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ABSTRACT: We introduce SmartAQ2+, a data fusion model
combining a chemical transport model-based system (SmartAQ),
low-cost PM2.5 sensors, and machine learning (ML) to improve 3-
day high-resolution PM2.5 forecasts in urban areas. The ML model
was trained using 2021−2023 data from Patras, Greece and
evaluated in the same city with data from 2024. SmartAQ2+ had
better seasonal, monthly, and hourly performance than SmartAQ,
reducing its error by a factor of 2. Across the 31 Patras monitoring
sites, SmartAQ2+ had good-to-excellent (fractional error ≤50%)
monthly average performance in 21 sites in winter and spring, 17 in
summer, and 22 in autumn. For exceedances of the EU daily mean threshold of 25 μg m−3, SmartAQ2+ correctly predicted 23 of 54
exceedance days (43%). Its performance was similar for forecasts issued one and 2 days in advance and deteriorated by 30% after 48
h. Including cooking emissions in SmartAQ and as a separate input feature in SmartAQ2+ reduced daily mean error by 30% at areas
with high restaurant density. Sensitivity analysis showed highest reliance on sensors in the urban core and increased reliance on
SmartAQ and static spatial features toward the suburbs. Without retraining, the model showed preliminary evidence of spatial
transferability to Athens.
KEYWORDS: machine learning, data fusion, chemical transport model, fine particle matter, air quality forecasting

1. INTRODUCTION
Chemical transport models (CTMs) have been essential tools
for forecasting air pollution, source apportionment, exposure
assessment, and evaluation of emission control strategies
effectiveness.1−3 They simulate air quality by accounting
explicitly for the chemical and physical processes in the
atmosphere and can quantify the contribution of pollution
sources, whether local or regional, as well as simulate the
formation of secondary pollutants,4 without relying on past data.
CTMs require comprehensive information on emissions from
sources such as industry, transportation, and biomass burning.
However, emission inventories are often incomplete, outdated,
or uncertain, which can lead to inaccuracies and biases.5

Additionally, CTMs inherit the uncertainties of meteorological
forecasts. Air quality in a specific area depends, among others, on
weather conditions such as temperature, wind, vertical mixing,
and precipitation. Therefore, inaccuracies in weather predictions
affect the reliability of the corresponding air quality predictions.
On the other hand, statistical models use historical air quality

records and meteorological conditions and are computationally
efficient, because they do not explicitly represent pollutant
emissions or atmospheric chemistry.6,7 However, these models
assume that the future will behave like the past and have
weaknesses when conditions fall outside the historical range.

They are also constrained by data quality and lack of physical
understanding.
Machine learning (ML) models have gained attention in air

pollution forecasting due to their ability to represent complex
relationships between air pollutant concentrations and diverse
predictors. These ML-based predictors use air quality measure-
ments, meteorological predictions, land-use and traffic-related
information, and other environmental information as in-
puts.8−11 In contrast to CTMs, ML methods are data-driven
and can adapt to empirical patterns without explicitly simulating
physical or chemical processes. ML models developed in the
past include Support Vector Machines, Artificial Neural
Networks,12−16 Random Forests,17,18 Ensemble methods,19,20

and Deep Neural Networks.21

ML-based models have several limitations. They are con-
strained by their reliance on historical data, with performance
largely determined by data quality, quantity, and representative-
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ness. Their accuracy often declines under novel conditions such
as abrupt meteorological changes, new emission sources, or
unprecedendent events. ML models treat inputs abstractly,
overlooking the physical and chemical processes that drive
atmospheric dynamics, and as a result, they are prone to
overfitting and may exhibit limited generalizability. Moreover,
increasingMLmodel complexity can reduce interpretability and
raise computational costs without commensurate improvements
in predictive accuracy.22

Researchers are increasingly exploring hybrid frameworks that
combine the strengths of CTMs and ML through data fusion
techniques. Recent research involves the fusion of CTMs’
output with satellite and ground observations23 with the aid of
ML. One use of such models is the reanalysis of past CTM
simulations. For example, Tang et al.24 used a high-resolution
random forest approach to estimate the past daily ground-level
concentrations of PM2.5, O3, and NO2 at 1 km resolution over
South Korea. Inputs to the ML model included meteorological
reanalysis, satellite aerosol optical depth (AOD), and CTM
outputs. Under a 10-fold cross-validation procedure, the
achieved root mean squared errors were 5.5 μg m−3 (PM2.5),

5.5 ppb (O3), and 4.7 ppb (NO2). Hu et al.
25 developed a

historically reconstructed global data set of daily PM2.5
concentrations resulting from wildfires (2000−2023) using
the GEOS-Chem CTM simulations and corrected the observed
biases using the XGBoost algorithm. They trained annual
XGBoost models on around 9500 ground monitoring sites
worldwide, using simulated PM2.5, meteorological reanalysis,
and land cover as predictors, to correct systematic errors in
CTM outputs. The bias-corrected total PM2.5 was then
combined with fire-to-total ratios resulting from the GEOS-
Chem model to estimate the past fire contributions to the total
PM2.5 concentrations.
Another use of such models is to produce short-term air

quality forecasts (e.g., 24 h) in real-time conditions. Xing et al.26

developed a physically constrained deep-learning fusion frame-
work (DeepMMF) that integrates CTM simulations, satellite
retrievals, and ground measurements to estimate present-time
surface NO2 concentrations over the continental U.S. The
approach pretrains deep learning surrogate models
(DeepCTM) on CTM outputs to capture physically consistent
relationships between emissions, meteorology, and concen-

