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Abstract—Elevated PM10 concentrations, driven by both an-
thropogenic emissions and frequent sand and dust events, pose
serious threats to public health and infrastructure; accurate
PM10 forecasting is therefore essential for pollution control and
resilient energy operations. This study proposes Dustformer, a
spatiotemporal forecasting framework designed to fuse ground
observations, meteorological data, satellite remote sensing data,
and topography data. The proposed architecture integrates a
Mixture-of-Experts (MoE) Transformer with dynamic routing
to capture complex multimodal temporal patterns, coupled with
an attention-weighted Dynamic Graph Neural Network (DGNN)
to explicitly model evolving inter-station pollutant diffusion
paths. Additionally, a robust sample screening mechanism is
incorporated to mitigate the impact of data noise. Extensive
experiments on real-world datasets demonstrate that Dustformer
outperforms several representative baseline methods in terms
of predictive accuracy and robustness. Furthermore, systematic
ablation studies confirm the indispensability of each module,
revealing that adaptive temporal expert routing and dynamic
spatial dependency learning are critical for minimizing forecast-
ing errors.

Index Terms—PM10 Prediction, Spatiotemporal Graph Neural
Network, Attention Mechanism, Mixture-of-Experts Model

I. INTRODUCTION

Frequent sand and dust events, together with anthropogenic
emissions, contribute to elevated concentrations of inhalable
particulate matter, particularly PM10 (aerodynamic diameter
10m), which degrade visibility, attenuate surface solar radia-
tion, and pose long-term cardiovascular and respiratory risks to
exposed populations [1]-[4]. Dust deposition also reduces pho-
tovoltaic conversion efficiency and accelerates abrasive erosion
of wind-turbine components, threatening the reliable operation
of large-scale renewable energy systems and transmission
infrastructure [5]-[7]. These multifaceted impacts motivate
accurate short-to-medium-term PM10 forecasting to support
environmental management and resilient energy operations.
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Accurate PM10 prediction is difficult because emissions,
transport, and geography interact across multiple spatial and
temporal scales, producing nonlinear, nonstationary, and het-
erogeneous patterns with both long-range dependencies and
abrupt events. Classical sequential learners such as LSTM
and GRU can model temporal dynamics but often struggle
with very long-range dependencies, are sensitive to nonsta-
tionarity, and may require careful decomposition or long
training to avoid overfitting [8], [9]. Tree-based and ensemble
methods (RF, XGBoost) handle nonlinear feature interactions
and missing data robustly, yet they lack native mechanisms
for capturing temporal continuity and spatiotemporal struc-
ture and therefore depend heavily on handcrafted features
or lagged inputs [10]. CNNs extract local patterns effec-
tively but assume Euclidean grid structures, limiting their
ability to exploit irregular, non-Euclidean station networks
without additional graph or interpolation-based preprocessing
[11], [12]. Hybrid architectures (e.g., GC-LSTM, 1D-CNN +
BiLSTM, IDW-BiLSTM, Bi-AGRU with attention) combine
complementary strengths but increase model complexity and
computational cost, and they can still fail to generalize un-
der heavy non-stationarity or across heterogeneous regions
[13]-[16]. Signal-decomposition approaches (EMD, EEMD)
reduce non-stationarity and improve some metrics but intro-
duce extra preprocessing steps, computational overhead, and
challenges for multivariate, long-sequence forecasting [17],
[18]. Transformer variants (Reformer, Informer, Flashformer,
Flowformer) address long-range temporal dependence and par-
allelism via attention mechanisms, yet many neglect irregular
spatial topology and can be brittle when temporal regimes
change rapidly or when multimodal temporal patterns are
present [19]-[25].

In this work, we propose Dustformer, a unified spa-
tiotemporal forecasting framework designed to address these
challenges. Dustformer integrates multi-source heterogeneous
data—including ground observations, meteorology, satellite
remote sensing, and topography—through a rigorous spatial-
temporal alignment scheme. Methodologically, it employs a
Mixture-of-Experts(MoE) Transformer to adaptively model



multimodal and nonstationary temporal patterns, coupled with
an attention-based Dynamic Graph Neural Network(DGNN) to
capture evolving inter-station pollutant diffusion. Experimental
results on real-world datasets demonstrate that Dustformer
significantly outperforms representative spatiotemporal base-
lines in 8-hour PM10 single-step forecasting tasks. The main
contributions are summarized as follows:

o We introduce Dustformer, a novel framework that jointly
models adaptive temporal dynamics via MoE and dy-
namic spatial dependencies via DGNN. This unified
architecture effectively captures the complex, non-linear
transport and evolution mechanisms of PM10.

o We propose a robust multi-source data fusion framework
that effectively integrates static topographic constraints
with dynamic meteorological and remote sensing fea-
tures. This strategy resolves spatiotemporal resolution
mismatches and significantly enriches the feature repre-
sentation for accurate forecasting.

o Extensive experiments conducted on multiple real-world
datasets demonstrate the superiority of Dustformer over
state-of-the-art methods. The proposed model achieves
superior prediction accuracy, highlighting its practical
effectiveness in air quality prediction.

II. DATA PROCESSING AND FEATURE CONSTRUCTION

Meteorological data used in this study were obtained from
the Meteorological Data Center of the Inner Mongolia Au-
tonomous Region (http://nm.cma.gov.cn/zfxxgk/), including
seven key variables: inhalable particulate matter (PM10),
relative humidity (RHU), wind speed (WS), wind direction
(WD), atmospheric pressure (PRS), air temperature (TEM),
and horizontal visibility (VIS). Observations were collected at
Monitoring stations across 10 regions, corresponding to the
graph nodes shown in Fig. 1. In addition to ground-based
observations, FY-4 AGRI satellite dust products (e.g., DST
and IDDI-BK) are incorporated to supply spatially continuous
dust information, together with a high-resolution DEM from
the National Geomatics Center of China. FY-4 gridded obser-
vations are temporally aggregated and spatially interpolated
to station locations, while the DEM is used to derive static
topographic covariates, including elevation and local slope, for
each monitoring station.

