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Abstract

The aim of this study is to investigate the potential, methods, and benefits of applying supervised machine-
learning techniques to enhance deterministic air quality forecasts. These forecasts are produced at the Institute of
Environmental Protection—-National Research Institute using a numerical grid-based model that solves a system of
conservation equations describing atmospheric dynamics as well as pollutant transport and transformation. Four
alternative machine-learning models were tested, yielding similar results. The outcomes indicate the possibility
of achieving a near-perfect forecast at the locations of measurement stations. It also turns out that if the pollutant
concentration values predicted by the deterministic model are not used as features in the machine-learning

model, the quality of the final forecast drops drastically.

1. INTRODUCTION

Asrequired by the Environment Protection Act, the Institute
of Environmental Protection-National Research Institute
(I0S-PIB, hereafter IEP-NRI) carries out a daily nationwide
air quality forecast, which is made available to the public
by the Chief Inspectorate of Environmental Protection
(GIOS) via an online information portal (http://powietrze.
ios.gov.pl). This forecast serves as the basis for air quality
warnings issued by the Government Centre for Security
(RCB). The forecast is produced using a numerical grid-
based model (GEM-AQ; Kaminski et al. [2008]) that solves a
system of conservation equations describing atmospheric
dynamics as well as the transport and transformation of
pollutants. This model is also used for other purposes,
including the periodic assessment of air quality in air
quality management zones and analyses supporting
strategic planning in the context of atmospheric pollution.
These tasks are also carried out by IEP-NRI.

Air quality forecasting involves numerous sources of
uncertainty, extensively documented in the scientific
literature over several decades (Hanna [1993]; Rao et al.
[2020]). These uncertainties occur at various stages of the
forecasting process and include: inaccuracies in emission
inventories (e.g., Zhang et al. [2012]; Holnicki and Nahorski
[2015]; Pisoni et al. [2018]; Baklanov and Zhang [2020])
errors in meteorological inputs (e.g., Gilliam et al. [2015]);
limited spatial and temporal model resolution (e.g., Tan et
al. [2015]; Zhalehdoost and Taleai [2025]) simplifications in
the representation of physical and chemical processes (e.g.,
Silveira et al. [2019]; Jiang et al. [2020]) and incomplete

knowledge of initial conditions and boundary inflows
(e.g., Liu et al.[2001]; Cheng and Sandu [2009]; Rittler et al.
[2013]). In the context of the short-term forecasting with
a grid spacing of several kilometres, the most significant
limitation appears to be the lack of sufficiently accurate
and reliable information on the spatial distribution of
current emission intensities. The emission data used in the
model are based on estimates derived from the previous
year’s statistical data, combined with emission factors.
This raises questions about the usefulness of introducing
improvements to the model that would substantially
increase computational cost—potentially delaying
forecast delivery and increasing energy consumption.
This concern is particularly relevant to spatial resolution,
as the computational cost increases approximately with
the fourth power of the inverse grid spacing, assuming the
domain size remains unchanged.

In light of the aforementioned challenges, various
dynamical-statistical approaches are employed in
operational forecasting systems. Historically, two
classical statistical approaches were used to extend
or improve meteorological forecasts. The first, known
as Perfect Prog (PP; Klein et al. [1959]), assumed that
statistical relationships between variables (e.g., pressure,
temperature, precipitation) could be derived from
observations and then applied to numerical model
outputs, under the assumption that the model fields
were perfect. In the early stages of numerical weather
prediction (the 1950s and 1960s), this was justified mainly
by the limited range of forecasted variables—primarily
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Table 1. Location of air quality monitoring stations used in this study*

Geographic Coordinates (WGS84)

Station Code Address Longitude [°E] | Latitude [°N]
PLO140A Warszawa, Al. Niepodlegtosci 227/233 21.004724 52.219298
PLO141A Warszawa, ul. Wokalna 1 21.033819 52.160772
PLO143A Warszawa, ul. Kondratowicza 8 21.042458 52.290864
PLO308A Warszawa, ul. Tofstoja 2 20.933018 52.285073
PLO717A Warszawa, ul. Bajkowa 17/21 21.176233 52.188474
PLO739A Warszawa, ul. Chréscickiego 16/18 20.906073 52.207742

*Metadane oraz kody stacji i stanowisk pomiarowych. Gtéwny Inspektorat Ochrony Srodowiska, https://powietrze.gios.

