional layer are called
nodes.[8]

7.6.2 Non-linear Activation Function and Bias

Real-world problems can be complex, and the relation between inputs and correct
outputs is often non-linear. Non-linearity in CNN is introduced through non-linear
activation functions applied element-wise, see equation (7). The function can limit
the output values from a convolutional or fully connected layer to be in a finite
range, for example, the logistic function. The logistic functions have the characteristic
sigmoid curve or S-shaped curve, see figure 5. The sigmoid functions are known to
be bounded by two horizontal asymptotes x −→ ±∞ and are differentiable with a
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positive derivative for all real values. The logistic function is mainly used as the last
layer activation function for normalized CNN input data since the function maps the
values to be between (0,1). The logistic function is defined as,

f(x) =
1

1 + e–x
. (15)

The activation function’s derivative is essential for the back-propagation, the method
used to update the weights. The ReLU (Rectified linear unit) activation is preferred
over the logistic function since the logistic function has a more calculation demanding
derivative and vanishing gradients for x −→ ±∞. The ReLU function is given by,

f(x) = max{0, x} . (16)

The dying ReLU problem is caused by weight updating resulting in values ≤ 0 being
passed on to the ReLU function. The weights are not updated, since ReLU has a zero
derivative for values ≤ 0. The issue can partly be solved with Leaky ReLU defined
as,

f(x) = max{αx, x} , (17)

where α is a small constant.[9]

Figure 5: ReLU and sigmoid function.[6]

The bias is a learnable parameter that shifts the activation function with the term
b, which was added element-wise to each value in a feature map, see equation (11).
The bias makes the model more flexible.[6]

7.6.3 Kernel Initializers

Small kernel or filter values can result in small pixel values that can decrease as the
values pass through the layers in the network. Small values being passed on to the
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activation function can prevent weight updating. For values≤0 and larger negative
values have a small derivative for the ReLU and the sigmoid function, respectively.
For larger weight values, the pixel values can increase for each layer and become
massive especially with the ReLU activation function.[10] A suitable kernel initializer
can avoid decreasing and increasing the pixel values exponentially.[11] He normal is
a kernel initializer derived by He et al.[11] to resonate well with the ReLU activation
function. The He normal kernel initializer draws the weights from a truncated normal
distribution centered at 0 with the following standard deviation,

stddevHe =

√
2

f l · f l · nl–1C

, (18)

f is the filter size for layer l. nl–1C represents the number of feature maps if l > 1
or the number of color channels if l = 1, for the image volume inserted into the
convolutional 2d layer. The product f l · f l · nl–1C represents the number of weights a
filter or kernel contains in the convolutional 2d layer l.[11] He uniform is a kernel or
filter initializer, which draws weights from a uniform distribution within the bounds
[–limitHe, +limitHe]. The limitHe is set accordingly [12],

limitHe =

√
6

f l · f l · nl–1C

. (19)

Glorot and Bengio[13] pointed out that a random kernel or filter initialization is
unsuited when using a logistic sigmoid activation function. Glorot and Bengio[13]
further mention that the back-propagated gradients decrease while moving backward
in the machine learning algorithm. Consequently, the later layers’ learnable param-
eters or model parameters are updated to a larger degree than for the earlier layers.
Subsequently proposed the glorot uniform kernel initializer, which draws filter or
weight values from a uniform distribution within the bounds [–limitglorot, limitglorot].
The limitglorot is defined as,

limitglorot =

√
6

f l · f l · nl–1C + f l · f l · nlC
, (20)

where nlC represents the number of feature maps from convolutional 2d layer l.[13]
Glorot normal filter or weight initialization samples filter values form the truncated
normal distribution centered around 0 and the standard deviation is given by,

stddevglorot =

√
2

f l · f l · nl–1C + f l · f l · nlC
. (21)

The truncated normal distribution draws filter values from the normal distribution
and values acquired two standard deviations from the mean are re-sampled. The
mean and the standard deviation are usually set to 0 and 1, respectively.[14]
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7.6.4 Pooling Layer

The pooling layer takes a three-dimensional stack of feature maps or images as an
argument. The layer consists of a downsampling operation that reduces the dimen-
sions of nH and nW of each feature map or image; hence the number of channels nC
remains unchanged. The downsampled feature maps or images are more invariant to
small shifts. The operation does not contain any learnable parameters but decreases
the number of learnable parameters in the coming convolutional or fully connected
layer.[6] A filter is stridden through each feature map. At a certain filter position
several elements in the feature map are covered by the filter, and a pooling function
φ is applied to the covered elements, accordingly,

a
[l]
x,y,z = pool(a[l–1])x,y,z = φ[l]((a

[l–1]
x+i–1,y+j–1)

(i,j)∈[1,2,...,f [l]]2) , (22)

where a[l] and a[l–1] is the output and the input from a pooling layer l in the CNN,

with the dimensions (n
[l]
H , n

[l]
W, n

[l]
C ) and (n

[l–1]
H , n

[l–1]
W , n

[l–1]
C ), respectively. Note n

[l]
C is

equal to n
[l–1]
C . a[0] is the input image in the CNN. The filter has the dimension

(f [l], f[l]). φ pooling function can be a max function, that gives the maximum of a

set of numbers. For a given stride s[l] and padding pl(usually set to zero in pooling

layers), n
[l]
H and n

[l]
W are given by,

n
[l]
H = b

n
[l–1]
H + 2p[l] – f [l]

s[l]
+ 1c , (23)

and,

n
[l]
W = b

n
[l–1]
W + 2p[l] – f [l]

s[l]
+ 1c , (24)

respectively. The filter size (f,f) and stride s, are hyperparameters, typically set
to (2,2) and s=2 to reduce the image or feature map by a factor 2 in nH and nW
direction.[7]

7.6.5 Fully Connected Layer

The feature map from the last convolutional or pooling layer is flattened. The one-
dimensional array is inserted into a chain of one or several fully connected layers.
In each layer every input is connected with a weight to an output. Each input and
output are called node. The final number of outputs from the fully connected layers is
equal to the number of classes in the classification task. Each output should contain
the probability for a certain class.[6] The input vector’s dimensions for layer l are

defined as (n
[l–1]
H · n[l–1]W · n[l–1]C , 1). The number of input elements in layer l is,
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nl–1 = n
[l–1]
H · n[l–1]W · n[l–1]C . (25)

The output from node j in layer l,

a
[l]
j = ψ[l](z

[l]
j ) = ψ[l]

(
b
[l]
j +

nl–1∑
i=1

w
[l]
j,ia

[l–1]
i

)
, (26)

where a
[l–1]
i is an element, i, from the flattened one-dimensional vector from the

previous layer, for example, pooling, convolutional, or fully connected layer. The

activation function ψ[l](z
[l]
j ) for the last fully connected layer should be defined to give

the probability for a certain class. The number of learned parameters from layer l is
[7],

#w + #b = nl–1 · nl + nl . (27)

7.6.6 Training a CNN Algorithm

Supervised learning is a frequently used method to train a CNN algorithm. The
method maps CNN input data, samples, to the ground truth, labels. The trained
model can in turn predict on unseen input data. In order to adjust the model pa-
rameters according to the samples and labels, the forward propagation, mentioned in
section 7.6, is followed by backpropagation. Namely finding the gradients of a loss
function with respect to the model parameters. Sequentially the model parameters
are updated with a variant of gradient descent (GD). The loss function quantifies the
compatibility between the prediction from the forward propagation and the ground
truth and is a hyperparameter.[6] A commonly used loss function is the mean squared
error (MSE),see figure 6,

MSE =
1

N

N∑
i=1

(yi – ŷi)
2 , (28)

where yi is the output from the CNN, prediction, for a given sample and ŷi is the
associated label. If N is equal to the number of sample and label pairs in the training
set, the model parameters are updated with GD. Mini batch stochastic gradient
descent (SGD) is a form of gradient descent, where 1 < N <the size of the training
data set. N is called batch size if the algorithm is trained with SGD. In plain SGD
the model parameters are updated for a label and sample pair, meaning N=1.
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Figure 6: MSE for SGD with true value 100 and prediction in range (-10 000,10 0000).

