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Abstract

This study aims to evaluate and compare the performance of Autoencoders (AEs) and
Sparse Autoencoders (SAEs) in forecasting the next-hour concentration levels of various
air pollutants—specifically NO;(t + 1), PMjg(t + 1), and SO;(t + 1)—in the Bay of Algeciras,
a highly complex region located in southern Spain. Hourly data related to air quality, mete-
orological conditions, and maritime traffic were collected from 2017 to 2019 across multiple
monitoring stations distributed throughout the bay, enabling the analysis of diverse fore-
casting scenarios. The output variable was segmented into four distinct, non-overlapping
quartiles (Q1-Q4) to capture different concentration ranges. AE models demonstrated
greater accuracy in predicting moderate pollution levels (Q2 and Q3), whereas SAE models
achieved comparable performance at the lower and upper extremes (Q1 and Q4). The
results suggest that stacking AE layers with varying degrees of sparsity—culminating in a
supervised output layer—can enhance the model’s ability to forecast pollutant concentra-
tion indices across all quartiles. Notably, Q4 predictions, representing peak concentrations,
benefited from more complex SAE architectures, likely due to the increased difficulty
associated with modelling extreme values.

Keywords: deep learning; autoencoders; air quality forecasting; NO,; SO,; PMjg;
concentration forecasting

1. Introduction

Air pollution forecasting has become a crucial environmental and public health issue
worldwide. Urban and industrial regions face increasing challenges in predicting pollutant
concentration dynamics due to complex emission sources and meteorological interactions.
Among the various forecasting methods, deep learning (DL) models have shown promise
for capturing the non-linear dependencies between variables across different geographic
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contexts [1-3]. The primary objective of this research is to predict future pollutant concentra-
tion levels in the Bay of Algeciras using machine learning techniques. In this complex zone,
an important port is located with all the harbour and land operations that this entails. Nu-
merous investigations have been conducted to evaluate the correlation between vessel data
and air pollution in ports [4-7]. In the study [8] from August 2009 to March 2010, particulate
matter (PM) was collected close to the container terminals in the port of Hong Kong, and
results showed that ship emissions accounted for 7% of PM; 5 which supposed a 25% of the
total mass. The authors in their study [9] analyse particulate matter emissions (PM;g and
PM, 5) from a Mediterranean Sea port and find that emissions are significantly higher in the
port than in the surrounding area. Emission sources include ships, port machinery, cargo
handling, and vehicular traffic [10]. Ship emissions are identified as a significant source of
PMj; 5 in the port area [11]. The study developed by [12] measures nitrogen dioxide (NO,)
in the air at six different locations within the port of Barcelona, (Spain) and correlated
to with -term exposure with mental health. Results show higher NO, levels inside the
port, mainly due to emissions from ships and vehicles. Their findings suggested that
short-term exposure to air pollution could have adverse effects on attention performance
and perceived stress in adults. Eco-friendly ports prioritise environmental sustainability
and economic advancement, endeavouring to minimise their carbon footprint and negative
influence on the environment. This usually entails incorporating eco-friendly technologies,
energy-efficient systems, and the utilisation of renewable energy sources [13,14]. The five
primary focus areas of environmentally conscious port operations are hazardous waste
management, air pollution control, water pollution control, noise pollution reduction, and
energy efficiency. Developing an eco-friendly port that balances environmental concerns
and economic necessities is a strategic objective for numerous ports. Additionally, another
study evaluates the impact of shipping on air pollution in the port of Hamburg [15]. It
finds that shipping emissions are a significant contributor to air pollution in the port, with
particulate matter being the most problematic pollutant. The study emphasises the need to
reduce shipping emissions for improving air quality in port cities [16]. The study presented
by [14] developed a novel approach for forecasting marine traffic in ports for air pollution
assessment purposes. The proposed method integrates the Automatic Identification System
(AIS) data of historical vessel trajectories to predict future ship arrivals and departures. The
approach was tested in the port of Livorno, Italy, and the results showed that the forecasted
ship movements were accurate, and the method was able to provide reliable estimates of
pollutant emissions from the ships. The authors suggested that this approach could be use-
ful for developing proactive air quality management strategies in ports and for supporting
decision-making processes aimed at reducing air pollution from maritime transport. In
addition, some studies have used AIS data to analyse ship activity in a specific port [17-19]
and assess its impact on air and water pollution. Other studies have used mathematical
and statistical models to analyse the relationship between ship loading and pollution in
ports [18,20]. Another study that discusses the various factors that can affect pollution in
a port, making it difficult to make accurate and general predictions, is developed by [11].
The MED Ports conference on 28 April 2022, at the Algeciras Bay Port Authority focused on
green ports. Shipping emissions in Europe have been analysed in previous studies [16,21],
providing the basis for this research in the Bay of Algeciras, southern Spain. This area is
the largest port in Andalusia and the fourth largest in Europe, handling over 100 million
tons of goods annually since 2017. Its combination of industries, roads, and Gibraltar
airport creates a complex air pollution scenario. This study continues previous work on air
quality in the Bay, using sensor data and meteorological information [22,23]. Key variables
identified in [22] are used to estimate hourly pollutant concentrations, while [24] compares
classification models with ANNSs for air quality prediction. Additionally, Ref. [23] analyses
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SO; levels at two monitoring stations to assess the port’s influence. Numerous studies
have employed Deep Learning (DL) methods to analyse air quality in various locations
and situations [25-32]. A full review about air pollution modelling using deep learning is
presented in [29]. Another study, Ref. [25], aimed to develop air pollution architectures us-
ing DL techniques for predicting future results. Spatiotemporal correlation was suggested
in [26] by utilising stacked autoencoder (SAE) to obtain intrinsic features that could predict
air quality in all stations simultaneously. The prediction accuracy of pollutant concentra-
tions can be improved by combining Bidirectional Long Short-Term Memory (Bi-LSTM)
with an autoencoder layer [27]. In Ref. [28], a comprehensive review of the application of
deep learning to air quality forecast is presented, which includes various deep network
architectures such as convolutional neural networks, recurrent neural networks, LSTM
neural networks, and spatiotemporal deep networks. Furthermore, Ref. [33] developed an
LSTM method to forecast air pollutants in the Bay of Algeciras. An autoencoder model was
used in [31] to forecast pollution, which is an interesting application of deep Learning. DL
is a subfield of machine learning that has gained significant attention in recent years from
both academia and industry due to its ability to design alternative ways of learning the
relationships between inputs and outputs through many connections [32,34,35]. There are
very few studies that employ autoencoders in this field, and hence, one of the objectives is
to evaluate the effectiveness of autoencoders for air pollution forecasting, particularly in
this challenging scenario. Amongst them, we can find the research of [29,36,37]. There are
several main reasons why predicting future values of these air pollutants can be important:

