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Abstract - Air pollution is a global environmental issues with severe threats and damage to human health and ecosystems. Air
pollutants like Particulate Matter (244 ), Nitrogen Dioxide (NO2), Sulfur Dioxide (SOz), Carbon Monoxide (CO), and Ozone
(O3) has been linked to adverse effects on the environment, including climate change and greenhouse gas emissions. Many
researchers carried out their research on machine learning and artificial intelligence techniques for predicting environmental
air pollution and for increasing the air quality. But the researcher ’s faces the problem of meeting the growing energy demand
with minimum greenhouse gas emission and environmental vulnerability. Therefore, a large amount of air quality data is used
for improving green energy efficiency. In this paper, the Maximum Normalized Orthogonal Lemma Projective Extreme Learning
Machine Classification (MNOLPELMC) Method is introduced for sustainable environmental air pollution prediction with high
accuracy and less time complexity. An experimental evaluation of the MNOLPELMC method is carried out with performance
metrics such as prediction accuracy, precision, recall, root mean square error, and prediction time.

Keywords - Green energy resource data analytics, Sustainable environmental pollution, Extreme Machine Learning Model,

Grubbs maximum normalized residual test, Random orthogonal lemma projection process.

1. Introduction

Green energy resource data analytics refers to the process
of gathering, analyzing, and interpreting the data from
different sources to optimize their performance, recognize
potential issues, and make decisions for more efficient and
sustainable energy operations. Many machine learning and
deep learning models have been developed for forecasting of
air pollutant concentration levels for effective air quality
management and timely implementation.

A Gaussian-mixture Nested Factorial Variational
Autoencoder (NF-VAE) was developed in [1] for multivariate
air pollution prediction, achieving better accuracy and
minimal root mean square error. However, the designed model
failed to perform data preprocessing for enhancing its
efficiency and minimizing the time.

A Neural Transfer learning model was designed in [2]
with the aim of increasing the accuracy of air pollution
prediction and reduced the mean square error. But it failed to
focus on expanding the scope of analysis to include additional
pollutants, as well as exploring the scalability of the approach
in the complex environmental challenges. An artificial

OSE)

intelligence and machine learning model was developed in [3].
But the integration of Al and ML with Numerical Weather
Prediction (NWP) models was not developed to proactively
manage air quality. An efficient machine learning model
called Random Forest was developed in [4]. However, the
Random Forest model caused more time complexity in air
pollution prediction. Different machine learning models were
developed in [5].

The designed model reduces the prediction time but fails
to extend it by employing deep learning techniques for more
accurate air quality index prediction. Machine learning
algorithms were designed in [6]. However, it failed to use a
novel method to successfully demonstrate the ad and further
refine the approach to enhance the accuracy. The Machine
Learning Linear Regression model was designed in [7].

However, the designed regression method failed to
integrate accurate monitoring with a large volume of data
samples. A novel Bayesian Optimization for Hybrid Time-
Series Model with SARIMA called (BO-HyTS) was
developed in [8]. However, the designed model failed to
consider the multivariate meteorological data acquired from
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multiple databases and design a more robust model for
accurate prediction. A Data-Driven Supervised Machine
Learning model was designed in [9].

But it dialed to involve a preprocessing stage for the input
data to enhance the model performance. The Artificial Neural
Networks (ANNSs) model was designed in [10]. But the time
complexity in the prediction was high. A multilayer
perceptron neural network was introduced in [11]. However,
it failed to perform significant feature selection to minimize
the time consumption during prediction.

A Spatio-Temporal Air Quality Forecaster (ST-AQF) was
developed in [12]. However, it did not utilize reliable,
adaptive, robust, and flexible air quality forecasting models.
An Al and advanced technology was developed in [13].
However, the performance analysis of accuracy and error
remained unaddressed. To increase prediction accuracy, a new
deep learning model was developed in [14].

However, it failed to optimize the network parameter
settings for extracting spatio-temporal features for enhancing
prediction performance. Machine learning methods were
developed in [15]. But it failed to perform the analysis of air
pollution in smart cities.