Figure 1. SmartAQ2+ pipeline.
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trations, then fine-tunes the model using satellite and in situ
observations. A variational autoencoder (VAE) deep learning
algorithm with emission constraints is employed to simulta-
neously adjust concentrations and infer emissions, ensuring
physical consistency and mitigating sample-imbalance issues
that bias conventionalMLmethods. The framework achieved an
average RMSE for NO2 of 1.45 ppb, when compared to the Air
Quality System surface monitors and demonstrated how
embedding physical laws into ML can improve both prediction
and interpretability. In other studies,27,28 ML has been used to
improve short-term (6−48 h) PM2.5 forecasts by correcting
CTM biases using past observed data from regulatory
measurements. Raffuse et al.29 introduced Rapidfire (relatively
accurate particulate information derived from inputs retrieved
easily), an R package designed to rapidly generate spatially
resolved estimates of wildfire smoke exposure for the next 24 h in
near real-time. The model integrates regulatory monitors,
satellite observations, meteorological models, smoke prediction
models, and low-cost sensor measurements using a random
forest regression framework. The package was applied to major
California wildfire events from 2017−2021, having an average
RMSE of 13.5 μg m−3 between predicted PM2.5 and observed
with regulatory instruments.
ML-CTM approaches have also been proposed to improve air

quality simulations, either by transforming CTM outputs into
fine-resolution pollution predictions for the past30 and the
future,31,32 or by correcting CTM biases. For example, Lv et
al.,33 applied support vector regression and random forest to
reduce bias in PM2.5 component forecasts, with high accuracy
but limited urban-scale spatial testing. Malings et al.34

introduced a modular, uncertainty-aware NO2 prediction
framework using satellite data and CTM outputs (GEOS-CF)
that achieved 5 km scale forecasts. Fang et al.23 used an
Ensemble Kalman Filter to mergeML predictions with a GEOS-
Chem ensemble, reducing the root-mean-square error (RMSE)
and improving forecasting, but at a high computational cost.
Most CTM bias-correction studies rely primarily on sparse

regulatory monitors. Air quality models operating in coarse
resolution do not necessarily need dense ground observations
for bias correction. In high spatial resolution (e.g., 1 × 1 km2),
however, correcting CTM biases and errors with limited ground
stations providing reference concentrations is challenging. The
use of calibrated low-cost sensor measurements has not been
adequately explored in recent literature. Low-cost sensor
measurements can be used both for ML training and as
supporting input.
The present study introduces a hybrid CTM-ML approach

that fuses multiple data sources, including CTM outputs,
measurements of PM2.5 from low-cost sensors, meteorology, and
emission data to provide a high-resolution (1 × 1 km2) 3-day
PM2.5 concentration forecast at an urban area and its
surroundings in Western Greece. SmartAQ2+ integrates dense
low-cost PM2.5 sensor observations directly into the forecasting
architecture, enabling CTM bias correction in areas with PM2.5
observations while relying on CTM-driven predictions in
sensor-sparse areas of the simulation domain.
In a recent study,35 we proposed an XGBoost model that

improves the PM2.5 concentration fields produced by a CTM for
the present time using the same type of data inputs. Here, we
extend our methodology to provide a 3-day PM2.5 concentration
forecast. Because the goal of the proposed model is not to
provide a single PM2.5 value for each simulation cell but a 72 h
forecast, a sequence-to-sequence architecture was selected. The

proposed ML model requires past and future CTM and
meteorological drivers along with PM2.5 measurements from
low-cost sensors. We also investigate the feasibility of
implementing the trained ML algorithm in another urban
area, the capital city of Greece, Athens, without performing
model retraining with historical data from Athens.

2. METHODS

2.1. Study Areas
The SmartAQ system, which was based on the PMCAMx CTM, was
implemented in Europe at a horizontal resolution of 36× 36 km2, while
the urban domains had a resolution of 1 × 1 km2. The outer European
grid covered an area of 5400 × 5832 km2, whereas the urban domains
covered a 36× 36 km2 area for Patras and a 72× 72 km2 area for Athens.
Two intermediate grids were also applied, with resolutions of 12 × 12
km2 and 3 × 3 km2, both centered on each city of interest. All domains
included 14 vertical layers.

2.2. Machine Learning Model Inputs
2.2.1. SmartAQ System. Figure 1 presents an overview of the ML

model’s inputs and outputs. The SmartAQ forecasting system provides
three-day hourly forecasts for major particle-phase pollutants (PM1,
PM2.5, PM10), gas-phase pollutants (e.g., NOx, SO2, CO, O3, and
volatile organic compounds), and the chemical composition and size
distribution of aerosols. Also, it estimates the sources of all pollutants.
Six models predicting anthropogenic, biogenic, and marine emissions,
pollutant concentrations, major pollutant sources (biomass burning,
long-range transport, transportation, ships, etc.), and weather
conditions are utilized.36,37 The WRF model38 is used for the
computation of meteorological fields (e.g., cloud cover, precipitation,
temperature, and humidity) required for air quality predictions. The
MEGAN (Model of Emissions of Gases and Aerosols from Nature)
model is used to estimate gas and aerosol emissions for natural and
terrestrial ecosystems, integrating WRF meteorological data with land
use information.39,40 Marine emissions, including sea salt and organics,
are calculated using the O’Dowd and Monahan algorithms,41,42 which
rely on WRF-predicted wind speeds over the sea surface. The TNO
emission inventory43 provides the anthropogenic emissions. Modeling
of the air pollution within the target domain is performed by the
PMCAMx chemical transport model, while the particulate source
apportionment technology (PSAT) algorithm44 determines the
contributions of individual sources to pollutant concentrations.
Additional details are available in Siouti et al.45

