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Abstract

Air pollution remains a leading global health
risk, exacerbated by rapid industrialization and
urbanization, contributing significantly to mor-
bidity and mortality rates. In this paper, we
introduce AirCast, a novel multi-variable air pol-
lution forecasting model, by combining weather
and air quality variables. AirCast employs
a multi-task head architecture that simultane-
ously forecasts atmospheric conditions and pol-
lutant concentrations, improving its understand-
ing of how weather patterns affect air quality.

novel Frequency-weighted Mean Absolute Error
(fMAE) loss, adapted from the class-balanced
loss for regression tasks. Informed from do-
main knowledge, we investigate the selection of
key variables known to influence pollution lev-
els. Additionally, we align existing weather and
chemical datasets across spatial and temporal di-
mensions. AirCast’s integrated approach, com-
bining multi-task learning, frequency weighted
loss and domain informed variable selection, en-
ables more accurate pollution forecasts.

Predicting extreme pollution events is challeng- 1. Introduction

ing due to their rare occurrence in historic data,

resulting in a heavy-tailed distribution of pol- Rapid industrialization, economic growth, and cli-
lution levels. To address this, we propose a mate change have significantly worsened air pollution
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(Nakhjiri and Kakroodi, 2024), raising serious con-
cerns about environmental quality and public health.
Among various pollutants, particulate matter such
as PM1, PM2.5, and PM10 (particles smaller than 1,
2.5, and 10 micrometers, respectively) have been di-
rectly associated with adverse health effects. These
tiny particles can penetrate the respiratory system,
possibly leading to cancer and various respiratory
and cardiovascular diseases. The World Health Or-
ganization (WHO) reports that around 99% of the
global population is exposed to air that does not
meet its 2019 quality guidelines. According to recent
estimates (WHO, 2024), air pollution is responsible
for approximately 6.7 million premature deaths an-
nually. This highlights the urgent need for improved
forecasting methods to accurately predict air qual-
ity. These forecasts can advise policy decisions and
contribute to reducing emissions strategies.

Air pollution forecasting for PM primarily relies
on two approaches: physics-based and data-driven
models. Physics-based models simulate pollutant
dispersion and chemical transformations using fun-
damental principles of atmospheric chemistry and
physics. These models often use non-linear empirical
methods (Cobourn, 2010; Lv et al., 2016) to repre-
sent complex environmental interactions. Although
they offer valuable insight into the physical and
chemical processes that govern air quality, their ac-
curacy is often constrained by the dynamic complex-
ity of atmospheric systems. This makes it difficult
to precisely capture both long and short-term trends.
In contrast, data-driven approaches (Bi et al., 2023;
Nguyen et al., 2023a,b; Bodnar et al., 2024) utilize
machine learning methodologies to model complex
relationships among various atmospheric variables,
such as temperature, wind, and PM concentrations.
These models are trained to capture non-linear pat-
terns and dependencies implicitly under diverse at-
mospheric conditions. Moreover, data-driven models
adapt more readily to new data and evolving envi-
ronmental conditions than physics-based models,
identifying patterns and relationships that physics-

based models cannot explicitly represent. Existing
data-driven approaches overlook variables that could
potentially influence PM concentrations.

In this work, we enhance PM forecasting meth-
ods by integrating weather and air quality variables
to improve accuracy. Our proposed model, Air-
Cast, is a Vision Transformer (ViT) (Dosovitskiy
et al., 2021), designed for air pollution forecasting
by adapting a weather foundational model Nguyen
et al. (2023a). By utilizing large-scale pre-trained
models, AirCast learns generalizable representations
from diverse datasets, enhancing its performance in
air quality prediction. An important aspect of this
adaptation is our development of a combined dataset
integrating weather and air quality variables for pre-
cise air pollution forecasting. We source weather
variables from WeatherBench (Rasp et al., 2020)
and air quality variables from the Copernicus Atmo-
sphere Monitoring Service (CAMS) EAC4 dataset
(ECMWEF, 2023). This multi-variable approach al-
lows AirCast to capture the complex relationships
between weather conditions and pollutant levels.
Similar to Nguyen et al. (2023a), the model architec-
ture incorporates variable tokenization and variable
aggregation modules to efficiently handle a large
number of variables and reduce the sequence length.
To further enhance its capabilities, a multi-task head
architecture enables the model to predict both atmo-
spheric weather and air pollution variables simulta-
neously. Additionally, a Frequency-weighted Mean
Absolute Error (fMAE) loss function inspired by the
class balanced loss function (Cui et al., 2019) ad-
dresses the heavy-tailed distributions of pollutants,
improving the accuracy of predictions for extreme
cases. Furthermore, learning from domain knowl-
edge we also investigate the selection of key variables
known to affect PM concentrations.

