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ABSTRACT 

Magnetic resonance image quality is a complex process involving multiple acquisition 

parameters such as the image matrix, number of excitations (NEX), field of view (FOV), and 

signal-to-noise ratio (SNR). The nonlinear relationships among these parameters can lead to 

unwanted artifacts in the images and negatively affect critical factors in healthcare, such as 

speed and accuracy. Therefore, improving MR image quality is expected to be more 

effectively achieved by combining these nonlinear parameters with artificial intelligence 

techniques, specifically fuzzy logic, rather than relying solely on traditional mathematical 

optimization methods, allowing for a more flexible and robust relational model. As a result 

of the fuzzy logic model developed for MRI image quality optimization, it has been 

demonstrated that fuzzy logic is an effective method for modeling nonlinear parameters. 

Accordingly, it has been revealed that high SNR and large matrix values among the input 

parameters play a direct role in image quality. 
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1. INTRODUCTION 

Magnetic Resonance Imaging (MRI) has evolved 

significantly since the early discoveries of nuclear magnetic 

resonance (NMR) in 1946 and the first images produced in 

1973. While early systems operated at lower magnetic fields, 

modern clinical practice now utilizes 1.5T, 3T, and even 7T 

systems for advanced research. Despite these technological 

leaps, image quality remains sensitive to various acquisition 

parameters, such as the image matrix, number of excitations 

(NEX), field of view (FOV), and signal-to-noise ratio (SNR) 

[1-3]. The relationship between these parameters is inherently 

nonlinear. For instance, increasing the matrix size improves 

resolution but can decrease the SNR, while increasing NEX 

improves SNR at the cost of prolonged scan times. Recent 

literature (2023-2025) suggests that artificial intelligence and 

fuzzy logic are increasingly vital for managing these 

uncertainties without requiring explicit, rigid mathematical 

models. This study employs a Mamdani-type fuzzy system to 

balance these conflicting parameters and optimize diagnostic 

image quality [4]. By 1973, the magnetic resonance technique 

had become a phenomenon when Paul Lauterbur successfully 

produced the first MR image using gradient fields. By the 

1980s, MR had begun to replace tomography devices in clinical 

practice, as it provided more effective results in soft tissue and 

cancer imaging. MR quickly became established as the first 

medical imaging device of its kind in hospitals, particularly for 

imaging the brain and spinal cord. It was accepted as a 

radiation-free alternative to computed tomography (CT) in 

clinical applications [5], [6]. 

 

Between 1990 and 2000, 1.5 Tesla MR systems became 

standard. In later years, 3 Tesla MR devices began to be used in 

clinical practice, alongside the development of new techniques, 

such as diffusion MR imaging (DWI), perfusion MR, MR 

angiography (MRA), and functional MR imaging (fMRI) [7], 

[8]. Modern MR technology (2010–2020+) features widespread 

3T systems and 7T devices for research and advanced clinical 

use. Artificial intelligence–assisted image reconstruction, faster 

sequences, and shorter scan times have been introduced, 

leading to advanced applications in clinical fields such as 

cardiac MR and oncological imaging [9]. 

 

The MRI system is a highly functional and important tool for 

clinical support applications. Despite all its clinical advantages, 

image distortions can occur due to physical principles, patient 

movement, sequence characteristics, and hardware issues. In 

MR imaging, these image distortions are referred to as artifacts. 

The main factors influencing artifacts in MR applications, 

which are also interrelated to varying degrees, can be 

categorized as the image matrix, number of excitations (NEX), 

field of view (FOV), and signal-to-noise ratio (SNR) [10], [11]. 

 

Matrix: This parameter determines the pixel values on the 

image display. A larger matrix (e.g., 256 × 256 or 192 × 256) 

results in smaller pixels forming the image, thereby improving 

image quality [12]. 

 

NEX (Number of Excitations): NEX averages the phase-

encoding steps to generate the image. It directly affects the 

signal-to-noise ratio (SNR), and thus influences overall image 

quality [13]. 

 

FOV (Field of View): FOV directly affects the SNR and 

determines the size of the tissue displayed on the screen. Its unit 

of measurement is centimeters (cm) [14]. 

 

SNR (Signal-to-Noise Ratio): This value represents the ratio 

of signal to noise and directly impacts image quality depending 

on whether the noise level is high or low. Matrix size, FOV, 

NEX, and spatial resolution all directly influence the SNR [15].  