1.  Health impact assessment: NO;,, PMjy and SO, are air pollutants that can have
harmful effects on human health, particularly respiratory health. By predicting future
levels of these pollutants, health authorities and policymakers can assess potential
health impacts and take action to reduce exposure and mitigate risks.

2. Environmental monitoring: Predicting future levels can be an important part of
environmental monitoring and management. By understanding how pollutant levels
are likely to change over time, environmental managers can take action to reduce
emissions and protect air quality.

3. Regulatory compliance: In many countries, there are regulations and standards for
air quality that limit the levels of these air pollutants that are allowed. Predicting
future levels of these pollutants can help ensure compliance with these regulations
and avoid penalties or other consequences for non-compliance.

Despite the progress in machine learning for air quality forecasting, most existing
studies rely on either traditional regression models or deep recurrent networks such as
Long Short-Term Memory (LSTM), which primarily capture temporal dependencies but
neglect latent spatial correlations among variables. Recent developments have demon-
strated the strong potential of hybrid Deep Learning architectures (e.g., Autoencoders-Long
Short-Term Memory (AE-LSTM), Convolutional Neural Network-Long Short-Term Mem-
ory (CNN-LSTM), Transformer-based models) to improve pollutant forecasting accuracy.
Studies such as [1-3,37,38] highlight that autoencoders enable feature compression and de-
noising, while LSTM networks capture temporal dependencies. However, the combination
or comparative performance of AE versus Sparse AE in port environments remains largely
unexplored, which constitutes the main novelty of this work. Furthermore, few works focus
on highly heterogeneous port-industrial regions, where emissions are influenced by both
maritime and industrial sources [22-24,33]. This study contributes to filling this gap by
applying and comparing Autoencoder (AE) and Sparse Autoencoder (SAE) architectures to
model pollutant concentration quartiles, capturing intrinsic features from both meteorolog-
ical and port activity data. This paper presents a deep learning approach for predicting air
pollution using a stacked autoencoder (SAE) to create a spatiotemporal prediction frame-
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work that accounts for variable relationships in the dataset. The model predicts pollutant
levels (NOy, PMjy, and SO;) in Algeciras (Spain) and demonstrates prediction accuracy.
An autoencoder is a neural network designed to reproduce its input at the output; when
the hidden layer has fewer neurons than the input, it learns a compressed representation.
The structure of a stacked autoencoder has been detailed in [39], where it was applied to
air quality prediction, showing that predicted pollutant values closely follow observed
patterns and align with the Air Quality Index (AQI) across multiple locations. Many pieces
of research have been carried out by using a mathematical tool to find out the Air Quality
Index (AQI) [40—44] which is very easy to understand and converts different air pollutants
concentrations to a single number in an area. AQI combines many pollutants concentra-
tions in some mathematical expressions to give a specific value for air quality. AQI is a
solution to protect and prevent the public from air pollution health risk. The AQI provides
comprehensive data of current air contaminants in a particular location. Based on AQI, an
area can be categorised as good, satisfactory, moderately polluted, poor, very poor, and
severe. There are significant differences in the AQI models developed across the various
countries. The different countries adopt different concentrations of air quality parameters
in the empirical equations of AQI models. Different Air Quality Indexes in several countries
are presented in [45], explaining that the lack of synchronisation and standardisation of
these indexes makes interpretation difficult. Different AQI models have been identified
