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Abstract— Nitrogen dioxide (NO2) is a major air pollutant
with well-documented adverse effects on human health and
ecosystems, particularly in urban areas. Accurate short-term
forecasting of NO2 concentrations is therefore essential to
support air quality monitoring and mitigation strategies. In
this work, we propose a hybrid convolutional neural network
(HCNN) model to predict daily NO2 concentrations in the city of
Milan by jointly exploiting spatially distributed nitrogen oxides
emission maps over the Lombardy region and the previous
day’s NO2 concentration as an autoregressive input. The model
combines a convolutional module to process emission maps
with a feedforward network to integrate spatial and pointwise
information. The HCNN achieved good predictive performance
and demonstrated the ability to identify exceedances of health-
related daily exposure thresholds. Model behavior was further
investigated using explainable artificial intelligence techniques
based on SHAP, enabling the assessment of feature importance
and the identification of emission sectors and spatial regions
most relevant to the forecasts. Overall, the results demonstrate
the potential of hybrid deep learning models coupled with
explainable methods to provide accurate and interpretable air
quality forecasts, while also enabling the analysis of the learned
relationships between emissions and predicted concentrations,
a key aspect for future control-oriented applications aimed at
identifying optimal emission reduction pathways.

I. INTRODUCTION

Air pollution remains a major global concern, with a
significant portion of the world’s population exposed to
pollutant concentrations exceeding levels considered harmful
to human health [1]. Prolonged exposure is associated with
increased risks of respiratory and cardiovascular diseases,
reduced quality of life, and lower life expectancy [2], [3].
In addition to human health impacts, air pollution adversely
affects ecosystems, agriculture, and biodiversity, contributing
to environmental degradation [4].

Air pollutants can be classified as primary, directly emitted
from natural or anthropogenic sources (e.g., SO2, NOx, CO,
VOCs, particulate matter), or secondary, formed through
atmospheric chemical reactions (e.g., O3, NO2) [1]. Among
these, nitrogen oxides (NOx) play a key role in atmospheric
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chemistry and air quality degradation. In particular, nitrogen
dioxide (NO2) is a highly reactive gas that contributes to
ozone formation, acid deposition, and reduced visibility, with
significant impacts on both human health and ecosystems.

NO2 originates from both natural processes, such as
volcanic activity, and predominantly from anthropogenic
sources, including combustion processes related to traffic,
industry, and domestic heating [5]. Exposure to NO2 has
been linked to several adverse health outcomes, including
respiratory and cardiovascular diseases. To mitigate these
risks, the World Health Organization (WHO) defined guide-
line values in 2021 [1], while the European Union introduced
limits through Directive (EU) 2024/2881 [6], setting expo-
sure thresholds to be achieved by 2030 (Table I).

TABLE I
EXPOSURE THRESHOLDS FOR NO2 AS DEFINED BY THE WHO AQG

(2021) AND EU DIRECTIVE 2024/2881.

Exposure duration 1 hour 1 day 1 year
WHO AQG (2021) 200 µg/m3 25 µg/m3 10 µg/m3

EU 2024/2881 200 µg/m3 50 µg/m3 20 µg/m3

Understanding and forecasting NO2 concentrations is
therefore essential for supporting effective air quality man-
agement policies. In this context, Artificial Neural Networks
(ANNs) have been widely used as an alternative to determin-
istic models due to their flexibility, low input requirements,
and ability to capture complex nonlinear relationships [7],
[8], [9], [10], [11], [12], [13], [14]. However, their “black
box” nature limits interpretability, raising concerns in terms
of trust, accountability, and regulatory compliance. To ad-
dress this issue, Explainable Artificial Intelligence (XAI)
techniques have been developed [15], [16], [17], and are
increasingly supported by regulatory frameworks such as the
DARPA XAI program [18], the European AI Act [19], and
UNESCO guidelines [20]. Building on these considerations,
this work addresses not only the forecasting of daily NO2

concentrations in the city of Milan, but also the limited
interpretability of current data-driven air quality models. In
fact, while neural approaches can achieve high predictive per-
formance, they often provide little insight into how different
emission sources contribute to the predicted pollution levels.
To overcome this limitation, we propose a neural network
model that combines previous-day NO2 measurements with
spatial NOx emission maps for the Lombardy region. XAI
techniques are then applied to open the black-box structure of
the model and to quantify the influence of different emission