 

The mathematical relationship among these parameters is: 

 

SNR = voxel volume × √𝑁𝐸𝑋 

 

Pixel = 𝐹𝑂𝑉
𝑀𝑎𝑡𝑟𝑖𝑥⁄  

as expressed, 

    

The nonlinear relationships among these parameters can be 

modeled using a fuzzy logic–based network, offering a more 

flexible strategy for optimization [16], [17]. Fuzzy logic is an 

artificial intelligence technique capable of managing nonlinear 

systems without requiring explicit mathematical models, 

relying instead on expert knowledge and rules. It also provides 

flexible and rapid prototyping capabilities. This approach can 

be applied to develop a model that enhances MR image quality, 

enabling a fuzzy logic–based MR quality model to handle 

uncertainty and nonlinear interactions among matrix, FOV, 

NEX, and SNR, while making human-like flexible decisions for 

image optimization.  

2. MATERIAL AND METHOD 

    In this study, fuzzy logic, one of the artificial intelligence 

techniques, was used for MRI image quality optimization. For 

the optimization model, the Fuzzy Logic Designer Toolbox of 

MATLAB R2025b engineering and simulation software was 

utilized. Four primary input variables were defined based on 

their clinical impact on artifacts and resolution: SNR, Matrix, 

FOV, and NEX. The input values were determined from the 

literature, and the nonlinear relationships among these values 

were the driving factor in selecting fuzzy logic. 

 

Fuzzy logic, developed by Lotfi A. Zadeh in 1965, is a long-

standing logical theory that, in contrast to the uncertain and 

precise values of classical logic, assigns and focuses specific 

degrees to objects [18]. This feature is represented as a 

mathematical model closer to the mathematical model of 

thinking, assigning partial values instead of precise values to 

objects that are closer to the human thought unit. This feature 

has been widely used in many engineering fields, particularly 

artificial intelligence, from the past to the present. Today, it 

maintains its importance as an effective method, especially in 

solving nonlinear and uncertain problems, and is expected to 

become even more widespread in smart systems and hybrid 

artificial intelligence applications in the future [19]. 

 

    For MR image quality optimization, a fuzzy logic model was 

developed using the MATLAB Fuzzy Logic Designer Toolbox. 
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In the created fuzzy logic model, the inputs are SNR, Matrix, 

FOV, and NEX, which have nonlinear relationships among 

them. The membership functions for these inputs are shown in 

Fig. 1 membership function of SNR, Fig. 2 membership 

function of matrix, Fig. 3 membership function of FOV, Fig. 4 

membership function of NEX and Fig. 5 image quality of 

membership function. The output is the image quality score 

(ranging from 0 to 100 for sampling purposes). 

2.1. Fuzzification and Membership Functions 

     In this study, triangular membership functions were selected 

for both input and output variables. While Gaussian functions 

offer smoothness, triangular MFs were chosen due to their 

computational efficiency and linear transition characteristics, 

which align well with how technicians manually adjust MRI 

parameters in discrete steps. They provide a clear "overlap" area 

that effectively models the transition between, for example, a 

"Medium" and "High" SNR without unnecessary mathematical 

complexity. 

 

     For each input, three linguistic variables (Low, Medium, 

High) were assigned using triangular membership functions. 

 

• SNR: Ranges from 0 to 100, representing the relative 

signal strength. 

• Matrix: Defined from 128 to 320 to reflect standard 

clinical resolutions. 

• FOV: Ranges from 10 cm to 30 cm. 

• NEX: Ranges from 1 to 4. 

 

The output, Image Quality, is represented on a scale of 0 to 

100. A score of 80–100 corresponds to "Very High" diagnostic 

quality, while scores below 40 indicate "Low" quality with 

significant artifacts. 

2.2. Rule Base and Defuzzification 

The system operates on 81 rules (34) derived from expert 

radiological knowledge. The inference process follows four 

stages: 

 

1. Fuzzification: Numerical inputs are converted into fuzzy 

values. 

2. Rule Evaluation: The Min operator is used for rule 

activation. 

3. Aggregation: Rule outputs are combined using the Max 

operator. 

4. Defuzzification: The Centroid method was selected to 

calculate the center of gravity of the final fuzzy set, 

providing a single crisp numerical quality score. 

 

 

Fig. 1. Membership function of SNR. 

 

Fig. 2. Membership function of matrix. 

 

Fig. 3. Membership function of FOV. 

 

Fig. 4. Membership function of NEX. 
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    In classical logic, when examining input values according to 

fixed rules: if SNR is high, image quality is high; if the matrix 

is large, resolution increases but SNR may decrease; if FOV is 

small, resolution improves but SNR decreases; and if NEX 

increases, SNR improves but scan time is prolonged. These 

relationships are nonlinear, making them suitable for fuzzy 

logic applications. For each input, membership functions have 

been defined with three linguistic variables.  

 

 

Fig. 5. Membership function of image quality. 

For each membership function, a triangular function was 

selected. The membership function values were established 

based on current data, and the fuzzification process was carried 

out according to expert opinion. The model rules were created 

by defining 4 input variables, each with 3 membership 

functions, resulting in 3×3×3×3=81 rules. The fundamental 

rules, derived from expert knowledge, are presented below, and 

a summary of the rule table is shown in Table I. 

