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d approach to PM2.5 estimation
and air quality assessment using statistical and
deep learning models

Sehrish Khan,a Maqbool Ahmad,b Bahadar Zeb,c Shahla Nazneen,a Beenish Ali,d

Mubarak Ahmad,e Khan Alam*f and Allah Ditta *g

In Pakistan, Peshawar City is persistently experiencing high concentrations of fine particulate matter (PM2.5),

frequently surpassing national as well as international air quality standards. For this purpose, the present study

aims to enhance the accuracy of PM2.5 estimation at the city scale through a data-driven and interdisciplinary

modeling framework. To achieve this, a series of predictors, such as air pollutants (nitrogen dioxide (NO2) and

sulphur dioxide (SO2)), meteorological conditions (temperature, wind speed, humidity), and satellite-based

aerosol optical depth (AOD), were used to construct a multiple linear regression (MLR) model. Similarly, the

Long Short-Term Memory (LSTM) and Convolutional Neural Network (CNN) were modeled to estimate PM2.5

using historical ground-level PM2.5 data in the year 2021, leveraging their capabilities to model temporal

trends. The results revealed that estimated PM2.5 levels using the CNN model were almost in the same range

as the available measured concentrations, whereas MLR and LSTM models showed some variations against

measured values. The insights about their comparative analysis showed that the CNN model could achieve

better estimation than MLR and LSTM models. The CNN model achieved a root mean square error (RMSE) of

34.89 mg m−3 and coefficient of determination (R2) of 0.79, indicating higher estimation accuracy. Both the

LSTM (R2 = 0.74 and RMSE = 51.93 mg m−3) and MLR (R2 = 0.46 and RMSE = 44.35 mg m−3) models

underperformed. Based on the air quality index (AQI), the study region has experienced extremely unhealthy

and healthy conditions, which may lead to the formation of visible haze and ultimately to the particulate

component of smog. Generally, this study highlights the superior performance of deep learning approaches

for urban air quality assessment. In conclusion, this study breaks new ground by applying and integrating

MLR, CNN, and LSTM models in the study region. It will help in opening a promising direction for city-specific

air quality modeling in any regional or local urban environment.
Environmental signicance

The relevance of temporal correlations in air pollution data and DNN is still poorly understood, despite notable advancements in air quality prediction. The
present study estimated PM2.5 concentrations in an urban environment in Peshawar using MLR, two machine learning architectures of CNN, and LSTM. To
portray a more pertinent and optimistic current scenario, this study concentrates on the estimation and level of precision of PM2.5 concentration in 2021.
Furthermore, it provides information on how many dependent parameters affect PM2.5 concentration. By comparing several deep learning algorithms, it adopts
a novel approach to better accurately estimate PM2.5 concentrations. The results would enhance model interpretation and open a promising direction for city-
specic air quality modeling in any regional or local urban environment.
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1 Introduction

The persistent contribution of harmful air pollutants has
almost transformed the atmosphere into a global health crisis
worldwide.1–3 The spatiotemporal properties of these pollut-
ants depend on air pollution. However, different meteorolog-
ical conditions make it different from place to place.
Particulate matter (PM) and trace gases are signicant
contributors to air pollution. They exist as an aggregate of
solid and liquid particles. Furthermore, they exhibit hetero-
geneous sizes and morphologies suspended in the lower
Environ. Sci.: Adv.
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atmosphere, arriving from different sources.2,4,5 PM2.5, or ne
particles having an aerodynamic diameter of 2.5 mm, can enter
the respiratory system deeply and cause adsorption.6,7 It
reduces visibility and causes hazy conditions in the lower
atmosphere when its levels are elevated. According to recent
research, particulate matter is one of the main air contami-
nants. Numerous factors, including industries, agriculture,
urban growth, transportation networks, and rising infra-
structure, contribute considerably to air pollution in the urban
areas. Predicting air pollution in places without monitoring
stations is crucial for the creation and application of preven-
tative measures, in addition to measuring sites that facilitate
air quality monitoring.8,9

The statistical methods do not account for the physical and
chemical mechanisms of pollutants. There remains a strong
relationship between meteorological variables and historical
input data to estimate future concentrations.2,10 They are mostly
employed for analytical purposes, and as such, their ability to
adequately represent the nonlinear dynamics in large datasets
is restricted.11 Rising PM2.5 levels are signicantly correlated
with an increased mortality rate.12–14 This makes it important to
estimate air pollution concentrations to investigate an appro-
priate response. A signicant number of uncertainties still exist
and confront the problems of confounding variables and esti-
mates. Uncertainties arise from the existence of confounding
variables and unreliable estimates of ne exposures in a large
urban environment.15 To date, several investigations about the
health impacts of long-term exposure have signicantly relied
on comparative assessments across different cities, limited by
a small number of monitoring stations in the same premises.
Still, these comparisons are subject to misclassication and
estimations of exposures.