Our study focuses on the Middle East and North
Africa (MENA) region, which consistently experi-
ences some of the highest levels of PM concentra-
tions globally, often exceeding the recommended air
quality standards of the WHO (Heger et al., 2022).
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Forecasting air pollution in the MENA region using
data-driven methods is extremely important due to
its distinct environmental challenges. The challenges
include frequent dust storms, industrial emissions,
reliance on fossil fuels, rapid urbanization, and low
rainfall, all of which combine to significantly degrade
air quality. In this paper, we focus on accurate and
efficient PM forecasting in MENA region, aiming to
support mitigation efforts and reduce the harmful
effects of air pollution. Our main contributions are
as follows:

1. Integrated Forecasting:: To capture the in-
teractions between weather and air quality, we
develop a multi-task head architecture that si-
multaneously predicts atmospheric and pollu-
tion variables.

. Frequency-weighted Loss Function: To
address the heavy-tailed distributions of pol-
lutants like PM1, PM2.5, and PM10, we in-
troduce a Frequency-weighted Mean Absolute
Error (fMAE).

Regional Adaptation: Recognizing the
MENA region’s high PM concentrations, we
enhance the model to improve the accuracy of
forecasts for severe pollution levels in the region.

Combined Dataset: To help the model learn
the relationships between atmospheric condi-
tions and pollutant levels, we create a compre-
hensive dataset by aligning existing weather and
chemical datasets across spatial and temporal
dimensions.

2. Related Work

In recent years, the integration of machine learning
methods into various scientific domains has gained
significant attention, with air pollution forecasting a
notable example. Traditionally, physics-based mod-
els like the WRF-Chem (Ojha et al., 2020) and
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CMAQ (Zhang et al., 2012) model have been em-
ployed to predict air pollution levels. These models
are grounded in the fundamental principles of atmo-
spheric chemistry and physics to simulate complex
interactions within the atmosphere. However, the
highly nonlinear and complex nature of air pollu-
tion variables poses substantial challenges for these
physics-based models. Modeling air pollution’s com-
plexity often leads to high uncertainties and reduced
prediction accuracy (Hao et al., 2020; Li et al., 2019).
Additionally, running these models at high resolu-
tions in complex environments demands significant
computational resources, which can be challenging
for real-time forecasting.

In contrast, data-driven machine learning models
(Yu et al., 2022; Cai et al., 2023; Bodnar et al., 2024)
have emerged as a more effective alternative for air
pollution forecasting. These models excel at captur-
ing nonlinear relationships and patterns within large
datasets, allowing them to handle the complexities
of air pollution variables more adeptly. Machine
learning approaches can provide more accurate and
efficient predictions without requiring detailed phys-
ical simulations by learning directly from the data.
In Yu et al. (2022), a deep ensemble-based approach
is introduced for estimating daily PM2.5 concentra-
tions. This framework leverages machine learning
base models, such as XGBoost, which are used to
train meta-models in the second stage, with an opti-
mization algorithm applied in the third stage. In Cai
et al. (2023), authors proposed a framework to en-
hance the prediction of hourly PM2.5 concentrations.
Their method involves breaking down complex data
into simpler components, each representing differ-
ent frequency levels. These components are then
modeled using a combination of autoregressive and
CNN-based methods to capture patterns in data, to
improve the accuracy of the predictions.

