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Abstract. This study addresses the optimization of MRI acquisition protocols to 

improve the estimation of brain microstructure descriptors, with a focus on the myelin 

fraction. The problem is formulated as a binary optimization task with constraints, 

where each decision variable encodes whether a specific repetition time is included 

in the protocol. Each candidate protocol is evaluated through an objective function 

that quantifies the relative error in the estimation of the myelin fraction. Different 

approximate optimization strategies were analysed, including local search and 

memetic algorithms with and without explicit diversity control. Under realistic 

acquisition conditions, population-based strategies outperformed both local search 

and fixed reference protocols, reducing the relative estimation error by over 30%. 

These findings highlight the potential of systematic optimization in MRI acquisition 

protocol design. 
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1 Introduction 

 

Since ancient times, human beings have sought to understand their existence and the world around them, questioning the 

origins of thought, emotions, behaviour, and wisdom. These concerns sparked the study of the brain, which is now recognized 

as one of the most complex structures in the human body. Composed of millions of neurons interconnected through axons 

and dendrites, this organ regulates vital functions and supports higher cognitive processes such as memory and reasoning 

(Manes, 2014). In antiquity, brain analysis was only possible through post-mortem dissections; over time, scientific advances 

made it possible to develop techniques for its study in living organisms. However, this progress faced significant technical 

challenges, particularly in image acquisition, due to the brain’s location within the skull, a rigid bony structure, and the soft 

nature of neural tissue. In response to these limitations, neuroimaging techniques have revolutionized both the clinical and 

scientific fields, allowing the indirect recording of its structure and function through physical signals (Buxton, 2009). 

 

Among neuroimaging techniques, magnetic resonance imaging (MRI) has become essential due to its ability to generate high-

resolution anatomical and functional images without ionising radiation. Its operation is based on the interaction between 

magnetic fields and the protons found in biological tissues. When these protons are aligned by a magnetic field and excited 

by radiofrequency pulses, they emit signals detectable by the scanner's sensors, which are computationally transformed into 

three-dimensional representations of the human brain (Jack et al., 2015; Braskie & Thompson, 2014). Because of its non-

invasive nature, versatility, and high resolution, MRI is now one of the principal tools for studying the central nervous system. 
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Given its wide range of clinical and research applications, MRI demands meticulous experimental planning that carefully 

considers the configuration of acquisition parameters, the overall protocol design, and the associated analysis strategies. These 

technical aspects are closely interrelated, demanding a balance between diagnostic quality, operational feasibility, and 

methodological consistency (Jenkinson & Chappell, 2018). In practice, key parameters such as repetition time (𝑇𝑅) and echo 

time (𝑇𝐸) are often set according to default values provided by the equipment. These configurations, typically derived from 

empirical knowledge and technological limitations, may not result from a formal optimization process. 

 

This approach reveals an opportunity to refine acquisition protocols from a computational and systematic perspective. 

Although traditional settings have proven to be functional, they leave room for exploring alternatives that could improve data 

quality and the estimation of physiological parameters. Given the technical and multidimensional complexity involved in 

designing acquisition protocols in MRI, it is appropriate to address this challenge from a computational approach oriented 

towards efficient decision-making. In this regard, optimization emerges as a tool that offers a mathematical and computational 

framework to select specific configurations based on established criteria (Jiménez Lozano, 2009). Many of these problems 

exhibit a combinatorial nature and interaction among variables, classifying them as NP-hard, where optimal solutions are not 

guaranteed in a reasonable time. This limitation led to the development of heuristic methods, which, although not ensuring 

global optima, can provide high-quality solutions within acceptable timeframes. Among these, local search methods stand out 

for their applicability; they start from an initial solution and refine it iteratively until no further improvement is possible 

(Martí, 2004). 

 

To overcome heuristic limitations, metaheuristics emerged as general and robust strategies capable of exploring vast search 

spaces, avoiding local optima, and adapting to complex problems (Osman & Kelly, 1996). Evolutionary algorithms (EAs), 

inspired by biological evolution, are among the most representative. These algorithms work on populations of solutions 

evolving through selection, recombination, and mutation, allowing parallel and flexible search (Hernández et al., 2007). Under 

these heuristic and metaheuristic frameworks, memetic algorithms (MAs) emerged as a promising approach that combines 

the global exploration of EAs with local refinement, enhancing solution quality (Moscato & Cotta, 2003). Recent 

developments have incorporated diversity control mechanisms into MAs to prevent premature convergence and promote a 

better balance between exploration and exploitation. This is especially relevant in multimodal problems like MRI protocol 

design. Studies such as Lugo et al. (2022) have shown that actively managing population diversity, through similarity 

measures, can improve the effectiveness of the optimizers. 

 

Within this field, various studies have explored the practical application of algorithmic approaches in the context of magnetic 

resonance imaging. While most efforts have focused on improving the quality of the images once acquired, through 

reconstruction, segmentation, or artefact reduction techniques (Escorza Aguilar, 2016; Bandala Álvarez & González Pérez, 

2023; Cárdenes Almeida et al., 2008), proposals have also been developed to optimize key aspects of the acquisition process, 

such as scan time reduction (Adria et al., 2009; Alexander, 2008), protocol parameter adjustment (Wright, Hu, & Macovsky, 

1991; Wright, Nishimura, & Macovsky, 1991; Conversano et al., 2012), or the geometry of the involved devices (Tritrakarn, 

Takashi, & Okamura, 2024). These contributions reflect a growing interest in integrating advanced computational 

methodologies into the experimental design of medical imaging, aiming to improve the efficiency, precision, and clinical 

application of MRI studies. 

 

Despite these advances, the studies that focused on the correct estimation of the relaxation parameters have omitted the 

optimization on the number of MR acquisitions, for instance, by using a fixed set of 60 MR acquisitions (Canales-Rodríguez, 

Pizzolato, Piredda, et al., 2021; Yu et al., 2021), and 1000 fixed for synthetic and 32 for in vivo data (Canales-Rodríguez, 

Pizzolato, Yu, et al., 2021) . This omission may limit improvements in subsequent analysis phases, where optimization is 

more commonly applied. Based on the above, this study hypothesises that there is still room for improvement in the selection 

of acquisition parameters for MRI experimental design, beyond what is achieved through configurations based on the 

knowledge of experts and empirical adjustments. Building on this hypothesis, this study addresses the problem at its root by 

adapting approximate combinatorial optimization techniques to automatically define acquisition configurations based on 

physiologically realistic simulations and experimental constraints. We employ both local heuristics and population-based 

metaheuristics, incorporating diversity control mechanisms to analyse the premature convergence issue and to improve search 

efficiency. The aim is to obtain robust and feasible protocols that enhance the estimation of key physiological parameters, 

particularly the myelin percentage, which is clinically relevant due to its association with neurodegenerative diseases. While 

the primary purpose of this paper is to advance the state of the art in the optimization of MRI acquisition protocols, some of 

the most recent methodologies in the design of memetic algorithms, including techniques to explicitly manage the diversity 

of the population are integrated with the aim of exploring which techniques are the most adequate for this specific problem. 