Deep learning has recently gained widespread recognition as
a method that goes beyond the traditional boundaries of
prediction by enabling the general-purpose extraction of
complicated knowledge from large data.16 Zheng et al.17 pre-
dicted the concentration of PM10 and nitrogen dioxide (NO2)
using the spatial characteristics of highways, factories, and
parks. Ahmad et al.11 estimated PM2.5 concentration using an
aerosol optical depth (AOD) and the normalized difference
vegetation index (NDVI) as independent parameters using an
articial neural network (ANN) and a multiple linear regression
(MLR) model.

Zohreh and Jamshid18 used a different neural network with
meteorological data to forecast PM2.5 concentrations. Feng
et al.19 forecasted the next 24-hour PM2.5 concentrations of air
pollutants in Hangzhou, China, using both random forest (RF)
and recurrent neural network (RNN). Although statistical
methods can estimate PM2.5 concentrations, machine-learning
techniques tend to yield estimates that are more accurate.
Additionally, by using different models, the estimation results
may vary per study area. Comparing the accuracy of several
machine learning methods for PM2.5 estimation is therefore of
great importance. It is crucial to acknowledge that, despite the
publication of various machine-learning frameworks for esti-
mating variant air pollutants, few of the models currently in use
Environ. Sci.: Adv.
in air pollution research have been assessed in the intricate
environments of emerging nations.

PM2.5 concentration levels and emission patterns are much
higher in nations like Pakistan. Despite existing advanced
techniques of air quality assessment, the impacts and signi-
cance of correlations in air pollution data and deep neural
networks (DNNs) are rarely known. Similarly, Pakistani mega-
cities have not investigated the use of DNNs for this purpose.
The purpose of this study is to estimate PM2.5 concentrations in
an urban environment of Peshawar City using three different
methods: multiple linear regression (MLR), two machine
learning architectures of convolution neural network (CNN),
and long-short term memory (LSTM). To portray a more perti-
nent and optimistic scenario in terms of the current situation,
the present study concentrates on the estimation and level of
precision of PM2.5 concentration in 2021. By acquiring the
model validation values, the accuracy levels of selected models
were compared. Furthermore, it differs from earlier research in
that it provides information on how many dependent parame-
ters, such as AOD, wind speed (WS), humidity, temperature
(temp.), sulfur dioxide (SO2), and NO2, affect PM2.5 concentra-
tion. By comparing several deep learning algorithms (MLR,
CNN, and LSTM), this study adopts a novel approach to accu-
rately estimate PM2.5 concentrations in the study region. The
results would preserve model quality while enhancing model
interpretation. The results will open a promising direction for
city-specic air quality modeling in any regional or local urban
environment.

2 Experimental
2.1 Study area

The capital of Pakistan's Khyber Pakhtunkhwa (KPK) province,
Peshawar, is one of the nation's largest cities. Due to its
geographical location, industrial activities, and increasing
vehicular emissions, Peshawar faces signicant air quality
challenges, particularly concerning the concentrations of
PM2.5.4,8 Therefore, this region has been selected to estimate
and predict the time series variation of PM2.5 and its effects on
different meteorological parameters and air pollutants. The
geographic location of the study region was visualized in Arc-
Map 10.5, as illustrated in Fig. 1. The study area includes
Peshawar's urban and peri-urban areas, with an emphasis on
areas with heavy traffic and population density. Being one of the
hottest places in Pakistan, Peshawar experiences hot summers,
mild winters, and a monsoon season (from July to September),
which can inuence PM2.5 levels.20,21 The main reason for the
accumulation of air pollutants in the study region is anthro-
pogenic sources.4,8 The major anthropogenic sources in the
study region comprise vehicle emissions, brick kiln emissions,
industrial activities, construction dust, biomass burning, and
fossil fuel combustion, as well as natural sources of dust
storms. Fig. 2 illustrates the detailed daily averaged values of
selected air pollutants in this study across the study region.
They also extend their role in the validation of various numer-
ical models and approaches to improve the accuracy of output
estimation.
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 1 The geographic location of Peshawar City. The closed red circle
depicts the monitoring site for PM2.5 and meteorological datasets.
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2.2 Ground-based PM2.5 measurement

The US Consulate in Peshawar's air quality monitoring network
provided hourly and daily average PM2.5 concentrations
between January 2021 and December 2021.

