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Abstract. Addressing the limitations of traditional air pollution monitoring, this
study leverages advanced computational techniques to enhance Modeling Trace Gas
Dispersion in Atmospheric Flows. By integrating multivariate analysis with statistical
and Al models, we aim to bridge gaps in spatial coverage and improve predictive
accuracy. The methodology involves three steps: (i) identifying relationships between
atmospheric pollutants and local meteorological factors using multivariate analysis,
including correlations and principal component analysis (PCA); (ii) enhancing Oz and
NO:2 prediction accuracy with statistical and Al models like Multiple Linear Regression
(MLR) and Two-Layer Feed-Forward Neural Networks (TLFFN), validated over 2014,
2016, and 2018; (iii) predicting Os and NOz levels across sixteen districts using data from
seven sites with MLR and TLFFN models, and mapping using QGIS with inverse
distance weighted (IDW) interpolation for spatial predictions. Results show that,
according to PCA, Osis influenced by temperature, wind speed, and sulfur dioxide, while
NO: is affected by pressure and CO. The MLR model, combined with QGIS-IDW,
effectively generates ozone maps, aiding decision-makers. Using QGIS-IDW and
TLFFN helps refine NO2 data and reconstruct missing information, which is beneficial
for atmospheric pollution modeling. Geospatial datasets and Al-GIS methods effectively
integrate air quality improvements into urban planning.
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1. INTRODUCTION

1.1. Research Background

As urbanization and industrialization persist in their global expansion, the
complexities of atmospheric dynamics and pollutant dispersion necessitate a
comprehensive understanding of the interaction between meteorological conditions
and air quality [1,2]. Pollution monitoring through measurement stations is not
always available, thus making modeling an essential tool. Traditional forecasting
models, such as deterministic models, often encounter issues regarding result
accuracy [3,4]. In other cases, they frequently fail to capture the intricate
relationships between various atmospheric variables, resulting in inaccuracies and
limitations in forecasting capabilities. Recently, there has been a trend towards
adopting Artificial Intelligence (Al) models due to their accuracy and speed in
delivering results [5-7]. The emergence of Al technologies has revolutionized
pollution forecasting by enabling the development of sophisticated predictive
algorithms capable of real-time learning from vast datasets. Al models can adapt to
changing atmospheric conditions, enhancing their forecasting capabilities and
reliability. Despite this, these models suffer from limitations such as the quality of
input data, data availability, data imbalance, and sometimes interpretability [8,9] ,
which necessitate careful data processing steps.

Multivariate analysis is a powerful approach for exploring complex
relationships between several variables. Employing statistical and mathematical
techniques explores the interactions between variables and identifies underlying
patterns [10,11]. This process begins with collecting data on multiple variables and
choosing the appropriate analysis method according to specific objectives. The data
are pre-processed before the analysis method is applied to ensure their quality and
relevance. These results can then be validated and used to inform decision-making,
improve predictive models, or guide new avenues of research [12,13]. Overall,
multivariate analysis offers a robust framework for exploring and exploiting the
information contained in multidimensional datasets, providing valuable insights
across various application domains [14]. Synthesizing complex information into
simpler, multivariate analysis optimizes the inputs of statistical and artificial
intelligence models, leading to more accurate predictions and can be exploited to
create artificial stations [7,15].

Setting up artificial stations to predict air pollution at different sites using
optimized statistical models and artificial intelligence (Al) involves a multi-faceted
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approach that exploits state-of-the-art technologies to monitor and remediate air
pollution levels [16]. Through the integration of statistical techniques and artificial
intelligence algorithms, these stations can effectively forecast pollution patterns,
locate sources, and generate pollution maps [15]. Air pollution mapping through
interpolation methods, facilitated by Geographic Information Systems (GIS)
platforms like ArcGIS or QGIS, offers a powerful approach to assessing air quality
across vast regions with limited monitoring data [17]. By applying spatial
interpolation techniques such as kriging, Inverse Distance Weighting (IDW), or
spline interpolation, these models extrapolate pollution levels between discrete
measurement points to create continuous representations of surface air pollution
quality. GIS approaches can generate high-resolution maps depicting spatial
variations in pollutant concentrations by integrating data from monitoring stations,
satellite observations, and atmospheric models. These maps are valuable for
policymakers, urban planners, and public health officials.

1.2. Related Work

Several studies are interested in analyzing the complex relationship between
air quality and meteorological variables using various methods such as sensor data
analysis, numerical weather prediction models to simulate realistic meteorological
data, and employing time-lagged convergent cross-analysis to uncover causal
relationships. Additionally, some studies utilize Bayesian network models or
correlation analysis. The cumulative findings highlight the multifaceted relationship
between meteorological variables, air quality, and public health outcomes. Wind
direction emerges as an immediate influencer on air quality, while temperature's
impact is observed to be delayed. Understanding these dynamics provides crucial
insights for environmental management and the development of effective mitigation
strategies. Factors such as solar radiation, temperature lapse rate, and wind
characteristics are identified as causally associated with nitrogen dioxide
concentrations, underscoring the complexity of pollutant dynamics. The exploration
of nonlinear relationships between air pollutants and traffic factors using
Generalized Additive Models (GAM) reveals optimal air quality scenarios
contingent upon specific traffic conditions. Moreover, machine learning simulations
indicate potential rises in pollutant levels under temperature increase scenarios,
emphasizing the importance of proactive measures to address climate change and its
impacts on air quality [18-22].