based on types and number of pollutants, their averaging time, standardisation function,
and aggregation functions [44]. Nevertheless, also it is possible to use predictions of the
pollution level of each air pollutant. The concentration levels are important to air quality
studies because they report the actual concentrations of each air pollutant and their degree
of pollution and effects. In the study by [41], the negative impacts in coastal areas of several
harbour activities are mentioned considering the lower and higher level of concentrations
of NO,, PMyy, and SO;. These authors concluded that the highest concentrations of NO,
and PM;( were found in Europe while SO, concentrations were considerably reduced due
to their mitigation strategies adopted across Europe and emphasised that there is a lack of
standardisation in order to compare AQIs in different locations.

This paper is structured into four sections: Introduction, Materials and Methods,
Discussion, and Results.

2. Materials and Methods
2.1. Materials

This case study takes place in the Bay of Algeciras (Spain), located in the Strait of
Gibraltar, an area with unique meteorological conditions and complex pollution due to
chemical industries, the large port of Algeciras, and Gibraltar airport. The meteorological
and pollutant data were provided by the Andalusian Government, which operates sixteen
pollutant monitoring stations and five weather sensors (Figure 1), calibrated for capturing
pollutant levels and atmospheric conditions. Additionally, vessel data in gross tons (GTs)
were supplied by the Algeciras Bay Port Authority. The dataset includes meteorologi-
cal measurements, various air pollutants, and vessel information, recorded hourly from
1 January 2017, to 31 December 2019, totalling 26,280 hourly records across 131 variables.
The dataset spans from January 2017 to December 2019, which corresponds to the last
period of uninterrupted and homogeneous data availability across all monitoring stations.
Subsequent years include several data gaps due to equipment maintenance and disrup-
tions during the COVID-19 pandemic, hence they were excluded to preserve temporal
consistency. The initial phase involved data preprocessing, including standardisation and
the imputation of missing values through ANN models, as successfully applied in previous
studies [22]. Output variables (NO,, PMjg, and SO,) were divided into quartiles (Q1-Q4)
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according to cumulative probability thresholds of 0.25, 0.5, and 0.75, defining the intervals
[0-0.25), [0.25-0.5), [0.5-0.75), and [0.75-1]. Table 1 summarises all variables, their units,
and the monitoring stations. A key variable in the dataset is vessel traffic, obtained from
the Port Authority of Algeciras, which registers approximately 100,000 ships annually. This
database was converted into a time series representing gross tonnage per hour (GT/h) and
standardised with the rest of the variables. Air quality data from the Algeciras station
were modelled using vessel traffic, meteorological parameters, and pollutant levels from
15 surrounding stations (see Table 1). The dataset was structured in an autoregressive
format to predict pollutant concentrations at time (t + 1) from current conditions (t). Model
performance was assessed through confusion matrices for the four-class problem (one
per quartile). The 4 x 4 matrix (Table 2) was converted into a 2 x 2 matrix (Table 3) to
compute accuracy, precision, sensitivity, and specificity (Equations (1)—(4)). Although a
composite air quality index (AQI) could be derived from the predicted pollutant levels,
separate models were retained to allow port authorities to apply targeted operational
actions, such as adjusting ship locations, managing truck or road traffic, and mitigating
pollution dispersion under specific meteorological conditions.

THE BAY OF
ALGECIRAS

Figure 1. Location of the monitoring stations (m.s.). [1-16 pollutant m.s.; W1-W5 weather m.s.].
Source: Google Earth and authors” own elaboration.

Table 1. Variables of the study and their monitoring stations.