Recent advancements in neural network architec-
tures have significantly improved the integration of
air quality variables with weather variables in fore-
casting models. For instance, the Aurora model
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(Bodnar et al., 2024) primarily trains on weather
data and then forecasts air pollution levels as a
downstream task. Similarly, ClimaX (Nguyen et al.,
2023a) is an open-source weather model that lever-
ages the vision transformer architecture (Dosovit-
skiy et al., 2021). Trained on large-scale datasets,
it serves as a foundational model by employing a
pretext task focused on predicting future time steps
randomly sampled within a specified range. In its
downstream applications, ClimaX handles a vari-
ety of tasks across different spatial and temporal
scales, including regional weather forecasting. Due
to its adaptable and efficient design, we have selected
ClimaX to demonstrate our proposed approach. A
recent study (Munir et al., 2024), has explored en-
hancing ClimaX for MENA weather forecasting us-
ing parameter-efficient fine-tuning like LoRA. This
underscores the potential of adapting foundational
models to meet the challenges of specific regions.
However, it’s important to note that ClimaX cur-
rently operates at a lower spatial resolution com-
pared to models like Aurora (Bodnar et al., 2024)
and CAMS (ECMWF, 2023). In contrast to large-
scale foundational models, existing work on PM
forecasting typically employs fewer variables, limit-
ing itself to smaller capacity models or statistical
approaches (Cabello-Torres et al., 2022; Masood
et al., 2023). A notable exception is the work of
Sarafian et al. (2023), which uses a transformer-
based model to forecast PM10 concentrations using
several weather variables, demonstrating their im-
portance in the process. However, most studies in
this field, while valuable, often focus on predicting
a single PM concentration variable and utilize only
a subset of available predictors. Our work aims to
address these limitations by adopting a more com-
prehensive, multi-variable approach.

In AirCast, we combine air quality and weather
data to better capture complex environmental dy-
namics, addressing the limitations of models that
rely on one type of data. This approach is important
for regions like the MENA, where diverse environ-

mental factors require models capable of handling
intricate interactions effectively.

3. Aligned Dataset

We aim to create an aligned dataset with multiple
weather and air quality variables (see Table 1) to
better capture the complex factors influencing PM
concentrations.

Weather Variables. The weather data is
sourced from the ERAS archive (Rasp et al., 2020),
providing hourly data from 1979 to 2018. Due to
its large size, the dataset has been regridded to
resolutions of 5.625° (32 x 64 pixels), and 1.40525°
(128 x 256 pixels). Furthermore, to temporally align
with the chemical pollutant variables described next,
we only choose the years from 2003 to 2018. For
our experiments, we focus on the 5.625° resolution
to balance data granularity and computational effi-
ciency.

Air Quality Variables. The air quality data
is collected from the Copernicus Atmosphere Mon-
itor Service (CAMS) data archive. We utilize the
ECMWE Atmospheric Composition Reanalysis 4
(EAC4) data catalog, which combines an atmo-
spheric model with real-world observations to create
a comprehensive global dataset comprising various
air quality variables. The data originally comes in
a 0.75° resolution and three-hourly intervals. For
consistency with weather data (Rasp et al., 2020),
we regrid these to 5.625° resolution. Furthermore,
to align the air quality variables temporally with
the weather variables, we interpolate the data to
be hourly instead of three hours. Following WHO
guidelines (WHO, 2021), we included additional vari-
ables known to affect PM concentrations. The full
list of air quality variables is shown in Table 1.

The combined dataset contains both surface and
pressure-level variables. For pressure-level data, we
selected seven pressure levels: 50, 250, 500, 600, 700,
850, and 925 hecto-Pascals (hPa). These levels were
chosen to represent a broad range of atmospheric
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Table 1: A list of all the weather and air quality variables present in our dataset. Furthermore, for
variables that contain data at different pressure levels, we collect 7 of them.

Variable (short name)

Description

Pressure Levels

geopotential (z) Varies with the height of a pressure level 7 levels

2 temperature (t) Temperature 7 levels

% specific humidity (q) Mixing ratio of water vapor 7 levels

= relative humidity (r) Humidity relative to saturation 7 levels

i u component of wind (u) Wind in longitude direction 7 levels

& v component of wind (v) Wind in latitude direction 7 levels

§ 2m temperature (t2m) Temperature at 2m height above surface Single level

= 10mu component of wind (ul0) Wind in longitude direction at 10m height Single level
10m v component of wind (v10) Wind in latitude direction at 10m height Single level
carbon monoxide (co) Carbon monoxide concentrations 7 levels
ozone (go3) Ozone concentrations 7 levels

2 Nitrogen monoxide (no) Nitrogen monoxide concentrations 7 levels

% Nitrogen dioxide (no2) Nitrogen dioxide concentrations 7 levels

S Sulphur dioxide (so2) Sulphur dioxide concentrations 7 levels

i Particulate matter d <1 pm (pm1) Particulate matter with diameter less than 1 pm Single level

= Particulate matter d <10 pm (pm10) Particulate matter with diameter less than 10 pm  Single level

£ Particulate matter d <2.5 pm (pm2.5) Particulate matter with diameter less than 2.5 pm  Single level

? Total column carbon monoxide (tcco) Total amount overall levels Single level

< Total column nitrogen monoxide (tc_no) Total amount overall levels Single level

Total column nitrogen dioxide (tcno2)
Total column ozone (gtco3)

Total amount overall levels
Total amount overall levels

Single level
Single level

dynamics, from near-surface to higher altitudes. The
unit hPa is typically used to represent different ver-
tical levels in the atmosphere, with a pressure of
approximately 1000 hPa at sea level, decreasing as
altitude increases.