1.1. Major contributions
To improve the prediction accuracy of air pollution, the
MNOLPELMC method has been developed by

integrating  preprocessing, feature selection, and
classification.
e To minimize air pollution prediction time, the

MNOLPELMC method integrates data preprocessing,
significant feature selection into the hidden layer of the
extreme learning machine classifier model.

To improve the accuracy and minimize root mean square
error, the Otsuka—Ochiai similarity coefficient is
employed for evaluating training and testing data
samples, providing multiple classification outcomes at
the output layer.

2. Related Works

A Support Vector Machine (SVM) model was developed
in [16]. However, it failed to apply the ensemble machine
learning classification algorithm for analyzing the various
meteorological parameters, like temperature and wind speed,
when predicting the AQI class.

Machine learning methods were developed in
[17]. However, it failed to forecast the pollutant
concentrations for decision-making based on expected air
quality conditions. The Long Short-Term Memory (LSTM)
model was developed in [18]. However, the feature selection
process remained unaddressed for further improving
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prediction accuracy. An integration of Spring Search
Optimization with a Hybrid Deep Learning (BSSO-HDL)
model was designed in [19]. However, it failed to incorporate
large volumes of data for prediction. Hybrid deep learning
models were developed in [20].

However, the designed models exhibited the slowest rate
of performance degradation during multi-step prediction. A
hybrid deep learning and quantum-inspired particle swarm
optimization model was developed in [21]. However, it failed
to focus on handling the long-sequence data for temporal
patterns and dependencies analysis.

A multi-modal framework was developed in [22] using a
deep learning model. However, it failed to investigate the
extent of performance improvement from the insertion of
features from weather stations. A deep learning model was
designed in [23].

However, it failed to integrate external variables such as
weather patterns and industrial operations to further improve
the accuracy of predictions. A Machine Learning (ML)-based
Artificial Neural Network (ANN) was developed in [24] for
loT-based intelligent pollution monitoring. However, time-
efficient pollution forecasting remained a major concern.
Machine learning techniques were utilized in [25].

However, deep learning and ensemble methods were not
considered for predicting other pollutants. Regression models
were constructed in [26]. But it failed to improve the accuracy
of the approach with minimal hardware support.

A two-stage attention mechanism was introduced in [27]
based on transfer learning. However, it failed to consider the
generalization and robustness of the model to further improve
the overall performance of the prediction model. Advanced
tree-based machine learning models were developed in [28].

However, the employed models failed to consider various
input parameters for accurately predicting air pollutant levels.
Advanced deep learning models were introduced in [29].
However, time complexity analysis in PM2.5 concentration
prediction remained a major challenge. A new neural network
structure model was developed in [30]. However, it failed to
consider air temperature, solar radiation, and gas usage for
prediction.

3. Proposal Methodology

Air pollution is the occurrence of substances in the
atmosphere, and it poses considerable risks to human health
and the environment. The proposed MNOLPELMC method
aims to provide an accurate prediction of air pollution in a
more efficient and cost-effective manner with minimal time
consumption.
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Fig. 1 Overview of the architecture displaying the steps involved in the MNOLPELMC method

In Figure 1, the MNOLPELMC method is divided as data
acquisition,  preprocessing, feature  extraction, and
classification.

These phases work to predict air pollution as illustrated in
Figure 1. The MNOLPELMC method focusing on its ability
to improve the accuracy of air pollution prediction with

3.1. Data Acquisition

Data acquisition is the fundamental step in the proposed
MNOLPELMC method that involves collecting a large
volume of data samples from the repository. In the proposed
model, the Global Air Pollution Dataset is used, and it is taken
from
https://www.kaggle.com/datasets/hasibalmuzdadid/global-

minimal time complexity.

air-pollution-dataset.