MSE is sensitive to outliers since a large difference between the prediction and the
label is squared. However, machine learning aims for a generalized model that per-
forms well on average, and the MSE is not ideal since the function can put a lot of
emphasis on a single outlier. Unlike the mean absolute error (MAE), see figure 7,
which for GD is defined as,

MAE =
1

N

N∑
i=1

|yi – ŷi| , (29)

MAE is not squared, therefore more robust against outliers than MSE. The issue with
MAE is the constant gradient, which will be large even for small errors. Therefore
more prone to overshoot the minima of the loss function, the ideal solution for the
objective function. Unlike MSE, which has a dynamic gradient that decreases with
the error. Besides the gradient of MAE is not continuous for all real values.[15]
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Figure 7: MAE for SGD with true value 100 and prediction in range (-10 000,10
0000).

The image quality metric the mean structural similarity index (MSSIM) has been
used as a loss function. The MSSIM is estimated accordingly,

MSSIM =
1

NM

N–1∑
i=0

M–1∑
j=0

(SSIMi,j) , (30)

where the simplified version of SSIM is defined as,

SSIMi,j =
(2μaμb + C1)

(μ2a + μ2b + C1)
·

(2σa,b + C2)

σ2a + σ2b + C2
= Ii,j ·

(2σa,b + C2)

σ2a + σ2b + C2
, (31)

C1 and C2 are constants. a and b are windows centered at indices (i,j) in the
sample image x and label image y, respectively. μ, σ denotes the average and the
variance, while σa,b denotes the covariance of a and b. Ii,j is called the luminance
component.[16] According to Nilsson and Akenine-Möller[17] the SSIM does not co-
here to the characteristic of a human visual system. The luminance component is
related to the normalized root mean squared error (NRMSE). Horé and Ziou[18]
have found a relationship between MSE and SSIM, and MSE is not considered a
perception-based metric in contrast to SSIM. Dosselmann and Yang[19] have found a
relationship between SSIM, MSE, and PSNR (peak signal to noise ratio). Nilsson and
Akenine-Möller[17] state that SSIM can give a nonintuitive result particularly when
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pixel values differ little. Nilsson and Akenine-Möller[17] further mention that denois-
ing and reconstruction algorithms often introduce small variations, and can therefore
suffer from SSIM. SSIM should be employed with caution otherwise replaced. The
metric can both distort and bias image quality evaluation.

The purpose of backpropagation is to find the partial derivative of the loss function
for each learnable parameter. A learnable parameter is updated accordingly,

θl := θl – η
∂L

∂θl
, (32)

where θl is a learnable parameter, L is the loss function and η is a hyperparameter
called the learning rate. A CNN can consist of several layers, and for the early layers,
the chain rule has to be applied multiple times to retrieve the partial derivative.[6]
Consequently, the model parameters in the early layers are not updated to the same
degree as the latter layers, due to a vanishing gradient from the chain rule. The
algorithm is trained in several epochs. One epoch denotes when the algorithm has
updated the weights once based on the training data also called the training set.

The validation set is used to evaluate the performance of the algorithm after each
epoch. The validation set contains sample and label pairs not part of the training
data. The loss function value is calculated for the validation set after each epoch to
monitor the performance of the algorithm during training. Often used to optimize
hyperparameters such as the number of epochs.

A test set containing sample and label pairs not part of the training or validation set
is used to evaluate the performance of the trained algorithm (the model).

7.7 UNET

The UNET is a fully convolutional network (FCN) and does not contain fully con-
nected layers compared to traditional CNNs. Hence, Traditional CNNs are used to
map sample images to different categories/classes (labels), and fully convolutional
networks map sample images to desired output images (labels). The UNET is U-
shaped and consists of an encoder and decoder part. The encoder also called the
contracting path, due to the repeated pattern of down-sampling (pooling layers) and
convolutional layers, see figure 8. The down-sampling is meant to remove irrelevant
details, inevitably significant information is also lost.[20] Milletari et al.[21] segmented
Magnetic Resonance (MR) 3D prostate volumes found that replacing pooling layers
with convolutional layers with stride 2 preserved details and reduced image size. The
decoder is the expanding path with the series up-sampling and convolutional layers.
Liu et al.[20] mention that the up-sampling operations are used to spatially locate the
pixels and restore image size. Concatenation layers between the encoder and decoder,
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where the image size is constant, can recover details lost in down-sampling. The con-
catenation layer concatenates the feature maps in the encoder with the feature maps
in the decoder before the volume of feature maps is passed on to the consecutive
layer. Besides, Milletari et al.[21] showed that the concatenation layer shortens the
convergence time. The convergence time is the training time the algorithm requires
for the validation loss or the accuracy after each epoch to converge.

Figure 8: The UNET architecture.

7.8 Batch Normalization

The UNET can be combined with batch normalization.[20] Batch normalization was
proposed by Ioffe and Szegedy[22], who trained batch normalized classification net-
works with training data from ImageNet. The validation error improved compared to
earlier published results. According to Ioffe and Szegedy[22] the batch normalization
was supposed to tackle the internal covariate shift. The internal covariate shift refers
to the inputs of each layer being modified when the model parameters are updated
in the previous layers. The algorithm converges slowly partly due to a required lower
learning rate since larger learning rates can result in vanishing or exploding gradi-
ents. The exploding gradients can in one update have a huge impact on the model
parameters. Pykes[23] states that exploding gradient makes the training unstable, for
example, the loss function value will change drastically between consecutive epochs.
Ioffe and Szegedy[22] found that batch normalization enables larger learning rates.
Generally, larger learning rates increase the scale of the model parameters, which can
amplify gradients to exploding gradients in the backpropagation. The backpropaga-
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tion with batch normalization is uninfluenced by the scale of the model parameters,
and can therefore stabilize the growth of the model parameters. The batch normal-
ization layer in Keras, a machine learning framework in the programming language
python, is based on the batch normalization suggested by Ioffe and Szegedy[22]. A
batch normalization layer in Keras normalizes the batch of inputs with the mean and
standard deviation, and is defined as,

batch – mean(batch)

var(batch + ε) · γ+ β
, (33)

where var denotes the standard deviation, epsilon is a constant set to 0.001 by default,
γ is scaling factor initially 1 but modified during training and β is an offset factor also
modified during training and initially 0.[24] However more recent research implies that
the effectiveness of batch normalization is not due to tackling the internal covariate
shift but other factors.[25]

7.9 Overfitting

The issue with supervised machine learning is overfitting. Meaning the model does
not generalize from training data to unseen data. In contrast to unseen data, the
model can accurately predict on training data. The model has memorized features
specific to the training data, for example, unavoidable noise. However, the informa-
tion is irrelevant to the ulterior task the model is given. 1) Overfitting is caused
by training data to small, unrepresentative, or containing several noise sources. A
generalized model should be able to separate noise from the underlying features. 2)
Overfitting can rise from the compromise between variance and bias. Decreasing the
number of learnable parameters generally decreases the variance and increases the
bias. Hence, less variance between predictions but bias toward inaccurate predic-
tions. Unlike increasing the number of learnable parameters, which has the opposite
effect. Increasing the probability for underfitting and overfitting, respectively. Un-
derfitting means the number of features recognized is insufficient to learn from the
dataset. 3) The algorithm might have generalized better in the earlier iterations
(epoch) compared to the last iteration.[26]

