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Abstract

The issue of air pollution is critical for both the environment and global public health. It is crucial to develop accurate
forecasting methods to substantially mitigate the adverse health effects of air pollution. Missing data is common in datasets
where specific observations or values are not recorded. To address the problem of missing data in air quality datasets, we
used a novel random imputation (nRI) method. This method accurately captures temporal dependencies of air pollution
and focuses on continuously missing completely at random (MCAR) and forecasting PM, 5 concentrations. This method
accurately captures temporal dependencies of air pollution to focus on continuously MCAR and forecasting PM, 5 con-
centrations. The Central Pollution Control Board provided the data in this study. Two-step methods for managing missing
data follow a specific approach. In the first step, outliers are tackled by replacing them with statistically valid minimum and
maximum values determined by the interquartile range (IQR). In the second step, cells that contain NaN (Not a Number)
values are filled using random samples drawn from the distribution of the corresponding feature. The proposed (nRI RNN-
BiGRU) model outperforms traditional deep learning models in PM, s forecasting. It achieves a 27.8792 unit lower RMSE
than conventional models and improves the RA? score by 0.506. The model also demonstrates significant error reductions
across key performance metrics, with a 16.75% decrease in MAE, a 20.07% reduction in MSE, and a 10.03% improvement
in MAPE compared to CNN, among others. The experimental results confirm that according to the Friedman ranking, the
nRI RNN-BiGRU model consistently ranks as the most optimal model. These findings underscore its effectiveness in air
pollution forecasting, supporting proactive environmental protection and public health strategies. Our findings underscore
the urgency of the air pollution issue, indicating a likely increase in PM, 5 concentration levels. The potential health risks
associated with fine particulates PM_ _, such as respiratory infections, asthma, and heart disease, further highlight the need
for effective strategies for environmental protection and public health. It is, therefore, imperative to take timely, effective
measures to address this issue and safeguard public health and well-being.
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Introduction

Air pollution stands as a pervasive challenge in today’s
world, casting a shadow over the quality of our air and the
health of our planet. Additionally, biodiversity, ecosystems,
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and ecosystem services like nitrogen cycling are negatively
impacted by air pollution. Today, air pollution affects urban
and rural areas both [1]. The susceptible plants, animals,
people, and other creatures are now mostly at risk from the
environmental contamination that results from industrial
processes, which is the single aspect of the problem [2].
The concentration of air pollution is dramatically increasing
daily. A single person or nation cannot resolve such global
issues directly. It is answerable to everyone on the planet
[3, 4]. High concentrations of air contaminants such as CO,
SO,, NO, O3, PM, 5, PM,, and NO, are commonly observed
[5]. A high PM, 5 concentration in air shows that the pol-
lutants are particularly hazardous to people [6]. The best
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illustration is particulate matter, which has a diameter of
2.5 or less and an aerodynamic diameter of no more than
10. Particulate matter is made up of both liquid droplets
and solid particles that are found in the atmosphere. Ele-
ments, including elemental carbon, dust, dew, sulfides, con-
densates, metal particles, etc., are among the hazardous and
damaging chemicals that make up PM, 5 [7]. Long-term and
short-term exposure to dangerous air pollution will cause
respiratory conditions, such as breathing difficulties, car-
diovascular disorders, and even lung cancer in humans.
Numerous respiratory, circulatory, suffocating, irritation,
and even neurological illnesses have been linked to exposure
to high concentrations of particulate matter. The LRTAP is
a globally recognized international agreement established
within the framework of the UNECE [8]. LRTAP’s prin-
cipal objective is to safeguard the environment against the
detrimental impacts of air pollution. This pivotal treaty was
formally endorsed in 1979, signifying a significant milestone
in combating air pollution on a transboundary scale [9]. The
United Nations composed the five regional commissions for
the UNECE. According to the WHO, air pollutants pose a
significant hazard to human health, especially particulate
matter, such as PM, s and PM,,. According to estimates,
PM, 5 reduced the world’s life expectancy by almost one
year in 2017. According to WHO or the European Environ-
ment Agency reports, pollutant exposure raises the chance
of dying young [10]. The WHO conducted various research
studies revealing that air pollution causes 7 to 8 million
deaths worldwide.

The Table 1 presents air pollution categories with color
codes [11] and concentration ranges for PM,,, PM, 5, and
NO,, along with AQI standards and health messages. Each
category indicates air quality status and potential health
effects on sensitive groups. The color codes range from
green to Maroon, representing different levels of air pollu-
tion and corresponding health messages. The highest cat-
egory, “Severe” signifies emergency conditions and health
warnings for the entire population, and Table 1 highlights
the national air quality index aligned with CPCB standards
[12] and as utilized in recent studies (Natarajan et al., 2024)
[13].

It is essential to understand the origins and quantities of
these pollution contaminants. Calculating these tiny particles

can be used to gauge the quality of the natural air. Real-time
data on air quality is needed to manage pollution and protect
humans from its effects. Missing information on ambient air
pollution from databases is a common problem. Environ-
mental epidemiology is quite concerned when data on air
pollutant concentration is missing. [14]. Therefore, missing
data, usually included in the gathered raw data, has become
a significant obstacle for analyzing pollution patterns. The
temporal and geographical mechanism of air pollution can-
not be successfully captured by current research method-
ologies on the missing data, or they do so by concentrating
on cycles with low missing rates and unpredictable missing
placements [15]. Data sets on air quality frequently contain
missing values since the information is gathered via sen-
sors or by reputable organizations or government organiza-
tions. In the preliminary data processing step, recovering
lost data is very difficult. As time is an inherent quantity that
cannot be disregarded, this process becomes more compli-
cated when dealing with TS data analysis [16]. The lack of
automatic manipulation of missing values in various Python
libraries and packages, missing values can cause a range of
issues, including incorrect results and decreased accuracy,
making the imputation of these values that are missing of
paramount priority for improved outcomes [17].

In time series data, missingness can occur under three
primary mechanisms: MCAR, MAR, and MNAR. Each
mechanism poses challenges and requires suitable imputa-
tion strategies to ensure that subsequent analyses and predic-
tions are reliable. In the context of UTS, this study compares
six widely used imputation methods for handling missing
data, namely simple moving average [18], mean imputa-
tion [?], and exponentially weighted moving average [19],
among others. Effective handling of missing data ensures
high-quality inputs for ML models in air pollution forecast-
ing. Reliable imputation supports the development of robust
models that can inform preventive strategies and enhance
pollution control efforts. In recent years, regression-based
models have also been applied to predict air pollution levels
and assess trends [20], but their performance remains highly
sensitive to data quality.

One of the most well-liked approaches, DL, uses mas-
sively scalable optimization algorithms to train a model on
various data. Academic research has extensively explored

Table 1 AQI categories,

standard along with their health AQI category Colour PM;, PM, ;5 NO, AQI standard Health message

messages of PM, 5, PMy, and Good Green  0-50 0-30 0-40 0-50 Normal conditions

NO, concentrations Satisfactory ~ Yellow 51-100 31-60  41-80  51-100 Acceptable
Moderately Orange 101-250 61-90 81-180  101-200 Sensitive groups health effects
Poor Red 251-350 91-120 181-280 201-300 Health affects everyone
Very Poor Purple 351-430 121-250 281-400 301-400 Serious health effects for everyone
Severe Maroon 431+ 251+ 401+ 401 above Emergency conditions
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the application of statistical models in the same manner as
the DL model with commonly implemented mean imputa-
tions. Several works have used DL to predict the concen-
tration of hourly air quality. The primary goal of the cited
work is to forecast O;, PM, 5, NO,, and CO concentrations
at a site in NCT-Delhi using the LSTM and GRU meth-
odology, which is thought to be more effective than other
DL approaches [21].

The Fig. 1 illustrates the geographical depiction of
the Talkatora District Industries Center in Lucknow, as
captured and presented through the utilization of ArcGIS
mapping technology. Its significance as a pollution hot-
spot, central industrial hub, and area of regulatory interest
makes it a primary target for monitoring and intervention
by the CPCB [22]. The implementation of ArcGIS in this
context suggests a comprehensive analysis of the area,
potentially encompassing geographic and environmental

data to facilitate a more well-informed comprehension of
the industrial landscape in Lucknow.

