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Introduction

This thesis investigates the use of Deep Learning-based approaches, to address two

primary computational imaging challenges associated with cancer treatments.

First, a Deep Learning (DL) framework is implemented for semantic segmentation of

pancreatic tumors from medical imaging datasets. The use of DL for automatic segmenta-

tion of pancreatic tumors in medical imaging modalities such as Computed Tomography

(CT) is investigated. Precise segmentation is essential not only for diagnosis and staging

but also for defining target volumes in radiation therapy [1–3].

One of the most probable cause of death nowadays is cancer. One of the most aggressive

is the pancreatic cancer, that remains one of lethal forms of cancer, characterized by

late diagnosis, limited therapeutic options, and poor prognosis [4]. Pancreatic Ductal

Adenocarcinoma Cancer (PDAC) remains one of the most deadly cancers, with a five-year

survival rate below 10 percent, primarily due to asymptomatic early stages and rapid

metastatic progression. Precise localization and delineation of the tumor are critical

for diagnosis, staging, and the planning of advanced therapies. Despite advancements

in medical imaging and treatment, early and precise detection of pancreatic tumors

continues to present a formidable challenge. One of the architectures used is the U-Net’s

encoder-decoder structure, that enhanced with skip connections, enables precise boundary

delineation, which is vital for accurate tumor volume estimation and radiation treatment

planning [5, 6].

Second, in this thesis is proposed a DL based method for reconstructing and enhancing

Single Photon Emission Computed Tomography (SPECT) images, which are used to

monitor the in vivo distribution of boronated compounds for an innovative therapeutic

techniques, the Boron Neutron Capture Therapy (BNCT), that offers a promising direction

for targeted cancer treatment[7, 8]. It is important to state clearly that while full in vivo
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dose reconstruction in BNCT using a tomography setup based on gamma cameras is the

ultimate long-term clinical goal, the scope achieved within this framework focuses on

foundational feasibility, specifically the reconstruction of boron spatial distribution in

controlled simulated and experimental phantom setups. BNCT relies heavily on accurate

imaging for patient selection, treatment planning, and post-therapy evaluation, SPECT

playing a central role in visualizing boron distribution and monitoring therapeutic efficacy.

BNCT relies heavily on accurate imaging for patient selection, treatment planning,

and post-therapy evaluation, SPECT playing a central role in visualizing boron distribu-

tion and monitoring therapeutic efficacy [9].

It was examined the role of U-Net-based models in the reconstruction and enhancement

of low-dose or under-sampled SPECT images. High-quality SPECT reconstruction is

crucial in BNCT to accurately localize boron uptake and assess treatment distribution,

while minimizing radiation exposure to patients.

Traditional iterative reconstruction algorithms, such as Ordered Subsets Expectation

Maximization (OSEM), are computationally intensive and sensitive to noise, particularly

in low-count imaging scenarios [10, 11]. Deep models can learn spatial priors and statisti-

cal correlations to recover high-fidelity reconstructions from sparse or noisy projections,

offering improved resolution and noise suppression.

By integrating these two approaches, this work contributes toward a robust deep learning

pipeline capable of automating key imaging tasks in the BNCT workflow. The segmenta-

tion model facilitates accurate tumor targeting, while the reconstruction model enhances

the quality and interpretability of SPECT images critical for therapy planning and

response assessment. The proposed models are evaluated on available acquired datasets

made by simulation and measurements, using standard metrics such Structural Similarity

Index Measure (SSIM), and Peak Signal-to-Noise Ratio (PSNR), with emphasis on

generalizability and computational efficiency.

By exploiting the powerful feature extraction and spatial learning capabilities of DL

models, this research aims to improve the reliability and automation of pancreatic cancer

segmentation and SPECT image reconstruction. The combined approach contributes

toward more accurate diagnostics and effective treatment planning in BNCT, ultimately

enhancing patient outcomes. By exploiting the powerful feature extraction and spatial

learning capabilities of DL models, this research aims to improve the reliability and

automation of pancreatic cancer segmentation and SPECT image reconstruction. The

combined approach contributes toward more accurate diagnostics and effective treatment
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planning in BNCT, ultimately enhancing patient outcomes. To make this work accessible

to a broader audience, it is important to contextualize the core methodologies. Image re-

construction is a fundamental process in medical imaging, particularly in modalities such

as Computed Tomography (CT), which uses X-rays to generate structural maps of tissue

density, and emission tomography (like PET and SPECT), which detects functional and

metabolic processes using radiotracers. While traditional reconstruction relies on analyti-

cal or iterative mathematical models, Deep Learning (DL) has recently revolutionized this

field. DL models, particularly Convolutional Neural Networks (CNNs), are computational

architectures inspired by the human brain that learn to extract hierarchical features from

large datasets. By iteratively adjusting their internal parameters during a training phase,

these models can identify complex spatial patterns, making them exceptionally suited for

tasks such as automated tumor segmentation and the enhancement of noisy or sparse

reconstruction data.

Limitations Despite the promising results, this study presents certain limitations.

First, the deep learning models were trained and evaluated on specific, relatively limited

datasets (e.g., MSD and CPTAC-PDA for segmentation, and simulated FLUKA data

for SPECT). This may limit the generalization of the models to unseen data acquired

from different clinical scanners with varying noise profiles and protocols. Second, the

2-step segmentation pipeline, while improving accuracy, introduces an accumulation of

computational overhead, and localization errors in the first step (e.g., bounding box

misalignment) inevitably propagate to the fine-segmentation stage. Finally, regarding the

BNCT-SPECT reconstruction, the reliance on simulated background distributions and

static detector geometries necessitates further validation in dynamic, real-world clinical

environments where background interference is highly variable.

Code and Data Availability The datasets utilized in the segmentation study (Med-

ical Segmentation Decathlon and CPTAC-PDA) are publicly available through their

respective repositories. The proprietary Geant4 and FLUKA simulation data, as well

as the experimental measurements from the LENA facility, are available from the corre-

sponding authors upon reasonable request. The code and scripts used for model training,

preprocessing, and tomographic reconstruction (implemented in TensorFlow and Py-

Tomography) are available upon reasonable request to allow full reproduction of the

experiments.
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Chapter 1 This chapter provides a rigorous mathematical analysis of Computed

Tomography (CT). It explores the physics of the Radon transform and the projection-

slice theorem, which constitute the theoretical basis of CT imaging. The discussion

categorizes reconstruction algorithms into two main families: analytic methods, such as

Filtered Back Projection (FBP), and Iterative Reconstruction Techniques (IRT), detailing

their respective mathematical formulations, convergence properties, and computational

requirements.

Chapter 2 This section reviews the state-of-the-art DL models employed in medical

imaging. For tomographic reconstruction, the chapter analyzes Convolutional Neural

Networks (CNNs), Autoencoders (AE), and Variational Autoencoders (VAE), discussing

their ability to resolve inverse problems. Regarding segmentation, the focus shifts to

architectures such as the U-Net and Vision Transformers (ViT). The chapter concludes

with a survey of current applications of these models in clinical settings.

Chapter 3 This chapter presents a specific case study on the automatic detection

and segmentation of pancreatic lesions. Using the Medical Segmentation Decathlon

(MSD) dataset containing 281 labeled CT scans , the study implements a rigorous

preprocessing pipeline involving windowing (cut of -100 to 240 HU) and normalization.

Data augmentation techniques, such as shifting, were applied to enhance model robustness.

The core of the analysis compares a 1-step pipeline against a 2-step pipeline. The 2-step

approach first utilizes a YOLOv11 CNN for tumor localization , followed by a U-Net

architecture to segment the specific tumor region. Results demonstrate that the 2-step

pipeline significantly outperforms the segmentation without localization, achieving a

DSC of 58% compared to 45.50% for the 1-step approach.

Chapter 4 The final chapter investigates SPECT applied to BNCT. It details the

construction of simulations for an experimental facility and the measurement proto-

cols used to reconstruct the boron dose within test vials. The chapter compares two

reconstruction methodologies: the classical Ordered Subset Expectation Maximization

(OSEM) algorithm and a novel DL reconstruction algorithm based on U-Net, trained on

the simulated dataset. The performance of these approaches is evaluated and discussed

in terms of reconstruction efficiency and quantitative metrics, specifically Intersection

over Union (IoU), SSIM and PSNR.
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Conclusions The conclusions report the successfully demonstration of the efficacy of

DL algorithms in addressing complex segmentation and particle therapy challenges. The

results of the segmentation of pancreas prove that the DL can actually help diagnosis of

the most deadly human cancer. Overall, the integration of machine vision algorithms

into the medical physics workflow presents a pathway toward more personalized and

precise cancer treatments, bridging the gap between advanced computational methods

and clinical application. The results in the SPECT study prove that the application of

DL can reduce the amount of time for a dose monitor system.
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Chapter 1

Tomography methods for medical

imaging

Medical imaging techniques such as Computed Tomography (CT), Positron Emission

Tomography (PET), and Magnetic Resonance Imaging (MRI) are built upon solving

what is known as the inverse problem. This mathematical framework is essential for

reconstructing the internal structure of an object, such as a human body, from a limited

set of external measurements. Unlike the direct problem which involves computing the

expected measurement given a known object the inverse problem seeks to infer unknown

structures from observed data. In the context of tomography, this entails deducing spatial

distributions of physical properties (e.g., attenuation coefficients or emission intensities)

from a finite number of projections [12].

The inverse problem is inherently ill-posed: it may lack a unique solution, or small

variations in the data can cause large variations in the output. This characteristic makes

it particularly challenging, requiring sophisticated mathematical tools, robust numerical

methods, and often, regularization strategies to ensure stability and accuracy. The

significance of solving the inverse problem efficiently and accurately cannot be overstated,

as it underpins the diagnostic capability of modern imaging systems.

1.1 Tomography

Tomography is a medical imaging technique used to create detailed cross-sectional images

of the body. It works by taking multiple X-ray, magnetic, or ultrasound measurements

from different angles and then using computer processing to reconstruct slices of internal

6
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structures, such as organs, bones, and tissues. The most common forms of medical

tomography include CT, MRI, PET and SPECT. These methods help doctors diagnose

and monitor a wide range of conditions, from tumors and infections to vascular diseases

and injuries, by providing a clearer view of areas that are difficult to assess with traditional

X-rays. In nuclear medicine, the primary tomographic modalities are SPECT and PET.

Both methods involve the administration of radiopharmaceuticals that emit gamma

rays, which are detected by specialized cameras. The resulting data is reconstructed

into three-dimensional images that reflect physiological and metabolic processes rather

than purely anatomical structures. This makes nuclear medicine tomography particularly

valuable for detecting functional abnormalities at early stages, such as in oncology for

tumor detection, in cardiology for assessing myocardial perfusion, and in neurology for

evaluating brain disorders like epilepsy and dementia [13, 14].

1.1.1 Inverse problem

Tomography is fundamentally a process of reconstruction of turning indirect measurements

into meaningful images of the interior of an object or body. The heart of this process is

the inverse problem: deducing the internal structure or properties of an object from data

collected on its exterior or along its boundary [15]. In the context of medical imaging,

this means inferring tissue density, radiotracer concentration, or other physical properties

from the signals recorded by imaging detectors. When a patient undergoes a CT scan

[16] or a PET study, detectors do not directly record an image. Instead, they collect

projections aggregated data that represent the sum or integral of a quantity (like X-ray

attenuation or gamma photon emissions) along a line or path through the body. The

challenge is then to reconstruct the original distribution from these projections, a process

mathematically represented as inverting a transform, such as the Radon transform in

CT or the attenuated Radon transform in SPECT [17–19].

To understand the inverse problem, it is useful to contrast it with the forward problem.

In tomography, the forward problem involves predicting what the measured projections

would be, given a known internal distribution. This is usually well-posed and stable if the

interior structure is known, one can simulate the measurements accurately using physical

models of radiation transport, attenuation, and detector response.

The inverse problem, in contrast, may not have a unique solution, the solution may not

depend continuously on the data, or a solution might not even exist without further

constraints. This property arises because real-world measurements are noisy, incomplete,

and sometimes inconsistent due to physical limitations or patient movement. As a result,

7
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direct inversion methods can lead to artifacts or instability in the reconstructed image

[20–22].

1.1.2 Radon and Fourier Transform

The Radon Transform can maps a function in 2D space to a set of line integrals.

In CT, it represents the X-ray attenuation along different paths through the object.

The Fourier Transform can converts spatial domain information to frequency domain.

It’s crucial in image processing and reconstruction algorithms.

The Fourier Slice Theorem connects the Radon and Fourier transforms, stating that the

1D Fourier transform of a projection is equivalent to a slice of the 2D Fourier transform

of the original image.

These transforms are essential in CT image reconstruction, allowing the conversion of

projection data into cross-sectional images [23]. Understanding these transforms is crucial

for developing and optimizing reconstruction algorithms in medical imaging, particularly

in CT and SPECT modalities.

Computed Tomography (CT) is one of the most widely used medical imaging techniques,

providing detailed cross-sectional images of internal anatomical structures. CT imaging

relies on capturing multiple projections of an object from different angles and then

reconstructing those projections into a coherent volumetric image. Central to this process

are two mathematical operations: the Radon Transform and the Fourier Transform [24].

These tools form the foundation of most analytical reconstruction techniques, enabling

the translation of projection data into spatial representations. This chapter explores how

the Radon and Fourier Transforms are employed in CT image reconstruction, focusing

on their mathematical formulation, practical implementation, and significance in modern

medical imaging.

1.2 Filtered Back Projection

The Radon Transform is a mathematical operation that maps a two-dimensional function

(representing an image) into its line integrals across various angles. In the context

of CT, it represents the theoretical basis for the data collected during a scan. When

X-rays pass through the body, detectors record the attenuation along multiple paths;

these measurements correspond to line integrals of the tissue density. The mathematical

definition is: let f(x, y) represent the attenuation coefficient at position (x, y). The Radon

8
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Transform Rf(θ, s) is given by:

Rf(θ, s) =

∫ ∞

−∞
f(s cos θ − t sin θ, s sin θ + t cos θ)dt. (1.1)

In formula:

1. θ is the angle of projection, s is the distance from the origin along the projection

line,

2. t parametrizes the integration path,

3. s parametrizes the direction orthogonal to the integration path.

Practical implications are that in CT images, this formulation explains how an image

is ”projected” into sinograms two-dimensional arrays representing the X-ray intensities

measured at different angles θ and positions s, as shown in Fig. 1.1. Each row of a

sinogram corresponds to one angle, and each column to a detector position. The Fig. 1.1

explains better that concepts, taking an illustrative density function of a simulated brain,

and making the sinogram plot.

The goal of reconstruction is then to invert the Radon Transform to recover the

original function f(x, y), which represents the internal structure of the body.

The Fourier Slice Theorem (also known as the Central Slice Theorem) provides the

critical link between the Radon and Fourier Transforms, enabling efficient reconstruction

algorithms.

The theorem states that the 1D Fourier Transform of a projection at angle θ corresponds

to a slice of the 2D Fourier Transform of the original image, taken at the same angle

through the origin. By the formula, if

F (u, v) = F2d(f(x, y)) (1.2)

is the fourier transform of the f in 2-dimensions, while

Pθ(ω) = F1d(Rθf(x, y)) (1.3)

is the fourier transform in 1-dimension of the radon transform of f along θ-direction, the

theorem states that

F (ω, θ) = F (u, v)|ω,θ = Pθ(ω) (1.4)

9
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(a) (b)

Figure 1.1: (a) The Sheep-Logan image of a simulated brain. (b) The sinogram of the
image: the projection position is measured in pixels, but is mathematically the s variable
in Eq. 1.1. The projection angle is measured in deg and it is mathematically the θ variable
in Eq. 1.1

.

This powerful relationship allows the use of Fourier-based techniques to reconstruct the

image from its projections. Essentially, each 1D projection provides a radial line in the

2D frequency domain. By collecting enough projections from different angles, one can

fill the 2D frequency space and then apply the inverse Fourier Transform to recover the

image.

The Fourier Slice Theorem is the cornerstone of several analytical reconstruction algo-

rithms, especially Filtered Back Projection (FBP), which is discussed next. It justifies

why accurate reconstruction is possible with a complete set of projections, and why

interpolation in frequency space is often necessary when data is discretely sampled.

The Filtered Back Projection algorithm is the most widely used analytical technique

in CT image reconstruction. It is grounded in the theory of the Radon and Fourier

Transforms and efficiently approximates the inverse Radon Transform. The algorithm

follows these steps: Projection: Collect raw data (sinogram) from multiple angles at every

step. Then apply a high-pass filter to each 1D projection in the frequency domain to

compensate for the blurring that occurs in unfiltered back projection.Finally, spread

the filtered projection data back across the image plane along the original paths of

10
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integration.

Mathematically, this process can be summarized as [25]:

f(x, y) =

∫ π

0

(
1

2π

∫ +∞

−∞
(h(w) ∗ Pθ(ω))e

iωtdω

)∣∣∣∣∣
t=x cos θ+y sin θ

dθ (1.5)

where

• h(w) is the filter function,

• ∗ is the mathematical convolution operation

The filtering step relies on the 1D Fourier Transform of each projection: first, it transforms

each projection to frequency domain.Second, it multiplies by a ramp filter to enhance

high frequencies. Finally, it applies the inverse Fourier Transform to obtain the filtered

projection.

This process highlights the utility of the Fourier Transform in isolating and correcting

frequency components critical for image sharpness. The filters used are several: ramp,

hann, hamming, cosine and shepp-logan. While ramp is used when it needs to reconstruc

better the high frequency domain, the other are used to smoothing the edges, because

they reduce the high frequency domain. In Fig. 1.2 some filters are shown.

The Radon and Fourier Transforms are not limited to basic 2D parallel-beam CT. They

extend to a variety of geometries and advanced techniques in modern imaging.

In clinical practice, CT scanners use fan-beam or cone-beam geometries rather than

parallel beams. These setups require modified Radon Transform models and reconstruction

algorithms, but the foundational principles still hold. The Radon Transform is adapted

to account for divergence, and back projection becomes a 3D operation.

1.3 Iterative methods

An approach that is not analytic, is the Iterative Reconstruction Technique (IRT).

While FBP is fast and effective, it struggles with noisy or incomplete data. IRT do not

explicitly use the Radon or Fourier Transforms, these methods often begin with analytical

reconstructions or incorporate transform-based priors [26]. Examples include:

• Algebraic Reconstruction Technique (ART)

11
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Figure 1.2: The filters used in the FBP. The ramp filter is frequently used to enhance the
high frequencies. The shepp-logan to reduce high frequencies and the noise. The cosine,
hamming and hann reduce noise but also enhance the blurring of the image.

• Simultaneous Iterative Reconstruction Technique (SIRT)

• Maximum Likelihood Expectation Maximization (MLEM)

• Ordered Subset Expectation Maximization (OSEM)

Modern approaches increasingly combine analytical methods with data-driven techniques.

For example: DL Denoisers trained in the frequency domain, Learned filters replacing

classical ramp filters, Neural networks mimicking FBP pipelines but with trainable

components [27]. These methods leverage the foundational understanding of transforms

while enhancing adaptability to real-world data variability [28].

The core logic of iterative reconstruction can be described as a cyclical optimization

process, and Fig. 1.3 shows the algorithm that in general is used as starting point

structure for all the methods described below. The goal is to find an image estimate f̂

such that its forward projection matches the measured projection data g as closely as

possible.

Let:

12
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• f : The true tracer distribution (the image we want to recover).

• g: The measured projection data (sinogram).

• H: The system matrix (representing the probability that a photon emitted from

voxel j is detected in bin i).

• f̂ (k): The image estimate at iteration k.

The relationship is generally modeled as g = Hf + noise. The noise is modeled

randomly. The pipe-line of the process is the following. The first step consists of an initial

guess: the algorithm initializes with a starting estimate, f̂ (0).

f̂
(0)
j = constant (e.g., uniform value > 0) (1.6)

This serves as the baseline for the first iteration.The second step makes the forward

projection (Simulation). In this step, the algorithm simulates the acquisition process

using the current image estimate. It calculates the ”expected” projections based on the

current guess.

ĝ
(k)
i =

∑
j

Hij f̂
(k)
j (1.7)

Here, ĝ(k) represents the synthetic projection data at iteration k. In the third step follows

the comparison with simulation and is performed the error calculation. The synthetic

projections ĝ(k) are compared to the actual measured projections g. The nature of this

comparison depends on the specific algorithm (e.g., difference for ART, ratio for MLEM).

For Maximum Likelihood Expectation Maximization (MLEM), the ratio is calculated:

Error Termi =
gi

ĝ
(k)
i

(1.8)

If the estimate is perfect, this ratio is 1. Deviations indicate where the image needs

correction. The fourth step consists of the backprojection. The error term is backprojected

from the projection space into the image space to update the estimate. This distributes

the error among the voxels that contributed to it.

The MLEM update rule is:

f̂
(k+1)
j = f̂

(k)
j ·

1∑
i Hij

∑
i

Hij

(
gi∑

l Hilf̂
(k)
l

)
(1.9)

Where:

13
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• f̂
(k)
j is the current pixel value.

• The term in the parenthesis is the comparison (ratio) from Step 3.

• The summation
∑

i Hij(. . . ) represents the backprojection of the error.

• 1∑
i Hij

is a normalization factor based on sensitivity.

Finally, the iteration is performed. Steps 2 through 4 are repeated. The updated image

f̂ (k+1) becomes the current estimate for the next loop.

f̂ (0) → f̂ (1) → · · · → f̂ (n) (1.10)

The loop continues until a stopping criterion is met (e.g., k reaches a maximum number

of iterations or the change in likelihood is negligible).

