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Abstract. This study presents a novel ensemble
learning approach designed to improve a fuzzy inference
system (FIS) for forecasting PM2.5 pollution levels. The
suggested model integrates the ensemble approach with
a FIS to enhance predictive accuracy. By developing a
collection of FIS, each trained on distinct subsets of the
data, this method utilizes model diversity to enhance
overall performance. Optimization algorithms are utilized
to refine the FIS parameters, thereby improving the
model’s predictive performance. The performance of the
optimized ensemble FIS is assessed through the
analysis of a real-world dataset concerning PM2.5
pollution levels. The findings demonstrate that the
suggested approach surpasses the conventional
ensemble algorithm, such as the commonly utilized
Random Forest, in terms of accuracy and robustness.
The optimized ensemble FIS presents a compelling
approach for accurate air quality forecasting, highlighting
its significance as an essential instrument for
environmental assessment  and safeguarding
public health.
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1 Introduction

In recent years, air pollution has emerged as a
pressing environmental and public health concern,
with particulate matter (PM), particularly PM2.5,
posing significant risks due to its ability to
penetrate the respiratory system [1, 2, 3]. While

traditional reference monitors offer precise
measurements, their limited distribution and
substantial maintenance costs constrain both
spatial and temporal coverage.

Consequently, there has been an increasing
use of machine learning models to predict air
quality in a manner that is both cost-effective and
efficient [4, 5].

The integration of the outputs from multiple
models has been shown to enhance prediction
accuracy and robustness, particularly in the
context of complex and ambiguous datasets [6].
Bagging techniques, including Random Forests,
are a means of mitigating overfitting by training
several models on bootstrapped data subsets and
aggregating their predictions through averaging or
majority voting [7].

Despite the documented success of ensemble
models across multiple domains, their application
in the context of fuzzy inference systems (FIS)
remains largely unexplored.

Fuzzy logic provides a structured approach to
managing uncertainty and imprecision through the
use of human-like linguistic expressions [8].

FIS employs fuzzy logic to model intricate,
nonlinear systems effectively by utilizing processes
such as fuzzification, inference, and
defuzzification. Nonetheless, traditional neuro-
fuzzy systems, such as ANFIS, despite their
effectiveness, may exhibit a tendency to overfit
when confronted with intricate models [9].
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Fig. 1. Location of the SIMAT stations

A brief literature review of related topics yielded
the following works, which may be of particular
relevance to this study. For instance, in [10], the
authors present a PM2.5 prediction method that
utilizes image contrast-sensitive features and a
weighted bagging-based neural network
(WBBNN). This method involves the extraction of
three features, their fuzzification, and the
implementation of a weighted bagging strategy.
Santana et al. [11] investigated the modeling and
prediction of respiratory diseases, hospitalizations,
and associated costs using an adaptive neuro-
fuzzy inference system (ANFIS) based on air
pollutant data. In another study, Zhang et al. [12]
proposed a novel fuzzy forecasting system that
enhances forecasting accuracy and certainty by
leveraging fuzzy time series data, a data
preprocessing technique, a multi-objective bat
optimization algorithm, and forecasting algorithms.
This system is designed to improve air quality
supervision. In [13], Bhanja et al. propose a novel
air quality forecasting method that utilizes type-2
fuzzy time series (FTS) and the FTSBO algorithm,
a variant of the butterfly optimization algorithm.

The FTSBO algorithm demonstrates a
commendable degree of efficacy in comparison to
prevailing methodologies, thereby empowering
administrators to exercise control over air pollution.
The Takagi-Sugeno fuzzy inference system is also
employed to formulate IF-THEN rules for urban air
quality modeling. This system is optimized to
minimize approximation error, thereby facilitating a
rule base that describes the impact of individual
input variables on the overall output [14]. In [15], a
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fuzzy-based methodology is proposed for the
identification of air pollutant hotspots and critical
urban areas during heatwaves. The model utilizes
spatial interpolation and fuzzification to determine
pollutant concentrations in assessing high-risk
areas. Finally, Lima et al. [16] explore the
application of fuzzy logic in air quality control
systems, focusing on membership functions,
decision-making engines, and defuzzification
methods. The findings indicate that defuzzification
exerts a more substantial influence on
these systems.

