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Abstract

Image reconstruction in tomography is a key challenge in medical imaging, especially in
complex clinical situations involving incomplete data, noise, or low-dose acquisition. This work
focuses on the study and implementation of the most efficient tomography reconstruction
techniques based on a parallel beam model, ranging from conventional methods to modern
approaches powered by artificial intelligence. Our contribution is the enhancement of the
reconstructed images especially in noisy data, through the use of convolutional neural networks
(CNN).

Two main categories were explored: analytical methods, represented by Back Projection (BP)
and Filtered Back Projection (FBP), and iterative methods, including the Simultaneous Algebraic
Reconstruction Technique (SART) and the Maximum Likelihood Expectation Maximization
(MLEM) algorithm. To enhance reconstruction quality, these methods were extended with
Convolutional Neural Networks (CNNs). Four hybrid architectures were developed: FBP +
DnCNN, Learnable FBP, MLEM + DnCNN, and Learnable MLEM.

Experiments were conducted on both synthetic images and real medical scans, and evaluated in
terms of quantitative metrics (MSE, PSNR, SSIM, D¢, D,) in addition to visual quality. The
obtained results demonstrated a significant improvement of hybrid models over conventional
ones, particularly the Learnable MLEM, which yielded the most accurate reconstructions in
terms of metrics and visual quality. Learnable schemes in both MLEM and FBP are more
efficient than the combination with DnCNN.

This study highlights the relevance of CNN-based hybrid approaches in parallel-beam

tomography, which in turn allow precision, robustness, and clinical useful reconstructions.

Keywords: image reconstruction, tomography, parallel beam, BP, FBP, SART, MLEM, CNN,
deep learning, hybrid methods.
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Résumeé

La reconstruction d’images en tomographie constitue un enjeu majeur en imagerie
médicale, notamment dans les contextes cliniques complexes (données incompletes, bruit, faible
dose). Ce mémoire porte sur I’étude et la mise en ceuvre de techniques efficaces de
reconstruction a partir de projections selon un modele de faisceau parallele, allant des méthodes

classiques aux approches modernes basées sur I’intelligence artificielle.

Deux catégories principales sont analysées: les méthodes analytiques, représentées par la
rétroprojection (BP) et la rétroprojection filtrée (FBP), et les méthodes itératives, illustrées par la
Technique de reconstruction algébrique simultanée (SART) et I’algorithme Estimation du
maximum de vraisemblance par maximisation (MLEM). Afin d’améliorer la qualité des
reconstructions, I’intégration de réseaux de neurones convolutifs (CNN) est insérée entre les
itérations des algorithmes conventionnels. Quatre architectures hybrides sont développeées, a
savoir: FBP + DnCNN, FBP apprenable, MLEM + DnCNN et MLEM apprenable. Les
expériences, menées sur des images synthétiques et des images médicales réeelles, sont évaluées
en termes de métriques quantitatives (MSE, PSNR, SSIM,D¢, D,) plus la qualité visuelle. Les
résultats obtenus montrent une amélioration significative des modéles hybrides par rapport aux
méthodes classiques, en particulier le modele MLEM apprenable, qui a fourni les reconstructions

les plus fideles.

Ce travail met en évidence I’apport des approches hybrides basées sur les CNN dans le contexte
de la tomographie a faisceau parallele, ouvrant la voie a des reconstructions plus précises,

robustes et adaptées aux exigences cliniques.

Mots-clés : reconstruction d’images, tomographie, faisceau parallele, BP, FBP, SART, MLEM,
CNN, apprentissage profond, méthodes hybrides

X1



uadla

A el Y 8 U pemd ¢ alall el Qe 8 Apulas) lanll e ki) geaill 8 ) gucall ol Bale) 328
i sae Gadatg Al e Jaall 1 K dasdiall cile jall culd o 43 pdal) o ALaSall e bl Jia saéadl)
LselihuaY) oIS e adiad Raa 5 40085 5k aladiuly @lld 5 iy ) sial) A jall 23 s e e el sale Y

A il G35kl 5 ¢ (FBP) e sl ousSall LY 5 (BP) omall L) i cAslalaill 5kl :(yfipun 5 (58 (ilas o
Lpanl) QS e Gohll o2 med @i Bl ) seall B35 Guuail MLEM 400535 SART 4l s Jie
‘MLEM + DNCNN «alxill Jls FBP « FBP + DNnCNNiisa JSba auyf sk &5 25 (CNN). Gyl
B Gaplie platinly i) il o35 chiia dpb ) sas LS5 sa (o o ladl el Wil WBMLEM

Tisel Aald s cdimgl) Filaill of @l @ jelal o5 s didats (D, Df «SSIM¢ (PSNR <MSE )

Agulial) (5l A3 e ol guiall Qi 5 283 Cam (g el 5 Sy i i calaill EIMLEM

saley Jlaall xidy Lae ¢y ) siall 4 jally adaiall ygeaill 8 CNIN o baainall Liagd) ) daal Jasd) 138 55
A ped) CaLESY) e ) 535 A8 g8 ga g 48 ST ) guan ol

«CNN <MLEM SART ¢FBP BP ) siall dajall ¢ oadaiall s guaill ¢y guall eliy sole) :Aalibal) cilalsl)
Aingl) 2Ll ( Gpanll alal

XV



General Introduction



General Introduction

Medical imaging plays a crucial role in clinical diagnosis, therapeutic monitoring, and the
planning of medical interventions. Among various imaging modalities, X-ray computed
tomography (CT) stands out for its ability to provide high-resolution cross-sectional images of
the human body, enabling detailed exploration of internal structures [1]. However, the quality of
these images strongly depends on the reconstruction algorithm used, particularly in challenging

clinical scenarios such as low-dose acquisitions, incomplete data, or noisy environments[2].

CT image reconstruction algorithms are traditionally divided into two main categories: analytical
methods and iterative methods. Analytical methods, such as Filtered Back projection (FBP), rely
on frequency filtering applied to the sinogram prior to back projection, which enhances the
sharpness of the reconstructed image[2]. Although fast and straightforward to implement, these
methods are sensitive to noise and artifacts, especially when data are limited or noisy.

Iterative methods, including Maximum Likelihood Expectation Maximization (MLEM) and
Simultaneous Algebraic Reconstruction Technique (SART), aim to overcome these limitations.
MLEM optimizes the likelihood function to progressively adjust the reconstructed image by
comparing simulated projections to measured data, providing better noise handling at the cost of
increased computational time [3,4]. SART, known for its fast convergence and effectiveness,
simultaneously corrects differences between measured and simulated projections, offering a

good trade-off between reconstruction quality and computation time [5].

With the advent of deep learning techniques, hybrid methods have been developed to enhance
reconstruction quality by integrating convolutional neural networks (CNNS) into these traditional
categories. Approaches such as FBP-CNN and MLEM-CNN leverage CNNs’ ability to learn
complex representations to reduce artifacts, suppress noise, and refine structural details,

particularly in limited or noisy data conditions [6].

In this thesis, we focus on these two main categories, namely Filtered Back projection (FBP) for
analytical methods and MLEM for iterative methods. We also investigate the integration of
CNNs with these methods to assess improvements in image reconstruction quality. The goal is to
compare the performance of FBP, MLEM, and their CNN-enhanced versions in terms of image
quality, noise reduction, and structural fidelity, using quantitative metrics: Mean Squared Error
(MSE), Peak Signal-to-Noise Ratio (PSNR), Structural Similarity Index (SSIM), difference
factor(Dy) and difference projection(D,).
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General Introduction

This thesis is structured into three main chapters:

e Chapter 1. Fundamentals of tomographic image reconstruction: presentation of basic
concepts and analytical and iterative reconstruction methods.

e Chapter 2: Deep Learning and CNNs for tomography: exploration of neural networks
applied to reconstruction enhancement.

e Chapter 3: Implementation, results, and algorithm comparison: experimental evaluation

and discussions of obtained results.

This study aims to determine the real contribution of CNNSs in the context of tomography, while

identifying the optimal scenarios for each method in complex clinical environments.
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Chapterl Basic Concept of Image Computed
Tomography (CT).

Summary

This chapter introduces the key concepts and techniques used in computed tomography (CT)

image reconstruction. It begins with the basic definitions of projections, sinograms, and the

Radon transform, followed by an explanation of how internal images are reconstructed from
external X-ray measurements. Two main types of reconstruction methods are presented:

analytical algorithms (like Back Projection and Filtered Back Projection) and iterative

methods (such as ART, SIRT, SART, and MLEM). The analytical approaches offer fast,
direct reconstruction, while iterative methods refine the image step by step for improved
accuracy. The chapter concludes with a presentation of evaluation metrics MSE, PSNR,
SSIM, DF, and DP which are used to objectively measure the quality of the reconstructed

images and compare the performance of different algorithms.
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Chapterl: Basic Concept of Image Computed Tomography (CT).

1.1 Introduction

Computed Tomography (CT) is a medical imaging technique that enables the
reconstruction of cross-sectional images of an object from projection data acquired at multiple
angles. It is based on the principle of transmitting X-ray beams through an object and measuring
the attenuated intensities. The goal is to reconstruct the internal image of the object from this

projection data, a process known as image reconstruction [7].

In our work, we focus on parallel beam projection, which is one of the simplest and most
commonly used models in theoretical and simulation-based studies. In this geometry, all X-ray
beams are assumed to be parallel to each other for a given projection angle, simplifying both the
forward and inverse modeling of the imaging process [8].The reconstruction from projections
lies at the heart of CT techniques. There are two main categories of reconstruction algorithms:
analytical methods, namely Back Projection (BP) and Filtered Back Projection (FBP), and
algebraic (iterative) methods, including Algebraic Reconstruction Technique (ART), SART,
SIRT, and MLEM.

This chapter introduces the essential terminology of computed tomography, explains the
basic principles of image reconstruction from projections, and describes the conventional

reconstruction methods along with the performance metrics used to assess reconstruction quality.

1.2 Basic Concepts and Terminology of CT

Fundamental ideas and parameters are necessary to comprehend the image reconstruction
procedure in computed tomography (CT). These cover topics like projection geometry,
sinogram, the Radon transform, and reconstruction algorithms methods. These key terms are

fundamental to understanding the image reconstruction process.

1.2.1 Projection

In computer tomography (CT), a projection is the measurement of the X-rays'
attenuation as they pass through an object at a particular angle. These projections are necessary
to reconstruct images of the object under study in transverse slices [2]. During a CT scan, the
scanner sends X-rays that go through the patient's body from various perspectives. Once the X-

rays have passed through the tissues, the detectors measure their intensity. Every measurement
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reflects the sum of the tissue's coefficients of attenuation during the course of the beam and
corresponds to a projection[8].

Each projection is equivalent to an integral of the attenuation density along a ray, which is
mathematically modeled by the Radon transform [9].

Detector

Source

Figure 1-1 : Parallel beam projection. (10)

Fig 1.1 illustrates the principle of parallel beam projection used in tomography. Each ray passes
through the object along a given direction (angle 8) and measures the attenuation through the
material density f(x,y). The set of projections at different angles forms the sinogram

P, (t) obtained through the Radon transform.

1.2.2 Sinogram

The sinogram is a key intermediate representation in computed tomography. When an object is
scanned at multiple angles, the scanner records a projection for each angle. This projection is
the sum of the X-ray attenuations along lines passing through the object. These projections are
arranged row by row based on the rotation angle to form an image known as the sinogram [8].
The sinogram thus contains all the information required to reconstruct the original image.
Reconstruction algorithms, such as back projection (BP) or iterative techniques, take the
sinogram as input to generate cross-sectional images of the scanned object [8]. Fig 1.2 shows a
phantom sheep Logan image [11] and its sinogram; these images were obtained from the

practical implementation of one of the reconstruction algorithms we applied.
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Radon Transform

Original Image
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Projection Position

100
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Figure 1-2 : original Phantom image and its corresponding sinogram.

1.2.3 Radon transform (RT)

The Radon Transform is a key mathematical tool used in tomography to model how projections
are formed. When X-ray beams pass through an object, the detector records the sum of
attenuation values along straight lines. The Radon Transform describes this summation process

across all projection angles [2].

More precisely, it maps a 2D image f (x, y) to a set of projections p(6, s), where 8 the projection

angle and s is the position along the detector. It is defined as:

Rf(0,s) = fjozof(s cos O — tsin6,ssin 0 + tcos O)dt (1.1)

This means that for each angle 6, the transform computes the line integrals of the image along all
lines at that angle [9]. The Radon Transform is invertible, meaning that it is possible to
reconstruct the original image from all its projections assuming a sufficient number of angles.

This is the basis of reconstruction algorithms like BP and FBP[8].

1.3 Basic principles of object reconstruction through projection

Obiject reconstruction from projections is an essential technique used in computed tomography
(CT). It enables the creation of an internal image of an object (such as the human body) based on
measurements taken from multiple angles. In practice, parallel-beam X-rays pass through the
object, and detectors capture the attenuation of the rays the energy lost as they traverse the object

which provides partial views called projections. By combining these projections from various

Page 6



Chapterl: Basic Concept of Image Computed Tomography (CT).

angles, a complete image of the internal structure can be reconstructed. This process is
mathematically modeled by the Radon transform, which relates the object's density to the
acquired projection data. Image reconstruction is then carried out using various algorithms,
including analytical methods and algebraic (iterative) techniques that aim to invert the projection
process and retrieve the original image.

1.4 Conventional Methods of Computed Tomography (CT)

Computed Tomography (CT) image reconstruction has historically been divided into two major
categories: analytic methods and algebraic methods. Each class approaches the reconstruction
problem using different mathematical principles, offering distinct advantages and limitations

depending on the application

1.4.1 Analytical CT algorithms

Analytical image reconstruction algorithms use direct mathematical inversion of projection data
to reconstruct images. These techniques are commonly implemented in modern clinical CT
scanners due to their speed and robustness [12]. Among these, the most widely used are the Back
Projection (BP) and the Filtered Back Projection (FBP) algorithms. They constitute the
foundational tools in tomographic image reconstruction and are critical for understanding the

conversion of raw projection data into cross-sectional images.
e Back projection algorithm (BP)

The Back Projection (BP) algorithm is one of the simplest and most intuitive methods for
reconstructing an image in computed tomography. Its principle is to take each projection and

redistribute its values across the image along the direction in which it was acquired.