Algorithm 1 Generic Iterative Reconstruction Loop

1: Initialize f̂ (0)

2: for k = 0 to Niterations do
3: Forward Project: Generate ĝ from f̂ (k)

4: Compare: Calculate error between ĝ and measured g
5: Backproject: Map error back to image space
6: Update: Compute f̂ (k+1) using backprojected error
7: end for

1.3.1 Algebraic Reconstruction Technique

The Algebraic Reconstruction Technique (ART) is a family of iterative algorithms used

in computed tomography (CT), emission tomography (like PET and SPECT) [30],

and other imaging applications to reconstruct an image from its projections. ART is

particularly useful when dealing with incomplete or noisy data, or when using sparse

sampling. The problem could be mathematically summarized: the projections are b ∈ Rm

in the measured projection data space, the sinogram. The image vector is the flatten

image x ∈ Rn. The matrix that describes the projection process is the system matrix

A ∈ Rm×n.The formula to express the process is simply a linear system:

Ax = b (1.11)

where the vector x represents the image to be recovered, b contains the measured projection

data, and the matrix A encodes the imaging geometry, with each row ai corresponding
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Figure 1.3: Explaining image for the Iterative Reconstruction Technique. The measured
projections are compared with the initial forward projection of a sample image. Next
iteration takes the error and map back to image space. Then computing the image by
backprojection. Last make the forward for next comparison and the loop continues until
comparison is good. [29].

to a single ray. ART updates the current estimate by successively projecting it onto the

hyperplanes defined by the equations aix = bi. The iterative update follows the Kaczmarz

method and is given by

x(k+1) = x(k) + λ
bi − ⟨ai, x(k)⟩
∥ai∥2

aTi (1.12)

where λ is a relaxation parameter typically chosen in the range 0 < λ ≤ 1. At each

step, the solution is corrected in the direction of ai in proportion to the prediction

error bi − ⟨ai, x(k)⟩, ensuring that the final estimate progressively satisfies the measured

projections. ART is effective when dealing with noisy or incomplete data, although it

can be sensitive to the order of updates and to the choice of the relaxation parameter.

1.3.2 Simultaneous Iterative Reconstruction Technique

The Simultaneous Iterative Reconstruction Technique (SIRT) [31] is an iterative method

for tomographic image reconstruction in which the entire image is updated simultaneously

at each iteration based on the discrepancy between measured and simulated projections.

Given measured projection data p and system matrix W , SIRT proceeds with the

following pipe-line. First, it undergoes the initialization. It is chosen an initial image
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estimate f (0) (e.g. zeros or a filtered backprojection reconstruction). The second step

makes the forward projection. It is computed the simulated projections

p̂(k) = Wf (k) (1.13)

The third step consists in computing the projection error.

e(k) = p− p̂(k) (1.14)

The fourth step makes the backprojection of the error. It is computed the backprojection

of the weighted error:

∆f (k) = W⊤D e(k) (1.15)

where D is a diagonal matrix that normalizes each projection ray, commonly

D = diag

(
1∑
j Wij

)
(1.16)

The fifth step makes the normalization and the update of the image. Image is normalized

by the number of rays through each pixel via a diagonal matrix C:

f (k+1) = f (k) + λ C ∆f (k) (1.17)

where λ is a relaxation parameter, typically 0 < λ ≤ 1. Finally the steps 2 to 5 are

repeated until a desired number of iterations or a convergence criterion is met.

Properties The algorithm shows several features: it produces smooth, stable recon-

structions and is robust to noise and limited-angle data. The algorithm converges to

a least-squares solution of Wf = p.It is typically slower than analytic methods such

as filtered backprojection. It is very straightforward to incorporate regularization or

constraints.

1.3.3 Maximum Likelihood Expectation Maximization

The Maximum Likelihood Expectation Maximization (MLEM) algorithm is an iterative

method for tomographic image reconstruction derived from maximizing the Poisson

likelihood of the measured projection data. It is widely used in emission tomography

(PET/SPECT) and can also be applied to transmission tomography.
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Forward Model Let pi denote the measured projection for ray i, and let the system

matrix Wij describe the contribution of voxel j to ray i. The expected projection for ray

i is

p̂
(k)
i =

∑
j

Wijf
(k)
j (1.18)

where f (k) is the image estimate at iteration k.

MLEM Update Rule Starting from an initial estimate f (0) ≥ 0, the MLEM update

is

f
(k+1)
j = f

(k)
j

∑
i

Wij
pi

p̂
(k)
i∑

i

Wij

(1.19)

Equivalently, in matrix form:

f (k+1) = f (k) ⊙
W⊤

(
p

Wf (k)

)
W⊤1

(1.20)

where ⊙ denotes elementwise multiplication and 1 is a vector of ones.

Algorithm steps

1. Initialize f (0) with nonnegative values.

2. Compute forward projection

p̂(k) = Wf (k) (1.21)

3. Compute the ratio between measured and predicted data:

r
(k)
i =

pi

p̂
(k)
i

(1.22)

4. Backproject the ratio:

b
(k)
j =

∑
i

Wijr
(k)
i (1.23)
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5. Normalize by sensitivity:

sj =
∑
i

Wij (1.24)

6. Update:

f
(k+1)
j = f

(k)
j

b
(k)
j

sj
(1.25)

Properties The MLEM shows different excellent features that spread the algorithm

over multiple applications. First, it is derived from Poisson maximum-likelihood estima-

tion. It guarantees nonnegativity of the reconstructed image. It produces high-quality

reconstructions but may converge slowly. It is very sensitive to noise, indeed it is often

combined with regularization (e.g., MAP-EM).

1.3.4 Ordered Subsets Expectation Maximization

The Ordered Subsets Expectation Maximization (OSEM) algorithm is an iterative method

widely used for the reconstruction of tomographic images, particularly in modalities

like PET and SPECT [32]. It is an accelerated version of the traditional Expectation

Maximization (EM) algorithm, designed to improve convergence speed without sacrificing

image quality. OSEM works by dividing the projection data into smaller subsets and

updating the image estimate after processing each subset, rather than waiting for the

entire dataset. This allows for faster convergence and reduced computational time, making

it highly suitable for clinical applications where efficiency is critical [33]. The algorithm

iteratively refines the estimated image to maximize the likelihood that the projected

image matches the acquired data, incorporating the system’s physical response and noise

characteristics for improved accuracy [34]. For the effective implemented formula in the

framework used for this study, the OSEM, that accelerates convergence by splitting the

projection set into subsets Sj, has a rule derived at each iteration:

x(k+1) = x(k)

A∗
Sj

(
ySj

ASj
x(k) + b

)
A∗

Sj
1

(1.26)

Fig. 1.4 resume the concept of the OSEM: the sinogram is divide into subset, because it

accelerates the convergence. So every subset follows the loop and the results are estimated

at a number n of iterations that will be smaller then the MLEM number of iterations.

The following Alg. 2 describes step-by-step the OSEM:
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Figure 1.4: Explaining image for OSEM algorithm: here the λ correspond to x in the
algorithm, Ck corresponds to ratio c(s). The figure resambles the MLEM algorithm with
the change that the measured sinogram are divide in subsets to accelerate the loop.

Algorithm 2 Ordered Subsets Expectation Maximization (OSEM)

Require: Measured projections y, system matrix A, number of subsets S, initial image
estimate x(0), number of iterations K

Ensure: Reconstructed image x(K)

1: Partition the projection data into S ordered subsets: {y(1), y(2), . . . , y(S)}
2: for k = 0 to K − 1 do
3: x(k,0) ← x(k) ▷ Initialize iteration with previous estimate
4: for s = 1 to S do
5: Compute forward projection on subset s:

ŷ(s) = A(s)x(k,s−1)

6: Compute correction factor:

c(s) =
y(s)

ŷ(s)

7: Backproject the scaled residual:

b(s) = (A(s))⊤c(s)

8: Normalize by system sensitivity:

d(s) = (A(s))⊤1

9: Update estimate for subset s:

x(k,s) = x(k,s−1) · b
(s)

d(s)

10: end for
11: x(k+1) ← x(k,S) ▷ Store result for next iteration
12: end for
13: return x(K)
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1.3.4.1 MAP-Based OSEM and Resolution Recovery in Emission

Tomography

In iterative image reconstruction for emission tomography, the Maximum A Posteriori

(MAP) framework provides a principled way to incorporate both the statistical nature of

the measured data and prior knowledge about the reconstructed image. When combined

with Ordered Subsets Expectation Maximization (OSEM), MAP estimation enables

faster convergence while controlling noise amplification through regularization, which is

essential for achieving clinically useful image quality.

The reconstruction problem is commonly formulated by modeling the measured

projection data y as a realization of a Poisson process, whose mean is given by Ax+ r,

where x denotes the unknown activity distribution, A is the system matrix encoding the

physics of detection, and r accounts for additive background events such as scatter and

randoms. In the MAP framework, the goal is to maximize the posterior probability p(x|y),
which can be expressed, up to an additive constant, as the sum of the log-likelihood and

the log-prior. This leads to the optimization problem

x̂ = argmax
x≥0
{log p(y|x)− βR(x)} (1.27)

where R(x) is a penalty function encoding prior assumptions about the image, and β

controls the strength of regularization. The penalty term is often chosen to encourage

smoothness while preserving edges, as in quadratic, Huber, or total variation-based

penalties.

OSEM accelerates the Expectation Maximization (EM) algorithm by partitioning the

projection data into subsets and performing updates sequentially using each subset. In the

MAP-OSEM setting, the standard EM update is modified by incorporating the gradient

of the penalty term, resulting in an update equation that balances data fidelity and

prior constraints. While OSEM improves convergence speed, it also introduces limit-cycle

behavior and increased noise, making the role of the penalty term particularly important

for stabilizing the reconstruction and ensuring convergence toward a meaningful solution.

An essential component of modern MAP-OSEM reconstruction is the explicit mod-

eling and correction of the system’s Point Spread Function (PSF). The PSF describes

how a point source of activity is blurred by physical effects such as detector response,

positron range, non-collinearity of annihilation photons, and depth-of-interaction effects.

If uncorrected, these effects lead to spatially varying resolution loss and reduced contrast,
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especially for small lesions. PSF correction is typically achieved by incorporating a

spatially variant blurring model directly into the system matrix A, often implemented as

a convolution operation in image space or as a factorized component of the forward and

backward projections.

By embedding the PSF model into the reconstruction process, MAP-OSEM effectively

performs resolution recovery, allowing the algorithm to compensate for system blurring

while remaining consistent with the measured data. This approach improves spatial

resolution and contrast recovery without the need for post-reconstruction deconvolution,

which is often unstable in the presence of noise. However, resolution recovery tends to

amplify high-frequency noise, particularly near sharp edges, making penalized likelihood

reconstruction crucial for controlling noise propagation.

Resolution-recovery algorithms based on PSF modeling must therefore be carefully

balanced with appropriate regularization. The penalty term acts as a constraint that sup-

presses noise while allowing true structural details to emerge. In practice, the interaction

between the PSF model, the number of OSEM subsets, and the regularization strength

determines the final image characteristics. Overly aggressive resolution recovery can lead

to edge artifacts and Gibbs-like ringing, whereas insufficient modeling of the PSF results

in overly smooth images with poor lesion detectability. In summary, MAP-based OSEM

reconstruction with penalized likelihood provides a flexible and powerful framework for

modern emission tomography. The inclusion of PSF correction within the system model

enables true resolution recovery, improving spatial resolution and quantitative accuracy.

At the same time, the use of well-designed penalty functions is essential to mitigate noise

amplification and ensure robust, clinically reliable images. Together, these elements form

the foundation of state-of-the-art reconstruction algorithms used in PET and SPECT

imaging.
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Chapter 2

Deep learning methods: basic

concepts

Deep learning is a subset of machine learning that uses artificial neural networks with

multiple layers to learn and represent complex patterns in data. These deep neural

networks are capable of automatically learning hierarchical features from raw input,

making them particularly effective for tasks involving high-dimensional data such as

images, speech, and text. The basics concepts of the deep learning are [35]:

1. The hierarchical feature learning : Each layer in the network learns increasingly

abstract representations of the input data.

2. End-to-end learning : Deep learning models can learn directly from raw input to

final output, often eliminating the need for manual feature engineering.

3. Scalability : Performance typically improves with more data and larger models,

making deep learning well-suited for big data applications.

4. Transfer learning : Knowledge gained from one task can often be applied to related

tasks, improving efficiency and performance.

Among the various deep learning architectures, Convolutional Neural Networks (CNNs)

have emerged as a powerful tool, particularly in the domain of image analysis and

computer vision.
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2.1 Convolutional Neural Networks

CNNs are designed to automatically and adaptively learn spatial hierarchies of features

from input images. The key components of a CNN include:

1. Convolutional layers: These layers apply learnable filters to the input, creating

feature maps that highlight important patterns.

2. Pooling layers: These reduce the spatial dimensions of the feature maps, providing

a form of translational invariance.

3. Fully connected layers: These layers typically appear at the end of the network and

perform high-level reasoning.

4. Activation functions: Non-linear functions like Rectified Linear Unit (ReLU) that

introduce non-linearity into the network, allowing it to learn complex patterns.

CNNs have several advantages that make them particularly suited for image analysis

tasks, also in applications where one have to build the embedding space for a classification

problem [36]. The main advantage is that Convolutional filters are applied across the

entire image, significantly reducing the number of parameters compared to fully connected

networks.

CNNs can capture local patterns and spatial relationships in images. And then, deeper

layers in the network can learn increasingly complex and abstract features. And finally,

the use of pooling layers helps the network recognize patterns regardless of their position

in the image.

In medical imaging, CNNs have revolutionized various tasks including image classifica-

tion, segmentation, and object detection. They have shown remarkable performance in

analyzing complex medical images such as CT scans, MRIs, and X-rays, often achieving

accuracy comparable to or exceeding that of human experts [37]. The milestone of the

CNNs could be represented in Fig. 2.1, explaining how the convolution operation works.

2.1.1 Segmentation

In the image classification problem, the entire image is assigned to a class. A more detailed

analysis is obtained when every pixel is assigned to one of a predefined set of classes,

which means that the predicted space has the same dimensionality as the input space.
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Figure 2.1: Convolution operation: terms coming from the operation of multiplying every
function values by a kernel function. The kernel keep sliding over all the function values.
At each position, the output is the value of every pixel of a new matrix. The output matrix
is always smaller than the starting one. An image from course ”Machine Learning”.

The output will have C channels, which correspond to the class number, representing

the probability for each class [38–40]. The predicted output of a segmentation network

could be represented as a mask in which each pixel is coloured according to the class

with the highest probability. In order to overcome the computational costs for applying

convolutional filter to every patch centered on every pixel, one can uses a more efficient

architecture by taking a deep convolutional network and adding layers that take the

low-dimensional representation and develop it back up to the original image resolution.

This operation is called Up-sampling. For the segmentation tasks this is shown to be best

architecture. An example of segmentation for the CT images is in Fig. 2.2.

2.1.2 Object detection

In many applications of Computer Vision, deep learning could be used to determine the

location of a determined object. The object is localized by using a bounding box like

in Fig. 2.3, which is identified by the center’s coordinates, the width and the height.

The architecture extracts features through convolution and pooling layers, with fully

connected layers followed by a SoftMax layer for classification [41, 42]. For localization,

the final fully connected layer outputs bounding box coordinates. Detection models fall

into two categories:

• Two-stage detectors, which generate region proposals before classification, including
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Figure 2.2: Example of segmentation of pancreas and tumour for a CT image. This is a
validation image from segmentation task.

R-CNN, Fast R-CNN, Faster R-CNN, and Mask R-CNN, where R stands for

Region-based. Indeed the model approach is to use a selective search algorithm to

generate around 2,000 region proposals from an image. These proposals are likely

to contain objects and are individually processed to detect and localize them more

efficiently [43].

• One-stage detectors, treating detection as direct regression or classification tasks,

like YOLO and SSD (Single-stage detectors) [44, 45]. In YOLO, that stands for You

Only Look Once, the model looks only once in the network i.e. only one forward pass

is required through the network to make the final predictions, because the model

treats the detection as a single-regression problem, predicting bounding-boxes and

class probabilities in one forward passage.

2.1.3 Reconstruction

The performance of deep learning algorithms relies on the quality of data used for model

training. Higher-quality training data will become available with photon-counting CT

scanners. At the same time, spectral data would greatly benefit from the computational

abilities of deep learning methods. They achieves good performance by lowering image

noise and artifacts while preserving spatial resolution and shortening reconstruction times,

but its performance is only as good as the quality of the data used for its development

25



CHAPTER 2. DEEP LEARNING METHODS: BASIC CONCEPTS

Figure 2.3: Example of object detection of pancreas in a CT image, with bounding boxes
surrounding the pancreas. This is a validation image from localization task.

[46, 47].

The deep learning methods built for the reconstruction are divided by direct and indirect.

In indirect either the filtered backprojection or iterative reconstruction is used. The three

types of indirect frameworks are differentiated based on when the deep learning network

is deployed. These are sinogram-based, image-based, and hybrid frameworks.

• Sinogram-based frameworks focus on sinogram optimization, and the network

is deployed before the sinogram undergoes filtered backprojection or iterative

reconstruction.

• In image-based frameworks, the network optimizes the image after initial recon-

struction with filtered backprojection or iterative reconstruction.

• In hybrid frameworks, it is combined sinogram and image optimization.

In indirect reconstruction, deep learning networks are commonly CNN-based. Two exam-

ples are wavelet transform–based U-Net and residual encoder-decoder CNN. Transformer-

based neural networks and generative adversarial networks are examples of a non-

CNN–based approach to image optimization. This approach are commonly used for

denoising problems, like in Fig. 2.4

In direct deep learning algorithms, it is reconstructed the sinogram directly into an image,

without the use of filtered backprojection or iterative reconstruction. This potentially
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Figure 2.4: Example of denoising.

reduces artifacts introduced by classical approaches. However, this is only possible if the

ground truth images used for model training do not contain classical methods-related

artifacts. Examples of direct algorithms include Automated Transform by Manifold

Approximation (AUTOMAP), which recasts image reconstruction as a data-driven su-

pervised learning task that allows a mapping between the sensor and the image domain

to emerge from an appropriate corpus of training data and iRadonMAP, that is an

appropriative neural network, of which the architecture can be divided into two segments.

In the first segment, a learnable fully-connected filtering layer is used to filter the radon

projections along the view-angle direction, which is followed by a learnable sinusoidal

back-projection layer to transfer the filtered radon projections into an image. The second

segment is a common neural network architecture to further improve the reconstruction

performance in the image domain [48, 49].

Figure 2.5: Example of AutoEncoder model for image generation 1.

1https://arc.fiu.edu/projects/artificial-intelligence-for-em-problem-set-
dd/attachment/convolutional-autoencoder-cae-architecture/
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2.1.4 Standard Autoencoder Architecture

The standard Autoencoder (AE) is an unsupervised learning model designed for efficient

coding of input data, Fig. 2.5 [50, 51]. It is composed of two primary, interconnected

networks:

• Encoder (E): This network takes the input data, x, and progressively compresses it

into a lower-dimensional representation, z, known as the latent space (or bottleneck).

The transformation can be represented as z = E(x).

• Decoder (D): This network takes the latent representation, z, and attempts to

reconstruct the original input, x̂, such that x̂ = D(z).

The objective function (loss function, L) typically minimizes the reconstruction error:

LAE = ∥x− x̂∥2 (2.1)

The layers within both the encoder and decoder are typically structured as repeating

blocks. A common configuration involves an alternation of:

1. Convolutional Layers: These perform feature extraction. For 3D volumetric data,

this involves 3D Convolution operations. The encoder uses convolution with strides

(or pooling) to reduce the spatial dimensions, while the decoder uses transposed

convolutions (or upsampling) to increase them.

2. Batch Normalization (BN) Layers: Applied after the convolution, BN layers

normalize the activations of the preceding layer. This stabilizes and accelerates the

training process by reducing internal covariate shift.

3. Activation Function: A non-linear activation (e.g., ReLU or Leaky ReLU, which

is the ReLU rectifier with a small positive slope in the negative side) is applied

after the BN layer. A Leaky Rectified Linear Unit (Leaky ReLU) is defined as:

Leaky ReLU(x) =

x if x > 0

ax if x ≤ 0
(2.2)

where a is a small, fixed positive slope.
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Figure 2.6: Example of Variational AutoEncoder model for image generation [52].

2.1.5 Variational Autoencoder

The Variational Autoencoder (VAE) is an extension of the standard AE with a key

conceptual difference: the latent space is constrained to follow a specific probability

distribution, typically a multivariate Gaussian distribution [53–55]. Fig. 2.6 is an example.

Instead of the encoder mapping the input x to a fixed point z in the latent space, it

maps it to the parameters (mean µ and standard deviation σ) of a Gaussian distribution

N (µ,σ2) in the latent space.

The latent vector z is sampled from this distribution using the reparameterization

trick, in which I is the identity matrix:

z = µ+ σ ⊙ ϵ, where ϵ ∼ N (0, I) (2.3)

This modification makes the latent space continuous and allows for generative capabilities.

The total loss function of the VAE is composed of the standard reconstruction loss

and a regularization term (Kullback-Leibler divergence, DKL) that forces the encoded

distribution to be close to the prior (N (0, I)):

LV AE = LReconstruction + β ·DKL(N (µ,σ2) ∥ N (0, I)) (2.4)

2.2 U-Net and Transformer

The U-Net architecture is a type of convolutional neural network (CNN) introduced by

Olaf Ronneberger [39]. It was designed specifically for semantic segmentation tasks in

biomedical images, where the goal is to assign a class label to each pixel of an image

(e.g., healthy vs. pathological tissue). What sets U-Net apart is its ability to deliver

high-accuracy segmentation with a relatively small amount of labeled data, a common
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limitation in medical domains [56]. The U-Net architecture is a powerful convolutional

network originally developed for biomedical image segmentation. It is shown an example

in Fig. 2.7. It is characterized by its distinctive symmetric, U-shaped design, which

effectively combines high-level semantic information with low-level spatial detail [57–59].

The U-shaped architecture is composed of two main paths: a contracting (encoder) path

and an expanding (decoder) path, connected by skip connections. The first part of the

architecture is the Contracting Path (Encoder). This part consists of convolutional layers

followed by ReLU activations and max-pooling. This is the left side of the ’U’. It follows

a standard convolutional network design where consecutive blocks of convolutional layers,

followed by Batch Normalization, are interspersed with pooling operations (e.g., max-

pooling or strided convolutions) that halve the spatial dimensions at every step while

doubling the number of feature channel. The result is to extract hierarchical features and

reduce spatial dimensions while increasing the number of feature channels. Going deeper,

the receptive field increases, allowing the model to capture more global context. After the

encoder, the architecture consists of an Expanding Path (Decoder). This part performs

up-convolutions (also called transposed convolutions or upsampling) to gradually restore

the spatial resolution. This is the right side of the ’U’. It consists of upsampling layers

(e.g., transposed convolutions) that double the spatial dimensions. At each level, the

feature maps from the encoder are concatenated with the decoder features via skip

connections. This structure allows the network to combine contextual information (from

deep layers) with high-resolution localization (from shallow layers).

The final output layer is a 1 × 1 convolution, is applied at the end to map the multi-

channel feature map to the desired number of classes, producing a segmentation mask

where each pixel belongs to a specific class. The specific part of the network are the

Skip Connections. The critical feature of the U-Net is the concatenation of feature maps

from the contracting path to the corresponding layers in the expansive path. These

skip connections transfer fine-grained spatial information lost during the pooling steps,

enabling precise localization for segmentation tasks.

