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Abstract

This study applies a Long Short-Term Memory (LSTM) model to predict key air pollutants,
i.e., sulphur dioxide (SO,), nitrogen dioxide (NO,), and particulate matter (PM, 5), as well
as the Air Quality Index (AQI) across South Africa using satellite-derived observations. The
analysis focuses on comparing original pollutant fields with model-generated predictions
for two consecutive days, highlighting both spatial patterns and predictive performance.
Results reveal a persistent and intense pollution hotspot over the Mpumalanga Highveld,
driven by coal-fired power generation and industrial activities. Elevated pollutant concen-
trations in this region translate into AQI levels ranging from Unhealthy to Very Unhealthy,
while most other parts of the country remain within the Good category. Spatial comparison
between original and predicted fields shows strong agreement, with only minor deviations
in areas characterized by steep emission gradients and localized plumes. Quantitative
evaluation using RMSE (0.020390) and MSE (0.000416) confirms the high accuracy of the
predictive model, with error values remaining extremely low across all pollutants and AQI
outputs. PM; 5 exhibits the smallest errors (MSE = 4.230169 x 107°), while slightly higher
values for SO, (MSE = 2.628 x 10~%) and NO, (MSE = 1.39541 x 10~*) reflect the difficulty
of capturing sharp spatial transitions associated with point-source emissions. Despite these
localized discrepancies, the model demonstrates robust skill in replicating both pollutant
magnitudes and AQI classifications. Overall, the findings indicate that machine-learning
approaches offer a reliable, high-resolution tool for air-quality prediction in South Africa
and have strong potential for supporting operational forecasting, exposure assessment, and
environmental policy development.

Keywords: air quality prediction; satellite observations; LSTM; CNN; atmospheric
pollutants; remote sensing

1. Introduction

Air pollution has increasingly become a major concern for social development, envi-
ronmental sustainability, and economic management [1]. The World Health Organization
(WHO) reports that nearly 90% of the global population breathes polluted air that exceeds
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WHO air quality guidelines [2]. The main contributors to deteriorating air quality include
emissions from industrial activities, vehicle exhaust, and power generation facilities. Key
air pollutants typically monitored include particulate matter (PM, 5 and PMyg), ozone (O3),
sulphur dioxide (SO,), carbon monoxide (CO), and nitrogen dioxide (NO) [3]. According
to the State of Global Air 2024, air pollution is now recognized as the second-leading risk
factor for mortality worldwide [4]. Consequently, accurate forecasting of pollutant levels is
critical for environmental management and effective pollution control and holds significant
societal importance.

Currently, research on predicting air pollutant concentrations mainly follows two
methodological paths: numerical simulation models and data-driven approaches [5]. Nu-
merical simulation models draw on atmospheric science principles and statistical tech-
niques to describe the emission, dispersion, and transformation of pollutants in the atmo-
sphere, ultimately providing concentration estimates [4]. In contrast, data-driven models
rely on the analysis of historical pollutant concentration data to learn patterns and generate
predictions [4].

Data-driven approaches are widely used because they are simpler to implement,
computationally efficient, and can be applied flexibly across different datasets. These
techniques identify relationships between historical observations and pollutant levels
during the forecast period, enabling future concentration estimates based on past trends
and prevailing conditions [6].

Machine learning (ML) methods have become particularly valuable because they
can effectively model nonlinear relationships and complex interactions between pollutant
time series and predictor variables [7]. Over the last two decades, Al-based air quality
forecasting techniques have progressed rapidly, with some methods gaining prominence
while others have been phased out. After 2010, artificial neural networks (ANNSs) were
widely used for air quality prediction [8]. More recently, classical ANN approaches have
been outperformed by deep learning models such as recurrent neural networks (RNNs).
Among these, Long Short-Term Memory (LSTM) networks have emerged as the most effec-
tive due to their ability to capture both short-term and long-term temporal dependencies
in time series data [9]. Their sensitivity to sequential patterns has made LSTMs one of
the most commonly used models in air quality forecasting [10]. Convolutional neural
networks (CNNs) have also demonstrated strong capability in extracting relevant features,
handling high-dimensional inputs, and modelling complex nonlinear behaviour. However,
despite their strong feature extraction capability, CNNs are often criticized for their limited
interpretability, functioning largely as “black box” models with internal processes that are
difficult to explain [11]. Persistent challenges in ML-based air pollution prediction include
dependence on manual feature engineering, insufficient high-quality datasets, limited
spatial resolution, and difficulties related to model interpretability.