When this operation is repeated for all projection angles, the contributions accumulate, and the
internal structure of the object begins to appear. Although the result is often blurry (because the
projections are neither corrected nor filtered), this method provides a first approximation of the

original image and helps to understand the basic concept of reconstruction [1].

Mathematically, the back projection of a projection p(8, s) is written as:

fop(x,y) = f:p(e, cos @ + y sin0)do (1.2)
Where:
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fep(x,y): The image reconstructed by back projection.
p(6,s): The projection at point s for angle 6.
x,y: The spatial coordinates in the image.

e Filter back projection algorithm (FBP)

The Filtered Back Projection (FBP) algorithm is an improvement over the simple Back
Projection (BP) method. While BP typically produces a blurry image, FBP applies a
mathematical filter to the projection data before performing the back projection. This filtering
step helps to sharpen the image and compensate for the excessive smearing introduced by the
basic BP approach. The principle of FBP involves two main steps: first, the sinogram (the
complete set of projections) is filtered in the frequency domain using filters, second the filtered

projections are back projected to reconstruct the final image.

This method is widely used in clinical CT systems because of its speed, simplicity, and

effectiveness in producing high-resolution images. It is expressed as follows:

fesp = J; [pe(s) * h(s)] dO (1.3)

In other words, FBP is a combination between filtering in the frequency domain, inverse Fourier
transform and simple back projection of the filtered projections

The filters integrated into this study include:

e Ram-Lak: A basic ramp filter with a pure high-pass profile, which retains sharp image
features but may also increase sensitivity to noise.
Hw) = |wl (1.4)

e Shepp-Logan: A smoothed version of the Ram-Lak filter, obtained by multiplying it with a

sinc function to dampen high-frequency noise while preserving structural details.

H(w) = |w|sin (%) (1.5)

e Cosine: This filter applies a cosine weighting to the ramp filter, achieving a compromise

between noise reduction and edge clarity.

Hw) = |w]cos (g) (1.6)
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e Hamming: Based on a window function, it significantly reduces high-frequency

components, leading to smoother but potentially less detailed reconstructions.

H(w) = |w|(0,54 + 0,46 cos(3)) (1.7)

e Hann: Similar to the Hamming filter, with a different tapering curve, it further smooths the

image by more aggressively reducing high frequencies.
Hw) = |wl(0,5 + 0,5 cos(3)) (1.8)

Synthesis

In summary, based on the previous sections, we can conclude that the Back Projection (BP)
algorithm reconstructs the image by re-injecting each projection along the direction in which it
was originally acquired. Although it provides an approximation of the original image, the result
is often blurry, especially in the center of the image, due to the redundant accumulation of

contributions.

To overcome these limitations, the Filtered Back Projection (FBP) algorithm was developed. It
applies a frequency-domain filter to the sinogram data before performing the back projection.
This filtering step compensates for the overestimation caused by BP and enhances the sharpness
of the reconstructed image. The filtering operation is essential because it amplifies high-

frequency components, which are often attenuated in the raw data.

In this study, several filters were tested within the FBP framework, including the Ram-Lak,
Cosine, Hamming, Hann, and Shepp-Logan filters. Although these filters differ in terms of
frequency response and smoothing capacity, the reconstructed images showed comparable
results, with slight differences in contrast and noise management. Therefore, the choice of filter
can be adjusted according to the desired trade-off between image sharpness and noise
suppression. Due to its computational efficiency and accuracy, FBP remains the most widely

used analytical reconstruction method in clinical practice today.

To more clearly illustrate the differences between the two analytical methods, Table 1.1 presents

a comparative summary of their main characteristics.
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Table 1.1 Comparative analysis between back projection and filtered back projection algorithms.

Criterion Back projection (BP) Filtered back projection
(FBP)
Principle Projects data back along the | Projects data after frequency
acquisition path filtering
Image quality Quality Blurred, lacks High sharpness and detail
sharpness
Noise handling Poor, accumulates noise Better noise suppression

through filters

Filter usage No Yes (Ram-Lak, Hann,
Hamming, etc.)

Limitation Poor resolution, artifacts in | Sensitive to noise depending
center on filter selection

1.4.2 Algebraic (iterative) algorithms

« Algebraic Reconstruction Technique (ART)
The ART algorithm is an iterative reconstruction method used in computed tomography (CT) to
generate an image from angular projections (sinogram). It was first introduced by Gordon in
1970 [[13]. Unlike analytical method such as Back Projection, ART is based on a discrete model,

where the reconstruction problem is formulated as a system of linear equations:
A-x=b (1.9
Where:
A :is the projection matrix, modeling the acquisition process,
x: is the unknown image vector to be reconstructed,
b: is the measured projection data (the sinogram).

ART starts from an initial estimate of the image (often a uniform image), and at each iteration, it
corrects the image step by step by comparing the calculated projections with the measured ones.

This correction is done ray-by-ray, allowing for simple implementation and relatively fast
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convergence. ART is particularly useful for noisy or incomplete datasets, but it can also be
sensitive to measurement noise, which may affect reconstruction accuracy [1,12,14].

The algorithm updates the image at each iteration according to a formula of the type:

bi-%jagxl

xFHD) = () ), / (1.10)

Xjaj;
Where:
A is the relaxation parameter controlling convergence speed,
aij Represents the influence of pixel j on ray i,
b; is the measured value for ray i.
The iteration continues until the difference between the simulated and measured projections is

sufficiently small, indicating convergence.

« Simultaneous Iterative Reconstruction Technique (SIRT)
The Simultaneous Iterative Reconstruction Technique (SIRT) is an iterative method used in
tomography that improves upon traditional algebraic methods like ART. It was introduced to
reduce the instability and noise sensitivity of ART by using a global update strategy. Unlike
ART, which updates the image ray by ray, SIRT performs simultaneous corrections across all

pixels using all projection errors at once.

The problem is still represented by a linear system (equation (1.9)) but in SIRT, at each iteration,
the difference between all measured and estimated projections is computed and then distributed
across the image in a balanced way. This leads to smoother convergence, although it generally
requires more iteration. The main benefit of SIRT is its ability to produce more uniform and less
noisy images, especially when data is incomplete or affected by noise. However, it is

computationally more demanding than ART[1,8,12].

The update equation is:
_ax®
204D = 500 4 AT (22 (1.11)

Where:

x(k): Current image estimate,
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AT transpose of the projection matrix,

b: measured projection vector,

W' weighting vector (sum of projection coefficients per row),
A: relaxation parameter.

» Simultaneous Algebraic Reconstruction Technique (SART)
The Simultaneous Algebraic Reconstruction Technique (SART) is an advanced iterative
algorithm used in CT imaging. It was introduced by Andersen and Kak in 1984 to address the
drawbacks of both ART (instability, noise) and SIRT (slow convergence) [5].

SART updates the image projection by projection, like ART, but instead of applying each
correction immediately, it accumulates the corrections during each iteration and applies them
simultaneously at the end. This leads to more stable and accurate convergence, especially for
inconsistent or sparse data. Like ART and SIRT, SART uses the linear model equation (1.9). The

image is updated using the following formula:

(k+1) _ (k) 1 v 4 RS I ()
X; = X; +/1.—Ziaijzlzjaij.(bl Xjaix; ) (1.12)

Where:

x;(k) : is the current estimate of pixel j,
a;; - is the contribution of pixel j to rayi,
b; : is the measured data for ray i,

A is a relaxation parameter.

SART is widely appreciated for balancing convergence speed, noise control, and robustness. It
is particularly suitable for CT scanners using non-standard geometries or incomplete data
[2,8,12].

« Maximum Likelihood Expectation Maximization (MLEM)
The MLEM (Maximum Likelihood Expectation Maximization) algorithm is an advanced
iterative method used for image reconstruction in tomography. It is especially suitable for

situations where the acquired data is noisy, incomplete, or obtained from complex acquisition
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geometries. MLEM was introduced by Shepp and Vardi in 1982 as a statistical alternative to

traditional algebraic reconstruction methods such as ART or SIRT [3].

Unlike classical techniques that attempt to solve the linear system eq1.9 directly, MLEM follows
a probabilistic approach. It seeks to maximize the likelihood between the measured projection
data and the estimated image, refining the image step-by-step using an Expectation-
Maximization (EM) process [15].

MLEM relies on the EM algorithm to update the image iteratively. The update rule is expressed
as:

(k+1) _ (k) aij ,
X; = X; 'ZiZzaux(k)'bl (1.13)

Where:
x;j(k): pixel intensity at position j at iteration k,
b;: measured projection value for ray i,

a;;- system matrix coefficient linking pixel j to detector i,

A: projection matrix modeling the acquisition system.

To make the process clearer, Figure 1.3 illustrates the MLEM algorithm flowchart, showing the
full iteration cycle for tomographic image reconstruction, the MLEM algorithm begins with an
initial estimate of the image, typically uniform. At each iteration, it simulates the expected
projections from the current image using the system matrix A. These simulated projections are
then compared to the actual measured data (the sinogram) to calculate a correction factor in the
form of a ratio. This ratio is then back projected across all the pixels of the image to adjust their
values. Each pixel is updated by multiplying it by this factor, gradually improving the alignment
between the estimated image and the measured data. This process is repeated until a

reconstructed image is obtained that closely matches the acquired measurement
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Measured data

N

Initialize (1) Forward project

\Niw image estimate

[

(2) Compare with

(4) Update image measured projections

(3) Backproject ratio
to all voxels

Figure 1-3 The MLEM algorithm flowchart [16]

Synthesis

Algebraic reconstruction methods are iterative techniques that aim to solve the inverse problem
of image reconstruction from projection data, particularly when the data is incomplete or
affected by noise. Among the most commonly used algorithms are ART (Algebraic
Reconstruction Technique), SIRT (Simultaneous Iterative Reconstruction Technique), SART
(Simultaneous Algebraic Reconstruction Technique), and MLEM (Maximum Likelihood

Expectation Maximization).

The ART algorithm updates the image estimate sequentially using each projection line. While it
converges quickly in early iterations, it is highly sensitive to noise and often produces unstable

or artifact-prone results, making it less suitable for clinical or high-precision applications.

The SIRT algorithm improves on ART by updating the image estimate simultaneously using all
projection data in each iteration. This global approach ensures more stable convergence and
reduces noise amplification. However, SIRT is computationally more intensive and converges

more slowly compared to ART.

The SART algorithm combines the benefits of both ART and SIRT. It processes one projection
at a time, like ART, but applies normalization and weighting to each update to improve accuracy
and stability. SART achieves a better compromise between convergence speed and image
quality. It has been widely adopted in practical applications due to its ability to produce high-

quality reconstructions while mitigating noise and artifacts effectively.
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The MLEM algorithm is grounded in statistical modeling and maximizes the likelihood of the
observed projection data under a Poisson noise model. This makes it particularly well-suited for
low-dose or noisy acquisition scenarios. MLEM guarantees non-negativity of the image and can
produce highly accurate reconstructions with fine structural detail. In order to summarize the
characteristics of the four main algebraic reconstruction algorithms discussed in this work, the
following table provides a comparative overview of ART, SIRT, SART, and MLEM. This
summary highlights the key principles, convergence behavior, noise sensitivity, image quality,
and the main advantages and disadvantages of each method.

Tablel. 2 : comparative analysis between ART, SIRT, SART and MLEM algorithms.

Method | Principle Convergence | Noise Image Advantages | Disadvantages
sensitivity | quality
ART Pixel by pixel | ray Fast but | Very Moderate, | Easy to | High noise
update for | unstable sensitive with implement sensitivity,
each ray possible unstable
artifacts
SIRT update using | Slow but stable | Low Smoothed, | Noise Slow convergence
all stable reduction,
projections stable results
SART Projection- Faster than | Moderate Better than | SIRT  Good | More complex to
by-projection | SIRT ART/SIRT | compromise implement
update with between speed
normalization and quality
MLEM | Based on | Slow Low High, Non- Slow convergence
statistical (robust) sharp negativity computationally
likelihood of results ensured, ideal | intensive
measured for noisy
data

1.5 Quantitative Evaluation Metrics for Image Tomography Reconstruction
Quality

To objectively evaluate the performance of image reconstruction methods, it is essential to use

guantitative metrics. These criteria compare the reconstructed image to a reference image

(commonly referred to as the ground truth) and assess the level of accuracy and similarity.

The main evaluation metrics used in this work are presented below:
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1.5.1 Mean Squared Error (MSE)
The Mean Squared Error (MSE) measures the average squared difference between the pixels

of the original image 1(i, j) and the reconstructed imageR (i, j). It is mathematically defined as:
MSE = — ¥, 3V, (I (i ) — I (,1))? (1.14)

« An MSE value of O indicates a perfect reconstruction, where there is no difference
between the original and reconstructed images.
« Higher MSE values reflect greater errors, indicating lower image quality and higher

deviation from the reference image.

1.5.2 Peak Signal-to-Noise Ratio (PSNR)

The Peak Signal-to-Noise Ratio (PSNR) is a widely used metric for evaluating the quality of
image reconstruction, particularly in image compression and medical imaging applications. It
expresses the logarithmic ratio between the maximum possible intensity value of a pixel and the

power of the noise or error in the reconstructed image [17].

It is defined mathematically as:

MAXf)
MSE

PSNR = 10 - logy( (1.15)

Where:

MAX is the maximum possible value of the image pixels (usually 255 for 8-bit images),
MSE is the Mean Squared Error between the original image and the reconstructed image [17]

« A higher PSNR value typically indicates better reconstruction quality, as it reflects lower
error between the two images [18].