2.2.2. Low-Cost Sensors. A low-cost sensor network consisting of
31 Purple Air devices (PurpleAir PA-II) provided reference PM2.5
concentration at fixed locations in the study area (Figure S1). Fifteen
devices were in urban computational cells, 13 in suburban cells, and
three in rangeland cells. We used measurements from January 1, 2021,
to December 31, 2023, for model training and from January 1 to
December 31, 2024, for evaluation. All measurements were averaged
over 1 h intervals. We used the average PM2.5 concentration of the two
identical Plantower PMS5003 sensors of each device. In cases where
one of the PMS5003 sensors in the same device was reporting
concentrations above 700 μg m−3 or below 0.5 μg m−3, that sensor was
excluded and the measurements of the other were used. The PM2.5
sensor’s measurements were calibrated as described in the study by
Kosmopoulos et al.46 for the same area.
2.2.3. Land-Use and Emissions. The ML model’s input includes

information for each grid cell regarding its land use, population, and
major emission sources (Figure 1). The United States Geological
Survey (USGS) geographical data sets for topography and land use
were utilized to classify the land use within each modeling domain.
Land is categorized into sea, urban, agricultural, rangeland, forest, and
uncategorized areas based. The population distribution is calculated
based on data provided by Eurostat.47 The data pertain to 2021 and are
available in high-resolution.
Residential biomass burning emissions at high-spatial resolution of 1

× 1 km2 for the Patras area have been estimated by Siouti et al.,36 based
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on the density of houses in the area. Cooking emissions are spatially
distributed based on the density of the restaurants in each 1 × 1 km2
grid cell of the modeling domain.48 For Athens, no cooking emissions
were considered, while biomass burning emissions were estimated by
Siouti et al.,49 similar to Patras.
The percentage of total road surface within each 1 × 1 km2 grid cell

was quantified using ArcGIS Explorer Desktop (ESRI). Road transport
emissions were then spatially allocated according to this road surface
fraction.
2.2.4. Meteorology. In addition to the WRF forecasts used by the

SmartAQ system, SmartAQ2+ uses hourly observations of wind speed,
direction, and rainfall, from the University of Patras meteorological
station. Measurements for the previous 3 days before the day that the
forecast was issued are used as inputs for the ML model.

2.3. Machine Learning Algorithm
The ML algorithm produces a 72 h forecast of hourly PM2.5 for each
computational cell of the domain. It receives four sets of input (Table
S1). The first set of inputs includes PM2.5 simulation results from the
SmartAQ model, low-cost sensor PM2.5 measurements, meteorology
(wind speed, wind direction, precipitation), and calendar variables
(month, weekday, hour) for the past 3 days starting from and ending at
midnight. The second set of inputs includes a 72 h forecast of PM2.5
concentrations provided by the SmartAQ model, meteorological
variables provided by the WRF (wind speed, wind direction,
precipitation), and calendar variables. The third set of inputs includes
land use, cooking and biomass burning emissions, population
distribution, and percentage of total road surface. The fourth input
set includes the monthly averaged observed and SmartAQ-predicted
PM2.5 of the past year’s same month at the same locations where PM2.5
measurements from the low-cost sensor network were available. These
variables do not provide information about specific days or events
within the forecasted period; they only supply a long-term average from
one year earlier.
The ML model is an encoder-decoder with Bahdanau attention

layers.50 The encoder is the part of the network that reads the past and
builds an internal summary of recent behavior. The decoder is the part
that uses this summary, together with information about the future, to
generate the forecast hour by hour. Both parts are implemented with
long short-term memory (LSTM) layers. An LSTM is a type of neural
network designed for time series, which processes the data in time order
and keeps an internal memory of what it has seen.
The training objective is tominimize themean absolute error (MAE)

between the ML-predicted PM2.5 concentrations and measurements
from the PM2.5 low-cost sensors. Detailed information regarding the
model’s architecture, parameters and hyper-parameters is provided in
the supplement. The LSTMmodel is suitable for air-quality forecasting,
because it can capture multiscale temporal dependencies such as
diurnal cycles and weekday-weekend shifts exhibited by PM2.5.
The particular ML algorithm was selected because the task requires

the translation of a recent multivariate history into a multistep future
PM2.5 trajectory. The 72 h input window contains short-term
persistence, diurnal variability, weekly patterns, meteorological effects,
and CTM-driven forecast signals, all of which are temporally ordered
and interdependent. The encoder-decoder structure is well suited to
this setting, as it first summarizes the recent evolution of the system and
then generates the 72 h forecast horizon step by step. The attention
mechanism further improves this formulation by allowing the decoder
to selectively use different parts of the input window at each forecast
step, rather than relying only on the final encoder state.