In this study, we propose a novel ensemble
approach that integrates bagging with FIS models,
further optimized using a genetic algorithm. The
methodology under consideration employs the
distinct strengths of disparate fuzzy inference
systems while concurrently addressing their
limitations through a diversified ensemble
approach. This approach is designed to deliver
reliable and precise PM2.5 predictions, adeptly
addressing the spatial and temporal complexities
inherent in air quality data. The performance of our
optimized bagging FIS is evaluated by employing
a real-world dataset of PM2.5 pollution levels and
contrasting it with the leading ensemble algorithm,
Random Forest (RF).

2 Study Area

The research locale is the Metropolitan Area of the
Valley of Mexico (ZMVM, according to its Spanish
abbreviation). This region is among the most
densely inhabited and urbanized in Latin America.
The ZMVM encompasses Mexico City and its
adjacent municipalities within the State of Mexico,
collectively constituting a substantial megacity with
a population exceeding 20 million [17]. The
significance of this zone is attributable to Mexico
City's status as the fifth largest urban area globally
and its role as a prominent economic center in
Latin America [18]. Figure 1 illustrates the
geographical distribution of the Atmospheric
Monitoring System (SIMAT) monitoring stations.

The dataset encompasses exhaustive records
of particulate matter (PM10, PM2.5), nitrogen
dioxide (NO2), ozone (0O3), sulfur dioxide (SO2),
and carbon monoxide (CO) levels, which were
obtained from the Automatic Atmospheric
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Monitoring Network (Red Automéatica de Monitoreo effectiveness, and computational efficiency.

Atmosférico, RAMA). Moreover, data concerning
relative humidity (HR) and temperature (TMP)
were obtained from the Meteorology and Solar
Radiation Network (Red Meteorolégica y de
Radiacion Solar, REDMET) [19].

3 Methodology

The present study focuses on the development of
a comprehensive fuzzy inference system
ensemble (FISE) for predicting PM2.5 levels,
incorporating optimization methods to enhance the
accuracy of forecasts. The methodology is
comprised of four critical stages, each of which is
vital for ensuring data reliability, model

Figures 2 and 3 offer a visual representation
of the workflow.

1. The process of data collection entails the
procurement of data from all monitoring stations
within the SIMAT system.

Data preprocessing entails the resolution of
issues such as missing data and outliers, in
addition to the utilization of dimensionality
reduction techniques to identify principal
components within the dataset.

The configuration of the FIS (Fuzzy Information
System) involves the establishment of the
variables and functions that are essential for the
development of the fuzzy inference engine.
Following the configuration, the engine must be
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exported for utilization in
optimization processes.

subsequent

4. The utilization of bio-inspired algorithms to
enhance the fuzzy rules employed by the fuzzy
inference engine is referred to as "Fuzzy
Rules Optimization."

3.1 Data Collection

The initial phase of this research, as illustrated in
Figure 2, involves the collection of data. The files
were collected from January 1st, 2013, to
December 31st, 2023. The selected time intervals
indicate a significant increase in mortality
associated with particulate matter pollution in
Mexico City, exceeding the 30-year average [20].

The data collected by SIMAT monitoring
stations is structured as follows:

— The file naming convention adheres to a
specific structure, whereby each file is named
according to the year, followed by the relevant
variable code or abbreviation. For instance, the
relative humidity in 2014 is denoted as
2014RH, whereas the CO in 2019 is
represented as 2019CO, and so forth.

— The subsequent step entailed the extraction of
data from each file, given that the content
comprised multiple stations arranged in
columns. However, the necessity for
automation arises from the periodic renaming
or discontinuation of certain stations.
Consequently, an identification process was
conducted to ascertain the monitoring stations
documented in the files within the designated
time frame. This analysis yielded a total of 26
stations, which are listed below: The following
are the acronyms: CHO, TLI, CUA, UAX, UlZ,
MON, ACO, SJA, FAC, LLA, TLA, PED, NEZ,
VIF, SFE, MER, COY, IZT, HGM, LPR, XAL,
SAG, TAH, CAM, CUT, ATI.

— The data have been meticulously organized on
a monthly basis for each year, culminating in a
total of 3,432 samples. This comprehensive set
encompasses 26 stations over a span of 11
years, with 12 months accounted for in
each year.