Overfitting can not be completely avoided. Although certain strategies can suppress
overfitting, for example, 1) optimizing the number of learnable parameters. The
strategy can be time-consuming compared to 2) early stopping, which can reduce the
training time. Early stopping involves stopping the iteration at a point when the
algorithm stops improving. After a certain epoch, the algorithm will stop improving
or perform worse compared to the previous. The latter due to noise learning. If
the iteration stops before or after the mentioned point can be a sign of under- and
overfitting, respectively. The algorithm is evaluated with regard to the loss function
value of a validation set after each epoch. The validation set consists of data from the

17



training set, which the algorithm is not trained with. 3) A more complex algorithm
needs more training data than a simpler model to avoid overfitting. Training data can
be difficult and expensive to acquire. However, training data can be expanded with
data augmentation, which also improves the trained model’s generalization. Data
augmentation is simply to manipulate the existing data to create more training data.
4) Data cleaning: filter out less meaning full and irrelevant data in the training set.
5) Regularization: a complicated model memorizes several features even noise. Some
of the features are irrelevant to the ulterior task. Different regularization methods
exist to remove useless features or minimize the impact of the features.[26] Except for
weight penalties, dropout is a frequently used regularization technique. According to
Park and Kwak[27] dropout is an effective regularization method for convolutional
layers. Dropout in convolutional layers drops activations, for example, the maximum
value of each feature map. High activation values often contain details or key infor-
mation. A stochastic dropout method drops randomly a predefined portion of the
activations in each epoch.

7.10 Bayesian Optimization to Optimize Hyperparameters

A global optimization problem is finding the inputs that minimize or maximizes the
cost of an objective function, the output. The objective function is often complex,
non-convex, form unknown, nonlinear, has several dimensions, and is computation-
ally expensive to evaluate. In machine learning, Bayesian optimization can find a set
of hyperparameters that minimizes a cost function, for example, the validation loss.
The validation loss is the loss function value of a validation set consisting of sample
and label pairs excluded from the training set.[28] The hyperparameters of a ma-
chine learning algorithm are denoted θ1, ...,θn, and the respective domains Θ1, ...,Θn.
Bayesian optimization algorithm initially evaluates the objective function f at t sets
of hyperparameters, the acquired 〈input,output〉 pairs 〈θi, f(θi)〉ti=1. Called random
iterations, since the t sets of hyperparameters are randomly sampled. Subsequently
iterating over three steps.

• Step 1: A probabilistic model Μ of the objective function is created with
〈θi, f(θi)〉ti=1, called surrogate function.

• Step 2: Arbitrary inputs θ ∈ Θ are evaluated with the surrogate function.
The response is interpreted with an acquisition function, which selects the most
promising set of hyperparameters θt+1.

• Step 3: The sampled set of hyperparameters θt+1 are evaluated with the real
objective function. 〈θt+1, f(θt+1)〉 are added to the acquired 〈input,output〉
pairs, used to access the probabilistic model.

The number of iterations governed by the acquisition function can be predefined or
repeated until an extrema of the real objective function is found.[29]
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7.11 SIMIND

SIMIND simulates a clinical SPECT scintillation camera. The program is based on
uniformly distributed random numbers to model the radiation transport. The phan-
tom in SIMIND consists of two volumes a source volume containing the radionuclides
and the phantom volume where interactions occur. The source and phantom volume
can be the same volume. A photon history is created by sampling a decay position
in the source volume. The photon history is composed of a primary photon history
and scattered photon histories. In the primary photon history, the photon penetrates
the phantom and continues toward the collimator without interaction. The direction
of the photon is within the collimator acceptance angle. The photon is terminated
in the crystal. The probability for the simulated photon path is multiplied with the
probability for the photon to escape the camera without interaction. At the same de-
cay position, an isotropic direction is sampled for another photon creating a scattered
photon history. A path length is sampled for the scattered photon. If the path length
is within the phantom, the photon at the end of the path is Compton scattered
toward the camera and escapes without further interactions in the phantom. The
photon is followed till termination. At the end of the path a scattered photon history
is created, where the interaction type Compton or coherent scattering is accurately
sampled. The procedure is repeated until the selected number of scatter orders is
reached. Meaning a path length is sampled for the scattered photon. A large number
of photon histories are required to simulate a SPECT projection with a reasonable
statistical error. The SIMIND program is coupled to the CHANGE program, where
camera parameters such as collimator width, pixel width, etc. are defined.[30]

7.12 Virtual Phantoms

The imaging modality can be simulated with computer-based programs to improve
and evaluate new imaging techniques. The computer-based programs require a model
of the patient’s anatomy and physiology, called phantoms. The phantom will pro-
vide the truth for a simulation since the organ volumes and tumor sizes are known.[31]

There exist three types of phantoms voxelized, mathematical, and hybrid. Voxelized
phantoms are anatomically realistic since the phantoms are based on segmented pa-
tient data. However, the phantom is fixed to a patient’s anatomy. The voxelized
phantoms are not ideal for making anatomical changes to represent a population or
modeling organ motion. In mathematical phantoms, anatomical objects are repre-
sented by equations or geometric primitives.[31] Geometric primitives are, for exam-
ple, cuboids, cylinders, prisms, pyramids, spheres, cones, and ellipsoids. A lung can
be constructed of half an ellipsoid with a section cut out. Unlike voxelized phantoms,
equations can be easily modified to simulate different organ sizes or organ motion.[32]
However, equations and geometric primitives can not imitate human anatomy realis-
tically. Hybrid phantoms are a combination of voxelized phantoms and mathematical
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phantoms. Surface contours for anatomical objects are segmented from patient data
and converted to Non-uniform rational B-spline (NURBS) surface or polygon mesh.
Both the surface and the mesh can accurately describe the anatomical objects while
maintaining flexibility to anatomical variations. Latter, through the control points
and the former through vertex points, that define the anatomical objects.[31]

XCAT is a program that provides virtual patients for research. XCAT has a detailed
female and male anatomy, with several defined structures, each converted to a NURBS
surface. The anatomies have parameterized models for motion, such as heart and
respiratory. The software contains several changeable parameters to define motion,
abnormalities, or variations to simulate a patient population. The finished phantom
can be converted to a voxelized phantom. Other anatomies based on CT data are
available. CT data have been acquired from patients from an age of 8 weeks to 78
years, with varying height and weight percentiles.[33]

7.13 Related Work

Denosing nuclearmedicine images with FCN (fully convolutional network) have pre-
viously been performed by Minarik et al.[34] and Xu et al.[16], and are summerized
in table 1.

Table 1: Related work from David et al.[34] and Xu et al.[16] summarized.

David et al.[34] Xu et al.[16]

Task Denoising Denosing

Modality Gamma camera PET

Training data Monte Carlo simu-
lated planar projec-
tions

Reconstructed multi
slices

Architecture FCN UNET

Loss function quadratic MAE

Evaluation met-
ric

Mean MSE NRMSE, PSNR and
SSIM

Minarik et al.[34] simulated 99m-Tc anterior and posterior whole-body projections
(256x1024) with virtual phantoms from XCAT and the virtual gamma camera SI-
MIND. The training material consisted of sample and label pairs, constructed of
patches (128x128) from the anterior och posterior whole-body bone scans. Minarik
et al.[34] trained FCN models with additional two training sets, one consisting of
anterior and posterior projections of cylindric phantoms and a training set combining
the mentioned training sets. According to Minarik et al.[34] the FCN trained on bone
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scans and cylindrical phantoms were on average 20% better than Gaussian-filtered
bone scans with to the mean squared error as an evaluation metric. The FCN most
suited for the cylindrical phantom and the bone scans were the FCN trained with
cylindrical phantoms and bone scans, respectively. Sample, label, and predictions
acquired from the different FCN by Minark et al.[34] are shown in figure 9.