Type Variables Units Stations
SO2I NOZ/ NOX/ PM245I PMlO/ CO/ COZ/ 031 3 _
Pollutants Toluene, Benzene, Ethylbenzene. ng/m 1-16
Wind speed, Wind direction, solar radiation, 2
Meteorological relative humidity, atmospheric, pressure, Km/h, Deggees, Wém , or WI1-W5
. hPa, °C,1/m
temperature, rainfall
Ships Vessels tonnage GT/h Port Authority database
Table 2. Multi-Class Confusion Matrix (C(i,j)).
Real Class
1 C(1,1) C(1,2) C(1,3) C(1,4)
2 C@21 C(2,2 C(2,3 C(24
Predicted Class @D @2 @3) @4
3 C(3,1) C(3,2) C(3,3) C(34)
4 C(@4,1) C4,2) C(4,3) C4,4)

Quartile/class 1 2 3 4
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Table 3. Equivalent Multi-Class Confusion Matrix.
Real Class
TP = C(i,i); FP =sum(C(i,:)) — C(i,1);
Predicted Class ( ) — ( ( ) (1)
FN = sum(C(:,i)) — C(i,i); TN = sum(sum(C(:,i))) — (TP + FP + FN);

2.2. Methods
2.2.1. Quality Measurements

In this study, the results obtained refer to the hourly concentration predictions (pg/m?)
of NOy, PM;g and SO, obtained from the AE/SAE models using as inputs meteorological
variables (temperature, wind speed, humidity, etc.), vessel activity (gross tonnage per hour),
and pollutant levels at surrounding monitoring stations.

A multiclass confusion matrix [46] was calculated as Tables 2 and 3 show. Using
this table, that contrasts predicted labels against true values, categorising the outcomes
into True Positives (TP): Cases correctly classified as positive, False Positives (FP): Cases
incorrectly classified as positive, True Negatives (TN): Cases correctly classified as negative
and False Negatives (FN): Cases incorrectly classified as negative.

True-positive (TP) and true-negative (TN) results are correctly classified, while false-
negative (FN) and false-positive (FP) results represent errors, as defined in the literature [47].
From this matrix, various evaluation metrics can be calculated, such as accuracy, recall
(sensitivity), specificity, precision (see Equations (1)—(4)).

Accuracy: It measures the proportion of correct predictions over the total number of

cases (Equation (1)).
TP+ TN
TP+TN+FP+FN

Sensitivity/Recall: It measures the model’s ability to find all the true positives
(Equation (2)).

1)

Accuracy =

TP
TP+ FN
Precision: It indicates how many of the positive predictions are actually positive
(Equation (3)).

Sensitivity / Recall = 2)

.. TP
Precision = TP+ FP TP 3)

Specificity: It evaluates how well the model identifies negative cases (Equation (4)).

TN

_— 4
TN+ FP @)

Specificity =

2.2.2. Autoencoders

Autoencoders (AEs) are neural networks designed to replicate input data at the output
with minimal distortion and play an important role in machine learning. They were first
introduced in the 1980s by Hinton and the Parallel Distributed Processing (PDP) group [48],
using the input data as “supervision”. AEs are a fundamental paradigm of unsupervised
learning, where local synaptic changes can lead to coordinated global learning [49]. An AE
consists of an encoder, which transforms the input into an internal representation, and a
decoder, which reconstructs the original data from this representation. During training, the
network adjusts its weights and biases to minimise the difference between the original and
reconstructed data. The hidden layer produces the encoded data: if the number of hidden
neurons (NH) is smaller than the input dimension (D), the code is compressed; if NH > D,
a sparse representation is obtained [50,51]. The loss function E (Equation (5)) measures
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the reconstruction error, combining mean squared error, L2 regularisation Qyejgnss, and
sparsity regularisation Qpgysity, With L2 helping to set the parameters A and g [52].

1t s )2
E= TZt:l ]121 (xjt — Xjt ) + )\'Qweights + :B'Qsparsity (&)

L () ©

1 L
Qweights = EZ

e P 1-p
Osparsity = 3, p~log(7) +(1- p)~log<1 — &) )
i=1 pi pi

The L2 regularisation term in Equation (6) sums the squared elements of the weight
matrices for each layer, while the sparsity regulariser in Equation (7) encourages sparse
representations in the hidden layer, with average neuron activation p; and target p. Au-
toencoders (AEs) are unsupervised networks that replicate input at the output, learning an
intermediate representation in a different dimensional space. This study compares Sparse
Autoencoder (SAE) and AE performance, showing that SAE can extract specific features
from the input, whereas AE cannot, though both reproduce the input at the output. Both
networks were trained independently until the validation error reached a minimum. A
stacked configuration with two autoencoder layers followed by a supervised layer was
used to predict air pollutant concentration quartiles. Preprocessing included imputing
missing values and normalising variables. Two autoencoders of dimensions NH; and NH,
were trained and combined into a stacked AE (Figure 2), then used in testing with the
supervised layer to predict the future signal (Figure 3).