2.2.1 U-Net with Haar Wavelet Filters

A specialized variation, the U-Net with convolutional layers box implemented via Haar

wavelet filters, leverages concepts from multiresolution analysis [62]. In Fig. 2.8 is reported

this kind of architecture. The architecture consists of a layer that performs the Haar

Wavelet Transform (HWT). The HWT decomposes a signal (or image) into different

frequency sub-bands, which goes from the approximations to the details of the image. The
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Figure 2.7: Example of a U-Net architecture used for medical image segmentation of
Prostate cancer. The black arrows corresponds to the skip connections [60].

architecture can performs a Multiresolution Feature Decomposition. In this U-Net variant,

the standard downsampling operation (max-pooling or strided convolution) is replaced

or augmented by a structured decomposition using HWT. This allows the network to

explicitly and mathematically capture features at different scales (multiresolution). The

final path is the Reconstruction. The expansive path uses the inverse HWT or filters

learned to perform multiresolution feature reconstruction. This approach can potentially

offer improved performance in capturing both large-scale structures and fine-scale textures

compared to standard pooling/upsampling, especially in tasks where spectral information

is crucial.

2.2.2 Attention is all you need

The Transformer model, introduced in “Attention Is All You Need“ in 2017, is built

entirely around the Attention Mechanism, enabling highly parallelizable computation

and an effective modeling of long-range dependencies within sequences. Unlike recurrent

or convolutional architectures, the Transformer processes all tokens simultaneously and

constructs contextualized representations by explicitly modeling pairwise interactions

between tokens. The core component enabling this behavior is the Scaled Dot-Product

Self-Attention mechanism, which assigns different levels of importance to tokens based

on their relevance to one another [63].

Query, Key, and Value (QKV) Vectors For each input embedding X, the Trans-

former learns three distinct linear projections that serve different roles within the attention
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Figure 2.8: Example of U-Net tight frame architecture for an image of size = 64 × 64 ×
64 [61].

mechanism. The query vector Q represents the information that a given token seeks from

other tokens in the sequence, while the key vector K represents the information that each

token can provide. The value vector V contains the actual content that is aggregated

to form the output representation. These vectors are produced using learned projection

matrices WQ, WK , and WV , respectively:

Q = XWQ K = XWK V = XWV (2.5)

Scaled Dot-Product Attention Formula The computation of attention scores

begins by measuring the similarity between query and key vectors through a dot product

operation. These raw similarity scores are then scaled by the inverse square root of

the key dimensionality
√
dk to prevent excessively large values that could negatively

affect gradient stability during training. A Softmax function is subsequently applied

to normalize the scores into attention weights, which are finally used to compute a

weighted sum of the value vectors. This entire process is compactly expressed by the
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Scaled Dot-Product Attention formulation [64, 65]:

Attention(Q,K,V) = softmax

(
QKT

√
dk

)
V (2.6)

2.2.3 Multi-Head Attention

Multi-Head Attention extends the basic attention mechanism by executing multiple

attention operations in parallel, allowing the model to attend to information from

different representation subspaces simultaneously. Each of the h attention heads applies

separate learned projections to the input, enabling the capture of diverse relationships

such as syntactic, semantic, or positional dependencies [66]. The outputs of all attention

heads are concatenated and passed through a final linear transformation to generate the

output representation, as illustrated in Fig. 2.9:

MultiHead(Q,K,V) = Concat(head1, . . . , headh)W
O (2.7)

where each individual head is computed as:

headi = Attention(QWQ
i ,KWK

i ,VWV
i ) (2.8)

Transformer Architecture Components The original Transformer architecture

is composed of stacked Encoder and Decoder layers, both of which employ residual

connections and Layer Normalization to facilitate stable and efficient training.

Encoder Layer Each Encoder layer consists of a Multi-Head Self-Attention module

followed by a position-wise Feed-Forward Network. The feed-forward network is a two-

layer fully connected structure that is applied independently and identically to each

token representation, enabling nonlinear feature transformation at the token level.

Decoder Layer Each Decoder layer is composed of three sub-layers. The first is a

masked Multi-Head Self-Attention mechanism that prevents each position from attending

to future tokens, thereby preserving the autoregressive property during training. This

is followed by an Encoder-Decoder, or cross-attention, mechanism in which the queries

originate from the decoder while the keys and values are obtained from the final encoder

outputs, allowing the decoder to selectively focus on relevant portions of the input

sequence. The final sub-layer is a position-wise Feed-Forward Network, analogous to that

used in the encoder.
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Figure 2.9: Example of transformer [63].

Positional Encoding Because the attention mechanism itself is permutation-invariant

and does not encode sequence order, positional information is injected into the model

through Positional Encoding. In the original Transformer, this is achieved using fixed

sinusoidal functions that are added to the input embeddings, allowing the model to infer

relative and absolute token positions [67].

2.2.4 Applications in Computer Vision

Transformers have been successfully adapted to computer vision tasks by reformulating

images as sequences of tokens. The Vision Transformer (ViT) is a prominent example, in

which images are decomposed into patches and processed using standard Transformer

encoders [68].
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Vision Transformer (ViT) Paradigm In the ViT framework, an input image is

first divided into a set of non-overlapping patches, each of which is flattened and linearly

projected into a fixed-dimensional embedding space. These patch embeddings are treated

as tokens and augmented with positional encodings to preserve spatial information. The

resulting sequence is then processed by a Transformer encoder, which uses self-attention

to model global contextual relationships across the entire image.

Image Detection The Detection Transformer (DETR) reformulates object detection

as a direct set prediction problem, removing the need for handcrafted components such

as anchor boxes and non-maximum suppression [69, 70]. In this approach, a convolutional

neural network backbone extracts feature maps that are passed to a Transformer encoder.

The decoder receives a fixed set of learned object queries and employs cross-attention to

focus on relevant image features. The model produces a fixed number of predictions in

parallel, each corresponding to an object class and bounding box, and is trained using a

set-based loss function that relies on bipartite matching, such as the Hungarian algorithm,

to align predictions with ground-truth annotations.

Image Segmentation Transformers have also demonstrated strong performance in

image segmentation tasks by leveraging their ability to capture global context [71–

73]. In semantic segmentation, a Transformer encoder generates contextualized patch

representations that are subsequently upsampled by a segmentation head to recover

pixel-level predictions. For instance and panoptic segmentation, architectures such as

MaskFormer introduce learnable mask queries within the decoder. Each query predicts

both a semantic class and a mask embedding, which is combined with high-resolution

feature maps to generate instance-specific binary masks, thereby unifying multiple

segmentation tasks within a single framework.
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Chapter 3

Development of machine vision

algorithms for medical images

The medical imaging became a useful way to improve the medical therapy in case of

cancer. Several methods based on imaging records were developed during the years, that

are called ”machine vision algorithms”, that enables the computer to see as an human

made for different applications. Machine vision algorithms have become a fundamental

component of modern image analysis, enabling computers to automatically interpret and

extract meaningful information from visual data. By taking advances in signal processing,

pattern recognition, and machine learning, machine vision systems aim to replicate

and, in some cases, surpass human visual perception for specific analytical tasks. These

algorithms are widely applied across domains such as medical imaging, remote sensing,

industrial inspection, and autonomous systems, where large volumes of image data must

be analyzed in a consistent and reproducible manner.

A central objective of machine vision is the transformation of raw image data into

quantitative descriptors that capture relevant structural, textural, and statistical prop-

erties of the observed objects or regions. Traditional approaches rely on handcrafted

features derived from intensity distributions, edge information, shape descriptors, and

texture measures, while more recent methods incorporate data-driven representations

learned through deep neural networks.

The radiomics workflow commonly involves image acquisition, preprocessing, region-

of-interest delineation, feature extraction, and subsequent analysis using statistical or

machine learning models. Machine vision algorithms play a crucial role at multiple stages
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of this pipeline, particularly in image normalization, automated segmentation, and robust

feature computation.

These techniques are spread between the basic image processing and the advanced

deep learning for segmentation of tissue. The key areas are object detection, image

classification and segmentation and feature extraction. In this chapter we will focus on a

combined task: localization and segmentation.

3.1 One step segmentation of pancreas

Pancreatic cancer is one of the leading causes of cancer related deaths worldwide.

Pancreatic tumors represent a heterogeneous group of neoplasms arising from the exocrine

or endocrine components of the pancreas. They are characterized by complex molecular

alterations, aggressive biological behavior in several subtypes, and significant challenges

in diagnosis and management. This text provides a scientific overview of pancreatic

tumors with emphasis on pathology, molecular mechanisms, and clinical implications.

The pancreas is a dual-function organ composed of exocrine acinar and ductal cells as

well as endocrine islet cells. Tumors of the pancreas originate from these distinct cellular

compartments and therefore exhibit diverse histological and functional characteristics.

Pancreatic tumors are of particular scientific interest due to their often late presentation,

resistance to therapy, and high impact on patient outcomes.

Pancreatic tumors are broadly classified into exocrine and neuroendocrine neoplasms.

Exocrine tumors account for the majority of cases and are most commonly represented

by pancreatic ductal adenocarcinoma, which arises from the ductal epithelium. These

tumors are typically characterized by dense stromal tissue, infiltrative growth patterns,

and marked cellular atypia. In contrast, pancreatic neuroendocrine tumors originate

from hormone-producing islet cells and display variable differentiation and proliferative

activity, which influence their biological behavior.

At the molecular level, pancreatic tumors are associated with the accumulation of

genetic and epigenetic alterations that disrupt normal cell cycle regulation, apoptosis,

and tissue architecture. Frequently affected signaling pathways include those involved

in growth factor signaling, DNA damage response, and cellular metabolism. The tumor

microenvironment plays a critical role in disease progression, as interactions between
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neoplastic cells, stromal fibroblasts, immune cells, and extracellular matrix components

contribute to tumor growth and therapeutic resistance.

The clinical manifestations of pancreatic tumors are often nonspecific and may include

metabolic or digestive disturbances depending on tumor location and functional status.

From a diagnostic perspective, imaging modalities such as computed tomography and

magnetic resonance imaging are used to assess tumor size, extent, and anatomical

relationships. Histopathological examination, supported by immunohistochemical and

molecular analyses, is essential for definitive diagnosis and classification.

Management strategies for pancreatic tumors depend on tumor type, stage, and

molecular profile. Surgical resection remains a key approach for localized disease, while

systemic therapies are employed in more advanced cases. Ongoing research focuses on

understanding tumor biology at the molecular level to identify biomarkers and therapeutic

targets that may improve early detection and treatment efficacy.

Since patients rarely exhibit symptoms until the disease reaches an advanced stage,

early diagnosis is critical for improving the five-year survival rate. Furthermore, pancre-

atic masses encompass various types, presenting a management dilemma as some are

precancerous while others carry minimal risk of developing invasive cancer.

Computed tomography (CT) is widely used for initial evaluation of cancer lesions. In CT

images, tumor areas are meticulously identified and delineated by expert radiologists. In

certain clinical scenarios, combining information from different imaging modalities, such

as CT and digital radiography, can provide a more comprehensive view of the anatomy

and pathology. However, there are at least three problems concerning the segmentation

of pancreatic tumoral masses, which can reduce the quality of results. The first is related

to tissue density: cystic ducts can be easily confused with pancreatic ones. The second

issue is that pancreatic masses vary in size, shape, and texture. Additionally, since they

occupy only a small portion of the abdominal CT image, physicians need to explore wide

part of the slices to identify them. However, the main problem is due to the blurry and

indistinct pancreatic borders. The third problem lies in the multitude of pancreatic tumor

types, such as serous cystic neoplasm (SCN), mucinous cystic neoplasm (MCN), intra-

ductal papillary mucinous neoplasm/carcinoma (IPMN/IPMC), ductal adenocarcinoma

(PDAC), pancreatic pseudocyst (PPC), pancreatic neuroendocrine carcinoma/tumor

(PNEC/PNET).

Amid the strides made in modern medicine, including the development of enhanced
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surgical systems [74–76], diagnostic techniques [77] and sensing techniques [78], Deep

Convolutional Neural Networks (DCNN) have emerged as an accurate and efficient

approach for tumor segmentation in medical images. DCNNs excel at identifying indis-

tinguishable pixels or subtle changes that may be overlooked by the human eye, enabling

the construction of more complex feature structures [79, 80].

Pancreatic tumor segmentation is also being pursued using fully convolutional DCNNs

[81]. In particular, studies have started focusing specifically on the U-Net architecture,

which has brought a significant improvement in segmentation accuracy [82]. Zhou et

al. have implemented a deep learning-based method that first segments the pancreas

through a dedicated DCNN model, and then crop, resize, and manage the original image

to segment the pancreatic cyst through another model [83]. Guo et al. have proposed a

3D tumor segmentation using a combination of a U-Net architecture and a graph-based

network [84]. Initially, tumor tissue is manually retrieved from the total CT image and

saved as a cube centered on the tumor. It is then sliced into 2D images, and every slice

and its two adjacent slices are provided to a U-Net model to obtain segmentation, which

is used as a probability map. Ultimately, this map serves as the input for a graph-based

algorithm that performs the final segmentation.

In this work, a one-step segmentation framework is employed in which both the

pancreas and the PDA tumor are segmented directly from CT images in a single unified

process. Unlike multi-stage approaches that first localize the pancreas and then segment

the tumor, the proposed one-step method reduces pipeline complexity in order to minimize

the error propagation.

Prior to segmentation, several pre-processing operations are applied to the CT images

to enhance image quality and improve model performance. These operations include

windowing on the scale of intensity that is applied to improve the visibility of the pancreas

and tumor regions, enabling the neural network to better distinguish relevant anatomical

structures from surrounding tissues; intensity normalization to reduce variations across

scans acquired from different imaging devices and protocols and spatial resampling to

ensure consistent resolution across all images. In addition, some operations like rotations,

translations and brightness are applied to augment the dataset.

The segmentation task is performed using an attention-based deep neural networks,

typically built upon an encoder–decoder architecture such as the U-Net. The encoder

extracts hierarchical feature representations from the input CT images, while the decoder
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reconstructs dense pixel-wise segmentation maps. Attention mechanisms are integrated

into the network to guide the model toward clinically relevant regions by selectively

emphasizing features associated with the pancreas and PDA while suppressing irrelevant

background information. By incorporating attention gates into the skip connections, the

networks retain fine spatial details while reducing the influence of noisy or non-informative

features.

The networks produce a pixel-level segmentation map that identifies the PDA region

in a single forward pass. This one-step attention-based approach offers several advantages,

including reduced computational complexity, improved segmentation accuracy for small

and low-contrast tumors, and faster inference times.

3.1.1 Databases

In this thesis, only CT imaging data from public dataset are used. Research has been

conducted to identify suitable data sources, i.e., datasets containing CT images annotated

with semantic segmentation of pancreas and pancreatic tumors. The annotation is made

by physicians, with help of segmentation software.

Two main datasets have been found: the Medical Segmentation Decathlon (MSD) [85] and

the Clinical Proteomic Tumor Analysis Consortium Pancreatic Ductal Adenocarcinoma

Collection (CPTAC-PDA) [86], which are described below. The MSD database comprises

various organ images and is used as database for segmentation challenges. The data set

was designed to explore the axis of difficulties typically encountered when dealing with

medical images, such as small data sets, unbalanced labels, multi-site data and small

objects. It offers different repositories, among which is the Pancreas database, namely

Task 07, containing a total of 420 3D CT scans divided into the training and test parts.

The training subset consists of 281 images with associated labels for tumors and pancreas,

manually segmented by radiologists. In contrast, the test subset contains 139 CT images

without labels. CT images in the MSD database exhibit varying numbers of slices on the

transverse plane, each with dimensions of 512×512 pixels.

The MSD Task 07 dataset has been utilized for training as it contains more samples and

provides annotations for both the pancreas and pancreatic tumor. Pancreas segmentation

proves particularly useful during training, aiding the neural network in learning to

recognize the pancreas’s location and consequently enhancing its ability to identify

pancreatic cancer lesions.
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The CPTAC collects and distributes anonymized medical data from patients diagnosed

with various types of cancer, including pancreatic ductal adenocarcinoma (PDA), with

the goal of understanding cancer’s molecular basis through proteome and genome analysis.

These datasets comprise proteomic, genomic, imaging and clinical information. Radiology

and pathology images are available in the Cancer Imaging Archive, facilitating research

into cancer phenotypes correlated with proteomic, genomic, and clinical data.

The imaging cohort of CPTAC-PDA comprises 168 human subjects diagnosed with PDA.

Radiology images are gathered from standard-of-care imaging performed on patients

immediately before the pathological diagnosis, and from follow-up scans where available.

Consequently, the radiology image data is heterogeneous in terms of scanner modalities,

device manufacturers, and acquisition protocols. Specifically, radiology images (in DICOM

format) are provided for only 108 of the patients, while pathology images are provided

for all the patients. Recently, manual annotations for the radiology images have been also

made available, unleashing the potential for utilizing CPTAC-PDA for neural network

training and validation.

Radiology images have been meticulously filtered and selected to include only CT

images of patients with PDA. Despite the collection encompassing magnetic resonance

(MR), positron emission tomography (PET), and ultrasound (US) medical images, these

were excluded to ensure data coherence, given that the MSD dataset exclusively comprises

CT images. Moreover, some CT images pertain to secondary cancerous lesions in other

body parts, which have been automatically identified and removed by inspecting the

annotations in Digital Imaging and Communications in Medicine (DICOM) files defining

regions of interest (ROIs) relative to cancer lesions. Following this filtering process, 134

CT images corresponding to 87 patients have been selected.

The CPTAC-PDA dataset is used as test dataset, to test the generalization ability of

trained models on a completely independent dataset.

3.1.2 Preprocessing operations

Some preprocessing operations have been applied to both the MSD and CPTAC-PDA

datasets. Initially, considering that CT images are acquired with instruments presenting

varying spatial resolutions, they are resampled to a consistent spatial resolution of 1 mm

in the xy plane (transverse plane). Slices in this plane are then fed to neural network

models for 2D segmentation and require a uniform resolution. Resampling on the z-axis,
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with the same spacing of 1 mm, has been applied for some of the trainings only, to assess

its impact on the final segmentation accuracy of the model.

CT images are cropped on the xy plane to a dimension of 256×256 pixels, ensuring

that the resulting images contain both the pancreas and pancreatic tumor in all cases.

Subsequently, windowing is applied to enhance contrast by clipping intensity values in

the range [-100, 240], typically employed in the literature [87], and visible in Fig. 3.1

(a) (b)

Figure 3.1: (a) The raw image in the dataset without windowing. (b) The result of the
windowing process

.

where is shown the image before and after the windowing. Finally, images are normalized

according to one of the following two considered approaches: (i) min-max normalization

in the range [0, 1], (ii) z-score normalization.

Only slices on the transverse plane containing regions of pancreas and/or pancreatic

cancer in the annotation are used for training and testing.

3.1.3 Data handling

In this study, the use of 2.5D models for CT image segmentation is investigated, as a

upgraded approach to 2D model. This approach involves providing the neural network

with adjacent slices to the one being analyzed. Consequently, the neural network can

leverage 3D information without the complexity of a full 3D segmentation model [88, 89].

Specifically, this study examines the use of 11 input slices, comprising the central slice

and 5 slices from each side.
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Augmentation The augmentation of the dataset is not mandatory because the number

of images is 420 CT scan and the model is quite small. In any case, the pipe-line was

developed also with the augmentation data flow. The augmentation techniques used are

three: the transformation of the image by rotations and translations, and the brightness

over all the image. The rotation pick up a center between the size of the image, and

apply the rotation of a random angle. The translation, took the center previously used

for the rotation and make a traslation of a vector that is randomly choosen from an

fixed interval. The brightness take the normalized image and add a constant value to the

image [90].

Leakage In Machine Learning analysis is very common find leakage in data ingestion.

This kind of problem is the use of information during the training phase that would

not be available during prediction time (or testing time). This could happen in several

ways: one is the Group Leakage [91], that occurs when in a database are not included a

grouping split column. In practice, an example with images is described in the following:

the dataset is made by 100k x-rays of 30k patients, meaning 3 images per patient. The

dataset split mode is random splitting instead of ensuring that all images of a patient

were in the same split [92]. Hence the model partially memorized the patients instead

of learning to recognize pneumonia in chest x-rays, and the model appears to perform

better during evaluation, but when the model is tested in a production environment the

performance are totally lower than the evaluation performance [93, 94].

In this study the dataset is first divided by slice, than by patients. The results for the two

modalities are reported. They evidence that the leakage issue is related to the presence

of contiguos images from patients in the training set and in the test set, that force the

model to memorize them.

3.1.4 Models and training

The MSD CT images are utilized for training, with 20 % of them reserved for valida-

tion/test purposes. The neural network models are developed using the Python language

and, specifically, the TensorFlow framework. Training of each model is carried out for

50 epochs employing the Adam optimizer and using the cross-entropy as loss function.

The ReCaS computing center in Bari, equipped with NVIDIA A100 GPUs, is used as

training platform. Augmentation techniques are utilized in some of the training processes,

involving random shift of the slices in the x and y directions, random rotations on the xy

plane, and random brightness adjustments. To ensure full reproducibility of the experi-
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Figure 3.2: MSCA model [88].

ments, detailed training configurations are reported. The dataset was rigidly partitioned

into training and validation sets. Specifically, patient-level splitting was strictly enforced

to prevent data leakage, ensuring that slices from the same patient did not appear in

multiple subsets. A 5-fold cross-validation was employed to robustly estimate model

performance variability. The neural network models are developed using the Python

language and, specifically, the TensorFlow framework. Training of each model is carried

out for a maximum of 50 epochs using the Adam optimizer with an initial learning

rate of 1× 10−4 and a cross-entropy loss function. A learning rate decay schedule was

applied, reducing the rate by a factor of 0.1 upon plateauing. To prevent overfitting, an

early-stopping criterion was implemented, which halted the training if the validation loss

did not improve for 10 consecutive epochs. The ReCaS computing center in Bari, equipped

with NVIDIA A100 GPUs, is used as training platform. Augmentation techniques are

utilized in some of the training processes, involving random shift of the slices in the x

and y directions, random rotations on the xy plane, and random brightness adjustments.