This study introduces a novel random imputation (nRI)
method integrated with a hybrid RNN-BiGRU model to
enhance PM, s air pollution forecasting. The novelty of this
work lies in the strategic handling of missing data MCAR
using nRI, which improves temporal pattern recognition and
forecasting accuracy compared to conventional imputation
methods. This research aims to develop a robust and reli-
able forecasting model that minimizes errors in air pollution
prediction while effectively dealing with missing data chal-
lenges in large-scale air quality datasets.

Research Problem and Objective of Research
The central research problem addressed in this study is

developing a robust and intelligent forecasting frame-
work capable of capturing the temporal dependencies in

Fig. 1 The study area of the
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multivariate air pollution datasets while effectively han-
dling MCAR scenarios and outliers. Existing models such
as LSTM, GRU, and CNN have demonstrated promise in
time-series modeling but often fall short in irregular and
incomplete datasets, limiting their real-world applicability.

To overcome these limitations, this research proposes a
novel random imputation method utilizing a Recurrent Neu-
ral Network with a Bi-directional GRU (nRI RNN-BiGRU)
model. The objective of this work is fourfold:

¢ Development of a Imputation Strategy nRI To design
and implement an efficient imputation mechanism novel
random imputation that combines IQR-based outlier
detection with NaN value/cell replacement using rand-
omized feature-specific statistical sampling. This strategy
aims to recover data integrity while preserving the origi-
nal statistical distribution.

e Design of the RNN-BiGRU Hybrid DL Model To
develop a hybrid deep learning architecture that inte-
grates RNN layers with BiGRU, enabling the model to
learn past and future temporal dependencies in multivari-
ate TS data for enhanced PM, 5 concentration forecasting.

e Comparative Evaluation of Imputation Techniques
To investigate the impact of various traditional impu-
tation methods on forecasting performance, including
Mean, Median, KNN, BFill, and Iterative Imputation.
Each technique is combined with the RNN-BiGRU
model to assess its effectiveness in handling missing
data. The results are compared with the proposed novel
random imputation strategy, which integrates IQR-based
outlier handling and NaN replacement using feature-spe-
cific random sampling.

e PM, ; Pollutant Forecasting and Model Generaliza-
tion To evaluate the generalization ability of the pro-
posed nRI RNN-BiGRU model by extending the fore-
casting task to other critical pollutants such as PM,, and
NO,. This analysis helps validate the robustness of the
model across multiple pollutant types using standard
performance metrics such as RMSE, MAE, MAPE, and
MSE. It demonstrates its adaptability to real-world air
quality prediction scenarios.

Contributions of This Research

This study proposes a novel imputation strategy that pre-
serves the entire temporal sequence of the air pollution
dataset without removing any date/time instances. Unlike
conventional methods that discard incomplete entries, our
approach ensures the integrity and continuity of time-series
data, which is crucial for long-term forecasting accuracy.
The authors collected the PM, 5, PM,,;, and NO, pollutant
data directly from the CPCB. The dataset contains over
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31,000 hly observations per pollutant, with varying miss-
ing percentages (e.g., PM;,— 19.68%).

¢ Novel Random Imputation Method: A unique combi-
nation of IQR-based outlier handling and feature-wise
randomized imputation for missing values is introduced.
Outliers are replaced using the IQR’s statistically valid
min and max values, while NaN values are filled using
random samples from the same feature distribution. This
nRI technique significantly enhances model performance
for noisy and incomplete air quality data.

e RNN-BiGRU Hybrid DL Model: The authors have
developed a sophisticated hybrid RNN-BiGRU model,
which effectively reveals complex patterns in data and
enhances performance. This model captures the tem-
poral dependencies of air pollutant concentrations and
consistently outperforms conventional deep-learning
approaches.

¢ Long-Term Forecasting Capability: The proposed nRI
RNN-BiGRU model can forecast PM, 5 levels up to one
year in advance, offering a valuable early warning sys-
tem. This extended horizon prediction supports urban
planning and public health intervention.

¢ Superior Predictive Performance: Comparative experi-
ments with popular deep learning models LSTM, GRU,
RNN, BiLSTM, and 1DCNN demonstrate that the pro-
posed model performs best. It attained an RMSE of
27.8792, MAE of 15.4859, and MAPE of 33.92 for PM, 5
forecasting outperforming all baselines in both imputa-
tion robustness and forecast accuracy. The proposed nRI
RNN-BiGRU ranked first with statistical significance
p-value < 0.05.

The paper begins with the Introduction and contains the
abbreviations Table 2, and the other sections are structured
as follows: Sect. 2 provides a comprehensive literature
review, while Sect. 3, divided into several subsections, cov-
ers the Materials and Models, including LSTM, GRU, CNN,
RNN, and the proposed (nRI RNN-BiGRU) model. Sect. 4
details the Methodology, while Sect. 5 presents the Results,
and finally, Sect. 6 offers the Conclusion. Declarations are
mentioned at the end of the paper.

Literature Review

Younes et al. (2025) [23] evaluate two energy systems, one
with an electric boiler and one with a gas boiler. While
potentially more cost-effective, incorporating gas boilers
still relies on fossil fuels, which can contribute to air pollu-
tion through emissions such as NOx and particulate matter.
By promoting the use of renewable energy sources like
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Table2 A comprehensive list of commonly used abbreviations that enhance understanding and communication

Abbreviation Definition Abbreviation Definition

PM2.5 Particulate matter 2.5 Aum PM,, Particulate matter 10 Aum

nRI Novel random imputation NO, Nitrogen dioxide

NaN Not a number BiLSTM Bidirectional long short-term memory
LRTAP Long-range transboundary air pollution MAR Missing at random

IQR Interquartile range UNECE United Nations Economic Commission for Europe
GRU Gated recurrent unit 0O, Ozone

CNN Convolutional neural network WHO World Health Organisation

RMSE Root mean square error AQI Air quality index

MCAR Missing completely at random CO Carbon monoxide

RF Random Forest MNAR Missing not at random

ARIMA Autoregressive Integrated Moving Average UTS Univariate time series

CPCB Central Pollution Control Board MAE Mean absolute error

RNN Recurrent neural network SO, Sulfur dioxide

MAPE Mean absolute percentage error MSE Mean squared error

EHR Electronic health records DI Data imputation

ADF Augmented dickey-fuller KPSS Kwiatkowski Phillips Schmidt Shin
SD Standard deviation PACF Partial auto-correlation function
ACF Auto correlation function FF Forward Fill

BFill Backward Fill KNN K-Nearest Neighbors

ML Machine Learning DL Deep Learning

TS Time series

photovoltaic panels, there is a push away from fossil fuel
dependency, leading to a potential reduction in air pollu-
tion levels. Mohammad et al. (2023) [24] usage of fossil
fuels has led to rising levels of greenhouse gases and sig-
nificant air pollution, contributing to public health issues.
By transitioning to renewable energy, such as photovoltaic
systems, the Article posits that it can help mitigate these
environmental impacts, reducing air pollutants that affect
health and the environment [24]. The primary environ-
mental sustainability Sahar et al. (2024) [25] contribut-
ing to Mashhad city air pollution is vehicular emissions,
exacerbated by rapid urbanization and population growth.
Expanding green spaces and investing in energy-efficient
public transport can significantly reduce air pollution,
improve air quality, and enhance overall urban sustain-
ability. A recent [26] assessment of PM,, and PM, 5 con-
centrations in four subway stations in Tehran highlights

significant air quality concerns compared to outdoor lev-
els. The average PM,, measurements ranged from 68 to 89
pg/m’, while PM, 5 levels were between 62 and 76 pg/m’,
both exceeding indoor air quality standards. Alarmingly,
particulate matter levels were 1.5 to 1.7 times higher
indoors. Contributing factors include high passenger traf-
fic, continuous train operations, and inadequate ventila-
tion. This elevated exposure increases commuter’s risk of
respiratory and cardiovascular diseases, emphasizing the
urgent need for public health interventions.