R
5 o —_ y(t+1
N '8 8 ¥( )
2 °
2 -5
i Loy
X Yy
L~
Output
Database Input layer
mxn layer

Hidden layer
(feature activations)

Figure 2. Autoencoder/Sparse Autoencoder scheme. Training stage.

Lt —

IO bl . |
i g8 |—yern
x y

e |
Database Input
mxn layer

o
g
o

Figure 3. Autoencoder/Sparse Autoencoder scheme. Test stage.
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2.2.3. Grid Search

Grid search is a hyperparameter optimisation method [53] that exhaustively evaluates
models for all combinations within a predefined hyperparameter space. Since hyperpa-
rameters are set before training, the method systematically explores the grid until the best
combination is found. It is most effective when the number of hyperparameters is below
seven (M < 7) and the search limits are well defined. Although simple and effective, grid
search can be computationally expensive [53].

Figure 4 illustrates movement within 1D, 2D, and 3D hyperparameter grids, where
unevaluated neighbouring cells are explored to improve performance metrics such as
MSE. Previously analysed cells were skipped, and to avoid local minimum, the process is
repeated 20 times. Unlike conventional autoencoders used for dimensionality reduction, in
this work, the stacked AE/SAE is configured to classify pollutant concentration quartiles,
enabling the model to focus on distinct pollution intensity regimes. Furthermore, the grid
search was tailored to optimise sparsity parameters jointly with layer size, which has not
been previously applied in environmental forecasting models.

* i3 5
) T
o TRl > |* [~ H ]
i 3D | 2
1
L
e i b
R

(@) (b) (o)

Figure 4. (a—c). Grid search scheme 1D (a), 2D (b) and 3D (c). Illustration of the grid-search procedure
in 1D (a), 2D (b), and 3D (c), where the search space expands from a line to a plane and a full 3D grid,
and each point in the corresponding space is evaluated.

3. Results

A comparative analysis among multiple autoencoder architectures was carried out us-
ing a grid search-based experimental framework. For each configuration of NH; and NH,
parameters, a confusion matrix was computed. The initial 4 x 4 multiclass matrix (Table 2)
was converted into an equivalent 2 x 2 matrix (Table 3) to calculate standard classification
metrics (sensitivity, specificity, accuracy, and precision) following Equations (1)—(4) for each
quartile. This allowed an independent evaluation of classification performance per quartile;
for instance, Q1 compared correctly and incorrectly classified samples against the remain-
ing quartiles. The Euclidean distance from an ideal classifier (d;) was also obtained, and the
entire experiment was repeated twenty times to ensure consistency. Statistical differences
among model groups were analysed with Friedman and Bonferroni post hoc tests [54].
Mean SO, values (Table 4) were derived using 2017-2018 data for training and 2019 for
testing. A Multiple Linear Regression (MLR) model served as a baseline for comparison.
Stacked autoencoder hyperparameters were optimised through grid search, including L2
weight regularisation, sparsity constraints, and sparsity proportion. The first AE reduced
the original 130-dimensional inputs to NH; features, and the second compressed them to
NHjy, followed by a supervised layer that classified the NH; vectors into four pollutant
concentration categories (Q1-Q4). Overall, non-sparse models (5-75 neurons) provided
better SO, predictions, while a sparse 200-neuron configuration performed best for Q4,
suggesting that higher concentration peaks require a more complex network.
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Table 4. Classification outcomes for SO, corresponding to each quartile prediction interval (Q1-Q4).
NH; = {50, 75, 200, 500} and NH; = {5, 10, 50, 150}. In each quartile, the best-performing model has
been highlighted in bold.

