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Abstract. Fuzzy logic offers significant benefits for 

solving real-world problems in various fields 
of knowledge. The main objective of this article is to 
design a system based on the theory and concepts of 
Type-1 fuzzy logic to determine the Body Mass Index 
(BMI) category of an adult population in Mexico. The 
World Health Organization (WHO) establishes certain 
parameters for this calculate, based on the data 
presented in the Body Mass Index table published on the 
official website of the Mexican Social Security Institute 
(IMSS). According to the data presented by the IMSS, 
the body mass index can be determined by knowing a 
person's weight and height. This understanding serves 
as the basis for creating the inputs, outputs, and rules of 
the Type-1 fuzzy system, with the goal of validating the 
correct classification based on a person's BMI. The 
results will be validated using the Body Mass Index 
Table to assess the performance and accuracy of the 
proposed fuzzy system. 
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1 Introduction 

Obesity has become one of the main public health 
problems in Mexico in recent decades. This 
phenomenon did not arise suddenly, but rather 
because of a combination of social, economic, and 
cultural factors that have profoundly altered the 
population's eating habits and physical activity 
levels [1-3]. Obesity is one of the main public 
health problems in Mexico and has shown 
sustained growth over the last few decades. This 
phenomenon arises because of a nutritional 
transition characterized by the progressive 
abandonment of traditional dietary patterns and the 
increased consumption of processed foods, rich in 

sugars, fats, and sodium. Added to this is a 
decrease in physical activity and an urban 
environment that promotes sedentary lifestyles, 
which has led to a notable increase in overweight 
and obesity rates across the population. 

The study entitled “Obesity in Mexico, 
prevalence and trends in adults. ENSANUT 2018-
19” analyzes a sample of 16,256 adults. The 
prevalence of obesity was reported to be 39.1%, 
obesity 36.1%, and abdominal adiposity 81.6%. 
Between 2000 and 2018, the prevalence of obesity 
increased by 42.2% and that of morbid obesity by 
96.5%. [4] This source is good because it bases its 
data on multiple rounds of the ENSANUT national 
survey (2000, 2006, 2012, 2018-19), thus allowing 
for the observation of trends over time. [4] For 
children and adolescents, the study “Overweight 
and obesity in children and adolescents, 2016 
Halfway National Health and Nutrition Survey 
update” indicates that in children under 5 years of 
age, the prevalence of overweight/obesity was 
5.1% in girls and 6.5% in boys; in children aged 5-
11 years, it was ~33% (32.8% girls, 33.7% boys); 
and in adolescents, 39.2% in girls and 33.5% in 
boys [5]. Another source, “Trends in overweight 
and obesity in children under 24 months of age in 
Mexico (2012-2020)”, indicates that in children 
under 12 months, the prevalence of overweight 
and obesity is 10.3%, and in the 12–23-month 
range, it is 26.1% [6]. Also, a systematic review 
entitled “Obesity and Its Association with 
Micronutrient Deficiency Among Mexican Children 
and Adolescents” indicates that between 2020 and 
2022, the prevalence of overweight or obesity in 
school-aged children was ~37% and in 
adolescents ~41% [7]. 
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With technological advancements around fuzzy 
logic sets, the aim is to classify the obesity status 
of an individual, based on the table provided by the 
Mexican Social Security Institute. Type-1 fuzzy 
logic, proposed by Lofti Zadeh in 1965 [8]. In this 
article, we focus on the problem of obesity in a 
population of adults in Mexico. 

This article is distributed as follows: Section 2 
Fuzzy logic sets, Section 3 Case study, Section 4 
Proposed Fuzzy Logic Classifier, Section 5 
Experiments and results, and finally Section 6 
where the conclusions are presented. 