Table 1. Attribute information

S.No Features Description
1 Country Name of the country
2 City Name of the city
3 AQI Value Overall AQI value of the city
4 AQI Category Overall AQI category of the city
5 CO AQI Value AQI value of Carbon Monoxide in the city
6 CO AQI Category QI category of Carbon Monoxide in the city
7 Ozone AQI Value AQI category of Ozone of the city
8 Ozone AQI Category AQI category of Ozone of the city
9 NO2 AQI Value AQI value of Nitrogen Dioxide in the city
10 NO2 AQI Category AQI category of Nitrogen Dioxide in the city
11 PM2.5 AQI Value The QI value of Particulate Matter with a diameter of 2.5 micrometers or less in the city
12 PM2.5 AQI Category QI category of Particulate Matter with a diameter of 2.5 micrometers or less in the city
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The input dataset ‘DT is prepared in the form of a matrix
expressed as follows,

Aq A, A ]
Ds;1  Dsyy Dsyp,
IM = | D521 DSZZ DSZTL | (1)
lem1 Dsz Dsan

From (1), the input matrix 'IM” is structured based on ‘m’
number of features. A,,A,, ... A, and the column represents
overall sample instances, data, or records ‘Ds,’ presented in

the ‘n’ rows respectively. The MNOLPELMC method utilizes
the extreme learning classifier with five different layers,
namely one input layer, one output layer, and three hidden
layers. The extreme learning model is a feed-forward neural
network having multiple layers of hidden nodes for the
classification of the data samples. The Extreme Learning
Machine algorithm (ELM) helps to provide better
performance at an extremely fast learning speed than the other
deep learning models. Therefore, the proposed method utilizes
the MNOLPELMC method for air pollution prediction with
minimal time consumption.

Input matrix ‘1M’

Input layer

Hidden layers

Output layer

Fig. 2 Schematic construction of the extreme learning machine algorithm

Figure 2 illustrates the schematic construction of an
extreme learning machine classifier, which consists of an input
layer, one or more hidden (middle) layers, and an output layer.
The layer consists of a neuron to transfer the data between the
layers.

Each neuron in the layers is fully connected to other layers
by means of a hyperparameter called weights. The neuron in
the input layer received the input data samples.

Three hidden layers are used in this structure, as shown in
Figure 2 for preprocessing, feature selection, and data
classification, respectively. Finally, the output layer provides
the final prediction outcomes. The extreme learning machine
network considers the training set. {Ds;Y;} where Ds
indicates a training data sample'sDs; = {Ds;, Ds;, ..., Ds,,}’
and Y; refers to the final air pollution prediction outcomes.
Each neuron in the input layer receives training data samples
and forwards them to the hidden layer, where the
hyperparameters, such as weights and biases, are assigned.
Neurons in the hidden layer compute a weighted sum of the
input data samples received from the input layer. It is
mathematically expressed as,
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Z =Y ,(Ds;* W) +b )
Where Z  represents a weighted sum output, Ds
represents an input data sample, W;; indicates a weight
between neuron i’ in the input layer and neuron j in the hidden
layer, and b represents the bias. In the first hidden layer, the
proposed MNOLPELMC method performs the data
preprocessing that involves organizing the raw data samples
for further analysis. The main aim of data preprocessing is to
clean and transform the data into a suitable format for
providing accurate and significant results. Preprocessing helps
to enhance the quality and efficiency of the dataset and
minimizes the likelihood of errors. The Preprocessing step
includes two major processes, namely missing data handling
and outlier data detection. Missing data is referred to as
an absence of data or a null value for a particular feature
within a dataset. The missing data handling process is
significant in the context of prediction since it generates
inaccurate results. The proposed method utilizes the Sibson
interpolation method for handling the missing data. Sibson
interpolation, also called as proximity interpolation, provides
a smoother approximation to the underlying accurate function.
Therefore, the function of Sibson interpolation is expressed as
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S =X Ds; & 3)

Where S represents a Sibson interpolation for handling
the missing data, §; indicates a weight assigned to neighboring
data points ‘Ds;’, k designates a number of neighboring data
points. The weights are assigned based on the similarity
measure between the data samples. The similarity is measured
as follows.