TABLE II
GNFR SOURCE CATEGORIES

Code Sector name Brief description
A Public Power Emissions from public electricity and heat production plants.
B Industry Emissions from industrial combustion and manufacturing processes.
C Other Stationary Combustion Fuel combustion in residential, commercial, and institutional sectors.
D Fugitives Non-combustion emissions from fuel extraction, processing, and distribution.
E Solvents Emissions from the use of solvents in industrial and domestic applications.
F Road Transport Exhaust and non-exhaust emissions from on-road vehicles.
G Shipping Emissions from maritime transport, including inland and coastal shipping.
H Aviation Emissions from aircraft operations during landing and take-off cycles.
I Off–Road Emissions from mobile machinery not used on public roads.
J Waste Emissions from waste treatment, disposal, and incineration.
K Agriculture Livestock Emissions from livestock management and manure handling.
L Agriculture Other Emissions from crop production, fertilizer use, and agricultural soils.

sectors on NO2 levels. In this context, the integration of a
convolutional neural network based on spatial emission maps
with XAI methods for the interpretation of sector-specific
contributions represents a relatively unexplored research di-
rection in air quality forecasting, supporting more transparent
and informed environmental decision-making. The objective
of this work is the development of a neural network model
able to provide accurate predictions of NO2 concentrations
while explicitly linking them to the spatial distribution of
sector-specific NOx emissions. This aspect is particularly
relevant for the future integration of the model into a control-
oriented framework aimed at identifying optimal spatially
distributed emission reduction strategies to mitigate pollution
levels.

II. METHODS
The time series representing the NO2 concentration in the

city of Milan was collected from the European Environment
Agency (EEA) Air Quality Download Service [21] and is
available on a daily basis from 2010 to 2022, for a total
amount of 4721 measurements. The NOx emission maps,
covering the same period with the same daily temporal
resolution, were obtained from the Copernicus Atmosphere
Monitoring Service (CAMS) [22], [23] and consist of ma-
trices representing the Lombardy region, discretized into
45 × 45 cells with a spatial resolution of 6 km × 6
km. NOx emissions are separated into 12 source categories
following the GNFR (Gridded Nomenclature For Reporting)
classification, as reported in Table II. To simplify the dataset,
emissions from sectors K and L were aggregated into a
single ”Agriculture” sector, while sectors D, E, and G
were grouped under a general ”Other” sector due to their
negligible contribution, resulting in 9 effective sectors and
emission maps with dimensions (4721, 45, 45, 9).

The NO2 pointwise concentrations and the NOx emission
maps were combined into a single hybrid dataset, where
lagged NO2 observations were used together with NOx

emission data as additional input features.

ˆNO2(t) = f(NO2(t− 1),NOx(t)) (1)

Both NO2 and NOx data were subsequently normalized to
the interval [0, 1] using min–max scaling. Afterwards, the

dataset was split into a training and test set. The former
comprised the data from the 2010-2019 period and was used
to train a neural network model to learn the relation described
in (1), the latter covered the 2020-2022 period and was
used to evaluate the model’s performance and its ability to
generalize to new, previously unseen data.
The model used is a hybrid convolutional neural network
(HCNN). HCNN is a broad term used in the literature
to refer to models that combine convolutional neural net-
works (CNNs) with another neural network architecture or
modeling approach in order to leverage the strengths of
both [24], [25], [26], [27], [28], [29], [30]. In this work
CNNs were combined with feedforward neural networks
(FNNs), to account for both the spatial distribution of NOx