Figure 9: The posterior projections by Minarik et al. [34]. From left to right: sam-
ple, prediction from FCN trained with bone scans, prediction from CNN trained with
cylinder projections, prediction from CNN trained with bone scans and cylinder pro-
jections, and the label. Image originally published in The Journal of Nuclear Medicine
(JNM) by Minark et al.[34] and is reprinted according to CC by NC.

Xu et al.[16] trained a UNET to reconstruct standard-dose PET images from ultra-
low-dose PET images. The training material was based on nine patients with glioblas-
toma, who had undergone PET/MRI scans with standard doses. From the standard
dose images, noisy ultra-low-dose images were acquired by randomly and uniformly
selecting 0.5% of the counts. Both the standard dose and the ultra-low dose images
were reconstructed to 3D volumes. Apart from the standard UNET components, the
structure consists of a residual connection, meaning the input is convolved with a filter
of size (f,f,nC)=(1,1,nC) and added with the output image from the UNET, see figure
10. The input is three-dimensional and represents multiple slices instead of color
channels. With volumetric information, consistent structures can be distinguished
from noise. Xu et al.[16] used the normalized root mean squared error (NRMSE),
the peak signal to noise ratio (PSNR), and the structural similarity index (SSIM) as
evaluation metrics on test slices. The proposed UNET architecture was compared
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with other FCN architectures. Xu et al.[16] found that the proposed architecture had
superior performance, with regards to preserving resolution and reducing noise.

Figure 10: UNET with a residual connection and multi-slice input.
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8 Method

8.1 Creating Phantoms in XCAT and Simulating Anterior
Gamma Camera Projections in SIMIND

Sixteen base phantoms in XCAT were used, eight female and eight male. The base
phantoms were altered with the XCAT program to create new phantoms contribut-
ing to a larger and more diverse training data set to avoid overfitting. The XCAT
program was used to scale each base phantom with scale factors in intervals with an
increment of 0.01. The upper and lower interval values were set individually, since
the liver volume and height were characteristic to a base phantom, see table 9 in
the appendix. The base phantoms were scaled with the same scale factor in height,
long axis, and short axis. After scaling, the shortest, tallest. the largest liver volume
and smallest liver volume were 150.0 cm, 192.7 cm, 2172 ml, and 859 ml, and were
made from base phantoms femalepat 86, vmale 50, malepat 118, and femalepat 71
scaled with a scale factor of 0.89, 1.10 and 1.10, 0.94, respectively. From the scaling
operation of the base phantoms, 232 scaled phantoms were created. Each of the cre-
ated phantoms was copied three times, resulting in 696 phantoms. Random values of
all the parameters listed in the table 10 were assigned to each of the 696 phantoms
since copies were not of interest. The randomly modified phantoms were checked for
multiples. Each modified phantom was constructed of 420 slices with a slice width
of 0.15 cm covering parts of the thorax pelvis region. The slices had the dimensions
400x400 pixels with a pixel width of 0.15 cm.

For each phantom, ten anterior gamma-camera projections with labeled 111In were
simulated with SIMIND windows version 6.2 64 bits. The ten simulations were based
on the estimated activity concentration in organs of five patients injected with labeled
111In, at time points 4.4 h and 24 h after injection. Hence the ten simulated images
acquired for each phantom were not copies. The projections were simulated with
an acquisition time of 30 seconds. The simulations were performed with SIMIND
windows version 6.2 64 bits and set up to mimic a standard Siemens camera. The
camera had a 0.95 cm thick NaI crystal, an intrinsic spatial resolution of 0.37 cm, a
medium energy collimator, an energy window of 20% centered around 245 keV, and
an energy resolution in percentage full width at half maximum (FWHM) set to 9.5%.
The simulated images had the dimension 128x128 pixels and a pixel size of 0.48 cm.
A total of 6960 simulated images were obtained.

8.2 Applying Augmentations and Creating Sample and La-
bel Sets

A larger data set is simulated by creating augmented copies to avoid overfitting.
For each of the 6960 simulated images, three augmented copies were made besides
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the original image, one with rotation, one with horizontal shift, and the third with
rotation and shift. Hence, a total of 27840 images were obtained. The rotation and
shift were randomly chosen to be an integer between -7 to 7 degrees and -20 to 20
pixels. Seeing that the original images were included and accounted for 0-pixel shift
and 0-degree rotation, the rotated copy was not allowed to have zero degrees rotation,
the shifted copy could not have zero pixel shift and the shifted and rotated image
could have neither. Each of the 27840 images was scaled with two different scale
factors randomly chosen from 0.1, .25, 0.5, 0.75, and 1.0. However, a copy of the
unscaled images was set aside to form the labels for the training of the AI model.
The samples were created by adding Poisson distributed noise to the scaled images.
Each sample had a corresponding label. All samples and labels were normalized to the
maximum pixel value in each image. Since the sigmoid function was used as the last
layer activation function and the relu activation function in every other convolutional
layer, all values ≤ 0.01 and 0.99 ≤ were set to 0.01 and 0.99, respectively. Setting
the pixel values to a maximum 0.99, is essential if the sigmoid function is used as the
last layer activation function. The sigmoid function cannot return 1.00, due to its’
converging property. Setting the pixel values to a minimum 0.01 is essential for the
relu activation function since for pixel values ≤ 0, the gradient is zero and preventing
weight updates.

8.3 Training UNETs with Bayesian Optimization

A UNET was programmed with Keras, a machine learning framework in python.
The ordered layers of the UNET architecture are listed in table 11 in the appendix.
The python library bayes opt was applied and is based on the Bayesian optimization
algorithm with gaussian processes. The objective function was to minimize the loss
function value for the validation set, 10% of the sample, and label pairs in the training
set. The UNET was not trained with the validation set, only evaluated. Fifty-five
iterations were performed with the optimization algorithm, resulting in 55 models
trained on different sets of hyperparameters. The iterations included 15 random
iterations and 40 iterations governed by the Bayesian acquisition function. Between
the iterations, the hyperparameters: learning rate Lr, the number of filters F, the
dropout rate D, the number of epochs E, and the loss functions Lf were modified.
The parameters’ bounding values are listed in table 2. The bayes opt sampled a float
of the listed hyperparameters. Therefore, the models were trained on the integer of
the sampled epochs. By default, Keras took the integer of the number of filters. The
sampled loss function value was rounded to either 1 or 0. Hyperparameters fixed
for all iterations was the stochastic gradient descent with a batch size of 20 sample
and label pairs. The callback tf.Keras.callbacks.ReduceLROnPlateau reduced the
learning rate with a factor 0.5 after five epochs if the validation loss function was not
reduced between epochs. The tf.Keras.callbacks.EarlyStopping, stopped the model
training if the loss function value for the validation set did not reduce in 10 epochs.
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The model with the smallest loss function value for the validation set out of the 55
models was evaluated.

Table 2: Optimization intervals for the hyperparameters learning rate LR, the number
of filter F, the dropout rate D, the number of epochs E and the loss function Lf.

Hyperparameter Interval Description

Lr [0.001,0.05] -

F [8,64] -

D [0.0,0.5] -

E [25,300] -

Lf [0,1] 0 is mse and 1 is ssim.

