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Abstract: The multilayer perceptron (MLP) neural network is a widely adopted feedforward neural network
(FNN) utilized for classification and prediction tasks. The effectiveness of MLP greatly hinges on the judicious
selection of its weights and biases. Traditionally, gradient-based techniques have been employed to tune these
parameters during the learning process. However, such methods are prone to slow convergence and getting
trapped in local optima. Predicting urban air quality is of utmost importance to mitigate air pollution in cities
and enhance the well-being of residents. The air quality index (AQI) serves as a quantitative tool for assessing
the air quality. To address the issue of slow convergence and limited search space exploration, we incorporate
an opposite-learning method into the Jaya optimization algorithm called EOL-Jaya-MLP. This innovation
allows for more effective exploration of the search space. Our experimentation is conducted using a compre-
hensive 3-year dataset collected from five air quality monitoring stations. Furthermore, we introduce an
external archive strategy, termed EOL-Archive-Jaya, which guides the evolution of the algorithm toward
more promising search regions. This strategy saves the best solutions obtained during the optimization process
for later use, enhancing the algorithm’s performance. To evaluate the efficacy of the proposed EOL-Jaya-MLP
and EOL-Archive-Jaya, we compare them against the original Jaya algorithm and six other popular machine
learning techniques. Impressively, the EOL-Jaya-MLP consistently outperforms all other methods in accurately
predicting AQI levels. The MLP model’s adaptability to dynamic urban air quality patterns is achieved by
selecting appropriate values for weights and biases. This leads to efficacy of our proposed approaches in
achieving superior prediction accuracy, robustness, and adaptability to dynamic environmental conditions. In
conclusion, our study shows the superiority of the EOL-Jaya-MLP over traditional methods and other machine
learning techniques in predicting AQI levels, offering a robust solution for urban air quality prediction. The
incorporation of the EOL-Archive-Jaya strategy further enhances the algorithm’s effectiveness, ensuring a
more efficient exploration of the search space.

Keywords: multilayer perceptron neural network, air quality prediction, training neural network, archive
technique, Jaya algorithm
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1 Introduction

The tendency toward increased global air pollution has grown clearer with the spread of high-intensity human
engineering activities [1–3]. Extreme weather is a frequent occurrence that has contributed to numerous
disasters, and air pollution poses a serious threat to human health [4–7]. Population mortality has dramatically
increased as a result of high PM2.5 and PM10 concentrations [8–10]. In 2016, outdoor air pollution caused about
4.09 million deaths worldwide, according to the global burden of disease (GBD) report [11,12].

Large portions of the Gulf Cooperation Council (GCC) region fall under the dry and semi-arid categories,
and when the correct wind conditions are present, these regions serve as a front for saltated sand and dust
that fuel sandstorms. Dust and sandstorms cause land degradation in addition to the direct effects they have on
particulate matter (PM) concentrations, confirmed to have negative health effects [13]. They also cause sand to
encroach on important structures, topsoil removal, loss of visibility, soil fertility loss, crop failure, and damage
[14]. In addition, the effectiveness of solar cells in capturing energy is decreased by the development of thin
crusts of mud and/or carbonate coatings. The loss of animals and flora and the decline of the vegetation on the
land constitute land degradation. Because it harms natural resources, biodiversity is a major concern for the
GCC desert ecosystem. For instance, Kuwait had a 2.78-fold increase in dust deposition from 109.4 ∕t km2

between 1974 and 1980 to 392 ∕t km2 between 2011 and 2017 [15,16]. The Arabian Gulf’s northern region, which
includes Kuwait, experiences more dusty days than its southern region, with a mean total annual number of
255 days [15,17–19].

A recent study using several methods, such as the positive matrix factorization model, concentration rose
plots, and backward path profiles, demonstrated that a significant portion of Kuwait’s PM originates from
nearby continents or states [20]. According to the same study, Kuwait’s yearly average PM levels – particles
with an aerodynamic diameter smaller than 10 μm and PM2.5 levels – particles with an aerodynamic diameter
less than 2.5 μm – were 130 and 53 ∕μg m3, respectively. Sand dust was identified as Kuwait’s primary source of
PM2.5, accounting for 54% of the country’s total, followed by oil combustion (18%), the petrochemical sector
(12%), with traffic (11%), also, more than 50% of the analyzed PM2.5, according to the same study, had sources
other than Kuwait.

A more recent study revealed that the production of power and the desalination of water accounted for 23
and 14%, respectively, of the anthropogenic PM2.5 and PM10 emissions. The yearly mean of PM2.5 concentration
for urban areas in Kuwait consistently exceed the WHO suggested limit, which is 35 ∕μg m3 [21]. Another
intriguing finding was that the difference in yearly mean concentrations between rural and urban areas
remained almost constant at 8 ∕μg m3.

Modern human activities inevitably involve energy usage and its consequences. Kerosene, coal, and straw
burning are only a few human-caused bases of air pollution, along with emissions from businesses, vehicles,
and aerosol cans. Day by day, a variety of detrimental pollutants, including NO2, CO, NH3, PM, CO2, O3, Pb, and
SO2, are discharged into the atmosphere.

The substances and particles that constitute air pollution affect the health of people, animals, and even
plants. Heart disease, bronchitis, and pneumonia are just a few of the severe illnesses that can be contracted by
people as a result of exposure to air pollution. Poor air quality is the root cause of smog, acid rain, aerosol
formation, vision impairment, global warming, early death, and other contemporary environmental issues.
Researchers have found that air pollution has the propensity to destroy historical monuments [22–24]. The
atmospheric emissions from factories and power stations, agriculture discharges, and other sources are to
blame for the rise in greenhouse gases. The climate is detrimentally impacted by greenhouse gases, which in
turn affects how quickly plants develop [25].

Plant–soil interactions are also affected by emissions of greenhouse gases and inorganic carbons [26].
Climate change has a significant impact on agricultural output as well as human and animal health [27].
Commercial loss is another side effect that is sometimes worth taking into account. The air quality index (AQI),
a measurement variable, has a direct bearing on public health. Higher levels of AQI denote a riskier exposure
for the masses. Consequently, the yearning to obtain accurate anticipation for AQI drove investigators to
monitor, model, and analyze the air quality. Based on rising automotive and manufacturing activities,
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assessing and predicting AQI, especially in metropolitan areas, have become an essential and difficult under-
taking. Since the concentration of the deadliest pollutant, PM2.5, is shown to be multiplied in developing
countries, the majority of air quality studies and research efforts focus on these nations [28].

Many models, including statistical, physical, deterministic, and machine learning (ML) approaches, have
been employed to predict AQI in the literature. The conventional methods based on statistics and probability
are exceedingly intricate and ineffective. It has been proven that ML-based AQI prediction models are more
dependable and consistent. Data collection was made simple and accurate by modern technologies and
sensors. ML algorithms are capable of handling the rigorous analysis needed to make accurate and trust-
worthy predictions from such vast environmental data. The significance of ML techniques in dealing with the
challenges related to environment protection was extensively explored by Al-Jamimi et al. [29].

In fact, ML and statistical forecasting are the two prominent tools for predicting AQI. To map the associa-
tion between the goal data and the time-series historical data, statistical forecasting techniques create data-
driven mathematical models. These techniques can offer precise and timely predictions with a straightforward
mathematical basis. A popular statistical forecasting method that is typically used for short-term forecasting is
the auto-regressive integrated moving average (ARIMA). A recent survey of traditional statistical models for
AQI forecasting highlights that ARIMA models are better at identifying trends and making forecasts with the
lowest root-mean-square error (RMSE) when equated to other statistical models [30]. However, the bulk of
statistical-based models do not take atmospheric variables and circumstances into consideration when fore-
casting future data; instead, they simply use the previously recorded data. In addition, statistical models,
unlike ML models, call for computationally intensive data pre-processing, particularly when dealing with
historical data’s discontinuity [31].

Nevertheless, once combined with environmental applications, ML algorithms, with their demonstrated
dominance and effectiveness in many predicting issues, might be quite alluring to academics. For instance,
Wang et al. [32] used a radial basis neural network (NN) to estimate SO2 levels and came to the conclusion that
the outcomes could be useful for AQI forecasting in the future. In a similar vein, Cai et al. [33] demonstrated
that in terms of predicting various pollutant concentrations, a feedforward NN outperformed multilinear
regression. For predicting the pollutant levels that are needed to compute the AQI (per hour) in California, the
work proposed by Castelli et al. [34] used the support vector machine (SVM), which is another reliable ML
approach. The classification accuracy of the models was 94.1% for the projected air quality. A novel method of
forecasting the AQI directly using ensemble learning was suggested Ganesh et al. [35]. In this method, the
projected AQI amounts from five separate regression and ML models were additionally processed and then
introduced to ensemble models to improve forecasting accuracy.

The current study examines 3 years’ worth of data on air pollution collected by five environmental
monitoring stations in the state of Kuwait covering the period from January 1, 2018, and December 31, 2021.
Data visualization techniques are then used to improve insights and look into undiscovered patterns and
trends after the dataset has been cleansed and prepossessed. This study uses the JAYA algorithm model to
forecast the AQI in Kuwait.