emission maps and the pointwise NO2 concentrations. In
the following, a brief introduction to CNNs and FNNs is
provided.
CNNs are typically used to process two-dimensional data.
They extract patterns from their input by applying a set of
learnable filters (kernels) using the 2D convolution operation
[31]. This operation involves sliding each filter across the
input and computing the element-wise product between the
filter weights and the corresponding region of the input,
followed by a summation. Each filter is applied across all
input channels and the results are then summed element-
wise. After the convolution, a nonlinear activation function
is applied to introduce nonlinearity. The number of filters
determines the number of output channels, as the 2D convo-
lution is performed in parallel for each filter. It is common
practice to apply pooling operations after convolutional lay-
ers to reduce computational complexity while preserving the
most relevant information extracted from the input. Pooling
involves sliding a window over the input and computing a
single representative value from each region. Several pooling
techniques exist, with max pooling being one of the most
widely used. In this method, the maximum value within each
region is selected as the representative value.
FNNs are one of the simplest and most fundamental types of
artificial neural networks used for supervised learning tasks
[32]. An FNN consists of a sequence of fully connected
layers of neurons, where each neuron is connected to all
neurons in both the preceding and the succeeding layers. This



architecture ensures that information flows in a unidirectional
manner, from input to output, without forming cycles. Each
neuron computes a weighted sum of the outputs of the
preceding layer and, then, applies an activation function to
introduce non-linearity. The input to the network is provided
to the first layer, and the output of the final layer represents
the overall output of the network.

The presented HCNN consists of a convolutional module
that processes the current NOx emission maps, and a feedfor-
ward module that combines the output of the convolutional
module with the NO2 concentration value from the previous
day to predict the current NO2 concentration. The final
model architecture was determined through hyperparameter
tuning performed using the Keras Tuner framework [33].
During this process, 100 architectures were trained and
tested using various combinations of hyperparameters. The
hyperparameters, their search ranges, and the selected best
values for the final model are reported in Table III.

TABLE III
HYPERPARAMETER RANGES AND SELECTED BEST VALUES

Hyperparameter Min Max Step Best
number of conv. layers 2 6 1 3

number of filters 16 256 16 16
filter size 3 7 2 3

number of FNN layers 1 4 1 1
number of nodes 8 256 4 12

learning rate 10−5 10−1 log-uniform 10−2

The HCNN model was subsequently trained for 100 epochs
using the Adam optimizer [34] with the mean squared error
(MSE) as the loss function. Its predictive performance was
evaluated together with its ability to identify exceedances of
the exposure thresholds reported in Table I.

Eventually, XAI techniques were applied using the SHAP
library [15] to enhance the interpretability of the model
and provide insights into the relationship linking the NOx

emissions and past NO2 concentrations to the current con-
centration values. SHAP explanations are based on Shapley
values, a concept from cooperative game theory that provides
a fair way to distribute the total gain generated by a coalition
of players according to their individual contribution. In the
context of XAI, the gain of a forecast is defined as the
deviation from the average model output, the players are
the input features (i.e. the past NO2 concentration and the
NOx emissions sectors) and the Shapley values quantify
each feature’s contribution to shifting a forecast from this
baseline. Formally, the SHAP explanation can be expressed
in its simplest additive form as:

ŷi = E[ŷ] +

N∑
j=1

φi,j (2)

where ŷi is the model forecast for sample i, E[ŷ] is the
expected model output (i.e. the average forecast over the
dataset), N is the number of input features and φi,j is the
Shapley value of the feature j for the sample i. The SHAP
explanations were used to identify the emission sources

contributing most significantly to the predicted NO2 con-
centrations, together with the spatial regions of the emission
maps having the largest influence on the model output. This
analysis allowed the assessment of the model’s ability to
represent the underlying pollution dynamics in a physically
coherent and interpretable way, which is a key requirement
for its future integration into a control-oriented framework
for emission reduction strategies.

III. RESULTS

In this section, we present the performance of the model
when asked to predict the NO2 concentration in Milan based
on the previous day concentration and the emission maps
of NOx from various source sectors. Figure 1 shows the

Fig. 1. Predicted vs. observed NO2 concentrations in Milan for the
2020–2022 test period.

model forecasts for the 2020–2022 test period compared to
the observed NO2 concentrations. A clear seasonal pattern is
visible, likely reflecting changes in human activity between
summer and winter, as well as physical phenomena such as
temperature inversions, which result in higher NO2 concen-
trations during winter months. The predictive performance
of the model was quantitatively assessed using mean ab-
solute error (MAE), normalized MAE (NMAE), correlation
(CORR) and R2, as reported in Table IV.