. Neurons pe e . .
Quartile/Class Sensitivity Specificity Precision = Accuracy Dist. dy

NH; NH,

MLR 0.870 0.656 0.709 0.457 0.716

1 50 5 0.889 0.883 0.886 0.868 0.238

Q 75 50 0.897 0.884 0.890 0.869 0.231

200 5 0.887 0.888 0.888 0.875 0.231

500 150 0.886 0.896 0.891 0.885 0.221

MLR 0.161 0.754 0.581 0.176 1.271

50 5 0.498 0.900 0.799 0.622 0.667

Q2 75 5 0.534 0.904 0.816 0.630 0.630

200 5 0.495 0.894 0.798 0.597 0.686

500 50 0.423 0.898 0.753 0.645 0.728

MLR 0.136 0.755 0.575 0.146 1.309

50 10 0.543 0.897 0.825 0.575 0.657

Q3 75 5 0.577 0.896 0.836 0.564 0.638

200 5 0.544 0.889 0.824 0.534 0.684

500 50 0.492 0.883 0.804 0.518 0.736

MLR 0.132 0.834 0.633 0.161 1.272

50 10 0.711 0.929 0.908 0.516 0.575

Q4 75 5 0.667 0.940 0.908 0.603 0.529

200 150 0.671 0.945 0.911 0.637 0.501

500 150 0.710 0.936 0.912 0.566 0.534

Table 5 presents the results in the case of PM1y and showed that in general, non- sparse
configurations produced better predictions than sparse configurations of the AE stacker.
Similarly to SO, the prediction of the Q4 quartile is best performed with a sparse AE.

Table 6 presents the results in the case of NO, showing that in general, sparse con-
figurations produced better predictions. It seems that NO; is more difficult to predict
and therefore, a more sparsity setting is needed. The results of the experimental proce-
dure are presented in Tables 4-6, where the top-performing configurations for each class
are highlighted in bold. In the tables, we have the best size of the second autoencoder
model with each first autoencoder size. Then, the best of all is marked in bold, choos-
ing the simplest of all those models that are not statistically significantly different from
the results of the random resampling procedure of 20 replicates. These configurations
were selected using a Bonferroni test with the d; index, which measures the Euclidean
distance to a perfect classifier. The models with the lowest d; values are considered the
best. The Friedman test, which is a non-parametric alternative to the Anova-test, was
used to determine the statistical significance of the differences between the models. When
several models show no statistically significant differences, the most parsimonious one is
chosen according to Ockham’s razor principle. As shown in Table 4, for the Q1 quartile, a
group of at least three models exhibited equivalent performance. Although the 500-neuron
configuration achieved the highest index values, the simpler model with 75 neurons was
ultimately selected as the optimal one. The research by [55] employed a hybrid deep
learning-based method to predict PM;g, achieving impressive results with a coefficient of
determination value of 0.88 and a mean absolute error value of 7.24. On one hand, the
authors in [56,57] determined that the best model among four neural network methods
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(Support Vector Machine (SVM), Gated Recurrent Units (GRUs), LSTM, Discrete Wavelet
Transform (DWT-LSTM)) was the DWT-LSTM, which provided the highest prediction
accuracy and lower errors (MAPE, MAE, RMSE) in all cases. On the other hand, Ref. [29]
applied recurrent neural networks to forecast PM;y and SO, concentration levels, obtaining
a higher R value of 0.883 for SO, compared to 0.673 for PMjj. Deep Autoencoder (DAE)
prediction models for PM; 5 and PM;( were utilised in [58] to determine the optimal set-
tings for the DAE model in predicting PM;g. A Stacked Autoencoder (SAE) architecture
was employed in [29] to capture the intrinsic characteristics of air quality. Compared to
traditional time series prediction models, the SAE model can simultaneously forecast air
quality across all monitoring stations and demonstrates temporal consistency across all
seasons. In [59], a hybrid model that combines the Variational Autoencoder (VAE) with the
Generative Adversarial Network (GAN) was introduced to understand the dynamic spatial
and temporal distribution of pollutants, resulting in accurate predictions. This implies that,
in general, the use of autoencoders improves results, making it a cost-effective tool for large
data-driven predictions. The research by [25] proposed a deep learning architecture and a
SAE model to extract inherent air quality features. The study by [60] used SAE to predict
PM;j concentrations in China. In [61], a deep convolutional autoencoder algorithm was
applied to model the emissions of SO, improving the obtained results using other methods
and highlighting the benefits that deep learning can offer in estimating SO, concentrations
and pollutants emissions in general.

Table 5. Classification outcomes for PMjq corresponding to each quartile prediction interval (Q1-Q4).
NH; = {50, 75, 200, 500} and NH; = {5, 10, 50, 150}. In each quartile, the best-performing model has
been highlighted in bold.

