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Abstract

Air pollution poses significant global health challenges, underscoring the need for highly detailed
spatial predictions to inform effective environmental policy and safeguard public health. This study
introduces a novel Spatio-Temporal Attention-based Multi-Graph Convolutional Network (STAMGCN)
designed for fine-grained air quality prediction. The framework constructs spatial, atmospheric
pollution-pattern, and meteorological-pattern graphs to represent complex, non-Euclidean regional
relationships. Through graph convolutional networks, the model aggregates contextual information from
adjacent nodes, followed by a fine-grained attention mechanism that emphasizes interactions between
the target and nearby monitoring stations. By leveraging gated recurrent units with temporal attention,
STAMGCN effectively captures evolving air quality changes. Experiments conducted on the Beijing
dataset demonstrate that the model improves prediction accuracy by 10.18% for immediate forecasts
and 15.56% for 6-hour forecasts compared to baseline spatio-temporal models. These results highlight
the model’s potential to support urban air-quality management and provide a robust scientific foundation
for pollution-control strategies.

Keywords: fine-grained air quality analysis, graph convolutional networks, gated recurrent units,
spatiotemporal attention mechanism

Introduction

In recent decades, the rapid progression of
urbanization has led to increasingly severe challenges
in urban air quality, profoundly affecting both human
health and environmental sustainability. The World
Health Organization (WHO) reported that, in 2016,
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the global average life expectancy decreased by one year,
while the average life expectancy in polluted countries
in Asia and Africa decreased by 1.2 to 1.9 years
[1]. Annually, deteriorating air quality is linked to
approximately seven million deaths worldwide [2].
Moreover, more than 90% of the global population
breathes air containing pollutant concentrations that
exceed WHO-recommended limits. This situation
is particularly acute in developing countries, especially
in China, which has a population of 1.4 billion people

(3]
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Consequently, air pollution has been widely studied.
The assessment of air quality involves a comprehensive
evaluation of the concentrations of various pollutants
in the environment to determine their potential
impact on human health and ecosystems. Among
these assessments, the Air Quality Index (AQI) serves
as a crucial indicator for the evaluation of air quality.
A higher AQI value indicates poorer air quality, which
increases the likelihood of related diseases among the
population [4]. To obtain accurate AQI measurements,
several air quality monitoring stations have been
established worldwide. These stations employ automatic
monitoring equipment to detect pollutants in the air
in real-time, process the collected data, and release
the results to the public. However, due to factors such
as high construction costs, complex maintenance
requirements, and significant labor demands, it is
not feasible to establish enough monitoring stations
for urban air pollution monitoring. Furthermore,
the coverage of monitoring stations in each area is
often relatively limited, making it difficult to achieve
comprehensive monitoring across the region. Therefore,
predicting the AQI in these unmonitored target areas
remains a challenging task. Since air quality can vary
considerably over short distances [5], it is not feasible
to rely solely on data from nearby monitoring stations
for inference. This creates a critical challenge: how to
predict the AQI in unmonitored target areas accurately.
Developing specialized models that leverage data
from existing stations to perform such fine-grained
predictions is essential for tracking air quality trends
and supporting timely pollution control measures.

To collect air pollution information from different
urban areas, including production, commercial, and
entertainment zones, it is often necessary to develop
specialized models that use data gathered from existing
monitoring stations to predict the current or future
AQI of target regions. This approach enables more
accurate analysis of air quality conditions. Using this
approach, air quality trends can be effectively tracked,
and the prompt implementation of appropriate pollution
control measures, such as traffic restrictions, wearing
masks outdoors, and adjusting indoor ventilation, can
be achieved. These preventive measures are crucial
for mitigating the harmful impacts of environmental
pollution on human health.

In fact, the level of air pollution at any specific
location is often strongly influenced by its historical
data as well as the transport and dispersion of pollutants
from surrounding areas. This relationship suggests that
air quality is affected by interacting temporal and spatial
dynamics originating from other locations, reflecting
the spatio-temporal dependency characteristics of AQI
distribution [6]. Although many existing methods have
achieved significant progress in air quality forecasting,
they continue to encounter several critical challenges in
the “fine-grained prediction” of unmonitored locations.
These limitations mainly involve insufficient attention to
local spatial correlations between target and neighboring

sites, as well as a restricted capacity to infer conditions
in areas without direct monitoring. Such challenges have
prompted the development of more complex methods
to effectively integrate multiple graph structures and
fine-grained attention mechanisms. For fine-grained
prediction, it is essential not only to capture the overall
spatial landscape but also to precisely quantify the
individual influence of surrounding stations on a target
location. Therefore, to achieve accurate prediction of
both current and future AQI levels in target areas, this
paper proposes the Spatio-Temporal Attention Multi-
Graph Convolutional Network (STAMGCN) technique.

Therefore, the main contributions of this paper are
summarized as follows:

(1) A Multi-Graph Convolutional Network (MGCN)
is introduced for spatial dependency modeling to
integrate atmospheric pollution and meteorological
information from monitoring nodes. This enables
a preliminary understanding of the overall spatial
correlations among site-level data.

(2) A fine-grained attention mechanism is
incorporated to help the model more effectively focus on
localized spatial features of the target monitoring nodes
and their nearby stations.

(3) Temporal dependencies are captured by
combining Gated Recurrent Units (GRUs) with a
temporal attention layer. In addition, spatio-temporal
feature representations from both the target and nearby
sites are used to predict the future AQI values of the
target locations.

(4) Extensive experiments are conducted on the
collected Beijing dataset, and the results indicate that
STAMGCN outperforms all baseline methods across
multiple evaluation metrics, demonstrating its superior
efficiency and accuracy in fine-grained air quality
analysis.

