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Abstract: In the Caribbean basin, particulate matter lower or equal to 10 µm in diameter (PM10)
has a huge impact on human mortality and morbidity due to the African dust. For the first time in
this geographical area, the theoretical framework of artificial intelligence is applied to forecast PM10

concentrations. The aim of this study is to forecast PM10 concentrations using six machine learning
(ML) models: support vector regression (SVR), k-nearest neighbor regression (kNN), random forest
regression (RFR), gradient boosting regression (GBR), Tweedie regression (TR), and Bayesian ridge
regression (BRR). Overall, with MBEmax = −2.8139, the results showed that all the models tend
to slightly underestimate PM10 empirical data. GBR is the model that gives the best performance
(r = 0.7831, R2 = 0.6132, MAE = 6.8479, RMSE = 10.4400, and IOA = 0.7368). By comparing our
results to other PM10 ML studies in megacities, we found similar performance using only three input
variables, whereas previous studies use many input variables with Artificial Neural Network (ANN)
models. All these results showed the features of PM10 concentrations in the Caribbean area.

Keywords: PM10; machine learning; forecast; insular context; Caribbean area

1. Introduction

Due to climate change, the frequency and intensity of natural hazards have increased
over the past century [1]. In the Caribbean basin, this results in an increase in extreme
sand haze events [2,3]. Sand mists have a major health impact on the Caribbean popula-
tion [4]. The African dust is associated with many cardiovascular and respiratory diseases,
prematurity, and a series of infectious diseases [5–9].

To reach the Caribbean area, desert dust travels in a hot and dry layer above the At-
lantic Ocean at an altitude between 1500 and 5000 m, i.e., the Saharan air layer (SAL) [10–12].
Due to the activation of dust sources in Africa, there is a seasonality in desert dust behavior
with a high dust season which typically goes from May to September and a low season
from October to April [13–15]. The particles from these dust outbreaks are found in the
atmospheric boundary layer (ABL) mainly through dry and wet deposition [16]. Recent
studies have shown that air temperature and rainfall are the two parameters that have a
significant impact on the deposition of particles lower or equal to 10 µm in diameter (PM10).
Indeed, there is bidirectional causality between the PM10 and the temperature [17], while
the causality between the PM10 and the rainfall is unidirectional [18]. Thus, during the high
dust season, the high PM10 concentrations increase air temperature values (greenhouse
effect) [19,20] while during the low dust season, the lower air temperatures enhance the
PM10 dry deposition velocity, as the thermal convection of the soil is less significant [21,22].
Regarding the interaction between the PM10 and the rainfall, PM10 are particles too large
to serve as condensation nuclei [23], while the rainfall induces the PM10 wet scavenging
process [18,24], i.e., the transfer of particles from the mixing layer to the surface layer.
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In a complex environment such as the atmosphere, there are many interactions between
the parameters [25]. To forecast PM10 concentrations in the ABL, it is, therefore, necessary
to take into account several variables simultaneously. Traditionally, deterministic methods
and statistical modeling are widely used to forecast PM [14,26–29]. Even though these
approaches sometimes have high validity for prediction, many studies have shown that
these methods cannot correctly simulate data in a complex environment [30–33].

To overcome these drawbacks, machine learning (ML) methods have been intro-
duced [34]. The aim of this framework is to find optimized algorithms based on computa-
tional statistics [35]. Classically, ML methods allow researchers to automatically find the
relevant input variables and develop an optimal model structure within the limits of the
concept of the applied method [36]. Nevertheless, each method has a selective superiority.
In other words, a model that is suitable for one task may not be adequate for another [36].
This is the reason why it is necessary to use several methods to find the one that provides the
best prediction [37]. In the literature, many studies in Europe, China, Korea, and the United
States have already used ML methods to forecast PM10 concentrations [32,35,36,38–46].
To our knowledge, no study has yet used ML models to forecast PM10 concentrations in
the Caribbean area. Unlike other studies that use many predictor variables, here, only air
temperature and rainfall mentioned earlier were used to carry out this study.