MSCAnet The model is called Multi-Scale Channel Attention U-Net and is an em-

bedding of the multi-scale network into the decoder, in order to provide supplemental

information to overcome the loss of information in the upsampling and the drift of the

localized tumor due to the upsamling and skip connections. The channel attention unit

after the multi-scale convolution was adopted to emphasize the informative channels,

which was observed to have the result to accelerate the positioning process. The described

model is shown in Fig. 3.2.

SRSnet The DCNN model used in this study for 2D segmentation of CT medical images

is based on the recently introduced SRSNet. It consists of a U-Net derived encoder/decoder
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Figure 3.3: Schematic representation of the SRSNet architecture used for the 2D segmenta-
tion task. The model incorporates a Multi-scale High-resolution Pre-segmentation feature
fusion mechanism (MHPF) and replaces standard skip connections with high-resolution
spatial information recovery (HSR) modules to minimize information loss [95].

architecture, with high-resolution spatial information recovery mechanism (HSR) replacing

the skip connections typically connecting encoder and decoder. The network output is

derived from the input image and three pre-segmented features, combined by the use

of the Multi-scale High-resolution Pre-segmentation feature fusion mechanism (MHPF),

a pyramid multi-scale feature perception and fusion mechanism. In Fig. 3.3 the model

is shown. Additionally, in contrast to the U-net architecture, which includes pooling

layers associated with high feature information loss, SRSNet employs convolutional

layers that consider the learning state. Furthermore, up-sampling layers are replaced

by deconvolution layers. This approach enables the backbone network to learn features

with minimum information loss, resulting in a more accurate pre-segmented map with

high-resolution features preserved.

MDAGnet The Multi-dimensional Attention Gate Net (MDAG) is proposed to combine

three attention mechanisms, spatial, channel and multi-dimensional feature map. The

MDAG is added to the skip connections, which extracts the channel attention coefficients

and spatial attention coefficients from the high-resolution feature map. After that, the

double attention coefficients are multiplied by the shallow feature map to suppress

the irrilevant regions, while are enphasized the salient features usueful for pancreas

segmentation. In Fig. 3.4 is shown the model described.
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Figure 3.4: Architecture of the Multi-dimensional Attention Gate Net (MDAG). The model
integrates spatial, channel, and multi-dimensional feature map attention mechanisms
within the skip connections. This design extracts dual attention coefficients to suppress
irrelevant background regions while emphasizing salient features crucial for accurate
pancreas segmentation [96].

Attention-Res-U-Net The proposed architecture is an Attention-Res-U-Net, a spe-

cialized deep learning model developed for semantic segmentation tasks in medical image

analysis. This architecture combines three key concepts, namely the U-Net encoder–

decoder structure, residual learning, and attention mechanisms. The model follows the

classical U-shaped design composed of a contracting path and an expansive path; however,

unlike the standard U-Net, conventional convolutional blocks are replaced with residual

blocks to enable more effective training of deeper networks. In addition, attention gates

are incorporated into the skip connections to selectively filter spatial information passed

from the encoder to the decoder.

The encoder, or contracting path, is responsible for extracting hierarchical feature

representations from the input image. Instead of using stacked convolutional layers, the

encoder employs residual convolutional blocks (ResConvBlock), each consisting of two

3× 3 convolutional layers followed by batch normalization and a nonlinear activation

function such as ReLU or Tanh. A residual shortcut connection adds the block input

directly to its output, which helps mitigate the vanishing gradient problem and preserves

low-level spatial information. Between successive residual blocks, spatial downsampling

is performed using max pooling operations with a kernel size of 2× 2, which halve the

spatial resolution while simultaneously increasing the number of feature channels. As

a result, the encoder progressively increases its representational capacity, starting from

a base number of filters (e.g., 128) and reaching a bottleneck with up to 2048 feature

channels.

A key limitation of the standard U-Net architecture is that skip connections indis-

criminately transfer all encoder features to the decoder, including irrelevant background

information. To address this issue, the proposed model integrates attention mechanisms
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into the skip connections. Each attention block receives two inputs: the feature map from

the encoder at the corresponding level and a gating signal from a deeper decoder layer

that provides coarse, high-level contextual information. Both inputs are first projected

into an intermediate feature space using 1× 1 convolutions. The transformed features are

then combined and passed through a nonlinear activation function, followed by a sigmoid

function, to generate an attention map with values in the range [0, 1]. This attention map

is applied to the encoder feature map through element-wise multiplication, effectively

suppressing irrelevant regions while enhancing features that are most informative for the

segmentation task.

The decoder, or expansive path, reconstructs the segmentation mask by progressively

restoring spatial resolution. Feature maps are upsampled using bilinear interpolation

by a factor of two and concatenated with the corresponding encoder features that have

been filtered by the attention blocks. This gated concatenation ensures that only relevant

spatial information contributes to the reconstruction process. The combined features are

then refined using residual convolutional blocks, which help recover fine structural details

and improve boundary delineation in the segmentation output.

Finally, the output of the last decoder block is passed through a 1× 1 convolutional

layer to map the extracted features to the desired number of output classes. For binary

segmentation tasks, a sigmoid activation function is applied to generate a probability

map representing the likelihood of each pixel belonging to the target class, such as a

tumor region. A schematic representation of the Attention-Res-U-Net architecture used

in this work is shown in Fig. 3.5.

3.1.5 Results and Discussion

The results obtained are evaluated with the most common metric in pancreas and PDA

segmentation, the DICE score (DSC):

DSC =
2|A ∩B|
|A|+ |B|

(3.1)

where, A and B are examples of image tensors, and the ∩ operation means the

multiplication of the two tensors. This metric is innerly linked to the number of pixels

that are detected belonging to tumour or not.
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Figure 3.5: Attention-Res-U-Net model. The combination DCD (Deep Convolution
Decoder), ReLU (Rectified Linear Unit) and BN (Batch Normalization), with Tensor
Attention followed by Upsample, is reported in the model [97]. In the DCD is built also
the ResConvBlock.

To assess the statistical robustness of the proposed pipelines, performance metrics

are reported as Mean ± Standard Deviation across the cross-validation folds. A paired

t-test was conducted to compare the 1-step and 2-step segmentation approaches. The

improvement yielded by the 2-step pipeline was found to be statistically significant

(p < 0.05), confirming the consistency of the localization-first strategy. Furthermore, 95%

Confidence Intervals (CIs) were computed for the primary metric (DSC), highlighting

the variability introduced by different random initializations and patient anatomical

heterogeneities.

Results are reported in Tab. 3.1, where they are summarized according to the model

employed and the corresponding preprocessing configuration. For each experiment, the

set of segmentation labels used is also specified. In particular, the models were trained

either using both pancreas and tumor labels simultaneously or using a single label per

experiment.

For the MSCA v03 configuration, as well as its corresponding variant with suffix
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1, a comparative analysis can be performed between pancreas-only segmentation and

multi-class segmentation involving both the pancreas and the tumor. The results indicate

that segmenting the pancreas as a single class yields superior performance compared to

the multi-class approach. Furthermore, the inclusion of the data augmentation technique

referred to as “shift” leads to improved segmentation performance, as evidenced by the

comparison between MSCA v04 and MSCA v06. In contrast, the application of brightness

augmentation results in a degradation of performance, with a noticeable reduction in the

Dice coefficient observed for MSCA v07.

In the MDAG study, a clear distinction can be observed between one-class and multi-

class segmentation models. In particular, a substantial difference in tumor Dice scores is

evident when comparing the MDAG v02 and MDAG v03 configurations, highlighting

the impact of class formulation on tumor segmentation performance.

The comparative analysis of the segmentation models highlights how architectural choices,

preprocessing strategies, and contextual information jointly influence the ability to de-

lineate both pancreatic tissue and tumour regions. The SRSNet experiments reveal

a strong dependence on the type of intensity normalization applied to the input CT

volumes. Models trained with simple min–max scaling exhibit more stable behaviour

than those relying on mean–std normalization, suggesting that the super-resolution

design of SRSNet, which relies heavily on spatial detail preservation, is more robust

when the intensity distribution is constrained within a fixed and predictable range. This

sensitivity underscores the importance of harmonizing preprocessing pipelines when

deploying high-resolution segmentation networks in heterogeneous clinical environments.

A second aspect emerging from the results concerns the role of contextual information.

While the introduction of additional slices markedly improves tumour segmentation

performance in Attention-Res-U-Net, producing a clear monotonic gain as the spatial

context increases, the same trend does not manifest for SRSNet. The Attention-Res-

U-Net architecture benefits substantially from the richer 3D anatomical context, likely

because attention mechanisms explicitly exploit long-range spatial relationships that allow

the network to discriminate subtle tumour boundaries from surrounding parenchyma.

SRSNet, by contrast, appears to saturate more quickly, indicating that its architecture

already embeds strong local detail extraction capabilities and may not profit from wider

anatomical fields, particularly when the target structure is extremely small relative to

the input volume.

Data augmentation also plays a role in shaping model performance. For SRSNet, moderate
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geometric transformations help improve tumour segmentation by introducing controlled

variability, while more aggressive intensity augmentations amplify performance for the

tumour but do not translate into improved pancreas delineation. This divergence suggests

that large organs with consistent shape priors benefit from stable intensity profiles,

whereas very small lesions profit from stronger perturbations that mimic the variability

encountered in clinical practice. In contrast, the Attention-Res-U-Net configurations

employ a consistent augmentation scheme across all tested variants, and the performance

trends indicate that augmentation acts as a secondary factor; the quantity of contextual

slices remains the dominant determinant of accuracy.

These observations collectively indicate that no single architecture is uniformly optimal

across all anatomical targets. Super-resolution networks such as SRSNet demonstrate

strong capability for large-structure segmentation, where spatial continuity and detailed

boundary preservation are essential, whereas attention-based architectures excel in the

highly challenging task of identifying small, low-contrast lesions. The interplay between

normalization, data augmentation, and contextual depth further emphasises that segmen-

tation performance cannot be attributed solely to architectural complexity but instead

arises from a delicate balance between model design and data preparation.

Overall, the results reinforce the value of adopting task-specific segmentation strategies

within a broader clinical workflow. When integrated thoughtfully, these models can com-

plement each other, leveraging their respective strengths to provide robust delineations

for both organs at risk and tumour regions. Such insights contribute meaningfully to the

translation of DL methods into routine medical imaging practice, where consistency, relia-

bility, and adaptability are critical for supporting radiologists and improving downstream

therapeutic planning.

In Fig. 3.6 is shown an example of tumour prediction on MSD image. Subsequently,

SRSNet and Attention-Res-U-Net are tested on the CPTAC-PDA CT images to assess

theirs ability to generalize and work with images and patients completely independent

from those used for training. Since annotations are only provided for the tumor class, it

is possible to compute the mean Dice score for this class only, which results in 42.1%

for SRSNet and 43.2% for Attention-Res-U-Net. This result demonstrates the very good

generalization properties of the DCNN model. One example of segmentation obtained

on the CPTAC-PD dataset is illustrated in Fig. 3.7, depicting the tumor segmentation

contours outlined by the expert radiologist in green, and the segmentation performed

by model SRSNet represented in red for tumors and blue for the pancreas. The models
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Table 3.1: Summary of segmentation performance across different neural network architec-
tures (MSCA, MDAG, SRSNet, Attention-Res-U-Net). The table details the preprocessing
configurations, including windowing, intensity normalization methods, data augmenta-
tion strategies (e.g., shift), and the resulting Dice Similarity Coefficient (DSC) for both
single-class and multi-class target formulations.

Dice score

Group Model Name Classes Window Normalization Escl. bg Epochs
Resampling

Slice in Loss Cl. Weig. Aug.
Per Slice Per Pat.

x y z T P T P

MSCA

MSCA v00 Tumour [0, 255] In 0 and 1 per CT image NO 150 1 mm 1 mm 1 mm 1 C.E. - NO 93.20% NA ˜4% NA
MSCA v01 Tumour NO In 0 and 1 per CT image NO 150 1 mm 1 mm 1 mm 1 C.E. - NO 86.70% NA ˜4% NA
MSCA v02 Tumour, Pancreas NO mean / std per CT image NO 200 1 mm 1 mm NO 1 C.E. - NO - - 4.10% 38.20%
MSCA v03 Tumour, Pancreas [-100, 240] mean / std per CT image SI 200 1 mm 1 mm NO 5 C.E. - rot + shift - - 0.40% 46.80%
MSCA v03 1 Pancreas [-100, 240] mean / std per CT image SI 200 1 mm 1 mm NO 5 C.E. - rot + shift - - NA 51.10%
MSCA v04 Tumour, Pancreas NO mean / std per CT image SI 200 1 mm 1 mm 1 mm 5 C.E. - NO - - 6.10% 29.20%
MSCA v05 Tumour, Pancreas NO mean / std per CT image SI 200 1 mm 1 mm NO 1 C.E. - rot + shift - - 2e-05% 10.60%
MSCA v06 Tumour, Pancreas NO mean / std per CT image SI 200 1 mm 1 mm 1 mm 5 C.E. - shift - - 3.80% 47.70%
MSCA v07 Tumour, Pancreas NO mean / std per CT image SI 200 1 mm 1 mm 1 mm 5 C.E. - bright - - 3.30% 26.30%

MDAG
MDAG v01 Tumour [0, 255] In 0 and 1 per CT image NO 200 1 mm 1 mm 1 mm 1 C.E. - NO - - 8.50% NA
MDAG v02 Tumour NO mean / std per CT image NO 200 1 mm 1 mm 1 mm 1 C.E. - NO - - 4.00% NA
MDAG v03 Tumour, Pancreas NO mean / std per CT image NO 200 1 mm 1 mm 1 mm 1 C.E. - NO - - 15.40% 53.50%

SRSNet

SRSNet v01 Tumour, Pancreas [-100, 240] In 0 and 1 per CT image SI 200 1 mm 1 mm NO 1 C.E. - NO - - 17.70% 64.00%
SRSNet v02 Tumour, Pancreas [-100, 240] mean / std per CT image SI 50 1 mm 1 mm NO 1 C.E. [1,200,1200] NO - - 12.20% 44.90%
SRSNet v03 Tumour, Pancreas [-100, 240] mean / std per CT image SI 50 1 mm 1 mm NO 1 C.E. - rot + shift - - 16.20% 66.80%
SRSNet v04 Tumour, Pancreas [-100, 240] mean / std per CT image SI 50 1 mm 1 mm 1 mm 11 C.E. - NO - - 18.40% 65.80%
SRSNet v05 Tumour, Pancreas [-100, 240] mean / std per CT image SI 50 1 mm 1 mm 1 mm 11 C.E. - rot + shift + bright - - 37.50% 65.10%

Attention-Res-U-Net
AUnet v01 Tumour [-100, 240] In 0 and 1 per CT image SI 200 1 mm 1 mm 1 mm 1 Jaccard. - rot + shift + noise - - 36.50% NA
AUnet v02 Tumour [-100, 240] In 0 and 1 per CT image SI 200 1 mm 1 mm 1 mm 5 Jaccard - rot + shift + noise - - 41.20% NA
AUnet v03 Tumour [-100, 240] In 0 and 1 per CT image SI 200 1 mm 1 mm 1 mm 11 Jaccard - rot + shift + noise - - 45.40% NA

and the training and test script are written using the Tensorflow framework. The model

Attention-Res-U-Net is developed, trained and tested in PyTorch.
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(a) (b)

(c)

Figure 3.6: The result of prediction with SRSNet model on MSD image: (a) CT image of
pancreas and tumour; (b) Label image of pancreas and tumour; (c) Predicted tumour.

.

3.2 Two step segmentation of pancreas

The previously reported results were obtained using a one-step segmentation process. The

segmentation framework presented here incorporates an initial step designed to localize

a smaller region of interest within the full CT scan that contains the tumor, followed

by segmentation performed exclusively on this volume. Two methods are developed for
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Figure 3.7: Contour on label and prediction for tumour class.

Figure 3.8: The pipe-line of the study, from the localization of the model, to the cropped
image and finally to segmentated tumor.

tumor localization and volume-of-interest cropping:

• Divide the full CT image into small size cubes and train a classification model to

discriminate if there is the tumor of pancreas. In the second step take the predicted

cubes and perform segmentation over all the slides.

• Train an object detection model to find the pancreas or the tumor of pancreas into

the 3D image. In the second step crop the size of a cube centered in the geometrical

center of the detected pancreas and perform segmentation over all the slides.

The two methods are developed in the Tensorflow framework. The two pipeline are

developed independently.
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Figure 3.9: Model representation of the YOLO v11 architecture used for the initial coarse
localization of the pancreas and tumor bounding boxes in Step 1B.

Figure 3.10: Architecture of the CNN 3D classificator model utilized in Step 1A to identify
patched volumes containing the pancreas or pancreatic tumors.

A two-step pipeline has proven effective:

1. Step 1A: Coarse localization of the pancreas through a 3D-CNN classificator

model that find the patched volumes of CT images with pancreas or tumour of

pancreas. Fig. 3.10 shows the model used for classify the patched volume.

2. Step 1B: Coarse localization of the pancreas through a YOLO (v11) model that find

the bounding boxes of pancreas and tumour. Fig. 3.9 shows the logical architecture

of the YOLO v11 model for object detection.
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3. Step 2: Fine segmentation using a high-resolution network such as 2D U-Net, that

takes the patched volume and segment the image slice per slice.

The following sections describe each step. The Fig. 3.8 could summarize the pipe-line

of the study.

3.2.1 Step 1: Pancreas Localization

The step 1 of the localization task is performed in two ways in this study and the two

performance are evaluated separately.

Step 1A: Classification of patches Because the main result is to roughly localize the

tumour of pancreas, the idea is to use the same label for pancreas and tumour, as a logic

consequence of the fact that tumour affects the pancreas tissue. In order to overcome

the inbalance issue, the dataset is equally made randomly taking the 50% of the patches

on the background class, and the other 50% of the patches randomly picked-up on the

class pancreas-tumour. The dataset was divided by 75% for the training and 25% for

the validation. The loss used for the training and validation is the Cross Entropy, the

number of epochs is 50. Classification metric used is the F1-Score:

F1 =
2TP

2TP + FP + FN
(3.2)

that is the semplification of the combined formula:

F1 =
Precision ·Recall

Precision+Recall
(3.3)

where

Precision =
TP

TP + FP
(3.4)

and

Recall =
TP

TP + FN
(3.5)

where the used symbols are:

1. TP stands for True Positive outcomes,

2. FP stands for False Positive outcomes,

3. FN stands for False Negative outcomes
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Figure 3.11: Statistics of the bounding boxes, on the top left the number of bounding
boxes per class type. On the top right the different sizes of the bounding boxes. On the
bottom left a correlation plot for x and y, to see the distribution of the bounding boxes
in the image. On the bottom right a correlation plot for width and height values, as is
possible to see the distribution is concentrated for small values.

Model epochs train loss val loss train F1 val F1
3D Unet 50 0.0016 0.015 0.44 0.34

Table 3.2: Summary of the classification task results in Step 1A, detailing epochs,
training/validation loss, and F1 scores.

The F1 is the score that comes from the result for the training and validation of the

model are summarized in Tab. 3.2.

Step 1B: Bounding Box Regression YOLO v11 The used architecture for lo-

calization is a 3D CNN, the architecture YOLO, the 11 version of the structure, that

outputs a bounding box:

(x, y, z, w, h, d) (3.6)

representing the center and dimensions of the predicted pancreas region. The goal is

not pixel precision, but to tightly enclose the organ for the segmentation network. The

dataset is pre-processed entirely to extract the bounding boxes from the labels, where
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Figure 3.12: Correlogram plot is the correlation plot between the distribution of x, y,
width and height values. In the diagonal of the correlation matrix there is distribution
of all the 4 variables.

the pancreas and the tumour are fully inside the edges. The new dataset consists of

images and bounding boxes for every image. The multi-channel option is used: the dataset

contains the bounding boxes of the pancreas and the bounding boxes of the tumour. Fig.

3.11 summarized the dataset values of x, y, the normalized coordinates of the center of

the boxes, and width and height, the normalized sizes of the boxes. While Fig. 3.12 put

in correlation the 4 values.

Training and Metrics results The localization model is trained using a regression

loss such as:

L =
∥∥∥b̂− b

∥∥∥
1

(3.7)

where b̂ is the predicted bounding box and b is the ground truth. The dataset is splitted in

75% of training and 25% of validation, as the Step 1A. The number of training patients is

210, while the number of validation patients is 71. The training procedure last 100 epochs,

and the best results are obtained at 50 epochs. In order to see that, Fig. 3.13 shows the

losses values and the metrics values at every epochs. The results of the confusion matrix
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Figure 3.13: Losses and metrics: the ”train/boxloss” is the training loss on the bounding
box object, a loss that measures how ”tight” the predicted bounding boxes are to the
ground truth object. The ”train/clsloss” is the training loss on the cluster box, a loss
that measures the correctness of the classification of each predicted bounding box: each
box may contain an object class, or a ”background”. This loss is usually called cross
entropy loss. The ”train/dflloss” is the distribution focal loss during the training, a loss
that optimizes the coordinates regression as probability distributions. The same values
are calculated for the validation set, at the bottom of the image. The metrics Precision
and Recall are shown at the top, while at the bottom are shown the mean Average
Precision at 50 level of IoU and between 50 and 95 of IoU.

are shown in Fig. 3.14. The results are fully summarized by the correlated metrics plots,

in Fig. 3.15.

Some examples illustrating the real images with training and predicted bounding

boxes are summarized in Fig. 3.16 and in Fig. 3.17.

ROI and center extraction Once the predicted bounding box is available, the CT

volume is cropped around the pancreas, significantly reducing the input domain of the

segmentation model. The crop is made around the center. The crop is 64 × 64 large in

pixels. The center is calculated once the predicted tumour is reconstructed in all the ROI

of the CT image. The centroid of the labels predicted represent the center of tumour and

pancreas. In that way, if the tumour is not predicted at all, the center of the pancreas is

used as center for the cropping operation. In Fig. 3.18 two examples of center correctly

found. The distance between the centers of labelled tumour and the predicted one is
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Figure 3.14: The confusion matrix, the results of the object detection summarized.

used at metrics to evaluate the process. In Fig. 3.19 are summurized the plots of the

distance in 3 dimensions and the distance on z-axis.

3.2.2 Step 2: Segmentation of Tumour

After isolating the pancreas region, the second stage performs fine segmentation of the

PDA tumour. The segmentation now is performed over the tumour alone, on a smaller

region of fixed size 64 × 64. It is performed slice per slice, but taking into account a

number of channel per image 1 and 11, for the 2.5D model test. The training and test

split is exactly the same used for the training and test of the object detection model,

in order to evaluate the entire process. But in order to augment the number of images

seen by the Unet, and balance the dataset, an equal number of image of the background,

selected where there is no labels coming from pancreas also, and the same number of

images of tumour, are selected randomly. The augmentation than follows with shift of

the images on the center.