In summary, this paper leverages the strengths
of multi-graph neural networks in capturing spatial
features for non-topological prediction tasks, while
introducing a novel fine-grained attention mechanism to
further refine the model’s learning strategy. As a result,
the proposed approach effectively performs fine-grained
air quality estimation and employs temporal networks
combined with historical observations to predict future
air quality.

This paper is organized as follows: in next Section,
the related works are introduced, whereas the structure
and principles of the STAMGCN techniques are
proposed in “Materials and Methods”. “Results and
Discussion” Section presents the experimental setup
along with the analysis of the results, as well as the
study area and adopted dataset. Finally, the research
conclusions of this study are presented along with some
future work.

Related Works

Existing fine-grained air quality prediction methods
can generally be divided into numerical methods
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and data-driven approaches. Numerical approaches
rely on atmospheric physics and chemical mechanisms,
combined with mathematical models, to simulate
and infer the dynamic processes governing urban air
quality.

With  continuous  progress in  atmospheric
environmental research, researchers have increasingly
combined empirical assumptions with observational
datasets to describe the diffusion and dispersion
of pollutants in the atmosphere under real-world
conditions. This integration has enabled the development
of physics-based models capable of predicting pollution
concentrations at specific locations and time intervals.
Guided by studies on the turbulent behavior of the
atmospheric boundary layer, numerous indoor numerical
simulations and field experiments have been performed,
allowing more complex meteorological components
to be integrated into physical models. In addition,
Chemical Transport Models (CTMs) employ numerical
methods to solve the mathematical equations governing
these chemical and physical reactions. Compared
to models used in traditional monitoring networks,
numerical models can provide more comprehensive and
widespread air quality information.

For instance, Hood et al. [7] proposed a coupled
regional (EMEP4UK) and urban (ADMS-Urban) model
system that integrates adjusted emission factors and
chemical dispersion models to simulate and evaluate
the air quality in London. Moreover, Kim et al. [§]
introduced a multi-scale urban air pollution model
that combines a Chemical Transport Model (CTM)
with a street network model to simulate and evaluate
NO_ and O, concentrations in the suburbs of Paris.
This study achieved a spatial resolution of about
1 km. Moreover, Computational Fluid Dynamics (CFD)
was used to infer the aerodynamic physical processes,
especially concerning air flow, turbulence, and pollutant
dispersion at various scales. It is commonly employed
in high-resolution urban environmental studies. For
instance, Santiago et al. [9] proposed a CFD-based
urban street model that uses the Reynolds-Averaged
Navier-Stokes (RANS) method to infer pollutants’
spatial distribution in traffic-heavy areas. Other models
have been developed, such as the Gaussian plume
models [10], Lagrangian particle models [11], and
convection-diffusion models used for fine-grained air
quality analysis [12]. These models consist of a series
of equations requiring extensive and diverse data to
determine their parameters, and leading to increased
computational load. In addition, parameter settings
may not be applicable to all atmospheric environments
as they highly depend on detailed pollutant emission
data, therefore introducing substantial uncertainty in the
predictions.

Moreover, data-driven air quality analysis methods
are categorized into air quality prediction, fine-grained
air quality estimation, and their combination [13]. First,
air quality prediction involves developing models that
use historical data to forecast air pollution levels in

a specific area for a future time point or period. Several
data-driven air quality modeling methods have been
proposed. Early studies typically employed statistical
methods [14, 15], which did not consider the complexity
of atmospheric processes. It has been shown that
statistical models, such as Autoregressive Integrated
Moving Average (ARIMA) [16], SVM [17], as well as
their variants, are effective for short-term predictions.
However, their linear assumptions limit their prediction
accuracy when working with non-linear air pollution
data.

Machine Learning (ML) methods have been applied
to predict air quality by learning model parameters
from datasets, without the need to directly understand
the underlying changing mechanisms. This approach
does not rely on physical or chemical analysis processes.
It rather uses the patterns of pollution changes hidden
within the data. Some ML methods, such as Support
Vector Regression (SVR) [18], Random Forest (RF)
[19], and Multi-Layer Perceptron (MLP) [20], have been
adopted for air quality prediction. These approaches can
effectively handle non-linear dependencies in datasets.
However, they often overlook deeper non-linear
relationships and long-term sequential patterns within
this data.

Deep learning represents a cutting-edge ML
technology with significant potential in the field of air
quality prediction. Recurrent Neural Networks (RNNs)
and their variants, including Long Short-Term Memory
(LSTM) [21] and GRU [22], have recently been applied
to extract temporal dependencies from air quality
data. These methods have consistently outperformed
traditional models, such as ARIMA and SVR, in
terms of prediction accuracy [23]. However, due to
the dynamic behavior of urban air pollutants and their
complex spatial interactions across regions, researchers
have increasingly employed Convolutional Neural
Networks (CNNs) and Graph Neural Networks (GNNs)
to capture spatial features, leading to the emergence of
novel spatio-temporal model architectures. However,
because air pollutant monitoring stations are distributed
in a non-Euclidean manner, CNN-based methods, which
have been highly effective in image analysis, are less
capable of modeling complex non-Euclidean spatio-
temporal dependencies. For instance, it has been shown
that a CNN-LSTM hybrid model does not outperform
a standalone LSTM in air quality prediction tasks
[24]. In contrast, GNNs possess a strong capability
to model relational structures and graph topologies,
making Spatio-Temporal Graph Neural Networks
(STGNNs) a major focus of current research [25, 26].
Chen et al. [27] proposed a Spatiotemporal Multi-Graph
Convolutional Network (STMGCN), which constructs
three types of graphs (spatial, air pollution pattern,
and meteorological pattern) to effectively capture
multidimensional correlations within the monitoring
station network. When combined with a GRU network,
the model successfully captures temporal evolution
and demonstrates the effectiveness of the multi-
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graph approach for city-level air quality prediction.
Nevertheless, STMGCN remains a supervised learning
model tailored to a fixed set of monitoring stations. Its
architecture is primarily designed to forecast future
values for stations within the existing network, and
therefore cannot be directly extended to infer air quality
in unmonitored or external regions. This constraint
significantly limits its suitability for fine-grained air
quality estimation tasks.