2. Data Presentation

In this study, we used the daily averages of PM10 concentrations measured from 2005
to 2012 at the urban station of Pointe-à-Pitre (16.24◦ N–61.54◦ W) located in the center of
Guadeloupe archipelago (16.25◦ N–61.58◦ W), a French West Indies island in the Caribbean
area [20]. A quarter of the population lives in this area where the topography is nearly
flat [47], and concrete buildings do not exceed four floors [48]. The main industrial area
and the largest open landfill on the island are also in the same location [49].

The details on the sensors of the Pointe-à-Pitre monitoring station are described in
Plocoste et al. [50]. The PM10 data were collected by Gwad’Air Agency (https://www.
gwadair.fr/, accessed on 30 November 2022), which manages the Guadeloupe air quality
network. To complement PM10 data, the study also used the daily averages of air temper-
ature (T) and the daily sum of rainfall (RR) from the French center for weather forecast,
Météo-France (https://meteofrance.gp/fr, accessed on 30 November 2022), located at the
international airport of Pôle Caraïbes in the suburban area of Abymes (16.26◦ N–61.51◦ W).
Both time series were previously pre-processed. Hence, no anomalous data were found
due to the validation process performed by Gwad’Air and Météo France. It is important
to emphasize that PM10 and meteorological measurements were made under the same
atmospheric conditions, i.e., in the insular continental regime of the island [51]. Figure 1
shows the simultaneous sequences between PM10, T, and RR time series. At first glance,
one can notice that each time series seems to follow the same behavior.

https://www.gwadair.fr/
https://www.gwadair.fr/
https://meteofrance.gp/fr
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Figure 1. Synchronous measurements of (a) PM10 concentrations, (b) air temperature (T), and
(c) rainfall (RR) from 2005 to 2012.

3. Theoretical Framework
3.1. Machine Learning Models

In the literature, there are several machine learning forecasting techniques for time
series. In this study, six robust methods were used: support vector regression, k-nearest
neighbor regression, random forest regression, gradient boosting regression, Tweedie
regression, and Bayesian ridge regression. All these methods were developed in the scikit-
learn library in Python. In this theoretical framework, these methods are introduced, and
the main parameters to perform the forecasting are presented.

3.1.1. Support Vector Regression (SVR)

SVR is a supervised statistical learning algorithm for regression problems [52]. It aims
to reduce the error by determining the hyperplane and minimizing the range between the
predicted and the observed values by solving Equation (2) of the model [53]. The main
SVR parameters are C and γ which are associated with the kernel function. Firstly, C is
determined by minimizing the following regression equation:

1
2
||w||2 + C

N

∑
i=1

εi + ε∗i → min (1)

where w is the sum of weights that regularize this model, and C is the constant parameter to
define (C > 0), which determines the trade-off between the hyperplane and estimation error.
C depends on the input data; if C is large, the margin of the estimated error will be small
and thus avoids overfitting, whereas if C is small, the margin between the hyperplane and
the estimated error will be large, which means many prediction errors. ε− ε∗ represents the
slack variables defining the distance between the hyperplane margin and the prediction.

The other parameter is determined by solving Equation (1) with Lagrange multipliers
(αi − α∗i ) as [54,55]:

f (x) =
l

∑
i=1

(αi − α∗i ) k (xi − x∗i ) + b (2)

where k (xi − x∗i ) is the kernel function according to the training values, and b is the
bias terms.
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There exist many kernel functions to solve Equation (2). Here, the radial basis function
(RBF) was chosen, as it seems to be the best-adapted function in time series [56]:

k (xi − x∗i ) = exp
(
−γ||xi − x∗i ||2

)
(3)

where γ is the constant parameter to determine the region of similarity. γ is the last
important parameter of this model. If γ is large, the exponential function is close to 0,
which means the region of similarity is small. Conversely, if γ is small, the similarity region
is large.

Using the RBF kernel with a good trade-off between C and γ parameters means a large
C and a small γ should give the best model performance.