Distribution Skew. Many air quality variables
show heavy-tailed distributions, notably for PM con-
centrations, as shown in Figure 2. This phenomenon
indicates that while high pollution levels, includ-
ing PM1, PM2.5, and PM10, are rare, they have
a significant impact when they occur. These ele-
vated concentrations, though infrequent, are critical
indicators of severe air quality issues.

4. AirCast

In this section, we describe our approach AirCast
(Figure 1), for multi-variable air pollution forecast-

ing. Inspired by ClimaX (Nguyen et al., 2023a), we
use a Vision Transformer ViT (Dosovitskiy et al.,
2021) as the backbone. The model was pre-trained
using a variety of climate and weather datasets, each
with a varying number of variables Nguyen et al.
(2023a). Similar to ClimaX, the variable tokeniza-
tion module was utilized to standardize the input
and a variable aggregation module was employed to
handle the large sequence of input variables during
training, thereby reducing the sequence length and
enhancing computational efficiency.

Variable Tokenization is a process that converts
each input variable separately into a sequence of
patches. Specifically, each input variable V' of size
H x W is tokenized in a sequence of size H/p X
W /p, where p denotes the size of the patch. The
input patches are then passed through an embedding
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Figure 1: This illustrates the architecture of the Air

Cast model, an extension of Nguyen et al. (2023a).

The model integrates weather data from the ERA5 dataset and air quality data from the CAMS EAC4

dataset. The model is trained using regional data

from the MENA region. The input variables are

tokenized and aggregated, with a Vision Transformer (ViT) encoder, processing the combined weather
and air quality inputs. A dual decoder head is employed, with one predicting weather variables and the
other forecasting air quality variables. The predictions are compared with the ground truth at a certain
lead time using the Frequency-Weighted MAE loss function.

layer, resulting in a sequence of dimensions V X
H/p x W/p x D, where D denotes the embedding
dimension.

Variable Aggregation follows the variable to-
kenization, using a cross-attention mechanism to
aggregate information from multiple variables at
the same spatial location. This process effectively
reduces the sequence length to (H/pxW/p) while re-
taining essential information from all input variables.
This aggregation not only optimizes computational
efficiency but also improves the model’s ability to

o1

understand the relations between weather and air
quality variables.

Since we aim to use weather and air quality vari-
ables, an additional prediction head is added. Both
prediction heads output the same number of vari-
ables as the input. The loss is calculated indepen-
dently for each set of variables: weather loss is com-
puted for the weather variables from the weather
head, and likewise for the air quality head. By decou-
pling the learning processes, the model alleviates po-
tential negative transfer between tasks, which is usu-
ally a challenge in multi-task learning frameworks.
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Figure 2: Skewed distribution of PM2.5. The
y-axis corresponds to the frequency clipped at 200
(the maximum frequency is shown in each figure).

Experimental evidence shows that this configuration
yields the best performance.

4.1. Regional Setup

We target a specific region instead of forecasting
the entire globe. While our model can be adapted
globally, we focus on the MENA region to evaluate
its forecasting capabilities due to the region’s high
PM concentrations. The MENA region consistently
records some of the highest PM levels worldwide
(Li et al., 2022; Nissenbaum et al., 2023), frequently
exceeding WHO guidelines. We expect that by choos-
ing such a region, we can focus our model capability
on forecasting the higher PM concentrations.

4.2. Normalization

Prior to the model training, weather variables are
normalized, while air quality variables undergo nor-
malization followed by a scaled log transformation
(shown in equation 1). The log transformation high-
lights smaller values often overshadowed by larger
ones, stabilizing training and capturing the variabil-
ity of low air quality concentrations more effectively.
This log transformation is inverted during validation
and test time.
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. log(max(x,107%)) — log(10~%)
B log(10—4)

(1)

4.3. Randomized Lead Time

While our experiments focus on forecasting the vari-
ables, 24 hours from the input time (lead time), we
find that randomizing the lead time during training
results in improving the model performance. We
believe this acts as an extra augmentation technique
that may serve as a regularization, by exposing the
model to various forecasting horizons. For each train-
ing sample, the lead time is randomly chosen from
6, 12, and 24 hours intervals. For validation and
testing, however, only a 24-hour lead time is used
to maintain consistency.