To estimate dynamic and real-time PM2.5 levels, the NowCast
method was applied. This method requires at least 8 out of the
previous 12 hourly valid readings to produce a reliable
concentration value.22 Furthermore, it enables the calculation of
<24-hour average concentrations and supports the short-term
assessment of air quality standards. Based on these levels, the
NowCast-based PM2.5 values are grouped into corresponding air
quality index (AQI) categories. The necessary information can
be obtained from the website https://www.airnow.gov. The
meteorological data of humidity, temperature, and wind
speed were obtained from the Pakistan Meteorological
Department (PMD). Fig. 2 displays the temperature, humidity,
NO2, SO2, PM2.5, AOD, and AOD time series uctuations for
the year 2021.
2.3 Moderate resolution imaging spectroradiometer

A key component of contemporary Earth observation is the
Moderate Resolution Imaging Spectroradiometer (MODIS)
sensor, which is located on board the Terra and Aqua satellite
platforms. It offers round-the-clock, worldwide monitoring of
atmospheric and terrestrial conditions in 36 spectral bands,
from the thermal infrared (14.23 mm) to the visible (0.41 mm).
According to Ali et al.20 and Hsu et al.,23 the sensor records data
at three different spatial resolutions: 250 m (2 channels), 500 m
(5 channels), and 1 km (29 channels) at nadir. MODIS provides
priceless spatiotemporal data for examining dynamic environ-
mental processes, with a temporal revisit cycle of 1–2 days.24 In
accordance with recent research approaches, this work uses the
worldwide application of MODIS data products to average the
spatial heterogeneity of aerosol optical depth (AOD) concen-
trations and related uncertainties.25,26 The daily averaged AOD
© 2026 The Author(s). Published by the Royal Society of Chemistry
for 2021 was obtained from MODIS Terra by combining two
well-known algorithms.

The Dark Target (DT) algorithm is best suited for use over
dark areas with surface reectance around 0.15, such as those
found on land and in water. The Deep Blue (DB) method
provided high accuracy in AOD retrievals over land, which
reduces the impact of albedo over bright surfaces while omit-
ting regions covered by snow or dust.20

All obtained datasets were subjected to thorough pre-
processing and quality screening in MATLAB and Python,
utilizing a multi-platform methodology. Publicly available
MODIS data utilized in this analysis can be obtained at NASA's
Earth data portal at https://www.earthdata.nasa.gov.
2.4 Ozone monitoring instrument

A satellite-borne device called the Ozone Monitoring Instru-
ment (OMI) was created to track several atmospheric variables,
including ozone.8,24 It is on board the Aura satellite of the
National Aeronautics and Space Administration (NASA) and is
an essential component of the Earth Observing System (EOS).
The launch date of the OMI was July 15, 2004. To research air
quality and climate change, it examines atmospheric aerosols,
including their optical thickness and absorption characteris-
tics.24 In this paper, measurements of atmospheric pollutants of
NO2 and SO2 are retrieved in the form of HDF5 formats with
products like OMNO2d and OMSO2e. The data sets are pre-
processed in ArcMap 10.5, MATLAB, and Python. The required
data can be obtained from https://www.earthdata.nasa.gov.
2.5 Linear regression

The statistical models of MLR can handle large datasets and can
largely remove the uncertainties.27 In this paper, MLR is used to
estimate PM2.5 as an output while MODIS-retrieved AOD, OMI-
retrieved NO2, and SO2, and meteorological parameters of
temperature, wind speed, and humidity are used as input
parameters, see eqn (1). Using the MS Excel, Origin Lab, MAT-
LAB, Python, NumPy, and Pandas libraries, the datasets di-
splayed in this equation are rst cleaned to eliminate
unnecessary values, such as negative values and Not a Number
(NaN).11

PM2.5 = b0 + b1(AOD) + b2(NO2) + b3(temp.) + b4(WS)

+ b5(H) + b6(SO2) (1)