Computacion y Sistemas, Vol. 29, No. 4, 2025, pp. 2061-2073

doi: 10.13053/CyS-29-4-6101

3.2 Data Preprocessing

Data preprocessing constitutes a pivotal phase in
data analysis, as it ensures the quality,
consistency, and reliability of the input data prior to
modeling [21]. Data obtained from monitoring
stations often demonstrate gaps, anomalies, and
discrepancies, which can negatively impact the
efficacy of the FIS. This stage enhances the
dataset's integrity through the implementation of
normalization, cleaning, and transformation
techniques, thereby enabling the model to
generate more accurate and meaningful
predictions of PM2.5 concentrations.

The initial aspect of our preprocessing that we
do not explicitly categorize as a stage is
normalization, which is a straightforward procedure
where we adjust the range of values to fall between
0O and 1.

3.2.1 Data Imputation

The normalized data facilitates improved interval
management; however, we encounter an issue
with missing data. To address this, an imputation
algorithm based on K nearest neighbors is
employed, ensuring that the filled missing data
exhibits characteristics akin to those of nearby data
points [22].

3.2.2 Outlier Detection

Despite the completion of missing data, anomalies
persist in the data, attributable to either sensor
errors or data exceeding standard limits due to
extraordinary events. This complicates data
analysis further. In order to address this issue,
there exist specific techniques for identifying
outliers within and outside the data. The Isolation
Forest algorithm is one such technigue that utilizes
an ensemble of trees to randomly partition the
data. Outliers, which are few and distinct, are
isolated in fewer splits compared to normal
points [23, 24].

Furthermore, this algorithm exhibits linear time
complexity with a low constant and minimal
memory usage. Additionally, the data undergoes a
process of winsorization, a technique employed to
reduce the impact of outliers stemming from
random sources and deviating from standard
settings [25].
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3.2.3 Dimensional Reduction

As demonstrated in Section 2, the dataset under
consideration encompasses environmental
variables (TMP, RH) and pollutants (03, CO, SO2,
NO2, PM10, and PM2.5). Given the potential for
substantial multicollinearity among the variables,
particularly with PM2.5 as the target variable,
Principal Component Analysis (PCA) is employed
to address this issue [26, 27]. Principal component
analysis (PCA) is a data transformation technique
that transforms variables into a collection of
orthogonal  principle  components, thereby
encapsulating the majority of the variation present
in the original data. This approach not only
facilitates linear analysis but also enhances the
resilience and efficiency of Al model training by
mitigating issues associated with
multicollinearity [28].

Upon completion of the data processing, a
more refined and visually appealing dataset is
obtained. This enhancement is distinctly
demonstrated in Figure 4, which presents the state
of the data following preprocessing.

3.3 FIS Configuration

Fuzzy logic is a mathematical framework that
enables the representation of uncertainty and
imprecision in decision-making processes. The
field of fuzzy logic has seen extensive application
across a variety of disciplines, including control
systems, pattern recognition, and optimization
[29]. This approach is particularly useful for
modeling systems that are ambiguous and
complex, where traditional binary logic methods
may not be suitable. It allows for a transition from
discrete 0 and 1 values to continuous values
between 0 and 1.

The primary application of this framework is in
a FIS, also known as an Expert System. An Expert
System consists of four main components:
fuzzification, the rule base, the inference engine,
and defuzzification. The components of a FIS are
illustrated in Figure 5.

The initial phase in the FIS is the fuzzification
process, wherein crisp input data is converted into
fuzzy sets employing membership functions (MF).
These functions map the input data to linguistic
variables, facilitating the representation of
uncertainty and imprecision. The second
component is the rule base, which contains a set
of if-then rules that define the relationship between
the input and output variables. Each rule consists
of an antecedent (IF) and a consequent (THEN)
part, linking the input variables to the
output variable.

The inference engine constitutes the third
component of the FIS, wherein the rules are
applied to the input data to generate the output.
This process entails the amalgamation of the fuzzy
sets from the antecedents of the rules, thereby
facilitating the determination of the degree of
membership of the output variable. The final step
in the process is the defuzzification stage, which
transforms the output that is characterized by
fuzziness into a set of crisp values, thereby yielding
a result that is both clear and interpretable [30].