This study builds on previous research by addressing limitations in earlier analytical
prediction approaches. Its primary objective is to improve the forecasting of the Air Quality
Index (AQI) and concentrations of PM; 5, SO,, and NO; through the development of a
more accurate predictive framework. To achieve this, the research employs an LSTM deep
learning model, leveraging its strengths in capturing temporal dependencies and extracting
relevant features from sequential data.

2. Study Area

Figure 1 shows the region of interest for this study. Although the analysis covers the
whole of South Africa, particular emphasis is placed on Mpumalanga Province (MP) (red
box), the country’s primary energy-generation hub. MP hosts numerous coal-fired power
stations operated by Eskom in rural areas of the province [12,13], including Arnot, Camden,
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Duvha, Hendrina, Kendal, Kriel, Matla, and Kusile. The province also integrates extensive
coal-mining activities, especially around eMalahleni, with heavy industries such as steel
and ferrochrome production, manufacturing, fuel processing, transportation, and agricul-
ture [14]. This mix of industrial, mining, agricultural, and residential land uses results
in many communities living and working in close proximity to major emission sources,
increasing the potential for pollutant exposure. Meteorological and atmospheric conditions
in the region are strongly influenced by subtropical high-pressure systems, particularly
in winter, which generate subsiding air, stable layers, and temperature inversions that
inhibit vertical pollutant dispersion unless disrupted by westerly or easterly winds [15,16].
Summer temperatures typically range from 12 °C to 29 °C, while winter temperatures vary
from —3 °C to 20 °C [17]. Seasonal rainfall, which peaks between October and March,
also affects air quality by removing pollutants through wet deposition and modifying
atmospheric mixing conditions [18].
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Figure 1. Map of the study area highlighting South Africa and the Mpumalanga Province, indicating
major industrial emission sources alongside key land-cover classes such as built up, agricultural,
mining, and natural vegetation.

3. Data and Methods
3.1. Datasets

Sentinel-5P is a dedicated atmospheric monitoring satellite designed to provide high-
resolution observations of trace gases, aerosols, and cloud properties—key components
that influence both air quality and climate dynamics. Its primary sensor, the TROPOspheric
Monitoring Instrument (TROPOMI), is a hyperspectral imaging spectrometer that measures
Earth’s reflected radiance across multiple spectral domains, including the ultraviolet—visible
(UV-VIS, 267-499 nm), near-infrared (NIR, 661-786 nm), and shortwave infrared (SWIR,
2300-2389 nm) regions. TROPOMI offers a native spatial resolution of 7.0 km x 3.5 km per
ground pixel and a wide swath of approximately 2600 km, enabling near-global daily cov-
erage. The instrument retrieves a broad suite of atmospheric constituents, such as nitrogen
dioxide (NO,), sulphur dioxide (SO,), ozone, formaldehyde, methane, carbon monoxide
(CO), and aerosols. Comprehensive descriptions of Sentinel-5P and its performance can be
found in Theys et al. [19], Tilstra et al. [20], and Verhoelst et al. [21]. In this study, the SO,
and NO, products are specifically employed.