The JAYA algorithm, developed by Roa in 2016, stands out as an exceptionally efficient metaheuristic
approach. Inspired by the concept of “survival of the fittest,” this algorithm enables solutions within the
population to converge toward the most optimal solution while avoiding inferior ones [36].

One of the key advantages of the JAYA algorithm lies in its simplicity and ease of implementation, as it
requires no algorithm-specific parameters. Its conceptual and computational straightforwardness has also
contributed to its popularity among researchers [37,38]. Researchers have employed the JAYA algorithm to
tackle various optimization problems, ranging from truss structures and parameter estimation to facial emo-
tion recognition, micro-channel heat sinks, optimal power flow, job-shop rescheduling, knapsack problems,
feature selection, and shell-and-tube heat exchangers [39–47].

Despite its merits, the JAYA algorithm does suffer from certain shortcomings, notably related to premature
convergence. When reaching the equilibrium state, it may become trapped in local optima [48]. To address this
issue, researchers have proposed modified versions of the JAYA algorithm, such as the self-adaptive, multi-
population, chaotic, and performance-guided approaches [38,48–50]. By continually refining and enhancing
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the JAYA algorithm and its variants, researchers aim to harness its potential to solve optimization problems
with increased efficiency and accuracy.

In this article, elite opposition-based learning (EOL), which is a transformative enhancement, is integrated
into the Jaya algorithm focusing on the elite solutions, or best solutions for the sake of revolutionizing solution
exploration. The new proposed algorithm is called EOL-Jaya-MLP, which enables the algorithm to simulta-
neously explore promising elite solutions while also probing the antitheses of these elite points. By striking a
harmonious balance between exploitation and exploration, EOL empowers the Jaya algorithm to efficiently
and effectively converge toward near-optimal solutions, mitigating premature convergence and enhancing its
applicability to complex, real-world optimization challenges. It significantly improves solution precision and
speed, as it targets exploration efforts around the elite solutions, steering clear of local optima.

Researchers have introduced archive methods as a powerful approach to enhance population diversity during
evolution and preserve potential optima. One notable method, proposed by Lacroix et al. [51], involves collecting
the best-known solutions within the evolving population into a single archive. This archive serves as an index to
identify weak regions in the search space for exploration, which are then stored in another collection. Throughout
evolution, both archives are continuously updated, ensuring a balanced exploration–exploitation trade-off.

Another approach, presented by Zhang et al. and Kundu et al. [52,53], utilizes an archive method for
subpopulations. This facilitates regeneration to form an initial population of solutions, promoting diversity
and avoiding premature convergence. In the work of Wang et al. [54], an archive method is employed to store
stagnant solutions. These solutions are periodically reinitialized along with their neighboring individuals
whose fitness is lower, fostering rejuvenation within the population.

Moreover, Sheng et al. and Turky et al. [55,56] have successfully utilized archives to address dynamic
optimization problems. By continuously updating the archives, these methods aim to improve population
evolution and retain the best potential solutions for subsequent cycles. Empirical findings strongly support the
efficacy of archive methods, showing their superiority over other approaches in reliably locating multiple
optimal solutions in the problem search space. Consequently, researchers have also leveraged archives to
tackle multiobjective optimization problems, showing their versatility and effectiveness in various contexts.

To enhance the exploration capabilities of EOL-Jaya-MLP, an archive strategy is implemented to store the
best results, inspired by the methods introduced in the literature [51,54,57]. This modification, named EOL-
Archive-Jaya, empowers the algorithm to search more effectively in promising regions. EOL-Archive-Jaya is
specifically employed to optimize the training of a single hidden layer NN for enhanced performance in
predicting the AQI. The proposed algorithm is evaluated using a 3-year dataset collected from five air quality
monitoring stations, comparing its performance against the original Jaya algorithm and three other well-
known swarm intelligence algorithms (bat algorithm, particle swarm optimization (PSO), and Moth-flame
optimization) as well as six classical ML techniques. The results demonstrate the effectiveness of EOL-
Archive-Jaya in obtaining superior solutions and efficiently training the NN, signifying its potential as a
valuable tool in optimization and ML domains.

The remaining parts of the present article are organized as follows: in Section 2, we discuss the related
work; Section 3 provides an explanation of the multilayer perceptron (MLP); our novel algorithms, EOL-Jaya-
MLP and EOL-Archive-Jaya, are presented in Section 4; we present experimental results and discussions in
Section 5, thoroughly analyzing the performance of the proposed algorithms; finally, in Section 6, we conclude
the article by summarizing key findings and discussing potential future developments. This structured
approach enables readers to seamlessly navigate through the article, gaining a comprehensive understanding
of our contributions and their implications.

2 Related works

The power of NNs, including MLP NNs and radial basis function networks, in conjunction with optimization
algorithms like the Chimp optimization algorithm (ChOA) have been harnessed by AI research community to
tackle various problems such as detecting and identifying marine life in underwater settings [58–66]. The
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proposed techniques have significantly elevated the efficacy of underwater image detection, and facilitated the
development of proficient sonar systems. Moreover, the integration of evolutionary NNs and fuzzy system
concepts has led to the refinement of classification strategies for acoustic targets [67].

This section reviews the relevant works that involve the use of NNs and optimization algorithms to predict
air quality. Lu et al. [68] introduce an approach to enhance the performance of the back-propagation (BP) NN
in predicting the AQI. Their method involves leveraging an advanced PSO algorithm, resulting in improved
optimization capabilities. The researchers utilize the enhanced PSO algorithm to optimize not only the dif-
ferent strategies related to the inertia weight but also the learning factor. This optimization process ensures
that the algorithm exhibits high global search capability from the initial stages and facilitates fast convergence
toward the optimal solution. To prevent the particles from getting trapped in local optima, the authors propose
a solution based on an adaptive mutation during the search phase. This algorithm effectively avoids the
particles from being stuck in suboptimal solutions. Through in-depth analysis and thorough comparison of
empirical results, the researchers provide compelling evidence that the BP NN optimized using the improved
PSO algorithm achieves superior accuracy in predicting the AQI.

In their research, Seng et al. [69] present an deep learning-based approach to predict air quality. Their
method involves the development of a comprehensive prediction model based on long short-term memory
(LSTM). This model incorporates multioutput and multiindex of supervised learning (MMSL) techniques. To
create their prediction model, the researchers integrate particle concentration data from the current mon-
itoring station with data from neighboring stations, as well as meteorological and gaseous pollutant data from
the same period. The LSTM is employed for training the model, enabling the prediction of pollution indicators.
To evaluate the model’s performance, the researchers utilize a dataset collected from 35 air monitoring
stations in Beijing area for a period of 2 whole years, namely, 2016 and 2017.

The study conducted by Cordova et al. [70] focuses on analyzing air quality in Peru, specifically in
Metropolitan Lima. They employed the LSTM networks to assess and predict air pollution levels. The
researchers gathered data from five monitoring stations and evaluated their model using two different
schemes. First, they used the hold-out (HO) method, and second, they used the blocked-nested cross-validation
(BNCV). The experimental results yielded promising outcomes, particularly regarding PM10 concentrations
during periods of low pollution. Moreover, the LSTM network combined with BNCV exhibited superior pre-
dictability performance for periods characterized by high contamination levels. Focusing on the Amman area
(Jordan), Aljanabi et al. [71] aimed to predict ozone concentration, specifically at the ground level. The authors
developed a model that utilizes a combination of meteorological and seasonal variables from the previous day
to make accurate predictions. To enhance the predictive performance, the researchers compared multiple
algorithms: MLP NN, support vector regression (SVR), decision tree regression (DTR), and extreme gradient
boosting (XGBoost). In addition, they investigated the impact of applying different smoothing filters to the
time-series data, including moving average, Holt-Winters smoothing, and Savitzky-Golay filters. The findings
revealed that the MLP algorithm outperformed the other algorithms in predicting ozone concentration.
Furthermore, the authors implemented feature selection techniques to reduce the prediction time. The experi-
mental results demonstrated a significant reduction of 91% in prediction time, along with a decrease in the
number of features required for prediction. Specifically, the selected features included ozone, humidity, and
temperature values from the previous day.

In addition, Al-Rashed et al. [72] focus also on the air quality in Kuwait. The researchers investigated the
variations in air pollutant trends and employed two analytical methods: (1) exponentially weighted moving
average (EWMA) scheme and (2) the cumulative sum (CUSUM) technique. The EWMA technique was utilized to
calculate the average mean, while the CUSUM method was applied to extract shifts from this average mean.
The objective of their study was to investigate the trends of major pollutants in three specific areas in Kuwait
over a 5-year period. Data for the study were collected from three monitoring stations located in Ali Subah
Al-Salem area, Al-Mutla district, and Al-Mansouriya area. The results indicated that the average trends for carbon
monoxide (CO) and non-methane hydrocarbon (NMHC) in all three study areas exceeded the standard con-
centration levels established in Kuwait and the World Health Organization (WHO) guidelines. In the study by
Zhao et al. [73], the researchers employ a deep learning approach to forecast air quality classification (AQC) in
three distinct industrial cities within the United States. They utilize a recurrent neural network (RNN), a
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popular deep learning technique, to construct their prediction model. Through extensive experimentation, the
authors demonstrate that their proposed model exhibits superior performance compared to SVM and random
forest models. This highlights the effectiveness and superiority of the RNN-based approach in predicting AQC
for the given industrial cities.