2.4. Sensor Selection
For each computational cell, theMLmodel uses readings from the eight
closest sensors plus a complementary background sensor (located in
Platani). Any sensor farther than 4 km is left out, ensuring the inputs are
geographically relevant. If fewer than 8 sensors are within 4 km, a
smaller number of sensors is used. Focusing on nearby sensors helps the
model capture real-time conditions in the target cell and account for
local environmental or operational effects, while reducing the chance
that distant data will bias predictions. In practice, this lets SmartAQ2+

generate estimates in remote areas with little or no sensor coverage by
relying more on the SmartAQ predictions and the background site.

2.5. Model Operation and Outputs

The ML model runs for each computational cell. Its output is a 3-day
PM2.5 concentration time series at an hourly resolution. Application of
theMLmodel for all grid cells results in the construction of the 2Dmap
for each hour of the forecast. TheMLmodel is designed to operate once
a day at a predefined time (16.00), which is right after the SmartAQ
model has completed its daily run. In addition, the ML model provides
the relative importance of each given input to the specific forecast, using
the SHapley Additive exPlanations (SHAP) analysis,51 which ranks the
ML input features by how much they move a prediction away from a
baseline.

2.6. Performance Assessment

We trained SmartAQ2+ on Patras data for 3 years, from January 2021 to
December 2023, and evaluated it on a held-out test year (January to
December 2024). This baseline configuration of SmartAQ2+ included
all available input features, including grid-cell cooking emissions. For
the 2024 Patras test, we evaluated the model’s three-day forecasting
capability, quantifying performance separately for 1, 2, and 3-day lead
times to capture how performance degrades with the prediction
horizon.
To assess robustness when cooking activity is unknown, we repeated

the Patras 2024 evaluation under a “no-cooking” scenario. Specifically,
cooking-emission inputs were withheld at prediction time, and the
SmartAQ predictions passed into SmartAQ2+ were likewise generated
without access to cooking emissions. This test evaluates the effect of a
missing source in the inventory used.
Finally, to assess cross-city transferability, we applied the Patras-

trained SmartAQ2+ in Athens for a short pilot for one month
(September 2025), without additional retraining and without cooking
emission inputs (these features were not available).
The mean error (ME), fractional bias (FBIAS), and fractional error

(FERROR) were used to evaluate the model performance
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where, N is the total number of measurements, Pi is the predicted
concentration and Oi is the corresponding reference concentration.
Based on Morris et al.,52 PM2.5 model performance for daily average
values is considered excellent for FBIAS ≤ ±15% and FERROR ≤
±35%, good for FBIAS ≤ ±30% and FERROR ≤ ±50%, average for
FBIAS≤ ±60% and FERROR ≤± 75%, while there are fundamental
problems in the modeling system for higher FBIAS and FERROR.
EU has recently defined a daily mean PM2.5 limit of 25 μg m−3,

allowing at most 18 exceedance days per calendar year,53 effective after
2030. We evaluated how well SmartAQ and SmartAQ2+ identified days
when PM2.5 surpassed this threshold anywhere in the urban modeling
domain. For each site with a reference sensor, we compared how many
times the models’ daily averages and the sensors’ daily averages
exceeded 25 μgm−3. This assesses each system’s accuracy and reliability
in detecting exceedances. We defined a True Positive (TP) where both
observed and predicted daily means were >25 μg m−3, a False Positive
(FP) when the model exceeded the threshold but observations did not,
a True Negative (TN) when both were≤25 μg m−3, and False Negative
(FN) when observations exceeded the threshold, but themodel did not.

ACS ES&T Air pubs.acs.org/estair Article

https://doi.org/10.1021/acsestair.6c00113
ACS EST Air XXXX, XXX, XXX−XXX

D

https://pubs.acs.org/doi/suppl/10.1021/acsestair.6c00113/suppl_file/ea6c00113_si_001.pdf
https://pubs.acs.org/doi/suppl/10.1021/acsestair.6c00113/suppl_file/ea6c00113_si_001.pdf
pubs.acs.org/estair?ref=pdf
https://doi.org/10.1021/acsestair.6c00113?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as


3. RESULTS

3.1. Model Performance in Patras

3.1.1. Performance in Predicting Average Seasonal
and Monthly Patterns. We first used the monthly averaged
PM2.5 concentrations to evaluate the performance of the
SmartAQ2+ during each season of 2024 and based on forecasts
issued 1 day in advance. Figure 2 illustrates the FERROR and
FBIAS of SmartAQ2+ per season at each measurement site.
Seasonal analysis revealed distinct spatial patterns in

SmartAQ2+ performance. In winter, the model achieved
“Excellent” or “Good” performance at 21/31 sites with an
average monthly FERROR of 35%, including all sites near the
center of the city. The model overestimated or underestimated