The Table 3 provides an exhaustive overview of pollut-
ants, their sources, and associated health effects as docu-
mented in scholarly literature. It includes PM, 5, PM,,
ozone gas, methane, NO,, and CO, along with their respec-
tive causes of pollution such as soot, dirt, liquid droplets,
resuspended dust, smog, mobile combustion, landfills,

Table 3 An overview of the

R S.No References Air Pollutant Causes Diseases Year
most prevalent air pollutants,
their underlying causes, and 1 [27] PM, Soot, dirt, and liquid droplets ~ Lung carcinogen 2023
the diseases they can trigger, 2 28] PM,, Resuspended dust Heart disease 2023
accompanied by the relevant
year of publication 3 [29] NO, Cars, Trucks and Buses Cough and Wheezing 2023
4 [30] CcO Incomplete combustion Chest pain 2023
5 [31] Ozone Gas (O;)  Smog Asthma 2024
6 [32] Methane Mobile Combustion, Landfills ~ Arrhythmia, Dizziness 2024
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and incomplete combustion primarily from cars, trucks,
and buses. The table also outlines diseases linked to these
pollutants, encompassing lung carcinogenesis from PM, s,
heart disease from PM,,, asthma triggered by ozone gas,
arrhythmia, and dizziness induced by methane exposure,
cough, and wheezing due to NO,, and chest pain associ-
ated with CO inhalation. Each pollutant is tied to specific
sources and consequent health ailments, summarizing the
literature’s findings on pollutant-related health risks.

In this literature review section, the author discusses vari-
ous techniques implemented for missing data imputation, a
crucial aspect of data analysis and visualization. The author
has compiled a comprehensive list of literature references
that are relevant to this topic and has presented them in
Table 4. The table columns that are labeled as references,
objective, and Imputation methods provide a clear overview
of the literature that has been reviewed. The objectives of the
reviewed literature are diverse and aim to achieve different
goals. For example, some studies evaluate the effectiveness
of various data imputation techniques, while others seek to
establish a standardization for DI techniques. Additionally,
some recent studies explore the most recent advancement
in missing DI and related topics. Moreover, the author has
written various imputation methods commonly used in prac-
tice, such as mean, median, temporal, and cross-sectional.
The dataset is collected from various sources, and missing
values are introduced at different rates, such as 1%, 10%,
30%, and so on. The evaluation of the model results is based

on several parameters, including NRMSE, MAPE, RMSE,
Fl1-score, and RAZ? values.

Several widely-used imputation techniques, namely:
Mean (Filip Arnaut et al., 2024) [43], Median (Marziyeh
Afkanpour et al., 2024)[44], K-Nearest Neighbors (Xing-
Yuan Li et al., 2025) [45], Backward Fill (Zhenzhen Zhao
et al., 2025)[46], Forward Fill (Xiaoying Zhang et al., 2025)
[47], Interpolation (Hakjong Shin et al., 2025) [48], and Iter-
ative (Sitao Min et al., 2025) [49] Imputation methods based
on the types of missing information in the dataset. Some
datasets do not contain the information in the initial time
stamp or at the end, whereas almost all datasets are missing
information. In the first case, BFill, FF, and interpolation
imputation methods struggle because of the compulsion of
the first and last information missing in Fig. 2.

It is evident in most of the literature that missing data
imputation is an ongoing research area, and further stud-
ies are required to enhance our understanding and improve
the existing models. The number of missing parameter NaN
values significantly affects the model’s effectiveness. As a
result, one of the joint research questions in data science
is how to create and build a good and effective data-com-
plementing technique for decreasing data noise [50]. Many
ML techniques struggle to detect TS patterns and long-
term correlations in air pollution data. Only a few methods
provide reliable forecasts at higher temporal resolutions,
such as hourly, daily, and weekly, highlighting the need for
improved forecasting solutions [5]. The link between the

Table 4 The literature survey is accompanied by citations, objectives, and methods for filling in missing data

References Objective Imputation Method Year Dataset Missing values Results Evaluations
[33] Effectiveness of DI Mean, median 2019 UCI machine learning injected varying per- ~ NRMSE
Techniques repository centage
[34] An innovative hybrid ~ Hybrid k-NN and 2019 marine commercial not specified APE, MAPE
DI conditions miceMICE DAQ system
[35] DI using multivariate ~ MTS generative adver- 2019 Toy datasets varying percentage Reconstruction error
time series sarial network
[36] An improved missing ~ Multivariate Chained =~ 2020 UCI Machine Learning not specified RMSE
DI Equation Repository
[37] Missing DI using deci- Decision trees and 2020 UCI Machine Learning RMSE
sion trees and fuzzy fuzzy Repository
[38] A Standard for DI Mean/median 2021 69 datasets with 1%, 10%, 30%, and F1 for classification,
Techniques numeric and cat- 50% RMSE for regression
egorical columns
[39] The most recent Temporal and cross- 2022 public intensive care Native missing 0-16 % nRMSD
advances in missing sectional unit (ICU) database
DI
[40] Imputing missing Dynamic Graph Con- 2023 two real-world traffic ~ 10%, 30%, 50%, and MAPE, RMSE, and
spatiotemporal traffic ~ volutional datasets: PeMS08 70% MAE
data and PeMS04
[41] Missing DI using uni-  Univariate imputation 2024 water level located in 1.54% to 16.66% RMSE, MAE, MSE, R2
variate techniques method Eastern Thessaloniki
[42] Missing Value Imputa- Generative adversarial 2025 Kaggle dataset used not specified R2

tion in EHR

network
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Fig.2 Representation of missing data points in multivariate time series with missing completely at random

various meteorological factors affecting pollution and pol-
lutant concentration. The wind direction, relative humidity,
temperature, wind speed, air pressure, etc., are considered
to be the most significant acknowledged characteristics with
the most considerable influence on the process of pollution
formation. Only if the data is correctly categorized will it
be able to lessen the harm that air pollution does to human
health. We are dealing with the class imbalance problem in
several categorization issues. Ketu et al. utilized the learn-
ing from unbalanced data as a constant challenge [51].
The other systems require various computer environments
and resources. For example, traditional machine learning
may make predictions using large data platforms, but DL
approaches frequently perform better on GPUs [52].

Table 5 illustrates the literature review that centers on
diverse approaches, contaminants, and variables and identi-
fies gaps in research concerning the prediction of air pol-
lution. The review encompasses ten studies, each utilizing
different techniques such as LSTM [53, 54, 62], GRU [55],
regression, SVR [56], XGBoost, AdaBoost [57], RF, KNN
[58], GB, MLP [59], BiLSTM [60], and ARIMA [61] to
forecast levels of pollutants. Significant aspects of the pre-
vailing methods for the performance metrics include accu-
racy, RMSE, MAE, MAPE, false positives, R? score, and
SMAPE, which are most important to evaluate the model’s

reliability and stability. Prominent research gaps identi-
fied involve the necessity for multivariate LSTM models
[53], enhanced management of extensive non-linear data-
sets [55], improved precision [56], and feature selection
in atmospheric contexts [59]. Furthermore, certain studies
stress the importance of integrating external variables [62]
and enhancing the efficiency of model training, especially
in centralized deep learning frameworks [60]. The table
emphasizes how predictive algorithms are dynamic and how
innovation is constantly needed.

Materials and Models

Lucknow, positioned at coordinates N26°507.41 E80°537.42,
and situated at an elevation of 123 m above sea level, serves
as the capital of Uttar Pradesh, a state in northern India.
Geographically, it occupies a central location between the
Himalayas’ southern boundary and the Deccan plateau’s
north boundary, within the Indo-Gangetic plains notorious
for their high pollution levels. Notably, Lucknow has recur-
rently been included in the list of the world’s most polluted
cities. The primary contributors to the locally prevalent
PM, 5 pollution in Lucknow are dust generated from road
resuspension and construction activities. Missing data can
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Table 5 The literature review focuses on models, air pollutants, and evaluation parameters, highlighting the research gap

S.No Citations Methods' Pollutants? Parameters? Research gap*

1 [53] LSTM PM, 5 Accuracy, RMSE, MAE Multivariate LSTM for air pollution fore-
casting with PM, 5 concentration

2 [54] LSTM multiple pollutants R? score Existing models focus on individual pollut-
ants, perform poorly for multiple

3 [55] GRU PM, 5 Accuracy, RMSE, MAE Handling massive multivariate nonlinear
datasets for air pollution prediction

[56] Regression, SVR PM Accuracy, false positives Need for improved accuracy

5 [57] XGBoost, and AdaBoost PM, s MAPE, RMSE, MAE Utilized correlation coefficient to each
parameter for better accuracy

6 [58] RF, and KNN PM, MAE, MAPE, RMSE Existing models show poor error rate per-
formance in air quality forecasting

7 [59] GB, RF, and MLP PM, 5, NO,, SO,, and CO R?, RMSE, and MAE Feature selection not explored in atmos-
phere-related applications before

8 [60] BiLSTM PM, 5 and PM,,, MAE, RMSE, SMAPE  Slow training speed due to centralized deep
learning architecture

9 [61] ARIMA and LSTM PM, RMSE Utilized deep learning model for better
accuracy

10 [62] LSTM and ANN NO, MSE Exogenous variables’ impact on NO,

forecasting performance not extensively
studied

Note: Listed some of the footnotes for a clear understanding of the literature review and procedure of the same research work

ITaking most appropriate paper with the statistical, ML, or DL models;
2Listed most hazardous pollutants concerning the LRTAP;
3Taking most appropriate evaluation parameter according to the results;

4Research gap utilized to the same paper and for future work

arise under three mechanisms: MAR, MNAR, and MCAR.
The easiest solution is to ignore the missing numbers, but
doing so will endanger the continuity of the time series.
A dataset often comprises extraneous data values, such as
NaN, outliers, and noises, which can harm prediction and
forecasting procedures.