Ebrahimi-Khusfi et al. [74] shift their focus to another aspect of air pollution, namely, dust concentration
(DC). They introduce an approach to investigate the uncertainty and interpretability of the adaptive neuro-
fuzzy inference system (ANFIS), a robust model utilized for dust event prediction. To further enhance their
analysis, the authors quantify the uncertainty of the ANFIS model in which they use uncertainty estimation
techniques that, in turn, utilize local errors and clustering tools. They also employ a model-agnostic inter-
pretation approach to improve the interpretability of the ANFIS model. In addition, the authors incorporate
the bat optimization algorithm (BAT) to enhance the performance of the ANFIS model in prediction. The
results obtained from their study demonstrate the effectiveness of the ANFIS+BAT model in predicting DC. In
comparison to the ANFIS model, the ANFIS+BAT model exhibits an improvement of 10 and 16% in correlation
coefficient for predicting DC during the cold and warm months, respectively. Moreover, the uncertainty
analysis reveals a reduced prediction interval when the BAT algorithm is integrated compared to the original
ANFIS model.

Maleki et al. [75] devises an artificial neural network (ANN) model with the aim of predicting hourly
standard air pollutant concentrations, AQI, and air quality health index. Through an analysis of air pollution
data collected in Ahvaz, Iran, spanning from August 2009 to August 2010, they assess the performance of their
model by obtaining the predicted correlation coefficient of 0.87 and a RMSE of 59.9. The results highlight the
potential of ANNs in predicting air quality, thus enabling proactive measures to prevent potential health
impacts. By utilizing this ANN model, policymakers and relevant stakeholders can make informed decisions
to mitigate the adverse effects of air pollution on public health.

Yang et al. [76] introduce a hybrid optimization framework aiming to enhance air quality assessment. The
primary objective of their model revolves around accurately forecasting the concentration of PM2.5, a crucial
air pollutant. The framework combines the power of the least-square support vector machine (LSSVM) with
the optimization capabilities of the JAYA optimization algorithm, resulting in what is known as JAYA-LSSVM.
One notable aspect of the JAYA-LSSVM approach is its comprehensive consideration of various air pollutants,
including PM10, SO2, NO2, CO, and O3. In addition, the model takes into account crucial climate conditions such
as wind patterns, temperature, sunlight intensity, and humidity. By incorporating these factors, the researchers
aim to provide a more holistic and accurate understanding of air quality dynamics. We summarize the most
relevant recent research work in Table 1.

3 MLP

The feedforward neural network (FNN) is a powerful type of ANN that emulates the interconnectedness of
neurons in the human brain to model knowledge. It comprises three interconnected layers: input, hidden, and
output. The input layer receives the features from the data, while the hidden layers process this information to
recognize the desired output patterns based on the input features. Finally, the output layer identifies the
predicted classes corresponding to the given set of inputs [79].

A specific class of FNN is the MLP, where data move in a unidirectional manner, passing through the
network from the input layer to the output layer. The parameters of an MLP include the input features, the
weights (w), and the biases (b). The MLP’s outcome is computed in three distinct phases:

• Initializing weights: The weighted sum score is assigned for each input in the MLP network. The
weighted sum is computed using equation (1).

( )∑= − =
=

S w X β j h. , 1, 2,…, .j

i

n

ij i j

1

(1)
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In an MLP, it is important to note the following definitions: First, n represents the total number of inputs
present in the MLP architecture. Each input, denoted as Xi, is connected to a hidden neuron j through a
weight vector, wij, which governs the influence of that specific input on the activation of the hidden neuron.
In addition, the hidden neuron j is equipped with a bias term, β

j
, which plays a significant role in deter-

mining the neuron’s overall activation process.
• Activation function computation: The Sigmoid activation function is commonly used to process the
weighted vector output. After that, the computed output vector is transferred to the next layer. As the
Sigmoid output value is between 0 and 1, it is not used in our proposed framework. The Leaky ReLU
activation function is used instead [80]. The calculation is presented in equation (2).

( )= αx xLeaky ReLU max , . (2)

Note that the value of hyperparameter α is between 0.01 and 0.1.
• Computing the outcome: The outcome of the last layer is calculated as shown in equation (3):

∑= +
=

y w f bˆ .
k

i

m

kj i k

1

(3)

It is worth noting that wjk refers to the weight associated with the connection from the hidden neuron j to
the output neuron k in the NN. This weight value influences how the hidden neuron’s activation contributes to
the final output neuron’s result. Moreover, the output neuron k is accompanied by a bias term denoted as bk ,
which plays a critical role in adjusting the output neuron’s activation threshold.

Finally, the optimal set of weights and biases are used in the MLP as shown in equations (1) and (3) to
achieve better classification accuracy.

4 Methodology

This section presents the main contributions of this work. The MLP is enhanced by proposing an EOL Jaya
optimization algorithm (EOL-Jaya-MLP) for predicting air pollution in Kuwait. The utilization of EOL is to
improve the algorithm exploration power by introducing a new set of solutions generated using the current
best solutions. After that, the Enhanced Archive-Jaya (EOL-Archive-Jaya) technique is proposed to enhance the
performance of the MLP NN. As previously discussed, the key variables in MLP NNs are the weights and biases.
EOL-Archive-Jaya optimizes these parameters by selecting MLPs that achieve the highest classification accuracy.

The groundbreaking feature of EOL-Archive-Jaya lies in its integration of an external archive, designed to
preserve the best solutions found during the optimization process for utilization in future iterations. In each
iteration, EOL-Archive-Jaya leverages the MLP to evaluate the current solutions, with the weights and biases
serving as input vectors. The archive rate (Ar) determines the proportion of the finest solutions from the
population, encompassing the most optimal weights and biases for the fittest MLP. These elite solutions are
then stored in the external archive and subsequently incorporated into the initial population for the next run.
This intelligent approach enables EOL-Archive-Jaya to capitalize on the best solutions acquired thus far
throughout the algorithm’s evolution, leading to enhanced performance and convergence.

The iterative process, involving the use of the external archive, is repeated in every run. In the first run,
since there is no feedback from historical runs, the population is randomly constructed. However, once the
archive is available after the first run, it comes into play, significantly influencing subsequent iterations. By
leveraging the collective knowledge captured in the external archive, EOL-Archive-Jaya optimizes the selection
of weights and biases, driving the MLP toward improved classification accuracy. This dynamic and iterative
approach ensures that the algorithm efficiently explores the solution space, leading to enhanced performance
in training the MLP NNs.

The steps of the proposed method are demonstrated in Figure 1. The proposed EOLJaya-MLP and EOL-
Archive-Jaya will improve the NN performance by choosing the most promising values of weights and biases
vectors, thus providing a better prediction for air pollution.
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4.1 Jaya optimization algorithm with EOL and external archive for MLP

JAYA algorithm is a metaheuristic algorithm inspired by the nature evolutionary concept “survival of the
fittest” [36]. JAYA algorithm tries to amplify the number of fittest candidate solutions and to avoid the worst
solutions. The strength of JAYA algorithm comes from its simplicity, ease of implementation, and no algorithm-
specific parameters [82]. The procedural steps of the Jaya optimization algorithm with EOL and external
archive for MLP are demonstrated next:

Step 1:Define the external archive. The external archive, denoted as ARCH, is represented as a matrix
with dimensions ×K N , as shown in equation (4). Here, N corresponds to the total number of
weights and biases present in the solution vector. The value of K is determined by selecting the
top-performing MLPs after each training session for inclusion in the archive. The specific value of
K is determined by the equation (5), where Ar refers to the archive rate. The parameter Ar is an
important component of the EOL-Archive-Jaya algorithm and is carefully chosen through a pre-
liminary experiment.
It is worth noting that the ARCH matrix starts as an empty set during the first run and will be
subsequently updated with the selected MLPs after the initial training session. This approach
allows for the preservation and storage of the best-performing solutions for further use and
analysis in the algorithm.
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1
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(4)

= ×K HIS A .r (5)

The parameter Ar holds significant importance as it influences the extraction of the best solutions from
the previous run. Specifically, Ar represents the archive rate, which corresponds to the ratio of MLPs

Figure 1: The stages of the proposed method [81].
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selected from the training set to be included in the next version of the archive. The entire population size,
denoted as HIS, determines the number of solutions, each comprising a vector containing weights and
biases for individual MLPs.

Importantly, the size of the archive, denoted as ARCH, is dependent on the population size, and this
relationship is defined by the archive rate (Ar). Specifically, the archive size is calculated as a proportion
of the population size. As a result, the ARCH matrix adapts to changes in the population size based on the
specified archive rate.