gov.pl/pjp/archives/downloadFile/584

dynamical parameters—so forecasting, for example,
precipitation required additional techniques. Later, the
model output statistics (MOS; Glahn and Lowry [1972])
technique was introduced, which established statistical
relationships between forecasted and observed quantities
based on sufficiently long data series. Here, a selected
set of predictors—derived from deterministic model
outputs—and a set of variables of interest whose past
values known from observations are used. A wide range
of statistical methods can be used for this purpose (e.g.,
Konovalov et al. [2009]; Neal et al. [2014]; Struzewska et
al. [2016]; Petetin et al. [2022]). Currently, given the high
effectiveness of supervised machine-learning (SML)
techniques and the ease of their implementation due
to the availability of open-source software libraries, it is
worthwhile to explore the potential, methodology, and
benefits of applying such techniques within a framework
analogous to the traditional MOS approach.

Machine learning (ML) techniques have been widely
applied in air quality research and forecasting, as reviewed
by Rybarczyk and Zalakeviciute [2018] and Méndez et
al. [2023]. In Poland, several studies have also employed
ML, including those by Czernecki et al. [2021], Kujawska
et al. [2022], Zareba et al. [2023], Kawka et al. [2023],
and Gorzelnik et al. [2024]. While much of the existing
prediction-oriented research focuses on employing ML
as an alternative to deterministic models (as in the PP
framework), this work demonstrates the superior accuracy
of a hybrid, MOS-like approach that leverages deterministic
forecasts as the primary input to a supervised ML model.

2. DATA AND ML SETUP

The ML models applied in this study require the definition
of a specific set of features (predictors—in our case
selected from the variables predicted by the deterministic
model) and a target variable (predictand), which in this
context is the mass concentration of 2.5 um particulate
matter (PM,,) at the location of a given monitoring
station. In this study, we used hourly PM,, measurements
from the year 2024 collected at six automatic stations of
the State Environmental Monitoring network in Warsaw
(Table 1, Figure 1). Since these stations do not provide
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meteorological observations, all predictor variables
(features) including both the PM,, concentrations and
surface-level meteorological parameters were taken from
an archive of model outputs generated for air-quality
assessment on a 0.18° grid (marked in Figure 1). The
forecasts were initialized daily at 00 UTC and provided 24-
hour predictions; their hourly fields were interpolated to
the locations of monitoring stations to construct the data
set used for training and validation of the SML model. The
feature set comprised predicted values of wind speed and
direction, air temperature, relative humidity, total cloud
cover, precipitation rate, and PM,, concentrations. All
variables were extracted both at the four corners of the
grid cell containing the location of a given monitoring
station and as values interpolated to that specific point. To
avoid issues related to the cyclic nature of wind direction,
its velocity components were used instead.

Each forecast-observation pair representing a single
training sample was analysed independently, focusing on
the relationship between features and the observed target,
without accounting for temporal dependencies. Seasonal,
weekly, or daily cycles were also not explicitly included.
Presumably, the deterministic model has already accounted
for time-related factors to some extent; given the excellent
results presented in Table 2, explicitly incorporating
historical data into the predictor set would not be expected
to provide any significant additional improvement.

The data set was divided into two subsets: training
and testing, comprising 80% and 20% of the samples,
respectively. Initially, the split was random; however, a
chronological division was ultimately adopted, with the
training set covering the first 80% of the samples. The
differences in statistical verification metrics between the
two approaches were negligible—below 10 or even 10*
in relative terms.

Four SML models were tested in regression mode, using
their default/recommended parameters: random forest
(RF), gradient boosting (GB), extreme gradient boosting
(XGBoost), and support vector regression (SVR), each
briefly described below:

RF Regression (Breiman [2001]) is an ensemble learning
method that builds multiple decision trees during training
and outputs the average of their predictions. It reduces
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Figure 1. Location of the air-quality monitoring stations used in this study. Model grid is marked with grey lines. Station
codes are explained in Table 1

Table 2. Performance metrics of the deterministic forecasts done using GEM-AQ*

Station ID Location CoD (R?) PCC (r)
PLO140A Al. Niepodlegtosci 9.15 6.19 0.0585 0.5152
PLO141A ul. Wokalna 8.39 5.86 0.0855 0.5236
PLO143A ul. Kondratowicza 8.92 5.94 0.0325 0.5497
PLO308A ul. Totstoja 11.5 8.11 0.0978 0.5343
PLO717A ul. Bajkowa 9.11 5.94 0.2719 0.6071
PLO739A ul. Chréscickiego 8.30 5.54 0.0205 0.6077

*Values of RMSE, MAE, coefficient of determination (CoD), and PCC were computed according to Eqgs. 1-4,
correspondingly
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overfitting by introducing randomness both in data
sampling (bagging) and feature selection at each tree
split. This makes the model robust to noise and capable of
capturing complex, nonlinear relationships.