[DS]' N Dsg ]

Sim =
> DS]'+Z Dsk—[DSj N Dsg ]

(4)

Where, ‘Simindicates a Jaccard index coefficient,Ds;and
Dsydenotes the neighboring data samples, Ds; N Dsdenotes
a mutual dependence between the two samples. The
coefficient (Sim) returns the output value from 0 to 1. Higher
weight is assigned to higher similarity, while lower weight is
given to less similarity. Followed by, Grubbs maximum
normalized residual test is employed for outlier data removal.
Outlier data is a data point that is considerably dissimilar from
the rest of the data within the dataset. Outliers are caused the
errors during the prediction process. Therefore, these data
points are removed before performing any computational
tasks. Grubbs maximum normalized residual test is a statistical
analysis used to distinguish the outliers within the dataset. The
statistical analysis is expressed as follows,

Ds;~
R = arg max [LT“DS]

®)

Where ‘R’ denotes a statistical outcome, Ds; indicates a
data sample, uj, denotes a mean value of the data samples, o
indicates a deviation between the data samples and the mean
value.

From the analysis, the maximum statistical results of the
particular data samples are called as an outlier, and it is
removed from the dataset. Therefore, dataset preprocessing
helps to improve the accuracy and quality of a dataset.

3.2. Feature Selection

The preprocessed results are transferred into the second
hidden layer of the extreme learning machine classifier model
for selecting the significant features from the dataset. The
feature selection process of the proposed model helps to
reduce the dimensionality of the dataset by removing the
irrelevant features. This process helps to reduce the time
complexity of the air pollution prediction.

The proposed method utilizes the random orthogonal
lemma projection process in the hidden layer 2 for feature
selection. The lemma projection is the process of projecting
the set of data points from the high-dimensional space into
lower dimension. A simple projection strategy has some noise
bounds due to the loss of information. On the contrary,
orthogonal projection is more applicable to raw data samples
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and latent feature representations. The proposed method
considers the features and their data samples are in matrix
format. After that, a random matrix is constructed with a
Gaussian distribution function as,

1
ogvV2m

2
F(Dslu,0) = ]

exp [ o

(6)
Where, F(Ds|u,o) denotes a Gaussian distribution
function with the mean ‘u = 0’ and deviation ‘c = 1°. Based

on the above distribution measure, the random matrix is
constructed as follows,

Fll F12 Fln
le Fm2 an

Where R indicates a random matrix. Followed by, the
orthogonal matrix is generated as follows,
Q= R'R ©)
Where Q indicates an orthogonal random matrix, RT
indicates a transpose of matrix ‘R’.In order to perform data
projection, the generated orthogonal random matrix is
multiplied with input data matrix.
P=Q+*A 9)
Where P denotes a projected new matrix in low-
dimensional space, Q indicates an orthogonal random matrix,
A denotes an input feature matrix. After that, the variance
between the feature values is measured in the low-dimensional
space. The proposed model utilizes the Wilcox index function
for computing the variance between the values. The Wilcox
index is a mathematical function used to measure the deviation
between the two samples.
WI =30 S|4 — 4 (10)
Where W1 denotes a Wilcox index function that provides
the variance results between 0 and 1, finally, the high-variance
features are selected as significant features for air pollution

prediction. The relevant feature selection process with high
variance is selected as follows,

{ W1 >Th ;features selected
WI<Th ; not selected

11)

From (11), the output of the random orthogonal lemma
projection ‘Z” is obtained by setting the threshold value for the
variance © Th’ . Therefore, the variance between the features
‘WI’ is greater than the threshold is used for selecting the
relevant features.
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Otherwise, the features with low variances are not
selected, and it removed from the dataset. From the Table 1,

selected significant features after the projection are listed in
Table 2.