Furthermore, it’s worth mentioning that the construction of the ARCH matrix occurs only at the
beginning of the execution, and it undergoes continuous updates after each run. This approach ensures
that the best-performing solutions are preserved and incorporated into the evolving archive as the
algorithm progresses.

Step 1: Initialization parameters of JAYA algorithm and MLP parameters. The MLP NN can be modeled
as an optimization problem using a one-dimensional vector with a set of weights and biases to be
tuned to increase the fitness of the MLP on the input features. The number of weights and biases
can be computed using equation (6):

= × +h F2 1, (6)

= × + ×n N h h o1 , (7)

= +b h o. (8)

The hidden layer contains a number of neurons represented by h, which plays a crucial role in the
network’s capacity to learn complex patterns. The dataset comprises a total of F features, where each
feature serves as input to the network’s neurons. The number of weights in the MLP is represented by g ,
and these weights are essential in determining the strength of connections between neurons. The output
layer generates the final predictions, and the number of outputs from the MLP NN is indicated by o. In
addition, the biases, which contribute to the overall flexibility and generalization ability of the network,
are denoted by b.

The MLP is used to predict the output for each instance in the dataset, and the prediction accuracy is
measured using mean squared error (MSE). The MSE is a common metric that calculates the difference
between the MLP output (prediction) and the actual data. The MSE equation is demonstrated in equation
(9). Note that y is the actual value, ŷ is the predicted value, and k is the number of training samples.

( )∑= −
=k

y yMSE
1

ˆ .

i

k

1

2 (9)

The predicted output, denoted as ŷ, is obtained by feeding the current weights and biases into the MLP
and determining the corresponding output for each data input. To assess the performance of the MLP,
which is characterized by its specific set of weights and biases, a comparison is made between the MLP’s
output and the actual output for the given data.
Generally speaking, the classification problem can be presented as follows:

( ) [ ]∈x x lb ubfmin , .
x

(10)

The value ( )xf represents theMSE calculated for a specific case, where ( )=x x x x, , …, N1 2 . In the context of the
MLP, the vector x encompasses both the weights (n) and biases (m), given by ( )=x w w w b b b, , …, , , , …,n m1 2 1 2 .
Here, xi denotes the decision variable indexed by i, and there are a total of N decision variables in each
individual, with = +N n m. The weights and biases for the MLP are confined to an interval [ ]lb ub,i i ,
where lbi and ubi represent the lower and upper limits of the variable xi respectively. This constraint
ensures that the weight and bias values stay within reasonable bounds, facilitating effective learning and
preventing extreme parameter values.

The two parameters of the JAYA algorithm are: (i) The population size (i.e., P), and (ii) the number of
iterations (i.e., MaxIter).
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Step 2: Constructing the initial population. In this step, a set of solutions P is randomly generated. Each
solution represents the weights and biases as input for the MLP. Each solution is a vector

( )=x w w w b b b, , …, , , , …,n m1 2 1 2 .
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(11)

Note that each row represents a solution x j which is a set of weights and biases. The solution is
developed using the following equation: ( ) ( )= + − ×x lb ub lb U 0, 1

i

j

i i i , ∀ =i P1, 2,…, . The cost function

is computed using MSE as presented in equation (9). For simplicity, the term x
i

j is used next to refer to the
variable i (weight or bias) of a solution vector j .

It is important to highlight that following the initial run, a portion of solutions, denoted as K ,
is directly copied from the archive ARCH, while the remaining solutions are randomly generated to
complete the population.

Step 3: Elite opposition-based learning. Elite opposition-based learning (EOL) is a special type of
learning proposed by Sihwail et al. [83]. The technique insight is obtained from developing a
new set of solutions that is the opposite of elite (best) solutions with the hope to come closer to the
global optimal. EOL is used to enhance the learning of different optimization algorithms such as
harris hawks [83], cuckoo search [84], and grasshopper optimization [85].

Let ⟨ ⟩
→ =X x x x, , …, m1 2 be the elite candidate solution that has m decision variables. EOL can be

applied to the candidate solutions by calculating the elite opposite-based solution → ∘
X using

equation (12).

⟨ ⟩ ( )
→ = = + −

∘ ∘ ∘ ∘ ∘
X x x x x δ da db x, , …, , where .

m i i i i1 2
(12)

Note that ( )∈δ 0, 1 and it controls the amount of opposition, and dai and dbi are the dynamic boundaries
which are computed as follows:

( ) ( )= =da x db xmin , max .i i i i (13)

A correction mechanism is used if the opposite decision variable ∘
x

i
is outside [ ]LB UB,i i using the equation:

( )= < >∘ ∘ ∘
x LB UB if x LB or x UBrand , , .

i i i i i i i (14)

Note that ( )LB UBrand ,i i is a random number between LBi andUBi. This technique is used to improve the
set of generated weights and biases in the population.

Step 4: Selecting the best and the worst solutions. The best candidate solution and the worst candidate
solution from the population are selected (i.e., xbest and xworst). Note that xbest is the solution (i.e.,
set of weights and biases) with the minimum MSE, while xworst is the solution with the max-
imum MSE.

Step 5: Improvement process. The EOL-Jaya-MLP algorithm is used to improve the weights and biases of
MLP. The weight or bias (x

i

j) (i.e., =x w
i

j

j

i or =x b
i

j

j

i ) for the individual x j stored in the population
are stochastically modified at each iteration using the following equation:

( ∣ ∣) ( ∣ ∣)= + × − − × −x x r x x r x x .
i j i j j i j j i j,

new
, 1

best
, 2

worst
, (15)

In the context of candidate solution evaluation, it is important to consider the value of the decision
variable j for both the best candidate solution, denoted as xbest, represented by x

j

best, and the worst
candidate solution, xworst, represented by x

j

worst. When generating a new solution, x
i

new, the old solution
at the ith position, xi, is utilized, and the updated value of the decision variable j in the old solution is
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denoted as xi j, new. In addition, the terms r1 and r2 are introduced as two random numbers falling within
the range of 0 and 1.
Step 6: Update process. In this step, the fitness value ( )f x

j

new of the new solution (i.e., newly generated
weights and biases) x

j

new is computed, and it replaces the current solution xj if better, such
as ( ) ( )<f x f x

j j

new .
Step 7: Stop criterion. Repeat Steps 3 to Step 6 until the highest number of steps MaxIter is achieved.

After that, the MLP with the lowest MSE value is tested with the test dataset.
Step 8:Update the external archive. After each run, the solutions in the population, represented by

vectors of weights and biases for each MLP, are sorted in the ascending order based on their MSE
values. Subsequently, the archive (ARCH ) is cleared, making way for the next iteration. During
this process, the best Ar solutions are selected from the sorted population and copied into a new
version of the archive (ARCH ).
Despite the archive being emptied at the start of each training run, its K MLPs remain part of the
new population of MLPs to be trained. After the training, the top Ar solutions from this new
population are retained to form the latest version of the archive (ARCH ). Consequently, the
archive effectively serves as a store of accumulated knowledge, housing the best-performing
solutions across multiple runs.

The detailed steps of the proposed EOLJaya-MLP are presented in Figure 2, and the pseudo-code is
illustrated in Algorithm 1 . The steps of the proposed EOL-Archive-Jaya for MLP are presented in Figure 3
and the pseudo-code is illustrated in Algorithm 2.

Figure 2: The steps of the proposed EOL-Jaya-MLP.
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Algorithm 1. EOL Jaya for MLP pseudo-code

1: Initialize the parameters of Jaya (MaxItr).
2: randomly initialize P solutions within the problem bounds ( )LB UB,

3: Evaluate the initial P solutions
4: Set k = 0
5: while k < MaxItr do
6: Select the best individual as the elite individual Xe from Xi

7: Update the dynamic interval boundaries [ ]da da,i j in Xi according to equation (14)
8: Generate the opposite population
9: Select the fittest P individuals from opposite populations and the population
10: find the best X

best and worst X
worst solution in the current population

11: for j = 1 to P do
12: for i = 1 to +n m do
13: Calculate X

i j,

new using equation (15)

{Make sure that X
i j,

new within the problem bounds}
14: if ( <X LB

i j j,

new ) then
15: =X LB

i j j,

new

Figure 3: The steps of the proposed enhanced-Jaya-archive.
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16: else
17: =X UB

i j j,

new

18: end if {Replace the current solution in case of improvement}
19: end for
20: if ( ) ( )<f X f X

i i

new then
21: X Xi i

new

22: end if
23: end for
24: = +k K 1

25: end while{End of Generations}
26: Return the best solution

Algorithm 2. EOL-Archive-Jaya for MLP pseudo-code

1: Construct the archive ARCH matrix of size ×K N , where K= ×P Ar.
2: Initialize the parameters of Jaya (MaxItr).
3: randomly initialize P solutions within the problem bounds ( )LB UB,

4: Evaluate the initial P solutions
5: Set =k 0

6: for run = 1 to runs#

7: if run==1
8: while k < MaxItr do
9: Select the best individual as the elite individual Xe from Xi