8.4 Different Kinds of UNETs

The kernel initializer is a hyperparameter, although inserting it as a parameter in the
Bayesian optimization algorithm was not solved. The kernel initializer was manually
changed. Therefore 55 UNET models were trained for each kernel initializer or com-
bination of initializers examined. The procedure in section 8.3 was repeated for the
kernel initializer truncated normal and the combination of kernel initializers he normal
and glorot normal. The truncated normal had a mean at 0 and the standard deviation
at 0.05. He normal and glorot normal was applied on the convolutional layers with
the ReLu and sigmoid activation function, respectively. A batch normalization layer
was added manually after each convolutional layer with the relu activation function,
see table 11. Hence, further 55 models were trained with batch normalization layers
and the he normal and glorot normal as kernel initializers. Another set of 55 models
were trained without the batch normalization layers, leaky relu replaced relu, MAE
instead of SSIM, and the combination of he uniform and glorot uniform as kernel
initializers. α was set to a hyperparameter in the domain (0.1,0.3).

8.5 Evaluation Methology

The UNETs with different characteristics were evaluated using ten simulated anterior
gamma camera projections that were not part of the training set, called test data.
Augmented copies were made for each image, one with rotation, one with horizontal
shift, and one with both. Each of the augmented copies was scaled with 0.1,0.24,0.5,
0.75, and 1.0 before Poisson distributed noise was added, resulting in 200 samples.
A copy of the unscaled images was kept to form the labels. Hence every label had a
corresponding sample.

Similarity metrics normalized root mean square error (NRMSE), peak signal to noise
ratio (PSNR), and mean structural similarity index (MSSIM) were used to quanti-

25



tatively evaluate image quality. The MSSIM and the simplified version of SSIM is
defined in equations (30) and (31), respectively. The NRMSE is defined as,

NRMSE =

√√√√∑N–1
i=0

∑M–1
j=0 (xi,j – yi,j)

2∑N–1
i=0

∑M–1
j=0 y2i,j

, (34)

where N,M denotes the number of rows and columns in images y and x. Image y is
the label, whereas yi,j denotes the pixel intensity at indices (i,j). The same applies
to image x, which is the either the sample or the prediction retrieved from the AI.
PSNR is given by,

PSNR = 20 · log10

(
MAX√

MSE

)
, (35)

where MAX denotes the peak intensity of the noise-free label image. MSE is the
mean squared error, and can be calculated accordingly,

MSE =
1

NM

N–1∑
i=0

M–1∑
j=0

(xi,j – yi,j)
2 . (36)

NRMSE, PSNR, and MSSIM were calculated for each prediction and the correspond-
ing label as well as each sample label pair. Subsequently, the mean for each similarity
index was evaluated for the different UNETs. One-way ANOVA test was used to
examine if a statistically significant difference for the means of NRMSE, PSNR, and
MSSIM existed between the different UNETs for predictions with scaling and without
rotation and shifting. A one-way ANOVA test was performed for each scale factor,
namely 0.1,0.25,0.5,0.75 and 1.0 and each evaluation metric. The null hypothesis, H0,
and the alternative hypothesis, H1, are defined as,

H0: No statistically significant difference between the means of the different UNETs
for a certain evaluation metric and scale factor.

H1: A statistically significant difference between the means of the different UNETs
for a certain evaluation metric and scale factor.

The significance level was set to 0.05.

8.6 Comparing UNET to a Butterworth Filter

An ideal filter redistributes the pixel values, while the image total is retained. The
image total refers to the sum of all the pixel values in an image. The UNETs in
section 8.4 were trained on samples and labels with image totals that differed, due
to the normalization and the Poisson distributed noise added to the samples. The
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UNET models in section 8.4 were not trained to preserve the image total. The image
total of a sample and its associated label with a scale factor of 1.0 from the test set
used in section 8.4, are listed in table 3.

Table 3: The image total of a sample and its associated label with a scale factor of
1.0. The sample and label pair is from the test set used in section 8.4.

Image total the sample Image total of the label

1590 1857

Except for the models generated in section 8.4, another 35 models were trained, and
the sample and label pairs were created according to section 8.2 with four exceptions.
Firstly, the labels were scaled. Secondly, the samples nor the labels were normal-
ized. Thirdly, since normalization was excluded the last layer activation function was
replaced by relu all values 0.99≤ were not set to 0.99. However, all values ≤ 0.01
were set to 0.01. Fourth, the noised samples were scaled with the respective quotient
between the total of the sample and label image. The image total of the sample and
label were equivalent with the applied changes. Without normalization, the pixel
values had the unit kBq / ml. The 35 UNETs were trained according to section 8.3
but with 15 random iteration and 20 iterations governed by the Bayesian acquisition
function. The kernel initializer was set to He normal for each convolutional layer with
the relu as activation function.

The UNET was compared with a Butterworth filter with n = 4 and D0 = 15. The
evaluation metrics used were the mean absolute error (MAE), which was calculated
accordingly,

MAE(A, B) =
1

N

N∑
i=1

|total(Ai) – total(Bi)| , (37)

where total(Ai) is image total of a sample, Ai, and total(Bi) is the associated image
total of the filtered image, Bi. N denotes the number of samples and filtered images
evaluated. MAE was calculated for the respective scale factor and filtering method.
The test data consisted of 200 samples and labels. The MAE for each scale factor
is based on 40 samples from the test data and respective filtered images. The 40
samples contain 10 different phantoms, and four copies of each phantom. Namely,
a copy with no rotation or shifting, with rotation added, with shifting added, and
with both rotation and shifting. Between the different scale factors, the same images
were used but the samples were multiplied with different scale factors. The mean of
the image total for the 40 samples and labels for each scale factor was listed as a
reference.
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9 Results

9.1 Evaluating Different Kinds of UNETs

The Bayesian optimization algorithm trained four sets of 55 models, meaning a total
of 220 models were trained. The four sets had different characteristics namely, the
first set of 55 models were trained with the kernel initializer truncated normal, the
second set with he normal in combination with the glorot normal without batch
normalization layers, the third the same as the second but with batch normalization
layers and the fourth used he uniform in combination with glorot uniform, where ssim
and relu were replaced by MAE and leaky relu respectively. The hyperparameters for
the best-performed model in each set with regards to the loss function value of the
validation set are listed in table 4. The number of filters F and the dropout rate D are
compatible with the notation in table 11 in the appendix, which describes the UNET
architecture. Inferior performance was received with the SSIM loss function compared
to the MSE with regards to the loss function value of the validation set. The best-
performed models with SSIM had validation loss function values of 0.02985, 0.01657,
and 0.01756 for the truncated normal, the he normal in combination with glorot
normal without batch normalization, and the he normal in combination with glorot
normal with batch normalization, respectively. Superior performance was acquired
with the MSE in the fourth set, whereas the best-performed model with MAE had a
validation loss of 0.15997.
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Table 4: Hyperparameters learning rate LR, number of filters F, the dropout rate D,
the number of epochs E, and the loss function LF for the best-performed model for
each set of models trained with the Bayesian optimization algorithm. Listed alongside
the loss function value for the validation set after the last epoch.

1st set 2nd set 3rd set 4th set

Hyperparameter Truncated
normal

He normal
and glorot
normal

He nor-
mal and
glorot nor-
mal with
batchnor-
malization
layers

He uni-
form,
glorot
uniform,
MAE re-
placed
SSIM and
leaky relu
replaced
relu

Lr [1] 0.025 0.049 0.050 0.007

F [1] 19 39 38 44

D [1] 0.0097 0.0000 0.0000 0.0000

E [1] 51 73 52 29

Lf [1] MSE MSE MSE MSE

Validation loss
after last epoch

0.00087 0.00058 0.00079 0.00091

α - - - 0.101

A plot for each augmentation applied to the samples, therefore indirectly to the pre-
dictions, namely scaling and scaling combined with rotation, shifting, and a combi-
nation of rotation and shifting is visualized in figures 11, 12 and 13. In each subfigure
of figure 11, the mean PSNR of 10 predictions for the models listed in table 4 is
plotted against the scale factor applied to the samples. The mean PSNR increases
with the scale factor and is independent of the augmentations rotation, shifting, and
a combination of both. Moreover saturates with an increasing scale factor.
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Figure 11: The mean PSNR of 10 predictions for the models listed in table 4 is
plotted against the scale factor. In subfigures A-D, no augmentations except scaling
were applied to the samples, scaling combined with rotation, scaling combined with
shifting, and scaling combined with both rotation and shifting, respectively.