In this equation, b1–7 represent the regression coefficients. The
results obtained from MLR are explored to assess the effects of
inputs on the estimation of PM2.5. The adequacy checking was
employed for the proposed model. It ensures that the model is
statistically sound and reliable for estimation. It consists of
several steps, like checking linearity, independence, homosce-
dasticity, normality of residuals, model tness, and signicance
of estimation results.11 Visually, it can be assessed through the
graphical illustration of standardized residuals against esti-
mated values.27–29
Environ. Sci.: Adv.
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Fig. 2 Time series status of air pollutant variables, (a) PM, (b) humidity, (c) wind speed, (d) temperature, (e) NO2, (f) SO2, and (g) AOD in the study
area for the year 2021.
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2.6 Deep learning

One of machine learning's subclasses is deep learning.10 It
comprises neural networks with multiple (deep) layers. These
networks are useful to learn complex patterns of datasets in
a model.28 Deep learning models can automatically detect features
without manual input. They can execute any task for manual
feature extraction. This property of machine learning makes it
preferable over old and ordinary machine learning algorithms,
which are dependent on handcraed features.10,16 The primary
architectures of Long Short-Term Memory (LSTM) and Convolu-
tional Neural Networks (CNNs) are employed in this work.
Environ. Sci.: Adv.
2.7 Convolutional neural network

The architecture of CNN employs convolutional deep learning
to execute the required key features. The model automatically
learns these features. The model optimally adjusts these
features to obtain the required output.31 A typical CNN model is
a mathematical structure made up of three layers. The con-
volutional layer, the pooling layer, and the fully connected layer
are the three essential parts of the Convolutional Neural
Network (CNN) architecture used in this investigation (Fig. 3).
Hierarchical patterns are automatically extracted from the input
data by the rst convolutional and pooling layers, which oversee
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 3 The schematic of convolutional neural networks.30
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feature engineering and learning. The nal classication or
regression output is then generated by the nal fully connected
layer using these learned features and weighing them.10,32 The
convolutional layer, which carries out two crucial mathematical
operations, lies at the heart of its architecture. It starts by
detecting spatial features using a convolution process. A non-
Fig. 4 The architecture of long short-term memory.31

© 2026 The Author(s). Published by the Royal Society of Chemistry
linear transformation employing a Rectied Linear Unit
(ReLU) activation function quickly follows, adding non-linearity
and boosting the representational capability of the model.33,34

The CNNmodel may effectively extract the spatial features from
inputs (pollutants). This may lead to a high level of accuracy. As
a result, the complexity of convolutional layers is reduced to
Environ. Sci.: Adv.
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a desirable level. It is also used here for time series prediction.
This model will aid in increasing PM2.5 estimation accuracy.
CNN is utilized in this work to extract the time series data's
features based on PM2.5 prediction.35 PM2.5 as an output is
attained by a sliding lter (convolution kernel), or weight
matrix, over a specic portion of PM2.5 as an input. The input
features of the CNN model consist exclusively of PM2.5 values
and do not include AOD, temperature, wind speed, or others. It
contains a sliding window of 24 hours from a univariate PM2.5

time series data. Furthermore, at each point, it is computed as
the dot product between a convolution of input data and
a selected lter. In this way, themodel allows an environment to
learn lters that may further enable it to recognize patterns in
the data input.
2.8 Long- and short-term model

Many researchers have used an RNN model to tackle the prob-
lems of the shrinking and exploding RNN model. It prevents
instability during the training process. For example, Li et al.31

describe three gate structures of the LSTM model. As shown in
Fig. 4, it is intended to include three gate structures: input,
forget, and output. The fourth key element is also called the
memory cell in the LSTMmodel. It is also called the cell state. It
drives an unbroken ow across multiple LSTM blocks. This
connection features minimal linear interactions.19,36 The term xt
acts as the input at the current time of the LSTM model; like-
wise, (ht−1) is the state of the hidden layer at the previous time.
Similarly, (ct−1) is the cell state, which acts as the third input of
a given LSTM block. It is also of great importance to mention
here that each output of a gate is a vector and is of the same size
as the hidden vector (ht). The working mechanisms behind
these features are outlined in the following equations:31

ft = d(wxfxt + whiht−1 + bf) (2)

it = d(wxixt + whiht−1 + bi) (3)

ot = d(wxoxt + whoht−1 + bo) (4)

pc = tanh(wxcxt + whcht−1 + bc) (5)

ct = fict−1 + itpc (6)

ht = ot tanh(ct) (7)

Eqn (2)–(4) describes the forget, input, and output gates,
respectively. In each equation, the sigmoid activation function
(d) is used for non-linearity.