PM2.5 at some suburb sites (Koukouli, Sinora, Paralia) by 50%
with an average FERROR of 55%. For spring and summer, the
model achieved ‘Excellent’ ratings at more than half of the
evaluation sites with an average FERROR of 20%. For several
suburban sites themodel overestimated PM2.5 concentrations by
45% with an average FERROR of 45%. SmartAQ2+ performance
during autumn was characterized by a systematic shift toward
positive bias (+20%) for some suburb sites, while for the
majority of sites near the city center the model’s performance
was excellent (FERROR = 35%, FBIAS = ±10%).
Figure 3 shows average PM2.5 predictions of the SmartAQ2+

model for all months of 2024, based on forecasts issued 1 day in
advance. In winter months, PM2.5 concentrations at areas within
the city center and its suburbs were higher, due to intense
biomass burning during the afternoon and night.54 SmartAQ2+
captured this pollution pattern with an average FERROR of
30%. From May to October, the average monthly PM2.5
concentration within the city ranged from 6 to 10 μg m−3,
based on the low-cost sensor measurements. SmartAQ2+ had an
average FERROR of 25% and its FBIAS was ±17%.
We quantified the model’s behavior for each simulation cell in

relation to the cell’s land use over the year using daily average
PM2.5 concentrations. Complete performance metrics are
provided in Tables S2−S4.
In winter, average measured concentrations were about 18 μg

m−3 at urban sites and 4 μg m−3 at nonurban sites, while
SmartAQ2+ predicted roughly 17 and 5 μg m−3 (FERROR of 5%
and 22%, respectively). In spring, measured concentrations were
approximately 8 μg m−3 in the urban core and 7 μg m−3 at the
remaining sites, and SmartAQ2+ predicted 9 and 8 μg m−3, with
FERROR of 12% for both site types. In autumn, urban
concentrations were around 9 μg m−3 and were reproduced
very well by SmartAQ2+ (5% FERROR), whereas nonurban
concentrations were near 5 μg m−3 and were overestimated at
about 7 μg m−3 (FERROR of 33%).
During summer, when measured PM2.5 levels were lower

overall (about 7 μg m−3 at urban sites and 5−6 μg m−3 at
nonurban sites), the average of SmartAQ2+ daily FERRORs
increases to about 42% at urban locations and 25% at nonurban
locations, mainly because of underestimation errors at
neighboring stations such as Ekso Agyia, Kato Sichaina, and
Mesa Agyia. For example, the average ME in Kato Sichaina
during the summer was 4.5 μg m−3 (45% FERROR) and theMB
was −2 μg m−3 (−20% FBIAS).
3.1.2. Performance in Predicting Daily PM2.5 Limit

Exceedance.We evaluated the SmartAQ2+ model in detecting
exceedance events by comparing its 1 day-in-advance
predictions with sensor measurements at all sites during 2024.
We have an exceedance event if any of the urban and suburban
sensors’ daily average PM2.5 exceeded the limit. The total
number of days with at least one sensor exceeding the average
daily PM2.5 limit was 54 (Table 1). SmartAQ2+ identified
correctly 23 (43%) and missed 31 (57%) PM2.5 exceedances,
while having 12 false positives and 299 true negatives. From the
31 missed days, 15 were during summer, 6 during autumn, and
10 during winter. During summer, the 15 missed exceedances
were due to local PM2.5 spikes in the port of Patras (New Port),
affecting one sensor. They are likely due to sources like maritime
and heavy-duty vehicle emissions. The average daily PM2.5
concentrations based on sensor measurements during the
exceedance days were between 27 and 42 μg m−3, whereas the
predicted PM2.5 concentrations were between 19 and 24 μg m−3.
For 13 of the 31 missed days, the predicted PM2.5 concentration

Figure 2. SmartAQ2+ evaluation using the average FERROR (%) versus
FBIAS (%) during (a) winter, (b) spring, (c) summer, and (d) autumn
for Patras.
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was close to the threshold (>22 μg m−3). For days considered
false positives, the average daily PM2.5 concentrations based on
sensor measurements were between 9 and 24 μg m−3, whereas
the model predicted 25−30 μg m−3.
We selected the nine most polluted locations (New Port, Kria

Iteon, Lefka, Trion Navarchon, Sinora, Paralia, Demenika,
Koukouli, and Kypseli), which exceeded the PM2.5 limit for 5
days ormore (Table S5). The total number of exceedance events
at these nine sites together was 144. SmartAQ2+ identified
correctly 64 (44%) and had 80 false negatives. On the other
hand, it had 56 false positive cases (47% of the predicted as
positive). For example, the most polluted site was at the new
port of Patras (32 days of limit exceedance). SmartAQ2+
identified correctly 9 days, missed 23 by an average of 15 μg

m−3 (60%), and identified incorrectly 15 days. For these sites, we
also examined the daily averaged PM2.5 measurements and
model predictions during the year (Figure 4). Several false
negatives (missed exceedances) were due to errors of a few μg
m−3 with the corresponding SmartAQ2+ predictions in the 18−
24 μg m−3 range. False positives typically occurred when the
observed PM2.5 concentrations were already near the threshold
(18−24 μg m−3) and the SmartAQ2+ model overestimated by
5−8 μg m−3.
3.1.3. Performance in Predicting Hourly Concentra-

tions. SmartAQ2+ performance for hourly PM2.5 concentrations
was assessed based on forecasts issued 1 day in advance. Figure 5
illustrates the observed hourly PM2.5 concentrations compared
to the MB of SmartAQ2+ for winter, spring, summer, and
autumn. In winter, hourly PM2.5 concentrations above 30 μgm−3

occur mostly during afternoon and night hours at some locations
and tend to be underestimated by SmartAQ2+ (MB = −10 μg
m−3, FBIAS = −30%). For PM2.5 concentrations lower than 30
μg m−3 in winter, SmartAQ2+ performs well during the day (ME
= 3 μg m−3, FERROR = 27%) and night (ME = 4 μg m−3,
FERROR = 14%). In the spring, the observed hourly PM2.5
concentrations range between 2 and 10 μg m−3 with few
exceptions due to local events. SmartAQ2+ performs well with
hourly bias less than 2.5 μg m−3 in most cases (Figure 5b).
During the summer, SmartAQ2+ tends to underpredict PM2.5

Figure 3. Predicted monthly average PM2.5 concentrations by SmartAQ2+ for Patras domain. Colored circles denote monthly average PM2.5 sensor
measurements at representative locations.