3.1.2. k-Nearest Neighbor Regression (kNN)

The kNN algorithm is a popular supervised ML method [57]. This algorithm is based
on the knowledge of neighboring values to make a prediction. Classically, kNN algorithms
are frequently used in time series forecasting due to their simplicity and intuitiveness [58].
To build a kNN model, the entire training data are considered to find the k values closest to
data prediction.

In order to perform this model, a metric distance associated with a decision tree was
used. There are several distances, but the best known and widely used for regression
models is the Euclidean distance:

Euclidean distance =

√√√√ N

∑
i
(xi − x∗i )

2 (4)

where xi − x∗i represents the difference between two points for N data. Thus, the predicted
values are the mean (or median) of the k-output neighbors found.

It is difficult to directly find the best k to use in this algorithm. The best approach is to
try different k values and see which k gives the best result. In other words, many iterations
are performed to find the best k.

3.1.3. Random Forest Regression (RFR)

The RF algorithm developed by Breiman [59] is one of the most used ML methods to
build prediction models. This model is composed of predictor trees, and each tree depends
on the values of a random vector sampled independently and with the same distribution for
all the trees in the forest. The shape of these trees is very important for model performance.
Some important parameters considered for RF accuracy include the following:

• The number of trees in the forest: the more trees we have, the more accurate the model
is. Nevertheless, this increases the time of RF computations;

• Max depth: the depth of each tree;
• Bootstrap: this technique is used in RF to improve the robustness of forecasting.

Bootstrap is performed to reduce the variance in each training sample of a tree. Conse-
quently, this avoids overfitting [60];

• Criterion: a function to measure the quality of a split. Here, the squared error was
chosen in order to minimize the mean-squared error of the current tree given the split.

With these main parameters, each tree has the same distribution and predicts in the
same way. Hence, the final prediction is the average of several tree predictions.

3.1.4. Gradient Boosting Regression (GBR)

GB machines are a family of powerful machine learning techniques that have shown
good results in a wide range of practical applications [61]. Boosting is a method that com-
bines multiple base models to build a cluster, the performance of which can be significantly
better than any other base model [62].
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For this purpose, GBR builds the model in steps using several decision trees with
weak performance and combines them to build an increasingly efficient model. For each
step, GBR solves the following equation:

fm(x) = fm−1(x) + vmhm(x) (5)

where fm−1(x) is the previous prediction, vm is the learning rate that reduces the effect of
each previous tree on the next tree (usually 0 < vm < 1), and hm(x) is the function made
on residuals composed of a loss function.

For continuous data, the loss function is minimized with the following equation:

L =
1
n

n

∑
i=0

(yi − ŷi)
2 (6)

where yi is the training data, ŷi is the data to predict, and n is the feature number.
GBR has many benefits such as the robustness of outliers in the output space using

robust loss functions. It shows a high predictive power and natural processing, but its
computational cost is significant for large databases.

3.1.5. Tweedie Regression (TR)

TR is a technique that belongs to the exponential dispersion model family and is
defined as a generalized linear model. This method is simple and accurate with meteoro-
logical data of distribution Gamma [63]. Tweedie is defined by the following equation with
a variant form:

Var(Y) = ϕµξ (7)

where µ is the mean of the distribution, ϕ is the dispersion parameter, and ξ is the Tweedie
parameter. ξ is chosen according to data distribution. The best-known distributions are
normal (ξ = 0), Poisson (ξ = 1), Gamma (ξ = 2). and Inverse Gaussian (ξ = 3).

According to Smyth [63], for time series as meteorological data, we need to use Tweedie
assuming that the distribution is Poisson–Gamma (1 < ξ < 2).

3.1.6. Bayesian Ridge Regression (BRR)

BRR is a probabilistic model like Bayesian linear regression with a ridge parameter.
The aim of this model is to minimize the squared error between the predicted and ac-
tual observations by adding a ridge parameter a||w||2, which is the sum of the squared
weights [64]:

a||w||2 +
l

∑
i=1

(yi − xi · w)2 → min (8)

where yi is the outcome variable, xi is the parameter variable, w is the sum of the weights,
and a is the accuracy of the weights (0 < a < 1).