3.3.1 Membership Functions

In the context of fuzzy logic, membership functions
delineate curves that quantify the degree of an
element's affiliation with a specific set. The
properties of these sets are characterized by a
value range that typically extends from 0 to 1,

Computacion y Sistemas, Vol. 29, No. 4, 2025, pp. 2061-2073

doi: 10.13053/CyS-29-4-6101



ISSN 2007-9737

2066 Francisco Javier Moreno Vazquez, Felipe Trujillo Romero, et al.

l o very-low
o low

« medium
«+  high

l very-high

Values

T T T T
very-low ow medium high very-high
PC1 Clusters

very-low low high very-high
PC2 Clusters

0.05 '

i

T T T T

very-low ow high very-high
PM25 Clusters

Fig. 6. Clustered variables to define the membership
functions

=

H
~
/:‘/\
It

:3
4
S
=
|
—
////

Degree of Membership
o
—
-

2 =
s &

PC1 Values

Degree of Membership

s = o =

N 2 5 B &
~

T T T T T T
-0.4 -0.2 0.0 0.2 0.4 0.6 0.8
PC2 Values

Degree of Membership
°
=
T

Fig 7. Clustered variables to define the membership
functions

where membership is either true or false, with
varying degrees of membership to a fuzzy set.
The configuration of membership functions
manifests in a variety of forms, with the most
prevalent patterns being trapezoidal, triangular,
singleton, and S-shaped. For the present study,
triangular membership functions were selected.
Equation 1 presents the formula for determining
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the degree of membership of a value within each
fuzzy set. In this formula, "a" represents the lower
limit of the variable, "b" signifies the upper limit of
the variable, and "m" denotes the position of the
top vertex of the triangle on the x-axis.

The development of membership functions
necessitates an essential preliminary step: the
effective partitioning of the data domain. The K-
means clustering algorithm is employed to
ascertain the optimal number of clusters in
accordance with the data distribution [31]. As
demonstrated in Figure 6, the resultant clusters are
indicative of discrete segments within the dataset:

( 0ifx <a
|x—a i
ifx € (a,m]

A = {m 28 ®
| ifx € (m,b]
kb—m
0ifx =b

After establishing the clusters and determining
their value ranges, the subsequent step is to define
the fuzzy variables. Each fuzzy variable is
augmented with pertinent linguistic labels to
facilitate intuitive human comprehension.

3.4 Fuzzy Rules Optimization

Given the intricate nature of atmospheric pollution
patterns and the inherent uncertainty in
environmental data, the optimization of FIS
performance is imperative.  Derivative-free
optimization (DFO) methods are particularly well-
suited for this task, as they eliminate the need for
derivative calculations of the objective function.
This characteristic enhances their effectiveness in
addressing problems characterized by non-
smooth, noisy, or costly objective function
evaluations [32].

3.4.1 Bio-Inspired Algorithm Selection

The efficacy of bio-inspired algorithms in
addressing complex optimization problems has
been demonstrated. These biological techniques
effectively manage the interplay between
exploration and exploitation, making them highly
adept at discovering optimal solutions across
various application areas [33].

This research is grounded in a framework for
the implementation and assessment of bio-
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inspired algorithms, EvoloPy [34, 35, 36]. This
framework encompasses a diverse array of
algorithms, which can be categorized as illustrated
in Figure 8.

The subsequent explanation will elucidate the
various categories into which algorithms can
be classified:

— The initial category within the bio-inspired
domain is swarm intelligence, which emulates
the predatory or collective behaviors observed
in natural organisms. The following algorithms
are included in this study: particle swarm
optimization (PSO) [37], gray wolf optimizer
(GWO) [38], moth-flame optimization (MFO)
[39], whale optimization algorithm (WOA) [40],
firefly algorithm (FFA) [41], cuckoo search
(CS) [42], harris hawk optimization (HHO) [43],
salp swarm algorithm (SSA) [44], and bat
algorithm (BAT) [45].

— The second category of bio-inspired
algorithms encompasses evolutionary
algorithms, which are derived from the natural
evolutionary  process. The  algorithms
incorporated in this study are the genetic

algorithm (GA) [46] and the differential
evolution (DE) [47] algorithm.