The presence of these factors, NaN, outliers, and noises
can lead to high error rates, reduced prediction accuracy,
and increased error rates. Creating a method to identify and
manage these DI techniques, including NaN, outliers, and
noises, is indispensable to achieving optimal results. The
data that has been gathered contains numerous values that
are either missing or extreme and deviate from the other
data observations with date/time. The outliers are given null
values to address this issue, which signifies their position.
Introducing noise into the dataset because of the missing
data hurts the models’ proficiency. After cleaning the noise,
NaN, and outliers using nRI Fig. 3, the maximum missing of
extreme feature values may impact the model’s performance,
like continuous missing, as these values may not conform to
the expected data pattern.

The author employed two mechanisms to impute MCAR
with general outliers to IQR and NaN values, which were
replaced with random values drawn from the same feature
distribution. The original dataset’s observed values were
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randomly selected, and at each cycle, a missing value was
substituted for it to mimic the MCAR process. The data was
collected from CPCB [22] from station Talkatora District
Industries Center, Lucknow - Uttar Pradesh, India. The fre-
quency of hourly air quality data from 1 January 2020 to
24 July 2023. For the description of the data set, see the
Table 6. India’s Lucknow is one of the areas where air pol-
lution has had a very negative impact. The city’s bad air
quality is caused by vehicle emissions, industrial pollutants,
and burning crop wastes.

The Pearson correlation analysis shows in Fig. 4 the
significant correlations between pollutant concentrations.
The particulate matter is the strong positive correlation r =
0.55 between PM, s and PM,,, which suggests a tight link
between inhalable coarse particles and delicate particulate
matter. On the other hand, there is less of a connection r =
0.35 between PM, 5 and NO,, suggesting a lesser relation-
ship between nitrogen dioxide levels and delicate particulate
matter. The correlation demonstrate the intricate relation-
ships between pollutants and their surroundings, as PM, s
has a greater affinity for PM;, than NO,. The conclusion
of the correlation must be positive for better air pollution
modeling.

The stationarity analysis for the pollutants PM, 5, PM,,
and NO,. The dataset described in Table 6 is used for
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Step 1
Interquartile Range
] | (IQR) | ]
Outliers [ | Outliers
0 ob——— e oe)
"Minimum" : "Maximum" //—\
(Q1-1.5%1QR) (Q1) Median (Q3) (Q3+1.5*IQR)
Date PM2_5 PM10 NOz
Step 2 1205221 405 | 243 | 20
13:00
12:05221[NaN | NaN | NaN
14:00
| | 12205221l NaN | NaN | 35
15:00

l Range of PM, 5

12:05-221 07| | 232 | 60
16:00

| S E——

Random Imputation

Fig.3 Primarily steps of the Novel Random Imputation method to the implementation
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Fig.4 The Pearson correlation of PM, 5, PM,,, and NO, pollutant of
Talkatora District Industries Center

research purposes. To calculate AQI, the author focuses on
the three most common and minimum pollutants. To cal-
culate AQI, at least three pollutants are required, with at
least one being PM, 5 or PM;, necessary. In this research,
the researcher used PM, 5, PM,,, and NO, pollutant con-
centrations. The table presents the total data points for each
pollutant, along with the mean, SD, min, and max values.
It also includes the first quartile, median, third quartile, and
the damage beyond imputed values.

Specifically, PM, , exhibits 19.68% missing values, PM, s
has 4.63%, and NO, has 2.27% missing data. These lev-
els of missingness, especially in a multivariate time-series
context, can disrupt the temporal continuity [63] needed for
deep learning models [64], leading to unstable gradients,
degraded performance, biased predictions, or even overfit-
ting [65] to incomplete patterns and inaccurate forecasts.
Given the temporal nature of PM, 5 data and the high cor-
relation between pollutant levels across sequential time
steps, missing entries directly impact the model’s ability to
learn patterns accurately. In addition, the Table 6 presents
the results of the stationarity analysis using the ADF and
KPSS tests to assess time series stationarity. The ADF and
KPSS Statistic is compared with critical values to determine
stationarity, with “Yes” indicating that the series is station-
ary. The results suggest that PM, s, PM,,, and NO, exhibit
stationarity based on the ADF test, while the KPSS test indi-
cates seasonality in these air quality parameters.

The temporal fluctuations of NO,, PM,,, and PM, 5 hourly
can be effectively demonstrated by employing the statisti-
cal measures of mean and standard deviation, which can be
further supplemented with a meticulous AQI color coding
system Fig. 5.

The current focus in data analysis involves decomposi-
tion, which is carried out on a specific subset of the data-
set PM, 5. Specifically, the top 1000 rows are scrutinized,
and a defined time frame 24 has been implemented. An
additive seasonal decomposition plot has been created for
1 January 202 to 11 February 2020, with a total of 1000
rows and a period of 24. This plot displays the decomposed
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Table 6 Multivariate pollution data measurement and stationarity
analysis of one of the most polluted cities in India

components, including the observed, trend, seasonal, and
residual components Fig. 6. Upon analysis of the data, it

Measurement/Stationarity PM, 5 PM,, NO, is evident that the trend of the data set is consistently fluc-

tuating and increasing over time. Furthermore, the regular
Count 31224 31224 31224 seasonal pattern was observed in the data set for a period of
Mean 9L46 186.51 40.02 24. The residual component, also known as statistical noise,
Std‘ 3896 110.66 2459 remains after accounting for both seasonality and trends.
Va.rlance 3473.92 12245.76 604.78 Interestingly, no clear pattern is visible when examining the
Min 0.00 0.00 0.00 residuals graphic. The white noise observed in the data set
25% 45.14 99.47 20.67 . : . : .

) is a stationary time series or random process with no auto-
Median (50%) 7937 166.38 35.02 correlation, indicating that the data series lacks any predict-
5% 126.83 253.62 34.62 able patterns, and each data point is independent. The data
Max 255.83 467.45 109.19 decomposition analysis provides valuable insights into the
Range 25583 467.45 109.19 trends and seasonality of the data set, as well as the presence
TQR 81.69 156.15 33.95 of statistical and white noise.

Skewnfn’ss 0.73 0.68 0.7 Using employing data decomposition techniques, with
Klfrt?SIS 0.12 0-10 0.05 a particular focus on the topmost 1000 rows of PM, 5 and
Missing 1447 6146 11 utilizing a designated time frame of 24, along with scru-
Missing% 4.63 19.68 2.27 s . .
tinizing the ACF and PACF plot lags up to 100, can yield
ADF Statistic —8.6296 —7.8283 —7.6846 . . ..
advantageous insights about the implicit patterns and the
ADF p-value 5-8010e714  6.3918¢712  1.4724e~11 core inherent relationships that exist within the data set.
ADF 1% 34305 34305 34303 Moreover, this approach also enables the depiction of 95%
ADF ?%‘7 5'8616 5'86]6 §'8616 confidence intervals. The auto-correlation that falls within
ADF 10% 3668 3668 5668 confidence intervals is attributed to random noise Fig. 7.
ADF Stationary Yes Yes Yes . . . . .
In time series analysis, partial auto-correlation portrays the
KPSS Statistic 1.240 3.7152 4.4485 . .
association between the current and previous PM, 5 values.
KPSS p-value 0.01 0.01 0.01 . . . LT
This presumption serves as the basis for creating a linear
KPSS 1% 0.739 0.739 0.739 . . - .
regression model. The hypothesis of the data lacking a unit
KPSS 5% 0.463 0.463 0.463 ST . . .
root, indicating stationarity or the absence of time-dependent
KPSS 10% 0.347 0.347 0.347 . . S
i structure, is rejected by a significant value of less than the
KPSS Stationary Yes Yes Yes defined significance level of 0.05. Consequently, rejecting
250 — PM;;s
200 [ Std
& 150
2 100 ______|
507777
° I I 1 1
o 5000 10000 15000 20000 25000 30000
PMw
400 By
. 300
t
2 200
100
o
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Fig.5 Hourly fluctuations in NO,, PM;, and PM, 5 over time to mean and standard deviation with AQI color code
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Fig.6 Data decomposition,

PM2.5
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specifically from the top 1000
rows of PM, s, with a specified
period of 24
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150
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Fig.7 Autocorrelation and par-
tial autocorrelation of the PM,
to the lags of 100
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the null hypothesis (%,) enables us to deduce that the series
is stationary. The regular seasonal repetition pattern got over
the lag 24 periods.