. Neurons e e .
Quartile/Class Sensitivity Specificity Precision = Accuracy Dist. dy
NH; NH,
MLR 0.251 0.410 0.186 0.213 1.920
1 50 5 0.782 0.909 0.687 0.768 0.455
Q 75 5 0.797 0.907 0.685 0.765 0.453
200 50 0.791 0.903 0.676 0.759 0.464
500 20 0.766 0.917 0.689 0.779 0.454
MLR 0.148 0.389 0.154 0.301 1.926
50 5 0.606 0.847 0.687 0.584 0.670
Q2 75 5 0.601 0.846 0.685 0.581 0.675
200 10 0.606 0.843 0.685 0.577 0.676
500 10 0.626 0.831 0.685 0.568 0.672
MLR 0.138 0.393 0.225 0.217 1.931
50 5 0.601 0.886 0.687 0.651 0.625
Q3 75 25 0.614 0.877 0.683 0.640 0.627
200 10 0.622 0.876 0.685 0.640 0.621
500 20 0.639 0.873 0.689 0.641 0.608
MLR 0.213 0.462 0.174 0.252 1.909
1 50 5 0.773 0.936 0.687 0.753 0.462
Q 75 5 0.793 0.931 0.685 0.744 0.460
200 5 0.800 0.931 0.688 0.746 0.453
500 20 0.780 0.941 0.689 0.770 0.447
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Table 6. Classification outcomes for NO, corresponding to each quartile prediction interval (Q1-Q4).
NH; = {50, 75, 200, 500} and NH; = {5, 10, 50, 150}. In each quartile, the best-performing model has
been highlighted in bold.

Neurons e s :
Quartile/Class Sensitivity = Specificity Precision Accuracy Dist. d;

NH; NH,

MLR 0.175 0.426 0.114 0.196 1.932

1 50 20 0.805 0.901 0.671 0.761 0.462

Q 75 50 0.805 0.898 0.671 0.758 0.463

200 5 0.785 0.913 0.678 0.781 0.453

500 10 0.756 0.932 0.686 0.815 0.443

MLR 0.114 0.364 0.164 0.132 1.951

” 50 150 0.562 0.876 0.673 0.620 0.676

Q 75 50 0.565 0.872 0.671 0.613 0.679

200 5 0.587 0.868 0.678 0.615 0.662

500 10 0.653 0.843 0.686 0.601 0.634

MLR 0.108 0.387 0.159 0.131 1.948

3 50 150 0.567 0.881 0.672 0.619 0.672

Q 75 50 0.552 0.887 0.671 0.626 0.678

200 5 0.620 0.865 0.677 0.611 0.6458

500 10 0.640 0.866 0.685 0.619 0.624

MLR 0.233 0.512 0.198 0.187 1.899

" 50 150 0.755 0.908 0.673 0.671 0.531

Q 75 50 0.771 0.901 0.671 0.661 0.533

200 5 0.719 0.922 0.678 0.696 0.529

500 10 0.686 0.936 0.686 0.729 0.523

The differences between Autoencoder (AE) and Sparse Autoencoder (SAE) in accuracy,
sensitivity, precision, and specificity for each pollutant (SO,, PMjq, NO,) will be visually
shown using the best model in each case (see Figure 5a—c). This Figure compares the
classification performance of Autoencoder (AE) and Sparse Autoencoder (SAE) models
across pollutants. AE configurations generally achieve higher accuracy for moderate
concentration levels (Q2-Q3), while SAE models perform slightly better at extreme quartiles
(Q4), particularly for NO,. This suggests that sparse architectures may better capture the
non-linear behaviour of pollutants at peak concentrations.

SO: Performance

Sensitivity Specificity Precision Accuracy

@)

Figure 5. Cont.
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Figure 5. (a). Comparative Performance: AE vs. SAE for SO;. (b) Comparative Performance: AE vs.
SAE for PMyg. (c) Comparative Performance: AE vs. SAE for NO;.

The results in this manuscript indicate that the best performing models are those in
general, in classes 1 and 4, with the highest concentration levels being in the fourth quartile
(Q4). Itis interesting to note that the non-sparse autoencoder (AE) configurations performed
the best in quartiles Q1-Q3, while the sparse autoencoder (SAE) was the top performing
model in quartile Q4. It is worth mentioning that if detailed results are needed in some
cases, it may be necessary to obtain detailed results instead of a compressed representation
of the data. This occurs in the case of Q4 quartile where peaks concentrations are collected.
If a more accurate interpretation of the data is needed in some cases, a denser and more
detailed representation of the input data may provide a more accurate interpretation of the
data. This is the case for NO, where, in all quartiles, a sparser configuration is necessary
because good results are more difficult to achieve.