TABLE IV
MODEL PERFORMANCE ACROSS DIFFERENT TIME PERIODS

Metric 2020-2022 2020 2021 2022
MAE 6.997 7.183 7.001 6.774

NMAE 0.187 0.195 0.185 0.181
CORR 0.866 0.894 0.857 0.839

R2 0.695 0.735 0.682 0.660

The model performance does not show significant variation
across the different years; the MAE and NMAE values
indicate that the model is capable of accurately predicting
NO2 concentrations, the correlation values suggest that the
model successfully captures seasonal trends, while some
daily fluctuations may not be perfectly reproduced, and the



R2 values demonstrate that the model provides a substantial
improvement over a simple mean predictor. Overall, these
results indicate that the HCNN can reliably predict both the
magnitude and seasonal variability of NO2 concentrations in
Milan.

Furthermore, the ability of the model to identify ex-
ceedances of the daily exposure thresholds–25µg/m3 and
50µg/m3 from Table I–was evaluated using two confusion
matrices. Each matrix compares the true NO2 measure-
ments above and below the threshold with the corresponding
model forecasts over the 2020-2022 period. The accuracy

Fig. 2. Confusion matrices showing the model’s ability to predict
exceedances of daily NO2 thresholds of 25µg/m3 (left) and 50µg/m3 (right)
over the 2020–2022 period. Rows correspond to predicted classes, while
columns represent observed (ground-truth) classes.

of threshold exceedance detection was evaluated using the
hit ratio (HR) and false alarm ratio (FAR). HR represents
the proportion of actual exceedances correctly identified by
the model, while FAR indicates the proportion of predicted
exceedances that did not actually occur. Table V shows that

TABLE V
HIT RATIO AND FALSE ALARM RATIO FOR NO2 DAILY THRESHOLD

EXCEEDANCES OVER THE 2020-2022 PERIOD.

Metric 25 µg/m3 50 µg/m3

HR 87.0% 48.1%
FAR 11.1% 12.7%

the model performs well in detecting exceedances of the
lower 25µg/m3 threshold, while performance decreases for
the higher 50µg/m3 threshold, where only about half of the
actual exceedances are correctly identified. The false alarm
ratio remains comparable in both cases, indicating a similar
tendency toward over-forecasting of exceedance events. This
behavior is consistent with the distribution of observed NO2

concentrations, as illustrated in Figure 2, where most samples
fall between the two thresholds (i.e., above 25µg/m3 and
below 50µg/m3). This class imbalance is a well-known factor
affecting the performance of statistical and machine learning
models in rare-event detection problems, often leading to
reduced sensitivity at higher thresholds where exceedances
are less frequent. As a result, the model shows better perfor-
mance at the lower threshold, where exceedance events are
more common and therefore more effectively learned during
training. In this context, the higher sensitivity achieved at the
lower threshold is particularly relevant, since it corresponds
to the more stringent WHO daily guideline value, designed to

provide a health-oriented reference for air quality assessment,
thus improving the detection of exceedances that are more
critical in terms of potential health impacts.

Consequently, the model behavior was further investigated
using XAI techniques based on SHAP. The analysis focused
on the overall importance of the input features in the model
forecasts, their relationship with the output, and the spatial
regions of the NOx emission maps that the model considered
most relevant. Feature importance was evaluated as the
average of the absolute Shapley values associated with each
feature. This metric quantifies the extent to which each
feature contributes to deviations of the model output from
its baseline value, thereby reflecting its overall influence on
the forecasts. Figure 3 shows the importance of the input

Fig. 3. Feature importance evaluated by SHAP across the entire test set
(top) and for the 10% of the samples with the highest NO2 concentration
(bottom). Higher values indicate greater contribution of each feature to the
model output.