Other studies have explored the relationship between meteorological
conditions and pollutants by examining the influence of meteorological factors on
extreme levels of pollutants like PM2sand Os or by investigating the spatiotemporal
distribution of ground-level pollutants and their precursors. Some researchers have
attempted to integrate air pollution waves, including PM;s, with cold waves to
analyze temporal trends and spatial distributions of concurrent events. Additionally,
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scientists have studied variations in PM2s and Os, identifying points of change and
quantifying the oscillatory relationships with meteorological factors across different
time scales. These investigations employ various methods, including quantile
regression, conventional analysis, generalized linear mixed models, Bayesian
estimation, and wavelet coherence techniques. The findings underscore the complex
dynamics between meteorological variables and extreme air pollution episodes,
revealing varying sensitivities across different pollutants and regions. Surface winds
and humidity emerge as significant drivers for high PMsevents throughout the year,
while summer Oz extremes are predominantly by surface temperature. The high-
performance Convolutional Neural Network (CNN) model unveils the nuanced
interactions between factors influencing Os concentration, including wind direction,
wind speed, temperature, and NO; concentration. Socioeconomic factors are crucial
for predicting joint events, alongside meteorological and pollution factors,
highlighting the need for holistic approaches in air quality management. Visibility,
wind speed, precipitation, and cloud condition emerge as influential factors across
all timescales and offer valuable insights for urban planning and air quality control
strategies, particularly in cities affected by local climatic conditions. Additionally,
the relationships between PM. s, Os; and meteorological factors vary across different
timescales, with combining multiple meteorological variables enhancing the
understanding of variations, particularly on small scales. These comprehensive
insights provide a basis for informed decision-making in mitigating air pollution and
public health outcomes [23-27].

1.3. Motivation, Objectives, and research gap

Based on the research gap in most related work, this study is motivated by three
key objectives:

i.  Identifying how atmospheric pollutants (Os, PMio, NO2, SO, and CO) relate
to local meteorological factors (temperature, humidity, pressure, and wind
speed) through multivariate analysis techniques, namely simple and multiple
correlations, along with principal component analysis.

ii.  Based on our findings, we have identified the essential factors for improving
predictions of Oz and NO- pollution concentration using statistical and
artificial intelligence models such as Multiple Linear Regression (MLR) and
Two-layer Feed-forward Networks (TLFFN) supported by observation and
reanalysis data. We have validated these results using data from three
different periods in 2014, 2016, and 2018 for each pollutant (P1, P2, P3 for
O3, and P1, P2, P4 for NO,).

iii.  Building upon the results, we have used measurements from seven locations
to forecast Oz and NO; levels in sixteen districts using MLR and TLFFN
models. We've employed a Quantum Geographic Information System
(QGIS) for efficient mapping. Spatial data are analyzed and interpolated
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using inverse distance weighted interpolation, providing precise predictions
for the pollutants in the study area's districts.

This study presents a complete approach that can be adopted to generate
pollution maps, especially in areas that suffer from a lack of stations. It can also be
used to refine reanalysis data and reconstruct missing information. The rest of this
article is structured as follows: Following the introduction, the Methodology section
outlines our approach, covering the study area, statistical methods, and models
utilized. Next, the Results and Discussion section presents our findings, including a
discussion on the performance of our proposed model validated with data from 2014,
2016, and 2018, as well as data from the Copernicus Atmosphere Monitoring Service
(CAMS) and a comparison with other studies. Lastly, the Conclusion section offers
a findings summary, Limitations, Recommendations, and further directions. Fig. 1
presents the research strategy adopted in this study.

| Correlation Coefficient || MLR model | QGIS model
| Determimation cocfficient | FTLFEN model 1L IDW method 1

Fig. 1 — The research strategy adopted in this study

2. METHODOLOGY

2.1. Data Sets and Studied Area

Table 1 presents technical information on the dataset, variables, and study area.
The city of Agadir currently hosts 5 air pollution monitoring stations, with 4 of them
operational. For this study, observation data were collected from both mobile and
fixed stations. The Ministry of the Interior is responsible for determining station
locations and campaigns, while the General Directorate of Meteorology (DGM)
oversees data collection and validation. The main data collected between February
1t and May 31%, 2016, while the validation data were obtained for four distinct
periods: P1, P2, P3, and P4. Both stations facilitated the recording of hourly and
daily averages for five pollutants (Os, PM1g, NO-, SO,, CO), alongside crucial local
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meteorological parameters including temperature (T), relative humidity (RH),
pressure (P), and wind speed (WS) [28]. We used data from the Copernicus
Atmosphere Monitoring Service (CAMS) from the Centre for Medium-Range
Weather Forecasts (ECMWF) to predict pollution in areas lacking measuring
stations [29].

Fig. 2 shows the study area, including measurement and prediction sites. The
present study was conducted in the prefectures of Agadir and Inezgane Ait Melloul,
which together account for 42.42% of the population of the Souss Massa region,
home to approximately 2.7 million inhabitants [30]. The measurement campaigns
undertaken for this study covered various sites in the prefectures of Agadir. The
climate of the studied area is influenced by three main factors: relief, the oceanic
coast, and the Sahara Desert. In the northern part, dominated by the Atlas Mountains,
the climate ranges from humid to semi-arid as it extends towards the plains. The
plains, situated at the foothills of the Atlas Mountains and in the basins of the Souss
and Massa rivers, experience an arid climate despite their proximity to the Atlantic
Ocean. Lastly, the southern and southeastern parts of the region, bordering the
Sahara Desert, exhibit a desert climate [31,32].