The current study presents a detailed account of the
experimental procedure for the nRI in a comprehensive
framework. The framework nRI starts with collecting the

Autocorrelation

80

20 .40 Gq . 100
Partial Autocorrelation

20 40 60 80 100

data set from CPCB [22], followed by preprocessing. The
preprocessing phase involves the hectic task of arranging
the data systematically. When the dataset comprises outliers,
the author recommends replacing them using IQR without
replacing NaN. To replace the NaN values, the author uti-
lizes a specific method that generates random values within
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the range of a particular column to the row. This method
effectively fills the gaps within the dataset, which is crucial
in ensuring the data is ready for analysis. The imputed data-
set goes for the training model. The presented experimental
procedure provides a valuable framework for researchers
using the nRI approach in their studies Fig. 8.

Algorithm 1 The proposed Novel Random Imputation
RNN-Bidirectional GRU (nRI RNN-BiGRU) model for
PM, , time series air pollution forecasting

composed of three critical gates: the input, forget, and output.
Each of these gates plays a vital role in regulating the flow
of information within the cell, ensuring that the LSTM can
adeptly manage memory.

The LSTM neural network ([66]) is widely recognized as an
exceedingly complex model for predicting time series, owing
to its sophisticated functionalities, making it one of the most
advanced models currently available in time series forecasting
([67D.

Input Gate (i,):

Require: Feature set X; = {1, %42, .., Tim 1y
Ensure: §,4 (final forecasting of proposed nRI RNN-BiGRU model)

: Do not replace the value if 2;; is NaN (missing value).

if z;; < Lower_bound then
z;; <= Lower_bound
else
x;j < Upper_bound
end if
: end for
10: return x;;

A I

© ®» 3

. Initialization: Check if z;; is an outlier: if (2;; < Lower_bound) or (z;; > Upper_bound)

: for i =1tom do s/ Repeat the above process for each feature x;; in the dataset D

11: R(%) <= {7’1,7”2, [P ,T‘k} // Let R(i) be the set of indices corresponding to the range of columns R for row ¢

12: x; <= RandomSelection(R(i))

13: for i =1 to n do // This process is repeated for each row in the dataset that

14: z¢ < RandomSelection(R(z))
15: end for
16: return x;;

. _ Tij—py .
17: normalized-r;; = —2-= Equation 15

J

18: h/f, = l\rlodels(.rt,ht,l) // Applying models, see equation 16
19: The final measured (&) as &y, = £(Y, ¥, &m) see equation 18
20: For the final forecasting: §,,41 = Z;;l i (k) Yn—jt1 see equ 17
21: return Ypyx

contains missing values

LSTM Model

The LSTM network is a distinguished RNN designed to effec-
tively capture dependencies in sequential data. Its exceptional
capabilities arise from an advanced internal gating mechanism

NRIM

Preprocessing Imputation

Refined Dataset

N\

il = O-(WCI N C[ + Whl N ht—l + bl) (1)
Forget Gate (f}):
LSTM, GRU RMSE, MAE, MAPE

Train Models Evaluate

12-05-2022

PM2.5 PM10

105 243

12:
12-05-2022
Dataset NaN NaN

12-05-2022 NaN NaN

Imputed Datase;
L T T T
[ T T T T

Forecasting Models

| 1

1

T T T T T 1
00
13:00
14:00
12-05-2022

1500 107 232

Fig.8 The experimental procedure for the Novel Random Imputation (nRI) Method is presented in a comprehensive framework
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ﬁ = U(WCf . Cl‘ + th . ht—l + br) (2)
Output Gate (0,):
0o,=c(WC,-C,+WH,-h,_, +b,) 3)

Cell Activation (a,):

a,=f,-a,_, +i,-tanh(WC,-C,+b,) 4)
Hidden State (h,):

h, = a, - tanh(a,) 3)
Output (,):

Y,=WhY -h,+bY (6)

Let us define the following terms: C, represents the input,
h, is the hidden state, Y, is the output, i,, f;, and o, denote
the input gate, forget gate, and output gate at time step ¢
respectively. a, signifies the cell activation also known as
the cell state at time step ¢, WC;, Wh;, WCf, th, wcC,, WC,
are weight matrices for input-to-gate and hidden-to-gate
connections, WhY is the weight matrix for transforming the
hidden state to the output, and b;, b,, b, b,, and bY are bias
vectors for the corresponding gates and output. The sigmoid
function ¢ and the hyperbolic tangent function tanh serve as
element-wise activation functions applied to the gates and
cell activation, respectively Fig. 9.

The input gate controls the amount of new information
added to the cell state by applying a sigmoid activation to
select important features and a tanh activation to produce
potential values for storage. The forget gate selectively
removes outdated or irrelevant information from the cell

state through a sigmoid function, ensuring only essential
past information is retained. The output gate controls the
information propagated to the next hidden state and final
output, using a sigmoid function to regulate the output flow
and a tanh function to scale the updated cell state. The flow
of data through these gates and the role of each component
in managing memory. A block diagram of the LSTM cell
[68] provides a clear visual representation of this intricate
process, illustrating the smooth flow of data through the
gates and highlighting the essential functions of each com-
ponent. This sophisticated mechanism empowers the LSTM
to identify complex patterns in time-series data, enabling
it to retain pertinent historical information while skillfully
discarding irrelevant parts of the sequence. Consequently,
the LSTM is an invaluable tool in various fields that require
deep learning from sequential data, establishing itself as a
crucial technology for addressing real-world challenges.

Gated Recurrent Unit

The GRU represents a form of RNN architecture that confronts
certain constraints observed in conventional RNNs, such as
the vanishing gradient issue. It is frequently applied in tasks
related to NLP and other challenges involving sequential data
[69]. Training the GRU model involves utilizing backpropaga-
tion through time and optimization techniques such as Adam,
RMSprop, or SGD [70]. The popularity of GRU models has
increased due to their capacity to capture extended dependen-
cies and mitigate the vanishing gradient problem, rendering
them advantageous for various applications [71].

The GRU is a sophisticated neural network architecture
[72] that captures dependencies in sequential data while

Y(t)
A
Forget Gate \
c(t1 ) c(t)
Ll I/P Gate >
O/P Gate »h(t)
h(t1)

X(t)

Fig. 9 Block diagram of the LSTM cell of the input gate, forget gate, and output gate
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maintaining impressive computational efficiency. Unlike
LSTM networks, GRUs skilfully combine the hidden and cell
states into a single vector, significantly reducing the number
of parameters and accelerating the training process.

The equations for updating the GRU hidden state are as
follows: Calculate the update gate:

z=0c(W, - [h_y,x,]D) (N
Calculate the reset gate:

r,=0cW,-[h,_y,x]) 8)
Calculate the hidden state:

h, = tanh(W), - [r, ® h,_y,x,]) ©)
Update the hidden state:

ht=(1—z,)®h,_1+zz®i~l, (10)

In the context provided: /, denotes the concealed state dur-
ing time step ¢, x, stands for the input received at time step
t, z, refers to the gate responsible for updates, r, represents
either the reset gate or the forget gate, /, is the candidate
concealed state, W,, W,, and W), are the matrices of weights
associated with the respective transformations, o symbol-
izes the sigmoid function, and © signifies the element-wise
multiplication Fig. 10.

Two key components are central to the GRU’s function-
ality: the reset and update gates. The reset gate effectively
governs how much past information is discarded by modu-
lating the influence of the previous hidden state, enabling
the model to capture short-term dependencies when neces-
sary. Conversely, the update gate determines the balance
between retaining the last hidden state and incorporating
new information, allowing GRUs to preserve long-term
dependencies while avoiding redundant computations.