2 Fuzzy Logic Sets  

Fuzzy logic (FL) is a branch of artificial intelligence 
that allows for the handling of imprecise, uncertain, 
or gradual information, mimicking the way humans 
reason in ambiguous situations. In the medical 
field, it is especially useful, since many diagnoses 
and clinical decisions are not strictly “true” or 
“false,” but rather depend on levels or ranges 
[9- 20]. 

In the context of obesity, FL offers a powerful 
tool for evaluating factors that cannot be defined 
with rigid boundaries, such as the degree of 
obesity. Instead of classifying a patient solely by 
fixed categories—for example, “obese” or “not 
obese”—fuzzy logic allows for the description of 
intermediate states and the combination of multiple 
variables to obtain more flexible assessments 
[21- 29]. 

In this study, triangular and trapezoidal 
membership functions are used due to their 
simplicity, computational efficiency, and ability to 
clearly represent the inherent uncertainty of 
system variables. These functions are widely used 
in fuzzy controller design because they allow for 
smooth transitions between different membership 
levels and facilitate the interpretation of fuzzy sets. 

The triangular function is distinguished by its 
simple form, defined by three parameters that 
generate a linear rise and fall around a maximum 
point. Equation 1 presents its mathematical 
expression, while Figure 1 shows its 
graphical representation: 

𝑡𝑟𝑖𝑚𝑓(𝑥, p𝑎, p𝑏, p𝑐) =

{
 
 

 
 

0, 𝑥 ≤ pa,
𝑥 − pa

pb − pa
,  pa ≤ 𝑥 ≤ pb,

pc − 𝑥

pc − pb
, pb ≤ 𝑥 ≤ pc,

0, pc ≤ 𝑥

. (1) 

The trapezoidal function, on the other hand, 
extends this concept by incorporating a flat region 
where membership remains at its maximum value, 
which is especially useful for modeling intervals 
where a variable can be considered fully 
representative of a fuzzy set. Equation 2 shows its 
mathematical formulation, and Figure 2 illustrates 
its graphical representation: 

 

Fig. 1. Triangular function 

 

Fig. 2. Trapezoidal function 
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𝑡𝑟𝑎𝑝𝑓(𝑥, p𝑎, p𝑏, p𝑐, 𝑝𝑑)

=

{
 
 
 

 
 
 

0, 𝑥 ≤ pa,
𝑥 − pa

pb − pa
,  pa ≤ 𝑥 ≤ pb,

1,     𝑝b ≤ 𝑥 ≤ pc,
pd − 𝑥

pd − pc
, pc ≤ 𝑥 ≤ pd,

0, pc ≤ 𝑥.

 
(2) 

The fuzzy system discussed in the following 
section is composed of these membership 
functions; therefore, the importance of each 
membership function is emphasized. We aim to 
validate the difference between strictly 
mathematical or statistical methods and fuzzy 
logic, which allows for the integration of human 
reasoning through linguistic rules that mimic how 
specialists describe symptoms, risks, or degrees 
of severity. 

3 Case Study  

The body mass index (BMI) It is a measure that 
indicates the relationship between weight and 
height, which allows for the identification of 
overweight and obesity in adults. 

The way to calculate it is as follows: Divide a 
person's weight into kilograms by the square of 
their height in meters [30]: 

BMI=
𝐵𝑜𝑑𝑦𝑊𝑒𝑖𝑔ℎ𝑡

(𝐵𝑜𝑑𝑦𝐻𝑒𝑖𝑔ℎ𝑡)2
. (3) 

The following Table 1 can be used to interpret 
the person's condition [30]. 

Based on this knowledge of a real-world 
problem, the aim is to model this behavior using a 
type-1 fuzzy system which allows us to handle the 
uncertainty and imprecision of the problem. Our 
fuzzy system proposal seeks to be an aid in the 
calculation of the BMI, avoiding traditional 
calculations, where the user simply enters their 
weight and height to obtain their BMI classification 
as a result. 

4 Proposed Fuzzy Logic Classifier 

Design a system based on the theory and concepts 
of Type-1 fuzzy logic to determine the BMI 
category of an adult population of Mexico. 