An important methodological advance relies on the definition of a new distance metric for binary-encoded solutions. While 
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this metric considers some problem-specific knowledge, it might be extended to other domains. The optimization code for 

our proposal is freely available at the mri-p-optimization repository (Ruiz-Olais & Aguilar-Salinas, 2026). 

 

From this point forward, the article is structured as follows. Section 2 presents the nature of the problem and its computational 

formulation, addressing key aspects of MRI acquisition. Section 3 introduces a computational cost reduction strategy and 

describes the proposed algorithms. Section 4 reports the experimental results, comparing the performance of the proposed 

methods with reference protocols, with emphasis on estimation accuracy and diversity preservation in population-based 

algorithms. Finally, Section 5 presents the conclusions and outlines potential future research directions. 

 
 

2 Problem Formulation 

 

The development of effective methodologies for optimizing protocols used in MRI acquisition aimed at improving the 

estimation of parameters associated with brain microstructure constitutes the primary focus of this research. In particular, the 

aim is to design acquisitions that maximize the estimation quality of brain-microstructure model parameters without 

compromising experimental feasibility or unnecessarily extending the acquisition time. 

 

This study focuses on the optimal data acquisition for estimating multi-compartimental tissue size compartments and the 

longitudinal (𝑇1) and transverse (𝑇2) relaxation parameters. In particular, the estimation of the percentage of myelin inside 

brain regions is useful for the diagnosis of multiple sclerosis (Canales-Rodríguez, Pizzolato, Piredda, et al., 2021). Each 

acquisition protocol is defined by a set of machine parameters, namely sets of 𝑇𝑅 and trains of 𝑇𝐸, whose configuration 

directly influences the recorded signal and, consequently, the ability to estimate tissue fractions associated with myelin, 

intra/extracellular spaces, and cerebrospinal fluid (CSF). The optimal selection of these parameters involves a problem of 

combinatorial nature, subject to technical, physiological, and computational constraints. 

 

2.1 Nature and Foundations of the MRI Acquisition Problem 
 

MRI is a non-invasive imaging technique that allows the characterization of the physical properties of biological tissues, being 

particularly relevant in the study of brain structure. Its operation is based on the behaviour of hydrogen protons when subjected 

to a strong magnetic field. These protons align with the field and, when excited by a radiofrequency pulse, generate a signal 

that is captured to reconstruct the image (Buxton, 2002). 

 

Two key machine-controlled parameters in this process are the 𝑇𝑅, which represents the interval between two successive 

excitation pulses, and the 𝑇𝐸, which is the time between the application of the pulse and the acquisition of the signal. The 

choice of these parameters directly influences the sensitivity of the image to certain characteristics of the biological tissue 

microstructure as follows. The brain tissue microstructure is composed of several compartments, which are defined in the MR 

context by their compartment sizes and their magnetic-interaction profiles as is detailed below. The MR signal contrasts 

among different tissues due to the 𝑇𝑅 and 𝑇𝐸 values are governed by their intrinsic properties, specifically their relaxation 

times. The 𝑇1 parameter describes how quickly protons realign with the magnetic field after being excited and is determined 

primarily by complex magnetic interactions that correlate with the intrinsic hydrogen Larmor frequency, while 𝑇2 reflects the 

rate at which protons lose precessing phase-coherence in their transverse magnetization component. These relaxation times 

vary depending on the magnetic interactions at a micro-scale of the tissue type (namely white matter, grey matter) and are 

responsible for differences in signal intensity. 

 

The convex-combination three-compartmental model of the signal generated for the coupled 𝑇1 − 𝑇2 relaxation phenomenon is given 

by the following expressions: 

 

𝑆0𝑇1(𝑇𝑅)  =  𝑀0  [ 𝑓𝑚 (1 − 𝑒𝑥𝑝(−
𝑇𝑅

𝑇1𝑚
))  + 𝑓𝑖𝑒 (1 − 𝑒𝑥𝑝(−

𝑇𝑅

𝑇1𝑖𝑒
)) +  (1 − 𝑓𝑚 − 𝑓𝑖𝑒

) (1 − 𝑒𝑥𝑝(−
𝑇𝑅

𝑇1𝑐𝑠𝑓
))]

 (1) 
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𝑆 (𝑇𝐸, 𝑇𝑅)  =  𝑆0𝑇1 (𝑇𝑅) [ 𝑓𝑚  𝑒𝑥𝑝(−
𝑇𝐸

𝑇2𝑚
)  +  𝑓𝑖𝑒  𝑒𝑥𝑝(−

𝑇𝐸

𝑇2𝑖𝑒
)  +  (1 − 𝑓𝑚 − 𝑓𝑖𝑒

) 𝑒𝑥𝑝(−
𝑇𝑅

𝑇2𝑐𝑠𝑓
)]

, (2) 

where, 𝑀0
 represents the initial magnetization of the tissue, 𝑇1𝑥

and 𝑇2𝑥
 are the 𝑇1 and 𝑇2 tissue relaxation values for myelin 

(𝑚 ), intra/extracellular (𝑖𝑒 ) and cerebrospinal fluid (𝑐𝑠𝑓 ) compartments, and 𝑓𝑚
, 𝑓𝑖𝑒

 and 𝑓𝑐𝑠𝑓
 are their respective size 

compartments (their % of presence) within the voxel. Additionally, residual magnetization effects may be added to the signal 

by introducing signal oscillations due to the pulse flip-angle parameter based on the EPG formalism (Canales-Rodríguez, 

Pizzolato, Piredda, et al., 2021). 

 

Synthetic signals can be generated from Equations (1) and (2). These signals can incorporate a Rician noise model, which 

allows the simulated signals to reproduce the characteristic bias at low SNR and the non-Gaussian error distribution observed 

in practice. However, there are some limitations as follows. State-of-the-art synthetic generation assumes independent, 

stationary noise added after the signal formation step, which means it cannot fully reproduce several scanner- and acquisition-

dependent effects. For example, it generally does not capture accumulated thermal noise from the receive chain 

(coil/electronics) during the acquisition, which can vary across time, channels, and acquisition conditions, and can introduce 

structured deviations that are not well described by a simple Rician draw. Likewise, synthetic signals commonly omit 

geometric aberrations and other spatially varying artefacts tied to the imaging pipeline, such as B0/B1 inhomogeneities, eddy 

currents, motion, and reconstruction-dependent correlations, unless those mechanisms are explicitly modelled. Therefore, 

while synthetic signals are extremely useful for controlled experiments (e.g., stress-testing estimators, comparing protocols, 

or generating large labelled datasets) and can realistically reproduce Rician measurement error, they may still show small 

differences from real MRI data due to acquisition hardware effects and complex physical/reconstruction phenomena that are 

difficult to model accurately and are often acquisition-, scanner-, and site-specific. 