In the subfigures of figure 12, the mean NRMSE of 10 predictions is plotted against the
scale factor applied to the samples of the models listed in table 4. The mean NRMSE
decreases for increasing scale factor, while also converging. The mean NRMSE is
independent of the augmentations rotation, shifting, and a combination of both.
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Figure 12: The mean NRMSE of 10 the predictions for the models listed in table 4 is
plotted against the scale factor. In subfigures A-D, no augmentations except scaling
were applied to the samples, scaling combined with rotation, scaling combined with
shifting, and scaling combined with both rotation and shifting, respectively.

In the subfigures of figure 13, the mean MSSIM of 10 predictions for the models listed
in table 4 is plotted against the scale factor. The mean MSSIM increases with the
scale factor, while also saturating. According to the mean MSSIM, the models are
invariant to rotation, shifting, and the combination of both.
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Figure 13: The mean MSSIM of 10 the predictions for the models listed in table 4 is
plotted against the scale factor. In subfigures A-D, no augmentations except scaling
were applied to the samples, scaling combined with rotation, scaling combined with
shifting, and scaling combined with both rotation and shifting, respectively.

In table 5 the P-statistics are listed for each evaluation metric and scale factor are
listed. Note the predictions the one-way ANOVA tests were performed on contained
no rotation or shifting. The P-statistics are above the significance level for PSNR
and NRMSE, while below for the MSSIM for each scale factor.

Table 5: The P-statistics for one-way ANOVA tests of different evaluation metrics
and scale factors for predictions without rotation and shifting.

Scalefactor

Evaluation method 0.1 0.25 0.5 0.75 1.0

PSNR 0.270 0.264 0.343 0.173 0.113

NRMSE 0.412 0.595 0.597 0.332 0.294

MSSIM 0.026 0.006 0.002 0.000 0.000
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In figure 14 a sample and label pair from the test set is shown alongside the predictions
from the listed models from table 4. The sample label pair had no shifting or rotation
applied. The sample was scaled with 1.0. The prediction from the best-performed
model with regards to the validation loss from the 3rd set had an artifact, a white blob
in the liver. The artifact occurred only for the model evaluated from the 3rd set and
was present in 55/200 predictions from the test set. The artifact consisted of pixel
value 1.0. In figure 14 the vertebrae in the spine are visible in the four predictions,
which was not the case for all the predictions from the test set.

Figure 14: The sample, label, and the predictions from the models listed in table 4.
The sample and label pair contained no augmentations such as shifting and rotation.
The sample had a scale factor of 1.0.
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9.2 Comparing UNET to a Butterworth Filter

The last set of models were trained with non-normalized data and the kernel initializer
He normal. The hyperparameters for the best-performed model with regards to the
validation loss are listed in table 7. The validation loss after the last epoch was
0.99984, however, a validation loss of 0.21120 was recorded after the second epoch.
The model was saved if the validation loss had improved compared to the previous
epochs. Therefore the model was saved when the validation error was 0.21120 and
not 0.99984. The best-performed model with MSE as loss function had a validation
loss of 61.22852.

Table 7: Hyperparameters learning rate LR, number of filters F, the dropout rate
D, the number of epochs E, and the loss function LF for the best-performed model
for the 5th set of models trained with the Bayesian optimization algorithm. Listed
alongside the loss function value for the validation set after the last epoch.

5th set

Hyperparameter No normalization on
the training data and
He normal

Lr [1] 0.014

F [1] 21

D [1] 0.3902

E [1] 13

Lf [1] SSIM

Validation loss
after last epoch

0.99984

Table 8 lists the MAE for the different filtering methods and scale-factors alongside
MAE between the samples and labels. Higher and lower values for MAE can be
observed for UNET and the Butterworth filter, respectively. MAE increases with the
scale factor for both filtering methods.

Table 8: MAE is listed for the different filtering methods and scale factors. Alongside
MAE calculated between the samples and labels. The mean of the image total of the
samples for different scale factors are also listed.

Scalefactor

0.1 0.25 0.5 0.75 1.0

Mean(totsample) 13823 ±3122 34511 ±7808 68995 ±15619 103481 ±23429 137969 ±31240
MAE(sample,label) 0 ±0 0 ±0 0 ±0 0 ±0 0±0

MAE(sample,prediction) 360 ±113 718 ±153 1115 ±238 1493 ±354 1875 ±467
MAE(sample,butter) 44 ±15 81 ±35 139 ±67 198 ±92 255 ±126
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In figure 15 the UNET filtered and Butterworth filtered images are shown alongside
the sample and the label from the test data, both scaled with 1.0. The phantom is
also visualized in image 14. Note in figure 15 the label and sample are shifted -6
pixels and rotated 4 degrees. Furthermore, the sample and label pair were scaled
and normalization was not performed. 15 includes the normalized profiles at index
y = 75 for the label, the Butterworth filtered image and the UNET predicted image.
Each profile was normalized against the maximum value in the respective profile. The
backbones are more distinguishable in the Butterworth filtered image compared to
the UNET prediction. The two larger peaks at index 40 and 80 in the normalized
profiles represents the liver and the spleen, respectively. The two smaller peaks are
the arms.

In figure 16 the UNET filtered and Butterworth filtered images are shown for a sample
scaled with 1.0 and label from the test data created in section 8.5 for the normalized
training data. The UNET prediction is from the model listed in table 4 as the 4th
set. The kernelinitializer for the model was the He normal and glorot normal. The
sample and label are created from the same phantom used in image 14 and 14. Note
the sample and label are shited with 20 pixels and rotated with -5 degrees rotation.
In 16 the normalized profiles at index y = 80 are plotted for the label, Butterworth
filtered image and the AI predicted image. Each profile was normalized against the
maximum value in the respective profile.
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Figure 15: A sample and the respective label from the test data are shown with the
UNET filtered and the Butterworth filtered images. The sample and label are scaled
with 1.0 and normalization were not performed. The normalized profile values for the
label, the UNET prediction, and the Butterworth filter at index y = 75 are plotted
against the x-axis index. The profiles were normalized against the max value in each
profile.

36



Figure 16: A sample and the respective label from the test data are shown with the
UNET filtered and the Butterworth filtered images. The sample is scaled with 1.0
and normalization was performed. The UNET prediction is from the model listed
in 4 as the 2nd set. The normalized profile values for the label, the AI prediction,
and the Butterworth filter at index y = 75 are plotted against the x-axis index. The
profiles were normalized against the max value in each profile.
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10 Discussion

10.1 Evaluating Different Kinds of UNETs

In figures 11, 12 and 13 the mean PSNR, mean NRMSE and mean MSSIM does not
deviate significantly for the different combination of augmentation for a fixed scale
factor and UNET. Indicating that the models evaluated are invariant to the augmen-
tations rotation, shifting, and a combination of rotation and shifting introduced in
the training data. The mean PSNR and mean MSSIM increase with the scale factor
and the mean NRMSE decreases with the scale factor since a lower scale factor in-
troduces more Poisson noise and represents an image acquired with 30 seconds scaled
with the scale factor. The mean PSNR, mean MSSIM, and mean NRMSE saturates
with an increasing scale factor, a contributing factor is the high noise level even for
a scale factor of 1.0, see figure 14. The mean PSNR, mean NRMSE, and the mean
SSIM was used as evaluation metrics instead of the mean MSE, and is consistent
and inconsistent with Xu et al.[16] and Minarik et al.[34], respectively. The mean
MSE was not used as an evaluation metric, since it is sensitive to outliers, due to the
squared term.