Table 1. BMI Classification 

BMI Range Weight Classification 

<18.5 Under 

18.5-24.9 Normal 

25-29.9 Over 

30-34.9 Mild Obesity 

35-39.9 Moderate Obesity 

≥40 Morbid Obesity 

 

Fig. 3. Input 1: “Height” 

 

Fig. 4. Input 2: “Weight” 
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The proposed fuzzy system structure consists 
of two inputs and one output, granulated into 
triangular and trapezoidal membership functions. 
The inputs were granulated into 3 membership 

functions, and the output was granulated into 6 
membership functions, each with its own linguistic 
labels, as shown in Figures 3, 4, and 5. The surface 
of the BMI fuzzy controller is shown in Figure 6. 

Figure 6 represents the behavior of the BMI 
classification output surface, between the 
relationship of the weight and height inputs with the 
rules proposed in the fuzzy system to generate 
the output.  

The fuzzy rules were constructed based on the 
ranges in Table 1; a total of 9 were used: 

1. If (Height is Short) and (Weight is Thin) then 
(BMI is Under) 

2. If (Height is Short) and (Weight is Normal) 
then (BMI is Moderate_Obesity)  

3. If (Height is Short) and (Weight is Weight) 
then (BMI is Morbid_Obesity)  

4. If (Height is Normal) and (Weight is Thin) 
then (BMI is Normal) 

5. If (Height is Normal) and (Weight is Normal) 
then (BMI is Over)  

6. If (Height is Normal) and (Weight is Weight) 
then (BMI is Mild_Obesity) 

7. If (Height is Tall) and (Weight is Thin) then 
(BMI is Under)  

8. If (Height is Tall) and (Weight is Normal) then 
(BMI is Normal) 

9. If (Height is Tall) and (Weight is Weight) then 
(BMI is Over) 

5 Validation and results 

To verify the correct classification of the proposed 
fuzzy system, six validations were performed using 
values for each of the fuzzy system's inputs to 
evaluate the output.  

Table 2 presents the results obtained. Table 2 
shows the result of the actual BMI calculation using 
Equation 3 and mentions the result of the 
evaluation of the proposed fuzzy system's output. 

6 Conclusions  

Fuzzy logic has become a widely used tool in 
various disciplines, where it complements 
traditional methods for handling uncertainty and 
variability in data.  

Table 2. Validation of rules of the BMI fuzzy system 

Validati
on 

Heig
ht 

(m) 

Weig
ht 

(kg) 

BMI 
real = 
Weig

ht/ 
Heig
ht² 

Estimated 
Classification(
Fuzzy Output) 

1 1.70 40 13.84 
Under_weight             

16.6 

2 1.70 55 19.03 
Normal_weight
  21.8 

3 1.65 64 23.50 
Overweight             

28.5 

4 1.60 85 33.20 
Mild Obesity        

34.5 

5 1.55 90 37.46 
Moderate 

Obesity      35.7 

6 1.50 95 42.22 
Morbit Obesity   

48.8 

 

Fig. 5. Output: “BMI” 

 

Fig. 6. Surface 
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This study is no exception: a fuzzy system was 
implemented to determine Body Mass Index (BMI). 
To this end, a type 1 fuzzy system was developed 
based on the ranges and reference values 
provided by the Mexican Social Security Institute 
(IMSS). This approach allows for a more flexible 
analysis of BMI, integrating smooth transitions 
between categories and offering an evaluation 
closer to human reasoning.  

To validate the performance of the fuzzy 
system, the real BMI was calculated, and the 
output obtained by the fuzzy system is shown. A 
variation between the estimated and real 
parameters can be observed, but the fuzzy system 
successfully classifies the BMI. As future work, the 
values of the input, output, and rule functions can 
be optimized with metaheuristics. Also, other 
applications could be considered [31]. 
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