 

In general, research works have focused on the optimal estimation of the relative contribution of tissue components, such as 

𝑓𝑚
, 𝑓𝑖𝑒

 and 𝑓𝑐𝑠𝑓
. In particular, small 𝑓𝑚

 values (<10%) may indicate a degeneration (neuronal connectivity issues) inside the 

white matter. Thus, the effectiveness of a particular acquisition protocol (a set of 𝑇𝑅 and 𝑇𝐸 values) depends on its ability to 

enhance the contrast between these components, allowing a more accurate estimation of their fractions under real experimental 

conditions. Table 1 presents a summary of the parameters used in the preceding description of the model and problem 

formulation. 

Table 1. Summary of the notation and parameters used in the multi-compartment MRI signal model. 

Symbol Description Units / range 

(M0) Initial tissue magnetization (baseline signal at (t=0)) Arbitrary signal units (a.u.) 

(T1,m) T1 (longitudinal) relaxation time of the myelin compartment s 

(T2,m) T2 (transverse) relaxation time of the myelin compartment s 

(T1,ie) T1 (longitudinal) relaxation time of the intra-/extracellular compartment s 

(T2,ie) T2 (transverse) relaxation time of the intra-/extracellular compartment s 

(T1,csf) T1 (longitudinal) relaxation time of the CSF compartment s 

(T2,csf) T2 (transverse) relaxation time of the CSF compartment s 

(fm) Signal/volume fraction of the myelin compartment within the voxel (0 ≤ fm ≤ 1) (or 0–100%) 
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(fie) Signal/volume fraction of the intra-/extracellular compartment within the voxel (0 ≤ fie ≤ 1) (or 0–100%) 

(fcsf) Signal/volume fraction of the CSF compartment within the voxel (0 ≤ fcsf ≤ 1) (or 0–100%) 

 

2.2 Computational Formulation of the Acquisition Problem 
 

Given the objective of optimizing acquisition configurations to improve the estimation of brain tissue parameters, the problem 

was computationally formulated to represent each protocol as a candidate solution within a defined search space. First, the set 

of candidate repetition times, denoted as 𝑇𝑅, is established using an arithmetic sequence: 

 𝑇𝑅  = {𝑇𝑅𝑖 = 100 + 200(𝑖 − 1) | 𝑖 =  1, 2, . . . , 𝑁} 𝑚𝑠  (3) 

where 𝑁 = 100, covering a range from 100 𝑚𝑠 to 19900 𝑚𝑠. Conversely, the set of echo times remains fixed throughout 

the study and is formally defined as 𝑇𝐸: 

 𝑇𝐸  = {𝑇𝐸𝑗 =  0.007 ⋅ 𝑗 | 𝑗 = 1, 2, . . . , 10} 𝑠  (4) 

This representation provides a compact and structured modeling of the solution space, facilitating the application of search 

and optimization techniques. 

Under these definitions, each candidate protocol 𝑃 is represented as a binary vector 𝑥 ∈ {0, 1}𝑁 , where 𝑥𝑖  = 1 denotes that 

the repetition time 𝑇𝑅𝑖
 has been selected, while 𝑥𝑖  =  0 denotes its exclusion.  

 

Each protocol must satisfy constraints that ensure experimental feasibility and compliance with clinical conditions. The train 

of 𝑇𝐸𝑗
 acquisitions occur inside the TR time frame, thus, TR is the acquisition parameter that defines the maximal time the 

patient spends inside the machine. For ergonomy constraints, it is always desirable to minimize this time. Then, an upper 

bound is imposed on the total duration of the protocol. This constraint is formally defined as: 

 ∑𝑁
𝑖 = 1 𝑥𝑖 ⋅ 𝑇𝑅𝑖 ≤  𝑇𝑚𝑎𝑥

 (5) 

where 𝑇𝑚𝑎𝑥
 represents the maximum acquisition time allowed. 

 

2.3 Objective Function 
 

Once the computational representation of the problem has been defined, it is necessary to establish a mechanism to 

quantitatively evaluate the quality of a candidate solution. For this purpose, an objective function was designed to estimate 

the error associated with each acquisition configuration, modelling the signal’s features through a simulation for relevant 

physical and tissue parameters. 

 

Given a binary vector 𝑥, the acquisition protocol 𝑃 is constructed by selecting the repetition times 𝑇𝑅𝑖
 for which 𝑥𝑖  = 1. This 

specific subset of active repetition times is then combined with the fixed set of echo times 𝑇𝐸 to define the simulation 

conditions. 

 

Based on these conditions, a synthetic signal is generated using the biophysical model (2) that incorporates relevant parameters 

such as the myelin fraction(𝑓𝑚
), intra- and extracellular water content(𝑓𝑖𝑒

), CSF(𝑓𝑐𝑠𝑓), and the 𝑇1 and 𝑇2 relaxation times 

associated with each compartment. To evaluate the accuracy of a given 𝑃, Ground-Truth (GT) values for the myelin fraction 

(𝑓𝑚−𝐺𝑇
) are defined, which are then used to simulate the corresponding signals. Subsequently, the inverse problem is solved: 

given the generated signal, the value of 𝑓𝑚
 is re-estimated through the numerical optimization curve fitting using Python’s 

curve_fit function. The estimation error is computed as the absolute difference between the estimated value (𝑓𝑚
) and its 

reference (𝑓𝑚−𝐺𝑇
)  values, averaged over the total number of simulated voxels (𝑣) . The computational procedure is 

summarised in Algorithm 1, where, formally, the objective function for a protocol 𝑃 is defined as: 
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𝑓(𝑃)  =  
1

𝑣
 ∑𝑣

𝑖=1  | 𝑓𝑚,𝑖  −  𝑓𝑚−𝐺𝑇,𝑖  |
, (6) 

 

where 𝑃 represents the acquisition protocol defined by the selected values of  𝑇𝑅  and  𝑇𝐸 , 𝑓𝑚,𝑖
 is the estimated myelin 

fraction at voxel 𝑖, 𝑓𝑚−𝐺𝑇,𝑖
 is the reference value of the myelin fraction at 𝑖 and 𝑣 is the total number of evaluated voxels. 