The noise level in Minarik et al.[34] was low compared to the noise level acquired with
111In with an acquisition time of 30 seconds in SIMIND. Minarik et al.[34] reduced
the noise while preserving the image details, see figure 9. The noise was reduced
with different UNETs, see figure 14. However, the UNET could not distinguish, for
example, the ribs from the noise. To recover more image details such as the ribs
one can try training the UNET with larger training data with a larger spread. For
example by creating phantoms from the base phantoms with more variation between
the phantoms or by using more base phantoms and patient data to estimate activity
concentration in organs. Another option is to use volumetric input data, like Xu et
al.[16] used, since structural information can help the algorithm distinguishing noise.

In the one-way ANOVA tests, the evaluation metrics PSNR and NRMSE showed no
statistical difference between the means of the different UNETs, since the P-statistics
were below the significance level for the listed scale factors, see table 5. With regards
to predictions with no rotation and shifting added. The results received with the
statistical tests can be misleading, for example in figure 14 a visible difference can be
seen between the different UNETs. The shape and size of the spleen differ between
the UNETs, also the fact that the liver of the model trained with he normal, glorot
normal, and batch normalization has an artifact, a white blob. The one-way ANOVA
tests performed on the MSSIM showed a statistically significant difference between
the means of the different UNETs, but for which UNET model or models is unknown.
The source of the observed difference is unknown, for example, if the difference was
due to the different hyperparameters Lr, F, E, Lf, and α between the UNETs or
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the manual modification performed between the Bayesian optimization algorithms.
Namely changing the kernel initializers and the activation function to leaky relu or
adding batch normalization layers. The mean MSSIM was the second-highest for the
model evaluated from the 3rd set compared to the other sets for all sub-figures, see
figure 13. Not expected, considering that 55/200 predictions had the white blob ar-
tifact. However, Nilsson and Akenine-Möller[17] stated that the use of MSSIM as an
evaluation metric should be performed with caution since it can introduce bias and
distortion in the assessment.

None of the models evaluated had the MSSIM as loss function, which is considered
a nonoptimal loss function and evaluation metric according to Nilsson and Akenine-
Möller[17]. The MSE was found the most suitable loss function by the Bayesian
optimization algorithm from sets 1-3 compared to MSSIM. In the fourth set, the
MSE was found superior compared to MAE. The gradient of MSE is dynamic and
less likely to overshoot the minima compared to MAE. However, Xu et al.[16] used
MAE as the loss function and the architecture proposed was superior compared to
the other architectures examined in the article.

The artifact, the white blob, for the 3rd set with he normal, glorot normal, and batch
normalization can be due to overfitting, see figure 14. The Bayesian optimization
algorithm chose a dropout rate of 0.0000. However, using dropout rates is a regular-
ization method to prevent overfitting. The test images should have been evaluated
with a model containing dropout rates > 0, to determine if the artifact can be reduced
or prevented with regularization. Note, neither Minarik et al.[34] or Xu et al.[16] had
any white blob artifacts. Both Minarik et al.[34] and Xu et al.[16] used batch normal-
ization layers before the activation function in the UNETs. Unexpectedly the white
blob artifact had pixel values 1.0. The sigmoid function was used as the last layer
activation function, the function value can not be 1.0 ≤, see equation (15). The x
term in the sigmoid function must have been large for the pixel values in the white
blob. Thus, the function values were rounded to 1.0. For large x values, the sigmoid
function has a small derivative of approximately 0, which inhibits the weights from
being updated. The large x-values can be a consequence of large weight values in the
last convolutional layer. A batch normalization layer followed each convolutional 2d
layer except for the last convolutional 2d layer. Therefore large weight values in the
previous layers should have a smaller impact in comparison to the weight values in
the last layer.

The size of the spleen is oversized for the model trained with kernel initializer trun-
cated normal even though the model has a dropout rate of 0.0097. A model trained
with a higher dropout rate could have decreased the over-sizing of the spleen but
might have been at the cost of the validation error and noise reduction.
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10.2 Comparing UNET to a Butterworth Filter

The training data created without normalization set values ≤ 0.01 to 0.01 before the
multiplication with quotient between the total of the sample and label image. Con-
sequently, the min value in the samples was 0.0 and the min value in the labels was
0.01. Zero values can make the training inefficient, with the ReLU activation function
the zero values receive a zero derivative, preventing the weights from updating. If
the redefining of values ≤ 0.01 had been performed after the multiplication with the
mentioned quotient, the image total of the sample and label had not been equivalent.
To improve the performance of the model, the UNET algorithm can be trained with
sample and label pairs with equivalent image total and the min value defined as 0.01.

The UNET model trained without normalized training data performed worse than
the UNET trained with normalized training data. The subfigure C) in 15 has poor
spatial resolution, and is blurrier compared to the subfigure G) in 16. Furthermore,
the validation loss for the UNET trained without normalization is significantly much
higher compared to the UNETs trained with normalized data, see tables 4 and 7.
Moreover the right side of the peak for the UNET(no norm) at index 40 in figure 15
is less consistent with the label compared the UNET(truncated normal) in figure 16.
However, the profiles can be misleading, since the label profile is consistent with the
profiles from the UNET and the Butterworth filter at index x = 80 in figure 15. The
peak at index x = 80 represents the spleen, and appears quite different between the
label image B), the UNET filtered image C) and the Butterworth filtered image D).
The same argument applies to the profiles in figure 16.

The Butterworth filter seems to perform better than the UNET for data that has
not been normalized. The MAE calculated between the total of the samples and the
Butterworth filtered images is smaller than between the samples and the predictions
acquired with the UNET. Hence, the Butterworth filter is better at preserving the
image total compared to the UNET. Furthermore the prediction from the UNET im-
age C) is blurrier than the Butterworth filtered image D) in figure 15. Consequently
harder to distinguish the backbones from the UNET prediction compared to the But-
terworth filtered image. Besides the Butterworth profile is more consistent with the
label profile around the liver (the peak at index x = 40) in comparison to the UNET
profile, see figure 16.

The UNET trained with normalized data and the Butterworth filter used on normal-
ized data can not be compared with regards to preserving the image total, since the
UNET was not trained to preserve the image total. The Butterworth profile is more
consistent with the label to the left of the spleen (at index x = 105), compared to the
UNET, see figure 16. Otherwise, the profile from the Butterworth filter is consistent
with the profile from the UNET. In subfigure G) and H) the Butterworth filtered
spleen edges are blurrier than in the UNET prediction, see figure 16. In general,
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the spatial resolution is enhanced in the prediction from the UNET compared to the
Butterworth filtered profile. Note, one prediction and Butterworth filtered image are
compared. To draw conclusions, more predictions and Butterworth filtered images
must be compared, for example, with different phantoms and different scale factors.
The UNET performs sufficient for a larger scale factor but the Butterworth filter
might be superior for lower scale factor values. A Butterworth filter with a smaller
D0 value might have a spatial resolution comparable with UNET prediction, for the
sample E) in figure 16. But with a larger D0 value, the noise in the image increases
since fewer frequencies are cut off.
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11 Conclusions

The UNET can reduce the noise in scintillation camera images with a high noise
level. However, the UNET trained could not recover details such as the ribs and was
overfitted since the size of the spleen in the predictions was not consistent with the
labels. Further work is needed to optimize the training data and the architecture to
recover details lost in the imaging processing and minimize overfitting. The images
from the UNET trained with normalized training data were not as blurry as the
images filtered with the Butterworth filter.
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12 Appendix

12.1 Base Phantom Modifications

In table 9, the base phantoms are listed alongside respective original height and liver
volume. The table contains the interval for each phantom, where-from scaling factors
were sampled. The sampled scaling factor was used to scale the short, long, and
height axis. All intervals had an increment of 0.01. The number of differently scaled
phantoms acquired for each base phantom are listed in column scaled phantoms.