Elevation (m)

| aaaa— |
22 612 1180 2383 4167 Q
@ Measurement sites

Prediction sites

Fig. 2 — Study area mapping includes the Moroccan territory and the prefectures of Agadir
and Inzegane-Ait Melloul
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Table 1
Technical details: dataset, variables, and study area

Main data
Validation data

February 1% and May 31%, 2016

P1: 27-29 March 2014

P2: 01-03 July 2016

P3: 07-09 July 2018

P4: 26-28 January 2018

Pollutants: Oz, PM1o, NO2, SOz, and CO
Meteorological: T, RH, P, and WS
Pollutants: Oz, and NO2

Agadir and Inzegane-Ait Melloul prefectures

Studied variables

Predicted variables
Studied Area

2.2. Multivariate methods

2.2.1. Simple and Multiple correlation

The first step in establishing the relationship between meteorological factors
and pollutants is to compute the simple correlation coefficient. This coefficient,
ranging from -1 to +1, quantifies the extent of the relationship between two variables.
The use of a simple correlation enables the individual assessment of each
meteorological parameter's impact on each pollutant. The Pearson correlation
coefficient is then calculated by dividing the covariance of the two variables by the
product of their standard deviations [33]. Given that cov represents the covariance,
ox is the standard deviation of X, and ov is the standard deviation of Y, the Pearson
Correlation Coefficient (CC) is calculated using Eq. 1 [34]. The second step
involves multiple correlation, conducted to ascertain the combined impact of various
weather factors on each pollutant. Multiple correlation, represented by a value
between 0 and +1, is determined using the coefficient of determination, which
measures the degree of prediction for a given variable using a linear function of a set
of other variables. It reflects the correlation between variables and the optimal linear
predictions that can be derived from the predictive variables. The coefficient of
determination (R?) can be calculated by utilizing the vector of correlations between
the predictor variables (independent variables) and the target variable, along with the
correlation matrix displaying correlations among the predictor variables. Given that
the predictor variables x,, the target variable is y, C represents the vector of
correlations, and R, is the correlation matrix. The coefficient of determination is
determined using Eq. 2 [35].
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cov(x,y) 1)
cc=———=
0xOy
R? = CTR,,C (2)

2.2.2. Principal Component Analysis

To extract more information from the data and expressing this information as
a set of summary indices called principal components (PCs). PC is used as a
statistical technique to reduce the dimensions of a multivariate data set [36]. By
implementing Principal Component Analysis (PCA), the Redundant information is
removed, allowing this variable to be expressed in a smaller number of new variables
as a linear combination of the original data with the same variance [37]. The linear
combinations are named principal components or eigenvectors. The coefficient or
load values in PCs are generated to indicating the origin variables relationships,
saving the maximum variance as possible. PC1 collects the original data maximum
variance and is associated with the highest eigenvalue. PC2 is orthogonal to PC1 and
captures the variance not accounted for in the first PC. Generally, each successive
PC maximizes the data variance not contained in the previous PCs. Also, the
eigenvalue for each PC becomes smaller with each successive new PC. The highest
eigenvalue indicates the maximum variance in the data, which helps identifying the
number of PCs retained for interpretation. Let's assume we have a data matrix D
with dimensions n X p where n is the number of observations and p is the number of
variables. These steps in Table 2 provide a reduced representation of the original
data in terms of principal components, capturing the essential variability in the
original data.

Table 2
Key Steps of Principal Component Analysis

Steps Definitions Equations

(1): Data Calculate the mean (D) for each variable and B

Centering subtract this mean from each element in the matrix L=D-D (3)
D. This creates a new centered matrix, denoted as L

2): . .

2) . Compute the covariance matrix (C,,) for the centered 1 .

Covariance . Cov =—LIL )]

. matrix L. ov

Matrix

(E:?:envectors Compute the eigenvectors (v;) and eigenvalues (Ai)

an?i of the covariance matrix C,,. These eigenvectors C,,v; = CouAj (5)

Eigenvalues represent the principal components

I(Z’Arr)igcipal Order the principal components based on the magnitude of their eigenvalues. The

Components first few principal components explain the most significant variability in the data
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(5): Data Project the centered data L onto the selected

Projection principal components to obtain new coordinates.
(where Y is the matrix of principal components, and Y =LV (6)
V is the matrix of eigenvectors (principal
components)

2.2.3. Statistical and neural network model

Multiple linear regression model, is a statistical technique used to predict the
outcome of a response variable by utilizing several explanatory variables [38]. This
model examines the relationship between multiple independent variables and a
single dependent variable, assuming a linear connection between these variables.
The general equation of a multiple linear regression model with n independent
variables is expressed in Eq.7 [39]. Where Y is the dependent variable. P is the
intercept (the value of Y when all X variables are zero). Bn are the coefficients
representing the change in Y for a one-unit change in each corresponding X variable
while holding other variables constant. X, are the independent variables. ¢ is the error
term, representing unobserved factors affecting Y that are not accounted for in the
model. The relationship between the variables is assumed to be linear, and the goal
is to estimate the coefficients ( values) that best fit the observed data. This is
typically done by minimizing the sum of squared differences between the observed
and predicted values.

Y= Bo+B1X1+82X2+...+San+E (7)

A two-layer feed-forward network with sigmoidal hidden neurons and linear
output neurons can accurately adapt to multidimensional mapping problems [40]. A
two-layer feed-forward neural network consists of an input set, a hidden layer, and
an output layer. The input contains the features of the input data, the hidden layer
performs transformations, and the output layer produces the final result. The model
was configured with 10 hidden neurons, a single output layer, and the Levenberg-
Marquardt backpropagation training algorithm was selected [41]. Data division was
carried out by allocating 70% for training, 15% for validation, and 15% for testing,
as shown in Table 1, using a sample division mode [42]. The performance function
chosen to evaluate the model is the mean squared error (MSE). Additionally, data
preparation involved the use of the mapminmax preprocessing function [43]. These
configuration parameters determine how the artificial neural network will be trained
and evaluated to solve our case study. Following our internal validation process, we
employ distinct validation data (P1, P2, P3, and P4) that the model has not been
exposed to, ensuring impartial assessment against observed values. Table 3 presents
the operating steps of the TLFFN model.