Furthermore, attention mechanisms, which enable
models to focus selectively on salient or informative
features, have been extensively explored in recent
research. For instance, Liang et al. [28] introduced
a Transformer-based architecture, AirFormer, which
employs self-attention mechanisms to learn spatio-
temporal representations and effectively capture data
uncertainty. This approach achieved high-accuracy
air quality predictions across large-scale datasets.
However, Transformer-based frameworks generally
demand substantial training data and computational
resources. More importantly, their global spatial
aggregation strategies, designed to improve overall
prediction efficiency, may inadvertently reduce the
model’s ability to capture fine-grained, high-fidelity
local environmental information around specific
target regions, which is precisely the core requirement
for fine-resolution interpolation prediction tasks.

Fine-grained estimation involves utilizing existing
monitoring data to infer pollutant concentrations
in target areas lacking direct observations, for either
current or future time points. The most widely adopted
estimation methods estimate and predict fine-grained air
quality in such target areas using spatial interpolation
techniques, such as spatial averaging, nearest neighbor,
and Inverse Distance Weighting (IDW) algorithms.
Other studies have explored deep learning-based
interpolation models to enhance estimation accuracy.
For instance, Xu et al. [29] proposed a two-stage
inference framework that integrates remote sensing and
urban auxiliary data to estimate fine-grained air quality
through artificial neural networks combined with tensor
decomposition. Moreover, research has also examined
the direct prediction of future air quality indices
in target areas. For instance, Zhao et al. [30] proposed
a spatio-temporal fusion graph convolutional network
based on attention mechanisms. This approach models
the historical spatio-temporal patterns of air pollution
data in target areas for predicting the future AQI at
those locations.

In recent years, several studies have focused on
simultaneously performing air quality prediction
and fine-grained estimation. For instance, Qi et al.
[31] proposed the Deep Air Learning (DAL) method
that integrates feature selection and semi-supervised
learning within deep network layers to address air
quality interpolation, prediction, and feature analysis.
Similarly, Hsieh et al. [13] developed a spatio-temporal
attention-based model capable of estimating the
current AQI for target areas and forecasting values for

the next 24 hours. In addition, Han et al. [32] introduced
the Self-Supervised Hierarchical Graph Neural Network
(SSH-GNN), which employs a multi-view fusion module
to combine spatio-temporal features and environmental
information. SSH-GNN wuses hierarchical recursive
GNNs to achieve city-wide air quality prediction
and demonstrates strong performance under semi-
supervised scenarios. Nevertheless, the framework also
exhibits certain limitations, including the risk of error
accumulation caused by multi-stage processing and the
focus on long-range dependence.

While recent advances such as AirFormer and SSH-
GNN have achieved promising results in air quality
prediction, these models are designed for different
scenarios. In fact, AirFormer leverages Transformer
architecture for large-scale datasets with hundreds of
monitoring stations, whereas SSH-GNN emphasizes city-
wide prediction in situations where ground-truth data for
target areas are unavailable for evaluation. In contrast,
our STAMGCN approach is specifically designed for
fine-grained prediction in cities with limited monitoring
coverage (typically 10-20 stations). The key challenge is
to accurately estimate air quality at specific unmonitored
locations based on available monitored data. Therefore,
the proposed multi-graph structure with learnable fusion
weights and a fine-grained attention mechanism is
tailored to this specific scenario.

Specifically, our proposed STAMGCN employs
a supervised fine-grained attention mechanism
specifically designed to directly capture the relationship
between a target area’s features and the data from
surrounding monitored stations, providing a more direct
approach to the fine-grained estimation problem.

Materials and Methods
Problem Statement

The fine-grained air quality prediction task aims
to model historical air pollution data collected from
monitoring stations over a time period T to predict
current and future pollution levels in unmonitored
locations. Two sets of site-level graphs are defined:
S=5,58,.,sand S =s,s, ..,s,, where N and M
represent the total numbers of monitoring and non-
monitoring station areas, respectively. Let X" € R
denote the measurements of J variables, including
air pollutants (e.g., AQI, CO, and O,), meteorological
elements, geographical coordinates (latitude and
longitude), and source types for the monitoring stations
at time ¢ Similarly, let X" e R™® represent the
measurements of B meteorological and spatial attributes
for non-monitoring station areas at time ¢. The goal of
this study is to use historical observation X" = D S
e X, X" € RV and X =Xy e XX € ROIT=E)
collected over T consecutive hours across all N+M
sites to predict the AQI values ¥ = X vy X

t+1)° t+L°
Y € R™D  for M target sites over the next L hours.
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Note that the AQI index, which is considered
a comprehensive measure of the urban air quality,
is mainly adopted for the prediction task in this work.

Overall Framework

The overall architecture of the proposed STAMGCN
framework is depicted in Fig. 1. The framework is
composed of four blocks, described as follows:

BLOCK A (Input Data): It consists of input data, such
as air quality, geographical location, meteorological, and
source type data.

BLOCK B (Input Data Processing): In this block,
the raw data undergoes a series of preprocessing
operations and is divided into monitoring station and
target area data.