Table 2. Selected feature list

S. No Features Description
1 City Name of the city
2 AQI Value Overall AQI value of the city
3 CO AQI Value AQI value of Carbon Monoxide in the city
4 Ozone AQI Value AQI value of Ozone of the city
5 NO2 AQI Value AQI value of Nitrogen Dioxide in the city
6 PM2.5 AQI Value The QI value of Particulate Matter with a diameter of 2.5 micrometers or less in the city
7 PM2.5 AQI Category QI category of Particulate Matter with a diameter of 2.5 micrometers or less in the city

3.3. Classification

After selecting significant features, the classification
process is carried out for predicting the air pollution level. The
classification process is done by using training data samples
and testing data samples. The proposed method utilizes the
Otsuka—Ochiai similarity for analyzing the relationship
between the testing and training data samples.

p= Y. Ds¢rDsts (12)
R ZDStrz, ZDStSZ
Where p  indicates the Otsuka—Ochiai similarity

coefficient,Ds;, symbolizes the training data samples and
Ds;denotes a testing data samples, Y. Ds;, Ds;, denotes the
sum of the product of the paired score ofDs,,. and Ds; ,
¥ Ds,,.> denotes the sum of the squared scores of the
Ds,,,Y. Ds.s* indicates a sum of the squared scores of the
Ds;s. The Orchini similarity coefficient (p) provides the
output value between 0 and 1. Here, 1 indicates higher
similarity between the two data samples, and 0 represents less
similarity.

Based on the analysis, the data samples are classified as
good, moderate, unhealthy, and very unhealthy. The good
indicates the air is clean and poses minimal health risks to
most individuals. The moderate results indicate acceptable air
pollution with potential health concerns. An Unhealthy and
very unhealthy AQI level indicates a significant weakening in
air quality, where the high pollution initiates to affect the
health of the individuals. Therefore, accurate outcomes of the
air pollution prediction results, good, moderate, unhealthy,
and very unhealthy, are obtained at the output layer with
softmax activation functions.

exp(Yx)
Ti_ exp(Y))

fSoft_Max = (13)

Where, softmax activation function * fo, ¢ max’ SOftmax
activation function at the output layer is used to construct
multiple classification outcomes, Y, indicates an output for the
jt class, k denotes the total number of classes used for air
pollution prediction. In this way, accurate air pollution
prediction results are obtained at the output layer.

Algorithm 1 Illustrates different processes used for predicting various types of air pollution levels

// Algorithm 1: Maximum Normalized Orthogonal Lemma Projective Extreme Learning Machine Classification Method

Output: Increase the air pollution prediction accuracy

Input: Dataset ‘D’, featuresA, A,, As, ... A, data samples or instances Ds;, Ds,, Dss, ... Ds,

Begin

Step 1: Collect number of features ‘A4, A,, ... Ay, and samples ‘Ds;, Ds,, ... Ds,,’- input layer
Step 2: For each sample Ds;

Step 3: Compute the weighted sum by the neuron using (1)

Step 4: End For

Step 5: if any missing data is found, then-----[hidden layer 1]

Step 6: ApplySibson interpolation using (3)

Step 7: end if

Step 8: Measure Grubbs maximum normalized residual test using (5)

Step 9: Find outliers and removed

Step 10: For each preprocessed output  ----- [hidden layer 2]

Step 11: Create random matrix with a Gaussian distribution function using (7)
Step 12: Create the orthogonal random matrix (8)

Step 13: Obtain the projected matrix (9)

Step 14: Compute the Wilcox index variance using (10)

Step 15: if (WI > Th)then
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Step 16: Features are selected as relevant

Step 17: else

Step 18: Features are not selected as relevant

Step 19: End if

Step 20: For each training and testing data samples
Step 21: Measure the similarity using (12)

Step 22: Obtain the multiple classification results
Step 23:

End

..... [hidden layer 3]

Obtain final prediction results with softmax activation function at the output layer using (13)

4. Experimental Settings

Experimental assessment of the MNOLPELMC method,
along with existing methods NF-VAE [1], Neural transfer
learning model [2], is implemented in Python. using the
Global Air Pollution Dataset taken from
https://www.kaggle.com/datasets/hasibalmuzdadid/global-
air-pollution-dataset.

5. Performance Analysis

Performance analysis of the MNOLPELMC method in
comparison to existing methods [1, 2]. The evaluation is
conducted using various metrics.