10: Update the dynamic interval boundaries [ ]da da,i j in Xi according to equation (14)
11: Generate the opposite population
12: Select the fittest P individuals from opposite populations and the population
13: find the best X

best and worst X
worst solution in the current population

14: for j = 1 to P do
15: for i = 1 to +n m do
16: Calculate X

i j,

new using equation (15)

{Make sure that X
i j,

new within the problem bounds}
17: if ( <X LB

i j j,

new ) then
18: =X LB

i j j,

new

19: else
20: =X UB

i j j,

new

21: end if {Replace the current solution in case of improvement}
22: end for
23: if ( ) ( )<f X f X

i i

new then
24: X Xi i

new

25: end if
26: end for
27: = +k k 1

28: end while {End of Generations}
29: else
30: copy the K solutions from ARCH .
31: while <k MaxItr do
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32: Select the best individual as the elite individual Xe from Xi

33: Update the dynamic interval boundaries [ ]da da,i j in Xi according to equation (14)
34: Generate the opposite population
35: Select the fittest P individuals from opposite populations and the population
36: find the best X

best and worst X
worst solution in the current population

37: for j = 1 to −P K

38: for i = 1 to +n m

39: Calculate X
i j,

new using equation (15)

{Make sure that X
i j,

new within the problem bounds}
40: if ( <X LB

i j j,

new )
41: =X LB

i j j,

new

42: else
43: =X UB

i j j,

new

44: end if{Replace the current solution in case of improvement}
45: end for
46: if ( ) ( )<f X f X

i i

new then
47: X Xi i

new

48: end if
49: end for
50: k = k + 1
51: end while {End of Generations}
52: end if
53: Update the Archive by feeding the ARCH by the best solutions from the current run.
54: end for {End of Runs}
55: Return the best solution

4.2 Air pollution data monitoring

The data used in this study are obtained the air quality monitoring stations of the Environment Public
Authority in the State of Kuwait (K-EPA).

The State of Kuwait is situated in the northeastern region of the Arabian Pensinsula, bordered by Saudi
Arabia to the South and West and Iraq to the north (Figure 4); Kuwait is one of the world’s warmest locations
since most of its land is superficially flat, and it is affected by a subtropical high-pressure system. It is marked
by a huge temperature variation between summer and winter, with summer temperatures exceeding 50°C and
winter temperatures falling below 7°C [86]. More than 4.5 million people live in Kuwait, and almost all of them
are concentrated in Kuwait City, the center of the country’s urban activity. Five governorates make up Kuwait:
Ali Sabah Al Salem, Fahaheel, Jahra, Mansouria, and Rumaithya. The State of Kuwait has a coastline that looks
out onto the northwestern portion of the Arabian Gulf, and Kuwait Bay, which is north of Kuwait City, serves
as the nation’s most significant shoreline due to its significant economic and historical significance [86]
(Figure 5).

The K-EPA developed the air monitoring stations with the goal of monitoring Kuwait’s air quality and
preserving the present rates of various air quality factors within safe and acceptable ranges. Since its estab-
lishment in 1984, the network of stations designed specifically to track air quality has been supplying data
continuously. The research uses an extensive dataset obtained from the air quality monitoring stations
managed by the K-EPA. This dataset includes air quality data collected over a period of 3 years, namely,
from January 1, 2018, to December 31, 2020. Data were obtained from 13 air monitoring stations strategically
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located around Kuwait, supplemented by data from four intermittent mobile stations to provide thorough
coverage and consistent data collection. These stations observe various air pollutants, such as PM with a
diameter of less than 10 mu (PM-10), CO, nitrogen dioxide (NO2), sulfur dioxide (SO2), and ground-level ozone
(O3). These pollutants are crucial for evaluating air quality and its effects on health and the environment. Data
collection occurs at regular intervals, with each fixed station autonomously transmitting data to the database
of the Environment Public Authority. This process guarantees continuous monitoring in real time. The dataset
contains 24 h averages for PM-10, SO2, andNO2, as well as 8 h averages forO3 and CO. The selected time periods
were specifically aligned with worldwide standards and methods for measuring air quality. This ensures that
daily exposure levels may be accurately assessed. In terms of the dataset’s size, our research examined data
from four stations over a 3-year duration, resulting in a comprehensive and reliable dataset for assessing the
efficacy of various air quality imputation methods. The dataset contains a substantial number of hourly
measurements for each pollutant, spanning all stations and the whole research period. The actual amount
of data points may vary depending on the station and pollutant, owing to the natural fluctuation in environ-
mental monitoring. Moreover, the preprocessing stages were carefully executed to guarantee the quality and
usefulness of the data. The following steps were undertaken:
• Data Cleaning: The process of eliminating outliers and rectifying any evident flaws in the dataset to ensure
that the data precisely represent the recorded air quality conditions.

• Missing Value Imputation: Utilizing sophisticated imputation methods to estimate missing values, which is a
crucial process owing to periodic data gaps caused by equipment maintenance or failure. We based our
approach on the idea that if fewer than 75% of the data for a particular pollutant were available on a certain
day (i.e., less than 18 h of data), we considered the daily average as missing. This criterion corresponds to the
criteria established by the US Environmental Protection Agency.

• Conversion to AQI: To make it easier to understand air quality data and its possible effects on health, the
concentrations of pollutants were transformed into AQI values using the equation and breakpoints specified
in the given material. This conversion adheres to established protocols and enables the uniform documenta-
tion of air quality.

In what follows, we elaborate on the dataset’s specifics, which include the size of the dataset, frequency of
data collection, and preprocessing steps undertaken.

Figure 4: The Arabian Peninsula and the countries located in it, including Kuwait in the north-eastern part. Source: Kuwait Environment
Public Authority (K-EPA) eMISK, 2020.
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4.3 Datasets from Kuwait EPA

To compare and contrast the effectiveness of different imputation techniques for estimating missing values in
the dataset, we used a real-time air quality monitoring dataset that was gathered from five locations in Kuwait
from the Kuwait Environmental Public Authority (K-EPA). The dataset included information on the weather,
time, and air quality.
• Air quality data: This set includes the following air pollutant variables: nitrogen dioxide (NO2), carbon
monoxide (CO), PM with a diameter of 10 μm or less (PM10), sulfur dioxide (SO2), and ozone (O3).

• Meteorological data: This set consists of various meteorological parameters, such as temperature, humidity,
wind direction, and WS.

Data on pollutants was gathered from Kuwait’s Environmental Public Authority (K-EPA). Five environ-
mental monitoring stations provided the data between January 1, 2018, and December 31, 2021. Each station’s
24 h aggregate for PM10, SO2, and NO2 as well as its 8 h aggregation for O3 and CO were calculated using the

Figure 5: Locations of the air quality monitoring stations whose data was used in this study. Source: Kuwait Environment Public Authority
(K-EPA) eMISK, 2020.

Enhanced Jaya optimization for improving MLP NN  17



daily data. The micrograms per cubic meter ( )∕μg m3 units were used to measure all contaminants. The average
is deemed missing if less than 75% of the data are provided (i.e., less than 6 h), according to US environmental
protection agency [87]. We made use of the AQI generated by Al-Shayji et al. [88].

4.4 Converting data to AQI

It is challenging to compare the quality of the air in different regions and cities since there are so many
different air quality indices in use around the world, each with its own concept and presentation [89,90]. The
AQI, a metric used all over the world, was created to standardize the method of determining the level of air
pollution using measured concentrations of particular ambient air pollutants. It educates the public and
policymakers on the gravity of air pollution and the detrimental impact it can have on human health in an
effort to protect the environment and human health. In addition, it is employed to assess pollution-reduction
efforts and monitor changes in ambient air quality [91].

An enormous amount of data are provided on a time-specific basis by stations that monitor ambient air
quality. These data are offered to interested parties as either AQI values or alternative indices with different
timeframes, purposes, and other subindices based on epidemiological research [92–97]. These data concen-
trate on six major air pollutants: SO2, NO2, PM2.5, carbon monoxide (CO), O3, and PM10 [98,99]. Since the AQI
values vary from 0 to 500, and their severity is linked to the amount of pollutants in the surrounding air, and a
higher AQI number denotes potentially more serious health effects. For sensitive groups, the air quality is
deemed unhealthy when the AQI is above 100 [100].

According to Johnson et al. [101], the AQI is described as a measurement of the air’s quality in relation to
any human need or to the needs of one or more biotic species [101,102]. The categories of the AQI are each
assigned a number, and each slot is identified by a color. An index of the health risk associated with air quality
is provided, ranging from a healthy level of zero to a very hazardous level of above 300.

The AQI is a standardized indicator and a tool for communication that gives a summary of the health
hazards related to air pollution from gases and PM as well as ambient air quality [103]. Without being aware of
the details of the underlying data, these indicators enable the stakeholders to monitor their local, national, and
regional air quality. Offering information to the public and policymakers that enable stakeholders to take the
required precautions to protect themselves from the negative impacts of air pollution is the main objective
from the perspective of public health. A secondary objective is to increase public knowledge of the impacts of
air pollution at current exposure levels to spur changes in both individual behavior and public policy [104,105].