BLOCK C (Spatial Information Modeling):
This block represents the core component of the
proposed framework. Monitoring station data is fed
into the MGCN to extract overall spatial features, while
target area data is processed through a fully connected
layer for feature dimensionality reduction. These
features are then jointly inserted into the spatial fine-
grained attention mechanism to perform a fine-grained
estimation of air quality.

BLOCK D (Temporal Information Modeling):
In this block, temporal variation patterns are learned
from the historical features derived from spatial

information modeling to predict future air quality in
the target area. This block consists of a GRU, temporal
attention mechanisms, and fully connected layers.

Modelling of Spatial Dependency

Constructing graphs is a crucial step in graph
convolution, as it enables the model to capture spatial
interconnections among different locations. In general,
monitoring stations that are geographically closer and
share similar pollution and meteorological patterns
tend to exhibit comparable pollution conditions.
Consequently, the edge weights between certain node
pairs may be stronger than others within the graph.
To represent these spatial dependencies, the spatial
graph is denoted as G, = (S, E, 4 ), where S indicates
the set of sites consisting of N nodes and E is the set of
edges within the graph. The adjacency matrix 4, which
corresponds to the graph, represents the geographical
spatial relationships between the underlying sites.
Moreover, 4, is constructed based on the Euclidean
distance between the sites, where a € 4, denotes the
connectivity between sites s, and s. To select nearby
stations for a given location s,, the distance d; between
locations s, and s, must be smaller than a predefined
threshold d, . The threshold d,  is defined as the
maximum distance among the k nearest neighboring
stations to site .

Spati?l Temporal
modelling | . _ . _._._ _._. ... - ™ | modelling| Future Prediction )
i Spatial Fine- !
i Grained Attention :
| /|
! i R S ————— -
; ! i Temporal :
i ! 1 Attention ;
% J I g
! Q K, v i : :
1 % 5
1 t i ! o) :
R | _ ; ! ;
>N : ! :
T |Weighted i Q K v :
Fusion i ' '
s ol 9 Rt g S S
i FC b : U I'_._._._._._._.__
i i i i GRU !
i i i i !
; ! Ry T t
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Lo st ettt ! 1 D m
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Fig. 1. Overall framework of the proposed STAMGCN for the prediction of air pollution.
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6
S {1/dijr if dy <dgg
Y O, else (1)
Typically, adjacent regions exhibit strong

correlations in air pollution levels, often reflected in
similar trends within the observed data. However, even
non-adjacent regions that share similar geographic
environments and economic development conditions
may also exhibit similar pollution behaviors. To capture
these relationships, this paper constructs an air pollution
pattern graph that models the similarity of pollution
characteristics among monitoring stations. The weight
a; € A, represents the degree of similarity in pollutant
patterns between two stations. Based on the historical
monitoring data, the similarity between sites 1is
calculated using correlation methods, and the resulting
correlation indices are employed to generate the air
pollution pattern graph.

In practical applications, constructing the pollution
pattern requires extracting NxJ time series from
the air pollution characteristic data of each monitoring
site. Each sequence is arranged hourly and exhibits
a length denoted by L. To comprehensively capture
the pollution patterns of each site, data from one
representative week per month can be selected from
the historical air pollution characteristic data and
then concatenated to form continuous sequences.
Furthermore, the Pearson Correlation Coefficient (PCC)
is employed to measure the strength and direction
of the linear relationship between two random
variables. It quantifies how changes in one variable are
associated with changes in another. Consequently,
the PCC values are calculated to assess the similarity

of air pollution characteristics among reference sites.
Finally, an average correlation index of different air
pollution characteristics is computed to generate
a pollution pattern map.

For instance, in the first step, a pollution sequence is
constructed for each monitoring station using historical
pollutant data, where each sequence represents one-
dimensional data. These sequences are then aggregated
to form an NxL dimensional dataset. In the second step,
the PCCs are computed between the pollution sequence
of each station and those of all other stations, resulting
in a similarity matrix for each pollutant. This matrix is
symmetric with a principal diagonal of ones, where each
off-diagonal element quantifies the degree of similarity
in pollution patterns between station pairs. In the third
step, similarity matrices for the remaining pollutants
are computed in the same manner, yielding multiple
matrices corresponding to the number of pollutant
types. These matrices are then averaged element-
wise to produce an NxN air pollution pattern matrix.
The detailed workflow of air pollution pattern analysis
is illustrated in Fig. 2.

Existing studies have shown that meteorological
conditions play a crucial role in influencing the
dispersion and accumulation of air pollutants. When
significant temperature gradients occur within an area,
they can substantially affect the direction and speed of
pollutant transport, thereby impacting the accuracy of
the performed predictions. Conversely, extreme weather
conditions, such as sandstorms and heavy rainfall,
can dramatically alter the current air pollution status.
Therefore, areas exhibiting similar meteorological
patterns often exhibit comparable pollution conditions.
To capture this relationship, this paper constructs
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meteorological pattern graphs following the same
process used for generating pollution pattern
graphs. The meteorological pattern graph is denoted
as G, = (5, E , A ). The weight a, € A, represents
the similarity in meteorological patterns between the
two sites s, and ..

Three types of graph adjacency matrices, A4 , A,
and A4 , are constructed to represent spatial, pollution,
and meteorological patterns, respectively. To jointly
integrate the spatial feature information derived from
these three graph structures, each processed through
graph convolution, the proposed framework employs
graph convolutional layers with an identical structure
for processing. The resulting feature matrices, denoted
as H, H, and H , capture the spatial representations
corresponding to the three graphs. Learnable weighting
coefficients are then used to perform weighted fusion
of spatial features. Subsequently, learnable weighting
coefficients ', i'p, and /' are employed to perform
weighted fusion of these spatial features.