4.4. Frequency-Weighted Mean Absolute
Error

Many air quality variables, including PM1, PM2.5,
and PM10, exhibit a heavy-tailed distribution (as
illustrated in Figure 2 for PM2.5). To address this
skewness, we propose a Frequency-weighted Mean
Absolute Error (fMAE) function motivated by class-
balancing approaches (Cui et al., 2019). The fre-
quency of values for each air quality variable in the
training data is pre-computed using optimal bin
widths specified by the Freedman-Diaconis Estima-
tor (Freedman and Diaconis, 1981). Based on this
frequency, a weight is assigned according to Equation

2,
0, freq=0
‘/‘/ pr— 2
freq {1—16_155‘1’ otherwise 2)

where (3 is a hyperparameter that is used to define
the frequency weighting term. S — 0 signifies equal
weighting while 8 — 1 signifies inverse frequency
weighting. Based on experimentation, we found that
setting [ to 0.8 resulted in the best performance.
The core idea behind this weighting scheme is to
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provide greater emphasis on rare events and reduce
the impact of frequently occurring events.
Additionally, following the methodology used in
WeatherBench (Rasp et al., 2020), we further em-
ploy the latitude weight along with the frequency-
weighted loss. The latitude weight is defined in
Equation 3 and is used to account for the varying
sizes of grid cells due to the Earth’s spherical shape.

cos(lat(7))
+ Zle cos(lat (i)’

Where lat(i) is the latitude of the i** row in the
grid, H corresponds to the height of the image and
Wiae is the latitude weight for each i. The overall
loss is described in Equation 4

i
I/Vlou‘,_

(3)

[’f = (VVlat X MAEweather) +

4
(Wf'req X I/Vlaif X MAEchemical) ( )

This dual-weighting approach helps the model
sufficiently capture the weather and air quality vari-
ables’ spatial and distributional variations. By in-
cluding latitude weights, the model accounts for
the variations in grid cell areas at different lati-
tudes, which is crucial for global-scale modeling.
The frequency weights, on the other hand, address
the imbalance in the distribution of air quality con-
centrations, enhancing the model’s ability to predict
rare events.

With these improvements, AirCast provides an
adaptive framework for multi-variable air pollution
forecasting, leveraging weather and air quality data
to improve accuracy in high-pollution regions.

5. Experimental Setup
5.1. Implementation details

For training AirCast on the new combined dataset,
the network is initialized with pre-trained weights
from Nguyen et al. (2023a). We use a learning
rate of 5 x 1074, a batch size of 32 and a seed of
42 when training the model. The original shape

of the input is 32 x 64 at 5.625° resolution and
after applying the regional cropping, the input is
8 x 14. The model is trained for 100 epochs with
early stopping criteria to prevent overfitting. The
training is conducted on four A100 GPUs, taking
approximately four hours for the model with all
variables. The dataset was temporally partitioned to
create train, validation, and test splits. Specifically,
data from 2003 to 2015 was allocated to the training
set, while 2016 data constituted the validation set.
The test set comprised data from 2017 and 2018.

5.2. Baselines

To evaluate AirCast’s performance, we compare it
against two established models: a persistence base-
line and the CAMS global atmospheric composition
forecast. Notably, to the best of our knowledge, only
one other study (Aurora, Bodnar et al. (2024)) has
attempted to forecast all three PM variables using
a single model. However, their repository does not
provide access to fine-tuned models for air pollution
forecasting, precluding a direct comparison.

Persistence Baseline: This baseline model pre-
dicts that the forecast over the next 24 hours will
remain unchanged from the current input. While
simple, it is a valuable benchmark for evaluating the
performance of more complex forecasting models.

CAMS Global Forecasts: The CAMS global
atmospheric composition forecast is a comprehensive
data catalog that provides twice-daily forecasts for
various lead times. The forecast is generated by
using a physics based atmospheric model that learns
the complex patterns of several concentrations.

We conduct our baseline evaluations exclusively
on data from 2017 and 2018. We standardize the
input time to 00:00 and use a 24-hour lead time for
all forecasts.