Model U-Net The used architecture is a Unet with 2D convolution, which was

previously used for segmentation of pancreas in early stage study. This simple model

performs the single slice segmentation in one-channel and multi-channel mode.
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(a) (b)

(c) (d)

Figure 3.15: (a)PR plot is the correlation plot between Precision and Recall, it is calculated
for the mAP@50 value 0.541, the mean of the area under the curve for all the classes.
The prediction of the pancreas is good, because the curve is high and squared, while
the tumor curve goes down early, so there are a lot of FP.(b)P plot shows the value of
the Precision changing in function of the confidence level to accept the prediction. The
curve is very low for low value of the coincidence, because the false positive prediction
number is high. In middle values the curve rising up. Near confidence 0.7-0.8 the value of
precision remains stable, because of rising False Negative. The curve remains high until
1.(c)R plot shows the value of the Recall changing in function of the confidence level. It
is the opposite plot of Precision curve. The curve is high with low confidence, because of
high number of false positives. In the middle the recall goes down due to lose of false
positive togheter with some true positive. The curve goes to zero, because at high level
of confidence, many objects are not detected.(d)F1 plot shows the value of the F1 score
changing in function of the confidence level. It is the value of intersection between the R
and P curve. It is low for lo confidence, because of high number of FP. It is maximum in
the middle for a balance between R and P values. It goes down because high number of
FN. For pancreas class confidence is good at 0.43, but for tumour is lower, near 0.26.

Loss Functions Because the PDA volume is often extremely small relative to the

pancreas and background, a specialized loss functions help mitigate class imbalance: the
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Figure 3.16: Image of validation set as example, predicted classes for pancreas and
tumour.

Focal Cross Entropy loss for tumor, with an α = 0.72 and a γ = 1.6, two values reported

in state-of-art.

Results of Step 1A and 1B The Step 1A metric used is the validation F1 score

(Tab. 3.2). The score is low in classification of pancreas tumor state-of-art [98, 99]. The

Step 1B metric used are the center’s distance of tumour (Fig. 3.19) and the F1 score

in Fig. 3.15. As shown the low value of F1 score for tumour (Fig. 3.15d) is not a issue,

because is balanced by the high value of F1 score on pancreas. As said the crop is made

on tumour and pancreas center. The conclusion is to follow the Step 1B, but the results

will be shown for all the two pipe-line.

Results of Step 2 The results of the metric for segmentation DSC is:

• DSC for 2 D model: 0.66

• DSC for 2.5 D model: 0.62
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Figure 3.17: Image of training set example, the augmentation technique of YOLO with
cropping, patching sequence, rotation and traslation.

that shows a better result for a simple 2D (Fig. 3.20), opposite to clear conclusion

on SRSNet model performance in One Step analysis, due to the difference on image

dimesions. The cropping operation increases the number of labelled tumour pixels and

decreases the background.

3.2.3 Results and Discussion

The full pipe-line is now possible to be addressed. Taking the same dataset division

in training and validation used for the two step, the model is feeded with validation

set, the centers obtained are used for the crop process, the patched volume is given

to the segmentation model, the DCS is then calculated over the full validation set.

The result is showed in Tab. 3.3 where are also reported the DCS from a state-of-art

paper, the two DCS of the One Step study, proving clearly that the Two Step pipeline

offers clear advantages: dramatically reduces the search space for segmentation, improves

segmentation accuracy by focusing the network on the correct anatomical region, allows

separate optimization of localization and segmentation tasks, is robust to anatomical

variability and differences in CT coverage.

The Two Step pipe-line with Step 1A shows a dramatically reduction of the full DSC due
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(a)

(b)

Figure 3.18: Two example of tumour center that is correctly found (a-b). The pancreas
is blue zone, while the tumour is yellow zone. A crop on the center of pancreas in image
(b) might include the tumour anyway.

to two main problems in the process: one that, although the F1 score for the classification

in Step 1A and the F1 score in the object detection of Step 1B are quite the same, the

localization of Step 1B happens in the bounding boxes, that entirely localize the tumour.

And second, the Step 1B center extraction includes the pancreas volume, where the

tumour is generally localized.
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(a) (b)

Figure 3.19: (a) Histograms of the distance in cm between the true center and the
predicted center. (b) Histogram of the z-distance in cm between true and predicted
center.

Pipe-line DSC tumour (%)
One Step SRSNet [100] 37.50%

One Step Attention-Res-U-Net 45.40%
Two Step - 1A+2 22.30%
Two Step - 1B+2 58.00%

Two Step State-of-art [95, 101] 54.00%

Table 3.3: Comparative analysis of tumor segmentation accuracy (DSC) between One-
Step and Two-Step pipelines, demonstrating the significant improvement achieved by
prior localization.
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Figure 3.20: Image of a validation slice correctly centered and with a DSC=87%. The
orange line contours the true tumour, while blue line contours the predicted one.
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Chapter 4

SPECT reconstruction algorithm in

innovative neutron therapy

Boron Neutron Capture Therapy (BNCT) is an innovative and highly targeted form of

radiotherapy that holds significant promise in the treatment of various cancers [102],

particularly those that are difficult to treat with conventional methods. Boron Neutron

Capture Therapy (BNCT) is a biologically targeted form of radiotherapy based on the

nuclear reaction between boron-10 and low-energy neutrons, producing high-linear-energy-

transfer particles that selectively destroy tumor cells while largely sparing surrounding

healthy tissue. Clinical experience to date indicates that BNCT has shown the most

consistent therapeutic success in recurrent or locally advanced head and neck cancers,

particularly squamous cell carcinomas that have failed prior surgery, external-beam

radiotherapy, and chemotherapy. In these patients, BNCT has achieved meaningful local

control and survival outcomes where conventional salvage options are limited by toxicity.

BNCT has also been extensively studied in malignant gliomas, including glioblastoma

multiforme. In this setting, BNCT has been used as an adjunct or salvage treatment

following maximal safe surgical resection and standard chemoradiotherapy with temozolo-

mide. Although overall prognosis remains poor, BNCT has demonstrated improved local

tumor control and modest survival benefits compared with historical outcomes using

conventional therapy alone. Additional clinical success has been reported in selected

cases of cutaneous melanoma and extramammary Paget’s disease, where the superficial

nature of the tumors and favorable boron uptake have led to high response rates with

acceptable toxicity and good cosmetic outcomes.
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Early-phase clinical studies have explored BNCT in hepatocellular carcinoma, recur-

rent lung tumors, sarcomas, and other rare malignancies, particularly in patients who

are not candidates for further surgery or radiation. While these results are promising,

evidence remains limited and further trials are required to establish efficacy relative to

standard treatments.

Conventional management of the cancers treated with BNCT typically relies on estab-

lished multimodal approaches. Head and neck cancers are primarily managed with surgery,

intensity-modulated radiotherapy, chemotherapy, targeted agents, and immunotherapy.

Malignant gliomas are treated with surgical resection followed by fractionated radio-

therapy and alkylating chemotherapy. Melanoma is usually treated with wide surgical

excision and systemic immunotherapy or targeted therapy, with radiotherapy reserved

for selected cases. Hepatocellular carcinoma is managed using liver resection, ablation,

transarterial therapies, systemic targeted or immune-based drugs, and liver transplanta-

tion in eligible patients. In most clinical settings, BNCT remains an investigational or

complementary modality, typically reserved for recurrent, radioresistant, or otherwise

treatment-refractory disease. In the context of BNCT, estimating the dose delivered to

the patient using a tomography set-up with gamma cameras is a major long-term clinical

goal. The work presented in this framework represents a fundamental step toward that

goal by investigating image reconstruction techniques on controlled experimental setups.

4.1 Neutron therapy highlights

The fundamental principle of BNCT lies in its two-step approach: first, the boron-10 (10B)

containing compound is selectively delivered to tumor cells. This compound is designed

to accumulate preferentially in cancer cells due to their altered metabolism and increased

uptake rates. [103]. The second step consist of the neutron irradiation: once the boron

compound has concentrated in the tumor, the patient is exposed to a beam of low-energy

(thermal) neutrons. These neutrons interact with the boron-10 atoms, initiating a nuclear

reaction [104]. The nuclear reaction that occurs is the core of BNCT’s effectiveness:

10B + 1 n −−→ 7Li + 4He + 2.79MeV (4.1)

This reaction produces high-energy alpha particles (4He) and lithium nuclei (7Li).

These particles have a very short range in tissue (5-9 µm), which is approximately the
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diameter of a single cell. This limited range ensures that the destructive energy is confined

primarily to cells that contains the boron compound, providing a highly localized and

targeted treatment.

The therapeutic efficacy of BNCT is governed by a combination of tightly coupled

physical, chemical, and biological factors, among which the most critical is the boron

delivery agent and its ability to achieve highly selective accumulation of boron-10 within

malignant cells while minimizing uptake in normal tissues. Effective BNCT requires

intracellular boron concentrations on the order of 20–40 µg of 10B per gram of tumor

tissue, together with tumor-to-normal tissue and tumor-to-blood concentration ratios

typically exceeding 3:1. To date, clinical applications of BNCT have relied primarily on

two boron-containing compounds: boronophenylalanine (BPA) and sodium borocaptate

(BSH). BPA is an amino-acid analogue that exploits the upregulation of L-type amino acid

transporters (LAT1) commonly observed in rapidly proliferating cancer cells, enabling

preferential uptake via active transport mechanisms and partial intracellular localization.

In contrast, BSH is a boron-rich dodecaborate compound that does not readily cross intact

cell membranes and therefore accumulates predominantly in the extracellular and vascular

compartments, making its effectiveness more dependent on tumor vascular permeability

and blood–tumor barrier disruption. Ongoing research is directed toward next-generation

boron carriers, including boronated peptides, antibodies, liposomes, nanoparticles, and

porphyrin-based compounds, with the aim of improving tumor selectivity, intracellular

targeting, and retention time.

A second essential determinant of BNCT effectiveness is the neutron source, whose

performance is defined primarily by neutron energy spectrum, flux intensity, beam

collimation, and contamination from fast neutrons and gamma radiation [105, 106]. An

optimal neutron beam must deliver epithermal neutrons with sufficient intensity to

penetrate tissue and thermalize at tumor depth, while minimizing dose to surrounding

healthy structures. Historically, BNCT was performed using research nuclear reactors,

which provided high neutron fluxes but posed significant logistical, regulatory, and

accessibility challenges for routine clinical use. More recently, accelerator-based neutron

sources have emerged as a practical alternative, offering hospital-based installation,

improved safety profiles, and greater flexibility in beam shaping and treatment planning

[107, 108]. The convergence of advances in boron pharmacology and accelerator-driven

neutron technology is central to the continued clinical translation and optimization of
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BNCT. [107, 108]. The third is the dosimetry: accurate measurement and calculation

of the radiation dose delivered to tumor and healthy tissues are essential for treatment

planning and evaluation. This is the focus of this thesis. The fourth is the tumor

biology, because understanding the biological characteristics of different tumor types

is crucial for optimizing boron delivery and treatment efficacy[109]. Boron Neutron

Capture Therapy (BNCT) offers several significant advantages that distinguish it from

conventional radiotherapy techniques, while also presenting notable technical and clinical

challenges.

One of the primary strengths of BNCT lies in its high selectivity. The therapy relies on

the preferential accumulation of boron-containing compounds within tumor cells, followed

by a localized nuclear reaction triggered by neutron irradiation. This reaction occurs at

the cellular level, allowing for highly precise targeting of malignant tissue while sparing

nearby healthy cells.

Closely related to this selectivity is the reduction in side effects. The high linear energy

transfer (LET) particles produced during the boron–neutron capture reaction have a

very short path length, typically limited to the dimensions of a single cell. As a result,

radiation damage is largely confined to boron-loaded tumor cells, minimizing collateral

damage to surrounding normal tissues and potentially improving patient quality of life

during and after treatment.

Another important advantage of BNCT is its potential effectiveness in treating deep-

seated tumors. Unlike charged particles or photons used in conventional radiotherapy,

neutrons possess a high penetration capability, enabling them to reach tumors located deep

within the body. This characteristic makes BNCT a promising option for malignancies

that are difficult to access or inadequately treated using standard radiation techniques.

In addition, BNCT may allow for treatment to be delivered in a single session in

certain clinical scenarios. Because a high radiation dose can be deposited selectively

within tumor cells during one irradiation, the need for multiple treatment sessions may

be reduced. This can lower the overall treatment burden for patients and decrease the

number of required hospital visits.

Despite these advantages, several challenges limit the widespread clinical adoption of

BNCT. One major obstacle is the requirement for complex infrastructure. The therapy

depends on specialized neutron sources, such as nuclear reactors or accelerator-based

systems, along with heavily shielded treatment facilities. These requirements significantly

69



CHAPTER 4. SPECT RECONSTRUCTION ALGORITHM IN INNOVATIVE

NEUTRON THERAPY

increase costs and restrict availability to a small number of centers worldwide.

Another critical challenge is the optimization of boron delivery. Achieving a sufficiently

high and selective concentration of boron within tumor cells, while maintaining low uptake

in healthy tissues, remains an active area of research. The effectiveness and safety of

BNCT are strongly dependent on the development of improved boron carriers with

favorable biological and pharmacokinetic properties.

Finally, treatment planning for BNCT is particularly complex due to the interplay of

neutron physics, radiation transport, and radiobiological effects. Accurate dose calculation

requires sophisticated treatment planning systems capable of modeling multiple radiation

components and their biological impact. Continued advancements in computational meth-

ods and dosimetry are therefore essential for the safe and effective clinical implementation

of BNCT.

BNCT has shown promising results in treating various cancers, including glioblastoma

multiforme, recurrent head and neck cancers, and malignant melanomas. As research

progresses and clinical trials expand, BNCT has the potential to become a valuable

addition to the arsenal of cancer treatments, offering hope for patients with otherwise

difficult-to-treat malignancies.

4.1.1 Accelerator based BNCT facilities

The way to produce the neutron beam with the best energy to produce the reaction

with Boron compound is essentially one: to accelerate charged particle on a target, then

modify the kinetic energy of the produced neutrons to match the low values that are

suitable for the therapy. Accelerator based BNCT facilities (AB-BNCT) are compact

facilities that generate neutrons through nuclear reactions induced by charged particles,

typically protons or deuterons, accelerated to a few MeV of kinetic energy. The principle

is to direct a high-current beam of charged particles onto a light-element target, where

nuclear reactions produce neutrons with suitable energies and yields for BNCT [110, 111].

Several reactions have been explored for this purpose:

7Li(p, n)7Be, Ethreshold = 1.88MeV, (4.2)

9Be(p, n)9B, Ethreshold = 2.06MeV, (4.3)

3H(d, n)4He, Ethreshold = 0.1MeV. (4.4)
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Among these, the 7Li(p, n)7Be reaction is the most widely adopted for accelerator-

based BNCT because it can be driven by low-energy proton beams (around 2.5MeV ),

resulting in relatively monoenergetic neutrons with energies peaked around 30 keV . The
9Be(p, n)9B reaction produces a broader neutron energy spectrum but requires slightly

higher proton energies. The 3H(d, n) reaction, while efficient, involves tritium handling

and associated radiological risks, making it less practical for medical environments.

The target must support high power densities due to the intense beam current (typically

in the range of 5mA to 30mA). Targets are often made of metallic lithium or lithium

compounds deposited on high-thermal-conductivity substrates such as copper or molyb-

denum.

Active cooling systems, using either water or liquid metal heat exchangers, are essential to

dissipate several kilowatts of beam power while maintaining target integrity and neutron

yield stability.

The neutron yield and energy distribution strongly depend on beam energy. Operating

just above the threshold energy ensures that most neutrons are emitted in the forward di-

rection with lower average energies, facilitating subsequent moderation. Typical operating

parameters for hospital-based BNCT accelerators are:

• Proton energy: 2.3− 2.6MeV

• Beam current: 5− 10mA

• Neutron yield: ∼ 1013 − 1014 n/s

The accelerator technology employed is based on large accelerators used for particle

physics. Modern BNCT facilities employ compact proton accelerators such as radio-

frequency quadrupoles (RFQs), drift tube linacs (DTLs), or cyclotrons. Linac-based

systems are advantageous for their high beam quality and tunable energy, while cy-

clotrons offer simplicity and compactness. Shielding design is a critical aspect due to the

coproduction of secondary gamma radiation and activation of structural materials.

Accelerator-based sources enable the installation of BNCT facilities in hospitals, elimi-

nating the need for research reactors. They offer operational flexibility, on-demand beam

delivery, and simpler regulatory management. Research efforts continue to optimize target

materials, beam shaping assemblies, and accelerator performance to increase neutron

flux while minimizing gamma contamination and maintenance requirements.
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4.1.2 Neutron Moderation and Beam Shaping

The primary neutrons emitted are predominantly fast, with energies ranging from tens of

keV up to several MeV, depending on the reaction and beam energy. However, effective

BNCT treatment requires an epithermal neutron beam (neutron energies between 1 eV

and 10 keV ). Neutrons in this energy range can penetrate several centimeters into tissue

before being thermalized, allowing for selective boron capture in tumors located below

the skin surface.

To transform the primary fast neutron spectrum into a clinically suitable one, a Beam

Shaping Assembly (BSA) is used. The BSA is composed of several functional layers

designed to moderate, reflect, filter, and collimate the neutron flux.

The moderator slows down fast neutrons through elastic scattering while minimizing

absorption. Its purpose is to produce a smooth epithermal spectrum with minimal

high-energy and thermal neutron components. Common moderator materials include:

• Aluminum fluoride (AlF3)

• Magnesium fluoride (MgF2)

• Teflon (PTFE)

• Light water or heavy water (in specific configurations)

The moderator’s geometry and thickness are carefully optimized using Monte Carlo

simulations (e.g., MCNP, PHITS, GEANT4) to achieve the desired neutron energy

distribution and spatial uniformity.

Reflectors surround the moderator to reduce neutron leakage by scattering escaping

neutrons back toward the beam axis. Materials such as graphite, beryllium, or lead are

commonly used due to their high scattering cross-sections and relatively low absorption

probabilities.

Filters are inserted to remove unwanted low-energy neutrons and gamma rays that

contribute to patient dose without therapeutic benefit. Typical filter materials include

sulfur, cadmium, or bismuth. Additional gamma shielding layers—often made of lead or

tungsten—are implemented to attenuate prompt gamma rays generated in the target

and moderator.
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Finally, the beam is collimated to produce a well-defined, uniform neutron field at

the treatment port. Collimators are made of high-hydrogen-content materials (such as

polyethylene or borated polyethylene) to absorb scattered neutrons and reduce out-of-field

dose. The exit aperture is shaped according to clinical requirements, typically circular or

rectangular, depending on treatment field size.

The quality of the BNCT beam is characterized by several figures of merit:

• Epithermal neutron flux: typically ∼ 109 n/cm2/s at the beam port.

• Contamination ratio: the proportion of fast neutrons and gamma dose to ep-

ithermal flux must be minimized.

• Thermalization depth: the depth at which neutrons slow to thermal energies in

tissue, ideally corresponding to tumor location (typically 2–5 cm).

Through the careful design of the BSA, accelerator-based BNCT systems can achieve

clinically effective neutron spectra comparable to reactor-based sources, enabling safe

and efficient in-hospital treatment.

4.1.3 Dosimetry

In Boron Neutron Capture Therapy (BNCT), the therapeutic effect arises primarily from

the interaction of thermal neutrons with boron-10 atoms that are selectively accumulated

within tumor cells. When a thermal neutron is captured by a 10B nucleus, the nuclear

reaction 10B(n, α)7Li takes place, producing an alpha particle and a lithium-7 nucleus.

These reaction products are characterized by high linear energy transfer and extremely

short ranges in biological tissue, typically comparable to the dimensions of a single cell.

As a result, the energy deposition is highly localized, leading to effective tumor cell killing

while minimizing damage to surrounding healthy tissue. In the majority of capture events,

lithium-7 is produced in an excited state and subsequently emits a prompt gamma photon

with an energy of 0.478 MeV, which contributes marginally to the overall absorbed dose.

In addition to the boron capture reaction, neutrons undergo various interactions with

the elements that constitute the phantom or biological tissue, giving rise to background

dose components. Elastic scattering of neutrons with hydrogen nuclei is particularly

significant due to the high hydrogen content of tissue, resulting in recoil protons that
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contribute to the neutron dose. Neutron capture by nitrogen-14 through the 14N(n, p)14C

reaction also produces energetic protons, adding to the absorbed dose despite the relatively

small cross section of this reaction. Further interactions with oxygen, carbon, and other

elements occur through elastic scattering and radiative capture, contributing additional,

though smaller, dose components.

Background gamma radiation in BNCT originates both from the incident neutron

beam and from neutron capture reactions within the phantom. The dominant gamma

contribution arises from neutron capture by hydrogen via the 1H(n, γ)2H reaction, which

produces a characteristic gamma photon with an energy of 2.223 MeV. This gamma

line represents the principal source of photon background in tissue-equivalent materials.

Additional gamma rays are generated by the boron capture reaction at 0.478 MeV

and, to a lesser extent, by neutron capture on nitrogen and oxygen, which can produce

higher-energy gamma photons in the range of several megaelectronvolts.

Because some of these background gamma photons possess energies exceeding the

pair production threshold of 1.022 MeV, electron–positron pair production is physically

possible within the phantom. This process is primarily associated with the 2.223 MeV

hydrogen capture gamma and the higher-energy capture gammas from nitrogen and

oxygen. However, in low atomic number materials such as water or tissue-equivalent

phantoms, the probability of pair production remains small compared to Compton

scattering. Consequently, Compton interactions dominate photon energy deposition,

while pair production contributes only a minor fraction to the total dose. When pair

production does occur, the generated positron ultimately annihilates, producing two

511 keV gamma photons that add a negligible secondary contribution to the photon

background.

Overall, the absorbed dose in a BNCT phantom results from the combined contri-

butions of the high-LET boron dose, the neutron dose from scattering and nitrogen

reactions, and the photon dose arising from capture gamma rays and their subsequent

interactions. Accurate modeling of these processes is essential for reliable dosimetry and

treatment planning, as the clinical effectiveness of BNCT depends on maximizing the

boron-related dose while minimizing background radiation components.
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4.2 SPECT tomography for BNCT

4.2.1 System Architecture and Detector used

Different research studies have proposed various detector technologies, including CdTe

semiconductor detectors, CZT detectors, and scintillator detectors, to support the clin-

ical adoption of BNCT-SPECT. Conventional SPECT systems use semiconductor or

scintillator detectors coupled to specialized mechanical collimators to reconstruct three-

dimensional images of the boron concentration within the Region Of Interest (ROI).