features, highlighting a predominance in the autoregressive
NO2 term in driving the model output, followed by the
sectors F (road transport), B (industry) and C (other sta-
tionary combustion). The importance of the emission-related
features remains comparable between the entire set and the
10% portion having the highest NO2 concentration whereas
the autoregressive feature more than doubles. This increase
in importance may be attributed to the strong persistence
of the phenomenon, whereby the autoregressive component
increasingly dominates the forecast relative to the emission
inputs. However, this result should not be interpreted as evi-
dence that controlling NOx emissions is ineffective. Rather,
it underscores the importance of limiting emissions from
the outset to prevent NO2 concentrations from becoming
elevated in the first place. Regarding the emission, the
model identified vehicle emissions as well as industrial and
other stationary combustion sources as the most relevant
features, which is consistent with known sources of NO2



in the atmosphere. This suggests that the model successfully
captured the emission components most strongly related to
the predicted output.
Then, regions of the input maps where the model focuses
the most were analyzed. Such measure was obtained by
summing the Shapley values of each cell across the sectors
and considering the average across the test set. In this way it
is possible to assess the importance associated with each cell
of the input maps, and thereby identify the most important
regions for the model. Figure 4 shows the importance as-
signed by the model to each grid cell (right), together with
the variability of the cells over the test set, quantified as
the standard deviation of their values (left). Both panels are
displayed using a color scale where lighter shades correspond
to lower values, while darker shades indicate higher values.
The main result is that the model correctly identifies the
region surrounding Milan as the most relevant for its fore-
casts. In particular, the model focuses on densely populated
and touristic areas near the city, such as the Como, Lecco,
Iseo, and Maggiore lakes, as well as the cities of Novara and
Bergamo. Conversely, areas characterized by low emission
variability, such as Sondrio, Pavia, Lodi, and Cremona, or
located farther from Milan, such as Mantova, are assigned
little importance by the model.

Fig. 4. Spatial distribution of SHAP-based feature importance across the
NOx emission grid (right) and corresponding spatial variability of emissions
in the test set, measured as standard deviation (left). In both panels, darker
colors indicate higher values, while lighter colors indicate lower values.

IV. CONCLUSIONS

In this paper, we presented a data-driven framework to
forecast daily NO2 concentrations in the city of Milan. A hy-
brid convolutional neural network was employed, combining
two-dimensional maps of NOx emissions across Lombardy
with pointwise measurements of the previous day’s NO2

concentrations. Although NOx includes NO2 as one of
its components, emission maps were used as a proxy for
spatially distributed precursor sources, enabling the model
to capture the contribution of different emission sectors and
their geographical distribution.
The model was trained on data from 2010 to 2019 and eval-
uated over the 2020–2022 period, showing good predictive
performance and a reliable ability to detect exceedances of
regulatory thresholds, particularly the 25µg/m3 daily limit
defined by the WHO.
Furthermore, model behavior was investigated using the

explainable AI technique SHAP, providing insights into both
feature relevance and spatial patterns driving the forecasts.
The past NO2 concentration emerged as the most influential
input, reflecting the strong temporal persistence of the sys-
tem. Emission-related features, particularly those associated
with road transport and industrial activities, also showed a
significant contribution. While these results are consistent
with established knowledge of NOx emission sources, the
XAI analysis provides a quantitative and model-specific val-
idation of these relationships, demonstrating that the model
has learned physically meaningful patterns rather than rely-
ing on spurious correlations. In addition, the spatial analysis
highlighted that the model assigns greater importance to
densely populated and touristic areas surrounding the target
location, suggesting that it effectively captures the spatial
structure of emission-driven pollution dynamics.
The XAI assessments suggest that the proposed model could
be effectively integrated into a control-oriented framework
aimed at identifying optimal emission reduction pathways.
Building on these promising results, future work may extend
the proposed modeling approach by exploring more chal-
lenging forecasting settings, such as multi-step prediction or
fully lagged input configurations, as well as by refining the
spatial and sectoral resolution of emission data. In addition,
dedicated training strategies aimed at improving the detec-
tion of rare high-concentration events could be investigated.
Moreover, the insights provided by SHAP could be leveraged
to design more efficient input representations, for instance by
focusing on the most influential regions and emission sectors,
thereby improving model interpretability and computational
efficiency without compromising predictive performance.
The applicability of the proposed methodology to different
geographical locations could also be investigated; however,
such an extension would require the availability of suffi-
ciently long and reliable datasets for both model retraining
and independent validation.
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