WHO (2006) encouraged countries to develop strategies to thoroughly examine their own local circum-
stances, taking into account the distinctive qualities of each location’s objective, particularly AQI [106]. For the
purposes of our study, we used the AQI generated by Al-Shayji et al. [88], which was created for the state of
Kuwait and founded on United States Environmental Protection Agency (USEPA’s) criteria [107]. A measure-
ment of air quality used in our study is called the AQI. It gives details about how pure the air is. Then, we
separated the values into ranges and gave each range a descriptor and a color code (yellow for moderate, red
for unhealthy, green for good, maroon for hazardous, and purple for very unhealthy). Public health recom-
mendations are provided for each AQI range. Each nation and pollutant has a different AQI. The concentration
of each pollutant is converted into AQI using equation (16):

( )=
−
−

− +I

I I

C C

C C I ,p p

high low

high low

low low (16)

where Ip denotes the index (AQI) for pollutant p (i.e., NO2, SO ,…2 , etc.), Cp refers to the curtailed concentration
of pollutant p, while Clow is the concentration breakpoint that is equal to or the less than Cp, i.e., ≤Cp, Chigh is the
concentration breakpoint that is equal to or greater than Cp, i.e., ≥Cp, Ilow refers to the index breakpoint, that is,
Clow (i.e., the AQI value matching Clow), while Ihigh is the index breakpoint that is Chigh (i.e., the AQI value
matching Chigh) [107].
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In this study, the AQI created by Al-Shayji et al. [88] for the State of Kuwait was used to evaluate the air
quality. It was based on recommendations made by the USEPA [107]. The AQI is an index used to report on the
current state of the air. It provides information on the air quality outside. To translate from pollutant con-
centration to AQI, Table 2 is used.

Here, we can demonstrate how to calculate the AQI using Table 2 and equation (16). The third column in
Table 2 displays the 24 h PM10 range (low breakpoint (Clow) to high breakpoint (Chigh)). For “Good” air quality,
this equates to an AQI score between 0 and 50. As a result, if the 24 h integrated PM10 concentration was 6.0

∕μg m3 (Cp), Chigh would be 90.0 ∕μg m3, Clow would be 0 ∕μg m3, circumstances Ihigh would be 50, and Ilow would be
0. The AQI range (Ilow–Ihigh) corresponds to the PM10 range of 0 to 90 ∕μg m3. Therefore, the AQI would be
determined as follows for a daily average PM10 average concentration of 6.0 ∕μg m3:

( )

( )
( )=

−
−

− + =AQI
50.0 0.0

90.0 0.0
6.0 0.0 0.0 3.33.

4.5 Dealing with missing values

Monitoring the condition of the air quality in Kuwait is the responsibility of the environmental public
authority (K-EPA). Most of the time, the air quality data from the five stations utilized in this study had missing
data, which might lead to bias due to systematic errors between the unobserved and observed values [108]. To
ensure that the data are of high quality, it is crucial to identify the best method for estimating the missing
values. Results from incomplete data matrices may differ dramatically from those anticipated from a complete
dataset [109]. Any data analysis’ main goal should be to draw reliable conclusions about the population being
studied. We conducted an in-depth comparison study of the various imputation techniques using the data
obtained by K-EPA. Each dataset has missing data added to it under the assumptions of a general pattern for
missing data and the three processes of missing data: MAR, MCAR, and MNAR. The MCAR assumption stated
that each dataset’s missing values were assigned at random. Information missing was more likely under the
MAR hypothesis depending on the class property. The highest or lowest values of Xs were eliminated based on
the MNAR hypothesis. The study’s goal was to compare six different imputation techniques for MAR, MNAR,
and MCAR in the case of missing data. We experimented with changing the proportions by 20, 5, 30, 10, and
40% to imitate the rates of missing data. We created multivariate missing data using a MAR, MNAR, or MCAR
missing data mechanism by using the “ampute” function in the “MICE” package in R.

4.6 Multiple imputation using random forest method

Let us presume that ( )=X X X X, , …, p1 2 is a ×n p-dimensional data matrix. The random forest technique is
what we suggest using to impute missing observations. The missing value is handled by a built-in process in

Table 2: Kuwait AQI values

Categories AQI, sub-index O3 (ppm), 8 h PM10 ( ∕∕μg m3), 24 h CO (ppm), 24 h SO2 (ppm), 24 h NO2 (ppm), 24 h
Ilow–Ihigh Clow–Chigh Clow–Chigh Clow–Chigh Clow–Chigh Clow–Chigh

Good 0–50 0.0–0.03 0.0–90 0.0–4.0 0.0–0.03 0.0–0.03
Moderate 51–100 0.031–0.06 90.1–350.0 4.1–8.0 0.031–0.06 0.04–0.05
Unhealthy (1) 101–150 0.061–0.092 350.1–431.1 8.1–11.7 0.061–0.182 0.06–0.30
Unhealthy (2) 151–200 0.093–0.124 431.4–512.5 11.8–15.4 0.183–0.304 0.31–0.55
Very unhealthy 201–300 0.125–0.374 512.6–675.0 15.5–30.4 0.305–0.604 0.56–1.04
Hazardous 301–500 0.375–0.504 675.1–1000 30.5–50.4 0.605–1.004 1.05–2.04
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the random forest algorithm. By balancing the frequency of values with the proximity of the bagging adjust-
ment, this is accomplished. Consequently, after training on an initial set of mean data that are imputed, this
creates a vast collection of de-correlated trees and averages them [110]. This method necessitates a compre-
hensive and beneficial response variable for forest training. Instead, we utilize a random forest model that has
been trained on the dataset, where X is the matrix of the entire dataset, to directly predict the values of all the
missing variables. Xs comprises all missing values at entries { }

( ) ⊆ ni 1, …,
s

mis . Four sections of the dataset can be
distinguished:
• ( )

y
s

obs
: the observed values of Xs.

• ( )
y

s

mis
: the missing values of Xs.

• ( )
x

s

obs: the observations, { }
( ) ( )= ni i1, …, \ ,
s s

obs mis that belong in the other variables Xs.

• ( )
x

s

mis: the observations, ( )
i

s

mis, that belong in the other variables Xs.

Note that ( )
x

s

obs and
( )

x
s

mis are not completely observed, as the index ( )
i

s

obs corresponds to the observed values
of the variable Xs.

The imputation process commences by making an initial estimate for the missing values in X using mean
imputation or other suitable imputation methods, as suggested by Stekhoven et al. (2012). Following this, a
decision is made on whether to order the predictors =s s pX , 1,…, , in an ascending or a descending order
based on the quantity of missing data. The missing values for each variable sX are then imputed using a
random forest (first fitting) with predictors ( )

X
s

obs and response ( )
y

s

obs
. The trained random forest is utilized to

estimate the missing values ( )
y

s

mis
from ( )

x
s

mis. This imputation process is repeated until a specified stopping
requirement is met. For a more detailed depiction of the missForest algorithm, refer to pseudo Algorithm 3.

Algorithm 3. Impute missing values with random forest, Stekhoven and Bühlmann [111]

Require: X is an ×n p matrix. Set up the stopping criterion (γ)
1: set up initial guess for missing values;
2: k is the vector of sorted indices of columns in X w.r.t. increasing the amount of missing values;
3: while not γ do
4:

Xold

imp stores the previously imputed matrix;
5: for s in k do
6: Fit a random forest: ( ) ( )

y x~
s s

obs obs;
7: Predict ( )

y
s

mis
using ( )

x
s

mis;
8: Xnew

imp updates the imputed matrix using predicted ( )
y

s

mis
;

9: end for
10: update γ

11: end while
12: return the imputed matrix Ximp

The last imputed data matrix differs from the prior one for the first time, with regard to both variable
types, and the stopping requirement (γ) is satisfied at that point. According to this definition, the difference for
the set of continuous variables N is given as follows:

( )

( )
=

∑ −
∑

∈

∈
Δ

X X

X
,N

j

j

N

N

new

imp

old

imp 2

new

imp 2
(17)
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and that for the set of categorical variables F is given as follows:

=
∑ ∑∈ = ≠

Δ

NA

I

#
.F

j i

n

F X X1
new

imp

old

imp

(18)

The imputation process begins with an ×n p matrix X, and a specified stopping criterion γ is set. The
initial guess for missing values is determined, and a vector k is created, containing the sorted indices of
columns in X based on increasing amounts of missing values. The previously imputed matrix is stored in
Xoldimp. A random forest model is fitted using the observed values, where ( )yobs s represents the response
variable, and ( )xobs s denotes the predictor variables. Utilizing this model, missing values ( )ymis s are predicted
from the corresponding missing predictor values ( )xmis s . The imputed matrix Xnewimp is then updated with
the predicted missing values. This process continues iteratively while adjusting the stopping criterion γ and
updating the imputed matrix Ximp until the specified stopping requirement is met.

Here #NA is the number of missing values in the categorical variables F.
After imputing the missing values, the performance is assessed using the normalized root MSE [112] for the

continuous variables, defined by:

(( ) )

( )
=

−X X

X
NRMSE

mean

var
,

true imp 2

true
(19)

where the whole data matrix and the imputed data matrix are denoted by X true and X imp, respectively. All
predictors in this study are categorized as continuous observations. The empirical mean and variance com-
puted over the missing values solely are denoted by the terms “mean” and “variance” in abbreviated form,
respectively.