« APSNR above 30 dB is generally considered acceptable in many applications of image
processing and compression [17]

1.5.3 Structural Similarity Index (SSIM)
The Structural Similarity Index (SSIM) is a perceptual metric used to measure the similarity
between two images. Unlike MSE and PSNR, which only consider pixel-wise differences, SSIM

evaluates structural information, which aligns better with human visual perception.The SSIM
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metric compares three aspects: Luminance ,Contrast, and Structure between the original and
reconstructed images [19]

The SSIM formula is given by:

_ Quxpy+Ci)(20xy+Cz)
SSIMGxY) = (2 renototec) (1.16)

Where:
Iy, 1y, are the average pixel intensities of images x and y,
0?2 , o¢ are the variances,

0.y 1S the covariance between the two images,

C;, C, are small constants to stabilize the division[19].

« SSIM values range from -1 to 1, with 1 meaning perfect similarity between the original
and reconstructed images [19]
« Higher SSIM indicates better structural fidelity, especially useful when the goal is to

preserve image details and textures.

1.5.4 Difference Factor between Original and Reconstructed Images D

This metric evaluates the overall relative error between the reconstructed image fieconstructed
and the original image foriginal [8]

It is defined as:

D — ”foriginal —freconstructed ”2 (1 17)
s ”foriginal ”2 .

« A value close to 0 means the reconstruction is faithful to the original.
« A value near 1 indicates a significant mismatch [2]

1.5.5 Deviation Proportion between Measured and Calculated Sinograms D,

The DP metric quantifies the consistency between the measured sinogram peasureq @nd the
sinogram recalculated from the reconstructed image pcaiculated [20]-
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It is defined as:

Ilp -p 112
Dp — measured calculated (118)
l Pcalculated 112

* A low DP value implies good agreement between the reconstruction and the original
data.
» A high DP value suggests a poor match and potentially inaccurate reconstruction.

1.6 Conclusion

This chapter introduced the fundamental concepts of image tomography reconstruction in
computed tomography. We discussed the principles of parallel beam geometry, the Radon
transform, and the main reconstruction techniques—both analytical (BP, FBP) and iterative

(ART, SIRT, MLEM). Each method offers distinct advantages and limitations, and the choice of
method depends on factors such as data quality, required accuracy, and computational resources.

To allow for an objective comparison of reconstruction performance, various gquantitative
metrics were also presented, including MSE, PSNR, SSIM, D¢, and D,,. These indicators will be
essential in the following chapters to assess the quality of the reconstructed images under

different methods and acquisition scenarios
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Chapter2 Fundamental Principles of Deep Learning
for Image Tomography Reconstruction.

Summary

This chapter provides a comprehensive introduction to the fundamental concepts of Deep
Learning and neural networks, which constitute the core of modern Artificial Intelligence
(Al) systems. Special emphasis is placed on Convolutional Neural Networks (CNNs), a
powerful class of deep learning models particularly well-suited for image-related tasks. The
chapter explores the underlying principles of CNN architectures, including essential
operations such as convolution, activation, pooling, and fully connected layers. These
components are explained in a simplified yet rigorous manner to highlight their role in
enabling machines to learn and extract complex patterns from data. The relevance of CNNs

to medical imaging, especially in image tomography reconstruction tasks, is also emphasized,

setting the foundation for the advanced methods discussed in the following chapter.

Table of Contents

2.1 Introduction.

2.2 Atrtificial intelligence (Al).

2.3 Deep Learning (DL).

2.4  Artificial Neural Network (ANN).
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Chapter 2 Fundamental Principles of Deep Learning For Image Tomography Reconstruction.

2.1 Introduction

Artificial Intelligence (Al) has emerged as a pivotal field in computer science, empowering
machines to perform tasks that emulate human reasoning and decision-making. Within Al,
Machine Learning (ML) and more specifically Deep Learning (DL) have achieved significant
success in tackling complex challenges, particularly in the realm of image analysis. Among DL
techniques, Convolutional Neural Networks (CNNs) have demonstrated exceptional performance
in medical imaging, providing robust tools for precise and efficient CT image reconstruction.
This chapter introduces the fundamental concepts of Al, with a particular emphasis on Deep

Learning and CNNSs, and examines their growing applications in computed tomography.

This chapter begins with an introduction to the fundamentals of artificial intelligence, followed
by an exploration of deep learning as a key approach in the field. It then provides an overview of
artificial neural networks before examining in detail convolutional neural networks (CNNs) and

their architecture. The chapter concludes with a general summary of the concepts discussed.

2.2 Artificial intelligence (Al)

Artificial intelligence (Al) refers to the set of techniques and systems capable of simulating
human intelligence, including learning, reasoning, problem-solving, and decision-making [21].
As illustrated in Figure 2.1, Al is a broad and rapidly evolving field that encompasses various

subfields such as machine learning and deep learning [22].

Machine learning (ML) enables machines to learn from data and improve their performance
autonomously without explicit programming, allowing systems to adapt to new information and
make predictions or decisions based on patterns [23]. Deep learning (DL), a subset of machine
learning, relies on multilayer artificial neural networks inspired by the human brain’s structure,
which can process vast amounts of complex data and automatically extract meaningful features
[24]. This hierarchical relationship highlights that deep learning is a specialized branch within

machine learning, which itself forms a crucial part of the broader Al landscape.

Today, Al technologies are revolutionizing numerous sectors, including healthcare, finance,
transportation, and manufacturing, by providing innovative, efficient, and adaptive solutions to
complex real-world problems. As Al continues to advance, it holds the promise of enabling
smarter systems that can augment human capabilities and drive transformative changes across

society.
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Artificial intelligence

—

Figure 2-1 : Relation between Al, ML, deep learning.

2.3 Deep Learning (DL)

Deep Learning is a subfield of Machine Learning inspired by the structure of the human brain to
process information (24). This approach uses artificial neural networks with multiple layers
(deep layers) to automatically extract complex features from large amounts of data [22].

The depth of these networks refers to the number of input, output, and hidden neuron layers.
Each layer transforms input data into meaningful information, which is then used by subsequent
layers for task-specific predictions. This architecture allows the system to autonomously learn

from data and excels in feature extraction, feature selection, and classification tasks.

2.4  Artificial Neural Network (ANN)

Artificial Neural Networks (ANN) is models inspired by the human brain, designed to
recognize complex patterns in data. They are composed of artificial neurons as shown in figure
2.2 organized in layers: an input layer, one or more hidden layers, and an output layer [23,25].

Typical neural network architecture includes the following:
A neural network is structured into three main types of layers:

e Input Layer: It receives the raw data, where each neuron corresponds to an input feature,
such as a pixel in image processing [22].

e Hidden Layers: These intermediate layers transform inputs through multiple neurons.
Their depth and architecture depend on the task's complexity [26]

o Output Layer: It produces the final prediction, with neurons representing target classes or

output values like "dog" or "car" in classification [22].
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o Weights: control how important the information passed between neurons is, and they play a
key role in how input data is processed.

e Bias is an extra value that helps the neuron adjust better, even when the input is small. It
makes the model more flexible.

e Activation Function applies a non-linear transformation to the neuron's output, allowing

the network to understand more complex patterns [22].

Input layer Hidden layer Output layer

Figure 2-2 : architecture of Artificial Neural Networks (ANN).

2.4.1 Perceptron
The perceptron is a fundamental model of an artificial neuron, often regarded as the basic
building block of neural networks. It was first introduced by Frank Rosenblatt in 1958 as a

simple computational model inspired by the biological neuron [27].

A perceptron takes a set of numerical inputs and produces a binary output (0 or 1) based on a

linear combination of the inputs followed by an activation function.

Each neuron receives input value denoted as x; which are multiplied by corresponding weight

w;. A weighted sum of the inputs, which can be mathematically expressed as:

€= Xy=1%i-W; (2.1)
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This weighted sum € is then added by a bias b, the result is then passed through an activation

function (such as ReLU), which introduce non-linearity into the model.
For example, a neuron may perform the following calculation
Z=Wix; +Wyx, +b (2.2)
And then apply the ReLU activation function, this operation allows the network to learn complex
relationships between the input and the output.
Inputs Weigths

— Weigthed
Sum

Activation
Function Output

~— Bias

2299

Figure 2-3 : architecture of the perceptron.

2.5 Neural Networks Vocabulary

Understanding the language and concepts used in neural network architectures is a key step
toward grasping how deep learning models are built and improved. The more familiar we
become with this terminology, the easier it is to make sense of how these models work, adapt to

different problems, and evolve through training and optimization.

2.5.1 Backpropagation

Backpropagation is a fundamental method used to train neural networks by minimizing the
error between predicted and actual outputs, when the neural network makes an incorrect
prediction, back propagation calculates how wrong it was, and adjusts the weights to reduce

future errors. It works in two main steps:
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o Forward Pass: the input data is passed through the network, layer by layer, to produce an
output.

o Backward Pass: The network calculates the difference (called the loss) between the
predicted output and the true value. Then it uses this loss to compute the gradient of the
error with respect to each weight, starting from the output layer and going backward to the

input layer, (These gradients are used to update the weights using gradient descent).

Backpropagation

Error is sent back to

each neuron in backward
Gradient of error is —
direction

caleulated with respect to
each weight

Outputs Error - difference

——+  Error— betweenpredicted
Predicted output and actual

output output

InputLayer Hidden Layer Output Layer

Figure 2-4 : Simple Illustration of how the backpropagation works by adjustment of weight (28).

2.5.2 Gradient Descent

Gradient Descent is one of the most widely used optimization algorithms in Deep Learning to
tune the model’s parameters [22]. It works by minimizing the loss function by adjusting the
model weights in the opposite direction of the gradient [29]. At each iteration, the model makes a
prediction and calculates the error (or loss) between the predicted output and the actual target

[30].Then, the gradient of the loss with respect to each parameter is computed.

2.5.3 Learning Rate

The learning rate is a parameter that defines how much the model's weights are updated at each
iteration during training [30]. It controls the speed of learning: a rate that is too high may cause
the model to overshoot the minimum, while a rate that is too low may significantly slow down
training [30]. Choosing the right learning rate is essential to ensure efficient and stable

convergence of the gradient descent algorithm [31]. As shown in Figure 2.5, the initial weight is
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updated using the gradient, and the size of the step depends on learning rate. This visual example

helps to understand how the weight moves toward the minimum of loss function.

Initial Nelghi‘

//megm

Loss

New Weight

Hzighf(hf]'

Hinimum point of cost function

Figure 2-5 : illustration of weight update based on learning rate in gradient descent.

2.5.4 Batch

A batch is a group of data selected from the training set, used to update the model’s weights [22].
Instead of using the entire dataset at each iteration, the data is split into smaller groups called
mini-batches, making training faster and more efficient [32]. Using small batches allows for
faster convergence and lower memory usage, but can introduce instability or noise during
training. On the other hand, larger batches make the training more stable, but require more

memory and may lead to slower convergence [33].

2.5.5 Epoch

An epoch refers to one complete pass of the entire training dataset through the neural network
[22]. In other words, an epoch means that each example in the dataset has been seen once by the
model. Usually, several epochs are required for the network to effectively learn the patterns
present in the data. The number of epochs directly influences the model’s performance: too few
epochs may not allow the model to learn enough, while too many may cause the model to

memorize the data and fail to generalize well [33].
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2.5.6 Hyperparameters

Hyperparameters are configuration settings that control how a neural network is trained [22].
Unlike model parameters (such as weights and biases), hyperparameters are not learned during
training they are set manually before the learning process begins. Examples of common

hyperparameters include:

e the learning rate, which determines how fast the model updates its weights,
e the batch size, which specifies how many samples are processed at once,
e The number of epochs, which defines how many times the full dataset, is used during

training.

Choosing good hyperparameters is crucial for achieving optimal performance. If they are poorly
selected, the model may learn too slowly, fail to converge, or overfit the training data [34].

2.6 Convolution Neural Networks (CNN)

Convolutional Neural Network (CNN) is a type of deep neural network designed to process
data structured in grid formats, such as digital images composed of pixels arranged in matrices
[34]. Unlike fully connected networks, where each neuron is linked to all others, CNNs use local
filters (or kernels) that slide over the image to automatically extract simple visual features such
as edges, and then more complex patterns in the deeper layers, such as shapes and objects [22].
The main goal of CNNs is to reduce the model’s complexity while maintaining a strong
representational capacity. This is achieved through several specialized layers as represent in
Figure 2.6 (Convolutional layers, ReLU activation functions, pooling layers and finally fully

connected layers).

Thanks to this efficient architecture, CNNs are widely used in fields such as facial recognition,
automated medical anomaly detection, as well as in image reconstruction applications. In
medical imaging and tomography, CNNs enhance the quality of reconstructed images from

limited or noisy projections [22,24].
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Figure 2-6 : Basic CNN architecture (35).

2.6.1 Convolution layer

The convolutional layer is the core component of a convolutional neural network. It uses a
small filter (or kernel) that slides over the input image to automatically detect patterns such as
edges, textures, or simple shapes [36]. This process is called convolution. It involves locally
multiplying the filter values with those of the image, then summing the results to produce a new
pixel in an image called a feature map [37].Each filter learns to recognize a specific type of
pattern in the data, which allows the network to progressively understand more and more
complex structures in the following layers [36]. Figure 2.7 illustrates the basic operation of a
convolutional layer in a CNN. A small filter slides over the input image, performing convolution
by multiplying and summing values at each position. The resulting values form a feature map

that highlights important patterns such as edges and textures.

Input Image Filter Feature Map

(1*1+1%0+1*1+0%0+1*1+1%0+0*1+0%0+1%1)=4

Figure 2-7: basic operation of a convolutional layer in a CNN (38).
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2.6.2 Rectified Linear Unit function (ReL.U)

After the convolution step, an activation function called ReLU (Rectified Linear Unit) is
applied. This function introduces non-linearity, which is essential for the network to learn and
model complex patterns in the data [39].Mathematically, the ReLU function is defined as:

ReLU (z) = max(0, z) (2.3)

In simple terms, the ReLU function replaces all negative values with zero and retains positive
values as they are. This allows the model to remain computationally efficient while preserving
important information from the convolution step [39].

The Rectifier Function

1.0
0.8
0.6
0.4

0.2

0.0
-1.00 -075 050 -0.25 0.00 0.25 0.50 075 1.00

Figure 2-8 : Relu activation function (40).

As shown in Figure 2.8, the ReLU function outputs O for all negative inputs and increases

linearly for positive inputs.