GB Regression (Friedman [2001]) is an ensemble technique
that builds a sequence of decision trees, where each
tree is trained to correct the errors made by the previous
ones. The model minimizes a specified loss function using
gradient descent, allowing it to capture complex patterns
in the data. Although more prone to overfitting than RF, it
often achieves higher predictive accuracy when properly
tuned.

XGBoost (Chen and Guestrin [2016]) is an optimized
implementation of GB that introduces system and
algorithmic enhancements to improve speed and
performance. Compared to standard GB, XGBoost includes
features such as regularization (to reduce overfitting),
parallelized tree construction, and efficient handling
of missing values. As a result, it is often faster and more
accurate, especially on large and complex data sets.

SVR (Smola and Schélkopf [2004]) is a regression method
based on the principles of support vector machines that
aims to find a function that approximates the target within
a specified margin of tolerance. It uses kernel functions to
model nonlinear relationships and focuses on minimizing
model complexity rather than fitting all data points exactly.
SVR is particularly effective for small- to medium-sized
data sets with complex, high-dimensional patterns.

None of the ML models used in this study provide a simple
closed-form analytical formula for prediction. Instead,
they rely on algorithmic structures—such as ensembles of
decision trees (in RF, GB, and XGBoost methods) or kernel-
based functions involving support vectors (in SVR)—to
generate outputs. While decision-tree-based models
can, in principle, be translated into a series of conditional
rules that resemble a decision logic, their ensemble
forms (especially in RF or GB/XGBoost) result in highly
complex models that are impractical to express as a single
interpretable equation. As such, predictions from all tested
models require access to the trained model and must be
computed programmatically.

3. METRICS

To evaluate the performance of the methods under study,
the following statistical metrics are used:

1. Root mean square error (RMSE) is the square root of
the average squared differences between predicted and
observed values:

RMSE =

RMSE penalizes larger errors more heavily because the
errors are squared before averaging, which amplifies the
impact of larger deviations.
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2. Mean absolute error (MAE)

1 n
MAE = ;;m ~l 2)

Unlike RMSE, MAE treats all errors equally, without
emphasizing larger deviations.
3. Coefficient of determination (R?)

Z?:l(yi - yl)z
2 —q A= T
k=1 2 —9)? (3)

R? indicates the proportion of variance in the observed data
that is explained by the model. A value of 1 indicates perfect
fit, while 0 value would indicate performance equal to that
one of a naive forecast based on a constant mean predictor.
Negative values are possible, e.g., due to a large bias.

4. Pearson correlation coefficient (r)

SO DGP)
JEo- 92T 07

(4)

r measures the linear correlation between predicted and
observed values. The value of 1 means perfect correlation;
0, no correlation; and -1, perfect anticorrelation.

In the above formulae, Y; are the observed values, P, are
the predicted ones, overbars denote their corresponding
mean values, and n is the number of observations.

4. RESULTS

The quality of the results obtained using ML models
is best presented in comparison with those from the
deterministic model, using the metrics discussed in
Section 3.The spread of the results is illustrated in Figure 2,
and the statistical indicator values are summarized in Table
2. Overall, the forecast quality can be considered limited,
with coefficients of determination remaining below 0.1 at
five out of six stations, indicating that the models explain
only a small portion of the observed variance. At the same
time, Pearson correlation coefficients (PCCs) fall within the
range of 0.51 t0 0.61, indicating a moderate, yet not strong,
linear relationship between predictions and observations.
Inspection of the scatter plots (Figure 2) further suggests
a systematic underestimation of predicted values in the
range of high observed PM,  concentrations.