Table 9: The original height and liver volume, number of scaled phantoms acquired
and scale interval for each base phantom.

Phantom Height
[cm]

Scale interval
[1]

Liver
[ml]

scaled phantoms
[1]

malepat 118 173.5 (0.96,1.10) 1632 15

malepat 144 170.2 (0.96,1.02) 1937 7

malepat 145 172.1 (0.96,1.10) 1498 15

malepat 150 174.9 (0.94,1.01) 2059 8

malepat 159 173.9 (0.96,1.00) 2063 5

malepat 167 177.6 (0.94,1.08) 1387 15

malepat 169 182.1 (0.91,1.02) 1929 12

vmale 50 175.2 (0.94,1.10) 1776 17

femalepat 71 161.0 (0.94,1.12) 1034 19

femalepat 86 168.6 (0.89,1.07) 1283 19

femalepat 89 161.6 (0.94,1.12) 1315 19

femalepat 117 158.3 (0.95,1.12) 1619 18

femalepat 140 163.1 (0.93,1.10) 1479 18

femalepat 142 164.5 (0.93,1.10) 1481 18

femalepat 143 169.3 (0.92,1.07) 1369 16

femalepat 147 163.9 (0.93,1.03) 1823 11

Total: 232

Parameters changed to modify the base phantoms are listed in table 10, alongside
a description, the interval within the parameter was sampled and respective interval
increment.
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Table 10: Parameters adjusted in XCAT.

Parameter Description Interval Interval

increment

Thickness
skin [cm]

If greater than 0, it adds a
skin layer to the body

[0.0,0.2] 0.1

Thickness
backbone
[cm]

No description [0.3,0.6] 0.1

Start and end
slice [slice]

The base phantom is con-
structed of slices. Since
the thorax and pelvis region
was of interest, certain slices
of the original phantom was
extracted. For more varia-
tion, the end and begin slice
varied between the modified
phantoms.

[-25,25] 5

Phantom rot
z [degrees]

Degree to rotate the entire
phantom by the z-axis

[-7.5,7.5] 2.5

Air in small
intestine [1]

0 = do not include air and
1 = include air in small in-
testine

[0,1] 1

Air in large
intestine [1]

Location of air in the large
intestine and rectum,
5 = air visible in the entire
large intestine and rectum,
2 = air visible in ascending
and transverse portions of
the large intestine,
1 = air visible in ascending
portion of the large intestine
only,
0 = no air visible (entire
large intestine and rectum
filled with contents)

No inter-
val.
Possible
values
5,2,1,0

-

Left and right
diaph liv scale
[1]

Height of right and left
diaphragm/liver dome, 0 is
flat, 1 original height and
>1 raises the diaphragm.

[0.95,1.00] 0.05
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12.2 UNET Architecture Trained

Table 11, gives a detailed description of UNET architecture trained. The output size
does not account for the number of label and sample pairs. The convolutional layer
is defined as Conv2D(f×f,F), where f is the width and height of the filter and F is the
number of filters. Padding was added in x- and y- axis in every convolutional layer
to keep the dimensions of the input image. The stride was set to 1 for the convolu-
tional layers. The dropout layer and the dropout rate are denoted Dropout and D,
respectively. The filter and stride size for the max-pooling layers are denoted (s×s,S),
where s is the width and height of the filter and S is the stride. The upsampling layer
UpSampling2D, enlarges the image with a factor U for rows and columns given in the
format (U,U). Concatenate is the concatenation layer between two output volumes
of feature maps from the convolutional layers (LX,LY), where the X and Y are the
layer indices.

Table 11: UNET architecture trained. Each layer has an index, given in the layer
column. The activation function, output shape, layer type and the number of model
parameters are listed for each layer.

Layer Layer type Activation
function

Output shape Params

0 InputLayer - (128,128,1) 0

1 Conv2D (3×3, F) relu (128,128, F) 9 · F + F

2 Conv2D (3×3, F) relu (128,128, F) 9 · F2 + F

3 MaxPooling2D (2×2,2) - (64,64,F) 0

4 Dropout (0.5D) - (64,64,F) 0

5 Conv2D (3×3, 2·F) relu (64,64,2·F) 18 ·F2+2 ·F
6 Conv2D (3×3, 2·F) relu (64,64,2·F) 36 ·F2+2 ·F
7 MaxPooling2D (2×2,2) - (32,32,2·F) 0

8 Dropout (D) - (32,32,2·F) 0

9 Conv2D (3×3, 3·F) relu (32,32,3·F) 54 ·F2+3 ·F
10 Conv2D (3×3, 3·F) relu (32,32,3·F) 81 ·F2+3 ·F
11 MaxPooling2D (2×2,2) - (16,16,3·F) 0

12 Dropout (D) - (16,16,3·F) 0

13 Conv2D (3×3, 4·F) relu (16,16,4·F) 108·F2+4·F
14 Conv2D (3×3, 4·F) relu (16,16,4·F) 144·F2+4·F
15 MaxPooling2D (2×2,2) - (8,8,4·F) 0

16 Dropout (D) - (8,8,4·F) 0

17 Conv2D (3×3, 8·F) relu (8,8,8·F) 288·F2+8·F

( To be continued)
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Layer Layer type Activation
function

Output shape Params

18 Conv2D (3×3, 8·F) relu (8,8,8·F) 576·F2+8·F
19 UpSampling2D (2,2) - (16,16,8·F) 0

20 Concatenate (L19,L14) - (16,16,8·F+4·F) 0

21 Dropout (D) - (16,16,8·F+4·F) 0

22 Conv2D (3×3, 4·F) relu (16,16,4·F) 432·F2+4·F
23 Conv2D (3×3, 4·F) relu (16,16,4·F) 144·F2+4·F
24 UpSampling2D (2,2) - (32,32,4·F) 0

25 Concatenate (L24,L10) - (32,32,4·F+3·F) 0

26 Dropout (D) - (32,32,4·F+3·F) 0

27 Conv2D (3×3, 3·F) relu (32,32,3·F) 189·F2+3·F
28 Conv2D (3×3, 3·F) relu (32,32,3·F) 81 ·F2+3 ·F
29 UpSampling2D (2,2) - (64,64,3·F) 0

30 Concatenate - (64,64,3·F+2·F) 0

31 Dropout (D) - (64,64,3·F+2·F) 0

27 Conv2D (3×3, 2·F) relu (64,64,2·F) 90 ·F2+2 ·F
28 Conv2D (3×3, 2·F) relu (64,64,2·F) 36 ·F2+2 ·F
29 UpSampling2D (2,2) - (128,128,2·F) 0

30 Concatenate (L29,L2) - (128,128,2·F+F) 0

31 Dropout - (128,128,2·F+F) 0

32 Conv2D (3×3, F) relu (128,128,F) 27 · F2 + F

33 Conv2D (3×3, F) relu (128,128,F) 9 · F2 + F

34 Conv2D (1×1, 1) sigmoid (128,128,1) 1 · F + 1
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