6. Results

In this section, we analyze the results of the air
pollution forecasting experiments, focusing on PM1,
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Table 2: AirCast Ablations: Various ablations that r

esult in the best performing setting. The reported

metrics are Root Mean Squared Error (RMSE, lower is better) and Anomaly Correlation Coefficient (ACC,
higher is better). The RMSE unit for all PM concentration variables is ugm 3. (3 PM correspond to
PM2.5, PM10, PM1. The ablations in all tables use a lead time of 24 hrs during testing. Air Quality (AQ)
corresponds to the full list of air quality variables as shown in Table 1, which includes the 3 PM variables.
Surface (S.) corresponds to the near-surface pressure level of multi-level variables (high pressure). — is
used when we consider the low pressure levels of multi-level variable. For each table, the initial setting
(to compare against) is defined in gray . The best setting is defined in yellow . Abbreviations: W =
Weather, S.W. = Surface Weather, AQ = Air Quality, S.AQ = Surface Air Quality.

Impact of the fMAE loss

Method PM2.5 PM10 PM1

RMSE | ACC RMSE| ACC RMSE| ACC
w/o fMAE 10.05 | 76.4 15.34 | 73.8 7.38 | 81.1
with fMAE  9.63 | 78.2 14.78 | 75.5 7.17 | 82.4

Considering near surface variables.

Variables . PM25 PM10 PM1
RMSE| ACC RMSE | ACC RMSE| ACC

VXJ 9.45 | 798 14.15 | 786 7.24 | 82.8
S'XVQJF 9.24 | 80.5 1381 | 79.3 7.4 | 82.7
gYAg 9.65 | 79.7 14.08 | 79.4 7.60 | 82.0
SQX'Q* 8.82 | 82.7 13.27 | 79.7 6.65 | 85.3
:S'S\_’X'(; 9.40 | 797 14.09 | 784 7.19 | 82.3

PM2.5, and PM10 concentrations. We systemati-
cally examine the effects of various input variables,
data transformations, and model configurations on
forecasting performance. We provide the RMSE and
Anomaly Correlation Coefficient (ACC) metrics (see
Appendix) for most of our key ablations and just
use RMSE for the others.

Impact of fMAE Loss on PM Forecasting:
Considering the heavy-tailed distribution of several
air quality variables, an experiment was conducted
with and without the proposed fMAE loss. Results
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Adding additional variables

Variables . PM2.5 PM10 PM1
RMSE\ ACC RMSE\ ACC RMSE\ ACC
3PM  9.63 | 78.2 14.78 | 75.5 7.17 | 82.4
W +
apy 994 | 7T 1472 | 763 7.69 | 79.7
AQ 9.80 | 78.1 14.96 | 75.8 T.41 | 81.7
WH 945 |79.8 14.15|78.6 7.24 |82.8
AQ
Baseline comparison
Method PM2.5 PM10 PM1
o9 RMSE| ACC RMSE| ACC RMSE| ACC
Persistence 12.08 | 69.0 18.86 | 64.4 8.61 | 76.3
CAMS 20.33 | 60.0 31.07 | 55.0 16.21 | 65.0
S.W. +
5.AQ 8.82 | 82.7 13.27 | 79.7 6.65 | 85.3

from Table 2 indicate that using fMAE loss led to an
improvement of forecasting RMSE of 4.18%, 3.65%
and 2.85% for PM2.5, PM10, PM1 respectively. For
this particular experiment, we report numbers using
only the three PM concentration variables as both
input and output. Furthermore, visualizations using
the fMAE loss (Figure 3) indicate a slightly better
forecasting model for higher PM concentrations, as
denoted by the lighter blue areas in the second plot.

Impact of Weather and Air Quality Inputs
on PM Forecasting: Table 2 presents results from
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Figure 3: Sample error plots for PM2.5 forecasting (prediction - ground truth). The unit is kgm 3. The
first and second plots are without and with the proposed fMAE loss function respectively.

an experiment analyzing the impact of incorporating
additional weather and air quality variables. No-
tably, air quality variables (in Table 1) include these
PM concentrations as well, and we denote them as
AQ. Incorporating all variables improved the fore-
casting RMSE by 1.87% for PM2.5 and 4.26% for
PM10 but slightly degraded performance for PM1.
While an improvement in PM1 forecasting was antic-
ipated, the results for PM2.5 and PM10 align with
existing literature, highlighting the strong correla-
tion between weather variables and PM concentra-
tions (Cabello-Torres et al., 2022; Yang et al., 2017).
Additionally, WHO guidelines (WHO, 2021) under-
score the links between various air quality variables
and PM concentrations.