The performance statistics for the results obtained using
the individual ML models are summarized in Tables 3-6.
A dramatic improvement is evident—in the case of RF
regression, both the PCCs and CoDs exceed 0.9999 at all
but one station (where these values are still over 0.999),
implying that the model has nearly reached its maximum
attainable performance, without any potential for further
additional enhancement.
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Figure 2. GEM-AQ predictions vs. observations at six air quality monitoring stations in Warsaw, during the test period

in 2024
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Table 3. Performance metrics of deterministic-statistical forecasts using the RF regression model*

Station ID | Location CoD (R?) PCC (r)
PLO140A Al. Niepodlegtosci 0.0712 0.0123 0.99995 0.99997
PLO141A ul. Wokalna 0.0574 0.0096 0.99996 0.99998
PLO143A ul. Kondratowicza 0.0362 0.0079 0.99998 0.99999
PLO308A ul. Totstoja 0.0534 0.0132 0.99998 0.99999
PLO717A ul. Bajkowa 0.0936 0.0216 0.99995 0.99997
PLO739A ul. Chréscickiego 0.2685 0.0199 0.99915 0.99958

*Abbreviations as in Table 2.

Table 4. Performance metrics of deterministic-statistical forecasts using the GB regression model*

Station ID

Location

PCC (r)

PLOT40A Al. Niepodlegtosci 0.133 0.085 0.9998 0.9999
PLOT41A ul. Wokalna 0.115 0.069 0.9998 0.9999
PLO143A ul. Kondratowicza 0.111 0.070 0.9999 0.9999
PLO308A ul. Totstoja 0.148 0.099 0.9999 0.9999
PLO717A ul. Bajkowa 0.155 0.098 0.9999 0.9999
PLO739A ul. Chréscickiego 0.186 0.080 0.9996 0.9998

*Abbreviations as in Table 2.

Table 5. Performance metrics of deterministic-statistical forecasts using the XGBoost regression model*

Station ID

Location

CoD (R?)

PCC (r)

PLO140A Al. Niepodlegtosci 0.432 0.137 0.9981 0.9991
PLO141A ul. Wokalna 0.395 0.122 0.9982 0.9991
PLO143A ul. Kondratowicza 0.472 0.117 0.9974 0.9987
PLO308A ul. Totstoja 0.444 0.151 0.9987 0.9994
PLO717A ul. Bajkowa 0.951 0.295 0.9944 0.9972
PLO739A ul. Chroéscickiego 0.510 0.189 0.9969 0.9985

*Abbreviations as in Table 2.

Table 6. Performance metrics of deterministic-statistical forecasts using the SVR model*

Station ID

Location

CoD (R?)

PCC (r)

PLOT40A Al. Niepodlegtosci 1.339 0.471 0.9818 0.9913
PLO141A ul. Wokalna 1.445 0.503 0.9755 0.9885
PLO143A ul. Kondratowicza 1.219 0.432 0.9826 0.9914
PLO308A ul. Totstoja 2.060 0.675 0.9727 0.9867
PLO717A ul. Bajkowa 1.791 0.660 0.9802 0.9909
PLO739A ul. Chréscickiego 1.614 0.525 0.9692 0.9853

*Abbreviations as in Table 2.
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Figure 3. The hybrid deterministic-SML predictions vs. observations at six air quality monitoring stations in Warsaw,
during the test period in 2024. All the features listed in Section Il were used for training

Based on the comparison in Tables 3-6, RF regression
yielded the most accurate results, despite all models
performing at an almost perfect level. Consequently, the
following analysis will focus exclusively on the RF model.

Figure 3 presents a comparison between forecasts and
observations in the form of scatter plots for individual
stations.While nearly all pointsalignalong the 1:1 line, afew
deviations can be observed in the range of high values—

most of them small, with only one notable exception. This
effect is presumably due to the relatively low number of
such cases in the training sample and merits attention in
future, broader, and more detailed studies.

Figures 4 and 5 show histograms of residuals (errors) for
the RF model and the deterministic forecast. Overall, the
application of RF reduces errors by more than 2 orders
of magnitude and also corrects distribution asymmetry
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Residuals histogram - Random Forest Regression (all)
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Figure 4. Residuals (errors) histograms in the hybrid deterministic-SML predictions at six air-quality monitoring

stations in Warsaw during the test period in 2024

(removes bias), which is particularly evident at the stations
located on Bajkowa Street and Totstoja Street.