The layer-by-layer propagation rules for the multi-
graph convolutional layers are expressed as follows:

HD = g(BCYDADCYDHOW DY o

Ay Aps A = softmax(Ay, Ay, Apy) 3)

where H® € R denotes the output of the /-th layer,
and C represents the feature embedding dimension
of the GCN. Moreover, H, . is the output of graph
convolution computations performed on the three
distinct graph structures, integrating the results from all
three graph structures.

Itis woArth noting that X is the input to the GCN. The
equation 4 = A + [ represents the weighted adjacency
matrix of the graph, including self-connections, where
I represents the identity matrix, 4 denotes the spatial
graph matrix 4 that has been constructed, D is the
diagonal degree matrix of 4, W indicates the trainable
matrix of weights for the filter parameters within the
graph convolutional layer, and o(x) represents the

activation function.

Due to the necessity of estimating and predicting
air quality at target sites, this study performs learning
of the spatial dependencies between the target and
nearby sites after employing multi-graph convolutional
layers for spatial feature extraction from monitored
site data. Consequently, a spatial fine-grained attention
mechanism is used to address this need.

To this end, all features are first normalized. The key
and value vectors in the attention layer are then derived
from the multi-graph convolutional output layers.
Afterwards, a linear layer generates query vectors
from target site data, aiming to maintain a consistent
dimensionality with the key and value vectors. The
spatial attention layer is then used to determine the

spatial relationships between the query site and its
corresponding region. Consequently, the refined spatial
features represent the final output P, € R“"»*V*D. These
outputs from the multiple attention heads (N,) are first
concatenated along the feature dimension and then
passed through a final linear projection layer to produce
the unified output representation. This process is
illustrated in Fig. 3, representing the spatial fine-grained
attention workflow, where N, " denotes the number
of target sites and M  is the number of neighboring
sites around the target sites, which is equivalent to the
number of neighboring sites (as defined in the spatial
graph construction mentioned above).

The mathematical formulation for spatial fine-
grained attention is defined as follows:

B, = Sofl‘max(thKhT +B,)V,

M,, ., =Concat(B,P, ..., B)W* 5)

where B, € R represents a learnable relative position
encoding [20] used to incorporate positional information
into the attention mechanism. The matrices O, = HW ,
K, = HW, and V, = HW_ denote the query, key,
and value projections, respectively, whereas W, W,
and W, € R“*“") are learnable linear transformations,
where N, is the number of attention heads, and o serves
as a scaling factor. Specifically, the relative position
encoding B, is implemented as a learnable embedding
that captures the spatial displacement between the query
site and key sites, allowing the model to learn translation-
invariant and spatially generalizable attention patterns. B,
is initialized as a learnable parameter matrix, where each
element bij represents the relative positional bias between

Neighbor
9 Projection a,: F .
NpgxC Ks_{)
g
) =
)}é N irg X Mmr X xpa
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PE Quipit «—— Tinear
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Fig. 3. Process of the fine-grained attention mechanism.
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target site / and monitoring site j. During training, this
matrix is jointly optimized with other model parameters
through backpropagation, enabling it to encode complex,
non-linear spatial relationships. This learnable formulation
provides greater flexibility compared to fixed encoding
schemes, such as sinusoidal position encoding used in
transformers, as it allows the model to adaptively discover
and emphasize the most relevant spatial dependencies for
accurate air quality prediction. Through optimization, B,
effectively captures non-linear and context-dependent
spatial patterns that may not be fully represented by
simple distance metrics alone. Finally, the multiple
outputs are concatenated into a matrix M, € RN
through a concatenation operation, where #° denotes
the linear transformation matrix.

Modelling of Temporal Dependency

Forecasting air pollution is fundamentally a
time series prediction problem. The GRU effectively
addresses the gradient problems associated with RNNs
while also enabling faster training compared to the
LSTM network. In a standard GRU cell, the presence of
a reset gate r, and an update gate z, allows the model
to adaptively combine recent and historical inputs to
forecast the output. The mathematical modelling of this
process is defined as follows:

ze = o(W X" + Uzhe—y) (6)
re = oW X' + Uphe—y) (7)

he = tanh(WpX{ + Up(he-1 O 1)) (g

hy=(1-2)Oh+2z0Qh_y (g
y: = a(W,h;) (10)

After extracting temporal features from a historical
T-hour window using GRU, a temporal attention layer
is introduced to further enhance the predictive ability
of the model and more accurately capture key temporal
dependencies within the time series. The temporal
multi-head self-attention mechanism enables the model
to adaptively focus on different time steps, thereby
significantly improving its ability to capture evolving
trends in air quality changes. Following relative
position encoding, the feature series R = R, oy o R,
R € RYU™D are input into the temporal attention layer,
where U denotes the number of hidden units in the last
GRU layer. The integrated features are then fed into an
output layer composed of fully connected layers, which
produce the air quality forecasts for the current time
step and the next 6 hours.

Results and Discussion
Study Area and Dataset

As Beijing serves as the economic, political, and
cultural center of China, its high population density
and intensive industrial activities have led to persistent
and complex air pollution issues, attracting extensive
research interest in urban air quality management.
This study selects Beijing as the research area for fine-
grained air quality analysis, aiming not only to reveal
the characteristics of air pollution in large metropolitan
environments but also to provide a scientific foundation
for policymakers in developing effective pollution control
strategies. Furthermore, Beijing’s well-established air
quality monitoring network supplies comprehensive and
reliable dataset support for this research.