 

➢ IF SNR is High AND Matrix is Large THEN Quality is Very 

High 

➢ IF SNR is Low THEN Quality is Low 

➢ IF Matrix is Large AND FOV is Small THEN Resolution is 

High 

➢ IF FOV is Small AND SNR is Low THEN Quality is 

Medium 

➢ IF NEX is High THEN SNR improves 

➢ IF NEX is Low AND Matrix is Large THEN Quality is 

Medium-Low 

➢ IF SNR is Medium AND Matrix is Medium AND FOV is 

Medium THEN Quality is High 

➢ IF FOV is Large AND Matrix is Small THEN Quality is 

Medium 

 

Table I. Rule table of fuzzy logic model. 

SNR Matrix FOV NEX Quality 

Low Any Any Any Low 

Medium Medium Medium Medium High 

High Large Small Medium Very High 

Medium Large Small Low Medium 

High Small Large Low Medium 

High Large Medium High Excellent 

3. RESULT AND DISCUSSION 

    The model successfully balanced the conflicting 

relationships between acquisition parameters. Surface result 

graphs (Fig. (6-8)) demonstrate that image quality does not 

increase linearly with a single parameter; rather, it requires a 

synchronized optimization of SNR and Matrix size. A 

Mamdani-type fuzzy system was used for the optimization of 

the MRI image quality model created using fuzzy logic. The 

Mamdani-type fuzzy system basically consists of four steps, 

which are listed respectively in Table II. 

 

Table II. Working principle of a fuzzy logic model. 

Order  Step Description 

1 Fuzzification Numerical inputs are converted 

into fuzzy values using 

membership functions. 

2 Rule 

Evaluation 

The rules are applied; the rule 

activation degree is calculated 

using the min operator. 

3 Aggregation All rule outputs are combined 

using the max operator. 

4 Defuzzification The fuzzy outputs are converted 

into a single numerical value 

using the centroid method. 

     

It was observed that the conflicting relationship disorder 

among the nonlinear parameters was balanced at the end of the 

model. Accordingly, when the result graphs provided by the 

model are examined, Fig. (6-9) shows that an increase in SNR 

does not linearly increase image quality; however, high SNR 

and a large matrix value yield the highest image quality Fig. 6. 

In Fig. 7, image quality balance can be achieved with a small 

FOV and high resolution but low SNR. Although increasing the 

Matrix and NEX values appears to be directly proportional, this 

relationship shows an inverse proportionality with respect to 

NEX. When all optimum values are considered, the effective 

pressure of the SNR input value is clearly evident given the Fig. 

9. 

3.1. Quantitative Observations 

• High Quality Thresholds: The highest quality scores 

(Excellent) were achieved when a high SNR was coupled 

with a large matrix and medium-to-high NEX. 

• Parameter Pressure: As shown in Fig. 9, the SNR input 

exerts the most significant effective pressure on the final 

quality score, confirming that without a baseline signal 

level, resolution adjustments (Matrix/FOV) cannot 

compensate for image degradation. 

3.2. Limitations 

While the fuzzy logic model provides a flexible framework, 

its current iteration relies on a simplified 81-rule base. In 

complex clinical scenarios involving patient motion or specific 

hardware limitations, a larger number of linguistic variables 

("Low" or "Very High") might be required to capture finer 

nuances in image distortion. 
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Fig. 6. Surface result graph of matrix and SNR. 

 

Fig. 7. Surface result graph of FOV and SNR. 

 

Fig. 8. Surface result graph of NEX and SNR. 

 

Fig. 9. Optimal image quality graph as a function of SNR. 

4. CONCLUSIONS 

This study demonstrates that fuzzy logic is a robust method 

for modeling the nonlinear and uncertain parameters of MRI 

acquisition. By integrating expert knowledge into the Mamdani 

system, we successfully optimized image quality scores, 

identifying high SNR and large matrix values as the primary 

drivers of diagnostic excellence. 

Upon examining the developed model, it was observed that 

fuzzy logic is an appropriate choice for handling nonlinear 

parameters. In clinical practice, both MR devices and their 

derivatives, as essential diagnostic and support tools, can be 

made more functional through artificial intelligence–based 

applications. In this study, the MR fuzzy logic model 

successfully optimized image quality. Among the factors 

directly affecting image quality—matrix, FOV, NEX, and 

SNR—it was determined that high SNR and a large matrix 

yielded the highest-quality images. 

Future Work: Future iterations of this model should 

integrate Neuro-Fuzzy (ANFIS) systems to allow the key-rule 

base to "learn" and adapt from real-world MRI datasets, further 

bridging the gap between theoretical modeling and clinical 

application. 
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