We employ the out-of-bag (OOB) estimate of a variable’s error when a RFm is fitted to the portion that is
seen on the variable. We average over the collection of variables of that type when we reach the halting
requirement (γ), which gives us an approximation of the real imputation mistakes. By evaluating the absolute
difference between the OOB imputation error estimate in each simulation run and the actual imputation error,
we can determine how well this estimate performs. Almost any type of data can be imputed using the
missForest approach. It can specifically handle multivariate data made up of concurrent continuous and
categorical elements.

Both parameter adjustment and making assumptions about how the information would be distributed are
not required by this method. Finally, missForest showed the smallest difference in prediction error when
models employed imputed data, and it had the lowest imputation error for each incidence of missingness rates
(10, 5, 20, 30, and 40%).

5 Experiments and results

In this section, we discuss the experimental results that have been carried out to evaluate the effectiveness of
the proposed EOL-Jaya-MLP and EOL-Archive-Jaya algorithms in predicting the AQI. As mentioned earlier, the
data used in this research come from Kuwait’s environmental public authority (K-EPA). It was collected from
five monitoring stations across the country, namely, Ali-Sabah, Fahaheel, Jahra, Mansouria, and Rumaithiya
for a three-year period spanning from January 1, 2018, to December 31, 2021. They include recordings of PM10,
SO2, NO2, O3, and CO for each of the mentioned monitoring stations. The datasets have gone under a thorough
inspection to handle the invalid and missing data as illustrated in Section 4.5.

In our data analysis, we adopted a prudent approach to splitting all datasets, allocating 10% for testing and
90% for training. To ensure a representative and balanced distribution of classes, we employed a technique
called stratified sampling. This method involves computing the ratio of each class within the dataset and then
achieving the train/test split percentage while considering these ratios. The primary advantages of using this
strategy are twofold: first, it helps maintain the proportion of each class in the divided data, and second, it
enhances the representation of minority classes.
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As a result of employing this stratified sampling approach, both the training and testing subsets contain a
balanced number of classes, ensuring a more robust and accurate model performance. By avoiding bias
toward overrepresented classes and providing ample representation to the underrepresented ones, we
achieve more reliable results in our analysis and predictions.

Note that in the realm of air pollution prediction using MLP models, the conventional emphasis on time
complexity analysis may not be warranted for several compelling reasons. As air pollution data typically
involve periodic updates rather than continuous streams which diminishing the significance of time com-
plexity considerations. Also, the frequency of model updates and retraining is relatively low in air pollution
prediction applications. The underlying factors influencing air quality, such as weather patterns and emissions
from stationary sources, evolve gradually rather than abruptly. Furthermore, the primary focus in air pollu-
tion prediction often lies in the accuracy and interpretability of the model rather than its computational
efficiency. Finally, the computational resources available for air pollution prediction tasks are often sufficient
to accommodate moderately complex algorithms without significant performance bottlenecks.

5.1 Experimental settings

The proposed algorithm is evaluated against three swarm intelligence algorithms using identical datasets. All
experiments are conducted using Python version 3.9 on a PC with the Windows operating system, equipped
with an Intel R Xeon Silver 1.8 GHz CPU and 8 GB of RAM.

To ensure robustness and enhance reliability, the algorithms are executed independently for each dataset
over 30 runs, maintaining a fixed number of 100 iterations for consistency. Throughout these runs, the
population size of MLPs remains constant at 25 for all the comparative algorithms. This approach allows
for thorough evaluation and consistent performance assessment across datasets, minimizing potential bias
and variability in the results.

For consistency and fairness, we use the parameter settings recommended by the original researchers of
each comparative method. Detailed information about these parameter settings can be found in Table 3.

By conducting these experiments under controlled conditions with standardized settings, we aim to
provide a fair and comprehensive comparison of the proposed algorithm against the three swarm intelligence
algorithms, leading to insightful and trustworthy results.

5.2 Descriptive results

Figures 6 and 7 present the simulation results obtained from running the developed ML algorithms (i.e., EOL-
Jaya-MLP and EOL-Archive-Jaya) on the mentioned datasets. The results are then compared to the results

Table 3: Parameters settings of the comparative algorithms

Algorithm Parameter Settings

PSO [113] Population size 30
Acceleration constants (c1 and c2) [2, 2]
Inertia wesights (w) [0.2, 0.9]

BA [114] Population size 30
Loudness (A0) 0.5
Pulse emission rate (r) [0,1]
Minimum frequency ( f

min
) 0

Maximum frequency ( f
max

) 2

MFO [115] b 1
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obtained from some classical ML algorithms, namely, logistic regression, linear discriminant analysis, K-
neighbors classifier, decision tree classifier, Gaussian NB, and SVM.

Figure 6 shows the MSE mean and MSE STD results of EOL-Archive-Jaya against other classical ML
algorithms. It is obvious that Jaya-based algorithms (i.e., original Jaya, EOL-Jaya-MLP, and EOL-Archive-
Jaya) outperform other ML techniques in general as they have the lowest MSE and lowest MSE STD.

To better analyze the results, we zoom in on the section depicting the different Jaya-based algorithms as
shown in Figure 7. According to Figure 7, EOL-Archive-Jaya has the lowest MSE Mean and MSE STD among

Figure 6: MSE mean and MSE STD of Jaya-based algorithms vs other classical ML algorithms for Rumaithiya station.

Figure 7: MSE mean and MSE STD of JAYA, EOL-Jaya-MLP and EOL-Archive-Jaya for Rumaithiya station.
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others. This indicates that EOL-Archive-Jaya model, which is an EOL-Jaya-MLP enhanced by an external
archive strategy, fits the data better than other models and has more precise predictions.

5.3 Performance measures

Since the different Jaya classes (i.e., original Jaya, EOL-Jaya-MLP, and EOL-Archive-Jaya) have proven to per-
formmuch better than other classical ML techniques in predicting the AQI as shown in Figure 6, in this section,
we focus only on the three variant models of Jaya to further investigate their performance in forecasting the
AQI. The prediction error statistics of the Jaya, EOL-Jaya-MLP, and EOL-Archive-Jaya are shown in Tables 4–7.

Table 4: Performance of EOL-Archive-Jaya compared to JAYA and EOL-Jaya-MLP based on MSE for all stations

MSE JAYA EOL-Jaya-MLP EOL-Archive-Jaya

Ali-sabah 0.098549169 0.083169656 0.074170456
Fahaheel 0.119378516 0.105735534 0.095300592
Jahra 0.31658239 0.32439049 0.259325914
Mansouria 0.102748294 0.090753734 0.032396835
Rumaithiya 0.054699359 0.059473693 0.039370602

Values with lowest prediction error are in bold font.

Table 5: Performance of EOL-Archive-Jaya compared to JAYA and EOL-Jaya-MLP based on RMSE for all stations

RMSE JAYA EOL-Jaya-MLP EOL-Archive-Jaya

Ali-sabah 0.308434005 0.282699631 0.271488139
Fahaheel 0.334131379 0.304285358 0.308667509
Jahra 0.560528787 0.566124564 0.509240257
Mansouria 0.313138389 0.292901687 0.178576764
Rumaithiya 0.22775206 0.237311398 0.195375683

Values with lowest prediction error are in bold font.

Table 6: Performance of EOL-Archive-Jaya compared to JAYA and EOL-Jaya-MLP based on RAE for all stations

MAE JAYA EOL-Jaya-MLP EOL-Archive-Jaya

Ali-sabah 0.253542781 0.243039667 0.218159042
Fahaheel 0.288523129 0.265927449 0.26921946
Jahra 0.496854019 0.516403081 0.495837055
Mansouria 0.264683368 0.249060106 0.138269146
Rumaithiya 0.171692885 0.184846947 0.161017751

Values with lowest prediction error are in bold font.

Table 7: Performance of EOL-Archive-Jaya compared to JAYA and EOL-Jaya-MLP based on AARD for all stations

AARD JAYA EOL-Jaya-MLP EOL-Archive-Jaya

Ali-sabah 50.37225028 47.72897369 41.37735823
Fahaheel 28.85231291 26.59274492 26.92194597
Jahra 55.13710813 60.87063964 53.53279709
Mansouria 43.0193467 40.06090119 20.66533462
Rumaithiya 54.54770488 49.55988076 33.71705765

Values with lowest prediction error are in bold font.
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Specifically, Table 4 presents the MSE, which is calculated by equation (9) provided in Section 4. As shown
in the table, MSE values of EOL-Archive-Jaya are always lower than those of other Jaya-based models for all
stations which confirm that EOL-Archive-Jaya has an excellent learning ability and outperforms Jaya and EOL-
Jaya-MLP.

Table 5 presents the results of RMSE of the three Jaya-based models. The RMSE is computed by equa-
tion (20).