The Copernicus Atmosphere Monitoring Service (CAMS) has been fully operational
since 1 July 2015. It is implemented by the European Centre for Medium-Range Weather
Forecasts (ECMWF) on behalf of the European Commission. Its mission is to provide
consistent and quality-controlled information related to air pollution and health, solar
energy, greenhouse gases and climate forcing data globally. ECMWEF collaborates with the
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European Space Agency (ESA) and the European Organisation for the Exploitation of Me-
teorological Satellites (EUMETSAT) as well as many other organisations providing satellite
and in situ observations to acquire all the observations that are needed to produce CAMS.
CAMS data is reliable, quality-assured and evaluated against independent observations. In
this study the PM; 5 dataset is used.

3.2. LSTM

Long Short-Term Memory (LSTM) networks are a specialized type of Recurrent Neu-
ral Network (RNN) designed to overcome key limitations found in conventional RNN
architectures, particularly the vanishing and exploding gradient problems that hinder the
learning of long-range dependencies. These issues typically arise during backpropagation
through time (BPTT), making it difficult for standard RNNs to retain information over
extended sequences [22,23].

LSTMs address this challenge by introducing a memory cell capable of storing informa-
tion over long periods, as well as gating mechanisms that regulate the flow of information.
As shown in Figure 2, an LSTM unit consists of four essential components: the cell state,
hidden state, input vector, and a set of nonlinear activation functions, typically the sigmoid
and hyperbolic tangent (tanh) functions.

Ci.1

hy
hyy ~

Input

Figure 2. The structure of the long short-term memory (LSTM) unit.

Ck_1 represents the previous cell state, Cy is the current cell state, Ek is the cell update,
x[k] is the input data. h;_4 represents the previous hidden state, /i, is the current hidden
state. ¢ is the sigmoid function, fy is the forget gate, iy is the input gate, oy is the output
gate. w;, wg, w,, W, represent weights applied for the input gate, forget gate, output gate
and cell state respectively. b;, by, by, b. represent biases applied for the input gate, forget
gate, output gate and cell state respectively.

LSTM equations for the gates are as follows:

ir = o(wilhx_1, x¢] +b;) D
fr = o(welle_1, xi] + by )
or = o (wo[hx_1, xx] + bo 3)
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LSTM equations for the cell state, candidate cell state and final output are as follows:

Ck = tanh(we[hx—1, x¢] + bc) 4)
Co = fix Cro1 +ig x Cy ()
Iy = ot * tanh(Cy,) (6)

LSTM Model Development
This section describes the process that was used to develop the LSTM model.

e Data Acquisition and Preprocessing

Environmental and atmospheric datasets, which often contain missing values, ir-
regular time steps, and noise, were first collected from relevant monitoring networks.
Preprocessing included handling missing data, normalizing variables, and performing
time-series smoothing where necessary. Data were then segmented into training, validation,
and testing sets to ensure robust evaluation.

o  Feature Engineering

Relevant predictors such as temperature, humidity, wind speed, and historical pollu-
tant concentrations were selected. Lag features and rolling statistics were introduced to
capture temporal dependencies and enhance model performance.

e  Model Architecture Design

The LSTM model was constructed using one or more stacked LSTM layers, followed
by dense layers for regression output. Hyperparameters such as the number of units,
learning rate, batch size, and sequence length were optimized through experimentation.

e  Model Training

The model was trained using a suitable optimizer (e.g., Adam) and a loss function
such as Mean Squared Error (MSE). Early stopping and dropout regularization were
implemented to prevent overfitting.

e  Model Evaluation
Performance was assessed using metrics such as Root Mean Squared Error (RMSE).
e  Model Deployment and Interpretation

After training, the best model was deployed for forecasting. Feature importance and
temporal sensitivity analysis were conducted to assess model interpretability. More details
on the model deployment can be found in [24-27].

Optimizing feature engineering for air quality prediction requires transforming raw
environmental observations into informative inputs that effectively represent the complex
and non-linear behaviour of atmospheric pollutants. Important optimization strategies
include incorporating temporal dependencies, modelling interactions among pollutants,
and applying automated feature selection techniques. Because air quality is strongly influ-
enced by recent atmospheric conditions, refining these features enables predictive models
to better identify both short-term pollution episodes and long-term variation patterns.