12 Author 10
Table 3
Operational Steps of the TLFFN Model
Steps Definitions Equations
): Initialize the weights (W) z_:mql blasgs (b) Wl-gl)and bj(l): hidden layer
Initialization of the neural network. This is typically @ @ (8)
done randomly. VIG.k and b,”: output layer
Hidden Layer Activation:
N
Compute the activations of the hidden @ _ Z @ y _ 9)
. layer and the output layer using the input Aj7=0() Wi~ Xi+bo)
(2): Forward (' and the initialized weights and P r——
Propagation ) o Output Layer Activation:
biases. © represents an activation M
function 4D = Z W@ 4D 4 p® (10)
j=1
Compute the loss, which measures the Mean Squared Error (MSE):
(3): Loss difference between the predicted output 1< @ (11)
Calculation  and the true output (Yi). MSE = 52(1‘1,{ -Y)?
i=1
Compute the gradients of the loss with
respect to the weights and biases, and
(4): update the weights and biases using an o L .
: imizati i utput Layer Error:
Backward optimization algorithm. p y! (12)

Propagation

Weight and Bias Updates:
Vl/l.;l)and bj(l) are updated based on 6].(1)

VIG.,(CZ)and b,((z) are updated based &y

5k =A(k2) _YL

Hidden Layer Error:
1

@ _ i, @ (13)
5 =o' (A WP 6)
k=1

Repeat Steps 2-4 for a specified number of iterations (epochs) or until the loss

(5): Repeat converges to a satisfactory level.
(6):Model Evaluate the trained model on a validation set or unseen data to assess its
Evaluation generalization performance.

2.2.4. Inverse Weighting Distance in QGIS

Quantum Geographic Information System, developed in C++ and Python,
stands as a leading free Geographic Information System for comprehensive
geospatial tasks encompassing the creation, editing, visualization, analysis, and
publication of geographic data. QGIS is an open-source design with a rich Python
plugin development environment, making it the best choice for creating geoscience
tools. Despite its versatility in handling various geographic data types, the Digital
Elevation Models (DEMs)manipulation depicting global or local topography proves
challenging, posing complexities in constructing paleo-geographic maps through its
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underlying tools [44]. In this study, we have interpolated the predicted values of
NO; and Os using Inverse Weighting Distance (IDW) method in QGIS. Considering
some points i where the value of a given variable is measured and known, and one
point j where the value is unknown, evaluate what the value at j may be from the
values of the variable at points i, each measurement is assigned to the reference point
after weighting by the inverse of the distance: the more distant monitoring stations
are penalized. In what follows, the index i denotes a monitoring station, j is the index
of a reference point and n; is the number of monitoring stations that relate to the
reference point j. Each measurement is multiplied by the inverse of distance d;; >
0 from the station i to the reference point j with the exponent a, i.e., di“ As this
would change the magnitude of the final result, each product is divided b)l/ the sum
of the terms ﬁ over all stations. This amounts to defining the weights as indicated
ij

in Eq. 14. Therefore, pollution F’] at the reference point j is given by Eq. 15, where
P;; is the pollution at the monitoring station i related to the reference point j.
Combining Eq. 14 with Eq. 15 gives Eq. 16. Therefore, P;; is weighted by the inverse
of distance given the mean pollution P_’jat the reference point j, as presented in Eq.
17. For Air pollution, it was approved that IDW performs rather well when taking
a = 2, which justifies our choice for mapping NO; and Os predicted values over
Agadir and Inzegan city.

W = ==L foranyi,j (14)

h=—T7""; (16)

Z Wy =1 7



14 Author 12

3. RESULTS AND DISCUSSION

3.1. Meteorological and Trace Pollutant Analysis

Table 4 presents a statistical analysis of meteorological and trace pollutant.
Additionally, Fig. 3 and 4 displays the monthly variation in these observed factors.
Temperature averaged 16.2°c between a maximum of 28.1°C and a minimum of
9.2°C recorded on April 28" and February 06", respectively. The standard deviation
of this parameter shows a variability of around 3.9°C. The central temperature value
is 17.4°C according to the median. The three potential extreme values are 12.6°C,
17.4°C and 19.3°C. Average relative humidity was 74%, ranging from a max of
93.7% on March 07" to a min of 36.4% on March 30™. The variability is 11.8%, with
a central value of 75.4%. The RH data distribution presented three quartiles of
68.4%, 75.4%, and 84.2%. The pressure variation between 995.3 hPa and 1027 hPa
observed justifies the variability of 10 hPa, presented by standard deviation. The
median reflects the central value of 1006.8 hPa of the three potential pressure values
of 1002.4 hPa, 1006.8 hPa, and 1020.0 hPa given by quartiles. Wind speeds ranged
from 0.5 m/s to 2.8 m/s, observed on February 19th and May 13th. Processing the
data in ascending order reveals a central value of 1.2 m/s, justified by the median.
The three potential wind speed values according to quartiles are 0.9 m/s, 1.2 m/s,
and 1.5 m/s, with a low variability of 0.4 m/s explained by the standard deviation.
The interpretation of these results indicates a transition from late winter to early
spring in February and March, followed by a shift to late spring or early summer
conditions in April and May, characterized by warmer temperatures, decreasing
humidity, and varying atmospheric pressure and wind speeds [45].