3.2. Evaluation of Forecast Performance

ML forecast performance can be evaluated using classical statistical performance
indicators such as Pearson’s correlation coefficient (r), coefficient of determination (R2),
mean absolute error (MAE), mean bias error (MBE), root mean square error (RMSE) and
index of agreement (IOA). r measures how strong the linear relationship is between the
observed and predicted values, R2 represents the proportion of variance explained by the
model, and IOA describes how close the observed and predicted values are. The model
performance is significant when their values are close to 1. MAE, MBE, and RMSE were
applied to quantify the forecast errors, which should be close to zero. r, R2, MAE, MBE,
RMSE, and IOA were computed as follows [41,65–67]:
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r = ∑N
i=1(P̃i − P̄)(Oi − Ō)√

∑N
i=1(P̃i − P̄)2 ×∑N

i=1(Oi − Ō)2
(9)

R2 = 1− ∑N
i=1(P̃i −Oi)

2

∑N
i=1(Oi − Ō)2

(10)

MAE =
1
N

N

∑
i=1
|(P̃i −Oi)| (11)

MBE =
1
N

N

∑
i=1

(P̃i −Oi) (12)

RMSE =

√√√√ 1
N

N

∑
i=1

(P̃i −Oi)2 (13)

IOA = 1−
(

∑N
i=1(P̃i −Oi)

2

∑N
i=1(|P̃i − Ō|+ |Oi − Ō|)2

)
(14)

where P̃i is the predicted value, Oi is the observed value, P̄ is the predicted average value,
and Ō is the observed average value.

4. Results and Discussion
4.1. Data Analysis

To investigate the behavior of PM10, T, and RR in the Caribbean area, descriptive
statistics were first computed. Thus, the mean (M̄), standard deviation (σ), skewness (S),
and kurtosis (K) were chosen to analyze the trend, fluctuation, asymmetry, and intermit-
tency of the studied variables, respectively [68]. Highly intermittent time series have higher
kurtosis values [69]. Table 1 presents the statistical parameters for PM10, T, and RR by year.

Table 1. The arithmetic mean (M̄), standard deviation (σ), skewness (S), and kurtosis (K) of PM10,
T, and RR by year. For PM10-T-RR, M̄ and σ are, respectively, in µg/m3-◦C-mm, while N is the
sample size.

PM10 T RR

Year M̄ σ S K M̄ σ S K M̄ σ S K

2005 (N = 354) 27.3 15.3 2.3 9.1 26.2 1.6 −0.5 2.5 5.4 11.0 3.9 22.3
2006 (N = 358) 27.8 16.6 1.7 5.5 26.1 1.5 −0.3 2.1 4.1 7.7 3.3 15.4
2007 (N = 357) 27.8 17.5 2.5 12.8 26.3 1.4 −0.2 2.1 2.8 5.9 4.2 25.5
2008 (N = 355) 24.9 13.1 3.2 18.3 25.7 1.6 −0.2 2.1 4.4 8.5 3.4 16.2
2009 (N = 365) 24.8 14.5 3.0 14.9 26.1 1.5 −0.1 1.9 3.5 7.7 5.8 47.8
2010 (N = 354) 27.5 19.7 2.9 15.0 26.7 1.3 −0.2 2.2 4.9 11.1 5.3 45.1
2011 (N = 352) 24.4 13.8 2.0 7.3 25.9 1.5 −0.1 2.1 5.8 12.9 5.6 46.5
2012 (N = 351) 28.4 17.2 1.3 3.9 26.2 1.5 −0.4 2.2 3.9 8.7 4.6 29.4

For M̄-σ-S-K, one can notice that T values are more homogeneous than PM10 and RR.
This is due to the fact that T strongly depends on the annual cycle of the earth around the
sun [70], while the highest values of PM10 and RR mainly depend on the African dust
season [12] and the hurricane season [71]. In other words, T variation is strongly linked
to planetary scale phenomena, while PM10 and RR are influenced by the synoptic scale
phenomena. This is the reason why the distribution of T values seems to correspond to a
Gaussian law (S = 0 and K = 3). The annual inter-variability of KPM10 and KRR shows that,
from one year to another, the intensity and duration of sand haze and rainfall can vary
significantly [72,73]. Even if PM10 and RR values are more heterogeneous than those of T,
one can observe that M̄-σ-S are of the same order of magnitude between the years. Thus,
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there is an inter-annual stationarity for T, PM10, and RR. All these results show that the
required statistical conditions were met when setting up the statistical models.