Fig. 10 Block diagram of GRU

Convolutional Neural Networks (CNN)

The CNNs are deep NN designed for visual data process-
ing [73]. CNNs use convolutional, pooling, and fully con-
nected layers with learnable parameters. Convolutional
layers apply filters to capture spatial hierarchies and local
patterns in grid-like data. Pooling layers reduce dimen-
sions and improve efficiency. Fully connected layers con-
nect neurons to make predictions based on learned features
[74]. CNNs use non-linear activation functions like ReLU
to introduce complexity. IDCNNs are specialized archi-
tectures within CNNs for one-dimensional sequential data.
1DCNNS s are effective in tasks like time series analysis.
They leverage convolutional layers to extract local pat-
terns and temporal dependencies. Pooling and fully con-
nected layers are used for downsampling and prediction
[75]. They capture meaningful features in the order and
temporal relationships of data points. IDCNNs are valu-
able for understanding and predicting underlying patterns
in sequential data.

Recurrent Neural Networks (RNN)

RNN are types of ANN tailored to process sequential data.
They implement a feedback loop that allows for retaining
information between time steps.In RNNs, each node main-
tains a hidden state that is a memory of past inputs, enabling
the model to understand interdependencies and connections
within sequential data [76]. This memory mechanism makes
RNNs well-suited for tasks such as NLP, time series predic-
tion, and speech recognition, where understanding context
and temporal interdependencies is crucial [77]. However,
traditional RNNs face challenges in capturing long-term
interdependencies due to vanishing or exploding gradients.
Despite these limitations, modifications such as LSTM
and GRU have been developed to address these issues and

t
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simple_mn_input | input: | [(None, 6, 3)]

InputLayer output: | [(None, 6, 3)]
simple_mn | input: (None, 6, 3)
SimpleRNN | output: | (None, 6, 120)

dropout | iput: | (None, 6, 120)
Dropout | output: | (None, 6, 120)
bidirectional(giu) input: | (None, 6, 120)

Bidirectional(GRU) (None, 6, 200)

output:

dropout_1 | input: | (None, 6, 200)

Dropout | output: | (None, 6, 200)
flatten | input: | (None, 6, 200)
Flatten | output: (None, 1200)

dense | input: | (None, 1200)
Dense | output: (None, 1)

Fig. 11 Structure of proposed RNN-BiGRU model flow execution
sequences

enhance the ability of RNNs to model complex temporal
patterns in various domains.

Proposed (nRI RNN-BiGRU) Model

The suggested hybrid model Fig. 11 implements sequential
layers, first a SimpleRNN for short temporal dependencies
in the data, followed by dropout to prevent overfitting. Next,
a Bidirectional GRU is added, improving both the model’s
forward and backward temporal dependency capture capac-
ity. Then, again, a dropout is used for regularization. The
BiGRU output is flattened to convert the 3D output to a
2D tensor. The flattened output is provided as input to a
dense layer, which serves as the final layer for prediction
This architecture aims to leverage the strengths of both
SimpleRNN and BiGRU to model complex temporal rela-
tionships in the input data, incorporating dropout layers to
enhance generalization and prevent overfitting. The model
plot depicts the flow of information through these layers,

highlighting the sequential arrangement of SimpleRNN,
dropout, bidirectional-GRU, dropout, and finally, the flat-
tened and dense layers.

This advanced DL model is designed for TS forecasting
of air quality, specifically focusing on PM, s, PM,,, and NO,
concentrations. With an input shape of (6, 3), it analyzes
sequences of 6-time steps, each containing these three key
pollutant values. The model features a SimpleRNN layer
with 120 units to capture sequential dependencies and iden-
tify patterns over time, complemented by a dropout layer
that reduces overfitting and enhances generalization. A bidi-
rectional GRU layer with 200 units further strengthens the
model by leveraging both past and future sequences, effec-
tively handling fluctuations in pollution levels. Another
dropout layer increases robustness by reducing reliance on
specific neurons. The output from the GRU layer is flattened
into a 1200-dimensional vector, which is then processed by
a dense layer with a single neuron to generate the predicted
concentration of a target pollutant, be it PM, 5, PM;,, or
NO,. This robust architecture is well-equipped for accurate
air quality forecasting, enabling reliable predictions based
on historical data.

The RNN-BiGRU model, as shown in flowchart Fig. 12,
is a DL approach aimed at forecasting air pollution, specifi-
cally focusing on concentrations of PM, 5, PM,,, and NO,.
The process begins with data preprocessing, where outli-
ers are handled using the Min and Max values method, and
missing values are imputed using a novel random imputation
method based on the IQR to ensure data consistency. After
preprocessing, the dataset is split into 70:15:15 train tests
and validated to optimize model learning and generalization.
The RNN-BiGRU model consists of an RNN layer to capture
sequential dependencies, followed by a BiGRU layer, which
enhances prediction accuracy by learning from past and
future contexts. Dropout layers are added to prevent overfit-
ting, and a final dense layer produces the predicted pollutant
concentration. The model undergoes hyperparameter tuning
to optimize its performance, ensuring minimal validation
loss. Once the proposed model is trained, it is used to pre-
dict test data and forecast air pollution levels in one year.
Model performance is evaluated using standard error met-
rics, including RMSE, MAE, MSE, and MAPE, ensuring
reliable and accurate air quality predictions. Through this
structured approach, the proposed nRI RNN-BiGRU model
is an effective tool for forecasting air pollution.

Methodology

The methodological framework is employed to evaluate
and compare the performance of the proposed nRI RNN-
BiGRU model against conventional deep learning models
and traditional imputation techniques for forecasting PM, s
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Fig. 12 The overall workflow
of proposed Novel Random
Imputation Recurrent Neural
Networks-Bidirectional GRU
(nRI RNN-BiGRU) model
architecture

concentrations. The methodology encompasses data pre-
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processing, missing data imputation strategies, model archi-

tecture design, training procedures, and performance evalua-
tion metrics. By systematically implementing and assessing
these components, the study aims to provide a robust com-
parative analysis of the predictive accuracy and reliability

of the proposed hybrid model in the context of air pollution

time-series forecasting.
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The Handling Missing Values Using Range
of Columns and Random Replacement

Handling single or consecutive missing values using a range of
columns and random replacement involves filling the missing
values in a dataset when there are successive occurrences of
missing data points along a row. This method aims to main-
tain the overall distribution of the data while imputing missing
values with feasible estimates from the existing data. Let’s a
dataset D with m rows and n columns, Given a row i in the
dataset D:

D) = {x, x5, ..., X, } (1

Identify the consecutive missing values in row i: Let us say
we have a range of consecutive missing values starting at
index j and ending at index k. Define the range of columns
R. Let us say R is the set of columns that will be used to
replace the missing values. Randomly select a value from
the range of columns R for each missing value in the range
(j to k).

R@) = {r|,ry, .., 1} (12)

Then, for each index ¢ in the range (j to k), replace the miss-
ing value x, with a randomly selected value from R(i):

x, = RandomSelection(R(i)) (13)

The RandomSelection function randomly selects an index r,
from R(i) and assigns the corresponding value to x;:

RandomSelection(R(i)) = X, (14)
Each row with consecutive missing values goes through this
process until all consecutive missing values are imputed
with random values drawn from the chosen range of col-
umns. It should be noted that this process is performed with
the intention to preserve the original data distribution and
variability while imputing missing values.

Normalization Using Mean and Standard Deviation

Normalization is employed to transform values of various
features to a comparable range to facilitate easier learning
for the model. For a given column of features x;; of dataset
D. Compute the mean ( y; ) and standard deviation ( o;) for
that attribute for all data points. Scale the attribute values by
subtracting the mean and dividing by the standard deviation:

Xij = Hj

0j

normalized_xl-i =

as)

Applying Models

In this section, we have applied all traditional deep learning
models and proposed a model to determine the best forecast-
ing accuracy. The author utilized BiLSTM, 1DCNN, GRU,
LSTM, RNN, and the proposed model. When a sequence of
input data x, at time ¢ is provided, a model processes the data
and delivers an output y, at every time step. All models can
be formulated as:

h, = Models(x,, k,_;)

Yo =W, Xh +b, (16)

In this context, i, represents the hidden state at time ¢, while
h,_, is the hidden state at the previous time step  — 1 (which
is initially set to 0). Additionally, W, signifies the weight
for the output layer, and b, denotes the corresponding bias.