The dataset used in this study for model training and
evaluation comprises air quality data, meteorological
data,  geographic  coordinates, and  regional
classifications. The air quality data were obtained
from the Beijing Municipal Environmental Monitoring
Center, consisting of hourly historical measurements
collected from air quality monitoring stations across
15 administrative regions of Beijing between January 1,
2017, and December 31, 2019. Each region corresponds
approximately to an administrative district, with
one representative monitoring station selected per
region. The locations of these stations are illustrated
in Fig. 4. Table 1 lists the detailed geographic coordinates
and regional types of the selected stations, including
latitude, longitude, and the overall environmental
classification of each region. Each monitoring station
continuously records the AQI and the concentrations
of 6 air pollutants on an hourly basis. Additionally,
since meteorological conditions play a critical role in
influencing air quality, meteorological data for the
same time period were collected from weather stations
of the China Meteorological Administration. This data
includes five types of meteorological data: temperature,
wind direction, wind speed, precipitation, and humidity.
It is worth noting that, for each air quality monitoring
station, corresponding meteorological parameters were
obtained from its nearest weather station to ensure
spatial consistency. Finally, the detailed descriptions of
the data variables used in this study are presented in
Table 2.

Due to various natural factors (e.g., disasters) and
human activities, air quality datasets often contain
missing values. Simply removing these missing
records can lead to temporal discontinuities and a
reduction in prediction accuracy. Therefore, a two-step
imputation strategy was adopted for data preprocessing.
First, when a value was missing at a specific station for
a given time step, it was imputed using the average
of the same variable from all other stations at that
particular time. Second, if the data for a certain variable
were missing across all stations at a specific time, the
gap was filled by calculating the average of the values
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from the immediately preceding and following time
steps for each station individually. To eliminate the
effects of dimensional inconsistencies among variables
and to accelerate model convergence, data were
transformed to the range [0, 1] using the following
normalization Equation:

This strategy preserves
the temporal evolution patterns of the data while

temporal interpolation
preventing the introduction of artificial discontinuities.
The combined use of spatial and temporal imputation
ensures data completeness and maintains both the
spatial variability and temporal continuity patterns

x =_ —-min(X) in the dataset.
max(X)-min(X) (11)
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Fig. 4. Distribution map of the monitoring stations.
Table 1. Air quality monitoring sites in Beijing.
Monitoring station Latitude Longitude District Type
1001A 40.453 115.972 Yanqing Tourism and Mountainous Area
1002A 40.217 116.23 Changping Agriculture and Technology
1003A 40.37 116.832 Miyun Tourism
1004A 39.886 116.663 Tongzhou Commerce
1005A 39.863 116.279 Fengtai Light Industry and Commerce
1006A 39.929 116.417 Dongsi Commerce and Culture
1007A 39.937 116.106 Mentougou Tourism and Mountainous Area
1008A 39.742 116.136 Fangshan Light Industry and Tourism
1009A 40.328 116.628 Huairou Tourism
1010A 40.127 116.655 Shunyi Light Industry
1011A 39.899 116.395 Xicheng Commerce and Culture
1012A 39.718 116.404 Daxing Light Industry and Agriculture
1013A 40.143 117.1 Pinggu Tourism and Agriculture
1014A 39914 116.184 Shijing Heavy Industry and Commerce
1015A 39.987 116.287 Haiding Technology
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Table 2. Description of the air pollutants and meteorological
factors.

Factor Meiljsrllj;e(;ient Min Max
AQI pg/m? 0.1 510.0
PM, , pg/m? 3 999
PM,, pg/m? 3 999
NO, ug/m?3 2 300
SO, pg/m? 2 307
CcO pg/m? 0.1 15.0
0, pg/m? 1 504
Temperature °C -19.9 39.3
Precipitation mm 0.0 52.1
Wind speed m/s 0.0 11.2
Wind direction ° 0.0 337.5
Baseline Models

To evaluate the performance of the proposed model,
a series of comparative experiments was conducted
against several benchmark models, described as follows:

(I) K-Nearest Neighbors (KNN): This method
predicts by selecting the K nearest locations and
calculating their average values. The distance metric
parameter P determines how the distances between
neighbors are measured. In this study, K =3 and P = 5.

(2) Gradient Boosting Decision Tree (GBDT)
regression: A state-of-the-art tree-based model capable
of capturing complex interaction features. The number
of trees and the maximum depth were set to 64 and 2,
respectively.

(3) Long Short-Term Memory (LSTM): A recurrent
neural network that employs memory cells and gates to
preserve and regulate information, enabling the model to
learn long-term temporal dependencies. The number of
units and layers is configured as 64 and 2, respectively.

(4) Gated Recurrent Unit (GRU): Compared to
LSTM, this method represents a simplified Recurrent
Neural Network (RNN) architecture that can also
capture long-term dependencies in time-series data. Due
to its fewer parameters, this method often demonstrates
faster convergence and higher efficiency. The number of
units and layers was set to 64 and 2, respectively.

(5) Attentional Deep Air Quality Inference Network
(ADAIN) [33]: This method employs fully connected
layers and LSTM networks for spatio-temporal modeling
of historical data, integrating an attention mechanism to
optimize spatio-temporal feature weighting.

(6) Multi-Channel Attention Model (MCAM) [34]:
This approach utilizes GCN and LSTM to perform
spatio-temporal modeling of historical data and similarly
introduces an attention mechanism to dynamically
adjust the model’s focus across different spatial regions.

Parameter Settings and Evaluation Metrics

For the experiment design, each of the 15 monitoring
station areas was treated as an individual target site.
The air quality data corresponding to the target station
were excluded from the model’s input, while its latitude,
longitude, and regional environmental type were
embedded into the feature set. Accordingly, a total of
15 experiments were conducted, and the average of the
evaluation results was calculated. The hyperparameter
configuration of the STAMGCN model was carefully
optimized through a combination of systematic
experiments and theoretical analysis.