All raw data acquired from the open-access database were integrated into a unified
dataset and subjected to preprocessing procedures, including the identification and treat-
ment of missing values and the encoding of categorical variables. The processed dataset was
subsequently divided into training and testing subsets to facilitate model development and
evaluation. A Long Short-Term Memory (LSTM) neural network was then implemented
to predict PM; 5, SO,, and NO; concentrations. The overall methodological framework
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employed for pollutant prediction is illustrated in Figure 3. Model performance was as-
sessed by comparing observed and predicted pollutant concentrations using the Root Mean
Square Error (RMSE) and Mean Absolute Error (MAE) metrics. To optimize predictive
performance, key hyperparameters, including the learning rate, number of training epochs,
and batch size, were systematically adjusted.

Raw datasets

PM, ., NO,, SO,

Post-processing

Split data

A

Training set Test set

Long short-term
memory model

I

Model prediction and
Evaluation ofthemodel | .|
(RMSE,MAE)

Figure 3. Workflow for predicting pollutant concentration and the air quality index (AQI) using the
LSTM model.

The LSTM model was trained on a comprehensive dataset spanning 1 July 2018 to
25 November 2025 and forecasted for 26 November 2025. This period provides a rich record
of atmospheric parameters and pollutant concentrations necessary for accurate air quality
forecasting. By leveraging several years of historical observations, the model can capture
long-term trends, seasonal variability, and complex temporal dependencies in the data.
Such an extended and diverse training dataset enhances the model’s ability to generalize
effectively, resulting in more reliable predictions for PM; 5, SO, NOy, and the Air Quality
Index (AQI). Table 1 summarizes the architecture and hyperparameter configuration of the
LSTM model used for pollutant and air quality prediction. The model consists of LSTM and
dense layers designed to capture temporal dependencies in the pollutant concentration data.
Key training parameters, including the input shape, optimizer, learning rate, batch size, and
number of epochs, were selected through experimental tuning to achieve optimal predictive
performance. These settings enabled the model to effectively learn the underlying patterns
in the time-series data and improve prediction accuracy.

Table 1. Architecture and Hyperparameter Configuration of the LSTM Model.

Component Configuration

Model Type Long Short-Term Memory (LSTM)
Input Shape (3615, 1)

Input Features PM; 5, SO,, NO,, AQI
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Table 1. Cont.

Component Configuration

LSTM Layer 1 64 units, return sequences = True
Dropout Layer 1 0.2

LSTM Layer 2 32 units, return sequences = False
Dropout Layer 2 0.2

Dense Layer

16 units, ReLU activation

Output Layer 1 unit, Linear activation
Loss Function Mean Squared Error (MSE)
Optimizer Adam

Learning Rate 0.001

Batch Size 32

Epochs 50

Validation Split 30%

Evaluation Metrics RMSE, MSE

4. Results and Discussion
4.1. Spatial Distribution Maps for NO;y, SO, and PM; 5

The NO, observations over South Africa for 25 and 26 November 2025 reveal a
consistent spatial pattern dominated by a prominent pollution hotspot in the north-eastern
interior, corresponding to the Mpumalanga Highveld and parts of Gauteng. Figure 4a,b
show that this region exhibits the highest NO, concentrations, exceeding 25-30 pg/m?
on both days, reflecting persistent emissions from coal-fired power stations, industrial
operations, and dense urban activity. In contrast, the rest of the country displays low
background levels, typically below 5 pg/m?, particularly over the western and southern
regions where major anthropogenic sources are limited. Although the overall pattern
remains stable between the two days, subtle variations in magnitude and spatial extent
are evident, likely influenced by meteorological conditions such as wind transport and
boundary-layer dynamics. Figure 4c, which presents the difference between the original
and machine-learning-predicted fields, indicates that the model reproduces the spatial
distribution reasonably well across most regions, with residuals close to zero over large
parts of the country. However, the largest discrepancies occur within the Highveld hotspot,
where the model tends to underestimate peak concentrations in some areas while slightly
overestimating nearby regions. These mixed residuals reflect the model’s challenge in
capturing sharp emission gradients and highly localized sources. Overall, the figure
highlights both the persistent nature of NO, pollution in South Africa’s industrial heartland
and the strengths and limitations of the predictive model in representing these patterns.