— The third category of bio-inspired algorithms
draws primarily from phenomena in nature that
are rooted in physics or chemistry. The
algorithm under consideration incorporates
multiverse optimization (MVO) [48].

— Inthe final category, agnostic algorithms often
draw inspiration from seemingly unrelated
sources, including ideologies or mathematical
processes. The algorithms incorporated in this
study are JAYA [49] and the sine cosine
algorithm (SCA) [50].

The selection criterion for the algorithms
employed was the duration required to execute a
specified number of iterations. An overarching
experiment was conducted utilizing all algorithms
inside the EvoloPy framework. From this
experiment, one method from each category was
chosen based on optimal performance in the least
amount of time. The experimental design
comprised 10 individuals, spanning 30 generations
with 50 samples. Moreover, to enhance the
statistical analysis, this experiment was conducted
30 times, vyielding the selected algorithms with
optimal results in their respective categories: The
following acronyms are of particular relevance in
this context: WOA, DE, MVO, and SCA.

3.4.2 Ensembled Model

Upon completion of each optimization iteration
of the method, a vector of outcomes is obtained.
This vector can be reformulated as a square
matrix, representing the values of the respective
membership functions for PM2.5.

An illustration of this outcome is presented in
Table 1, where the entries correspond to the
values obtained from the optimization process.

The methodology employed is of particular
relevance due to the division of the data into
batches of 150 samples, resulting in a total of 13
batches. The culmination of each batch is an
optimization, which results in 13 distinct fuzzy rules
for the inference engine.

The resultant rules are assessed separately,
and by an aggregation procedure, such as the
arithmetic mean, we obtain the final value of our
ensemble fuzzy rule set.
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Table 2. Parameters used in the experiment

Algorithm Parameter Value
DE mutation factor 0.5
crossover factor 0.7
wormhole existence (0.2,1)
MVO probability (WEP)
RF estimators(trees to create) 13

Table 3. Error metrics for each algorithm

Algorithm MSE MAE R2
WOA 0.0005  0.0182  -0.1371
DE 0.0007  0.0191  -0.7152
MVO 0.0005  0.0195  -0.2376
SCA 0.0006  0.0209  -0.4407
RF 0.0008  0.0214  -0.8877

4 Results

The performance of the ensemble system was
evaluated using a set of comprehensive metrics,
including Root Mean Squared Error (RMSE), Mean
Absolute Error (MAE), and the R-squared
coefficient (R2). The mean-squared error (MSE) is
a metric that quantifies the average of the squared
differences between the predicted and actual
values, thereby providing insight into the degree of
discrepancy between the two values:

RN .
MSE == (i = 9 @
i=1

The R-squared (R2) metric is a measure of the
proportion of variance in the target variable that is
explained by the model. The values range from 0
to 1, with higher values indicating a stronger
correspondence between the predicted and
actual values.

ROREEND -
L — 33"
The Mean Absolute Error (MAE) is a
quantitative metric that calculates the average

absolute discrepancy between the predicted and
actual values:

R?=1

Computacion y Sistemas, Vol. 29, No. 4, 2025, pp. 2061-2073

doi: 10.13053/CyS-29-4-6101

n
1
MAE == lyi = 9il @
i=1

Within the context of the equations, ¥ denotes

-~

the actual value, ' represents the predicted value,

Yiis defined as the mean of the actual values, and
n is the number of observations.

The experiments were conducted by
partitioning the original dataset into training and
test sets with a 70:30 split, yielding 2009 training
samples and 861 test samples. The optimization
process employed a standard configuration
comprising 10 individuals across 30 generations.
The parameter settings for each optimizer are
specified in Table 2.

Table 2 presents the explicit parameter settings
for DE, MVO, and RF. However, it should be noted
that WOA and SCA are not included in this table.
WOA and SCA employ adaptive strategies that
entail the dynamic adjustment of pivotal control
parameters throughout the optimization process.
This objective is typically accomplished by
leveraging methodologies such as linear
decrement schemes or random vector-based
updates, as opposed to the utilization of predefined
parameters. Consequently, their performance is
governed by these inherent adaptive mechanisms,
obviating the need for explicit parameter tuning.

The errors obtained for the test samples are
presented in Table 3. The analysis indicates that
the machine learning algorithm (RF) yields the
highest value, whereas the evolutionary algorithm
(DE) among the bio-inspired optimizers results in
the lowest value.