4.2. Machine Learning Process

To apply the six ML models, the dataset was fragmented into two groups, i.e., a learn-
ing set and an evaluation set using the scikit-learn library in Python. For the learning part,
seven years (2005–2012) were selected, while for the evaluation part, one year (2012–2013)
was used. Figure 2 shows a flowchart highlighting the methodology performed to apply
and validate the models.

Figure 2. A flowchart describing the methodology performed to apply and validate the machine
learning models.

As described in Section 3.1, the success of each model depends on the chosen pa-
rameters. In the ML frame, it is crucial to find the proper mix between robustness and
flexibility [36]. After extensive testing, the parameters that provided the best results were
chosen, which are presented in Table 2:

Table 2. Machine learning parameters for the models.

Parameter 1 Parameter 2 Parameter 3 Parameter 4

SVR RBF function C ∼ 1000 γ ∼ 0.01 -
kNN k = 3 Euclidean distance - -
RFR tree number ∼ 100 max depth square error -
GBR Loss function true number ∼ 100 v ∼ 0.1 square error
TR ξ ∼ 1.5 max iter ∼ 100 tolerance ∼ 1× 10−6 -

BRR a ∼ 1 max iter ∼ 200 tolerance ∼ 1× 10−6 -

• For SVR, the kernel RBF was used with a large C (∼1000) and a small γ (∼0.01);
• For kNN, k = 3 using Euclidean distance;
• For RFR, the parameters were chosen according to a trade-off between the time of

process and accuracy. Thus, the bootstrap method was activated with the criterion
squared error for high-quality data slicing. For the best accuracy, 100 trees (tree
number) were specified in the forest with a max depth until all leaves were pure;

• For GBR, the same parameters as those of RFR were used, i.e., 100 trees and squared
error function as the criterion. Furthermore, the squared error function was selected
as a loss function with a learning rate of 0.1 to reduce the effect of the first tree in the
decision tree;

• For TR, the Poisson–Gamma distribution was used. In the literature, numerous studies
have already shown that PM10 data in the Caribbean area do not follow a normal
distribution [14,73];

• For BRR, parameters were chosen to stop the algorithm when the process converged
to ∼1× 10−6.
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4.3. Machine Learning Forecasting

Figure 3 shows the results obtained for the six forecast models. Visually, the forecasts
seem to give satisfactory results.
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Figure 3. Daily PM10 time series predicted by the machine learning models.

All the models followed the seasonal behavior of PM10 linked to the African dust.
By carrying out an analysis of ML curves, we nevertheless identified some mismatches
between the empirical data and the models. For SVR and BRR, the predicted signal did
not reach the maximum PM10 concentrations, and the minimum values were negative.
The maximum predicted PM10 was around 60 µg/m3, while the measured PM10 was
90 µg/m3. kNN exhibited the opposite behavior of SVR. The predicted signal exceeded
the maximum PM10 measured, while the minimum values were positive. For RFR, even if
the predicted PM10 signal tended toward zero when it was needed, the maximum was not
high enough as for SVR (∼60 µg/m3). GBR exhibited the same behavior as RFR, but the
maximum of predicted PM10 was higher (∼70 µg/m3). As for TR, the predicted PM10 had
the same trends as the empirical signal but did not reach these upper and lower bounds.

4.4. Performance Analysis

To qualitatively estimate the robustness of the models, six performance indices were
used. Overall, in Table 3, one can notice that GBR gave the best performance, as it exhibited
the highest values of r-R2-IOA and the lowest values of MAE-RMSE. kNN was the model
with the worst results. For all models, there were small negative values for MBE, indicating
that the prediction tended to slightly underestimate PM10 concentrations. According to
Yang and Yang [64], BRR is a robust model to predict environmental data. R2, MAE, and
RMSE performances obtained in Guadeloupe with GBR were better than those found in
Ankara (Turkey) [44] with artificial neural networks (ANNs), which gave the best results to
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predict PM10 time series (R2 = 0.58, MAE = 14.40, and RMSE = 20.80). In London (United
Kingdom) [43], the values of ANN (r = 0.80 and IOA = 0.74), which also had the best
performance, were also close to those we found.