Table 1. PM2.5 Limit Exceedance (>25 μg m−3) Occurrences
During 2024 and Performance Metrics of the SmartAQ and
SmartAQ2+ Models

smartAQ2+ smartAQ

1 day ahead 2 days ahead 3 days ahead 1 day ahead

true positives 23 23 14 18
true negatives 299 300 298 280
false positives 12 11 13 31
false negatives 31 31 40 36
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concentrations by 30% (ME = 3.5 μg m−3). The fractional error

of SmartAQ2+ during autumn remained less than 38%, with the

mean error varying from 2 μg m−3 during the day to 4 μg m−3

during the night.

Figure 4. Daily PM2.5 concentrations at the nine most polluted Patras sites during days when the daily average concentration was above 25 μg m−3.
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Figure 6 illustrates the average diurnal PM2.5 profiles for the
most polluted month of 2024 (February) at 5 selected sites (3
urban, 1 suburban, 1 background). Four of the sites (City
Center, Sinora, Lefka, Agyia) are in Patras, where the majority of
the study’s sensors exist. Rio is located near Patras (∼5 km from
the center) and Psathopirgos is a background site 15 km from
the city center. Elevated PM2.5 concentrations were measured by
the sensors at all five selected urban and suburban sites after
17:00, due to biomass burning, affecting most of the city.
SmartAQ2+ captured these events with 35% FERROR and a
mean R2 (based on hourly averages) of 0.7.
3.1.4. Comparison with SmartAQ. Using forecasts issued

1 day in advance and seasonal mean PM2.5 concentrations,
SmartAQ2+ had lower errors compared to SmartAQ by an
average of 50% (Figure S12). Overall, SmartAQ2+ reduced the
persistent bias patterns seen in SmartAQ from +22% to +5%.
For example, in winter, the PM2.5 sensors measured approx-
imately 18 μg m−3 in the urban core and 4 μg m−3 elsewhere.

SmartAQ overpredicted PM2.5 in the urban core (22 μg m−3,
20% FERROR), whereas SmartAQ2+ was a lot closer (17 μg
m−3, 5% FERROR). In spring, SmartAQ2+ improved nonurban
performance, decreasing SmartAQ’s FERROR to 12% from
33%.
In terms of predicting the PM2.5 daily limit exceedances based

on forecasts issued 1 day in advance, SmartAQ2+ was better than
SmartAQ. Over 54 exceedance days, SmartAQ2+ had 23 true
positives and SmartAQ 18. Also, SmartAQ2+ reduced the false
positives of SmartAQ from 31 to 12. At frequently polluted sites,
SmartAQ2+ detected the exceedance days with an accuracy of
44% and SmartAQ with 16%. At the most polluted site (New
Port), SmartAQ2+ identified 8 exceedances that SmartAQ
missed.
3.1.5. Effect of Cooking Emissions on Model Perform-

ance in Patras. SmartAQ2+ and SmartAQ were run with and
without inclusion of cooking emissions.We selected two sites for
determining the effect of cooking emission information on the
performance of SmartAQ2+ and SmartAQ and used the average
daily PM2.5 concentrations for the analysis. The first site is Trion
Navarchon, an area with high cooking emissions48 near the city
center. The second site is Sinora, which has low cooking
emissions and its distance from the city center is approximately 2
km.
In Trion Navarchon, SmartAQ2+ and SmartAQ benefited

from the inclusion of cooking emissions with an average ME
reduction of 30 and 40%, respectively (Figure S8). When
inspecting the average of the rest of the sites, SmartAQ improved
its performance in terms of ME by 20% and SmartAQ2+ by 15%.
There were some sites (e.g., Sinora), where only the SmartAQ

Figure 5. Hourly observed PM2.5 concentrations compared to
SmartAQ2+ MB for (a) winter, (b) spring, (c) summer, and (d)
autumn. Please note the different scales in all graphs.

Figure 6. Average diurnal PM2.5 profiles for February 2024 at (a) City
Center, (b) Sinora, (c) Lefka, (d) Agyia, and (e) Psathopirgos.
Different scales are used.
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model improved its performance by approximately 10% when
running with cooking emissions.
If cooking emissions are not available during deployment of

SmartAQ2+ in other cities the errors of SmartAQ2+ are expected
to increase by 30% at sites with heavy cooking activity and the
citywide average performance of SmartAQ2+ might decrease by
15%.
3.1.6. Model Performance in Patras for Different

Forecast Horizons. We quantified the performance of
SmartAQ2+ using daily average PM2.5 concentrations for winter
(a period with high PM2.5 concentrations) and summer (low
concentrations) based on forecasts issued one, two, and 3 days in
advance. Figure 7 compares the average predicted PM2.5 for
January and July 2024 based on SmartAQ2+ forecasts issued one,
two, and 3 days in advance.