Figure 5 highlights a clear and persistent SO, hotspot, consistent with known in-
dustrial emission regions, and they demonstrate both the strength and limitations of the
prediction model in capturing sharp spatial gradients. Figure 5a,b show that SO, con-
centrations are strongly concentrated in the north-eastern interior, particularly around
the Mpumalanga Highveld, a region dominated by coal-fired power stations and heavy
industry. On 25 November 2025, the hotspot displays elevated SO, values exceeding
60-80 pg/m?3, indicating intense emissions localized around major industrial facilities. On
26 November 2025, the hotspot persists, with slightly higher concentration levels and
broader spatial spread, suggesting either increased emissions or meteorological conditions
that favoured pollutant accumulation, such as lower boundary-layer height or weaker
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winds. Outside of this core region, SO, levels across South Africa remain very low, typically
close to 0~10 pg/m3, reflecting limited industrial sources in the western, northern, and
southern parts of the country. Figure 5c presents the difference between the original and
predicted SO, fields, providing insight into model performance. Residuals are relatively
small across most of the country, indicating that the model captures the broad spatial distri-
bution well. However, large positive and negative differences appear within and around
the SO, hotspot. In some localized areas the model underestimates peak concentrations
(positive residuals up to ~40 pug/m?), while in nearby areas it overestimates concentrations
(negative residuals down to —40 j1g/m?). These alternating residuals point to the difficulty
of accurately predicting SO, in regions with steep emission gradients, rapidly changing
plume structures, or strong point-source influences typical of the Highveld power plant
complex. Overall, the results confirm that the Mpumalanga Highveld remains the dom-
inant SO, emission region in South Africa and underscore the challenges for predictive
models in resolving sharp, localised emission features, even when they perform well on
regional spatial patterns.

(a) 25 Nov 2025 (b) 26 Nov 2025
22.2°5 22.2°5 E o)
o
3
24.7°5 -24.7°S 5 9
=
©-27.2°5 0-27.2°5 0 S
2 2 3
= = =
35.20.8°s 3.20.8°s 13 =
@
32.3° 32.3° 10 3
-34A8°s/¢ vy = Py = P -34.8°S 5
R A -
Longitude Longitude 0
Difference (original-predicted)
10
-22.2°S
(c)

-24.7°S

-27.2°S

Latitude

-29.8°S

-32.3°S =5

o
(gw/8r) uonenuadouo)

-34.8°S

s & & <& -10
A AR M A A
@ 9 P & P 4

Longitude

Figure 4. Spatial distribution of NO, concentrations over South Africa for (a) 25 November 2025 and
(b) 26 November 2025, showing a persistent hotspot over the Mpumalanga Highveld associated with
major industrial and power-generation activities. (c) The difference between the original satellite-
derived NO; fields and the machine-learning-predicted values.