The execution of the research experiment, which involved
the proposed model as well as traditional deep learning mod-
els, was carried out to compare the validation loss as depicted
in Fig. 13b and to showcase the training loss as Fig. 13a using
the same dataset. During the experiment, the approach of early
stopping was employed.

Fig. 13 Training and validation Train Loss Validation Loss
Loss comparison for all DL and 1.4 1o
p ! : —— PM2.5_BiLSTM —— PM25_BiLSTM
proposed (nRI RNN-BiGRU) PM2.5_CNN 091 PM25_CNN
model over PM, s 1.21 —— PM2.5_GRU 0.8 —— PM25_GRU
—— PM2.5_LSTM ' —— PM25_LSTM
1.01 —— PM2.5_RNN 0.7 —— PM25_RNN
o —— PM2.5_PROPOSED | . —— PM25_PROPOSED
o o
£ 0.8+ E
w w
0.6 1
0.4 1
0.2
0 20 40 60 80 100 120 0 20 40 60 80 100 120
Epoch Epoch
(a) (b)
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Forecasting

Forecasting PM, s air pollution concentration for the next one
year using the proposed hybrid nRI RNN-BiGRU model.

sk = 2, Pug - a7

j=1

where k is the value of how far into the future we make
predictions, and n is the data points.

E=E0.9.8,) (18)

where &, are Error measures like RMSE, MAE, MSE, and
MAPE shown in the below equations. For whole algorithm
Algorithm 1.

Evaluation Metrics - RMSE, MAE, MAPE, and MSE
These are performance measures for regression models. For

a given set of data points with predicted values y,,.4 and true
target values y,,., these measures are as follows:

Results

In this section, we perform three different types of analysis:
first, quantitative analysis; second, predictive pattern and
distribution analysis; and last, non-parametric statistical
Friedman rank analysis.

Quantitative Analysis

In this section, we examine the exceptional quality of the
traditional deep learning models and proposed models in
terms of quantitative analysis. Quantitative analysis uses
many methods to evaluate the model’s performance. Here,
the performance of regression problems in supervised ML/
DL is assessed by the most common parameters like RMSE,
MAE, MAPE, and MSE.

The Table 7 show that the different imputation methods
like mean, median, knn, bfill, iterative, and nRI utilized the
same hybrid RNN-BiGRU model. The comparison motive
is to show the performance of traditional and state-of-the-art
imputation methods over the nRI method. All the imputation
methods are executed using the proposed model. Let us eval-

RMSE = > Opred = Yirue)? (19)  uate the performance of the different pollutants using vari-
n ous error measures. First, assess the RMSE of the PM, s is
proposed model 27.8792 is close to the mean and knn impu-
3 Vored = Visuel tation 28.653635 and 28.95804 respectively. The RMSE
MAE= ———— (20)  value of the proposed model of PM,, 62.45591 is better than
" all the different imputation methods. The nRI RMSE value
) of nRI of the NO, 13.43642 is close to the mean 11.594148
MSE = Z (ypred = Yirve) @1 and Knn 11.720357. Similarly, all the evaluation metrics are
n presented with the different pollutants, various traditional
imputation methods, and proposed methods.
MAPE < 1 Z Yirue ~ Ypred @ The pfafcente%ge improvement of .th(? proposed method
n Virue over traditional imputation methods is listed in the Table 8.
The minimum percentage improvement of the PM, 5 is
where 7 is the number of holdout data set points. 2.70275% to the mean imputation and a maximum of
Table7 The performance Performance Pollutant Mean Median Knn BFill Iterative Proposed nRI
measures of the selected
pollutant of the proposed (nRI RMSE PM,, 28653635 30.371923 2895804 36.806717 41478477 27.8792
ggﬁﬁ;gfg;g;fg;ﬁ:hi‘i PM,, 7843662  81.29937 6644269 94353455 115.43852 62.45591
over utilizing RMSE, MAE, NO, 11594148 13.042486 11.720357 14.054897 16.636059 13.43642
MSE, and MAPE MAE PM, 5 18.676916 18.92432  17.16686  23.926306 29.678127 15.4859
PM,, 45.781338 46.039013 32.614048 55.25846  77.406494 33.45223
NO, 6.9243765 7.581353  6.888469  8.169521  10.365473 8.11242
MAPE PM, 5 3430566  38.016052 34.678513 56.268333 78.61693  33.92228
PM,, 37.78574  35.277332 35.64626  43.278458 54.641117 34.61006
NO, 16.316359 17.66299  16.291214 17.787493 24.562124 24.78002
MSE PM, 821.03076 922.45374 838.56805 1354.7345 1720.4642 777.25
PM,, 6152.3037 6609.588  4414.6304 8902.574  13326.053 3900.741
NO, 134.42426 170.10645 137.36676 197.54015 276.75848 180.5375

Bold values indicate the best values in row-wise comparison
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32.78635% to the iterative imputation. The minimum per-
centage improvement of the PM,, is 6.00033% to the knn
imputation and a maximum of 45.89682% to the iterative

Table 8 Percentage
improvement of the proposed
(nRI RNN-BiGRU) model over
traditional imputation methods
using RMSE, MAE, MAPE,
and MSE

Table 9 The performance
measures of the selected
pollutant of the proposed (nRI
RNN-BiGRU) model and
traditional DL model over
utilizing RMSE, MAE, MSE,
and MAPE

Table 10 Percentage
improvement of error measures
(RMSE, MAE, MSE, and
MAPE) of all deep learning
models with respect to the
proposed nRI RNN-BiGRU
model

imputation. The minimum percentage improvement of the
NO, is —15.88967% to the mean imputation and a maximum
of 19.23315% to the iterative imputation. Similarly, all the

Performance  Pollutant  Mean Median Knn BFill Iterative
RMSE PM, 2.70275% 8.20733% 3.72553% 24.25513% 32.78635%
PM,, 20.37404% 23.17787% 6.00033% 33.80644% 45.89682%
NO, —15.88967 %  —3.02039% —14.64173%  4.40044% 19.23315%
MAE PM, 5 17.08535% 18.16932% 9.79189% 35.27668% 47.82049%
PM,, 26.93042% 27.33938% —2.57% 39.46225% 56.78369%
NO, —17.15741% —7.00491% —17.76811%  0.69895% 21.73613%
MAPE PM, 5 1.11754% 10.76854% 2.1807% 39.71337% 56.85118%
PM,, 8.40444% 1.8915% 2.9069% 20.02936% 36.65931%
NO, —51.87224% —40.29346%  —52.10665%  —39.31148% —0.88712%
MSE PM, 5.33241% 15.74103% 7.31223% 42.62713% 54.82324%
PM,, 36.59707% 40.9836% 11.6406% 56.18412% 70.72846%
NO, —34.30425% —6.13207% —31.42736%  8.60719% 34.76713%
Performance  Pollutant BiLSTM  CNN GRU LSTM RNN Propose Model
RMSE PM, 5 28.23212  30.54977 29.98149 30.80853  30.182 27.8792
PM,, 63.76258 66.94911 66.1777 66.59895 68.49067 62.45591
NO, 13.37954  13.51931 13.49975 13.30626 13.67537 13.43642
MAE PM, 5 15.84844  18.08 17.55021 18.39063 17.71249 154859
PM,, 34.8042 39.72214  38.86511 39.51507 41.82497 33.45223
NO, 8.155633  7.954244 8.186363  8.059553  8.280523 8.11242
MAPE PM, 5 35.35049  37.3265 35.02912 35.88219 34.67222  33.92228
PM,, 33.24964 34.01362 35.64626 36.80132 35.95924 34.61006
NO, 25.17832 2553941 2535529 2539112 24.8798 24.78002
MSE PM, 797.0527 933.2886 898.8895 949.1653 910.9533  777.25
PM,, 4065.667 4482.183  4379.488 443542 4690.972  3900.741
NO, 179.0121 182.7717 182.2433  177.0566  187.0157 180.5375
Bold values indicate the best values in row-wise comparison
Performance Pollutant BiLSTM CNN GRU LSTM RNN
RMSE PM, 5 1.265875% 9.579068% 7.540678% 10.5072% 8.259909%
PM,, 2.092148% 7.194195% 5.959074% 6.633537% 9.662432%
NO, —0.42335 0.616853% 0.471316% —0.96873 1.778338%
MAE PM, 5 2.341065 % 16.75134% 13.3302% 18.75723% 14.37818%
PM,, 4.041503% 18.74288% 16.18091% 18.12387% 25.02894%
NO, 0.532677 % —1.9498 0.911479 % —0.65168 2.072168%
MAPE PM, 5 4.210266% 10.03538 % 3.262877% 5.777661% 2.210757%
PM,, —3.93072 —1.72334 2.993903% 6.331268% 3.898218%
NO, 1.607335% 3.064501% 2.321475% 2.466095% 0.402643%
MSE PM, 5 2.54779% 20.07573% 15.64998% 22.1184% 17.20209%
PM,, 4.228074% 14.90595 % 12.27325% 13.70713% 20.2585%
NO, —0.8449 1.237522% 0.944851% —1.92807 3.588302%
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performance of the evaluation percentage matrics are pre-
sented with different pollutants compared to various tradi-
tional imputation methods. The table analysis shows that the
performance of NO, is not much better than that of some of
the imputations like mean, median, and known because the
number of missing information values is much lower.