Air pollution prediction accuracy: It is measured as the
ratio of data samples for which air pollutions levels are
accurately predicted to the total number of data collected from
the dataset. It is expressed as follows,

DCP
APPA = Y1, (2

) * 100 (14)

Si

Precision: It is an efficient metric used for computing the
accuracy of model positive predictions. It is calculated as the
ratio of True Positives (TP) to the total number of predicted
positive samples, which includes both True Positives (TP) as
well as False Positives (FP).

TP
T TP+FP

PS

(15)

Recall: it is also known as sensitivity, which evaluates
model efficiency for accurately identifying positive instances.
The formula for computing the recall is given below,

_ TP
" TP+FN

RL (16)

Root Mean Squared Error: It is measured as the ratio of
the number of data samples where the difference between
actual results matches the predicted results to the total number
of data samples. It is computed as,

RMSE — [ ’(YAct_nYPre)z]

Prediction time: It is measured as the amount of time
required for predicting the air pollution based on input data
samples. The overall prediction time is computed as follows,

(17

PT = Y-, Ds; x Time [APP] (18)
Table 3 depicts the analysis of the air pollution prediction
accuracy of three methods. The average of theseten
comparison results illustrates prediction accuracy of
MNOLPELMC improved by 3% and 5% than the [1, 2].

Table 3. Comparison of air pollution prediction accuracy versus the number of data samples

Air pollution prediction accuracy (%)
Number of data samples -
MNOLPELMC GNF-VAE Neural transfer learning model

2000 93.1 91.2 90.5
4000 93.85 90.32 88.65
6000 94.11 91.05 89.03
8000 93.75 91.98 88.73
10000 94.36 91.65 89.23
12000 93.40 90.05 88.05
14000 94.47 91.05 88.65
16000 93.55 90.73 88.13
18000 92.31 90.77 88.11
20000 93.05 91.94 89.78
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Figure 3 portrays graphical outcomes of precision in
predicting air pollution level using three methods. A

Fig. 3 Performance analyses of precision

Table 4. Comparison of recall versus number of data samples

comparison of these results shows that the MNOLPELMC
method increases precision by 2% and 4% than [1, 2].

Number of data samples Recall -
MNOLPELMC GNF-VAE Neural transfer learning model
2000 0.968 0.953 0.937
4000 0.96 0.951 0.932
6000 0.962 0.945 0.925
8000 0.963 0.949 0.928
10000 0.958 0.935 0.917
12000 0.965 0.942 0.922
14000 0.955 0.938 0.916
16000 0.963 0.947 0.929
18000 0.968 0.945 0.926
20000 0.965 0.942 0.925

Table 4 illustrates the performance outcomes of recall
with number of data samples ranges. The comparison results

Root Mean Square Error
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Fig. 4 Performance analyses of root mean squared error
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shows performance of recall using the MNOLPELMC
method is improved by 2% and 4% than the [1, 2].
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Figure 4 illustrates experimental results of RMSE versus Table 5 depicts performance outcomes of air pollution

the number of data samples. Overall, comparable results prediction time versus the number of data. The average of ten
reveal MNOLPELMC minimizes RMSE in accurately results reveals that MNOLPELMC minimizes overall
predicting air pollution by 28% and 42% than [1, 2]. prediction time by 10% and 16% than the [1, 2].

Table 5. Comparison of prediction time versus number of data samples

Number of data samples Prediction time (ms)
MNOLPELMC GNFE-VAE Neural transfer learning model
2000 28 32 34
4000 325 35.6 38.9
6000 36.5 40.2 42.6
8000 40.2 45.6 48.5
10000 43.6 48.5 52.3
12000 45.8 50.3 55.8
14000 48.3 52.5 57.2
16000 50.2 55.6 58.3
18000 55.6 60.7 63.5
20000 58.4 63.5 68.6
6. Conclusion The results exhibit that the MNOLPELMC method

Accurate detection and forecasting of air pollution  outperforms traditional deep learning models, showing

concentration levels play a vital factor in protecting public ~ notable improvements in accuracy, precision, and recall. The
health as well as the environment. The MNOLPELMC  MNOLPELMC method reduces prediction time and RMSE

method is designed to improve the accuracy of air pollution ~ compared to conventional approaches.
predictions while reducing time consumption.
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