The following example in Figure 2.9 demonstrates the practical application of the RelLU
activation unction to an input matrix. As shown, all negative values are replaced by zero, while
positive values are retained. This operation allows the network to propagate only meaningful
activations while discarding non-informative (negative) ones. Therefore, the ReLU function
plays a key role in reducing computational complexity while preserving essential features for

learning.
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Input RelLU

-249 | -91 -37 0 0 0

250 | -134 | 101 }—» 250 0 101 —»

27 61 | -153 27 61 0

Figure 2-9 : illustration of the ReLU activation functions with a numerical example [41].

2.6.3 Pooling layer

The pooling layer is a key step in Convolutional Neural Networks (CNNs) applied after
activation function (ReLU). It helps to reduce the size of the feature maps created after
convolution, which lowers the number of parameters and speeds up computations . By reducing
the data size, pooling also helps to prevent overfitting, meaning the model will generalize better
instead of just memorizing the training [36]. Max-pooling is the most commonly used method. It
selects the highest value in a small window (like 2x2) and discards the rest, which helps to keep

the most important features [36].

Figure 2.10 illustrates the Max Pooling operation applied to a feature map using a 2x2
filter and a stride of 2. In this example, the input matrix is divided into non-overlapping 2x2
blocks. For each block, the maximum value is selected to form the output matrix. Max Pooling
helps reduce the spatial dimensions of the data, retaining only the most important features while

reducing computational load and controlling overfitting.

Max Pooling

—_— H
4
Filter size (2%2)

stride (2. 2)

Figure 2-10 : Example of pooling layer.
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2.6.4 Fully connected layer

The fully connected layer is a crucial final step in convolutional neural networks
(CNNSs). It connects every neuron from the previous layers to each neuron in the output layer,
similar to a traditional feed forward neural network. This layer takes the features extracted by the
convolutional and pooling layers and combines them to make a final prediction. For example, in
an image classification task, it determines which class the image most likely belongs to.

The output of this layer is typically passed through a final activation function, such as the
SoftMax function, which converts the raw scores into probabilities associated with each class
[36].This architecture enables the network to make a global decision by integrating all the local

information learned in the earlier stages.

Figure2.11 explains how a Convolutional Neural Network (CNN) processes an image to
recognize a digit. It starts with an input image of size 28x28 pixels, in gray scale (1 channel, so
depth = 1).The first convolution layer applies a 5 x 5 filter with "valid" padding (no extra pixels
are added around the edges). This reduces the size to 24 x 24 x n1, where nl is the number of
filters, and it becomes the new depth. Then, a 2 x 2 max pooling operation is applied, cutting the
width and height in half, resulting in12 x 12 X n1. A second 5 X 5 convolution (also with no
padding) followed by another 2x2 max pooling gives a feature map of size4 x 4 x n2, with n2
filters. These feature maps are then flattened into a 1D vector, passed through two fully

connected layers, and finally to an output layer that predicts the digit class (from 0 to 9).

fc_3 fc_4
Fully-Connected Fully-Connected
Neural Network Neural Network
Conv_1 Conv_2 RelU activation
Convolution Convolution | /—M
5 x 5) kernel : 5 x 5) kernel : ”
\(/alid ;)»adding Max-Pooling \(mlid r):adding Max-Pooling (Wit
(2x2) (2x2) ".dropout)
N ® Qo
» : @ 0!
3—- | ’ o e:
INPUT nl channels nl channels n2 channels n2 channels E ' 9
(28x28x1) (24 x 24 x n1) (12x12 xnl) (8 x8xn2) (4x4xn2) @ OUTPUT
n3 units

Figure 2-11 : convolutional neural network CNN from input image to output layer (42).
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2.7 Conclusion

In this chapter, we explored the foundations of Deep Learning, including key learning
mechanisms. Special attention was given to Convolutional Neural Networks (CNNSs), which are
a major breakthrough in image processing due to their ability to automatically extract meaningful
features. These properties make CNNs particularly well-suited for image tomography
reconstruction tasks, where the goal is to recover a clear and accurate image from incomplete or
noisy projections.

Therefore, in the following chapter, we will leverage the power of CNNs to enhance the
quality of tomographic image reconstructions and compare them with traditional methods. More
precisely, we will implement four tomography reconstruction architectures based on CNN. The
use of Deep Learning in this context paves the way for faster, more accurate, and more robust
reconstructions.
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Chapter 3 Implementation of CT Image Tomography
Reconstruction Analytic and Iterative Algorithms:
Conventional & Learnable by CNN.

Summary

This chapter is entirely devoted to presenting the main results obtained from our simulation
study. It begins with the evaluation of conventional CT image reconstruction algorithms,
including analytic approaches such as BP and FBP, as well as iterative methods such as
SART and MLEM. To assess the robustness of these techniques, noisy projection data are
also taken into account.

In the second part of the chapter, we focus on advanced methods that integrate convolutional
neural networks (CNNS) into the reconstruction process, specifically within the frameworks
of FBP and MLEM. Four hybrid algorithms are proposed and studied: FBP+DnCNN, a
learnable FBP, MLEM+DnCNN, and a learnable MLEM approach. The description of the
simulation steps and the architecture of the neural networks is first introduced, followed by
the results obtained for each method. Finally, a comparative analysis of all the algorithms is

carried out using widely recognized quantitative evaluation metrics.
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3.4 Implementation of Conventional CT Reconstruction Algorithms.
3.5 Algorithms of Deep learning FBP:

351 Architecture of FBP+DnCNN denoiser.



3.5.1  Learnable FBP architecture.
3.6  Algorithms of Deep learning MLEM:

3.6.1 Architecture of MLEM+DnCNN denoiser.
3.6.2 Learnable MLEM architecture.

3.7 Concluding Remarks.



Chapter 3 Implementation of CT Image Tomography Reconstruction Analytic and Iterative
Algorithms: Conventional & Learnable by CNN.

3.1 Introduction

In this chapter, we present the simulation experiments and the results obtained from
different image reconstruction methods in computed tomography (CT). We begin with
conventional techniques, including analytical methods such as Back projection (BP) and Filtered
Back projection (FBP), as well as iterative methods like SART and MLEM. For FBP, several

filters have been implemented: ramp, Hamming, Hann, Shepp-Logan, and cosine.

The second part of the chapter focuses on four reconstruction algorithms based on convolutional
neural networks (CNNs): FBP+DnCNN, Learnable-FBP, MLEM+DnCNN, and Learnable-
MLEM. The simulation process is structured into three main stages: data preparation, model
training, and performance evaluation. A guantitative comparison is carried out using commonly
used metrics in the literature, including Mean Squared Error (MSE), Peak Signal-to-Noise Ratio
(PSNR), Structural Similarity Index (SSIM), Difference Factor between Original and
Reconstructed ImagesD, and Deviation Proportion between Measured and Calculated
SinogramsD,,. Noisy datasets are also included in our tests to evaluate the robustness of the

proposed algorithms.

Only parallel beam projections are used in this work. We begin by describing the dataset,
then present the main steps of the algorithm implementations. The improvements in the
reconstructed images are demonstrated through the evaluation metrics, which are summarized in

several tables

3.2 Used Data base

In our simulations, we used three types of images: the Shepp-Logan phantom, a brain
image, and the data base thoracic computed tomography (CT) images extracted from publicly

available Kaggle datasets [1].

e The Shepp-Logan phantom, illustrated in Figure 3.1, is a synthetic gray scale reference
image with a resolution of 256x256 pixels. It is widely used in tomographic
reconstruction research, as it provides a controlled and ideal noise-free environment for

precise evaluation of reconstruction algorithms.

Page 34



Chapter 3 Implementation of CT Image Tomography Reconstruction Analytic and Iterative
Algorithms: Conventional & Learnable by CNN.

Original Image

20
08
40 07
06
o 05
80 0e
03
100 .
02
120 :
20 0 &0 80 100 120 .

Figure 3-1 Phantom Shepp-Logan image

e Brain image, shown in Figure 3.2, is used to evaluate the performance of reconstruction
methods on complex and realistic anatomical structures, thus providing a transition
between synthetic phantoms and clinical data. The image is gray scale with a resolution of
256%256 pixels.

Figure 3-2 brain image.

e Medical CT image, illustrated in Figure 3.3, provide cross-sectional views of the human
thorax, highlighting the lungs and other internal structures. These images are
characterized by high contrast and high resolution, making them particularly relevant for
evaluating the robustness and effectiveness of reconstruction methods under realistic
clinical conditions. The dataset, obtained from the Kaggle platform, contains a total of

1000 images, divided into three subsets:
e Training data: 70%.

» Validation data: 10%.

o Test data: 20%.
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This dataset is particularly used for training and evaluating deep learning (DL) algorithms in

medical image reconstruction.

Figure3-3: CT scan slices of different body regions.

e Generated noisy images to evaluate the robustness of the proposed algorithms against
noise, we generated noisy versions of the original images. Specifically, Gaussian noise
with different standard deviation values was added to the noise-free images to simulate
various noise levels. For each noisy image, we generated the corresponding sinogram and
reconstructed image, allowing us to assess the performance of the reconstruction methods

under noisy conditions.

3.3 Materials and Software Tools
The development and simulation of tomographic reconstruction algorithms were performed

on a personal computer under Windows 10, with the following hardware configuration:

» Device name: DESKTOP-3M70TA9

* Processor: Intel(R) Core(TM) i5-8250U CPU @ 1.60GHz (up to 1.80GHz)

« Installed RAM: 8.00 GB (7.84 GB usable)

« System type: 64-bit operating system, x64-based processor

e Touch input: Supported with 10 touch points
Two main programming environments were used: MATLAB and Python (via Spyder IDE and
Google Colab).

MATLAB R2015a was used to develop and test different versions of both analytical and
algebraic reconstruction algorithms. Its interactive environment, efficient matrix operations, and

image processing tools made it suitable for rapid prototyping and visualization.
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Python was used in two configurations:

» Google Colab, for running large-scale simulations involving deep learning models (FBP
and MLEM based).

» Spyder IDE (version 3.12.7) under the Anaconda distribution, installed locally on the
PC, was used for algorithm development, data preprocessing, result visualization, and
performance evaluation using CPU resources.

This dual-environment setup enabled flexible and efficient development, as well as cross-

validation of the results between conventional and deep learning-based reconstruction

techniques.

3.4 Implementation of Conventional CT Reconstruction Algorithms

This section presents the implementation and evaluation of conventional CT image
reconstruction techniques, including both analytical methods such as Back Projection (BP) and
Filtered Back Projection (FBP) with different filters and algebraic (iterative) methods, such as
Simultaneous Algebraic Reconstruction Technique (SART) and Maximum Likelihood
Expectation Maximization (MLEM).

3.4.1 Analytical algorithm
e Back projection (BP)

This algorithm implements the Back Projection (BP) to reconstruct an image from its
projections. The image is projected at 180 different angles, ranging from 1° to 180°, with a step
size of 1°. These projections are then back-projected into the image space according to their
respective angles. By superimposing all these back-projections, an estimation of the original
image is obtained. This approach is based on the idea that each projection carries partial
information, and their accumulation enables full image reconstruction. Finally, a normalization
step is applied to scale the values of the reconstructed image between 0 and 1, which facilitates

both visualization and quantitative evaluation.
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Figure 3.4 back projection BP Reconstruction Process
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Figure 3-4: BP Reconstruction Process for CT Imaging

Where:

R;(6,s) Denotes the Radon transform of the function f(x,y) as defined in Equation (1.1),
0is the projection angle (with a total of 180 projections),

and f (x,y) represents the reconstructed image from the projection data.

Figure.3.5 shows sinogram of Phantom sheep Logan image, and its result of reconstruction.

Figure 3-5 : sinogram of phantom sheep Logan image and its result of reconstruction.
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The BP algorithm produces a basic reconstruction that retains structural information but suffers
from significant blurring, particularly in low-contrast areas or fine details, even though we
increase the number of projections. To better understand the limitations of the back-projection
algorithm, we have also calculated the corresponding metrics shown in Table 3.3.

Table3.3 : performance metrics of reconstructed phantom image using BP.

Image MSE PSNR(dB) SSIM Dy Dp

Phantom 0.3368 4.73 0.1275 4.6200 6.6371

The obtained metric values as shown in table 3.3 confirm that the reconstruction quality using
back projection BP is low. The reconstructed image is blurry, with few visible details and poor
structural similarity to the original image.

In the same way as with the phantom image, the Back Projection (BP) algorithm is applied to the
remaining images in order to test its performance and analyze the quality of the reconstruction.

Figure.3.6 shows sinogram of brain image, and its result of reconstruction.

Sinogram

Back Projection

Figure 3-6: sinogram of brain image, and its result of reconstruction.

The reconstruction result of the brain image using the Back Projection (BP) algorithm
appears significantly blurred compared to the original. The image suffers from poor edge
definition, and internal anatomical details are barely distinguishable, indicating the limitations of

BP in preserving fine structures.

Page 39




Chapter 3 Implementation of CT Image Tomography Reconstruction Analytic and Iterative
Algorithms: Conventional & Learnable by CNN.

Figure.3.7 shows sinogram of image (a), and its result of reconstruction.

sinogram

back projecfion

Figure 3-7: sinogram of image (a), and its result of reconstruction.

Table 3.4 presents all these results for each image, allowing for a quantitative comparison of the

reconstruction BP images.

Table3.4 : perfermonce metric of BP reconstruction.

Metrics MSE PSNR (dB) SSIM D D,
images
Brain 0.236621 6.26 0.1978 0.486437 0.179349
Image (a) 0.160123 7.96 0.2385 0.400154 0.132413

Applying the Back Projection (BP) algorithm to various medical images, including a
phantom image, highlights several limitations in the reconstruction quality. The most noticeable
issue is overall blurring, as each projected line is spread across the entire image. This causes

overlapping of projections, resulting in poorly defined contours.

These artifacts are due to the uncorrected accumulation of projections. To address these issues, it
is essential to apply frequency domain filtering. Therefore, to overcome the limitations of BP, we
proceed with the implementation of the Filtered Back Projection (FBP) algorithm, which we

will discuss in the next algorithm.