Table 9 presents a comprehensive comparison of per-
formance measures for selected air pollutants between
the proposed model and traditional deep learning models.
The evaluation metrics utilized for each pollutant and the
proposed model demonstrate competitive or superior per-
formance across multiple metrics. The proposed model
exhibits the lowest RMSE for PM, 5 at 27.8792, while the
BiLSTM model has the lowest RMSE among all tradi-
tional models. The RMSE values for PM,, and NO, are
noted as 62.45591 and 13.43642, respectively. In terms
of MAE, the proposed model achieves the lowest value
of 15.4859 for PM, 5, while the PM,, value is 33.45223.
However, the CNN model performs better with a value
of 7.954244 for NO,. Additionally, the proposed model
exhibits the lowest MAPE for NO, and PM, 5 and the low-
est MSE for PM,,. These results suggest the effectiveness
of the proposed hybrid model in predicting air pollutant
concentrations compared to traditional DL models, making
it a promising approach for air quality forecasting.

Table 10 presents an in-depth examination of the per-
centage enhancement or decline in performance measure-
ments for different deep learning models about the suggested
model across various air pollutants, such as NO,, PM;, and
PM, 5. The assessment criteria include the RMSE, MAE,
MAPE, and MSE. The table highlights the relative efficacy
of all traditional deep learning models compared to the
proposed model, where positive percentage values indicate
improvement and negative values indicate decline. Notably,

the proposed model consistently demonstrates superiority
or competitive performance across all pollutants and met-
rics, thereby highlighting its effectiveness in predicting air
quality compared to conventional deep learning models. The
outcomes underscore the potential of the suggested model in
accurately and reliably forecasting pollutant concentration.

Predictive Pattern and Distribution Analysis

Here, we have performed the predictive pattern and distribu-
tive analysis of the actual test values and predicted values
of PM, 5. The predictive pattern analysis plots multiple lines
over the same period. The distributive correlation analysis
works with actual and predicted values without the time
innovation. The scattered plots are shown in the x-axis and
y-axis terms. We can plot the actual vs. predicted values on
that axis.

The current study examines the regression line using a
45-degree angle. In the overlaid scatterplots of PM, 5 Fig. 14
is appropriately labeled to show the overall trend between
actual and predicted PM, 5. The R? scores of BILSTM, CNN,
GRU, LSTM, and RNN are 0.462, 0.276, 0.288, 0.25, and
0.304 respectively. The R? score of the proposed (nRI RNN-
BiGRU) model is 0.506, which is better than all traditional
DL models. The analysis indicates that the proposed model
achieves the highest R? score of 0.506, confirming its effec-
tiveness in predicting PM, 5 levels.

The analysis findings indicate that the values predicted
PM, ; by the test are highly approximate to the actual values
throughout the 01-07-2023 00:00 to 24-07-2023 23:00 test
prediction range. The conclusion drawn from the analysis
suggests that the model performed with a high degree of
accuracy, particularly in the upper regions, can be considered

BILSTM:
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Fig. 15 Actual vs. predicted
proposed (nRI RNN-BiGRU)
model and traditional DL
models for line plot over PM, s
test data

Fig. 16 One-year PM, 5
forecasting for proposed (nRI
RNN-BiGRU) model to a range
of very unhealthy polluted with
weakly boxplot median connect-
ing line

Fig. 17 The Deep Learning
models and proposed (nRI
RNN-BiGRU) model were
evaluated using the Friedman
Ranking non-parametric statisti-
cal test methodologies for all
selected pollutants
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satisfactory. This is indicative of the model’s robustness and
reliability in predicting values Fig. 15.

The Fig. 16 illustrates the one-year PM, 5 forecasting
using the proposed (nRI RNN-BiGRU) model for a range
of moderately polluted conditions, presented in a boxplot
format with a connecting line indicating the median. The
y-axis represents the PM, s concentration, while the x-axis
denotes the hourly time duration 25-07-2023 00:00 to 24-06-
2024 00:00 over the weakly one-year forecasting period.
The boxplot visually represents the distribution of PM, 5
concentrations, highlighting the interquartile range and the
median as a central tendency measure. The connecting line
facilitates tracking the median values over time. The figure
offers insights into the variability and trend of PM, 5 con-
centrations, aiding in assessing the model’s performance in
forecasting air quality under moderately polluted conditions
throughout the specified timeframe. The importance of mon-
itoring and mitigating this harmful air pollutant.

Non-Parametric Statistical Friedman Rank Analysis

The 3D bar plot in Fig. 17 exhibits the outcomes of the
assessment of diverse deep learning architectures, in addi-
tion to the suggested model, utilizing the Friedman Ranking
non-parametric statistical test methodologies for PM, .

The evaluated architectures consist of traditional deep
learning models, with their performance ranked based on
four distinct measurements: RMSE, MAE, MAPE, and
MSE. The lower the ranking values for these measurements,
the more superior the predictive performance of the archi-
tecture. The suggested architecture, RNN-BiGRU, surpasses
the other architectures in all measurements, attaining the
lowest rankings in RMSE, MAE, MAPE, and MSE. The
rankings for each architecture are presented for effortless
comparison, with the proposed (nRI RNN-BiGRU) model
architecture consistently demonstrating exceptional perfor-
mance in forecasting pollutant levels.

Conclusion

Air pollution is a serious problem for the environment and
public health worldwide. Forecasting accurate air pollution
is very crucial. Handling missing values in massive time
series data for forecasting is incredibly cumbersome. This
is because removing NaN from the dataset would result
in the disappearance of the date/time pattern. A proposed
model called Novel Random Imputation Recurrent Neural
Networks-Bidirectional Gated Recurrent Unit (nRI RNN-
BiGRU) was utilized to address the issue of absent data in
air quality datasets. This model effectively captures the tem-
poral dependencies of air pollution, specifically focusing on

SN Computer Science
A SPRINGER NATURE journal

continuous Missing Completely At Random (MCAR) data
and forecasting PM, 5. The authors used two distinct meth-
ods to address MCAR: general outliers were imputed using
the Interquartile Range (IQR) method. At the same time,
NaN values were replaced with random values drawn from
the same feature distribution. Therefore, a stable and practi-
cal model is essential to prevent humans from experiencing
the adverse health effects of PM, 5 pollution. This study pro-
posed the (nRI RNN-BiGRU) model for predicting and fore-
casting PM, 5 concentration in Lucknow. The experimental
results indicate that the proposed (nRI RNN-BiGRU) model
yields the best Friedman ranking over various deep learn-
ing models. In conclusion, the nRI RNN-BiGRU method
can effectively predict and forecast PM, 5 concentration, and
including PM,, and NO, data in model training can improve
prediction accuracy. Non-parametric statistical tests, includ-
ing Friedman ranking and Holm’s post hoc procedure,
were applied to rigorously assess and rank the performance
of all deep learning models. The proposed nRI RNN-
BiGRU ranked first with statistical significance p-value <
0.05, validating its general superiority across multiple pol-
lutants and metrics. The one-year forecast reveals that the
median PM, s levels are expected to remain between 165
and 185 Apg/mf‘é, categorizing air quality as “Very Poor”.
This suggests a serious risk to public health, with adverse
effects expected for the entire population, not just sensitive
groups. Fine particulates PM, 5 may enhance the likelihood
of health issues, such as respiratory infections, asthma, and
heart disease, which can help devise effective strategies for
environmental protection and public health.
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