Effect of Selecting Near-Surface Variables:
As shown by Li et al. (2017); Sarafian et al. (2023),
near-surface-level variables are crucial for forecast-
ing PM concentrations. To verify this, we conduct
experiments (Table 2) using only near-surface-level
variables from multi-level data while directly includ-
ing all single-level variables. The resulting forecast-
ing RMSE is improved by 6.67%, 6.22%, and 8.15%
for PM2.5, PM10, PM1 respectively, when consider-
ing surface-level weather and air quality variables.
We conduct another experiment where we consider
the low-pressure level variables (represented by —).
The results confirm that selecting variables strongly

correlated with PM concentrations significantly en-
hances forecasting accuracy.

Baselines Comparison with Our Best Model:
As mentioned earlier, no single model currently fore-
casts all PM concentration variables, and a direct
comparison with Aurora is also not possible due
to the unavailability of its fine-tuned model for air
quality forecasting. Therefore, we use the persis-
tence baseline, a simple yet effective benchmark, and
CAMS global forecasts for comparison (see Table 2).

Extreme Event Forecasting: To test our mod-
els’ capability in forecasting extreme events, we se-
lected two dust storm events: one in Kuwait on
October 31, 2017, and another in Saudi Arabia on
October 29, 2017. While there is room for improve-
ment, our model demonstrated the ability to detect
these events. This can be observed in Figure 4,
where light blue or white colors in the affected re-
gions closely correspond to the actual dust storm
occurrences.

Randomized lead time: Following Nguyen et al.
(2023b), we investigate the benefit of randomizing
the lead time during training and validation. Results
from table 3 indicate that randomizing lead time im-
proves the PM forecasting performance. We believe
this acts as an extra augmentation technique and
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Figure 4: Extreme case visualizations of PM2.5 concentrations (Predictions - Ground Truth) for CAMS
global forecasts and Aircast.

Table 3: Randomized lead time. An ablation to Table 4: Varying lead time. Considering only
test the performance with and without the random- near surface weather and air quality variables.

ized lead time (6, 12, 24 hrs) during training and
validation. At test time, the lead time is fixed to

RMSE (ugm=3)

24hrs. :
Lead time  py 1o 5/ PM10 / PMI
Method RMSE (ugm=3) 6 hrs 6.30 / 9.26 / 5.04
O pM2.5 / PM10 / PML 12 hrs 7.60 / 11.2 / 6.03
24 hrs 8.82 / 13.27 / 6.65
Without ~ 9.04 / 13.61 / 6.80 8 e 11.50// 18.01// s
With 8.82 / 13.27 / 6.65

allows the model to learn from various forecasting

horizons. Results from Table 4 indicate that there is an in-

Varying lead times: To test the models forecast- verse relation between the lead time and forecasting
ing performance at various temporal times, we run  RMSE. This suggests that our models forecasting
an additional experiment by varying the lead time. ability is more robust in near-term.
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7. Conclusion

Previous efforts in air pollution forecasting have pri-
marily relied on statistical models, traditional ma-
chine learning approaches, or limited variable sets.
In this work, we propose a multi-variable approach
with a particular focus on forecasting PM concen-
trations. We develop a spatially and temporally
aligned dataset that integrates chemical pollutant
and weather data. Building on this, we introduce
AirCast, a Vision Transformer (ViT)-based fore-
casting model that leverages these diverse variables.
Our results demonstrate that incorporating weather
and air quality variables significantly enhances PM
forecasting accuracy. Notably, near surface-level
variables emerge as the most impactful in driving
the synergy between weather and air quality data.
To address the heavy-tailed distribution of chemical
variables, we introduce a Frequency-weighted Mean
Absolute Error (fMAE) loss function.

Impact Statement

Accurate air pollution forecasting is crucial for pro-
tecting public health and informing environmental
policy decisions. From a public health perspective,
reliable forecasts enable individuals with respiratory
conditions or other sensitivities to take precaution-
ary measures, reducing their exposure to harmful
pollutants. This approach can potentially lead to de-
creased healthcare costs and an improved quality of
life for vulnerable populations. Furthermore, precise
forecasting empowers government and healthcare
systems to better prepare for and respond to air
pollution events. By anticipating periods of poor
air quality, authorities can implement timely inter-
ventions, such as issuing public health advisories
or temporarily restricting high-emission activities.
While the method described in this paper is only for
a relatively short lead time, this sets the road for
future work that can improve forecasts for longer
periods of time.
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Appendix A. Geographic Generalization:

While we only focus the training on the MENA
region, we test the geographic generalization ability
of our model in East Asia and North America. We
find that Aircast slightly over-estimates in some
areas (denoted by the red areas in Figure 5).