Figure 6a,b both show a prominent PM; 5 hotspot located in the north-eastern inte-
rior, corresponding to the Mpumalanga Highveld. On 25 November 2025, concentrations
exceed 25-30 pg/m? in the hotspot area, with a distinct plume extending eastward and
south eastward. By 26 November 2025, the hotspot becomes even more pronounced; con-
centrations increase and the polluted region expands spatially. The broader spread and
slightly higher values on the 26th of November may reflect changes in meteorological
conditions—such as reduced dispersion, shifts in wind direction, or a shallower planetary
boundary layer—allowing particulate matter to accumulate more readily. Across the rest
of the country, PM, 5 concentrations remain low, typically below 5-10 pg/m?3, consistent
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with lower emission activity outside the Highveld and major metropolitan areas. Figure 6¢
presents the difference between the original and predicted PM; 5 fields, offering insight
into model performance. The residuals are generally small across most of the country,
indicating that the model captures the broad spatial pattern reasonably well. However,
the largest discrepancies occur around the Highveld hotspot, where some locations show
positive residuals (original > predicted), meaning the model underestimates peak concen-
trations. Other nearby areas show negative residuals, indicating overestimation. These
alternating patterns of under- and over-prediction are typical in regions of strong point-
source emissions and steep pollutant gradients, where minor shifts in plume structure or
spatial variability can lead to noticeable deviations. Overall, the results confirm that PM; 5
pollution in South Africa during this period is heavily concentrated in the industrialized
Highveld, while most other regions experience relatively clean conditions. The prediction
model performs well at reproducing national spatial patterns but faces challenges in areas
where emissions are highly localized and atmospheric processes increase variability.
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Figure 5. Spatial distribution of SO, concentrations over South Africa for (a) 25 November 2025 and
(b) 26 November 2025. (c) The difference between the original satellite-derived SO, fields and the
machine-learning predictions.

4.2. Spatial Distribution Maps for AQI

Figure 7 presents the Air Quality Index (AQI) classification over South Africa for
25 November 2025 (original data) and 26 November 2025 (predicted data), highlighting
how pollutant levels translate into potential health impacts across different regions. The
results clearly show strong spatial contrasts, with most of the country experiencing good
air quality while a concentrated region in the interior exhibits degraded conditions. In
Figure 7a, the majority of South Africa is categorized as “Good” (green), indicating low
pollution levels and minimal health risk. However, a pronounced hotspot appears in the
north-eastern interior, centered over the Mpumalanga Highveld and extending slightly
into Gauteng. This region contains the country’s largest cluster of coal-fired power plants
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and industrial activities, which strongly influence local air quality. Within this hotspot, AQI
values escalate from “Moderate” (yellow) to “Unhealthy for Sensitive Groups” (orange)
and “Unhealthy” (red). The core of the hotspot even reaches “Very Unhealthy” (purple),
suggesting a high level of pollution capable of affecting the entire population, not only
vulnerable groups. This pattern aligns with elevated pollutant concentrations observed
for SOy, NO,, and PMj; 5 in previous analyses. The predicted AQI for Figure 7b shows a
very similar spatial structure, indicating that the machine-learning model effectively repro-
duces the hotspot’s form and intensity. The Highveld region again exhibits widespread
zones classified as Unhealthy, and pockets of Very Unhealthy, with some peripheral ex-
pansion into areas previously showing lower AQI categories. This slight broadening may
reflect day-to-day changes in meteorological conditions that favour pollutant accumulation
or transport, such as shifts in wind direction or lower atmospheric mixing. The good
agreement between the original and predicted spatial patterns demonstrates the model’s
capacity to capture both the geographical extent and severity of pollution levels. Overall,
the results highlight that while most regions in South Africa maintain good air quality, the
Mpumalanga Highveld remains a persistent and severe air-pollution hotspot, with AQI
levels regularly reaching thresholds associated with significant public-health risks. The
similarity between the observed and predicted distributions further confirms the model’s
strong performance in forecasting air-quality categories across the country.
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Figure 6. Spatial distribution of PM; 5 concentrations over South Africa for (a) 25 November 2025
and (b) 26 November 2025. (c) The difference between the original PMj 5 fields and the machine-
learning predictions.