Table 3. Performance of machine learning models. Bold values indicate the best performance.

SVR kNN RFR GBR TR BRR

r 0.7641 0.6763 0.7524 0.7831 0.7443 0.7666
R2 0.5839 0.4573 0.5661 0.6132 0.5540 0.5877

MAE 7.1298 8.4067 7.2015 6.8479 7.7303 7.4590
MBE −2.8139 −0.4023 −0.2696 −1.1010 −1.2586 −0.5722

RMSE 11.2348 12.4251 10.9713 10.4400 11.3701 10.7435
IOA 0.7259 0.6768 0.7232 0.7368 0.7028 0.7133

It is important to underline that in the previous studies in Ankara and London, many
input variables were used for ML models. In our study, only three variables were used.
These results show the feature of PM10 concentrations in the Caribbean basin. In this area,
high PM10 levels are mainly due to natural large-scale sources, i.e., the African dust [14,15].
Indeed, in the Caribbean islands, the background atmosphere is mainly composed of
anthropogenic pollution and marine aerosols [74–76]. Anthropogenic pollution is low in
Guadeloupe [49]. Without the dust haze that generates high PM10 peaks, PM10 behavior
highlights a form of persistence between 20 and 25 µg/m3, i.e., the fluctuations are weak
(see Figure 3) [77]. In megacities such as Ankara and London, anthropogenic pollution is
high and mainly due to vehicle emissions. By performing a principal component analysis,
Suleiman et al. [43] showed that vehicle emissions are the most important variable to
predict PM10 concentrations. This confirms the results of studies in Europe or China
showing that motor vehicles are considered to be the main source of particles in the ABL
due to heavy road traffic [78,79]. In other words, apart from the fact that PM10 sources
seem more heterogeneous in megacities, the impact of anthropogenic pollution on their
concentrations is more significant than in the Caribbean area.

5. Conclusions

Due to the African dust recurrence in the Caribbean basin and its health impact, it is
crucial to predict PM10 concentrations. To carry out this study, six machine learning (ML)
models were used: support vector regression (SVR), k-nearest neighbor regression (kNN),
random forest regression (RFR), gradient boosting regression (GBR), Tweedie regression
(TR) and Bayesian ridge regression (BRR). In addition to PM10 data as the input parameters
for the models, two climatic parameters that strongly impact African dust deposition in the
ABL were used, i.e., air temperature and rainfall.

The results showed that GBR (r = 0.7831, R2 = 0.6132, MAE = 6.8479, RMSE = 10.4400,
and IOA = 0.7368) was the model with the best performance, while kNN (r = 0.6763,
R2 = 0.4573, MAE = 8.4067, RMSE = 12.4251, and IOA = 0.6768) had the worst performance.
The authors assume that the fact that GBR has a greater ability to predict extreme events
may explain this result. Indeed, dust outbreaks are random events that continuously vary
in duration and intensity. Due to the low heterogeneity of PM10 sources in the Caribbean
islands, significant results were obtained with only three input parameters, whereas in
Europe or China, many parameters are required. All these results clearly highlight the
feature of PM10 concentrations behavior in the Caribbean.

In ML studies, it is important to use several models to perform forecasting. Indeed,
in addition to model specificities, the inherent properties of the time series will also influ-
ence the efficiency of the prediction. Consequently, a PM10 ML model that works perfectly
for one location may perform poorly for another place.

Even if the GBR model yielded significant results, its performance can be improved.
In future work, the first step will be to add other variables that were not available for this
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study, i.e., particles lower or equal to 2.5 µm in diameter (PM2.5) and other meteorological
parameters (solar radiation, wind speed, relative humidity, and pressure).
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