Then, the P that minimizes (6) defines the MR-acquisition conditions that allow the best way to interrogate the brain tissue in 

order to accurately estimate tissue parameters, as for instance, 𝑓𝑚,𝑖 . Despite the fact that all tissue parameters may be relevant 

to diagnose diseases, we focus our methodology on the estimation of the % of myelin which has been widely used in the 

diagnosis of, for instance, multiple sclerosis (Canales-Rodríguez, Pizzolato, Piredda, et al., 2021). 
 

Algorithm 1 Objective Function Evaluation.  

Require: 𝑇𝑅(set of selected repetition times), SNR(signal-to-noise ratio), seed(random 
seed), 𝑣(number of voxels). 
 
1. // Generate 𝑣 synthetic ground-truth signals 𝑆𝐺𝑇

. 
2. for each experiment 𝑖 in 𝑣 do 
3.   randomly generate GT tissue fractions [𝑓𝑚−𝐺𝑇

, 𝑓𝑖𝑒−𝐺𝑇
, 𝑓𝑐𝑠𝑓−𝐺𝑇

]. 
4.   generate relaxation times 𝑇1 and 𝑇2 for m, ie, csf. 
5.   randomly generate a flip-angle. 
6.   simulate signal 𝑆 using 𝑓𝑚−𝐺𝑇

, 𝑓𝑖𝑒−𝐺𝑇
, 𝑓𝑐𝑠𝑓−𝐺𝑇

, 𝑇1, 𝑇2, flip, 𝑇𝑅, 𝑇𝐸, eqns. (1) and 
(2). 
7.   add Rician noise to 𝑆 using the specified 𝑆𝑁𝑅. 
8.   estimate optimal 𝑓𝑚

 and the rest using curve fitting numerical optimization. 
9.   compute the estimation error for voxel 𝑖: |𝑓𝑚 ,𝑖  −  𝑓𝑚−𝐺𝑇,𝑖  |. 
10.  end for 
11.  Return: Mean estimation error using eq. (6).  

 

3 Algorithmic Proposals 

 

Memetic algorithms are one of the most successful strategies to deal with complex optimization problems (Neri & Cotta, 

2012). They base their success on properly combining population-based and trajectory-based heuristics (usually a hill-

climbing local search) to properly balance exploration and intensification. One of their most important drawbacks is the large 

number of generations required to reach high-quality solutions. Thus, they are not always feasible for solving problems with 

high computational cost evaluations. Taking this into account, as well as the high computational cost associated with the 

evaluation of MRI acquisition protocols under realistic conditions, we developed a specific strategy to reduce the simulation 

time without significantly affecting the analysis quality. Once this methodology is explained, the optimization methods are 

described. First, a local search algorithm is implemented as a standalone strategy; subsequently, to avoid local optima, this 

procedure is integrated into a memetic algorithm. In this memetic scheme, local search acts as a refinement operator on the 

offspring, so that the evolutionary process operates on locally optimized configurations. Moreover, the workflow incorporates 

an explicit diversity management during survivor selection to deal explicitly with the premature convergence issue. 

 

This section details the design of these approaches, covering both the evaluation cost reduction and the optimization methods 

that balance global exploration with local exploitation. 

 

3.1 Strategy to Reduce Evaluation Cost 
 

The evaluation of each acquisition protocol P requires simulating its behavior across multiple tissue units, commonly referred 

to as voxels. These represent elementary volumes within a three-dimensional image and allow localized modeling of the MRI 

signal generated by different configurations. However, simulating a protocol over a large set of voxels under realistic 

conditions entails a high computational cost, especially when large numbers of solutions must be evaluated. 
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To address this difficulty, a procedure was developed to reduce the number of voxels while maintaining representative results. 

The strategy consisted in estimating how many voxels were sufficient to properly approximate the quality order in the relative 

error of myelin fraction estimation. First, 200 randomly generated acquisition protocols were evaluated with 200 voxels and 

sorted by quality to use them as a reference. Then, subsets of those voxels with various sizes were generated and the new 

rankings were compared to the reference using a distance metric. This analysis enabled the establishment of a fixed number 

of voxels for subsequent experiments, which allowed a significant reduction in simulation time without affecting the fidelity 

of the results. 

 

3.2 Local Search Strategy 
 

To refine individual solutions in the search space, a local search strategy based on a binary flip operator was implemented. 

This procedure explores the neighbourhood of a candidate configuration by evaluating small variations from its initial binary 

representation, accepting those changes that lead to improvements according to a specific criterion. 

 

The neighbourhood of a solution is defined as the set of configurations that differ from it by exactly one variable. This choice 

enables a reduced yet useful neighbourhood, offering controlled exploitation without incurring high computational costs. For 

each solution, a random permutation of the indices is generated, and the effect of flipping each component is examined 

sequentially. If the new solution is feasible and provides a significant reduction in the error (more than a threshold ε), it is 

accepted as the new current solution. In the case of a tie, that is, if the error difference does not exceed ε, the configuration 

with the smallest sum of 𝑇𝑅𝑠 is preferred. The process is repeated until no further improvements are observed in the 

neighbourhood. The procedure is summarised in Algorithm 2. 
 

Algorithm 2 Local Search with Flip-Based Neighborhood. 

Require: 𝑁(number of available repetition times), 𝜀(threshold of improvement) 
1. Generate a random binary solution 𝑥 ∈ { 0,1}𝑁 
2. Evaluate the initial solution: 𝑒 ←  𝑓(𝑥)  
3. Set improvement flag: 𝑖𝑚𝑝𝑟𝑜𝑣𝑒𝑚𝑒𝑛𝑡 ←  𝑇𝑟𝑢𝑒 
4. while 𝑖𝑚𝑝𝑟𝑜𝑣𝑒𝑚𝑒𝑛𝑡 =  𝑇𝑟𝑢𝑒 do: 
5.   𝑖𝑚𝑝𝑟𝑜𝑣𝑒𝑚𝑒𝑛𝑡 ←  𝐹𝑎𝑙𝑠𝑒 
6.   𝜋 ← random permutation of {1, . . . , 𝑁} 
7.   for each 𝑖 en 𝜋 do 
8.     𝑥′ ← flip the 𝑖-th variable of 𝑥 
9.     if 𝑥′ is feasible then 
10.       𝑒′ ←  𝑓(𝑥′) 
11.       if 𝑒′ <  𝑒 −  𝜀 then 
12.         𝑥, 𝑒 ←  𝑥′, 𝑒′  
13.         𝑖𝑚𝑝𝑟𝑜𝑣𝑒𝑚𝑒𝑛𝑡 ←  𝑇𝑟𝑢𝑒 
14.         break 
15.       else if |𝑒 −  𝑒′| ≤ 𝜀 𝑎𝑛𝑑 ∑

𝑖: 𝑥′𝑖 = 1
𝑇𝑅𝑖  <   ∑

𝑗: 𝑥𝑗 = 1
 𝑇𝑅𝑗

 then 

16.         𝑥, 𝑒 ←  𝑥′, 𝑒′  
17.         𝑖𝑚𝑝𝑟𝑜𝑣𝑒𝑚𝑒𝑛𝑡 ←  𝑇𝑟𝑢𝑒 
18.         break 
19.       end if 
20.     end if 
21.   end for 
22.  end while 
23.  Return 𝑥, 𝑒 

 

Despite its effectiveness in the exploitation phase, this local search strategy presents clear limitations, as will be discussed in 

the experimental validation section, due to its sensitivity to the initial configuration. Given the multimodal nature of the 

problem, the algorithm is prone to stagnation in local optima, which prevents consistently achieving high-quality solutions. 