4.3. Model Performance and Error Analysis

The error analysis results, summarized in Table 2, provide a quantitative assessment of
the machine-learning model’s ability to reproduce the spatial patterns of SO,, NO;, PM; 5,
and AQI over South Africa. Overall, the very small error values across all variables indicate
strong model performance and good agreement between the original satellite-derived fields
and the predicted outputs. The RMSE (Root Mean Square Error) values for all pollutants
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are extremely low, with PM; 5 showing the smallest error (0.0021) and AQI the largest
(0.0204). These magnitudes reflect that the model captures pollutant concentrations with
high precision, particularly for PM; 5, where the model’s predictions closely follow the
observed gradients. Similarly, the MSE (Mean Square Error) values are near zero for all
variables, again demonstrating minimal deviation between predicted and original values.
Among the pollutants, SO, and NO, exhibit slightly higher RMSE values relative to PM; 5,
which is expected given the sharp spatial gradients and highly localized emission sources
associated with these gases. Their plumes often vary abruptly over small distances, making
them more challenging for models to predict perfectly. The comparatively larger RMSE
for AQI (0.02039) is also reasonable, as AQI integrates multiple pollutants into categorical
air-quality levels. Any small deviation in predicted pollutant concentrations can shift cells
from one AQI category to another, increasing the apparent error even if the underlying
concentration data remain highly accurate. Despite this, the AQI error values remain low,
reflecting strong model skill in reproducing health-based air-quality classifications. Overall,
the results confirm that the predictive model performs very well, with extremely small
RMSE and MSE values across all pollutants and AQI. The model effectively captures both
the magnitude and spatial distribution of air-pollution patterns, and the modest deviations
observed for gases with steep gradients (SO, and NO,) are expected and do not detract
from the model’s overall reliability.

(a) original AQI for 2025-11-25 (b) Predicted AQI for 2025-11-26

22°5 Hazardous
24°S
26°S
28°S Very Unhealthy
30%S Unhealthy
32°S .
Unhealthy for Sensitive Groups
34°S

Moderate

17°30°E

22°30°E

27°30E  32°30°E 17°30E  22°30E  27°30E  32°30°E
Good

Figure 7. Air Quality Index (AQI) classification over South Africa for (a) the original AQI on
25 November 2025 and (b) the machine-learning-predicted AQI for 26 November 2025.

Table 2. Root Mean Square Error (RMSE) and Mean Square Error (MSE) values for SO,, NO,, PM; 5,
and AQ], illustrating the overall prediction accuracy of the LSTM model.

Variable RMSE MSE
SO, 0.01616764797007 0.0002628326944634
NO, 0.01181624955378 0.0001395414387
PMy 5 0.0020567375749126217 4.230169452057453 x 10~°
AQI 0.020390 0.000416

5. Conclusions

The analysis of satellite-derived and LSTM-predicted air-quality fields for South Africa
demonstrates that the model effectively captures the spatial distribution and intensity of
key pollutants, including SO,, NO,, PMj; 5, and the resulting AQI classifications. Across all
variables, the results consistently highlight the Mpumalanga Highveld as the dominant
pollution hotspot, driven by concentrated coal-fired power generation and industrial
activities. This region repeatedly exhibits elevated pollutant levels and degraded air quality,
while most other parts of the country maintain comparatively clean conditions.
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The strong agreement between the original and predicted fields—visible in the spatial
maps and confirmed by the very low RMSE and MSE values—indicates that the model
reliably reproduces both the magnitude and spatial variability of air-pollution patterns.
Although minor discrepancies occur in areas with sharp emission gradients and highly
localized plumes, these differences are expected and do not significantly affect the overall
performance. The model’s ability to replicate AQI categories further reinforces its robust-
ness, even when translating pollutant concentrations into health-based classifications.

Opverall, the findings demonstrate that the LSTM provides an accurate and reliable tool
for predicting air-quality conditions over South Africa. Its strong performance suggests that
it can support operational air-quality forecasting, environmental monitoring, and policy-
relevant assessments, particularly in regions where pollutant exposure poses persistent
health risks.
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