In winter, the average SmartAQ2+ FERROR across sites rises
from 40% (Day 1) to 41% (Day 2) and 43% (Day 3). The
highest increase was at Kastellokampos (from 38% to 45%). The
high concentration area in Figure 7a marks the urban core, while
the suburbs lie to the right and left. In January, across forecasts
issued one, two and 3 days in advance, the predicted PM2.5
concentrations are lower in the urban core, the inner suburbs
(such as Agios Andreas Hospital), and background sites (Figure
S9) but remain practically the same at the outer suburbs (such as
Kastellokampos). Hence, despite the overall ME of SmartAQ2+
during winter changing slightly between Day 1, 2, and 3, the ME
in the urban core increased by 2 μg m−3 and 3 μg m−3 for Days 2
and 3, while remained approximately the same at the rest of the
sites (Figure S9). In summer, the SmartAQ2+ average daily
FERROR for all sites rises from 39% (Day 1) to 40% (Days 2
and 3). Average ME and FERROR increases were the same for
urban and nonurban sites.
We then assessed the performance of SmartAQ2+ in

predicting daily PM2.5 limit exceedance for the second and

third forecasted day (Table 1). True positive events based on
forecasts issued 2 days in advance were 23, one less than those
issued 1 day in advance. The false positive alarms remained 10
and the false negative alarms were 48. The SmartAQ2+
performance based on forecasts issued 3 days in advance was
worse by approximately 35% than the first day (15 true positives,
13 false positives, 281 true negatives, and 56 false negatives).
3.2. Model Performance in Athens

We evaluated the performance of SmartAQ2+ in a pilot study for
Athens, the largest Greek city, using measurements at 6 selected
sites equipped with low-cost PM2.5 sensors. These sites were
Thiseio (center of Athens), Pagkrati (urban core), Piraeus (port
of Athens), Haidari (suburb), Petroupoli (suburb), and Vrilissia
(urban background). We selected these sites to represent urban,
suburban, and urban background areas of Athens. Figure 8
illustrates the average predicted PM2.5 concentrations by
SmartAQ2+ for September 2025 in the Athens domain.

PM2.5 sensors in the city center and at the port measured
higher average monthly PM2.5 concentrations (9−11 μg m−3)
compared with the outskirts of the city (4−6 μg m−3). Similar
concentrations were predicted by the SmartAQ2+ model, which
estimated 10−12 μg m−3 in the city center and 5−8 μg m−3 in
the surrounding areas. SmartAQ2+ was excellent for 4 sites
(Thiseio, Haidari, Petroupoli, Vrilissia) and good for two
(Pagkrati, Piraeus), based on daily averaged predicted and
observed PM2.5 concentrations (Figure S10).
The average SmartAQ2+ ME using daily concentration values

for September 2025 for the six selected sites was 2 μg m−3 (41%)
and the MB was 0.3 μg m−3 (7%). Hourly PM2.5 concentrations
are available in Figure S11.
3.3. Feature Importance
To interpret how SmartAQ2+ uses its inputs, we computed the
SHAP values51 for every 1 × 1 km2 cell across the 36 × 36 km2
domain of Patras. SHAP attributes each deviation from a
reference prediction to specific inputs, yielding a consistent
measure of feature influence. We evaluated how importances
shift with local data availability by splitting cells into three
groups: urban core, inner, and outer suburbs.
The relative importance of sensors is the highest (21−32%)

among the other input features for sites in the urban core and the
inner suburbs regardless of the season (Table S6). In the outer

Figure 7. Average SmartAQ2+ predicted PM2.5 concentrations for
January 2024 and July 2024, based on forecasts issued (a,d) 1 day in
advance, (b,e) 2 days in advance, and (c,f) 3 days in advance for the
Patras domain.

Figure 8. Predicted monthly average PM2.5 concentrations by
SmartAQ2+ for the Athens domain for September 2025. Colored
circles denote monthly average PM2.5 sensor measurements.
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suburbs and background sites, sensor importance declines (9−
16%). This behavior is expected, since many areas have limited
sensor coverage and the model is forced to rely on other inputs.
The SmartAQ forecast for the next 3 days is consistently more

important than the past three-day SmartAQ forecast, regardless
of proximity to sensors and of the season. This is likely because,
when processing the previous 3 days, the MLmodel can directly
leverage the observed sensor readings to capture PM2.5 patterns.
In contrast, for the upcoming 3 days it must depend on the
SmartAQ forecast as the primary driver.
Land use and emissions play the third most important role.

Together, their relative importance is 16−20% in sites with
sensor coverage and 20−28% in peripheral or background sites.
Calendar variables, i.e., the month, weekdays, and hours of the
forecasted days, have consistent importance, regardless of the
site (around 10% during summer and 15% during winter).
During winter, the relative importance of calendar variables
becomes the second strongest predictor in the urban and close
suburban core (around 17%). The ML model might have
captured a periodic pattern of PM2.5 concentrations during
winter in the specific cells, which is related to the seasonality of
biomass burning.