Table 5: Geographic Generalization: Testing our
best model in East Asia and North America with a
lead time of 24hrs.

RMSE (ugm—3)

Region
PM2.5 PM10 PM1
East Asia 10.89 20.61 3.74
North America  9.26 18.22 1.89

Appendix B. Varying Seeds

All the ablations in the paper were performed when
considering a seed of 42. We additionally test our
best setting by varying between 5 different seeds,
and report the mean and std. This is a common
practice in machine learning research to ensure re-
producibility.

Table 6: Varying Seeds for our Best Model. We
report the mean, and the standard deviation is re-
ported in the brackets.

-3
Variables RMSE (pgm™")

PM10
13.61 (0.20)

PM1
6.78 (0.11)

PM2.5
Best Setting 9.00 (0.11)
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Figure 5: Extreme case visualizations of PM2.5 con-
centrations (Predictions - Ground Truth) for Aircast
and the CAMS global forecasts.
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Appendix C. Distribution plots of the
PM concentrations

We further show the distribution plots of PM2.5,
PM10 and PM1 in Figure 6. Similar to PM2.5, the
other 2 concentrations variables PM10 and PM1 also
show a long tailed distribution.
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tribution among the low-frequency bins. All the
concentration values are in the order of 1075.



NEDUNGADI MUNIR RUSSWURM SARAFIAN ATHANASIADIS RUDICH KHAN KHAN

Appendix D. Metrics

The Root Mean Square Error (RMSE) cal-
culates latitude-weighted (L(i)) prediction errors
by averaging squared differences between predic-
tions ()A(;k”) and ground truth (X} ; ;) across spatial
(H x W) and temporal (N) dimensions. The RMSE
is calculated as follows,

N H W

1 1 NG i
v 2 | 20 20 (Res — )

- i=1 j=1
()
The Anomaly Correlation Coefficient (ACC)
measures the latitude-weighted (L(7)) spatial correla-
tion between predicted (X’) and true (X') anomalies
(deviations from climatology C'). ACC focuses on
pattern similarity rather than absolute values. The
ACC is calculated as follows,

2 ohig L)Xy XLy

\/(Zk,i,j L@)A’E’f@j) (Zk,i,j L(i)X/'fi,j)

(6)

where anomalies are defined as,

X' =X-C and X'=X-C, (7)
and the climatology is
| N
C=5> Xiij (8)
k=1

Appendix E. Full Results

While the main section of the paper presents metrics
only for the three PM variables, we also provide
results for all variables using the best-performing
configuration in Table 7.

Table 7: Model performance for all variables us-
ing the best setting i.e using Surface Weather and
Surface Air Quality variables as input to the model.
Metrics are RMSE (lower is better) and ACC (higher
is better). Lead time is 24hrs.

Variable (unit) RMSE | ACC
10m U wind (m/s) 2.044 82.7
10m V wind (m/s) 2.248 81.2
2m Temperature (°C) 1.023 92.4
CO (925 hPa) (pg/m?) 19.4 99.3
Geopotential (925 hPa) (m) 167.121 | 87.7
03 (925 hPa) (pg/m?) 1.65 97.8
NO: (925 hPa) (ng/m®) 1.75 96.9
NO (925 hPa) (ng/m®) 1.20 94.9
PMI10 (ng/m®) 13.3 81.4
PM1 (ng/m?) 6.65 85.3
PM2.5 (pg/m?) 8.82 82.7
SOz (925 hPa) (ng/m?) 3.41 93.6
Specific humidity (925 hPa) (g/kg) 1.00 79.2
TCNO (mg/m?) 0.028 | 100.0
TCCO (mg/m?) 94.2 71.5
TCNO; (mg/m?) 0.384 | 855
TCSO: (mg/m?) 0.486 | 68.0
Temperature (925 hPa) (°C) 1.299 89.5
U wind (925 hPa) (m/s) 2.788 82.4
V wind (925 hPa) (m/s) 2.955 | 80.3
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