This results in increased variability, where the final estimation quality is highly dependent on the starting point. 
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3.3 Population-Based Algorithm with and Without Diversity Control 
 

To more effectively explore the search space and overcome the limitations of local search, a memetic algorithm was 

implemented. This approach combines classical population-based evolutionary mechanisms with local refinement strategies, 

supporting both global exploration and intensive exploitation of promising solutions (Moscato & Cotta, 2003). 

 

The procedure begins with the generation of an initial population of random binary configurations, which are transformed 

into feasible protocols through a repair mechanism that randomly deselects repetition times until the total acquisition time 

does not exceed a predefined threshold. Each configuration is then subjected to local search using Algorithm 2. This step 

aims to improve each solution independently before initiating generational evolution, and in the case of the method that 

manages the population diversity explicitly, to start with a level of diversity that is not so high. 

 

Two algorithm variants were considered to evaluate the importance of managing diversity explicitly. The first corresponds to 

a version without explicit diversity control, where solutions evolve using classical operators. In particular, parents are selected 

uniformly at random, the reproduction is based on two-point crossover (Bao & Watanabe, 2009), and the survivor selection 

follows generational replacement with elitism (Eiben & Smith, 2003). Note that this replacement populates the new generation 

with the offspring and the best individual from the previous population if it outperforms the best in the new one. This version 

is described in Algorithm 3. The second variant incorporates explicit diversity control through the Best Non-Penalised (BNP) 

strategy (Lugo et al., 2022) during survivor selection. In this second version, both the quality of the solutions and their 

dissimilarity with previously selected individuals are considered, to preserve underexplored regions of the search space. The 

version with diversity control retains the same general structure as that presented in Algorithm 3, differing only in the survivor 

selection step (Line 8), which is replaced by the BNP strategy (Algorithm 4). BNP is based on establishing a lower bound on 

the distance for acceptable solutions. Given a threshold value (𝐷𝑡ℎ), and the current population and offspring, BNP iteratively 

(lines 5–22) selects the best solution that meets the condition that its distance to the nearest already-selected solutions exceeds 

the threshold (line 14). In Algorithm 4, 𝐷𝐶𝐼 stands for Distance to Closest Individual and it is in charge of calculating this 

value (lines 6–12). Another important feature of BNP is that the threshold 𝐷𝑡ℎ is dynamic. In particular, it is reduced linearly 

from a starting value (𝐷0) at the start of the optimization process to 0 at the end (line 1). Note that 𝑇𝐶𝑢𝑟𝑟𝑒𝑛𝑡 represents the 

elapsed optimization time and 𝑇𝑡𝑜𝑡𝑎𝑙 the stopping criterion. 𝐷0 is calculated as the mean of the pairwise distances of the initial 

population after applying local search. Also note that if none of the individuals meet the distance threshold, then the one with 

the longest distance is selected (lines 15–20). 
 

Algorithm 3 Memetic Algorithm considering generational replacement with elitism 

Require: 𝑁(size of population) 
1. Generate an initial population  𝑃̂0

 of 𝑁 individuals 
2. Assign 𝑖 ←  0 
3. Apply local search to each individuals in  𝑃̂0

 
4. while stopping criterion is not met do 
5.   Select parents from  𝑃̂𝑖

 using uniform random selection with replacement 
6.   Perform two-point crossover on the mating pool to generate offspring population 𝑂𝑖

 
7.   Apply local search to each individual in 𝑂𝑖

 
8.   Survivor selection strategy: generational with elitism to generate  𝑃̂𝑖 + 1

 
9.   𝑖 =  𝑖 +  1 
10. end while 
11. Return the best individual found 

 

To implement the BNP mechanism, a distance metric tailored to the problem was defined to calculate the pairwise distance 

between two individuals. This metric considers the actual differences between the selected 𝑇𝑅 in each solution, rather than 

merely their binary representations. The distance between two binary configurations 𝑥1 and 𝑥2 is calculated in both directions 

based on the active TR values. 
 

Let 𝑇𝑅1
 and 𝑇𝑅2

 be the subsets of repetition times selected by the binary vectors 𝑥1
 and 𝑥2

 respectively. Then, the distance 

𝐷 is formally defined as: 

𝐷(𝑥1, 𝑥2) = 𝐷(𝑇𝑅1, 𝑇𝑅2)  =  
1

|𝑇𝑅1| + |𝑇𝑅2|
 (∑𝑢 ∈ 𝑇𝑅1

𝑚𝑖𝑛𝑣 ∈ 𝑇𝑅2
 |𝑢 −  𝑣 |  + ∑𝑣 ∈ 𝑇𝑅2

𝑚𝑖𝑛𝑢 ∈ 𝑇𝑅1
 |𝑣 −  𝑢 | ), (7) 
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This metric enables a more informed comparison between configurations, capturing the degree of actual overlap among 

selected values. This is relevant for avoiding premature convergence during the evolutionary process.  

 

Diversity control mechanisms such as BNP have been used in other contexts to prevent premature convergence (Lugo et al., 

2022; Tang, et al., 2007). In the present study, its inclusion aims to assess whether this type of mechanism can enhance search 

space exploration and contribute to the stability and quality of the optimization process. 
 

Algorithm 4 Best Non-Penalized (BNP) Survivor Selection Strategy. 