Average ozone concentrations reached 42.1 pug/m?, ranging from a maximum
of 65 pg/m® on May 04" to a minimum of 14.2 ug/m® on February 04". Data
variability was 10.2 pg/m3, with a central value of 43.6 pug/m3 The ozone data
distribution shows three quartiles of 35.6 pg/md, 43.6 pg/m?, and 50 pg/m?®. Ozone
tends to increase between February and May, attributed to the sunshine increase from
an average of 8 hours in February to an average of 11 hours in May. Oz max does
not exceed National standards requiring that 8-hour ozone concentrations remain
below 110 pg/m3. PMyo varied from 10.6 pg/m® to 179.6 ug/md, observed on
February 06" and 19", respectively. Order ascending treatment data reveals a central
value of 55 pg/md, justified by the median. The three potential PM1, concentrations
by quartile are 41.9 pg/m3, 55.0 ug/m3, and 73.7 pug/m?, with a high variability of
29.4 pg/m? expressed by the standard deviation. It's important to highlight that the
average PMyo concentration exceeds the limit recommended by the World Health
Organization (WHO), which is 50 pug/m?® averaged over 24 hours. This outcome is
unsurprising given Agadir's status as a coastal city and a gateway to the Moroccan
desert, facilitating the accumulation of aerosols, sea salt, and desert dust. Moreover,
ongoing construction projects in the city contribute to this phenomenon.
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The average NO is 28.8 pug/m?, ranging from a maximum of 67.4 ug/m®to a
minimum of 16 pug/m?. The standard deviation of this parameter shows a variability
around the mean of some 11.1 pg/m?3. According to the median, the central NO, value
is 24.1 ug/m®. The three potential extreme values are 21.0 pg/m?, 24.1 pg/m?, and
35.7 ug/m?®. SO, ranges from 0 pg/méto 17 pug/m?®with an average value of 7.6 pg/m®.
This pollutant has a variability of 4.8 pg/m®with a central value of 8 pug/m3. The
three potential concentrations of this pollutant are 3 pg/m2, 8 pg/m®and 10 pg/m?.
NO; and SO; pollutant levels are very far below the WHO limit of 200 pg/m? over
1 hour and 20 pg/m?® averaged over 24 hours, respectively. CO presents a mean
concentration of 60.2 pug/m?® between a maximum of 280 pg/m?® and a minimum of
10 pg/m3. This pollutant presents a large variability of 49.6 pg/md, confirmed by the
standard deviation and a central concentration of pg/m? valid by the median. The
three potential concentrations of this pollutant are 30 pg/m3, 40 pg/m3, and 70 pg/m?.
CO remains very low compared with the WHO standard alert of 10 mg/m?® as a
maximum 8-hour daily average.

This pollution profile has already been observed in previous studies [46,47].
From Fig. 2 and 3, we can visualize profiles showing similar tendencies between the
pollutants and meteorological parameters, such as ozone and temperature, or wind
speed. To fully understand the nature of the relationship between meteorological
parameters and pollution, we aim in the next section to identify the dependencies
between atmospheric and meteorological pollutants using simple and multiple
correlation and principal component analysis.

20 100

[N
3]
1

754

50+

Temperature [°C]
=
o
Relative Humidity[%]

254

&
L

Febr‘uary Ma‘rch A;;ril M‘ay February March April May



16 Author 14
1100 16
825 1,24
—_ =
g E
= K]
% 550 &os
£ g
= 2
275 0,4
0 T T T T 0,0
February March April May February March April May
Fig. 3 — Monthly average of meteorological variables
52 80
T
394 601
— =
2 154
-% 26 £ 40+
: g
N —_—
o 3
£ 20
134 £
o
0- 0- .
February ~ March April May February ~ March April May
40 16
E a0 12
2 5
= 2
8 @
X 20+ 2 8
© )
©
g e
[=2] =]
S £
= 101 3 41
z
0- 0 T T — T
February ~ March April May February ~ March April May



15 Title of the article (maximum 40 characters including blanks is suggested) 17

100

a1 ~
=} 3
1 1

Carbon monoxide [pg/m3]
N
[6;]

February March April May
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Table 4
Statistical Summary of Meteorological and Pollutant Data
Mean Max Min SD Median Quartiles
Q1 Q2 Q3
T[°C] 16.2 28.1 9.2 3.9 174 12.6 174 19.3

RH[%] 746% 93.7% 364% 11.8% 754% 684% 754% 84.2%

P[hPa] 10113 1027 9953 10 10068 10024 10068 1020.0
WS[mis] 12 28 05 0.4 12 0.9 12 15
Os[ug/m’] 421 650 142 102 436 356 436 500
PMu[pug/m®] 615 1796 106 294 550 419 550  73.7
NOzug/m®] 288 674 160 111 241 210 241 357
SO [pg/im’] 7.6 17 0.0 48 8.0 30 80 100
CO[pg/m®] 602 2800 100 496 400 300 400 700

3.2. Identification of meteorological Effects on Trace Pollutants

3.2.1. Simple and Multiple correlation

Fig. 5 (a) provides a simple correlation between pollutants and meteorological
parameters. Substantial positive or negative correlations should align with
underlying physical response mechanisms. Ozone concentration is moderately
positively related to temperature and wind speed but negatively linked to relative
humidity and strongly negatively correlated to atmospheric pressure. Temperature
plays a crucial role in ozone formation, as higher temperatures can accelerate the
photochemical reactions responsible for its production. Additionally, increased wind
speed can also enhance the transport of ozone from distant sources into a region,
potentially increasing local concentrations. Conversely, lower atmospheric pressure
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conditions tend to hinder atmospheric mixing and reduce the dispersion of pollutants,
including ozone [48,49].

The correlation of PMyo with wind speed (-51%) indicates a strong negative
relationship, suggesting that higher wind speeds effectively disperse PM1o pollutants
in the atmosphere, while lower wind speeds tend to result in their
accumulation [50,51]. At higher temperatures, certain chemical reactions involving
nitrogen oxides (NOy), including NO,, may accelerate to forming other pollutants
such as Os. Concurrently, increased wind speed promotes the movement and mixing
of air masses, facilitating the dispersion of NO, throughout the atmosphere and
subsequently reducing its local concentrations. However, the influence of high-
pressure systems can offset this dispersion. High-pressure systems typically entail
stable atmospheric conditions, which encourage the accumulation of NO; near the
surface [52]. Temperature plays a crucial role in the behavior of sulfur dioxide (SO,)
in the atmosphere. For SO,, temperatures may result in less vigorous vertical mixing
of air masses, which can result in its buildup. Moreover, Relative humidity can
influence the rates of chemical reactions involving sulfur dioxide. For example,
humid conditions can enhance the oxidation of SO, to form CaCOs; particles. The
increase in atmospheric pressure favors the decrease in SO, concentrations.
Additionally, atmospheric pressure changes can further influence SO
concentrations; an increase in pressure tends to favor the decrease in SO,
concentrations [53]. Higher atmospheric pressure is often linked with elevated
concentrations of carbon monoxide (CO) in the atmosphere. Conversely, higher
wind speeds tend to be moderately correlated with lower CO concentrations, mainly
attributed to the dispersion of CO [54].