Eqn (5) and (7) are used to derive the potential values in the
memory cell and the hidden state. Likewise, the activation
function is represented by tanh. The values of the hidden state
and the current cell memory (ct) are shown in eqn (6). These
values are computed over element-wise multiplication and are
disclosed outside the block.10,31 It is used against the forget
gate's output instead of the repeated matrix to prevent RNN
issues. This stage of the said model gives LSTM preference over
Environ. Sci.: Adv.
RNN. In this study, the LSTM model is constructed and opti-
mized. The LSTM model also uses univariate input data
comprising PM2.5 values, but in this case, the sequence length is
shorter (5 hours) as compared to the CNN. The LSTM archi-
tecture includes a single layer with 150 units and ReLU activa-
tion. A dense output layer having one unit follows it. The entire
PM2.5 data set is split into a test dataset of 15% and a training
dataset of 85%. Furthermore, the model is made to t all
training datasets. The estimation stage is based on test datasets
at each step of the model. In this study, the model runs for 100
epochs. At the end, the model is evaluated using statistical
measurement parameters, given in eqn (2)–(7). The model is
developed on the Python platform.

2.9 Evaluation of statistical indices

Several statistical indices are used to assess the effectiveness of
the model; some of them are well-known, such as the root mean
square error (RMSE), correlation coefficient (R), and coefficient
of determination (R2). Eqn (8)–(10) provide these indicators.11,37

The model's correctness is evaluated in comparison using the
values of these indices. RMSE calculates the deviation from the
model's estimated values in a variety of performance criteria.11

The model's inuence will be better if these indices have lower
values. On the other hand, R2 shows how much the model's
estimated and observed values differ from one another. Better
model performance is indicated by higher R2 values.37–39 The
overall coefficient of determination is also computed in order to
assess the importance and strength of the estimation of various
models.

RMSE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Pn
i¼1

ðOi � EiÞ2

n

vuuut
(8)

MSE ¼ I

n

Xn

i¼1

ðOi � EiÞ2 (9)

R ¼
P ðx� x

^Þðx� x
^ÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP ðxi � x

^Þ2
q

� ðyi � y
^Þ2

(10)

where Oi, and Ei represent observed and estimated values,
respectively. Similarly, xi and �x represent the value and mean of
the x variable, respectively, in eqn (10). Likewise, yi represents
the value of the y variable, and �y represents the mean value of
the y variable.

2.10 Air quality test

The different temporal values and their associated variations
are used to assign PM2.5 levels in different categories. They are
categorized as Hazardous, Unhealthy, Very Unhealthy,
Unhealthy for Sensitive Groups (USG), Good, and Moderate.
These classications are employed in calculating the air quality
index (AQI), given in eqn (11).8

AQI ¼ IHI � ILO

BPHI � BPLO

ðCP � BPLOÞ þ ILO (11)
© 2026 The Author(s). Published by the Royal Society of Chemistry
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where IHI represents the AQI value in relation to BPHI, ILO
represents the AQI value against BPLO, BPHI represents the
concentration breakpoint ($CP), and CP represents the trun-
cated concentration of a pollutant (P). These datasets are vali-
dated through standard consistency checks. In this study, daily,
monthly, and seasonal temporal variation of PM2.5 levels at
Peshawar City were analyzed to identify the most polluted
episodes.
3 Results and discussion

In this research work, the estimations of PM2.5 concentrations
are performed using atmospheric parameters of AOD, temper-
ature, wind speed, SO2, and NO2 averaged diurnally for the year
2021. In this work, MLR, CNN, and LSTM models were used to
estimate PM2.5. The metrics R, R2, and RMSE were used to
assess the performance of the suggested models. These
measures shed light on how well CNN and LSTM's deep
learning and MLR models work. The study's conclusions
include a thorough comparison of the previously described
Table 1 The statistical results of the multiple linear regression model

Model inputs Notation RMSE R R2

Pollutants MLR 44.35 0.68 0.46
Meteorological
parameters

Fig. 5 Heat map of the selected air pollutant variables.

© 2026 The Author(s). Published by the Royal Society of Chemistry
models. The chosen datasets were divided into 80% for training
and 20% for testing to facilitate machine learning (e.g., CNN
and LSTM). With each particular input variable, the data will be
fed into a variety of models that have been chosen for each
method.
3.1 PM2.5 estimation through MLR

Using the diurnal average values of AOD, temperature, wind
speed, SO2, and NO2 for the year 2021 as input variables, the
MLR model focuses on estimating PM2.5 concentrations. The
MLR model used AOD, trace gases of NO2, SO2, and meteoro-
logical values of temperature, wind speed, and humidity.
Several different MLR models were employed, but the best-t
model with the highest R-value of 0.68 was selected, as given
by eqn (12).