Require: Population  𝑃̂  =  { 𝑝̂1, . . . , 𝑝̂𝑁}, Offspring 𝑂 =  {𝑜¹, . . . , 𝑜𝑁} 
1. 𝐷𝑡ℎ  = 𝐷0  − 

𝑇𝐶𝑢𝑟𝑟𝑒𝑛𝑡

𝑇𝑡𝑜𝑡𝑎𝑙

 ×  𝐷0
 

2. 𝑆𝐸𝑙𝑖𝑔𝑖𝑏𝑙𝑒  =  𝑃̂  ∪  𝑂 
3. 𝑆𝑃𝑒𝑛𝑎𝑙𝑖𝑧𝑒𝑑  = ∅  
4. 𝑆𝑁𝑒𝑤𝑃𝑜𝑝𝑜𝑢𝑙𝑎𝑡𝑖𝑜𝑛  = ∅  
5. while | 𝑆𝑁𝑒𝑤𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛  |  <  𝑁 do 
6.   for 𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙 ∈  𝑆𝐸𝑙𝑖𝑔𝑖𝑏𝑙𝑒

 do 
7.     𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙 . 𝑑𝑐𝑖 =  𝐷𝐶𝐼(𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙, 𝑆𝑁𝑒𝑤𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛) 
8.     if 𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙 . 𝑑𝑐𝑖 <  𝐷𝑡ℎ

 then 
9.       𝑆𝐸𝑙𝑖𝑔𝑖𝑏𝑙𝑒  =  𝑆𝐸𝑙𝑖𝑔𝑖𝑏𝑙𝑒  \ {𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙} 
10.       𝑆𝑃𝑒𝑛𝑎𝑙𝑖𝑧𝑒𝑑  =  𝑆𝑃𝑒𝑛𝑎𝑙𝑖𝑧𝑒𝑑  ∪  {𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙}  
11.     end if 
12.   end for 
13.   if 𝑆𝐸𝑙𝑖𝑔𝑖𝑏𝑙𝑒  ≠  ∅ then 
14.     𝑛𝑒𝑤_𝑠𝑒𝑙𝑒𝑐𝑡𝑒𝑑 =  𝑎𝑟𝑔𝑚𝑖𝑛𝑥 ∈ 𝑆𝐸𝑙𝑖𝑔𝑖𝑏𝑙𝑒

  𝑥 . 𝑒𝑟𝑟𝑜𝑟   // Ties: if |𝑥1. 𝑒𝑟𝑟𝑜𝑟 − 𝑥2. 𝑒𝑟𝑟𝑜𝑟|  ≤  𝜀 → select 
individual with lowest ∑  𝑇𝑅

 

15.   else 
16.     for 𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙 ∈  𝑆𝑃𝑒𝑛𝑎𝑙𝑖𝑧𝑒𝑑

 do 
17.       𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙 . 𝑑𝑐𝑖 =  𝐷𝐶𝐼(𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙, 𝑆𝑁𝑒𝑤𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛) 
18.     end for 
19.     𝑛𝑒𝑤_𝑠𝑒𝑙𝑒𝑐𝑡𝑒𝑑 =  𝑎𝑟𝑔𝑚𝑎𝑥𝑥 ∈ 𝑆𝑃𝑒𝑛𝑎𝑙𝑖𝑧𝑒𝑑

 𝑥 . 𝑑𝑐𝑖   // Ties are broken randomly 
20.   end if 
21.   𝑆𝑁𝑒𝑤𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛  =  𝑆𝑁𝑒𝑤𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛  ∪  {𝑛𝑒𝑤_𝑠𝑒𝑙𝑒𝑐𝑡𝑒𝑑}  
22.  end while 
23.  Return 𝑆𝑁𝑒𝑤𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛

 

 

4 Results 

 

This section presents the experimental results obtained through the application of the proposed optimization strategies. The 

evaluation focused on the ability of each approach to minimize the relative estimation error of the 𝑓𝑚
 parameter, under 

physiologically realistic conditions. To this end, representative simulation conditions were established, based on 

recommendations from experts in the field, allowing for a consistent comparison of the performance of the implemented 

methods. To ensure consistency and allow for a fair comparison among the proposed methods, uniform evaluation conditions 

were defined. The limit 𝑇𝑚𝑎𝑥
 was fixed to 50,000 ms for all experiments, the number of voxels was set to 40 in accordance 

with the analysis of the results presented in Section 4.1, and the local search improvement threshold 𝜖 was set at 0.002.  
 

The local search logic was standardized across all implementations. Whether applied as a standalone strategy or as a 

refinement operator within the memetic algorithms, the local search terminates after 100 iterations or when improvements 

within the neighbourhood of the current solution are no longer possible. For the memetic algorithms, a population of 30 

individuals and a limit of 100 generations were established. This is a relatively small population size. However, relying on 

smaller populations to increase the number of generations in computationally expensive problems is usually an effective 

strategy (León et al., 2025) to allow both exploration and exploitation. Note that due to the nature of the problem, extensive 

experimentation to evaluate the performance with different parameter values is not feasible. Thus, our validation is based on 

comparing our results against those obtained by experts.  
 

In addition, the results of the proposed methods were compared with two fixed acquisition protocols: a reference protocol 

(𝑇𝑅𝑅
), extracted from a clinical database provided by the Instituto de Neurobiología (INB) of the Universidad Nacional 
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Autónoma de México (UNAM), and an empirically derived protocol (𝑇𝑅𝐸
)  obtained by modifying the reference 

configuration to improve estimation performance. These two protocols serve as fixed baselines and are used to contextualize 

the performance of the proposed strategies. The corresponding repetition time values are listed below: 

                               𝑇𝑅𝑅  =  [0.2, 0.4, 0.8, 1.5, 3.0, 5.0]𝑠 

                                             𝑇𝑅𝐸  =  [0.4, 0.8, 1.5, 3.0, 5.0, 6.0, 8.0, 10.0, 12.0, 15.0, 18.0, 20.0, 25.0]𝑠 

(8) 

 

Note that the empirical protocol above was not forced to comply with the constraint  𝑇𝑚𝑎𝑥
.  

 

4.1 Definition of Evaluation Conditions 
 

Prior to evaluating the performance of the optimization strategies, simulation conditions were defined to determine a suitable 

number of voxels that would ensure a statistically representative analysis while reducing computational cost. This procedure 

is illustrated in Figure 1, which shows the distribution of ordering distances obtained from randomly generated voxel subsets, 

with replacement, each having a size between 1 and 50 voxels. For each size, 50 different subsets were constructed, and in 

each case, a new ranking of the 200 acquisition protocols was generated based on the relative error in myelin fraction 

estimation. The distance with respect to the reference ranking, established from the evaluation of the same 200 protocols using 

200 voxels, was computed as the sum of the differences in the positions occupied by each protocol in both rankings. 

 

As shown in Figure 1, from groups containing 40 voxels onward, the distance with respect to the reference ranking tends to 

stabilize and is small. This behaviour suggests that such a group size is sufficient to capture the ranking consistency of the 

protocols, while significantly reducing computational cost without compromising the fidelity of the analysis. A signal-to-

noise ratio (SNR) of 100 was adopted, as recommended by domain experts due to its consistency with realistic experimental 

settings (Canales-Rodríguez, Pizzolato, Piredda, et al., 2021). Both conditions were used as a baseline for all subsequent 

experiments. 
 