A salient finding in Table 3 is the negative
coefficient of determination (R2) across all
methods. This phenomenon occurs when the
predicted values exhibit a substantial deviation
from the mean of the observed data, as delineated
in Equation 3. While a negative R2 generally
indicates that a model's performance is less
effective than the use of the mean as a predictor, it
is crucial to note that optimized methods result in
R2 values that approach zero. In this context, an
R2 of 0 indicates optimal performance, suggesting
that the predictions are at least as accurate as the
mean predictor. These findings underscore that the
enhanced, optimized methods more effectively
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minimize prediction errors, with the swarm
algorithms (WOA) achieving the lowest error
values and the machine learning approach (RF)
yielding the highest error among the
compared techniques.

Figure 9 presents the regression plot, which
compares the predicted values with the actual

measurements. Despite the regression line's
deviation from the theoretical 1:1 line, as
evidenced by the R2 values in Table 3, this should
not be construed as an indication of the
model's inadequacy.

Due to the imprecise nature of the model, its
efficacy lies not in achieving exact precision for
each prediction, but rather in its ability to minimize
overall error and optimize outcomes
under uncertainty.

To further elucidate this point, Figure 10
presents the distribution of the MSE across the
sample. The findings suggest that the DE and SCA
algorithms result in MSE values that are nearly
zero, thereby demonstrating a high degree of
accuracy in prediction. Conversely, algorithms
such as RF, MVO, and WOA demonstrate broader
MSE distributions, indicating comparatively larger
prediction errors. These findings underscore the
efficacy of the proposed approach in reducing error
variance, even in cases where conventional
regression metrics are inadequate in fully capturing
the model's optimization capabilities.

5 Discussion

The findings of this study demonstrate that the
implementation of ensemble models results in a
substantial enhancement of the effectiveness of
FIS in the forecasting of particulate matter
pollution. The integration of numerous FIS has
been demonstrated to enhance resilience and
accuracy, thereby ensuring more reliable
projections. The findings of the present study
indicate a substantial correlation between the
number of FIS in the ensemble and forecast
accuracy, with larger ensembles producing
improved performance. A collection of several
weaker FIS can outperform a single, strong FIS,
illustrating the advantage of employing different
models to tackle intricate, nonlinear, and
unpredictable environmental data [51].

However, the inherent algorithmic complexity of
fuzzy logic systems poses significant challenges
for training and experimental reproduction [29].
The subsequent undertakings will center on
enhancing computational efficiency through the
utilization of batch processing and parallelization
technigues, which are imperative for minimizing
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execution durations in complex experimental
configurations [52].

In contrast to the use of spatial techniques [15]
or Takagi-Sugeno systems [14], this work
integrates multidimensional variables (pollutants
and meteorological) using PCA, demonstrating
robustness to noise and complex correlations.
However, future improvements could include
process parallelization [52] and the adoption of
type-2 membership functions [16] for greater
flexibility. While Random Forest [7] maintains
competitiveness in the context of generalization,
the proposal demonstrates particular aptitude in
applications necessitating interpretability, such as
in the domain of air quality public policy.

In summary, the study presented in this paper
advances PM2.5 prediction by balancing accuracy
and transparency. However, it requires
adjustments to scale efficiently in operational
environments.

6 Conclusion and Future Work

The findings of this study demonstrate that the
implementation of ensemble models results in a
substantial enhancement of the effectiveness of
FIS in the forecasting of particulate matter
pollution. The integration of numerous FIS has
been demonstrated to enhance resilience and
accuracy, thereby ensuring more reliable
projections. The findings of the present study
indicate a substantial correlation between the
number of FIS in the ensemble and forecast
accuracy, with larger ensembles producing
improved performance. A collection of several
weaker FIS has been shown to outperform a
single, strong FIS, illustrating the advantage of
employing different models to tackle intricate,
nonlinear, and unpredictable environmental
data [51].

However, the inherent algorithmic complexity of
fuzzy logic systems poses significant challenges
for training and experimental reproduction [29].
The subsequent undertakings will center on
enhancing computational efficiency through the
utilization of batch processing and parallelization
techniques, which are imperative for minimizing
execution durations in complex experimental
configurations [52].
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