A gamma ray deposits energy in the material when it interacts with the detector. This

energy excites electrons from the valence band to the conduction band, generating electron-

hole pairs. The energy of the incident gamma-ray determines how many electron-hole

pairs are created. Detectors measure the electrical signals produced by these electron-

hole pairs to compute the gamma-ray’s energy. The energy of the incident photons is

directly converted into electrical current by these detectors, allowing for accurate photon

energy measurement. Prompt gamma rays from both boron reactions at 478 keV and

proton-neutron reactions at 2.22 MeV, and the annihilation gamma rays at 511 keV can

be measured by using commercially available semiconductor detectors. These detectors

are characterized by high energy resolution. Therefore, the two peaks at 478 keV and 511

keV are well separated.

The use of scintillator crystals for a BNCT-SPECT system has been the subject of

numerous studies recently due to its outstanding energy resolution at room temperature,

detector sensitivity, spatial resolution. The proposed system is visible in Fig. 4.1, a

Ce3+-Sr2+ co-doped LaBr3 scintillator crystal, coupled with a matrix of 8 × 8 SiPMs

[112, 113]. When a photon interacts with the scintillator crystal, it deposits all or just

part of its energy, which is reemitted by the crystal in the form of a pulse of photons.

These photons are in turn converted by the SiPMs into an electrical signal, that is then

filtered by a gated integrator and converted into an output voltage by the ASICs. The

instrument can be connected to a host computer and controlled via a custom designed

graphical user interface (GUI). The GUI allows both ASIC setting optimization and data

acquisition, which are used to show on the PC the acquired spectrum in real-time.

4.2.2 Tomographic setup

The set-up is developed to perform the SPECT imaging in a BNCT facility. The set-up

used for the tomography consists of two supports: one with fixed elements in which boron
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Figure 4.1: Layout of the scintillator[114].

samples are placed in the neutron flux. The second support is a moving part that holds

both the detector and collimator aligned with the samples. The collimator is shown in

Fig. 4.2.

The distance from the source to the collimator and the distance from the collimator

to the detector are 15 cm. The sample are two cylindrical vials filled with boron acid

with a concentration of 7371 ppm of 10B, with a inner diameter of 6 mm, 2.6 cm height

and a volume of 0.75 ml. The vials are mounted on the opposite vertices of a 1 cm square

support. The full configuration is positioned on an aluminium board specifically shaped to

fit the set-up. A schematic view is reported in Fig. 4.3. Due to the geometrical constraints

limited by the small irradiation room (see Fig. 4.9), the tomographic acquisition is

performed in 4 positions. The projection images are aquired only at 0, 60, 120, 180 degree.

The images are acquired at two different vials contents in order to pick up the signal

coming from boron. The number of cps are estimated directly from spectra under the 478

keV peak. First the two vials are filled with the boron compound at this concentration

of 7371 ppm. Next step is to fill vials with same amount of water. The number of cps

are estimated directly from spectra under the 478 keV peak, subtracting events of the
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Figure 4.2: Layout of the collimator.

Figure 4.3: Layout of the set-up.

measure with water only from the boron sample measure. Fig. 4.4 shows the spectra of

the detector for two different experimental vial contents.

4.3 Database

The iterative models used to perform tomographic reconstruction of the image, could

take for the task about 10 minutes. It is crucial in the on-line reconstruction methods to
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Figure 4.4: Spectra coming from acquisition into two different experimental situations:
the red curve is the spectra acquired with boron, while the blue curve is the spectra
acquired without boron. The red curve is scaled due to the amount of hydrogen neutron
capture reactions that occurs in the background events. The peak at 558 keV is due
to the Cadmium foil added to subtract neutrons from camera sides, opening only the
acquisition window. The red spectra shows a tiny amount of boron capture reactions,
probably a consequence of the thermal neutron interaction with the electronics inside the
detector and the possible presence of boron impurities inside the irradiation room [114].

perform the reconstruction istantly, after the acquisition procedure of the images. Most

of reconstruction process make use of DL to be performed in an efficient and fast way,

but it needs fundamentally two informations: the database from which model learns the

underlined principles of the reconstruction, and the model itself.

Because there are very few number of real images, the entire set-up for the tomography

is fully simulated in FLUKA [115], taking into account all the mechanical structures

that are suited for the acquisition process and the walls of the Laboratory for Nuclear

Energy Applications (LENA, Pavia) beam room. The events generated in the scintillator

crystal are used to build the projection image, selecting the interval of energy used for

the reconstruction of 478 keV gamma (450 keV - 500 keV). The projection stack is a

dicom file that is used to perform the reconstruction with OSEM.

The simulation is performed in order to reproduce several sources of 478 keV photons,

in different geometrical patterns, in order to train the model in such way it will learn

geometrical and energy scale features. Once the reconstructions are obtained, these

images could be used as target data for the model. The projections used to reconstruct

the target of the model, are used to make the first iteration of the algorithm, the so-called

backprojection. In Fig. 4.5 is shown an example of backprojection and a reconstruction.
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(a) (b)

Figure 4.5: (a) Example of backprojection image, the first iteration; (b) The iterated
image result by OSEM.

.

This is the starting data with which train model to obtain the reconstruction from

the backprojection.

4.3.1 Database from simulation

Monte Carlo simulations were carried out using the FLUKA 2024.1 particle transport

code to accurately reproduce the Prompt Gamma Neutron Activation Analysis (PGNAA)

beamline at LENA and compare simulated detector responses with experimental mea-

surements. The implemented model includes a full representation of the irradiation room,

shielding, collimation system, detector, and test phantoms, allowing a realistic simulation

of neutron and gamma particle transport under the specific conditions of the LENA

facility. The first simulation is performed with another simulation software, called Geant4

[116], that is particularly used for simulate the geometries and materials of detectors

used in the high energy physics laboratory, like the work described in Appendix A, where

a facility at Conseil européen pour la recherche nucléaire (CERN) is fully simulated in

Geant4.

The Geant4 simulation performed in the thesis focuses on a stationary SPECT configura-

tion designed to evaluate detection efficiency for specific capture or emission scenarios.

The modeled geometry consists of four independent scintillator detector modules ar-

ranged in a fixed array. These modules are positioned at 90◦ intervals relative to one
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another, effectively creating a square detection geometry that surrounds the field of view.

Placed precisely at the geometric center of this four-detector arrangement is a phantom

containing boron. The simulation analyzes the radiation transport and signal acquisition

from this boron-doped phantom, calculating the system matrix and sensitivity profile

provided by the four orthogonal, static scintillator heads. Fig. 4.6 shown an illustration

of the set-up. Using this set-up, are tested two different boron distribution: 5 spheres

Figure 4.6: Detection system implemented in Geant4, including scintillator, collimator
and hypothetical phantom.

(source 1) and 3 spheres (source 2). The source’s profiles are shown in Fig. 4.7. The hits

(a) (b)

Figure 4.7: Test sources: (a) the Source 1, made by 5 spheres; (b) the Source 2, made by
3 spheres.
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of the gamma in the detector of the Geant4 simulations, are shown in Fig. 4.13 and 4.14,

where the two sources are detected with the detector that turns around every 22,5°.

The second set of simulations for the thesis is performed with Fluka software. The

simulations are performed to really simulate the boron vials experiments, in which

the boron compound is mixed with water, with a concentration of 7371 ppm. Neutron

transport was performed using FLUKA’s pointwise treatment based on ENDF nuclear

data libraries, with a minimum neutron energy threshold of 10−14 GeV. The production

and transport of secondary particles including photons, electrons, recoil protons, and

heavy nuclei produced in the 10B(n, α) reaction were subject to a lower energy cut of

10 keV.

The initial simulations reproduced the experimental configuration of the phantom,

collimator, and detector without modification, in Fig. 4.8. The irradiation room is modeled

as a parallelepiped with internal dimensions 80× 200× 220 cm3, enclosed by 50 cm-thick

reactor wall and barite-concrete shielding, shown in Fig. 4.9. The compositions of these

materials are given in Tables 4.1 and 4.2.

Figure 4.8: Detection system implemented in FLUKA, including scintillator, collimator,
and support structures [117].

The detection system consists of the scintillator crystal, its holder, and the associated

electronics boards (motherboard and powerboard). The boards, each measuring 9.4×
9.4 cm2 with thicknesses of 1.6 mm and 1.2 mm respectively, were included in the model

geometry; individual surface-mounted components were omitted because their interaction

probability with thermal neutrons is negligible.

The detection system incorporates a channel-edge pinhole collimator with a 5 mm
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Figure 4.9: Top view of the PGNAA line at LENA, showing irradiation room, shielding,
detector, collimator, and phantom.[117]

diameter aperture. At a distance of 30 cm, the collimator provides an acceptance angle

of 9.52◦, corresponding to a 5 cm field of view. In this work the effective field of view is

slightly reduced by geometric constraints.

Because the neutron fluence rate at the LENA PGNAA facility is far lower than

in clinical BNCT beams, a boron concentration of 7371 ppm at LENA corresponds

approximately to 44 ppm under clinical fluence, making the experimental configuration

representative of treatment-relevant concentration ranges.

The vial position is the central position aligned with the collimator aperture. The

shielding materials of the PGNAA room include barite concrete and reactor-wall concrete

(Tables 4.1–4.2). Their compositions affect neutron attenuation and, consequently, the

background gamma spectrum.

A significant potential source of unwanted background is boron present in FR4, the

standard substrate used in printed circuit boards. FR4 is a flame-retardant composite

consisting of:
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Figure 4.10: The projection at angle equal 120 for the vial source.

• an epoxy resin matrix (composition in Table 4.3),

• woven E-glass fibers (composition in Table 4.4).

The glass fibers contain boron in the form of B2O3, typically 5–10% by weight.

Although this seems minor, boron has a large capture cross section for thermal neutrons,

and the resulting neutron capture reaction produces 478 keV gamma rays. This energy

is identical to the signal gamma from the 10B(n, α)7Li reaction, making FR4 a critical

background source that must be evaluated and mitigated. FLUKA tracks particles

until their total energy is deposited in the scintillator. For each interaction, the spatial

coordinates and energy deposition are stored. A strict acceptance window from 465 keV

to 490 keV is applied to isolate gamma rays associated with the 478 keV line. In Figure

4.10 there is a single projection at angle equal 120. For image construction, only the y

and z coordinates of valid interactions are retained. A schema of this process is shown in

Fig. 4.11.

For tomographic imaging, the geometry was modified to acquire multiple angular

projections. Two vials, each containing 7371 ppm of boron, were placed at opposite

corners of a 1 cm square support, separated by approximately 1 cm. To improve the

detection efficiency, the distances between the rotation center, collimator, and detector

were reduced to 15 cm.
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Figure 4.11: Schematic representation of image formation from 478 keV gamma interac-
tions in the scintillator [117].

The detection system was rotated counterclockwise about the vials to acquire projections

at four angles: 0◦, 60◦, 120◦, and 180◦, as shown in Fig. 4.12. While in Fig. 4.13 are

shown the projections of the source 1, and in Fig. 4.14 are shown the projections of the

source 2.

The setup simulated for the two vials object reconstruction is resumed in Fig. 4.15.

Figure 4.12: Tomographic setup geometry. The detection system rotates counterclockwise
around the vials to obtain four projections [117].
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Figure 4.13: Tomographic projections of Source 1. The projections are 16, at angles
equally separated in 360°. The one used are only the 4 angles at 90° intervals.

Table 4.1: Composition of barite concrete used in the PGNAA shielding.

Material Weight fraction [%]
Hydrogen 1.7864
Carbon 0.007692
Oxygen 38.83776
Magnesium 0.015385
Aluminium 0.2605539
Nitrogen 2.59247
Sulfur 10.5684
Potassium 0.1
Calcium 0.338462
Iron 0.10769
Barium 45.26216

4.3.2 Database from measurements

This section describes in detail the experimental configuration used to perform BNCT–

SPECT tomographic measurements at the TRIGA MARK II reactor at LENA.

The set-up used for the tomography consists of two supports: one with fixed elements

in which boron samples are placed in the neutron flux. The second support is a moving
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Figure 4.14: Tomographic projections of Source 2. The projections are 16, at angles
equally separated in 360°. The one used are only the 4 angles at 90° intervals. Is possible to
appreciate better the difference between the spheres, in contrast to Source 1 projections.

Figure 4.15: Tomographic system for vials simulation. The set-up shows the projection
acquired. Is possible to appreciate that the projections in the forward direction to the
neutron beam are more noisy then the left and right projections, due to more background.

part that holds both the detector and collimator aligned with the samples. The distance

from the source to the collimator and the distance from the collimator to the detector are

15 cm. The sample are two cylindrical vials filled with boron acid with a concentration

of 7371 ppm of 10B, with a inner diameter of 6 mm, 2.6 cm height and a volume of

0.75 ml. The vials are mounted on the opposite vertices of a 1 cm square support. The
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Table 4.2: Composition of the reactor wall concrete.

Material Weight fraction [%]
Hydrogen 0.56
Oxygen 49.56
Nitrogen 31.35
Aluminium 4.56
Iron 1.22
Magnesium 0.24
Sodium 1.71
Potassium 1.92
Sulfur 0.11
Calcium 8.26

Table 4.3: Composition of epoxy resin used in FR4 (FLUKA default).

Material Weight fraction [%]
Hydrogen 47.5
Carbon 45.0
Oxygen 7.5

Table 4.4: Composition of glass fiber reinforcement in FR4.

Material Weight fraction [%]
SiO2 55.2
Al2O3 14.8
B2O3 7.3
MgO 3.3
CaO 18.7
K2O 0.2
Na2O 0.2
Fe2O3 0.2
F 0.1

full configuration is positioned on an aluminium board specifically shaped to fit the

set-up. Due to the geometrical constraints limited by the small irradiation room, the

tomographic acquisition is performed in 4 position. The projection images are aquired

only at 0, 60, 120, 180.

Figure 4.16 illustrates the essential components of the setup. The mechanical structure

of the SPECT can be described starting from the geometric arrangements. The SPECT

system consists of two custom mechanical structures fabricated from polylactic acid

(PLA):
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1. a fixed support used to position and align the boron-containing samples with the

incident neutron flux, and

2. a moving support supporting both collimator and detector, ensuring their coaxial

alignment with the samples during rotation.

Due to space constraints in the irradiation room, both the sample–collimator distance

and the collimator–detector distance were set to 15 cm, which is smaller than the standard

configuration normally used with this detection module. At these distances, the pinhole

collimator defines a projected field of view (FoV) of 5.0 cm diameter at both source and

detector planes.

The two cylindrical vials served as radioactive targets. The boron concentration is

chosen to offset the low neutron flux available at the facility: the maximum achievable

flux, 3.14× 106 n/cm2/s, is about three orders of magnitude smaller than clinical BNCT

flux values (∼ 109 n/cm2/s). Consequently, the reaction rate corresponds roughly to that

expected from a 20 ppm 10B concentration under clinical irradiation.

The two vials are mounted at opposite vertices of a square PLA support with a side

length of 1 cm.

A larger water phantom, sometimes used in BNCT imaging experiments, is not

used here because the available neutron beam is predominantly thermal (97% thermal

component). Immersing the vials in water would cause strong thermal-neutron absorption

and scattering on hydrogen, preventing sufficient neutron flux from reaching the 10B-

containing sample.

To suppress activation of the detector front-end electronics and the scintillator

crystal by thermal neutrons, the detection module is enclosed in a cadmium shielding

case (Fig. 4.16). Cadmium is chosen for its extremely high thermal-neutron capture

cross section (σ113Cd = 19852 barns). The effectiveness of this shielding configuration is

previously validated via simulations and measurements.

Additional lead foils were inserted between the Cd shielding and the lateral surfaces

of the detector to attenuate capture gammas emitted from cadmium, in particular the

dominant 558 keV and 651 keV lines. Moreover, lead blocks of dimensions 10 cm × 10 cm

× 5 cm are installed between the Beam port and the mechanical setup to suppress
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Figure 4.16: Schematic of the BNCT–SPECT setup, including fixed and moving PLA
supports, rotation stage, shielding components, and detector wrapped in Cd foils [114].

background gamma radiation originating from interactions of neutrons with the BSA.

The complete setup is mounted on a custom-shaped aluminum optical breadboard

that fits the irradiation chamber. The breadboard is attached to an internal linear guide

and two height-adjustable steel legs, enabling fine vertical alignment so that the center

of the vials coincided with the neutron beam axis.

Spatial limitations inside the irradiation room restricted the experiment to a partial-

angle tomographic acquisition. For this reason, projection images are acquired at only

four angles:

0◦, 60◦, 120◦, 180◦,

as illustrated schematically in Figure 4.17.

At each of the four angular positions, two types of measurements were taken: Signal

measure, that consists of vials filled with the 7371 ppm 10B solution, and the Background,

that are the identical vials filled with distilled water.

The experimental campaign is conducted with a nuclear power of 70 kW : corre-

sponding to 0.87× 106 n/cm2/s, with an acquisition time of 36min per angle. For each

projection, 2-D images were reconstructed and the number of 478 keV γ-ray events
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Figure 4.17: Acquisition geometry showing the setup of the measurements with the
cadium foil. The right alignment of the tomography setup is performed using a level laser
method [114].

(from the 10B(n, α)γ reaction) are extracted. The detected 478 keV count rate (cps) is

computed from the spectra by subtracting the background spectrum from the boron-

sample spectrum and integrating under the 478 keV peak. A fitting model composed of

three Gaussian functions (representing the 478, 511, and 558 keV peaks) plus a linear

background is used.

All events are processed through the ANN-based position estimator. Only events

whose reconstructed interaction coordinates fell inside the collimator FoV (a 12.5mm

radius circle at the detector center) are retained.

The experimental results are then compared with Monte Carlo simulations performed

using the FLUKA code.

Each image is reconstructed by mapping the ANN-estimated (x, y) coordinates of

events within the 478 keV window (±17 keV ) onto a 32 × 32 pixel grid spanning the

5 cm detector surface (pixel pitch: 1.56mm).

An unexpected effect is observed: the distilled-water background spectra yielded a

higher measured Output Count Rate (OCR) than the 10B-containing measurements,

consistent with Monte Carlo predictions. This is likely due to the fact that neutrons are

partially absorbed by the boron solution, reducing room-scattered background.
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(a)

(b)

(c)

(d)

(e)

Figure 4.18: The pre-processing consists of taking the difference between the image with
boron filled vials (a) and the image without boron (b), subtract the two images (c)
and substitute with zeros the negative values (d), finally rotation is to get the correct
orientation (e).

To correct this, a normalization factor is defined. First, the Input Count Rate (ICR)

is computed from the OCR using the detector dead time DT = 7.4µs:

ICR =
OCR

1− (OCR ·DT)
(4.5)

The correction factor is

CF =
ICRBoron

ICRWater

(4.6)

The background image is multiplied by CF before pixel-wise subtraction.

The spatial resolution is estimated by summing pixels along columns and fitting the

resulting 1-D profile with two Gaussians. The expected resolution (8.4mm) is computed

analytically by modeling each vial as the sum of five Gaussian-distributed sources (1-mm

spacing), matching the projection geometry described in [118]. The number of cps are

estimated directly from spectra under the 478 keV peak. First the two vials are filled

with the boron compound at this concentration of 7371 ppm. Next step is to fill vials

with same amount of water. The number of cps are estimated directly from spectra under

the 478 keV peak, subtracting events of the measure with water from the boron sample

measure. In Fig. 4.18 is possible to appreciate the difference between the acquired vials

with and without boron and with background subtraction.
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Four background corrected projections (at the four acquisition angles) are fed into the

OSEM reconstruction in the Pytomography framework. The reconstruction uses MLEM

with a number of iterations chosen empirically to avoid divergence due to the limited

angular sampling. A Point Spread Function (PSF) correction model is applied to jointly

invert the geometric PSF of the pinhole collimator and the intrinsic PSF of the detector.

From the 3-D reconstructed volume, top and lateral views are obtained by summing

along the z-axis and x-axis respectively. The vial separation is quantified by fitting

Gaussian profiles along both axes and extracting the centroid positions and FWHM

values.

4.4 Tomography by iterative approach

The modern frameworks are based on classical approaches. Advanced tomographic

frameworks further extend iterative reconstruction by incorporating regularization terms

or prior information to stabilize the solution and suppress noise amplification. These

approaches include penalized likelihood methods and Bayesian reconstructions that use

anatomical priors from complementary modalities such as CT or MRI, as well as edge-

preserving or sparsity-promoting constraints. In hybrid SPECT/CT systems, attenuation

maps derived from CT are routinely integrated into the reconstruction process, reinforcing

the physical accuracy of the tomographic model. Overall, contemporary SPECT image

reconstruction relies on statistically grounded tomographic frameworks that tightly couple

physics based system modeling with iterative optimization, enabling clinically robust

and quantitatively reliable imaging. PyTomography framework provides a highly modular

and well-structured environment for conducting iterative SPECT reconstruction. Its core

elements accurate system modeling, explicit handling of collimator resolution, robust

forward/adjoint operators, flexible likelihood definitions, and DICOM interoperability

enable both research-oriented and clinical-grade algorithm development. Through its

Expectation maximization-based solvers and support for advanced penalization and PSF

modeling, the package allows construction of physically accurate SPECT reconstruction

pipelines optimized for resolution, noise, and quantitative accuracy.

This section presents a detailed overview of an iterative reconstruction approach

for SPECT based on the PyTomography Python framework. The package provides a

modular interface for system modeling, tomographic projection, likelihood-based objective

functions, detector–collimator response modeling, and algorithmic tools for MLEM,
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OSEM, and penalized variants for improved regularity.

4.4.1 System Model and Forward Projection

At the core of the reconstruction process lies the system matrix A, which maps the

unknown radiotracer distribution x(r) to the predicted projection measurements y(θ),

where θ denotes the SPECT acquisition geometry (angle, detector coordinates, and

energy window). In PyTomography, this mapping is implemented by a flexible forward

projector of the form

y = Ax+ b (4.7)

where b represents scatter, background counts, or modelled additive noise. The forward

operator handles geometric projection under pinhole or parallel-beam SPECT, collimator

point-spread function (PSF), can introduces in the model the detection efficiency, can

simulate a solid-angle weighting and also an energy-window acceptance. The forward

operator is typically implemented as a Python class that encapsulates both the pro-

jection geometry and the detector–collimator response. Using the software’s vectorized

operations, the user provides: a 3-D image volume populated by voxelized activity, a de-

scription of angular sampling and camera radius, the collimator model (e.g. Gaussian-blur

approximation, geometric-response kernels), optional attenuation maps or CT-derived

µ-maps. The result is a synthetic sinogram that matches the format and dimensionality of

the acquired SPECT projection data. Because the package is GPU-compatible, forward

projection can be carried out efficiently for large or multi-angle data sets.