¢ Filtered Back projection (FBP)

In order to better analyze the projected data for the same previously examined images, we
use the improved back projection (BP) technique, which incorporates a filtering phase prior to

reconstruction. We employed a variety of filters in the reconstruction process to assess their
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impact on the reconstructed image quality. Figure3.8 presents the implementation of the filtered
back projection (FBP), from loading input image to result analysis.

Loading and

preprocessing of

Sinogram

S(p, 6)

the image Apply radon Angular
= transform — Sweeping over |
R¢(p,0) g
CT image
Filtering
Process
Filtered
Sinogram
FBP
Show result of Processing
i reconstruction
Visualization Performance B
o = of Results € Metrics <
o Calculation Reconstruct
os image f

EX: FBP reconstruction

Figure 3-8: FBP Reconstruction Process for CT Imaging.

Where:

R;(6, s) Denotes the Radon transform of the function f(x,y) as defined in Equation (1.1), @ is
the (with of

and f (x,y) represents the reconstructed image from the projection data.

projection angle a total 180 projections),

Figure.3.9 shows reconstruction result of phantom sheep Logan image using FBP with different
filter
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FBP Reconstruction with ram-lak filter FBP Reconstruction with cosine filter

FBP Reconstruction with shepp-logan filter

FBP Reconstruction with hamming filter FBP Reconstruction with hann filter

Figure 3-9 : FBP Reconstruction with: (a) ram-lak filter, (b) sheep-logan filter, (c) cosine
filter, (d) hamming filter (d), (e ) hanning filter

Applying different filters (Hamming, Shepp-Logan, Cosine, Hann, and Ram-Lak) to the same

phantom image produces relatively similar reconstruction results overall.
Table 3.5 present the corresponding evaluation metrics of the different filters.

Table3. 5: Performance Comparison of Different Filters Applied to Phantom image.

Filters

MSE

PSNR

SSIM

Dy

D

P
Ram-lak 0.000799 30.972218 0.962401 0.028274 0.310928
Shepp-logan | 0.001076 29.682187 0.963789 0.032801 0.377284
Cosine 0.001762 27.539138 0.959124 0.041980 0.508868
Hamming 0.002463 26.086015 0.947782 0.049625 0.638248
Hann 0.002660 25.751669 0.945026 0.051572 0.682484

The evaluation metrics in Table 3.5 show that the differences between the FBP filters are
relatively small. Although the Ram-Lak and Shepp-Logan filters slightly outperform the others

in terms of MSE, PSNR, and SSIM, the overall variations across all filters remain moderate and
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not highly divergent. This indicates that all the tested filters produce comparable reconstruction

quality, with only subtle distinctions in performance.

Figure.3.10 shows reconstruction result of brain image using FBP with different filter

FBP Reconstruction with ramp filter

FBP Reconstruction with hamming filter
)

FBP Reconstruction with shepp-logan filter

FBP Reconstruction with hann filter

FBP Reconstruction with cosine filter

Figure 3-10: FBP Reconstruction with: (a) ram-lak filter, (b) sheep-logan filter, (c) cosine filter,
(d) hamming filter (d), (e ) hanning filter

Table 3.6 present the corresponding evaluation metrics of the different filters of brain image.

Table3. 6 : Performance Comparison of Different Filters Applied to brain image.

Filters MSE PSNR SSIM D¢ D,
Ram-lak 0.000145 38.381659 0.962272 0.012048 0.594887
Shepp-logan | 0.000154 38.120537 0.961983 0.012416 0.599096
Cosine 0.000178 37.499873 0.960600 0.013335 0.611222
Hamming 0.000203 36.922944 0.958770 0.014251 0.629442
Hann 0.000210 36.773770 0.958246 0.014498 0.633694
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Figure.3.11 shows reconstruction result of image (a) using FBP with different filter

FBP Reconstruction with shepp-logan filter

FBP Reconstruction with cosine filter

FBP Reconstruction with ram-lak filter
|

FBP Reconstruction with hamming filter FBP Reconstruction with hann filter
' )

Figure 3-11: FBP Reconstruction with: (a) ram-lak filter, (b) sheep-logan filter, (c) cosine
filter, (d) hamming filter (d), (¢ ) hanning filter

After applying the Filtered Back Projection (FBP) algorithm with different filters, the
reconstructed images appear visually similar in overall quality, exhibiting only slight variations.
This indicates that all filters achieve effective image restoration, maintaining satisfactory levels
of contrast and sharpness. The table 3.5 confirms this observation, as the evaluation metrics
show very close values, underscoring the robustness of the FBP method regardless of the filter

used. The reconstructed image is significantly enhanced compared to BP;
Table3.7 presents the corresponding evaluation metrics of the different filters of brain image.

Table3. 7: Performance Comparison of Different Filters Applied to image (a).

Filters MSE PSNR SSIM D¢ D,

Ram-lak 0.000066 41.806708 0.979666 0.008122 0.213303
Shepp-logan | 0.000082 40.841074 0.977473 0.009077 0.241246
Cosine 0.000125 39.036659 0.971474 0.011173 0.302051
Hamming 0.000179 37.471398 0.964240 0.013379 0.373336
Hann 0.000193 37.149369 0.962304 0.013885 0.388488
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Syntheses
In this first part of our simulation study, we explored two fundamental analytical techniques in

computed tomography (CT): Simple Back Projection (BP) and Filtered Back Projection
(FBP). The objective was to compare their reconstruction performance using the Shepp-Logan
Phantom Brain and medical images as a reference images well as and quantitative evaluation
metrics. Back Projection (BP) method was directly applied to the sinogram obtained via Radon
transform. Although it provides a quick initial estimate of the image, BP is well known for
introducing significant circular artifacts and blurring effects, which degrade image quality and
limit its applicability in precise medical or industrial imaging. The computed metrics, we have
obtained: Mean Squared Error (MSE) and the Peak Signal-to- Noise Ratio (PSNR), revealed
high error rate and low reconstruction accuracy, confirming the method's limitations. Then, the
Filtered Back Projection (FBP) method was employed, integrating a crucial enhancement:
frequency-domain filtering of the sinogram prior to back projection. This filtering step
compensates for the excessive accumulation of low frequencies inherent in simple back
projection, thus improving image sharpness and reducing artifacts .Various filters were tested,
including Ram-Lak, Shepp-Logan, Cosine, Hamming, and Hann, each exhibiting unique
characteristics in terms of noise suppression and detail preservation. The experimental results
demonstrated that the Ram-Lak and Shepp-Logan filters achieved the best reconstructions, with
PSNR values exceeding 30 dB and SSIM (Structural Similarity Index) values approaching 1,
indicating a strong structural resemblance with the original image. In contrast, the Cosine,
Hamming, and Hann filters provided smoother images with but at the cost of slightly diminished
fine details. Additionally, the analysis of the distances Dyand D, further validated these
observations, with smaller discrepancies observed between the reconstructed and original images
when employing the most effective filters. These findings highlight the importance of
appropriate filter selection in optimizing the trade-off between blur reduction and image fidelity

in FBP reconstructions.

This analysis provides a solid foundation for the next stage of our work, focusing on the
implementation and evaluation of iterative optimization algorithms such as SART
(Simultaneous Algebraic Reconstruction Technique) and MLEM (Maximum Likelihood
Expectation Maximization), which will be studied as part of the algebraic reconstruction

methods.
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3.4.2 Algebraic algorithm

In this section, we present the implementation of two algebraic iterative reconstruction
algorithms: SART (Simultaneous Algebraic Reconstruction Technique) and MLEM (Maximum
Likelihood Expectation Maximization). These algorithms are known for improving
reconstruction quality, especially when the number of projections is limited or the data is noisy.

For the sake of comparison, we use the same tested images.

R

% Simultaneous Algebraic Reconstruction Technique
We applied the SART algorithm over several iterations, to better illustrate the implementation of
the SART algorithm, the following block diagram figure 3.12 summarizes its main steps

Loading and

. Sinogram
preprocessing of =

S(p, 6)

the image Apply radon Start
= transform = Iterations
R:(p,8) Loop

L

CT image

SART Iterative
Reconstruction

Performance
Metrics

Show result of
Calculation

nnnnnnnnnnnnnnnnnnnnnnnnnnn

reconstruction

g Display Final Visualization
@
€ | Reconstruction [ of Results per [
Tteration

EX: reconstruction
SART

Figure 3-12 : SART Reconstruction Process for CT Imaging.
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First, the original image is loaded, resized to 256x256 pixels, and then masked with a circular
mask to remove areas outside the region of interest. Next, the Radon transform is applied to
generate the sinogram, the reconstruction is performed using the iterative SART method over 5
iterations. At each step, the reconstructed image is displayed, and several quantitative metrics are
calculated to evaluate the reconstruction quality. Figure 3.13 represent reconstruction result of
the Phantom sheep-logan image using the SART algorithm

Reconstruction SART - Iteration 1 Reconstruction SART - Iteration 2 Reconstruction SART - lteration 3

Reconstruction SART - Iteration 4 Reconstruction SART - Iteration 5

Figure 3-13: Reconstruction Progression of Phantom Shepp-Logan using SART
Algorithm (Iterations 1 to 5)

We fixed the number of SART iterations to 5, which corresponds to the optimal case observed in
our experiments. Beyond this point, increasing the number of iterations tends to degrade the
image quality rather than improve it. Excessive iterations may amplify noise and introduce
artifacts, leading to image distortion. This confirms that SART requires a limited number of
iterations, and exceeding this threshold negatively affects the accuracy and visual quality of the
reconstructed image. Performance metrics were calculated for each iteration as shown in table
3.8
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Table3. 8: Performance Comparison of Different iteration Applied to phantom Shepp-Logan image
using SART.

Iteration | MSE PSNR (dB) | SSIM Dy D,

1 0.001084 29.650164 | 0.959590 0.032922 0.346770
2 0.000457 33.400720 | 0.971232 0.021378 0.159801
3 0.000313 35.050645 | 0.970357 0.017679 0.105494
4 0.000258 35.883899 | 0.967582 0.016062 0.081993
5 0.000232 36.351179 | 0.964571 0.015221 0.069368

The results in the table 3.8 show that image quality improves steadily with each additional
iteration up to iteration 5. Metrics such as MSE decrease, while PSNR and SSIM increase,
reflecting better reconstruction accuracy and visual fidelity. This indicates that up to five
iterations, SART progressively enhances the image. Beyond this point, however, increasing the
number of iterations tends to degrade the quality due to noise amplification or overcorrection.
Therefore, five iterations can be considered an optimal balance between reconstruction
quality and algorithm stability. Figure 3.14 represent reconstruction result of the brain image

using the SART algorithm

Reconstruction SART - Iteration 1

Reconstruction SART - Iteration 2 Reconstruction SART - Iteration 3

Reconstruction SART - Iteration 4 Reconstruction SART - Iteration 5

Figure.3-14: Reconstruction Progression of brain using SART Algorithm (Iterations 1 to 5).
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Performance metrics were calculated for each iteration as shown in table 3.9

Table3.9 : Performance Comparison of Different iteration Applied to brain image using SART

algorithm.
Iteration MSE PSNR (dB) | SSIM Dy D,
1 0.000393 33.952114 | 0.962587 0.019815 0.583161
2 0.000183 37.267595 | 0.980272 0.013528 0.319012
3 0.000116 39.253679 0.986009 0.010763 0.207116
4 0.000086 40.553825 | 0.987901 0.009267 0.149191
5 0.000070 41.454894 | 0.988658 0.008353 0.115724

Figure 3.15 represent reconstruction result of the image (a) using the SART algorithm

Reconstruction SART - Iteration 1 Reconstruction SART - Iteration 2 Reconstruction SART - Iteration 3

Reconstruction SART - Iteration 4 Reconstruction SART - Iteration 5

Figure 3-15: Reconstruction Progression of image (b) using SART Algorithm (Iterations 1 to 5).

Performance metrics were calculated for each iteration as shown in table 3.10

Table3.10: Performance Comparison of Different iteration Applied to image (a) using SART
algorithm.

Iteration | MSE PSNR(dB) | SSIM Dy D,

1 0.000413 33.441428 0.940709 0.020320 0.400779
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2 0.000156 37.663179 0.969957 0.012498 0.201729
3 0.000090 40.046239 0.978624 0.009499 0.132038
4 0.000064 41.523489 0.982309 0.008014 0.098624
5 0.000052 42.476181 0.984171 0.007181 0.079965

The results obtained with the SART method demonstrate that this technique enables progressive
image reconstruction, with quality improving at each iteration. However, several limitations
become evident. The method is sensitive to noise in the input data, which can cause the
amplification of artifacts if the number of iterations is excessive. Additionally, selecting the
optimal number of iterations is challenging: too few iterations lead to incomplete
reconstructions, while too many can degrade image quality by enhancing noise and artifacts.
Furthermore, SART may struggle when dealing with incomplete or highly noisy data, which
limits its robustness in practical acquisition scenarios. These observations underscore the
necessity to enhance or complement SART with more robust and better-suited algorithms, such
as the Maximum Likelihood Expectation Maximization (MLEM) method, which offers

improved noise management and superior reconstruction fidelity.

3.4.3 Maximum Likelihood Expectation Maximization (MLEM)
The MLEM algorithm is then implemented using an optimized iterative method. As before, the
same sinogram is used, and the reconstruction is performed over 500 iterations, the following

block diagram figure 3.16 summarizes its main steps:

.
,

|
|
|
v EM

A4 A% v
EM EM 2 >
— update P — =g update - Spdate
Initial image
N K iteration Last itera

xk

Forward project
Ratio

Back project
multiply

Figure 3-16 : block diagram of MLEM reconstruction image.
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After loading and preprocessing the image (resizing, and applying a circular mask to limit the
region of interest), the sinogram is generated using the Radon transform. It starts with an initial
image (often a uniform image) and improves it step by step in each iteration. In every step, the
current image is projected to estimate the sinogram. Then, a ratio is calculated between the
measured sinogram and the estimated one. This ratio is back projected and used to update the
image. The update is normalized. This cycle is repeated several times (as shown in the diagram)
to get a higher-quality final image. In the diagram, each "EM update™ block represents one
iteration, and we can observe how the image evolves from the initial guess to the final

reconstructed version.