PM2.5 = 193.49 + 15.54(AOD) − 4.21(temp.) − 1.65(WS)

+ 0.08(H) − 267.28(SO2) − 0.00(NO2) (12)

The MLR model's results are shown in Table 1. The ndings
indicate that, of the three models chosen, the MLR model that
used aerosol optical characteristics, trace gases, and meteoro-
logical data as input had the least striking outcomes. With an
RMSE of 44.35 mg m−3, the MLR's inaccuracy was also greater
than that of the other two CNN and LSTMmodels. However, the
MLRmodel performed better than LSTM due to its utilization of
meteorological characteristics as input with a lower error.
Likewise, the values of R and R2 were found to be lower than
those of CNN and LSTM. Additionally, the R value (0.68)
Environ. Sci.: Adv.
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Table 2 Statistical results of MLR analysis

Coefficients p-Value Standard error

Intercept 193.49 0.00 24.37
AOD 15.54 0.28 14.28
Temperature −4.21 0.00 0.67
Wind speed −1.65 0.01 0.58
Humidity 0.08 0.75 0.27
SO2 −267.28 0.04 127.27
NO2 0.00 0.00 0.00
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between estimated and observed values was calculated,
reecting a positive and signicant relationship. The correla-
tion heat map, based on Pearson's correlation, illustrates
different degrees of association between PM2.5 and input vari-
ables, as shown in Fig. 5. The gure shows that PM2.5 has a weak
negative relationship with AOD, but a positive relationship with
humidity and SO2, with coefficient values of−0.14, 0.1, and 0.01
Fig. 6 Time series variation of PM2.5 (a) estimated, (b) observed, (c) correl
(shaded portion of the graph).

Environ. Sci.: Adv.
(p < 0.05), respectively. Likewise, a negative strong and
moderate relationship of PM2.5 with temperature (−0.56, p <
0.05), and wind speed (−0.44, p < 0.05) was observed. The
results in Fig. 5 clearly illustrate that AOD, temperature, and
wind speed are negatively correlated with PM2.5 concentration.
Furthermore, a positive and moderate relationship of 0.49 (with
p < 0.05) between PM2.5 and NO2 can also be observed in the
gure. Apparently, the main affecting factors of PM2.5 are
temperature and NO2. The detailed statistical outcomes of the
MLR model are given in Table 2.

Fig. 6 displays the time series of PM2.5 concentrations during
2021. The combined calculated and observed daily average
PM2.5 values are displayed in Fig. 6(a) and (b), respectively, and
Fig. 6(c) compares them. Likewise, the estimated values and the
corresponding standard deviation values are displayed in
Fig. 6(d). Geography, land use and land cover changes, and local
meteorological conditions may also have an impact on this
uctuation pattern.40 Similar ndings were conrmed by Liu
et al.,41 Zhao et al.,42 Xin et al.,43 and Ahmad et al.11 Similar
ation with observed PM2.5, and (d) estimated PMwith standard deviation

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Table 3 Comparison of the estimation performance of different
machine learning models

Model inputs Notation
Train/test
data split R R2 RMSE

PM2.5 CNN 80–20 0.89 0.79 34.89
PM2.5 LSTM 0.87 0.75 51.93
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approaches were used by Nguyen et al.44 in their investigation to
estimate ground-based PM concentration in Vietnam using the
same regression techniques. They discovered that the concen-
tration of AOD on the ground and satellites had a strong asso-
ciation (R = 0.69). To predict PM2.5 concentrations, satellite
AOD data alone are insufficient.