4.4.2 Backprojection and Adjoint Operator

The adjoint operator A∗ plays a central role in iterative reconstruction. In the context of

SPECT, the backprojection distributes projection-domain residuals (ratio of measured to

predicted counts) back into image space. Formally, the adjoint maps a projection-space

vector r(θ) to a volumetric correction term:

A∗r = backproject
(
r(θ)

)
(4.8)

In PyTomography, the backward operator performs: angular backprojection consistent

with acquisition geometry, PSF-adjoint convolution to reverse collimator blurring, nor-

malization by the sensitivity image, optional attenuation compensation via exponential

weighting. The framework ensures that A∗ is implemented as the true mathematical
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adjoint of A, an essential requirement for convergence of Expectation Maximization

algorithms.

4.4.3 DICOM Utilities and Data Handling

To interface with clinical workflow and SPECT/CT acquisition systems, PyTomography

includes utility routines for reading, writing, and managing DICOM projection data. These

tools allow to perform the parsing of DICOM SPECT projection stacks (transmission

or emission), the extraction of metadata such as energy windows, angle tables, detector

radius, pixel spacing, and collimator model, the possibility to add an integration of

CT-derived attenuation maps to compute linear attenuation coefficients µ(r), and the

feature for exporting reconstructed volumes to DICOM or NIfTI format, and finally

performing energy-window filtering and preprocessing. The DICOM utilities abstract

modality-specific formatting details, enabling a unified workflow regardless of vendor

(GE, Philips, Siemens). Consistency checks ensure that angles, pixel dimensions, and

frame ordering are matched between projection data and the forward operator.

The projections are pre-processed in a dicom file, which is fed into OSEM algorithm

performed with the use of Pytomography library. In the dicom were set different parameter

in the metadata such as number of projection, distance from the center of image, pixel

size, FOV, ecc.

4.4.4 Poisson Likelihood Model

The SPECT photon-counting follows Poisson statistics. That is the reason why the

likelihood function for the measured data y given the predicted projections Ax is

L(x) =
∏
i

(Ax+ b)yii
yi!

exp
(
−(Ax+ b)i

)
(4.9)

where the index i spans detector pixels and projection angles. Maximizing the log-

likelihood is equivalent to minimizing the Kullback–Leibler divergence between measured

and estimated sinograms:

Φ(x) =
∑
i

[
yi ln

yi
(Ax+ b)i

+ (Ax+ b)i − yi

]
(4.10)

The Expectation Maximization update rule derived from this likelihood is:

x(k+1) = x(k)

A∗
(

y

Ax(k) + b

)
A∗1

(4.11)
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While for the OSEM, that accelerates convergence by splitting the projection set into

subsets Sj, update rule derived from this likelihood is, at each iteration:

x(k+1) = x(k)

A∗
Sj

(
ySj

ASj
x(k) + b

)
A∗

Sj
1

(4.12)

PyTomography supports arbitrary subset partitioning and automatically manages angle-

grouping. All components of this update—forward projection, residual formation, and

backprojection are explicitly implemented in the package, enabling both MLEM and

OSEM strategies.

4.4.5 Resolution and Collimator Response Modeling

A distinguishing feature of PyTomography is explicit system modeling of the collimator

resolution. The resolution function typically incorporates the geometric response of the

collimator holes, the septal penetration, the distance-dependent blur and the detector

intrinsic resolution. For pinhole SPECT, the PSF may be approximated by a depth-

dependent Gaussian or tabulated analytically via collimator geometry. For parallel or

fan-beam collimators, the distance-dependent resolution is

Rcoll =

√
R2

0 +

(
d

f

)2

(4.13)

with R0 being intrinsic detector resolution and f the geometrical focal length. While for

pin-hole collimator the distance-dependent resolution is

Rcoll =

(
d+

ln(2)

µ
tan(

α

2
)

)
(l + b)

l
(4.14)

with d being the hole diameter, µ the attenuation coefficient for the gamma attenuation

in lead material, which have to be set to the value at 478 keV, that is 1.31 cm−1, α the

angle aperture of the hole, which in the pin-hole used is α = 9.52.

The PSF convolution is incorporated directly into the forward operator:

(Ax)(θ) = (hPSF ∗ project(x)) (θ) (4.15)

and the adjoint operator applies the transpose convolution as part of backprojection. More

advanced collimator responses (e.g., Monte Carlo kernels, depth-dependent anisotropic

PSFs, Gaussian-weighted Modified Uniformly Redundant Array apertures) may also be
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used, as the framework supports arbitrary convolution kernels.

A further study on the reconstruction, shows that the Point Spread Function (PSF)

depends mostly from the collimator channel, and not from angle aperture. The new

function used is

Rcoll = (
x

f
)

√
R2

0 + (
f + x

x+ CH
2

) ∗ d2 (4.16)

where R0 = 3.0 mm is the intrinsic resolution, f = 30 cm is the distance collimator-

detector, x = 30 cm is the distance collimator-source, de = 5 mm is the pinhole diameter,

CH = 48.04 mm is the channel length. The two different version of the formula shows

different results.

4.4.6 Results with Geant4 simulation

In Fig. 4.19 the results are shown for the test source 1 with the formula 4.14. In Fig. 4.20

the results are shown for the test source 2 with the formula 4.14. In Fig. 4.21 the results

are shown for the test source 2 with the formula 4.16.

Comparisons between point-like sources and spherical distributions revealed distinct

variations in the photon acceptance angles for each detector module. While the 90◦

symmetric arrangement offered uniform sensitivity for centrally located spherical sources,

the results indicate significant anisotropy in the count rates for elongated or off-center

irregular geometries. Consequently, the static nature of the four-detector array introduces

specific artifacts depending on the source’s orientation, suggesting that accurate recon-

struction for complex boron geometries requires precise calibration of the system matrix

to account for these geometric non-uniformities. The PSF formula used in Fig. 4.20 is

an approximation of the formula used in Fig. 4.21, but that approximation happens

when the channel lenght is small compared to the distance collimator-detector. That

results shown reflect that approximation: the non-perfect circles in Fig. 4.20 are due to

the abscence of the rays coming from the outer zone of the FOV.
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Figure 4.19: Results with the fixed set-up and Source 1 geometry. This results shows
that the resolution is not sufficient to perform the Source 1 reconstruction, because the
spheres are too small and the distance is small.
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Figure 4.20: Results with the fixed set-up and Source 2 geometry. The results shows a
good agreement with Source 2. The function of the resolution used is the responsible of
the blurred shapes and not true dimensions.
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Figure 4.21: Results with the fixed set-up and Source 2 geometry, but with updated
formula. The new formula shows very good agreement with Source 2, the spheres are less
blurred.
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4.4.7 Results with Vials object

The tomographic reconstruction of the simulated vials are shown in the following results.

In order to obtain them, the OSEM used 50 iterations, with subset 3, and the resolution

formula 4.16. The result is shown in Fig. 4.22.

(a) (b)

Figure 4.22: The result of the reconstructed simulated vials with OSEM at 50 iterations,
subset 3: (a) a 3-dimension plot, (b) a slice in the xy plane center on the vials.

The following results are the reconstruction obtained with the measurements. In the

experimental campaign the vials are filled with a certain amount of boron compound and

the expected result is the reconstruction of the spatial distribution of the boron in the

vials. In Fig. 4.23 is shown the reconstruction tomography of the vials with no corrections

factor calculated in 4.6. While the Fig. 4.24 shows results of tomography with correction

factors applied to the projections, and the OSEM iterated 20 times. In Fig. 4.25 is shown

the result of tomography with correction factors and 50 iterations. The results highlight

a critical consequence of the adopted reconstruction technique: the reliability of the

spatial distribution of the boron concentration is intrinsically linked to the accuracy of

the background subtraction procedure. This dependency implies that the reconstruction

does not solely reflect the true boron signal, but rather the differential response between

two measurement conditions. Consequently, the experimental protocol must be strictly

structured as a two-step acquisition process. A reference measurement without the

boron compound is not optional, but essential, as it defines the baseline upon which

the boron-related signal is extracted. Any deviation, instability, or inconsistency in this

reference acquisition directly propagates into the reconstructed boron map. Furthermore,

the analysis demonstrates that the background correction factor does not act as a simple
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global scaling parameter. Instead, it influences the reconstructed image at the pixel

level, thereby affecting both quantitative values and spatial contrasts. This indicates

that correction factors are coupled with local image features and noise characteristics,

and their impact cannot be assumed to be spatially uniform. As a result, an improper

estimation of the background correction factor may introduce systematic artifacts or

distortions in the spatial distribution, potentially leading to misinterpretation of boron

localization. Overall, these findings emphasize that both the acquisition procedure and

the determination of correction factors are integral components of the reconstruction

process. Accurate boron imaging therefore requires not only precise measurements but

also a rigorous and reproducible background characterization, as well as careful validation

of the correction factors applied at the pixel level.
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(a) (b)

(c) (d)

Figure 4.23: Results without correction factors: (a) the reconstruction in 3d; (b) the xz
plane projection; (c) the yz plane projection; (d) the xy plane projection.

4.5 Deep learning approach

The analysis and processing of volumetric data, such as 3D medical images or other

spatial datasets, often relies on sophisticated deep learning models. These architectures

are primarily built upon two fundamental neural network structures: Autoencoders and

the U-Net architecture. These models are designed for tasks involving dimensionality

reduction, feature extraction, and high-fidelity reconstruction or segmentation.
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(a) (b)

(c) (d)

Figure 4.24: Results with correction factors and 20 iterations: (a) the reconstruction in
3d; (b) the xz plane projection; (c) the yz plane projection; (d) the xy plane projection.

4.5.1 Augmentation

In the database are obtained 9 different objects. The way to create a vast database for

this type of problem is to augment it by transformations, such rotations, translations,

reflections, composition of affine transformations. The noise is add at end of the process.

Augmentation pre-processing is applied over all the 9 objects, creating 100 samples.

Augmented images contain an issue: the values in points in which the object doesn’t

exist are zero, which could compromise the overall outcome of the problem. In order to

overcome it, two ways are found: make a reduction of the pixel size, resizing image from
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(a) (b)

(c) (d)

Figure 4.25: Results with correction factors and 20 iterations: (a) the reconstruction in
3d; (b) the xz plane projection; (c) the yz plane projection; (d) the xy plane projection.

128 x 128 x 128 to 64 x 64 x 64, apply the transformation and cut the image to 32 x

32 x 32 with the disadvantage to lose image resolution. The second approach consists

of replacing the zero-valued regions introduced by the transformation with background

values derived from the object itself, an operation commonly referred to as blurring. In

this context, blurring can be interpreted as a convolution process in which the original

image is locally averaged using a spatial kernel, such as a Gaussian or low-pass filter, that

redistributes intensity from neighboring pixels into regions lacking information. Rather

than introducing artificial or constant padding, the missing values are estimated from

surrounding structures, thereby preserving the global intensity characteristics of the
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object and avoiding sharp discontinuities at the boundaries created by the transformation.

Operationally, the blurring process applies a spatially invariant or spatially adaptive

kernel whose width determines the extent of information spreading. A narrow kernel limits

the influence to immediate neighbors, while a broader kernel propagates intensity over

larger regions. Because the kernel operates on the existing pixel grid without resampling,

the number of pixels and their spatial spacing remain unchanged, and therefore the

nominal spatial resolution of the initial image is preserved. However, while the pixel

resolution is maintained, high-frequency image components are attenuated, leading to

smoother transitions and reduced local contrast. In tomographic reconstruction and

image processing, this form of blurring is often employed as a regularization mechanism,

trading fine detail for increased stability and reduced artifacts in regions affected by

missing or undefined values. The Fig. 4.26 can show how the process is performed over a

test backprojection image.

(a) (b)

Figure 4.26: The result of the blurring process: (a) a unblurred backprojection; (b) the
blurring process applied resulting in a visible object, the image is rescaled.

4.5.2 Input Data Specifications

The selection of input volume size is a critical preprocessing step, dependent on both the

nature of the data and the computational constraints.

• Input: 32× 32× 32× 1 (Preprocessing with Cut): This smaller input dimen-
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sion is utilized when the volumetric data is preprocessed via cutting (or patching).

This approach is often necessary for processing extremely large 3D volumes (e.g.,

high-resolution medical scans) that cannot fit into GPU memory entirely. The small

cube of 32× 32× 32 pixels focuses the network on local features.

• Input: 128× 128× 128× 1 (Preprocessing with Blurring): This larger input

dimension is used when the data is preprocessed using blurring or other global

context-preserving techniques, such as downsampling the entire volume. A 128×
128× 128 volume allows the network to capture a significantly broader field of view,

making it suitable for tasks that require greater global contextual understanding,

such as identifying larger structures or general image characteristics.

4.5.3 Training

The training of models is performed using a custom loss function,

L =
1

2
(1−Dice) +

1

2
MSE (4.17)

where Dice is the coefficient that is defined for target f ∗ and output f̂ as

Dice =
2×H(µf̂ , f̂) ∗H(µf∗ , f ∗)∑MNO

ijk H(µf̂ , f̂) +
∑MNO

ijk H(µf∗ , f ∗)
(4.18)

and MSE means Mean Squared Error, defined as:

MSE =
∥f ∗ − f̂∥22
NMO

(4.19)

In that mathematical formulation, f̂ denotes the predicted image, while f ∗ represents

the corresponding ground-truth label. The image dimensions are given by M , N , and O,

which correspond to the number of pixels along the x, y, and z directions, respectively.

The quantities µf̂ and µf∗ indicate the mean intensity values of the predicted image and

the label image. The function H(µx, x) denotes a sigmoid function shifted so that its

center is located at the mean value of the variable x. The statistical dispersion of the

images is characterized by the variances σ2
f̂
and σ2

f∗ , which correspond to the predicted

image and the label image, respectively, while σf̂f∗ represents the covariance between f̂

and f ∗.

The results are evaluated in terms of three different metrics:
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IoU is also called the Jaccard index, and is defined as:

IoU =
H(µf̂ , f̂) ∗H(µf∗ , f ∗)∑MNO

ijk H(µf̂ , f̂) +
∑MNO

ijk H(µf∗ , f ∗)−H(µf̂ , f̂) ∗H(µf∗ , f ∗)
(4.20)

The IoU range is [0,1].

SSIM is the Structure Similarity Index Metric, defined as:

SSIM =
(2µf̂µf∗ + c1)(2σf̂f∗ + c2)

(µ2
f̂
+ µ2

f∗ + c1)(σ2
f̂
+ σ2

f∗ + c2)
(4.21)

where c1 and c2 are parameters. It quantifies the similarity based on luminance,

contrast and structural information. The structural similarity index takes values in

the range [−1, 1], where values close to 1 indicate similarity, a value of 0 indicates

no similarity, and values close to −1 indicate anti-correlation.

PSNR is the Peak over Signal Noise Ratio, a value that represents the quantity of signal

over the amount of noise in the image, is defined as:

PSNR = 10 log10

(
∥f ∗∥2∞
MSE

)
= 20 log10

(
∥f ∗∥∞
∥f̂ − f ∗∥2

·
√
NMO

)
(4.22)

where MSE denotes the mean square error and

∥f ∗∥∞ = |max
i,j,k

f ∗(i, j, k)| (4.23)

The typical PSNR values are in the range [10,40].

4.5.4 Crop preprocessing

The training set is randomly set as 75% of the database, while the validation is the

other 25%. Loss functions’ best epochs are in Tab. 4.6. The results are shown in Tab.

4.5. In Fig. 4.27 the predictions for every model are reported. . The Autoencoder is not

enough to describe the properties of the dose. The variational AE performs better than

the simple AE but suffers from the same problems as the AE. The U-Net overcomes the

results of AE. The upgraded version of the U-Net tight frame performs the best, showing

that the wavelets decomposition captures spatial-frequency features more explicitly than

the simple U-Net. The metrics in Tab. 4.5 show that SSIM is a good evaluator for that

regression problem. The inference time for the model U-Net tight frame is about 0.1-0.5

ms using a GPU NVIDIA A100. While, the iteration time for the OSEM algorithm is

estimated to be 1 ms for a single subset iteration, so for a subset equal to 3 and with 10

iterations, the iteration time is 30 ms.
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(a)

(b)

(c)

(d)

(e)

Figure 4.27: Prediction and reconstruction example: (a) AE, (b) VAE, (c) U-Net, (d)
U-Net tight frame, (e) reconstructed image.

4.5.5 Blurring preprocessing

Training and validation are the same as the previous preprocessing. Loss functions’ best

epochs are in Tab. 4.6. The results are shown in Tab. 4.5. In Fig. 4.28 are reported the

predictions for every model.

From Tab. 4.5 it is possible to find evidence that after the blurring operation, the

SSIM and PSNR for AE are lower than after the cropping operation. This is due to the

effect of the larger size of the image. That is not evident for U-Net and U-Net tight frame,

because it is overcome by the model performance. Indeed, blurring gives the best results

in terms of SSIM and PSNR metrics, with respect to cropping, for the U-Net and U-Net

tight frame models. The blurring approach is a non-destructive method. It preserves the

information on the geometry and intensity scale. Using the same GPU NVIDIA A100,

the inference time is about 5-15 ms. While, the iteration time for the OSEM algorithm is

estimated to be 64 ms for a single subset iteration, so for a subset equal to 3 and with 10

iterations, the iteration time is 2-4 seconds. Summarizing, the reconstruction of SPECT

tomography is obtained with a deep learning method, which produces excellent results in

terms of SSIM and PSNR metrics.
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(a)

(b)

(c)

(d)

(e)

Figure 4.28: Prediction and reconstruction example: (a) AE, (b) VAE, (c) U-Net, (d)
U-Net tight frame, (e) reconstructed image.

4.5.6 Discussion

Despite the relatively limited size of the dataset used for training, especially when com-

pared with the large-scale databases typically employed in deep learning applications,

the reconstruction results are overall encouraging. This outcome suggests that the chosen

model architecture and preprocessing strategy are well aligned with the underlying

structure of the reconstruction problem. Nevertheless, the restricted dataset remains a

potential limitation, as it may constrain the generalization capability of the network.

To mitigate this issue, additional synthetic objects can be generated and incorporated

into the training set. Such data augmentation strategies increase variability in object

morphology and intensity distributions, thereby improving robustness without requiring

new experimental acquisitions. Among the evaluated architectures, the U-Net tight-frame

model emerges as the most effective reconstruction framework. Its superior performance

can be attributed to the combination of multi-scale feature extraction and the tight-

frame formulation, which enforces a stable and redundant signal representation. The

encoder–decoder structure of U-Net enables the network to capture both global contex-

tual information and fine spatial details, while skip connections preserve high-frequency

features that are critical for accurate reconstruction. The tight-frame constraint further

109



CHAPTER 4. SPECT RECONSTRUCTION ALGORITHM IN INNOVATIVE

NEUTRON THERAPY

improves stability by promoting consistent representations across scales, reducing recon-

struction artifacts, and enhancing convergence during training. Preprocessing through

blurring is shown to play a crucial role in improving reconstruction quality, particularly in

the presence of transformed objects containing large regions of zero-valued pixels. These

zero values do not correspond to meaningful physical information but instead arise from

the transformation process, and if left untreated, they can introduce misleading cues that

bias the learning process. The blurring operation addresses this issue by replacing such

undefined regions with locally averaged intensity values derived from neighboring pixels.

This process preserves the original image grid and nominal spatial resolution while atten-

uating abrupt discontinuities and suppressing artificial high-frequency components. From

a modeling perspective, blurring acts as an implicit regularization step, smoothing the

input space and guiding the network toward learning physically meaningful correlations

rather than artifacts induced by missing data. As a result, the combined use of a U-Net

tight-frame architecture and blurring-based preprocessing leads to more stable training

dynamics and improved reconstruction fidelity.

Table 4.5: Results in terms of metric for the two preprocessing methods.

Cropping Model IoU SSIM PSNR
AE 8% 0.45 15
VAE 14% 0.3 19
U-Net 81% 0.86 31

U-Net-TF 85% 0.84 34
Blurring Model IoU SSIM PSNR

AE 15% 0.37 12
VAE 17% 0.38 14
U-Net 88% 0.87 33

U-Net-TF 91% 0.9 38
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Table 4.6: Number of training and validation best epochs.

Cropping Model Best Epoch Tr. Loss Vl. Loss
AE 12 0.71 0.88
VAE 17 0.62 0.65
U-Net 18 0.54 0.61

U-Net-TF 21 0.43 0.51
Blurring Model Best Epoch Tr. Loss Vl. Loss

AE 51 0.7 0.95
VAE 28 0.26 0.85
U-Net 47 0.21 0.52

U-Net-TF 53 0.13 0.44
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Conclusion and Outlook

This thesis demonstrates that DL can effectively address some of the most persistent

challenges in segmentation and particle therapy imaging, offering tangible progress both

in diagnostic segmentation and in the reconstruction of the dose for treatment plan-

ning. Within the domain of anatomical segmentation, the Two Step strategy developed

throughout this work has proven to be a particularly robust response to the difficulties

posed by the identification of small and anatomically variable structures such as the

pancreas, and the tumour of pancreas. By separating the task of coarse localization by

YOLO from the subsequent phase of fine-grained segmentation, the U-Net architecture is

able to achieve a high grade of DSC value in defining the tumor boundaries, obtaining a

DSC of 58%, that overcomes the state-of-art. This division of tasks allowed the system to

cope more effectively with patient’s heterogeneity and produced more stable results than

conventional One Step pipelines. The One Step study demonstrates that the models with

Attention mechanisms are excellent in generalizing the features of CT medical images,

because the channel attention mechanism has an architecture shaped to retrieve the

features related to the channels. Indeed is demonstrated that the more channels are

provided, the more DSC values is high.

Such an approach is essential not only for reducing the workload of clinicians, who

traditionally perform these tasks manually, but also for enhancing the reproducibility

and reliability of the contours used in downstream therapeutic decisions.