For the sake of clarity, we report the basic MLEM equation for the actual iteration as follows:
xk m
X(k+1) = EAT A_xk (31)

Where:

m.: the measured data (sinogram).

A: the forward projection matrix.

AT The back projection operator (transpose ofA).

x¥ : The current image estimate at iteration k.

x &*1: The updated image estimate at iteration k + 1.

1: a vector of ones (used to compute the sensitivity image).

Figure 3.17 represent reconstruction result of the phantom Shepp Logan image using the MLEM

algorithm.
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Reconstruction MLEM - Iteration 100 Reconstruction MLEM - Iteration 200 Reconstruction MLEM - Iteration 300

Reconstruction MLEM - Iteration 400 Reconstruction MLEM - Iteration 500

Figure 3-17 : Reconstruction Progression of phantom shepp Logan image using MLEM
Algorithm (Iterations 100 to 500).

Performance metrics were calculated for each iteration as shown in table 3.11

Table3. 11 : Performance Comparison of Different iteration Applied to phantom shepp Logan
image using MLEM algorithm.

Iteration | MSE PSNR SSIM Dy D,

100 0.000511 32.918357 0.933407 0.022599 0.394337
200 0.000229 36.409740 0.958278 0.015119 0.215541
300 0.000142 38.485315 0.970658 0.011905 0.150779
400 0.000100 39.987988 0.977837 0.010014 0.116367
500 0.000077 41.137241 0.982307 0.008773 0.094890

The data in Table 3.13 highlight the efficiency of the MLEM algorithm in reconstructing high-
quality images. As the number of iterations increases from 100 to 500, the image quality
improves steadily, with lower MSE and higher PSNR and SSIM values. Although MLEM is
computationally more demanding and requires more time than other methods, it offers superior
reconstruction performance. Its main strengths lie in its robustness to noise, gradual
convergence, and excellent detail preservation, making it highly suitable for accurate medical

image reconstruction.

Figure 3.18 represent reconstruction result of the brain image using the MLEM algorithm
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MLEM - Iteration 200 MLEM - Iteration 300

MLEM - Iteration 100

MLEM - Iteration 400 MLEM - Iteration 500
# .

Figure 3-18 : Reconstruction Progression of brain image using MLEM Algorithm
(Iterations 100 to 500).

Performance metrics were calculated for each iteration as shown in table 3.12

Table3. 12 : Performance Comparison of Different iteration Applied to brain image using MLEM

algorithm.
Iteration | MSE PSNR SSIM Dy D,
100 0.000223 36.524456 0.970467 0.014599 0.299411
200 0.000099 40.024591 0.986780 0.009119 0.148988
300 0.000064 41.911568 0.990073 0.008905 0.101506
400 0.000048 43.227852 0.992381 0.006814 0.078114
500 0.000038 41.137241 0.993704 0.006141 0.063928

Page 53



Chapter 3 Implementation of CT Image Tomography Reconstruction Analytic and Iterative
Algorithms: Conventional & Learnable by CNN.

Figure 3.19 represent reconstruction result of the image (a) using the MLEM algorithm

MLEM - Itération 200

MLEM - Itération 100 MLEM - Itération 300

MLEM - Itération 400 MLEM - Itération 500

Figure 3-19 : Reconstruction Progression of image (a) using MLEM Algorithm
(Iterations 100 to 500).

Performance metrics were calculated for each iteration as shown in table 3.13

Table3. 13 : Performance Comparison of Different iteration Applied to image (a) using MLEM
algorithm.

Iteration MSE PSNR SSIM Dy D,
100 0.000380 34.289343 0.941387 0.019260 0.324555
200 0.000140 37.225484 0.974470 0.011441 0.158337
300 0.000080 39.565299 0.980959 0.009662 0.106742
400 0.000058 41.270995 0.983473 0.007362 0.071117
500 0.000045 42.670122 0.984542 0.006672 0.063923

Based on the results obtained and the literature, the Maximum Likelihood Expectation
Maximization (MLEM) algorithm stands out as one of the most effective iterative reconstruction
methods in tomography. MLEM is particularly efficient at producing high-quality images even

when the projection data (sinogram) are noisy or incomplete. Unlike simpler methods, MLEM
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incorporates a statistical model of the data acquisition process, allowing it to better manage noise
and reduce artifacts in the reconstructed images. Although it requires more computational time
due to slower convergence compared to methods like SART, MLEM consistently delivers
superior image fidelity by preserving fine details while suppressing noise. Overall, its robustness,
noise resilience, and high reconstruction quality make MLEM the preferred choice for accurate

tomographic imaging, despite its higher computational cost.
Syntheses

In this study, we focused on two major iterative image reconstruction techniques widely
used in computed tomography: the Simultaneous Algebraic Reconstruction Technique
(SART) and the Maximum Likelihood Expectation Maximization (MLEM) algorithm. The
SART algorithm, an improvement of the Algebraic Reconstruction Technique (ART), achieves
fast convergence through successive pixel updates based on angular projection errors, providing
good reconstruction quality with a moderate number of iterations. This speed makes it suitable

for scenarios where computational efficiency is critical.

However, SART has several notable drawbacks. It is sensitive to noise in the input data, which
can lead to artifact amplification if the number of iterations is too high. Choosing the optimal
number of iterations is challenging: too few iterations result in incomplete reconstruction, while
too many can degrade image quality. Additionally, SART may lack robustness when dealing

with incomplete or highly noisy data, limiting its effectiveness in real acquisition conditions.

Conversely, the MLEM algorithm, although slower and more computationally demanding,
stands out for its superior noise-handling capabilities and ability to produce high-quality images.
By incorporating a precise statistical model of the acquisition process, MLEM significantly
reduces artifacts and preserves fine details even under challenging conditions. This trade-off
between computation time and image quality makes MLEM the preferred method when accuracy

and robustness are essential, particularly in demanding clinical applications.

Thus, despite its limitations, SART remains useful for rapid reconstructions, but MLEM

establishes itself as the best method for optimal results in computed tomography.
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3.5 Algorithms of Deep Learning FBP

This section presents and compares the performance of Filtered back projection (FBP) CT
reconstruction algorithms augmented with deep learning approaches. Two hybrid techniques are
compared:

e Filtered Back Projection followed by a CNN denoisng (FBP + DnCNN).
e Learnable Filtered Back Projection integrated with CNN (Learnable FBP).
Each approach is evaluated under varying levels of Gaussian noise to assess its robustness and

image quality.

3.5.1 Architecture of FBP+DnCNN

In order to improve the quality of obtained reconstructions using the analytical Filtered Back
Projection (FBP), we have adopted a hybrid approach combining FBP with a convolutional
neural network (CNN) that plays the role of a denoiser. This technique makes it possible to
compensate for the noise and artifacts caused by direct reconstruction. Figure 3.20 shows the
block diagram for this FBP-CNN architecture.

Noisy .
- Sinogram

image

- S(p.6
Apply Apply radon 2-£2
)‘ Gaussian noise T transform
R .0
= r(P.6) |
Apply
Original image FBP
[
|
|
| Reconstructed image
‘ Apply
i DnCNN

Visualization Calculate

of Results = performance |

Denoised

—_— metrics
image

Reconstruction image using
(FBP+DnCNN)

Figure 3-20 : the block diagram for FBP+DnCNN architecture

This algorithm begins by generating original image and adding Gaussian noise to simulate

different noise levels. It then applies the Filtered Back Projection (FBP) method to reconstruct
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the image from its noisy sinogram. To enhance the quality of the reconstruction, a
Convolutional Neural Network (CNN) is trained to learn the mapping between the noisy FBP
output and the original clean image. Finally, several quantitative metrics (MSE, PSNR,
SSIM,Df,D,,) are computed to evaluate and compare the performance of both the FBP and CNN

results.

The convolutional neural network (CNN) used in this study is simple and effective for removing
noise from CT images reconstructed with FBP, as shown in Figure 3.21. It has four
convolutional layers. The first three use 32 filters of size 3x3. The last layer also uses a 3x3 filter
but with no activation and gives output image. This CNN acts like a trainable filter that reduces
noise and artifacts from the FBP result.

Input (Noisy image) Output (denoised image)

Conv2D

Figure 3-21 : Archirecture of CNN used in FBP+DnCNN.

The figures below illustrate the reconstruction results of the Phantom Sheep-Logan image using

the conventional FBP algorithm and the enhanced FBP+DnCNN method.

e Case 1: Gaussian noise with standard deviation o= 0.05

Noisy image o FPB reconstruction CNN denoiser

Figure 3-22 : reconstruction results of the Phantom Sheep-Logan image with Gaussian

noise (¢=0.05), showing the noisy image, FBP reconstruction, and CNN denoising.
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e Case 2: Gaussian noise with standard deviation o= 0.1

Noisy image o FBP reconstruction CNN denoiser

Figure 3-23 : reconstruction results on the Phantom Sheep-Logan image with Gaussian noise

(6=0.1), showing the noisy image, FBP reconstruction, and CNN denoising.
e Case 3: Gaussian noise with standard deviation o= 0.2
Noisy image o FBP reconstruction CNN denoiser

Figure 3-24: reconstruction results on the Phantom Sheep-Logan image with Gaussian noise

(6=0.2), showing the noisy image, FBP reconstruction, and CNN denoising.

e Case 4: Gaussian noise with standard deviation o= 0.3

Noisy image o FBP reconstruction CNN denoiser

Figure 3-25 reconstruction results on the Phantom Sheep-Logan image with Gaussian noise
(6=0.3), showing the noisy image, FBP reconstruction, and CNN denoising.
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Visually, it is observed that the images reconstructed using the FBP method degrades as the

noise level increases: edges become blurred and internal details fade, especially for ¢ = 0.2 and

0.3. In contrast, the CNN-based reconstructions maintain significantly better visual quality, with

sharper edges and more faithful structure, even under noisy conditions. This demonstrates the

CNN’s ability to suppress noise while preserving important image details. This visual

observation is confirmed by the table3.14.

Table3.14: Quantitative comparison between FBP and FBP+DnCNN reconstruction for phantom
Sheep-logan image.

Methods

FBP reconstruction CNN denoised reconstruction
Metrics | MSE PSNR | SSIM | Ds D, | MSE PSNR | SSIM | Df D,
0=0.05 0.001521 | 28.18 | 0.5596 | 0.1322 | 0.1609 | 0.000465 | 33.32 | 0.9108 | 0.0763 | 0.0890
0=0.1 0.003472 | 24.59 | 0.4102 | 0.2430 | 0.1821 | 0.000885 | 30.53 | 0.8896 | 0.1227 | 0.1037
0=0.2 0.010365 | 19.84 | 0.3201 | 0.4199 | 0.3185 | 0.001477 | 28.31 | 0.7744 | 0.1585 | 0.1211
=03 0.021145 | 16.75 | 0.2836 | 0.5997 | 0.4721 | 0.002737 | 25.63 | 0.6408 | 0.2158 | 0.1651

The figures below illustrate the reconstruction results of the brain image using the conventional

FBP algorithm and the enhanced FBP+DnCNN method.

e Case 1: Gaussian noise with standard deviation o= 0.05

Noisy image o

FBP reconstruction

CNN denoiser

Figure 3-26: reconstruction results on the brain image with Gaussian noise (¢=0.05), showing

the noisy image, FBP reconstruction, and CNN denoising.
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e Case 2: Gaussian noise with standard deviation o= 0.1

Noisy image FBP reconstruction CNN denoiser

Figure 3-27: reconstruction results on the brain image with Gaussian noise (¢=0.1),
showing the noisy image, FBP reconstruction, and CNN denoising.

e Case 3: Gaussian noise with standard deviation o= 0.2

Noisy image FBP reconstruction CNN denoiser

Figure 3-28 : reconstruction results on the brain image with Gaussian noise (6=0.2),
showing the noisy image, FBP reconstruction, and CNN denoising.

e Case 4: Gaussian noise with standard deviation o= 0.3

Noisy image FPB reconstruction CNN denoiser

Figure 3-29 : reconstruction results on the brain image with Gaussian noise (¢=0.3),
showing the noisy image, FBP reconstruction, and CNN denoising.
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Table3.15: Quantitative comparison between FBP and FBP+DnCNN reconstruction for Brain

image.
methods

FBP reconstruction CNN denoised reconstruction
metrics | MSE PSNR | SSIM Df Dp MSE PSNR | SSIM Df Dp
0=0.05 0.000665 | 31.77 | 0.5539 | 0.2217 | 0.1692 | 0.000128 | 38.94 | 0.9376 | 0.0972 | 0.0718
0=0.1 0.002409 | 26.18 | 0.3935 | 0.4219 | 0.3320 | 0.000303 | 35.19 | 0.8740 | 0.1495 | 0.1046
0=0.2 0.009104 | 20.41 | 0.2833 | 0.8202 | 0.6785 | 0.001211 | 29.17 | 0.6722 | 0.2991 | 0.2164
0=03 0.020220 | 16.94 | 0.2360 | 1.2223 | 1.0462 | 0.002001 | 26.99 | 0.5494 | 0.3845 | 0.2623

Simulated images like the Shepp-Logan phantom are perfect, which allows us to introduce large

levels of noise to test algorithm robustness. Real CT pictures, on the other hand, already have

noise due to patient movements, metal artifacts, low radiation dose, etc. The image is severely

deteriorated by adding extra noise, which makes restoration more challenging. Since noise is

cumulative, even a tiny o number can significantly influence genuine photos. For this reason, we

did not apply the same noise levels to the brain image, the Shepp-Logan phantom, and the real

CT scans.