4. Discussion

The results of this study reveal meaningful insights into the effectiveness of
Autoencoder-based models for forecasting pollutant concentration levels in a complex
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industrial and port environment such as the Bay of Algeciras. An examination of the
confusion matrices revealed that most errors occur between adjacent quartiles (Q2-Q3),
indicating that the model neither systematically overestimates nor underestimates pollutant
levels. Misclassifications were slightly more frequent during summer months, coinciding
with higher port activity and temperature inversions, which could suggest hidden exogenous
factors (e.g., increased tourist traffic or wind-shadow accumulation zones). The comparison
between traditional Autoencoders (AEs) and Sparse Autoencoders (SAEs) has shown that
model performance is highly dependent on the pollutant type and its concentration level
(quartile). For pollutants like SO, and PMj, the non-sparse AE configurations provided
slightly better performance across the lower quartiles of concentrations (Q1 to Q3), likely
due to the AE’s capacity to compress information without sacrificing key data relationships.
However, in the Q4 quartile, which corresponds to higher concentration peaks and likely,
more irregular patterns, the sparse autoencoder (SAE) yielded superior results. This may be
explained by the SAE’s capacity to learn more granular features and provide a more detailed
internal representation of data where peak prediction requires a more complex structure.

Interestingly, for NO,, the SAE performed consistently better across all quartiles, sug-
gesting that NO, concentrations may be more volatile or dependent on non-linear and
less obvious patterns within the data. The sparsity constraint likely allowed the model to
better isolate meaningful patterns despite the noise. The classification-based evaluation
using sensitivity, specificity, precision, and accuracy metrics confirmed that the selected
configurations significantly outperform the benchmark MLR models across all pollutants
and quartiles. Moreover, the Bonferroni and Friedman tests provided statistical validation
for the selection of optimal model architectures, supporting the principle of model simplic-
ity (Occam’s Razor) where multiple configurations yielded similar results. These findings
align with previous studies using deep learning for air pollution prediction, such as those
by [52,54], who demonstrated that DL models, particularly when tailored to the pollutant
type, outperform classical methods. Our results further corroborate those observations
while contributing a quartile-based evaluation, which provides a finer understanding
of model behaviour at different pollutant concentration levels. In practical terms, these
insights are especially valuable for real-time decision-making by environmental and port
authorities. Depending on the concentration scenario (e.g., detecting peaks vs. monitoring
baseline levels), different model configurations can be applied to balance computational
cost and predictive detail. Moreover, as shown in this study, future improvements might be
obtained by integrating hybrid architectures, such as SAE-LSTM models, to enhance temporal
feature extraction and peak sensitivity. Although the present study focuses on the Bay of Alge-
ciras, the proposed AE/SAE framework can be generalised to other port or industrial regions
with similar multivariate data structures. By retraining the network with local meteorological
and emission inputs, the model could be adapted to predict air quality in other coastal zones
such as Rotterdam, Hamburg, or Singapore. This adaptability demonstrates the potential for
scalable implementation in port environmental management systems.

5. Conclusions

The primary aim of this research is to develop predictions about future pollutant
concentration levels in the Bay of Algeciras (Spain). This region is notably complex due
to the presence of a major port, involving a multitude of harbour and land operations.
To achieve the objective of this work, which is to predict pollutant levels by using deep
learning techniques (AE and SAE), different configurations of the autoencoder have been
tested considering different number of units in the two encoder layers. The performance of
the models was evaluated considering sensitivity, specificity, accuracy, and precision, as
well as the distance from an ideal classifier (1,1,1,1), applying both Bonferroni and Friedman
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post hoc statistical tests. These models were implemented using the hourly measurements
of air pollutants (NO,, PMy, SO;) from the Algeciras monitoring station in southern Spain,
together with meteorological and additional pollutant data collected throughout the Bay
of Algeciras region. The forecasts of future pollutant levels were obtained under various
hyperparameter configurations and using multiple stacked autoencoder architectures.
The proposed approach achieved accurate predictions of pollutant concentrations, with
the non-sparse AE models performing marginally better for lower concentration ranges
(quartiles Q1-Q3), whereas the sparse autoencoder models yielded comparable accuracy for
higher values (quartile Q4). In summary, a sparse configuration in an autoencoder may be
preferable if detailed results are needed as occurs in the case of Q4 quartile concentrations
prediction. Finally, predicting future values of SO,, PMg and NO; can be important for
assessing health impacts, monitoring and managing the environment, ensuring regulatory
compliance, optimising resource allocation, and understanding the potential impacts of
climate change. Future work will be addressed in using LSTM networks or attention layers
combined with AS/SAE to improve forecasting results. Moreover, future work will be
carried out using newly collected data by deploying portable air quality sensors in the
Bay of Algeciras to validate the model predictions in real time and to assess the model’s
generalisation under unseen meteorological conditions.
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