Q-Q plots for the RF model and the deterministic forecast
are compared in Figures 6 and 7. Once again, the results
from the RF model align almost perfectly along the 1:1
line. In contrast, the deterministic forecast exhibits both
underestimation and overestimation of the frequency of
specific value ranges. In all stations, overpredictions were
observed in the upper range of values—a feature also
visible in Figure 2.
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Figure 8 shows the temporal variability over a continuous
300-hour period selected from the test data set. Notable
differences in the temporal patterns across various
locations in the city are likely related to spatial differences
in local emissions (e.g., traffic, residential heating). At some
stations (e.g., Chrdscickiego Street), this variability is fairly
well captured by the deterministic forecast, while at others
(e.g., Bajkowa Street), the agreement is significantly poorer.
In contrast, the forecast produced using RF (P-ML) aligns
almost perfectly with the observed values.
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Residuals histogram - Interpolated vs Observed
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Figure 5. Residuals (errors) histograms in the deterministic (GEM-AQ) predictions at six air-quality monitoring stations

in Warsaw during the test period in 2024

Given the near-perfect performance achieved by
enhancing the deterministic forecast with the RF model,
one might ask whether similar results could be obtained
using ML alone, relying solely on meteorological forecasts.
To address this question, PM, . concentration values
from the deterministic forecast were excluded from the
input features. The resulting performance metrics are
presented in Table 7. As shown, this exclusion led to a

substantial decline in overall accuracy, highlighting the
crucial role of the deterministic air-quality forecast in
the hybrid modelling approach; this forecast, however,
implicitly reflects the influence of other factors, including
meteorological processes, which shape the grid-resolved
concentration fields. Conversely, when meteorological
variables are excluded from the input while retaining
the predicted concentrations, the performance metrics
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Quantile-Quantile plot - Random Forest Regression (all)
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Figure 6. Quantile-Quantile comparison of distributions of the hybrid deterministic-SML predictions vs. observations
at six air quality monitoring stations in Warsaw, during the test period in 2024

Table 7. Performance metrics of statistical forecasts using RF regression model, based upon the deterministic
meteorological forecast (without consideration of the model-predicted PM, . concentration)*

Station ID | Location CoD (R?) PCC (r)
PLO140A Al. Niepodlegtosci 9.12 6.70 0.154 0.461
PLO141A ul. Wokalna 8.29 6.19 0.198 0.497
PLO143A ul. Kondratowicza 8.91 6.40 0.070 0.471
PLO308A ul. Totstoja 11.64 8.59 0.129 0.464
PLO717A ul. Bajkowa 11.39 7.90 0.198 0.547
PLO739A ul. Chréscickiego 8.890 6.43 0.066 0.496

*Abbreviations as in Table 2
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Quantile-Quantile plot - Interpolated vs Observed
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Figure 7. Quantile-Quantile comparison of distributions of the deterministic GEM-AQ predictions vs. observations at
six air quality monitoring stations in Warsaw, during the test period in 2024

are roughly equal to those obtained with the full hybrid
approach (Table 8). While the answer may sound negative,
it should be noted that this simple test is not sufficient
to address such a broadly stated question because only
a limited set of meteorological variables was included
in the training. Although this selection is similar to what
is commonly used in other studies, several potentially
important factors are only indirectly represented through
the presence of the forecasted grid-resolved PM_,
concentration in the feature set.

5. CONCLUSIONS

The present study demonstrates the enormous potential
of SML techniques when combined with deterministic
forecasting. Still, the scope of this work is limited, and it
should be regarded as exploratory in nature, representing
an initial assessment of the hybrid approach. Nevertheless,
the resulting performance metrics indicate a near-perfect
level of accuracy, leaving little need—or room—for further
refinement. Furthermore, the computational costs are
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Table 8. Performance metrics of statistical forecasts using RF regression model, without consideration of meteorological

variables in RF*

Station ID | Location
PLO140A Al. Niepodlegtosci 0.0592 0.0099 0.99996 0.999982
PLO141A ul. Wokalna 0.0397 0.0066 0.99998 0.999991
PLO143A ul. Kondratowicza 0.0287 0.0059 0.99999 0.999995
PLO308A ul. Totstoja 0.0382 0.0089 0.99999 0.999995
PLO717A ul. Bajkowa 0.0903 0.0179 0.99995 0.999975
PLO739A ul. Chréscickiego 0.2305 0.0161 0.99937 0.999693

*Abbreviations as in Table 2

26




Improving Deterministic Air Quality Forecasts Using Supervised Machine Learning: A Feasibility Study

low—a single training-prediction cycle involving ~10*
records in a data sample takes less than 20 seconds of a
single CPU execution time of a modest desktop computer
(equipped with 3.1GHz Intel® Core™ i5-3570S CPU).
Therefore, despite the preliminary nature of this work,
immediate implementation at least on a local scale is
strongly recommended.