Therefore, meteorological and trace gas data have proven
their importance in this regard.45 The ndings of MLR conclude
that overall agreement between the measured and the esti-
mated values is reasonable; however, the estimated values
recurrently underestimated the PM2.5 level. Particulate matter is
thought to be one of the major air pollutants with the worst
effects on human health among all of them. According to the
ndings, there is a negative link between weather variables
(temperature and wind speed) and PM2.5 concentrations,
whereas a positive correlation between PM2.5 and SO2 and NO2

indicates that air pollution levels primarily regulate PM2.5

concentrations.13 According to Mirzaei and Zandkarimi,46 this
could indicate that strong wind speeds are capable of restoring
Fig. 7 Comparison of observed and estimated values of PM2.5 using the

© 2026 The Author(s). Published by the Royal Society of Chemistry
air purity and lowering PM2.5 concentrations above lower
atmospheric boundary levels. Furthermore, it is found that the
temperature inversion during winter may contribute promi-
nently due to the restriction of suspended particles in the lower
atmospheric layer.
3.2 PM2.5 estimation and accuracy assessment through CNN
and LSTM

For the comparison of different machine learning models, this
study chooses two neural networks, CNN and LSTM. This study
estimated the daily average PM2.5 concentrations in Peshawar
between January 1st, 2021, and December 31st, 2021, using
temporally aware CNN and LSTM models. Table 3 provides the
estimation performance of various evaluation indicators. The
table makes it evident that CNN performs better than LSTM.
Specically, the projected values of the suggested CNN model
closely resemble the PM2.5 levels that were found in Peshawar.
With the lowest RMSE and highest R2 values, the CNN model
provides the most accurate daily PM2.5 estimations, as seen in
Table 3. This demonstrates that the suggested CNN architecture
has a higher accuracy than the LSTM architecture, indicating
that it is better able to identify changes and patterns throughout
the estimation process. Furthermore, the CNN and LSTM
performance metrics demonstrate that the CNN deep neural
network model's estimation accuracy is superior to that of the
LSTM models. Since the distribution of PM2.5 measuring
stations in Peshawar is not uniform, it shows a spatial trend of
CNN model.

Environ. Sci.: Adv.

http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d5va00383k


Fig. 8 Correlation between estimated and observed values of PM2.5 using the CNN model.

Fig. 9 Comparison of observed and estimated values of PM2.5 using the LSTM model.

Environ. Sci.: Adv. © 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 10 Correlation between estimated and observed values of PM2.5 using the LSTM model.

Table 4 Performance of the MLR, CNN, and LSTM models. The bold
values indicate the best values and statistically significant results

Model R R2 RMSE MSE

MLR 0.68 0.46 44.35 1967.66
CNN 0.89 0.79 34.89 1217.69
LSTM 0.87 0.75 51.93 2696.73
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higher concentration. Peshawar, as an urban area, has a high
population density. The emission sources of PM2.5 and regional
morphology may disturb the model's performance. All these
factors have strongly affected the accuracy of spatial informa-
tion.8,51 Fig. 7 displays the estimated CNN performance,
whereas Fig. 9 displays the LSTM model. Over the whole
research region, the projected values closely match the observed
values. For higher observed values, the higher accuracy of the
model illustrates that it can deal with non-linear data well.
Likewise, it indicates that the model avoids overtting as
Table 5 Distribution of air quality levels (SG stands for sensitive groups)

AQI range Category P

0–50 Good 0
51–100 Moderate 1
101–150 USG 3
151–200 Unhealthy 5
201–300 Very unhealthy 1
301–500 Hazardous $

© 2026 The Author(s). Published by the Royal Society of Chemistry
well.37,47 Furthermore, it demonstrates that the CNN model can
enhance LSTM estimation and execute features more efficiently.
Therefore, we can say that the CNN model has a comparatively
good estimation compared to the LSTM model in Peshawar
City.

In addition, the PM2.5 concentration estimated using the
CNN model illustrates a strong relationship with observed
values of R = 0.89, and R2 = 0.79, as shown in Fig. 8.

The results given in Table 3 reveal that the CNN model
outperformed the others by executing the lowest RMSE of 34.89
mg m−3. The temporal assessment of LSTM reveals that esti-
mated values are similar to the observed values over the whole
study region, as shown in Fig. 10. Furthermore, their correlation
yields an R value of 0.87 and an R2 value of 0.74. These results
show that the signicant agreement between observed and
estimated values is enough for the accuracy of the model, which
illustrates that it can deal better with non-linear data. As shown
in Table 4, the estimation accuracy of the CNN model is higher
29

M2.5 (mg m−3) Health impacts of air quality

–12 Satisfactory
2.1–35.4 Accepted, but little concern for SG
5.5–55.4 Health effects by SG
5.5–150.4 Health effects for everyone
50.5–250.4 Health alerts
250 Emergency conditions