In parallel, the investigation of SPECT reconstruction for BNCT dosimetry has

highlighted how DL can substantially improve the quality of low-count boron neutron

capture therapy images. Models trained exclusively on Monte Carlo–generated projections

demonstrated an ability to suppress noise and recover spatial resolution, such U-Net

tight frame model, learning the essential features of the imaging system and providing a

reconstruction procedure that is markedly faster than classical iterative techniques such

as OSEM. The validation of the FLUKA and Geant4 simulation environments ensured
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that these synthetic datasets can function as trustworthy digital counterparts of the real

apparatus, supporting future research on detector development and on the optimization

of BNCT acquisition protocols. The DL pipeline used can be easily reproduced in a real

facility with a clinically acceptable neutron flux. However, it must be emphasized that

full in-vivo dose reconstruction in BNCT using a tomography setup based on gamma

cameras remains a long-term goal. What has been successfully achieved in this framework

is the essential groundwork: demonstrating the feasibility and computational efficiency of

DL-based reconstruction on experimental and simulated vials.

The use of classical reconstruction is always suggested and mandatory in this set-

up, but the model can be simply upgraded taking as input the projections directly

coming from detector acquisition, without the use of the backprojection step. It will be

investigated in further studies. The results obtained with U-net tight frame, for SSIM

and PSNR metrics, demonstrated that with a little modification of the model, it could

certainly be trained to overcome this result. BNCT images, both experimental and

simulated, will be used as a starting point to build a database big enough to be ingested

by modern DL models.

Taken together, these contributions show that integrating machine vision into the

medical physics workflow is not only feasible but highly advantageous. Deep Learning can

serve as a unifying framework that connects the precision of computational methods with

the needs of clinical practice, enabling more accurate tumor localization, more accurate

BNCT imaging, and ultimately a pathway toward treatments that are better tailored

to the individual patient. By bridging the gap between advanced algorithmic tools and

real-world therapeutic applications, this work outlines a future in which diagnostic and

therapeutic procedures operate with greater automation, consistency, and precision,

improving patient care in fields where early detection and accurate dosimetry remain

crucial challenges.

Despite these promising results, transitioning these Deep Learning models from

controlled experimental or simulated environments to real clinical systems entails several

significant challenges. First, there is the critical issue of domain shift: models trained

predominantly on simulated (Monte Carlo) or idealized phantom data often experience

performance degradation when applied to real patient anatomy. This is due to unmodeled

complexities such as heterogeneous tissue attenuation, patient motion, and highly variable

background radiation. In real BNCT applications, the background gamma spectrum (e.g.,
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from hydrogen neutron capture) is highly dependent on patient-specific factors, making

the synthesis of perfectly accurate training data extremely difficult. Second, data scarcity

and annotation remain major bottlenecks. Training robust DL architectures requires

massive datasets with precise ground-truth labels, which are notoriously difficult and time-

consuming to obtain in rare and emerging modalities like BNCT-SPECT. Furthermore,

the black-box nature of neural networks poses a critical challenge for clinical adoption. In

radiotherapy dosimetry, a network hallucinating a signal or suppressing a true anatomical

feature could lead to severe miscalculations of the delivered dose. Therefore, future

efforts must focus not only on scaling the datasets but also on developing explainable

AI methods, uncertainty quantification, and rigorous physics-informed regularization to

ensure that the network’s outputs are not only accurate but also clinically trustworthy

and robust against real-world artifacts.

To ensure the reproducibility of the simulations and experiments presented in this

thesis, the primary data and methodologies are documented. The datasets utilized in the

pancreatic segmentation study (MSD and CPTAC-PDA) are publicly available through

their respective online repositories. The proprietary Geant4 and FLUKA simulation data,

as well as the raw experimental measurements acquired from the LENA facility, are

available from the corresponding authors upon reasonable request. The custom code and

scripts developed for model training, data preprocessing, and tomographic reconstruction

implemented primarily using TensorFlow, PyTorch, and PyTomography will be made

available in a public repository upon the formal publication of this work (or are available

upon reasonable request) to allow full replication of the analytical pipelines.
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Appendix A

Study of the radiation fields at

CERN Gamma Irradiation Facility

A.1 Introduction

The Gamma Irradiation Facility (GIF++) is an experimental area at CERN where a

Cs-137 source and a high-energy muon beam can be combined for long-term gaseous

detector studies. The facility was built in 2014 during the Long Shutdown 1 (LS1) of the

LHC and became operational in the spring of 2015 [119], succeeding the original GIF

facility that was in use from 1997 to 2014.

Today, GIF++ plays a crucial role in testing muon detectors under high-background

radiation conditions, particularly in preparation for the High-Luminosity phase of the

LHC (HL-LHC). Furthermore, GIF++ will provide an unique infrastructure for various

R&D initiatives under the umbrella of the recently established DRD1 Collaboration.

Currently, the facility hosts detectors such as Resistive Plate Chambers (RPCs), Cath-

ode Strip Chambers (CSCs), and Micromegas (MMs), opereted by several experiments

(CMS, ATLAS, ALICE, LHCb, TOTEM, and SHIP). Additionally, GIF++ serves as

the experimental headquarters of the RPC EcoGas@GIF++ Collaboration, focuses on

the study of environmentally friendly gas mixtures as replacements for traditional RPC

operation.

In 2018, the facility underwent an expansion to enhance its capabilities in the upstream

region, along with other minor modifications. To accommodate these changes, an updated
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simulation is required to accurately reflect the new geometry.

This paper aims to provide a comprehensive characterization of the gamma fields

at GIF++ under different irradiation conditions in the experimental areas. The study

continues some previous work conducted in 2017 [120]. Measured dose rates are compared

with simulations to improve the understanding of the radiation field and validate the

simulation framework.

A.2 The Gamma Irradiation Facility

GIF++ is located at the H4 beamline in CERN’s Prévessin North Area. The facility

provides a no monochromatic muon beam with a momentum typically in the range 10

- 150 GeV/c [121] and a high-intensity Cs-137 gamma source, initially in March 2015

with an activity of 13.9 TBq. At the time of the measurement reported in this work

(spring 2025) the activity was 11 TBq. A 3D model of the facility is shown in Fig. A.1a,

highlighting three main areas: the irradiation bunker (top, with the beam entering from

the left), the preparation area (bottom left), and the gas and rack area (bottom right),

which supplies gas and electronic services to the bunker [122].

The irradiator (Fig. A.1b) was developed in collaboration with VF Nuclear1. The

cesium source, enclosed between two tungsten blocks, moves between a ground position

at the bottom of a support tube and an irradiation position at the top. Two ± 37◦

panoramic collimators define the irradiation zone, covering a large part of the bunker,

which is divided into upstream (UP) and downstream (DOWN) areas, named according

to the beam direction. Mounted on an adjustable support, the center of the irradiation

window aligns with the beam height, delivering up to ≈1 Gy/h at a 1 m distance. Both

collimators include replaceable steel angular correction filters to ensure uniform photon

distribution for large-area detectors.

The irradiator also features two independent attenuation systems housed within a

common enclosure, each with a 3×3 array of absorption filters to fine-tune the photon flux

in each irradiation field. The total attenuation factor combines three layers (A, B, C) and

can be adjusted using the attenuation matrix in Tab. A.2, either via a dedicated control

panel or the GIF++ control system. A total of 24 nominal attenuation factors (ABS),

ranging from 1 to 46420, can be selected from 27 possible configurations (Tab. A.2).

1VF Nuclear, Czech Republic, http://www.vfnuclear.com
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(a)

(b)

Figure A.1: (a) 3D model of GIF++ experimental area, (b) view of the irradiator [119]
.

When ABS is 1, the source is fully open, meaning photons pass through the angular

correction filter without additional attenuation. At the maximum ABS value of 46420,

the source is considered fully closed.

The convex filters are made of lead coated with protective paint. Mounted on aluminum

support plates, they are housed within steel frames and connected to counterweights on

the side of the irradiator. The list of the filters is in Tab. A.1.

The detailed geometric layout is shown in Fig. A.2. The red points evidenced in the

figure show some defined positions both in the upstream area (U1, U2, U3, U3R, U3L,

U5, U5R, U6, U7, U11) and in the downstream area (D1, D3, D5) where dedicated

measurements were taken or dedicated simulations were performed. In Tab. A.3 the XYZ

coordinates of such positions are given.

A.3 Simulation methods

As previously mentioned, the main scope of this study is to simulate dose and gamma

current in the bunker area taking into account the latest modifications applied to the

facility. The new bunker geometry has an extension of 14.7 m from the source to upstream
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Table A.1: Attenuation factors matrix for
filter combinations

A B C

1 1 1 1

2 10 1.468 2.154

3 100 100 4.642

Table A.2: Filter combinations and corre-
sponding approximated ABS values

Filter
Combination (ABC) ABS

111 1

112 2.2

122 3.3

113 4.6

123 6.9

211 10

212 22

222 33

213 46

223 69

311 100

333 46420

U1 U2 U3 U3R U3L U5 U5R U6 U7 U11 D1 D3 D5
x 0 0 0 +1.6 -1.6 0 +2.4 0 0 0 0 0 0
y 0 0 0 0 0 0 0 0 0 0 0 0 0
z -1 -2 -3 -3 -3 -5 -5 -6 -7 -11 +1 +3 +5

Table A.3: Table of positions from the source of measurements and simulation points in
meter. U11 is used only for simulations.

and 6.7 m downstream along the main axis. The simulation was performed in Geant4

exploding version 11.3 [116] and the G4EmLivermore Physics physics list. The geometric

layout shown in Fig. A.2 was implemented.

Geant4 allows to upload a Geometry Description Markup Language file (GDML) in

which the geometry and materials are modelled. A GDML file was developed for each

ABS value in Tab. A.2 The whole facility was partitioned by using meshes of 5×5×5 cm3

as scoring cubes to retrieve absorbed dose and photon currents. The absorbed dose rate

[Gy/h] was calculated from the simulated dose [Gy] by using a reference time following

the formula A.1.
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Figure A.2: Layout of the GIF++ experimental area indicating the dose measurement
positions. The reference system in shown. The point (0,0,0) is located at the source
position.

ts =
Np

BF · A · 3600
(A.1)

In the Eq. A.1, Np is the number of photons ejected from the source in a simulation

run, BF is the branching fraction of 137Cs decay schema, set to 0.85 [123], while A

represents the source activity.

The errors in the simulation were calculated following Eq. A.2 by accounting only

the statistical uncertainty following the Monte Carlo approach.

u(DMC)/DMC =

√∑Nevent

i=1 q2i∑Nevent

i=1 qi
(A.2)

where DMC is the dose calculated in every volumes, and qi is the dose for each event.

A.4 Simulation results

Fig. A.3 shows the total absorbed dose rate (XZ view) with the source fully open both in

the upstream and downstream regions. A slightly concave dose profile is observed along
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the x-axis, more pronounced at greater distances from the gamma source. However, the

profile appears relatively flat for points within |x| ≤ 1.5 m.

A possible back-scattering effect was studied by simulating a full irradiation in one

region and maximum attenuation in the opposite region. Figures A.3b and A.3c show the

XZ dose profiles respectively for the cases where the upstream field remains open while

the downstream is closed, and vice versa. No noticeable back scattering effect is evident.
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Figure A.3: XZ-view of total absorbed dose rate maps over the irradiation bunker when
(a) setting ABS 1 upstream and ABS 1 downstream, (b) setting ABS 1 upstream while
downstream is fully closed, and (c) setting ABS 1 downstream while upstream is fully
closed.

A.5 Gamma spectral analysis

The gamma energy spectrum was also simulated, being relevant for the sensitivity study

of the detectors under test. Fig. A.4 shows the XZ total gamma flux with maximum

irradiation in both upstream and downstream regions for the three different cases: A.4a

all gammas energies, A.4b gamma energies below 600 keV, A.4c gamma energies over
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600 keV. It can be noticed that the gamma flux at the cesium peaks is uniform along X

while the low energy components tends to be more pronounced at small X.
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Figure A.4: Map of gamma flux for (a) all energies, (b) energy range 0-600 keV, (c)
energy higher than 600 keV.

Gamma spectral analysis was also performed at positions U1, U3, U11, D1, D3, and

D5, considering different attenuation factors in the upstream region (ABSs 1, 10, 100)

and constant attenuation in the downstream region (ABS 2.2). The energy spectra for the

upstream positions are shown in Fig. A.5, while detailed gamma fluxes for all positions

are presented in Tab. A.4.

In the spectra reported in Fig. A.5, a reduction in the energetic component associated

with the 662 keV peak is observed for all ABSs. It is confirmed that at increasing values

of z the spectrum is dominated by low energy gammas.
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Figure A.5: Gamma energy distribution at positions (a) U1, (b) U3, (c) U11. Different
attenuation factors are considered in the upstream region (ABSs 1, 10, 100), while a
constant attenuation is considered in the downstream region (ABS 2.2). The histograms
present a resolution of 7 keV/bin.
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Figure A.6: Gamma energy distribution for the positions (a) U3L, (b) U3R, (c) U5R.
Different attenuation factors are considered in the upstream region (ABSs 1, 10, 100),
while a constant attenuation is considered in the downstream region (ABS 2.2). The
histograms present a resolution of 7 keV/bin.

A.6 Dose measurements

The dose measurement campaign was conducted in the GIF++ irradiation bunker during

November 2024. A gamma probe 6150AD-15 model H, coupled with a dose rate meter

[124], was employed. The probe detector features an integrated Geiger-Müller counter.

The useful dose rate range of the probe is 1 mSv/h to 9.99 Sv/h. The probe was calibrated

by the manufacturer with a 333 kBq Cs-137 calibration source. Within the useful dose

rate range, a maximum deviation of ± 10% in linearity between the measured dose rate
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Table A.4: Gamma flux values corresponding percentages for different energy ranges.

Flux [106cm−2 · s−1] %

ABS Total 0-200 keV 200-400 keV 400-600 keV 600-663 keV 0-200 keV 200-400 keV 400-600 keV 0-600 keV 600-663 keV

U1

1 40.92 3.05 4.96 6.95 25.96 7 12 17 37 63

10 4.66 0.45 0.34 1.06 2.81 10 7 23 40 60

100 0.83 0.28 0.10 0.14 0.30 34 12 17 63 37

U3

1 6.58 1.51 1.01 1.12 2.93 23 15 17 55 45

10 0.89 0.22 0.10 0.22 0.35 24 11 25 60 40

100 0.19 0.10 0.01 0.03 0.04 52 7 17 77 23

U11

1 0.70 0.28 0.16 0.09 0.17 40 23 13 76 24

10 0.12 0.06 0.02 0.02 0.01 54 14 20 88 12

100 0.04 0.03 0.00 0.01 0.00 76 7 13 96 4

D1

1 41.28 3.14 4.97 7.02 26.17 8 12 17 37 63

10 4.78 0.47 0.35 1.08 2.88 10 7 23 40 60

100 0.86 0.31 0.10 0.16 0.30 36 11 18 65 35

D3

1 6.21 1.23 0.99 1.15 2.85 20 16 18 54 46

10 0.88 0.19 0.10 0.22 0.37 22 11 25 58 42

100 0.19 0.10 0.02 0.03 0.04 54 10 17 81 19

D5

1 2.78 0.91 0.56 0.41 0.90 33 20 15 68 32

10 0.41 0.13 0.06 0.10 0.11 32 15 25 72 28

100 0.09 0.05 0.02 0.01 0.01 59 17 17 93 7

and the calibration is permitted. The energy range spans from 65 keV to 3 MeV, and

the nominal angular range extends ±45° relative to the preferred direction perpendicular

to the axis of the tube. The position of the probe was consistently maintained at a right

angle, always directed towards the source. During the measurements, it was ensured that

no other material (detectors under test or mechanical supports) were in the path between

the source and the dosimeter.

The gamma probe measurements were performed at all positions (but U11) defined

in Fig. A.2 for several ABS values (1, 2.2, 3.3, 4.6, 6.9, 10, 22, 33, 46, 69, and 100). For

the upstream measurements the downstream ABS value was kept constant to 2.2, for the

downstream measurements the upstream ABS value was kept constant to 2.2.

Three minutes of data were collected for each filter configuration to ensure enough

statistics. The gamma probe response is the Ambient Equivalent Dose rate (H∗(10)[Sv/h]).

Based on the technical sheet specifications, the overall dose measurement uncertainty
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was assumed to be ±40%.

The Absorbed Dose rates values (D[Gy/h]), needed for comparison with the simulated

values, were obtained by the Eq. A.3 where f2(E) for the Cs-137 gammas was assumed

equal to 1.202.

D = H∗(10)/f2(E) (A.3)

A.7 Simulation validation
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Figure A.7: Measurements and simulations at different ABS values in the upstream region
(keeping constant ABS = 2.2 in the downstream region) at position U3.

In Fig A.7, measurements with the gamma probe are compared to the simulation

results at different ABS values in the upstream region (keeping constant ABS = 2.2

in the downstream region) at position U3. All data at x = 0 is fitted following the

proportionality of the dose to the square inverse of the distance from the source: D =

b/z2, where D is Absorbed Dose rate, z is the distance from the source on beam axis at

x = 0 and b is a free parameter. Figure A.8a reports the measured and simulated data

together with the fitted function for the case of ABS = 1 in both irradiation fields. Data

and simulation are quite in good agreement for high values of |z|. At |z| = 1, although

still within the error bars, the simulation value is slightly higher, perhaps due to the

2Automess - Radiation Quantities and Units, https://www.automess.de/en/service/radiation-
quantities-and-unitsphoton-dose-equivalent-hx
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Table A.5: Results of the fit for the parameter b, at different ABS values.

ABS 1.0 2.2 3.3 4.6 6.9 10 22 33 46 69 100

b 364 164 128 81 62 42 21 16 10 8 5

detector angular acceptance which introduces a larger bias in the measurements at short

distance from the source. The fit accurately describes the data and it can be used for

dose estimation throughout the entire bunker. Results of the fit for the parameter b, at

different ABS values (assuming equal attenuation for both fields), are shown in Tab. A.5.
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Figure A.8: Absorbed dose rate as a function of the (a) distance from the source in x =
0, (b) position in x-axis at 3 m from the source in the upstream area.

The dose study along the x-axis was carried out at z = 3 m from the source on the

upstream field. The positions used for the analysis were U3L, U3, and U3R. The dose

values for ABSs 1 and 3.3 are shown in Fig. A.8b. Agreement between simulation and

measurements is good at x = 0 (U3), while off-axis (U3R and U3L), the experimental

values are slightly lower than the simulated ones. This behavior might be due to the

fact that the gamma probe is calibrated for Cs-137 energy, while in the off-axis region

also a low-energy component flux is present as discussed in Sec. A.5. The ratio between

simulation and measured dose rate values is reported in Tab. A.6.
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Table A.6: Values of ratio between simulation and measure for all position and ABS.

ABS U1 U2 U3 U3R U3L U5 U5R U6 U7 D1 D3 D5

1 1.56 1.18 1.13 1.24 1.32 1.15 3.07 1.12 1.15 1.48 1.08 1.09

2.2 2.22 1.42 1.34 1.46 1.56 1.22 3.66 1.35 1.27 2.10 1.20 1.23

3.3 2.07 1.40 1.23 1.39 1.48 1.25 3.39 1.33 1.20 1.95 1.15 1.14

4.6 2.37 1.48 1.30 1.62 1.75 1.36 3.60 1.48 1.33 2.19 1.32 1.26

6.9 2.24 1.44 1.26 1.57 1.72 1.42 3.14 1.21 1.29 2.05 1.20 1.25

10 2.26 1.51 1.39 1.64 1.83 1.24 3.68 1.45 1.34 2.15 1.42 1.42

22 2.36 1.43 1.38 1.84 1.96 1.68 3.99 1.67 1.17 2.14 1.28 1.44

33 2.13 1.44 1.32 1.61 1.79 1.27 3.90 1.38 1.20 1.96 1.28 1.43

46 2.42 1.67 1.40 1.67 1.81 1.64 3.09 1.20 2.23 2.10 1.47 1.49

69 2.27 1.27 1.59 1.62 1.82 1.48 3.93 1.35 1.52 1.98 1.34 1.32

100 2.39 1.62 1.57 2.12 2.30 1.67 4.47 1.49 1.83 2.11 1.65 1.90

A.8 Dose absorption in operation conditions

To study realistic dose rates during GIF++ operation, two new measurements were taken

at positions U3 and U6 in the presence of an additional detector setup that shadows

the source. By comparing the measurements with (Dm) and without(D0) such absorber

material, an equivalent Aluminum thickness ∆x can be inferred using the equation:

[125, 126]:

Dm = fD0e
−µ∆x (A.4)

where µ is the attenuation coefficient and f the buildup factor at the Cs-137 energy.

The calculation was performed using the online available resource RadProCalculator

[127, 128]. The equivalent Aluminum thickness was found to be ∆x = 8.7 cm at position

U3 and ∆x= 8.1 cm at position U6.

The smaller equivalent thickness value obtained at U6 compared to the one at U3 can

be attributed to the increased low-energy component at greater distances from the

source. Simulated dose rate were therefore recomputed at U3 and U6 considering also

the additional shadowing material. Figure A.9 shows the dose rates with and without

material for ABS values 1, 2.2, and 3.3. The simulation is in agreement with the measured

dose rate inside errors.
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Figure A.9: Comparison between the simulated dose with/without equivalent Al and the
experimental data for ABS values 1, 2.2, and 3.3 at (a) 3 m and (b) 6 m from the source
in upstream field.

A.9 Conclusions

A detailed characterization of the radiation fields at the CERN Gamma Irradiation

Facility has been performed through a combination of dedicated measurements and

Geant4-based simulations. Dose rate distributions were obtained across the irradiation

bunker under different attenuation configurations and validated against experimental data

collected with calibrated gamma probe 6150AD-15. The agreement between measured

and simulated values is within the assigned uncertainties, confirming the reliability of

the updated simulation framework to reproduce the radiation environment. The spatial

dose profiles demonstrate the expected inverse-square dependence with distance, with

deviations at larger distances explained by the buildup of scattered radiation. Lateral

measurements also highlight the influence of low-energy components, which become

more relevant with increased attenuation. The gamma spectral analysis confirms the

predominance of the 662 keV Cs-137 line close to the source, while low-energy components

progressively dominate further away and under strong attenuation. The introduction of

equivalent material thicknesses in the simulations allowed a realistic description of beam

test conditions, showing good agreement with measured dose absorption. These results

provide an essential benchmark for users operating detectors inside the facility and serve
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as a validated input for future studies of radiation effects on detector technologies in

high-background conditions.
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