To quantify the degree to which variations in pollutant levels can be attributed
to changes in meteorological conditions, we studied the coefficient of determination
between pollutants and combinations of meteorological parameters, namely T-RH,
T-RH-P, and T-RH-P-WS, as shown in Fig. 5 (b). The T-RH combination explained
40.0% of ozone variability, while adding pressure increases ozone variation up to
60.0%, and with the contribution of wind speed, it reaches 64%. It suggests that
increased temperature and wind speed, along with low humidity and pressure, favor
the formation of tropospheric ozone, accounting for 64% of its variability. Such
environmental conditions create a conducive atmosphere for the continued presence
and accumulation of tropospheric ozone [55,56]. The T-RH combination accounts
for only 11% of PMjo variation. Adding pressure to the model increases this
proportion to 38%, and with the inclusion of wind speed, it reaches 58%. This
indicates that pressure plays a substantial role in influencing PMo levels beyond
what temperature and relative humidity alone can explain. Finally, with the inclusion
of wind speed, the ability to take PMyo variation into account improves still further,
reaching 58% [57]. The T-RH combination, indicating an ability to explain 53% of
the nitrogen dioxide variation. The contribution of pressure increases considerably,
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to 67%, and with the inclusion of wind speed, to 81%. This indicates that pressure
significantly influences NO- levels beyond what temperature and relative humidity
alone can explain. Moreover, incorporating wind speed into the model further
enhances its capability to capture NO: variation, resulting in an improved
explanatory power of 81% [58]. The T-RH combination explains 65% of the
variation in sulfur dioxide. The addition of pressure does not increase this explained
variation, maintaining it at 65% even with wind speed included. This implies that
pressure does not notably add to the explanation of the variability in sulfur dioxide
levels beyond what temperature and relative humidity already contribute. Sulfur
dioxide, a prominent air pollutant, is frequently impacted by various emission
sources [59]. Temperature and humidity combined account for 32% of carbon
monoxide variability. By including pressure, this explained variation rises to 46%,
and with the addition of wind speed, it reaches 53%.
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Fig. 5 — Correlation and Deterministic Coefficient between
trace pollutants and meteorological parameters
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3.2.2. Principal component Analysis

In the last section, we visualize simple and multiple correlations by analyzing
the Pearson correlation and determination coefficient. In this section, we aim to
reduce the dimensionality of the data and preserve as much of their information
structure as possible. Of the nine principal components presented by the PCA method
illustrated in Table 5, the first two (PC1 and PC2) have eigenvalues greater than 1
(Kaiser criterion) and account for 71.04% of the observed variation in the data,
enabling them to be used for subsequent interpretation. Table 5 summarizes the load
values of the first two principal components (PC1 and PC2) for meteorological
parameters and pollutants. Only absolute load values greater than or equal to 0.3
(values in bold) contribute to PC interpretations. PC1 is significantly influenced by
atmospheric pressure, Nitrogen dioxide, Carbon monoxide, wind speed, and PMy
particles. It is negatively affected by temperature, Ozone, Sulfur dioxide, and wind
speed. PC2 is principally affected by Temperature, PMio, SO, and CO particles,
which vary positively in this dimension. Relative humidity has a negative influence.

According to these results, the decrease in Oz and SO, concentrations is
favored by meteorological conditions characterized by an increase in pressure and
relative humidity, and a decrease in temperature and wind speed, and vice versa. This
observation is further supported by Fig. 5(a). Additionally, SO, demonstrates a
second trend, associating the increase in this pollutant with rising temperatures and
decreasing humidity. PMio, NO,, and CO exhibit two profiles: the first aligns with
PC1, and the second aligns with PC2. These two profiles suggest that the increase in
PMio, NO2, and CO is influenced by two distinct sets of climatic conditions. The first
set is characterized by an increase in humidity and pressure, coupled with a decrease
in temperature and wind speed. Conversely, the second set is marked by a rise in
temperature and lower humidity.

Fig. 6 (a) shows the plot of meteorological variables and pollutants for PC1
and PC2. This figure justifies explicitly the results in Table 4 and allows us to group
these studied variables into four groups. The 1% is composed of PMso, CO, and NO,,
which may mean that these pollutants react positively to the same factors, such as
similar emissions, specific meteorological conditions, or indirect chemical
reactions [60]. For example, the indirect chemical reactions that can link CO and
NO; are shown in Eq 18, where OH represents the hydroxy radical, HO2 represents
the hydroperoxyl radical, and NOjs represents nitrogen trioxide. It became apparent
that notable correlations existed between PMyo and SO,, attributable to the presence
of H.SO, as fine atmospheric particles, where SO, plays a pivotal role as a primary
precursor in its generation [61], as indicated in Eq 19. M represents a third body,
typically a collision partner like a nitrogen molecule (N2) or oxygen molecule (O,)
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that helps in the energy transfer during the reaction. The 2™ is SO, and T, suggesting
that variations in temperature could lead to reduced intensity in the vertical mixing
of air masses [62]. The 3 is RH and P, indicating perhaps the same effect of both
parameters on pollutants like Oz and NO; in our case (Fig. 5). The 4" is O; and WS,
implying higher wind speed levels are associated with higher ozone
concentrations [63].