Environ. Sci.: Adv.
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Fig. 11 Daily (a), and monthly (b) air quality status with certain air quality classifications in 2021 for Peshawar City.
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than that of the MLR and LSTM models, according to the
comparison results of a few chosen models. The CNN model
lowers the estimation error and fully accounts for the spatio-
temporal diffusion and correlation of the PM2.5 concentration.
Consequently, it can be said that the CNN model outperforms
MLR and LSTM in terms of estimation accuracy. Furthermore,
the suggested models can be used to assess current air quality
trends based on historical data, making them useful
Environ. Sci.: Adv.
instruments for the study, sustainable planning, and control of
air pollution and related air quality. However, different factors
(predictors) create issues during the estimation of PM2.5

concentration, which makes it complicated.
3.3 Air quality assessment and state of PM2.5 levels

Air quality is frequently assessed by analyzing AQI values. In
this study, AQI is subjected to PM2.5 concentrations only. The
© 2026 The Author(s). Published by the Royal Society of Chemistry
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values of AQI are assigned to different values at different air
quality levels from 0 to 500, as given in Table 5. However, these
values may be different for different sources. The most well-
known and frequently applied of these are the Environmental
Protection Agency (EPA) standards of the United States and the
World Health Organization (WHO). The WHO has modied the
PM2.5 air quality criteria to be 5 mg m−3 for annual averages and
15 mg m−3 for 24-hour (daily) averages. According to these
recommendations, the annual average of PM2.5 should be less
than 5 mg m−3, and it should never surpass 15 mg m−3 on any
one day.

Though these updated guidelines for PM2.5 exposure are not
easy to achieve in several parts of the world because 5 mg m−3

can be easily achieved through a natural background alone.48

Furthermore, PM2.5-based assessment of air quality can be very
different across different counties. In urban areas, it is strongly
linked with massive traffic and industries that produce large
amounts of PM2.5. The land use and land cover changes and
industrial activities may experience elevated levels of PM2.5.8 In
most regions, it is considered one of the main air pollutants,
causing adverse effects on air quality.

If this trend continues for a long time, it will be injurious to
air quality. This study utilizes both 24-hour (daily) and monthly
average concentrations of PM2.5 using AQI to investigate the air
quality of Peshawar City, as shown in Fig. 11. This study
investigated the status of air quality and observed that AQI
ranged from 1 to 594, with an average of 94 in 2021. The
monthly maximum amount of AQI was observed during the
winter season in the entire study period. The highest amount of
AQI values falls within the category of healthy and very
unhealthy, while the maximum of the monthly mean occurred
in January 2021, and categorized as very unhealthy. However,
the minimum monthly AQI occurred in April and May, and was
categorized as unhealthy for sensitive groups. Raza et al.49 and
Razzaq et al.50 corroborated the same results. Based on the
ndings of this study, it was concluded that for daily PM2.5, the
study area is facing poor air quality with 56% unhealthy, as
shown in Fig. 11(a), and for monthly PM2.5, 58.3% unhealthy, as
shown in Fig. 11(b), during winter 2021.

4 Conclusions

The PM2.5 concentration over Peshawar City for the year 2021
was estimated using MLR, CNN, and LSTM models to examine
and validate the effectiveness of linear regression and deep
learningmodels. Eachmodel was repeated, and their associated
results were used for comparison in terms of R, R2, RMSE, and
MSE. It was found from the investigations that deep learning
techniques, such as CNN and LSTM, performed signicantly
better than MLR. The estimated values of the two models were
close to the observed values. In contrast to CNN and LSTM
models, MLR's R2 value was lower, and its estimated value
distributions were more widely distributed, according to good-
ness of t plots. This demonstrates the shortcomings of the
MLR approach on the one hand, while also demonstrating the
exceptional performance of deep learning models in modeling
long-term dependencies for precise PM2.5 concentration
© 2026 The Author(s). Published by the Royal Society of Chemistry
estimation on the other. The inability of conventional models to
understand the temporal correlation of air contaminants may
be the cause. The LSTM model, making it a viable option for
predicting the long-term future concentration of PM2.5, may
precisely determine the spatiotemporal correlation of air
pollutants. In summary, the CNN and LSTM models provide
a tangible way for government organizations to address the
problem of air pollution. Effective methods for reducing the
effects of air quality will be framed by this understanding. By
combining daily and hourly data, we hope to expand our
research in the future to include air pollution and provide
a more thorough analysis of pollution levels in various urban
regions. In the future, multiscale estimation in the spatial
domain may be investigated since the suggested models can
improve PM2.5 estimation in the temporal domain. Finally,
these models can be expanded to estimate other contaminants.
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