 

Figure 1. Distribution of distances with respect to the reference order according to the size of the voxel subset. 

 

4.2 Analysis of the Local Search Strategy 
 

As a first approximation, a local search strategy was applied through multiple independent runs. In each execution, an initial 

random solution was generated and then iteratively refined until the stopping criterion described above was met. This process 

was repeated 100 times, with the aim of analysing the robustness of the local search strategy for the addressed problem. 

 

It is important to note that the relative error is bounded between 0 and 1, where values closer to zero indicate greater estimation 

accuracy. Figure 2 presents the distribution of relative estimation error for the 𝑓𝑚
 parameter obtained from the independent 

executions. A wide dispersion of results can be observed, including outliers with errors above 0.6, which highlights the 

variability of the method and its susceptibility to getting trapped in local minima. Although some protocols achieved 
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acceptable estimations, their quality was not consistent. This behaviour led to the adoption of more robust population-based 

strategies, which are analysed in the following subsections. 
 

 

Figure 2. Distribution of the relative estimation errors for the parameter 𝑓𝑚
 obtained from the local search. The error levels achieved by 

the reference protocol (𝑇𝑅𝑅
) and the empirically derived protocol (𝑇𝑅𝐸

) are included for the reference comparison. 

 

4.3 Memetic Algorithms with and Without Diversity Control 
 

To overcome the limitations of local search, two variants of memetic algorithms (MAs) were implemented: one without 

explicit diversity control and another incorporating the BNP mechanism. Both were independently executed under the 

experimental conditions defined in Subsection 4.1, using an SNR of 100 and 40 voxels per evaluation. Each algorithm was 

run for 100 generations with a population size of 30 individuals, a constraint imposed by the high computational cost of 

evaluating each configuration. The stopping criterion was defined by the fixed number of generations. 

 

The results obtained with both memetic algorithms are presented in Figure 3. The left panel displays the distribution of relative 

estimation errors alongside the baseline values of the two fixed protocols introduced at the beginning of Section 4: 𝑇𝑅𝑅
 and 

𝑇𝑅𝐸  . The right panel presents a zoomed-in comparison of both strategies, allowing a more detailed inspection. Both variants 

achieved similar performance, although the MA-GenElit algorithm, without explicit diversity control, tended to reach slightly 

lower errors. This suggests that, under the limited number of generations considered (due to the computational cost), the 

inclusion of the BNP mechanism did not yield improvements. 
 

To analyse the behaviour of both memetic algorithms in greater detail, Figure 4 illustrates the evolution of the diversity, which 

is calculated as the mean pairwise distance. Although MA-GenElit maintained a lower level of diversity throughout the 

process, it exhibited no signs of premature convergence, preserving acceptable values until the end. This observation is 

consistent with the literature, which indicates that the advantages of explicit diversity control manifest primarily in long-term 

executions where standard methods tend to stagnate (Lugo et al., 2022). Given that in this study the executions were limited 

to 100 generations to ensure computational feasibility, the standard algorithm did not experience a critical loss of variability, 

explaining the comparable performance. In this context, the practical benefit of the BNP mechanism lies in enforcing a 

systematic management of the search, preventing abrupt drops in diversity that could compromise performance in more 

complex scenarios. 
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Figure 3. Comparative analysis of the relative 𝑓𝑚
 parameter estimation errors obtained by MA with and without diversity control. The 

left panel includes the error values corresponding to the 𝑇𝑅𝑅
 and 𝑇𝑅𝐸

 protocols, as horizontal baselines.  

The right panel provides an enlarged view to better visualize the distributions of the proposed methods. 
 

 
 

Figure 4. Evolution of the average population diversity metric 𝐷 across generations for both MAs variants,  

based on the distance defined in Equation (7). 

 

4.4 Global Comparison of Optimization Strategies 

 

Following the individual analysis of each approach, the results were integrated to perform a global comparison of the evaluated 

strategies. Figure 5 presents a direct comparison among the implemented methods: local search, MA-GenElit, and MA-BNP. 

To improve visualisation, the figure’s scale was adjusted by applying a zoom that highlights the range of values with the 

highest representativeness within the distribution. Additionally, the figure includes the error associated with the fixed 

protocols 𝑇𝑅𝑅
 and 𝑇𝑅𝐸 

, which serve as baselines for comparison.  
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Figure 5. Global comparison of the relative 𝑓𝑚
 parameter estimation errors obtained by the applied strategies. The horizontal reference 

lines represent the error levels achieved by the fixed 𝑇𝑅𝑅
 and 𝑇𝑅𝐸

 protocols introduced above. 
 

The results confirm that both memetic algorithms significantly outperformed the local search strategy in terms of solution 

quality. This improvement is attributed to the ability of population-based algorithms to explore the solution space more 

effectively and refine multiple configurations simultaneously. Differences between MA-GenElit and MA-BNP were minimal, 

suggesting that, under the tested conditions and with a limited number of generations, explicit diversity management was not 

essential for achieving better performance. Notably, although local search produced some acceptable estimations, it often 

failed to consistently outperform these fixed protocols, whereas both memetic variants clearly surpassed them. Table 2 

provides a quantitative summary of these results, detailing the minimum, maximum, mean, and standard deviation of the 

estimation errors for each strategy. These statistics confirm the superior robustness of the population-based approaches, as 

evidenced by their significantly lower standard deviations compared to local search. In particular, MA-BNP exhibited the 

lowest standard deviation. 

 

The increase in precision of population-based approaches implies a higher computational cost. Although memetic algorithms 

demand longer execution times than standalone local search, this investment is justified by their ability to overcome local 

optima and consistently ensure high-quality solutions. Regarding scalability, while objective function evaluation represents 

the primary bottleneck, the algorithm's architecture enables the mitigation of this burden through the parallelization of 

population evaluations and the voxel reduction strategy. This suggests that the approach could be viable in more complex 

scenarios, provided that high-performance computing resources are available. In situations where more rapid optimization is 

required, alternative machine learning algorithms and surrogate models might be employed to improve scalability (Liu et al., 

2024). However, these additional improvements fall outside the scope of this research. 

Table 2. Summary of the statistical performance for the evaluated optimization strategies in terms of 𝑓𝑚 estimation error. 