The figures below illustrate the reconstruction results of the image (a) using the conventional
FBP algorithm and the enhanced FBP+DnCNN method.

e Case 1: Gaussian noise with standard deviation o= 0.01

Noisy image

FPB reconstruction

CNN denoiser

Figure 3-30 : reconstruction results on the image (a) with Gaussian noise (=0.01), showing the
noisy image, FBP reconstruction, and CNN denoising.
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e Case 2: Gaussian noise with standard deviation o= 0.04

Noisy image FPB reconstruction CNN denoiser

Figure 3-31 : reconstruction results on the image (a) with Gaussian noise (6=0.04), showing
the noisy image, FBP reconstruction, and CNN denoising.

e Case 3: Gaussian noise with standard deviation o= 0.07

Noisy image FPB reconstruction CNN denoiser

Figure 3-32 : reconstruction results on the image (a) with Gaussian noise (=0.07), showing the
noisy image, FBP reconstruction, and CNN denoising.

e Case 4: Gaussian noise with standard deviation 6= 0.1

Noisy image FPB reconstruction CNN denoiser

Figure 3-33 : reconstruction results on the image (a) with Gaussian noise (¢=0.1), showing the
noisy image, FBP reconstruction, and CNN denoising.
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Table3.16: Quantitative comparison between FBP and FBP+DnCNN reconstruction for image (a).

Methods FBP reconstruction CNN denoised reconstruction

Metrics | MSE |[PSNR[SSIM | D, | D, |MSE [PSNR[SSIM [ D; | D,

¢=0.005 | 0,001455 | 28,37 | 0,6760 | 0,0850 | 0,1234 | 0,000500 | 33,01 | 0,8750 | 0,0531 | 0,0724

¢=0.009 | 0,002409 | 26,18 | 0,6013 | 0.1122 | 0.1588 | 0.000589 | 32,30 | 0.8580 | 0.0569 | 0.0786

¢=0.01 | 0.002687 | 25,71 | 0.5854 | 0,1190 | 0.1678 | 0.000602 | 32,20 | 0.8531 | 0.0575 | 0.0794

¢=0.02 | 0.005075 | 22,95 | 0.4974 | 0.1706 | 0.2306 | 0.000912 | 30,40 | 0.8140 | 0.0718 | 0.0977

The FBP+DnCNN method demonstrates a significant improvement in reconstruction quality,
even under high noise conditions. Thanks to the denoising step using a convolutional neural
network (CNN), the reconstructed images show greater sharpness, structural fidelity, and
contrast. Metrics such as PSNR and SSIM confirm this enhanced performance. This approach
effectively combines the speed of FBP with the strength of deep learning to overcome the

limitations of traditional FBP in noisy environments.

3.5.2 Learnable FBP architecture

In this simulation section, we implement Learnable FBP, which combines the filtered FBP with
an appreciable filter using a convoluted neural network (CNN). In contrast to the traditional
approach, where the filter (such as the Ram-Lak filter) is fixed and determined analytically, here
CNN learns to optimally filter the sinogram from the data. Figure3. 34 show the principal steps

in this algorithm:
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Figure 3-34 : block diagram for learnable FBP architecture.

This method enhances CT image reconstruction by combining Filtered Back projection
(FBP) with a Convolutional Neural Network (CNN). A CT image is resized and projected using
a simplified Radon-based system. A deep CNN with PReLU activations is trained to filter the
sinogram before back projection. The network learns by minimizing the MSE between the

reconstructed and original images over 10,000 iterations. This deep learning-based FBP reduces

artifacts and improves image quality.

Input (sinogram)

Output (reconstructed image)

Conv2D

Figure 3-35 : architecture of CNN used in Learnable FBP

The CNN network as shown in figure 3.35, takes as input a sinogram, this architecture consists
of an initial convolutional layer with 32 filters of size 3x3, followed by eight successive
convolutional layers, each also using 32 filters of size 3x3. Each layer is followed by a PReLU

(Parametric Rectified Linear Unit) activation, which introduces an adaptive non-linearity
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allowing the network to learn more effectively. The final layer applies a 3x3 convolution with a
single filter, thus reducing the output to a filtered sinogram. The goal of the network is to process
and refine the input sinogram by reducing noise and artifacts before filtered back projection
reconstruction. The expected output is therefore an enhanced sinogram which, once back
projected, leads to a higher-quality reconstructed CT image.

The PReLU activation function plays a key role in this architecture: unlike the classical ReLU
that clamps negative values to zero, PReLU learns a coefficient for the slope in the negative

region, providing greater flexibility and promoting better convergence during network training.

Figure 3.36 show the result of reconstruction of phantom sheep-Logan image using learnable

° [

Reconstruction at Epoch  Reconstruction at Epoch  Reconstruction at Epoch
0 10000 20000

Reconstruction at Epoch Reconstruction at Epoch
30000 40000

Figure 3-36 : reconstruction result of the Phantom sheep-Logan image during training

using learnable FBP.
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It can be observed that the reconstruction quality gradually improves with the number of training
epochs. The initial image at epoch 0 is very blurry, but as the training progresses, the contours
become sharper and more details appear. This highlights the effectiveness of the Learnable FBP
with CNN model in learning to suppress noise and reconstruct the image accurately from noisy
projections.

Figure 3.37 show the result of reconstruction of brain image using learnable FBP

- N
:

Reconstruction at Epoch 0 Reconstruction at Epoch Reconstruction at Epoch
10000 20000

Reconstruction at Epoch Reconstruction at Epoch
30000 40000

Figure 3-37 : result of reconstruction of the brain image during training using learnable FBP.

Table 3.17 presents the performance metrics of the Shepp-Logan phantom and brain image
across different epochs (from 0 to 40,000) during the training of the learnable reconstruction

model.
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Table3. 17 : Performance of Shepp-Logan Phantom and Brain Image at Different Training Epochs

using Learnable FBP.

Image Phantom sheep-Logan image brain image

Metrics | MSE PSNR | SSIM | Dy D, |MSE PSNR | SSIM | Dy D,
Epoch |0.011318 | 19.46 | 0.610 | 0.320 | 0.410 | 0.060176 | 12.20 | 0.420 | 0.700 | 0.0750
0

Epoch | 0.000272 | 34.76 | 0.948 | 0.056 | 0.070 | 0.000930 | 30.43 | 0.910 | 0.085 | 0,098
10000

Epoch | 0.000082 | 39.85 | 0.974 | 0.031 | 0.040 | 0.000818 | 30.99 |0.918 | 0.077 | 0.089
20000

Epoch | 0.000056 | 41.25 | 0.981 | 0.024 | 0.033 | 0.000150 | 38.23 | 0.970 | 0.034 | 0.045
30000

Epoch | 0.000042 | 42.45 | 0.985 | 0.020 | 0.028 | 0.000099 | 40.20 | 0.980 | 0.025 | 0.033
40000

The Learnable FBP method, which integrates filtered back

projection with a trainable

convolutional network, demonstrates strong potential to enhance reconstruction quality.

However, it has a significant requirement: it needs a relatively large number of training

epochs to reach optimal performance. Notably, clear improvements in metrics such as MSE,

PSNR, and SSIM become evident only after tens of thousands of iterations. This highlights the

strength of the model, but also its computational expense. Figure 3.38 illustrates the Mean

Squared Error (MSE) loss evolution during the 40,000 training epochs of the Learnable FBP

MSE (Loss)

MSE Loss Evolution for Learnable FBP

,_.
S)
&

T
0

Figure 3-38 : Loss curve (MSE) evolution for the Learnable FBP model.

T
5000

T
10000

T
15000

T
20000
Epoch

T
25000

T T
30000 35000

T
40000

Page 67




Chapter 3 Implementation of CT Image Tomography Reconstruction Analytic and Iterative
Algorithms: Conventional & Learnable by CNN.

Synthesis

In this work, two reconstruction methods based on the FBP (Filtered Back projection) algorithm
were implemented and compared: the first applies a denoising CNN (DnCNN) to the image
reconstructed by FBP, while the second integrates a CNN directly into the reconstruction process
by learning to filter the sinogram before back projection. The FBP + DnCNN technique serves as
a post-processing phase to diminish noise and artifacts in the reconstructed image, while the

Learnable FBP CNN alters the back projection filter in a learnable method.

About the quality of images, FBP combined with DnCNN produces superior visual and
quantitative outcomes (PSNR, SSIM), along with expedited and more consistent training. The
Learnable FBP CNN, on the other hand, is more inventive because it learns to optimize the
reconstruction process itself, but its training is more involved and takes longer. Therefore, the
trade-off between learning complexity and the intended final image quality determines which of

these two approaches is best.

3.6 Algorithms of Deep learning MLEM

This section presents and compares the performance of various CT reconstruction algorithms

augmented with deep learning approaches. Two hybrid techniques are compared:

e Maximum Likelihood Expectation Maximization followed by CNN denoising (MLEM +
DnCNN).
e Learnable Maximum Likelihood Expectation Maximization integrated with CNN
(Learnable MLEM).
Each approach is evaluated under varying levels of Gaussian noise to assess its robustness and

image quality.

3.6.1 Architecture of MLEM+DnCNN denoiser

This method combines the iterative MLEM algorithm, known for its ability to reconstruct
images faithfully under noisy or incomplete data, with a convolutional neural network
(DNCNN) for denoising. The process involves applying MLEM to generate an initial
reconstruction, which is then refined by a CNN trained to reduce residual noise and artifacts.
This hybrid approach leverages both the statistical robustness of MLEM and the learning power

of deep networks. Figure 3.39 show the main step of this algorithm
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Figure 3-39 : block diagram for MLEM+DnCNN architecture.

The process begins by applying the iterative MLEM algorithm on the noisy sinogram to obtain
an initial image reconstruction. This algorithm updates the reconstructed image by comparing
simulated projections with measured data, aiming to maximize the likelihood of the
observations. Next, this reconstructed image serves as input to a deep convolutional neural
network DnCNN, which is responsible for reducing residual noise and artifacts. The network’s
output estimates the noise, which is subtracted from the input image to produce a denoised
version. The network is trained by minimizing the Mean Squared Error (MSE) loss between the

denoised image and the original reference image.

Figure 3.40 represents the CNN architecture used, which consists of 5 successive convolutional
layers; each layer employs 3x3 filters. The first four layers are followed by a ReLU activation
function, while the last layer produces the final output without any activation. This design, which
excludes pooling layers, allows the network to maintain the fine spatial resolution necessary for

accurate tomographic image reconstruction.
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Input (Noisy image)

Output (denoised image)

Conv2D

Figure 3-40 : Architecture of CNN used in MLEM+DnCNN.

The figures below illustrate the reconstruction results of the Phantom Sheep-Logan image using
the conventional MLEM algorithm and the enhanced MLEM+DnCNN method

e Case 1: Gaussian noise with standard deviation = 0.05

MLEM Reconstruction CNN denoiser

Figure 3-41 .reconstruction results on the Phantom Sheep-Logan image with Gaussian noise

(0=0.05), showing the MLEM Reconstruction, and CNN denoising.
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e Case 2: Gaussian noise with standard deviation o= 0.1

(€] [¥]

MLEM Reconstruction CNN denoiser

Figure3-42 : reconstruction results on the Phantom Sheep-Logan image with Gaussian

noise (6=0.1), showing the MLEM Reconstruction, and CNN denoising.

e Case 3: Gaussian noise with standard deviation o= 0.2

MLEM Reconstruction CNN denoiser

Figure 3-43: reconstruction results on the Phantom Sheep-Logan image with Gaussian noise
(0=0.2), showing the MLEM Reconstruction, and CNN denoising.

e Case 4: Gaussian noise with standard deviation o= 0.3

MLEM Reconstruction CNN denoiser

Figure 3-44 : reconstruction results on the phantom shepp Logan image with Gaussian noise
(6=0.3), showing the MLEM Reconstruction, and CNN denoising.
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Table 3.18 represents Quantitative comparison between FBP and FBP+DnCNN reconstruction for
Phantom Sheep-Logan image

Table3. 18 : Quantitative comparison between FBP and FBP+DNnCNN reconstruction for Phantom
Sheep-Logan image.

Methods MLEM reconstruction CNN denoised reconstruction

Metrics | MSE |PSNR[SSIM | D, | D, | MSE |[PSNR[SSIM| D, | D

p

0=0.05 | 0.002766 | 25.58 | 0.6435 | 0.0271 | 4.76 | 0.000397 | 34.01 | 0.9867 | 0.0075 | 0.82

0=0.1 | 0.004447 | 23.52 | 0.5715 | 0.2472 | 0.2957 | 0.000562 | 32.50 | 0.9298 | 0.0755 | 0.0973

0=0.2 |0.010259 | 19.89 | 0.4981 | 0.3511 | 0.4297 | 0.001226 | 29.11 | 0.8731 | 0.1155 | 0.1470

0=0.3 | 0.019291 | 17.15 | 0.4456 | 0.4470 | 0.5424 | 0.002148 | 26.68 | 0.7829 | 0.1534 | 0.1929

We can see that using MLEM alone does not give very good results, especially when the noise
level is high. This is because we only used 20 iterations, which is not enough to get a good-
quality image. However, when we use DNCNN after MLEM, the image quality improves a lot.
The DnCNN network removes noise well and makes the image clearer and more accurate.
Metrics confirm this improvement. This shows that combining MLEM with a network like
DnCNN is a good solution to improve reconstruction, even when the data is noisy. The figures
below illustrate the reconstruction results of the brain image using the conventional MLEM
algorithm and the enhanced MLEM+DnCNN method:

e Case 1: Gaussian noise with standard deviation o= 0.05

MLEM Reconstruction CNN denoiser

Figure 3-45 : reconstruction results on the Brain image with Gaussian noise (¢=0.05), showing
the MLEM Reconstruction, and CNN denoising
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e Case 2: Gaussian noise with standard deviation o= 0.1

MLEM Reconstruction CNN denoiser
Figure 3-46: reconstruction results on the Brain image with Gaussian noise (¢=0.1), showing
the MLEM Reconstruction, and CNN denoising.

e Case 3: Gaussian noise with standard deviation o= 0.2

. |

MLEM Reconstruction CNN denoiser

Figure 3-47 : reconstruction results on the Brain image with Gaussian noise (6=0.2), showing the MLEM

Reconstruction, and CNN denoising

e Case 4: Gaussian noise with standard deviation o= 0.3

£

MLEM Reconstruction CNN denoiser

Figure3. 3-48 : reconstruction results on the Brain image with Gaussian noise (¢=0.3), showing the
MLEM Reconstruction, and CNN denoising.
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Table 3.19 represents Quantitative comparison between MLEM and MLEM+DnCNN

reconstruction of brain image.