Fig. 6 (b) plots the individuals of PC2 versus PC1. The individual data in the
red rectangle are identified by a significant temperature contribution, with an average
of 20.42°C and high SO, concentrations averaging 12.53pg/mq, derived from 8 days
in April and 24 days in May. The individuals in the gray box are characterized by a
significant effect of wind speed with an average of 1.62 m/s and O3 concentration
averaging 48 pg/md, originating from 9 days of April. In the green rectangle,
individual data are recognized by the high-pressure average of 1022.39 hPa and the
high humidity average of 85%, obtained over 13 and 10 days in February and March,
respectively. Refer to the extreme individuals in the blue circle, the three individuals
15,19, and 57, representing 15 and 19 February and 29 March, are characterized by
maximum values for PMyo (150.26 pg/m® on average), CO (202.48 pg/m® on
average), and NO, (57.57 pug/m?® on average). The extremes 87 and 88 (29 and 30
April) are identified by maximum temperatures (average of 25°c) and SO, values
(average of 12.5 pg/md). Extreme 6, 7, 8, and 9, corresponding to 06, 07, 08, and 09
February, are characterized by the combinatorial effect of high humidity (89.97% on
average) and wind speed (1.8 m/s on average), with moderate pollution of 37.39
ug/md, 15.17 pg/m?, 19.64 pg/m?d, 1.71 pg/m? and 17.31 pg/m?® for O, PM1o, NOy,
SO, and CO, respectively.
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Fig. 6 — Principal Component Analysis Plot of (a) Variables and (b) Individuals

{ CO + OH — HO2 + CO2 18)

NO3 + HO2 — OH + NO2

SO2 + OH + M — H2S04 + HO2 (19)
03 + NO - NO2 (20)

3.3. Optimized Trace Pollutants Forecasting

Based on the results of identifying the relationship between pollutants and
meteorological parameters, we have selected two pollutants, Oz and NO, due to their
variability in correlation with meteorological conditions and their representativeness
(absolute eigenvalue > 0.7) concerning the two main components, PC1 and PC2.
During the construction phase of the MLR and TLFFN models, the selection of
inputs is guided by the relationships already identified between the chosen pollutants
for predicting meteorological parameters and other pollutants. The inputs for O3
include temperature, wind speed, ozone, and sulfur dioxide. NO; considers pressure,
and CO as its inputs. Meteorological input data is acquired through observations at
each site, while pollutant input data is obtained from the European Centre for
Medium-Range Weather Forecasts. The validation of results for each pollutant is
conducted separately for the three periods, as indicated in Fig. 7 (The formulas for
Mean bias (MB) and Root means square error (RMSE) are mentioned in Table 5)

For ozone, the best correlations (96% and 97%) are obtained for P2, which is
expected since the training, validation, and test data date from 2016. However,
during this same period, there were high RMSEs of 10.2 pg/m? and 5.5 pg/m?3 for
TLFFN and MLR, respectively. The explanation may lie in the contribution of local
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emissions or in the seasonal variability that the two models are unable to capture, as
indicated by P3. Despite this, both models show acceptable correlations with low
RMSEs for P1 and P2, indicating that the models have effectively captured spatial
variability, considering that the measurements take place in different areas during
these two periods. These results are comparable to and outperform other
studies [50,64]. Generally, for ozone, it is recommended to use the MLR model due
to its ability to capture the trend (good correlation) and its accuracy (low RMSE).
This suggests that the linear relationship between inputs and outputs is extensively
sufficient to capture good ozone predictions, making it easy to interpret the impact
of each predictor on the outcome [65]. However, it should be noted that other studies
utilizing MLR have yielded moderate results, which may vary depending on factors
such as the nature of the data, the time period considered, and the study
methodology [66].

For nitrogen dioxide, variability in correlation and RMSE can be observed,
which may be due to the fact that this pollutant is mostly related to emissions. The
TLFFN model demonstrates strong stability in predicting NO,, compared to the
unstable MLR model. The low MLR correlation in P1 may be due to the high CO
concentration observed in this period (CO(P1) = 53.6 pg/ms3, CO(P2) = 39.9 pg/ms,
and CO(P4) = 48.0 pg/m3). The MLR model tends towards overestimation, whereas
TLFFN varies between overestimation and underestimation. These results are
superior to those obtained in other studies using deterministic, statistical, or artificial
intelligence models [67—69]. Therefore, the TLFFN model is recommended for
predicting NO; concentrations, unlike ozone [70]. The prediction of NO; exhibits
a non-linear relationship with the input variables (as revealed by Eq. 18), suggesting
that neural networks, with their ability to capture intricate non-linear relationships
between predictors and outputs, are better suited for this task [71].

The ability of this strategy, which is based on identifying relationships between
atmospheric and meteorological pollutants to optimize and select input variables and
predict Oz and NO; emissions using both statistical and artificial intelligence
methods, lies firstly in its capacity to capture both linear and non-linear relationships
between inputs and outputs. Secondly, comparing each model with the other
provides valuable insights into pollutant dispersion, particularly Os and NO-, which
exhibit an inverse relationship (as demonstrated by Eq. 20 and observed in Fig. 6(a)),
especially in areas lacking measuring stations. This strategy can be employed to
correct bias and trends, as well as predict missing data. Based on these performance
results, the objective is to predict O; and NO; to map these pollutants over the Agadir
and Inzegane-Ait Melloul prefectures.
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Fig. 7 — Summary of statistical validation results for each validation period
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Table 5

Mean bias (MB) and Root means square error (RMSE)
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3.4. Mapping Optimized Trace Pollutants Forecasting