4. DISCUSSION
SmartAQ2+ combines physics-guided forecasts from SmartAQ
(CTM) with real-time observations from low-cost sensors to
improve 3 day hourly PM2.5 concentration prediction at 1 × 1
km2 resolution in urban areas. In contrast to our previously
developed SmartAQ+ system, which provides only the current
PM2.5 concentration fields, SmartAQ2+ operates on temporal
sequences providing multiple-day forecasts. It uses 72 h of past
data, encodes the evolving pollution state, and projects it
forward for 72 h. This requires the model to learn temporal
dynamics (e.g., the build-up and decay of evening biomass-
burning episodes, weekend−weekday emission shifts). The
encoder−decoder architecture with attention allows SmartAQ2+
to selectively weight different past time steps when generating
each future hour.
SmartAQ2+ improved seasonal, monthly, and hourly perform-

ance of SmartAQ across the Patras domain in 2024, by reducing
seasonal ME by 50% and MB by 77%, monthly ME and MB by
35 and 55%, and hourly ME and MB by 35 and 25%, compared
to its corresponding CTM. SmartAQ2+ better represented
winter evening increases associated with biomass burning than
SmartAQ but tended to underpredict the highest winter peaks at
certain urban sites.
In 2024, SmartAQ2+ correctly identified 23 of 54 citywide

PM2.5 exceedance days (43%), significantly outperforming
SmartAQ by doubling the true positives while reducing false
alarms by over 60%. This predictive performance remained at a 2
day lead time before degrading by Day 3. Nearly half of the
citywide missed exceedances (13 of 31) were “near-misses”
within 3 μg m−3 of the threshold (25 μg m−3). Its most
important misses were at the new port of Patras, where it failed
to capture 23 of 32 exceedance events related to maritime and
heavy-duty vehicle traffic. The corresponding emissions in this
area are probably not well captured by the used emissions
inventory. False positives were primarily overestimations near
the threshold, while the observed PM2.5 concentrations were
already elevated (18−24 μg m−3).
SmartAQ2+ performance based on daily average PM2.5

concentrations was retained for lead times of one and 2 days,
with significant performance degradation (roughly 30%) after

the second forecasted day. This behavior is related to objective
errors in CTM and meteorology forecasts for lead times larger
than 24 h. Custom ML algorithm loss functions that handle
short-time and long-time errors differently could partially
mitigate this issue.
Data fusion can reduce systematic CTM bias, but it cannot

fully compensate for missing air pollution sources. Where a
source is explicitly represented, SmartAQ2+ can learn how to
adjust its contribution using local observations. When a source is
absent, the ML model may still reproduce average patterns
through correlated predictors, but it becomes less reliable during
source-dominated episodes. For example, including cooking
emission information in SmartAQ and as an input feature in
SmartAQ2+ reduced daily mean error at high restaurant density
areas by roughly 30%. If such information is absent during
deployment, localized performance degradation is likely. The
SHAP analysis indicates that SmartAQ2+ adapts to the available
information, relying more on sensors in densely monitored areas
and more on SmartAQ and spatial predictors in peripheral cells.
This behavior is encouraging for operational use, but SHAP
values should not be read as causal explanations, especially
because several inputs are correlated. The results mainly provide
a diagnostic of how the model distributes trust among its inputs
across the domain, but in-depth ablation studies are needed to
fully disentangle the contribution of each model component.
These will be the topic of future model assessments.
The application of the ML model to Athens suggests that

some relationships learned in Patras, such as the correction of
broad CTM bias using recent observations and spatial
predictors, may be reusable across Greek urban environments.
Without retraining and with missing cooking inputs, the Patras-
trained SmartAQ2+ achieved excellent to good performance at
urban and suburban sites in Athens in September 2025, based on
daily PM2.5 concentration averages. However, the Athens
evaluation was shorter and relied on fewer monitored locations,
so the evidence should be interpreted as encouraging, but
preliminary.
Sensor influence on the SmartAQ2+ predictions was highest in

the urban core and close suburbs where the low-cost sensor
network was dense and declined toward the periphery (sparser
placement of low-cost sensors) where the model appropriately
relied more on the CTM output and static spatial features. This
is a desired behavior of an ML system that must perform over
heterogeneous data density. Sensitivity to low-cost sensor
density and placement is required in future analysis.
The findings are consistent with recent literature on hybrid

CTM-ML frameworks for air quality forecasting. Earlier studies
have shown that ML can downscale or correct CTM outputs for
the present or future using a combination of meteorology, land
use, satellite proxies, and regulatory measurements.34,35 The
present work adds an important element, which is the inclusion
of low-cost sensor observations directly into a forecasting
architecture rather than using only regulatory monitors or
satellite products. Part of the strong monthly and seasonal
performance of SmartAQ2+ might derive from the inclusion of
the previous-year’s same-month observed and SmartAQ-
predicted PM2.5 as input. This is particularly relevant for urban
environments where small scale gradients and evening peaks
from local sources can be difficult to capture.
While SmartAQ2+ improved PM2.5 forecast accuracy, it

essentially corrected the effects of biases in emission inventories
andmeteorological forecasts propagated in the CTM rather than
their underlying causes. Because the ML model is trained and
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optimized for the current CTM behavior, any future updates to
emission inventories or major changes in urban activity could
shift the CTM output PM2.5 concentrations that are not
previously seen by the ML model. Periodic retraining is,
therefore, mandatory to maintain reliability.
Extending the evaluation to additional Greek and Medi-

terranean cities with varying sensor densities would strengthen
evidence for transfer learning and help define minimal
observational requirements for stable performance. SmartAQ
already provides source contributions via PSAT (e.g., cooking,
biomass burning, long-range transport, traffic, marine).
SmartAQ2+ currently corrects total PM2.5 only, yet policy design
depends on source attribution. Future research should correct
the source apportionment, also.
A direct comparison against transformer-based or other

architectures has been beyond the scope of this work. The
quantification of the relative performance of these approaches is
an interesting topic for future work.
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