Regarding the model structure design, the
STAMGCN model mainly consists of four layers:
GCN, spatial fine-grained attention, GRU, and temporal
attention layers. The GCN layer consists of Chebyshev
graph convolutional layers. The maximum order K of the
Chebyshev polynomial and the embedding dimension of
the GCN layer are set to 1 and 20, respectively.

The GCN embedding dimension was set to 20,
a relatively modest size compared to typical graph
neural network applications. This configuration was
intentionally selected to prevent overfitting given the
limited number of nodes (15 monitoring stations) in the
spatial graph. The Chebyshev polynomial order was
fixed at K = 1 to restrict the graph convolution operation
to immediate neighboring nodes only, avoiding over-
smoothing effects that may arise when information
propagates too far in small-scale graphs. This design
choice ensures that each node learns primarily from
its direct neighbors while preserving distinct local
characteristics.

Given the low dimensionality of the extracted
spatial features, the spatial attention layer was
configured with two attention heads. A single attention
head was insufficient to capture the diversity of
spatial relationships (geographical, pollution-based,
and meteorological), while increasing beyond two
heads yielded diminishing returns and increased
computational cost without significant accuracy
improvements. Moreover, the two-head configuration
effectively balances model capacity with computational
efficiency, where each head is designed to specialize in
different spatial relationship patterns.

The GRU layer is implemented as a two-level
hierarchical structure, with the first and second layers
comprising 64 and 128 neurons, respectively. This
hierarchical structure allows the model to initially
capture simpler, short-term temporal patterns using the
smaller GRU layer, followed by the extraction of more
complex, long-term dependencies through the larger
layer. Therefore, the selected two-layer design offers
an optimal trade-off between model complexity and
prediction accuracy.

The learning rate was set to 0.001, determined
through grid search experiments testing values between
0.0001 and 0.01. Higher learning rates led to training
instability, while lower rates resulted in excessively slow
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convergence. Moreover, the batch size of 256 was selected
to balance training stability and memory efficiency,
after being validated through experiments with batch
sizes ranging from 64 to 512. To mitigate overfitting,
the L1 regularization coefficient (set to 0.001) promotes
sparsity in learned weights, while the L2 regularization
coefficient (also set to 0.001) controls weight magnitude.
These regularization strengths were optimized using the
validation set performance monitoring. Early stopping

was implemented during model training to prevent
overfitting. This strategy ensured optimal generalization
while avoiding unnecessary computational costs from
prolonged training.

In the field of air quality analysis, the Root Mean
Square Error (RMSE) and Mean Absolute Error (MAE)
are effective metrics used for evaluating the predictive
performance of models. They are defined as follows:

Table 3. AQI prediction results of training sets obtained using different methods.

Method Evaluation Metrics T, T, T, T, T, T, T,
MAE 51.91 51.69 53.47 54.75 57.47 61.58 60.28
KNN
RMSE 62.67 61.25 63.58 66.28 67.52 69.52 68.76
MAE 36.83 38.05 39.81 43.68 47.62 49.67 52.73
GBDT
RMSE 46.67 47.69 51.69 53.96 57.88 61.7 64.6
MAE 18.42 18.01 19.63 20.52 22.69 22.90 23.16
LSTM
RMSE 23.97 22.30 24.05 24.46 25.98 26.46 27.25
MAE 17.36 17.12 18.99 19.22 20.08 21.64 22.53
GRU
RMSE 23.05 21.78 23.80 24.36 24.39 26.00 26.45
MAE 15.65 15.23 15.98 16.57 17.66 18.62 19.27
ADAIN
RMSE 20.67 20.48 20.98 21.22 22.68 23.74 24.69
MAE 11.95 12.03 12.26 12.14 13.36 14.38 17.66
MCAM
RMSE 16.82 16.75 16.97 17.24 18.16 19.78 21.33
MAE 9.84 9.61 10.09 9.90 10.82 12.09 14.14
STAMGCN
RMSE 14.22 13.78 14.04 14.01 14.62 16.69 18.53
Table 4. AQI prediction results of validation sets obtained using different methods.
Method Evaluation Metrics T, T, T, T, T, T, T,
MAE 53.09 53.81 56.38 57.60 61.31 64.37 65.20
KNN
RMSE 63.48 62.39 67.91 68.05 70.24 69.76 71.18
MAE 39.36 37.85 41.81 43.76 47.74 51.05 54.18
GBDT
RMSE 49.75 51.26 53.47 57.28 58.76 63.48 68.43
MAE 20.28 19.86 20.36 22.37 23.76 23.90 24.63
LSTM
RMSE 25.38 24.36 25.74 26.89 26.98 27.40 29.10
MAE 17.93 17.88 19.28 20.56 21.39 21.48 22.89
GRU
RMSE 23.95 21.67 23.93 24.92 25.76 26.40 28.36
MAE 17.02 16.78 16.99 17.25 18.02 20.56 22.40
ADAIN
RMSE 21.89 20.85 21.64 21.86 22.73 23.98 24.88
MAE 12.42 12.30 12.48 12.94 13.59 14.88 16.97
MCAM
RMSE 17.03 16.88 18.27 18.69 19.28 20.98 22.36
MAE 10.05 9.94 9.95 10.20 10.73 12.05 14.09
STAMGCN
RMSE 14.65 13.79 14.04 13.46 15.28 17.35 18.79
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where y, and y’, represent the observed and predicted
values of AQI, respectively, whereas K denotes the total

number of all samples.