Fig. 8 and 9 compare ozone and nitrogen dioxide maps using MLR, TLFFN,
and reanalysis for P1, P2, and P3. The mapping process encompasses the urban areas
of two prefectures: Agadir, spanning 2297 kmz2 and inhabited by 682 110 people, and
Inzegane-Ait Melloul, covering 297 km? with a population of 628 390. It represents
the first of its kind to be produced in this region. Measures are taken at seven sites
to predict O; and NO; in sixteen districts (Fig.2) using the two methods adopted in
this study, Multiple Linear Regression and Two-Layer Feedforward Neural
Network. Fig. 1, Table 6 display the position and the coordinates of seven
measurement sites and sixteen prediction districts, respectively. The mapping
process utilizes a Quantum Geographic Information System to execute the task
efficiently. Employing inverse distance weighted interpolation, spatial data is
analyzed and interpolated, ensuring accurate predictions for the targeted pollutants
across the study area's districts. The initial observation from Fig. 7 indicates that
0zone concentrations are slightly higher in the Agadir prefecture compared to the
Inzegane-Ait Melloul prefecture. This could be because there is a slight rise in the
sale of electrical energy and petroleum product consumption in Agadir compared to
Inzegane-Ait Melloul, as shown in Fig. 10 (b). The MLR model outperforms
TLFFN, accurately reproducing the reanalysis maps for all three periods studied,
with mean spatial bias ranging from 1.47 pg/m?to 6.21 pg/md, as shown in Fig. 10
(a). Given these positive outcomes, using the MLR model for prediction combined
with QGIS and IDW for interpolation could be adopted to generate ozone
maps [73,74], providing decision-makers with a comprehensive perspective on
ozone dispersion.

The initial finding about NO; in Fig. 8 shows a low unusual concentration in
the reanalysis data. Many studies are looking into this emissions problem in their
models and trying to fix it. This problem mainly happens because of the short
lifetime of NO and the high variability of concentrations, making it hard to validate
with observations [75]. Even though energy sales are similar, the Inzegane-Ait
Melloul prefecture has slightly higher NO, compared to Agadir. This is because of
the intense farming activity in this area, as indicated in Fig. 10 (b), supported by
several studies confirming agriculture as a source of NO, [76]. Nevertheless, the
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TLFFN model displays a comparable pattern to the reanalysis maps in contrast to
MLR, indicating a tendency for TLFFN to underestimate and MLR to overestimate,
as depicted in Fig. 7 and Fig. 10 (a). Using QGIS alongside IDW coupled with
TLFNN could offer a method for refining NO, reanalysis data and reconstructing
missing information [77], which would prove advantageous for various atmospheric
pollution modeling endeavors across the study area.

MLR TLFFN Reanalysis
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Fig. 8 — Comparison of ozone mapping over the studied area using MLR, TLFFN Models, and
reanalysis data for each validation period over studied area
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Table 6

Coordinates of seven measurement sites and sixteen prediction districts

Prediction sites

Measurement sites

Lon[°] Lat[°] Lon[?] Lat[°]

Districtl -9,65704  30,44605 Sitel -9,66 30,45

District2 -9,60801  30,42413 Site2 -965 30,44

District3 -9,59038 3043637 Site3 -963 3043

Agadit District4 -9,56574  30,41637 Site4 -959 30,42

prefecture District5 -9,55633  30,430099 Site5 -958 30,41

District6 -9,59238  30,39607 Site6 -956 30,41

District7 -9,54926  30,40067 Site7 -958 30,43
District8 -9,559 30,41565
District9 -9,51451  30,39608
Districtl0  -9,50339  30,37976
Districtl1 ~ -9,55149  30,35231
Districtl2  -9,50402  30,33792
Inzegan-  “District13  -9,46448  30,29692
Q‘;Iloul Districtl4  -9,40755  30,33961
prefecture Districtl5  -9,41449  30,36909
Districtl6 ~ -9,32084  30,36512

the studied area using MLR, TLFFN Models,

| a) Mean spatial bias
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b) Agricultural and energy indicators
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Fig. 10 — Summary: (a) Mean spatial bias for each validation period and (b) agricultural and energy
indicators for each prefecture [78]

4. CONCLUSIONS AND RECOMMENDATIONS

This study thoroughly examined how air pollutants like Oz, NO,, SO, and CO
relate to local weather factors such as temperature, humidity, pressure, and wind
speed. Advanced techniques are used to analyze these complex interactions, like
simple and multiple correlations, along with principal component analysis. By doing
so, we pinpointed crucial factors that can enhance predictions of O3z and NO,. We
employed statistical methods like multiple linear regression and artificial
intelligence models, such as two-layer feedforward networks. These models were
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tested using observational from three periods (2014, 2016, and 2018). We used the
findings and data from seven locations and reanalysis to forecast Oz and NO; levels
in sixteen districts. Using the Quantum Geographic Information System and
employed inverse distance weighted interpolation for precise spatial analysis to
visualize and map these forecasts effectively. The principal findings of the study are
as follows :

e According to ACP findings, Os is influenced by temperature, wind speed,
and sulfur dioxide, while NO, takes into account pressure and CO as its
contributing factors.

e Using the MLR model for ozone prediction is recommended because of its
ability to capture trends and maintain accuracy, indicating a sufficient linear
relationship between inputs and outputs. This makes it easy to interpret the
impact of each predictor on ozone outcomes.

e The TLFFN model is suggested for predicting NO, concentrations due to its
capability to capture non-linear relationships between predictors and
outputs. Unlike ozone, NO- predictions benefit from neural networks' ability
to handle intricate non-linear relationships effectively.

e Using the MLR model for prediction alongside QGIS and IDW for
interpolation can generate ozone maps, offering decision-makers a
comprehensive view of ozone dispersion.

o Utilizing QGIS with IDW, combined with TLFNN, provides a method to
refine NO; reanalysis data and reconstruct missing information,
advantageous for atmospheric pollution modeling in the study area.

The proposed approach offers an initial opportunity to visualize air pollution
in central Morocco, aiding municipal planning. Expanding and refining this
approach could turn it into a national strategy, especially given Morocco's lack of
national maps based on air pollution observations. To strengthen this approach,
integrating satellite data can enhance the availability of variables challenging to
measure directly. Additionally, deterministic models can provide insights, especially
in remote or inaccessible areas where direct measurements are challenging.
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