That said, several limitations and caveats warrant
discussion. Despite the high performance demonstrated
by the hybrid modelling approach, several limitations
must be acknowledged:

Dependence on deterministic forecast quality. The
SML model relies heavily on the input derived from the
deterministic forecast of air pollutant concentration fields.
As shown in the ablation experiments, excluding these
inputs leads to a substantial drop in accuracy.

Limited generalizability. The ML model was trained
and tested using data from a specific year (2024) and six
monitoring stations within a single urban area (Warsaw),
for a single pollutant. Its ability to generalize to other years,
regions, or pollution regimes remains untested and will
require confirmation within the scope of a broader study.

Limited spatio-temporal generalization. SML models
are inherently restricted to the space-time domain
defined by the available training data—that is, specific
monitoring station locations and their historical records.
Any significant, sudden, and unmodelled change in this
domain (such as the construction, removal, or modification
of emission sources)—if not captured by the deterministic
component—may invalidate predictions. Thus, continuous
performance monitoring is essential despite having
the already established relationships. Moreover, unlike
fixed meteorological network stations, some air-quality
monitoring sites are relocated or operate only for limited
periods. When a station is commissioned at a new location,
SML-based forecasting becomes feasible only after a
sufficient amount of local training data has been collected.
Limited operational usefulness. Although the hybrid
approach demonstrates excellent predictive accuracy
for short-term concentrations at monitoring sites, its
practical utility remains limited to real-time applications—
such as public warning systems or immediate emission
control responses. It is not suitable for post hoc air-quality
assessments, where the predicted variable is already
known at the time of evaluation, rendering ML unnecessary
in this context. Furthermore, in scenario-based analyses
of air-pollution control strategies, changes in emission
patterns—whether due to policy, infrastructure, or
socioeconomic shifts—can be explicitly accounted for in
the deterministic component. However, such changes are
unlikely to be correctly reflected in the ML model, which
may distort or ignore their impact if the new conditions fall
outside the scope of its training data.

Interpretability and operational integration. While
ensemble-based models such as RF offer high predictive
power, they lack transparency and reproducibility
compared to simpler statistical models. This may
complicate integration into existing operational workflows

and reduce trust among stakeholders unfamiliar with ML

techniques.

Considering the above, further extended testing is

necessary. Future research should address the following

topics:

- Pollutants other than PM, .. Since different pollutants
follow distinct emission patterns and undergo
different transport and transformation processes in
the atmosphere, dedicated training—testing cycles will
likely be required for at least groups of pollutants, and
possibly for individual species.

- Identificationofthesetoffeaturesnecessarytoensure
high-quality forecasts. This may become important in
full-scale applications, where computational efficiency
matters. A single train—test cycle with the methods used
here does not provide information on the importance
of individual predictors. This question can be addressed
using statistical analyses, unsupervised ML techniques,
or by excluding specific variables from the training
set with the help of a RF, which in this study was done
by removing the predicted PM,, concentrations. The
situation is complicated by interdependencies among
variables and by their possible dependence on factors
notincluded in the chosen feature set. In this particular
case, the predicted PM,, field likely acts as a proxy for
several meteorological and emission-related factors
not explicitly represented in the feature set, including
vertical mixing, grid-resolved transport, dry deposition,
wash-out and rain-out processes, transformation
of aerosol, as well as the diurnal, weekly, and annual
variability of emissions assumed in the model.

- Other regions, with differing emission characteristics,
topography, land use, and local climate conditions, may
show distinct generalization properties. In the present
study, conducted for an urban area, substantial spatial
gradientsin emissions and pollutant concentrations are
expected due to the complex structure of sources and
surface conditions. In rural areas, variability is generally
lower; however, monitoring stations are usually spaced
much farther apart.

- Sensitivity of the model performance to the length of
the training data set, in order to determine whether the
amount of data used for training is optimal.

- Potential integration with data assimilation
schemes to help mitigate the spatio-temporal
limitations of SML-based forecasting.

- Combining classification and regression SML
approaches. While regression SML provides numerical
predictions that can be interpreted as expected values
of the target variable, classification SML can estimate
the probability of exceeding predefined thresholds,
thus offering an objective basis for decision making.

- Focusonoutliersandair-pollution episodes. Asingle
year of data may be insufficient for reliably identifying
extreme states. Since public warning is a primary goal
in this context, detailed evaluation of such cases is of
the utmost importance.
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