Strategy Min error Max error Mean error Standard deviation 

Local Search 0.0516 0.6071 0.0923 0.0552 

MA-GenElit 0.0408 0.0462 0.0434 0.0015 

MA-BNP 0.0426 0.0468 0.0439 0.0013 

 

4.5 Validation of the Best Configuration Under Realistic Conditions￼ 
 

After completing the executions of the population-based algorithms, the configuration with the best performance for the BNP 

strategy was selected. The optimized acquisition protocol consists of the following repetition and echo times: 

 

𝑇𝑅𝑜  =  [0.1, 0.3, 0.5, 0.7, 1.5, 1.7, 3.1, 3.7, 3.9, 5.7, 6.5, 7.7, 7.9] 𝑠 (9) 

It is worth mentioning that 𝑇𝐸 values were kept fixed in all experiments (𝑇𝐸). 
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The validation was carried out using an SNR of 100 and a set of 400 voxels. These conditions were established in consultation 

with experts in the field, as they are considered to simulate realistically the experimental scenarios commonly encountered in 

this type of study. The performance of the selected configuration was compared against the two fixed protocols previously 

introduced: 𝑇𝑅𝑅
, extracted from a real clinical database, and 𝑇𝑅𝐸

, obtained by manually improving the reference 

configuration through estimation feedback. The detailed performance comparison across all parameters is summarized in  

Table 3. In terms of 𝑓𝑚
estimation, the optimized protocol clearly outperformed both baselines by reducing the relative error 

from 0.10 and 0.09 (for 𝑇𝑅𝑅
 and 𝑇𝑅𝐸

 , respectively) to 0.0675. This represents an improvement of more than 30% over the 

initial reference. Additionally, the number of voxels with an estimation error below 10% increased from 233 and 304 (for 

𝑇𝑅𝑅
 and 𝑇𝑅𝐸

 , respectively) to 326 out of 400 evaluated. 
 

Improvements were also observed in other relevant parameters, such as 𝑓𝑖𝑒
, the relaxation time 𝑇1, and the flip-angle. These 

findings indicate that the benefits of the optimized protocol extend beyond a single parameter, enhancing the characterization 

of brain microstructure. Moreover, this configuration maintained a robust performance when evaluated using only 40 voxels, 

supporting the reliability of the optimized protocol even under reduced evaluation settings. 

Table 3. Estimation performance comparison among reference (𝑇𝑅𝑅
), empirical (𝑇𝑅𝐸

) and optimized protocols (𝑇𝑅𝑂
). 

 Reference protocol Empirically derived protocol Optimized protocol (BNP-based) 

Parameter Relative error # Errors<10% Relative error # Errors <10% Relative error # Errors <10% 

𝑓𝑚
 0.10  233 0.09  304 0.0675 326 

𝑓𝑖𝑒
 0.06  336 0.02 400 0.0255 397 

𝑓𝑐𝑠𝑓
 1.26 27 0.21 32 0.6646  77 

𝑇1𝑚𝑦𝑒
 0.14  178 0.17 80 0.1122 225 

𝑇2𝑚𝑦𝑒
 0.10  242 0.01 336 0.0620 325 

𝑇1𝑖𝑒
 0.06 335 0.04 400 0.0298 393 

𝑇2𝑖𝑒
 0.07 274 0.06  368 0.0409 376 

flip-angle 0.01 400 0.01 400 0.0069 400 

 

 

 

5 Conclusions 

 

The primary objective of this study was to reduce the relative estimation error of 𝑓𝑚
, a key parameter for characterizing brain 

microstructure. Given its role in neuronal transmission and clinical relevance, particularly in neuroscience, improving its 

estimation represents a significant step forward in achieving more precise diagnoses based on MR imaging. 

 

The problem was formulated as a binary optimization task with experimental constraints, allowing the evaluation of different 

search strategies. The initial implementation of a local search algorithm managed, in some cases, to outperform the results 

obtained by a reference solution 𝑇𝑅𝑅
 (with a relative error of 𝑓𝑚 =  0.0998) and an empirically derived one 𝑇𝑅𝐸

 (with a 

relative error of 𝑓𝑚  =  0.0725). However, the outcomes were highly variable and showed a strong tendency to become 

trapped in local optima, with errors reaching up to 0.6 under the experimental settings described in Section 4.1. 

 

With the memetic algorithms, the scenario changed completely. Relative errors were observed in the range of 0.04 to 0.05, 

with more stable and consistent distributions. In particular, the memetic algorithm with diversity control through the BNP 

mechanism did not yield drastic improvements compared to the version without BNP. This aligns with what has been reported 

in the literature: the impact of diversity control tends to become more apparent in runs with a larger number of generations. 

In this study, the number of iterations was limited to ensure computational feasibility, which could explain the similarity in 

results. Nevertheless, using BNP did not impair the algorithm's performance, and its inclusion may be beneficial in scenarios 

requiring more intensive exploration. On the other hand, the memetic algorithm without BNP showed no signs of premature 

convergence. It maintained a good level of diversity throughout the evaluated generations, which explains why its 
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performance remained competitive in this particular case. This suggests that both approaches can be considered valid for this 

type of problem, depending on the computational resources available. 

 

The improvement in 𝑓𝑚
 estimation with the optimized protocol indirectly benefits the estimations of other relevant parameters 

such as 𝑓𝑖𝑒
, 𝑇1, and the flip-angle because all of them are linked and related in the optimization framework. Even when the 

number of voxels used in the simulations was reduced, the protocol's performance remained stable, reinforcing its robustness 

and efficiency in resource-constrained scenarios. This work proposes a computational strategy to tune the acquisition protocol 

to better estimate myelin content in living brain tissue. It contributes to the field of non-invasive quantification of brain 

damage, providing biomarkers sensitive to neural microstructural changes associated with brain diseases. The benefit is 

twofold: it improves estimation accuracy and reduces the patient's scanning time. 

 

Furthermore, the applicability of the proposed framework extends beyond the specific configuration analysed in this study. 

Since the set of candidate repetition times is defined via external configuration files, the method does not rely on fixed preset 

values. This flexibility allows the optimization strategy to be adapted to different experimental constraints or hardware 

limitations within the relaxometry domain, modifying the input sets of 𝑇𝑅 and 𝑇𝐸 without requiring structural changes to the 

algorithmic core. 

 

These results open the door to further improvements in magnetic resonance acquisition protocols, including the incorporation 

of additional parameters such as echo times, or the exploration of multi-objective formulations if estimation errors across 

parameters are found to be uncorrelated. These strategies could also be adapted to other regions of the body, extending their 

clinical utility beyond the brain. Challenges remain, particularly regarding the computational cost of realistic simulations. A 

promising line of future work involves training predictive models, such as neural networks, to efficiently estimate the error 

of a given protocol without having to execute the full simulation process. This work offers a robust and technically feasible 

way to optimize acquisition protocols under realistic conditions. It represents a solid starting point for tackling more complex 

challenges at the intersection of evolutionary computation and medicine. 
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