Table3. 19: Quantitative comparison between MLEM and MLEM+DnCNN reconstruction of brain
image.

Methods MLEM reconstruction CNN denoised reconstruction

Metrics |MSE |[PSNR[SSIM| D, | D, |MSE |[PSNR[SSIM| D, | D,

0=0.05 0.000872 | 30.60 | 0.6468 | 0.1572 | 0.1948 | 0.000192 | 37.16 | 0.9285 | 0.0638 | 0.0897

0=0.1 0.002309 | 26.37 | 0.5601 | 0.2402 | 0.3070 | 0.000291 | 35.36 | 0.9195 | 0.0789 | 0.1105

0=0.2 0.007739 | 21.11 | 0.4787 | 0.3896 | 0.4937 | 0.000695 | 31.58 | 0.8485 | 0.1209 | 0.1718

0=03 0.017113 | 17.67 0.4244 | 0.5131 | 0.6269 | 0.001706 | 27.68 0.7008 | 0.1872 | 0.2740

The figures below illustrate the reconstruction results of the image (a) using the conventional
MLEM algorithm and the enhanced MLEM+DnCNN method

e Case 1: Gaussian noise with standard deviation o= 0.005

MLEM Reconstruction CNN denoiser

Figure3-49 : reconstruction results on the Image (a) with Gaussian noise (6=0.005), showing

the MLEM Reconstruction, and CNN denoising.
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e Case 2: Gaussian noise with standard deviation o= 0.1

MLEM Reconstruction CNN denoiser

Figure 3-50 : reconstruction results on the Image (a) with Gaussian noise (¢=0.1), showing the
MLEM Reconstruction, and CNN denoising.

e Case 3: Gaussian noise with standard deviation = 0.03

MLEM Reconstruction CNN denoiser

Figure 3-51 : reconstruction results of the Image (a) with Gaussian noise (¢=0.03), showing the

MLEM Reconstruction, and CNN denoising.

e Case 4: Gaussian noise with standard deviation = 0.07

MLEM Reconstruction CNN denoiser

Figure 3-52 reconstruction results of the Image (a) with Gaussian noise (6=0.07), showing the
MLEM Reconstruction, and CNN denoising.
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Table3. 20 : Quantitative comparison between MLEM and MLEM+DnCNN reconstruction for

Image (a).
Methods MLEM reconstruction CNN denoised reconstruction
Metrics | MSE PSNR | SSIM Dy D, MSE PSNR | SSIM Dy D,

(dB) (dB)

0=0.005 | 0.002194 | 26.59 | 0.7972 | 0.1375 | 0.1500 | 0.000290 | 35.37 | 0.9375 | 0.0402 | 0.0529

0=0.03 0.003932 | 24.05 | 0.6535 | 0.1616 | 0.1994 | 0.000942 | 30.26 | 0.7246 | 0.0746 | 0.0974

0=0.07 0.002389 | 26.22 | 0.7397 | 0.1402 | 0.1567 | 0.000382 | 34.18 | 0.9077 | 0.0448 | 0.0605

0=0.1 0.003064 | 25.14 | 0.6882 | 0.1499 | 0.1773 | 0.000592 | 32.27 | 0.8597 | 0.0551 | 0.0758

Based on the result obtained, the MLEM + DnCNN method provides a powerful solution for
image reconstruction in noisy environments. MLEM ensures statistically accurate reconstruction,
but may leave visible noise when limited iterations are used. By combining it with DnCNN a
neural network specialized in denoising the final image becomes cleaner, sharper, and closer to
the ground truth. This hybrid approach merges the mathematical robustness of iterative
algorithms with the adaptive capabilities of deep learning, making it an effective tool for

enhancing medical image quality, even when dealing with incomplete or highly noisy data.

3.6.2 Architecture Learnable MLEM

Learnable MLEM is an innovative approach that enhances the classical iterative MLEM
algorithm by integrating adaptive filtering layers based on convolutional neural networks. This
method automatically learns optimal filtering parameters at each iteration, enabling better noise
control and improved reconstruction quality. We show in figure 3.53 block diagram of the main

steps of this method.
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Figure 3-53 : the block diagram for learnable MLEM architecture.

In this algorithm, the first step is to load the original image, then preprocessed, notably resized to
a standard size to standardize dimensions and facilitate subsequent processing. This resizing is
crucial to ensure compatibility with the system matrix used to simulate projections and back
projections. After this preprocessing, the sinogram is generated from the resized image by
simulating CT projections at various angles. This raw sinogram, often noisy, is then filtered by a
convolutional neural network (CNN) designed to reduce noise and correct artifacts present in the
data. Finally, image reconstruction is performed through an iterative MLEM loop enhanced by
this adaptive filtering, where the image is updated at each iteration to converge toward a more
accurate and less noisy reconstruction. This complete pipeline ensures improved reconstruction

quality by combining the strengths of deep learning and classical methods.

Input (sinogram) Qutput (reconstructed image)
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Figure 3-54 : CNN architecture for learnable MLEM.
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Figure 3.55 shows reconstruction result of phantom sheep Logan image using learnable MLEM

EE

Reconstruction at epoch 0 Reconstruction at epoch Reconstruction at epoch

250 500

Reconstruction at Reconstruction at
epoch 750 epoch 1000

Figure 3-55 : reconstruction result of phantom sheep logan image using Learnable MLEM
algorithm (0 to 1000) epochs.

Based on the results obtained, the image reconstructed using the Learnable MLEM model shows
rapid and significant improvement. Starting from the first epochs, the reconstruction improves
rapidly, with a clear reduction of noise and enhancement of structural details. Unlike methods
such as Learnable FBP, which often require more than 10,000 epochs to converge, this model
achieves high-quality reconstruction in just 1000 epochs or less. This highlights the efficiency
and fast learning capability of the CNN applied to the sinogram, combined with the strength of
the MLEM algorithm.
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Figure 3.56 show reconstruction result of brain image using learnable MLEM

Reconstruction at epoch 0 Reconstruction at epoch 250 Reconstruction at epoch 500

Reconstruction at epoch 750 Reconstruction at epoch 1000

Figure 3-56 : reconstruction result of brain image using Learnable MLEM algorithm (0 to 1000) epochs.

Table3.21 represents Performance of Shepp-Logan Phantom and Brain Image at Different Training

Epochs using Learnable MLEM

Table3. 21 : Performance of Shepp-Logan Phantom and Brain Image at Different Training Epochs
using Learnable MLEM.

Methods Phantom shepp logan image Brain image
Metric MSE PSNR | SSIM Dy D, MSE PSNR | SSIM Dy D,
epochQ 0.015272 | 18.16 | 0.3719 | 0.5787 | 0.4213 | 0.054191 | 12.66 | 0.3790 | 0.0508 | 0.9492

Epoch250 | 0.000194 | 37.12 | 0.9258 | 0.9883 | 0.0117 | 0.000663 | 31.78 | 0.9002 | 0.9902 | 0.0098

Epoch500 | 0.000126 | 38.99 | 0.9563 | 0.9909 | 0.0091 | 0.000331 | 32.75 | 0.9102 | 0.9908 | 0.0092

Epoch750 | 0.000102 | 39.89 | 0.9684 | 0.9913 | 0.0087 | 0.000168 | 33.29 | 0.9129 | 0.9918 | 0.0082

Epoch1000 | 0.000089 | 40.51 | 0.9718 | 0.9918 | 0.0082 | 0.000095 | 33.42 | 0.9136 | 0.9927 | 0.0073

Page 79



Chapter 3 Implementation of CT Image Tomography Reconstruction Analytic and Iterative
Algorithms: Conventional & Learnable by CNN.

The Learnable MLEM (Maximum Likelihood Expectation Maximization) model, enhanced
by a Convolutional Neural Network (CNN), represents a significant advancement in CT image
reconstruction. Unlike Learnable FBP, which often require over 10,000 training epochs,
Learnable MLEM achieves optimal reconstruction quality in fewer than 1,000 epochs. This
efficiency stems from two main strengths: the statistical robustness of MLEM in handling noisy
projections, and the CNN’s ability to refine details and reduce artifacts. Together, they form a
powerful synergy that enables fast, accurate, and noise-resilient reconstruction, making
Learnable MLEM one of the most effective models available. Figure3.58 show the loss curve
demonstrates a rapid convergence, dropping from 0.0152 to 0.000089 within just 1000 epochs.

This indicates that the model successfully learns and refines the reconstruction through iterative

updates.
Learnable MLEM Loss vs Epochs
—e— Learnable MLEM Loss
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Figure 3-57 : Loss curve (MSE) evolution for the Learnable MLEM model.
Synthesis

Based on the results obtained, a clear distinction can be made between the performances of the
four tested reconstruction algorithms. The Filtered Back Projection (FBP) + DNCNN approach
combines a traditional analytical reconstruction with a denoising network, offering a slight
enhancement but remaining limited in highly noisy conditions. The Learnable FBP improves
upon this by integrating a trainable network, yet requires a large number of epochs to reach

acceptable quality, reducing its training efficiency.
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The MLEM + DnCNN method achieves better image quality due to the statistical strength of
MLEM and the denoising power of CNN, but the CNN is applied after reconstruction, which
limits joint optimization. In contrast, the Learnable MLEM algorithm integrates the CNN
directly within the iterative reconstruction loop, allowing for simultaneous learning and
correction. This fusion significantly improves both reconstruction quality and training efficiency,
achieving strong results with fewer epochs. Therefore, Learnable MLEM stands out as the

most powerful and accurate method among all four models.
Table3. 22 represent the difference between learnable FBP and Learnable MLEM

Table3. 22 : Difference between learnable FBP and Learnable MLEM.

Criterion Learnable FBP Learnable MLEM
CNN 8 layers 4 layers
Number of 32 64
filter
Noise high low
sensitivity
Reconstruction Good Excellent
quality
Required More than 10000 Less than 1000
epochs

Time for epoch

Fast

Slower (due to MLEM

iteration)

3.7 Conclusion

In this chapter, two major families of tomographic reconstruction methods were studied:
analytical methods, represented by Back projection and Filtered Back projection (FBP), and
iterative methods, represented by SART and MLEM.

A comparative performance analysis highlighted that FBP and MLEM were the most effective

within their respective categories. Based on this observation, these two methods were selected
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for enhancement using deep learning techniques, with the aim of combining the mathematical

rigor of classical models with the adaptability of neural networks.

As a result, four hybrid approaches were developed: the first combines FBP with a denoising
convolutional neural network (FBP + DnCNN), and the second applies the same concept to
MLEM (MLEM + DnCNN). The other two approaches go a step further by integrating learning
directly into the reconstruction process: this is the case for Learnable FBP, where the filters are
optimized during training, and Learnable MLEM, which combines the iterative structure of
MLEM with trainable CNN modules.

Experimental results have shown that these hybrid methods provide significant improvements
over classical approaches, both quantitatively (lower MSE, higher PSNR and SSIM) and
qualitatively (visually enhanced reconstructions). In particular, Learnable MLEM emerged as the
most effective method, successfully leveraging the expressive power of deep learning and the

robustness of maximum likelihood estimation.

These findings underscore the potential of hybrid approaches in the field of tomography,
especially in challenging scenarios involving noisy, sparse, or incomplete data. Integrating deep
learning into classical reconstruction frameworks paves the way for more accurate, robust, and

application-oriented imaging solutions in clinical and industrial contexts.
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General Conclusion

This thesis presented a comprehensive study, detailed implementation, and optimization of
various image reconstruction techniques in parallel tomography, integrating both conventional
methods (analytical and iterative) and recent approaches based on deep learning.

Noisy data are considered in this study. The noise is additive Gaussian with various levels, to
check the robustness of the algorithms against noise. The implementations of the conventional

algorithms are first performed; namely: for analytic tomography algorithms:

» Back projection (BP): this algorithm is tested on different data sets. the quality of
reconstruction is discussed versus the number of projections (max=180 projections).
> FBP: in addition to the number of projections, three type of filters filter are used in our

simulations.

The obtained results highlight the superiority of FBP allowing a significant enhancement of the

reconstructed image quality. the calculated metrics are in total agreement with the visual quality.
For iterative tomography algorithms:

» Maximum Likelihood Expectation Maximization (MLEM) algorithm proved to be more
effective than the Simultaneous Algebraic Reconstruction Technique (SART) and
analytic BP and FBP, especially in scenarios involving noisy data.

» Simultaneous Algebraic Reconstruction Tomography (SART): allows a significant
quality enhancement comparing to FBP and BP. The robustness against noise of SART is

also proved.

Based on these observations, FBP and MLEM were selected as solid foundations for the
development of hybrid methods integrating Convolutional Neural Networks (CNNs). Four

hybrid architectures were implemented in this study:

1. FBP + DnCNN, combining fast analytic reconstruction FBP with learned CNN denoising;

2. Learnable FBP (FBP_CNN_Net), where the filters are learned during training; so CNN is
integrated in the FBP scheme.

3. MLEM + DnCNN, embedding the CNN after the iterative loop (post processing);

4. Learnable MLEM (MLEM_CNN_Net), merging the statistical formulation of MLEM

with deep learning optimization ( CNN) in a fully trainable framework.
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General Conclusion

Experiments conducted on both ideal synthetic images (Shepp-Logan phantom) and real medical
images (brain scans) demonstrated significant improvements in reconstruction quality across all
hybrid methods, both quantitatively (MSE, PSNR, SSIM, D; and D,,) and qualitatively (visual
evaluation). Among the tested approaches, Learnable MLEM stood out as the best-performing
method, successfully combining the accuracy of iterative algorithms with the adaptive power of

neural networks.

In conclusion, this work confirms that the future of tomographic reconstruction lies in the
intelligent hybridization of classical physical models with the adaptive capabilities of artificial
intelligence, paving the way for more precise, robust, and clinically relevant reconstructions

which in turn gives precise medical decisions..
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