( )∑= ⎛
⎝

⎞
⎠ −

=k

y yRMSE
1

ˆ ,

i

k

i i

1

2 (20)

where y is the actual value, ŷ is the predicted value, and k is the number of training samples.
As shown in Table 5, the results of RMSE confirm that EOL-Archive-Jaya always has a small deviation from

the actual values for all stations, which indicate its excellent capabilities in anticipating the AQI.
In Table 6, we resent the mean absolute error (MAE) results of the three Jaya models. The MAE is defined

by equation (21).

∣ ∣∑= −
=

y yMAE ˆ ,

i

k

i i

1

(21)

where y is the actual value, ŷ is the predicted value, and k is the number of training samples.
The results show that the MAE of EOL-Archive-Jaya is closer to “0” compared to other models for four of five

stations, which again demonstrates the ability of EOL-Archive-Jaya to predict a more accurate value for AQI.
Table 7 presents the results of absolute average relative deviation (AARD) of the three Jaya models. The

AARD is defined as follows:
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y y
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i

k

i i
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(22)

where y is the actual value, ŷ is the predicted value, and k is the number of training samples.
It is worth mentioning that the calculated AARD values indicate that the EOL-Archive-Jaya model is

superior to Jaya and EOL-Jaya-MLP in forecasting AQI for four of five stations.
We now compare the performance of EOL-Archive-Jaya to other optimization algorithms based on MAE,

MSE, RMSE, AARD, and Rumaithya station. The results show that EOL-Archive-Jaya performs better than other
popular optimizers in predicting AQI for the mentioned station (Table 8).

In a nutshell, all the results presented in this section confirm the superiority of the EOL-Archive-Jaya
model over other ML models and optimizers in predicting the AQI for the five stations under consideration.

5.4 Statistical validation

In this section, we validate the simulation results obtained by the Jaya, EOL-Jaya-MLP, and EOL-Archive-Jaya
models using a statistical significance test, namely, one-way ANOVA. Please note that the significant test was
performed under a P value <0.05.

Table 8: Comparison of the performance of EOL-Archive-Jaya compared to other optimization algorithms based on MAE, MSE, RMSE,
AARD, and Rumaithya station

BAT MFO PSO JAYA EOL-Jaya-MLP EOL-Archive-Jaya

MAE 0.178287455 0.15761731 0.184585199 0.171692885 0.184846947 0.161017751
MSE 0.053456457 0.049604881 0.069248227 0.054699359 0.059473693 0.039370602
RMSE 0.222321186 0.213126235 0.256048884 0.22775206 0.237311398 0.195375683
AARD 51.23717721 57.15846342 70.42606898 54.54770488 49.55988076 33.71705765
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The results in Table 9 confirms that there is a significant difference between the three Jaya methods for
each used metric (i.e., MSE, RMSE, MAE, and AARD). The MSE for EOL-Archive-Jaya was significant among the
other models (mean = 0.074, SD = 0.012, P value = 0.006). This indicates that EOL-Archive-Jaya performs better
than the other models. Similarly, for other indicators (RMSE, MAE, and AARD), they all show that the EOL-
Archive-Jaya model performs better than the two other models.

We also plot the results of the four indicators (i.e., MSE, RMSE, MAE, and AARD) for all stations in Figure 8.
It is obvious from Figure 8 that the performance of EOL-Archive-Jaya is superior to that of the other two
models, which, again, supports the results obtained in Sections 5.2 and 5.3.

A comparison between JAYA, E-JAYA, and E-JAYA-Archive with respect to MSE, RMSE, MAE, and AARD
based on Table 9 is summarized as follows:

MSE and RMSE comparisons: E-JAYA and E-JAYA-Archive show no significant difference ( >p 0.05), sug-
gesting similar performance. However, both significantly outperform JAYA ( <p 0.001), indicating lower mean
and root MSEs.

MAE comparisons: Similar to MSE and RMSE, E-JAYA and E-JAYA-Archive are not significantly different,
but both perform significantly better than JAYA, indicating lower mean absolute errors.

AARD comparisons: E-JAYA and E-JAYA-Archive show a borderline nonsignificant difference ( =p 0.057),
but both significantly differ from JAYA, with E-JAYA-Archive showing the most substantial difference
( <p 0.001), indicating a lower average absolute relative difference.

The afore-mentioned comparisons indicate that the E-JAYA and E-JAYA-Archive methods are generally
more effective than JAYA in predicting air quality, based on the metrics tested. The lack of significant differ-
ences between E-JAYA and E-JAYA-Archive in most comparisons suggests that both methods are comparable in
performance, with the notable exception of AARD, where E-JAYA-Archive might offer a slight advantage.

Moreover, Figure 9 displays the distribution of the average absolute relative difference (AARD) for three
methods: E-JAYA, E-JAYA-Archive, and JAYA. The form of each violin corresponds to the distribution of data
points at various AARD levels, with broader sections indicating a higher density of data. The median value is
shown by the centre dot in each violin, while the interquartile range (IQR) is represented by the thick line,
which shows the range of the middle 50% of the values. In addition, individual data points are graphed,
offering a deeper understanding of the distribution beyond the aggregate numbers. The mean AARD values
indicate that E-JAYA-Archive has a more focused distribution of lower AARD values and the lowest mean AARD
(approximately 35.24), suggesting superior performance in this metric compared to E-JAYA (mean approxi-
mately 40.99) and JAYA (mean approximately 46.39). JAYA exhibits the widest range of values and the highest
mean AARD, implying less consistency and inferior performance. The sample sizes for each approach are as
follows: E-JAYA and JAYA each have 150 data points, while E-JAYA-Archive has 120 data points. The statistical
significance of the observed differences between the techniques was assessed by analysing descriptive statis-
tics over numerous stations and contaminants, providing a thorough comparison. The EOL-Jaya-MLP

Table 9: One-way-ANOVA Significant test results

Metric Method N Mean SD SE P

MSE Jaya 30 0.099 0.039 0.007
EOL-Jaya-MLP 30 0.083 0.034 0.006 0.006
EOL-Archive-Jaya 30 0.074 0.012 0.002

RMSE Jaya 30 0.308 0.059 0.011
EOL-Jaya-MLP 30 0.283 0.058 0.011 0.009
EOL-Archive-Jaya 30 0.271 0.022 0.004

MAE Jaya 30 0.254 0.054 0.010
EOL-Jaya-MLP 30 0.243 0.048 0.009 0.001
EOL-Archive-Jaya 30 0.218 0.020 0.004

AARD Jaya 30 50.372 15.836 2.891
EOL-Jaya-MLP 30 47.729 13.739 2.508 0.047
EOL-Archive-Jaya 30 41.377 13.022 2.378
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Figure 8: MSE, RMSE, MAE, and AARD statistical results for all stations. (a) Estimated marginal means of MSE, (b) estimated marginal
means of RMSE, (c) estimated marginal means of MAE, and (d) estimated marginal means of AARD.

Figure 9: Distribution of the average absolute relative difference (AARD) for three methods: E-JAYA, E-JAYA-Archive, and JAYA.
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technique demonstrates stability and dependability in forecasting air quality, as shown by consistently
decreased error metrics (MSE, RMSE, MAE, and AARD) across multiple stations. The results emphasise the
significance of choosing suitable optimisation algorithms to enhance air quality prediction models, a critical
aspect in the development of successful methods for environmental monitoring and control.

6 Conclusion and future work

In this study, we explored the power of the Jaya algorithm, which mimics the survival of the fittest strategy, for
optimization problems. We chose this algorithm due to its unique ability to strike a balance between exploring
diverse search space niches and exploiting each niche effectively.

To enhance the performance of the Jaya algorithm and maintain local optima while preserving population
diversity, we introduced two improvements: elite opposition-based learning (EOL-Jaya-MLP) and an archive of
best solutions (EOL-Archive-Jaya). These new algorithms were specifically designed for the selection and
training of MLPs.

Our focus was on predicting urban air quality, a critical aspect of mitigating air pollution and improving
the well-being of city residents. We utilized a comprehensive 3-year dataset collected from five air quality
monitoring stations and created multivariate missing data using various mechanisms (MAR, MNAR, and
MCAR).

To ensure fair experimentation, all datasets were normalized and split into 10% for testing and 90% for
training, with a stratified approach maintaining balanced class representation in the split. The varying
number of features and class labels in each dataset required adjusting the number of inputs, hidden, and
output nodes for each MLP.

We compared the results of our proposed techniques (EOL-Jaya-MLP and EOL-Archive-Jaya) against the
original Jaya algorithm and three other swarm optimization algorithms (PSO, BA, and MFO). In addition, we
compared our techniques against six ML techniques. Notably, EOL-Archive-Jaya demonstrated exceptional
accuracy, surpassing other comparative methods. Furthermore, the proposed algorithm exhibited superior
convergence, outperforming comparable methods in terms of speed and avoiding local optima thanks to its
diverse techniques.

Moving forward, we plan to apply the proposed algorithm to real-world applications, expanding its
potential and usefulness. Furthermore, we envision hybridizing the algorithm with other local search algo-
rithms to improve its exploitation capabilities further. With its promising results and versatile applications,
the EOL-Archive-Jaya algorithm shows great promise in tackling complex optimization and ML challenges.
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