Prediction Results Obtained
Using Different Methods

AQI prediction experiments were conducted using
the STAMGCN method and benchmark approaches
for both the current time and the next 6 hours.
The evaluation results are presented in Tables 3 and 4.
Specifically, on the training set, the MAE and RMSE
values for AQI prediction at the current time are 9.84
and 14.22, respectively, while the average MAE and
RMSE values for the next 6 hours are 11.11 and 15.28,
respectively. Regarding the validation set, the MAE
and RMSE values for the current time are 10.05 and
14.65, respectively, whereas the average MAE and
RMSE values for the next 6 hours are 11.16 and 15.45,
respectively. Clearly, these values are significantly
lower than those obtained by the benchmark methods,
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Fig. 5. Long-term prediction of a target location.

highlighting that the proposed STAMGCN method
outperforms all comparative approaches. In addition,
other methods based on spatio-temporal networks, such
as ADAIN and MCAM, also exhibit superior predictive
performance compared to traditional techniques.

Continuous Prediction Results
of Different Methods

In people’s daily lives, the AQI can be significantly
influenced by severe weather conditions, often resulting
in sudden changes. In such scenarios, simple model
evaluation metrics may not fully capture a model’s
ability to respond to these situations. Therefore, this
study extracted a long continuous sequence with a
pronounced trend from the dataset to conduct further
analysis. Specifically, the experiment selects station
1015A as the target site for long-term continuous
prediction, covering the period from November 1,
2019, to December 1, 2019. The data were input into
the trained model for inference, and the results were
compared with the original values. Fig. 5 illustrates the
long-term continuous AQI prediction capability of the
STAMGCN method in comparison with baseline models
under a steep trend scenario. It is evident that the XGBT,
LSTM, and GRU models perform poorly when abrupt
changes occur in the ground truth values. In contrast,
the proposed STAMGCN model demonstrates superior
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Fig. 6. Comparison of RMSE values calculated from the ablation experiment results using a) the training set and b) validation set.

performance compared to all baseline models under
this challenge, with the predicted AQI values closely
overlapping the ground truth curve and maintaining
consistent trends.

Model Ablation Experiment

In the fine-grained air quality analysis task, the
Spatio-Temporal Graph Convolutional Model (STGCN)
is capable of learning spatial relationships among
monitoring sites through its graph convolutional layer.
For the subsequently extracted temporal features, this
method can further learn contextual relationships,
effectively capturing underlying potential variation
patterns. Based on this model, this paper introduces a
spatial fine-grained attention module specially designed
for fine-grained prediction tasks, which guides the
model to focus on deeper correlations between the
target site and its neighboring sites. It also integrates
multi-graph structures to enhance prior information
in the graph convolution module, ultimately achieving
excellent results. In this section, ablation experiments
were conducted on both the attention module and the
multi-graph convolution module to comprehensively
evaluate their impact on the model.

Fig. 6 illustrates the ablation experiment results
for the current time and the next 6 hours. It is clearly
observed that both modules designed in this study exert
a positive impact on the model, significantly enhancing
prediction performance at the target site. Specifically,
the RMSE values of the STGCN and STAMGCN models
at the current time are 16.31 and 14.65, respectively,
whereas the average RMSE values for the next 6 hours
are 18.3 and 15.45, respectively. Therefore, compared
to STGCN, STAMGCN improves the AQI prediction
accuracy by 10.18% for the current time and by 15.56%
for the next 6 hours.

Conclusions

This paper presents an in-depth study on fine-grained
air pollution analysis, aiming to estimate current and
predict future air quality in target areas lacking direct
air quality observations. Given the spatio-temporal
correlations between target areas and nearby monitored
regions, effective spatio-temporal modeling serves as
the core focus of this research. Accordingly, this paper
proposes a novel model, termed STAMGCN, which
exhibits superior spatial feature encoding ability for non-
Euclidean air quality data through its MGCN module.
The model’s multi-graph structure, which comprises
spatial, pollutant, and meteorological correlation graphs,
enriches the module with more comprehensive prior
knowledge. Furthermore, to make the model more
attentive to target area feature information, a spatial
fine-grained attention module is designed that allows the
model to extract potential influencing patterns between
the target area and its nearby monitoring stations.
To model temporal dependencies, the GRU recurrent
network is employed to extract temporal features from
historical data. Combined with temporal attention,
it further captures the context of the entire temporal
feature set while focusing on significant temporal
characteristics. Experimental results show that the
proposed model significantly outperforms all baseline
methods in terms of MAE and RMSE for the current
time and the next 6 hours.

While this study has certain limitations, the
model was validated using a dataset from a single city
(Beijing), and its generalization to other cities with
different climatic conditions and pollution sources
should be evaluated. The scarcity of comparable high-
resolution air quality datasets with detailed regional type
classifications, consistent meteorological measurements,
and comprehensive spatial coverage from other regions
restricts broader validation.

Finally, for future work, the research scope and
targets will be substantially expanded. First, we will
investigate multi-city transfer learning by applying
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domain adaptation and meta-learning approaches to
accelerate model expansion to new cities with limited
historical data. Second, we will integrate multi-source
remote sensing data, including satellite-derived Aerosol
Optical Depth (AOD), land use classifications, and
vegetation indices, with ground-based observations
via graph neural networks or multi-modal attention
mechanisms to effectively address sparse monitoring
coverage in suburban and rural areas. Third, we will
optimize real-time deployment using model compression
techniques (e.g., knowledge distillation, pruning, and
quantization) and incremental learning mechanisms to
achieve sub-second inference latency for operational
forecasting. These add-ons aim to enhance the model’s
generalization capability and practical value for large-
scale air quality management applications.
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