A. Spatiotemporal Alignment and Multi-Source Data Mapping

PM10 concentrations and meteorological variables (RHU,
WS, WD, PRS, TEM, and VIS) were collected from multi-
ple monitoring stations. To ensure spatiotemporal consistency
among heterogeneous data sources, each PM 10 station located
at (¢p, Ap) 18 associated with its nearest meteorological station
s* € S by minimizing the Haversine spherical distance:

s* = argmindg (s, p), (1)

seS
where matches are accepted only when dy < Dpax (With
Dpax = 200km). To account for slight discrepancies in
observation times, each PM10 record is paired with the closest

meteorological observation within a maximum time difference
|ts —tp| < Tmax (With Tiyy set to 1 hour); unmatched records
are discarded.

Subsequently, to incorporate spatially continuous dust in-
formation, FY-4 AGRI dust storm detection (DSD) products,
including DST and IDDI-BK, are processed. Given the 4-km
gridded resolution of FY-4 data, hourly aggregation is first
applied to maintain temporal consistency with ground obser-
vations. Inverse distance weighting (IDW) is then employed to
interpolate gridded remote sensing values to station locations
[26]:
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where v; denotes the value of the i-th pixel, d; is the distance
between pixel ¢ and station p, and « is the interpolation power.
This procedure ensures consistent spatial mapping of remote
sensing indicators to ground-based monitoring stations.
Furthermore, to capture terrain-induced modulation of air-
flow and pollutant dispersion, a high-resolution digital eleva-
tion model (DEM) is obtained from the National Geomatics
Center of China. We spatially align the DEM grid with the
coordinates of each monitoring station. Specifically, elevation
values are derived via bilinear interpolation, while the local
slope 0, for station p is calculated based on the surface
gradient of the elevation field E:
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B. Feature Construction and Time-Series Sample Generation

After spatial mapping and temporal alignment, a unified
multi-source feature set is constructed for each station and
time step. The integrated feature vector comprises ground-
based PM10 measurements, matched meteorological variables,
interpolated FY-4 remote sensing indicators (DST and IDDI-
BK), and static topographic attributes (elevation and slope).

To improve data quality, missing values are filled using
feature-wise mean imputation. Furthermore, to mitigate the
impact of sensor malfunctions, a physical range check is
applied following standard quality assurance procedures [27].
Specifically, observations falling outside the valid instrument
range—strictly defined as negative values or readings exceed-
ing the sensor’s measurement limit—are identified as non-
physical artifacts and filtered out. This strategy effectively
removes sensor noise while strictly preserving genuine high-
concentration dust episodes. All numerical features are stan-
dardized using Z-score normalization prior to model training.
Finally, time-series samples are generated using a sliding
window approach: for station i at prediction time t, the model
input consists of the concatenation of multi-source feature
vectors from the preceding 24 time steps, while the output
is the PM10 concentration at time t:
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Fig. 1. Location of each major monitoring station.

here, xﬁ") denotes the fused feature vector for station ¢ at time
t.

III. METHODOLOGY AND TECHNICAL
A. Model Structure Design: Dustformer

To comprehensively capture the spatiotemporal evolution of
air pollution, this paper proposes a multi-source information-
driven spatiotemporal joint prediction model, termed Dust-
former. As illustrated in Fig. 2, the model explicitly integrates
a graph-based spatial representation with temporal sequence
modeling, while fusing multi-source meteorological data to
enable accurate PM10 concentration prediction.

B. Temporal Modeling Module

Unlike standard Transformer blocks that utilize a shared
Feed-Forward Network (FFN) for all inputs, our module
consists of parallel sub-experts. Each sub-expert maintains
independent parameters and implicitly specializes in modeling
distinct pollution regimes—such as steady background fluctu-
ations, rapid accumulation, or dissipation. For any given input
token representation, a learnable gating network dynamically
calculates the routing weights, determining which experts are
best suited to process the current temporal state. The gating
score is computed as:

g = Softmax (W, - MeanPool(z) + b,) € RNe,  (5)

then, the top-2 experts with the highest weights are selected
for forward propagation, and the final output is:

y=> gi-ri(x), (6)
ick

where k denotes the set of the selected top-k experts, g;
represents the normalized gating coefficient for the ¢-th expert,

and r; is the output of the corresponding expert network.
This adaptive activation mechanism is visualized in Fig. 3
As observed, the gating network effectively decouples the
pollution process: Expert 1 dominates during the stable periods
(low PM10 concentration), while the model automatically
switches dominance to Expert 3 during the rapid rising phase
of the dust storm. This demonstrates that the MoE module

successfully alleviates the challenges of nonlinearity by de-
composing complex time-series data into manageable sub-
patterns via input-adaptive routing.

C. Spatial Modeling Module

The spatial distribution of PM10 concentration during dust
events is not only affected by local pollution sources but also
by the combined effects of large-scale diffusion of dust air
masses, wind field transportation, and topographic guidance.
Traditional temporal modeling methods often only focus on the
historical information of a single point and cannot describe the
spatial influence relations between different monitoring points,
thus limiting the global prediction ability of the model.

To effectively characterize the transmission relations of
pollutants between multiple stations, Dustformer designs a Dy-
namic Graph Neural Network with adaptive attention weights
in the spatial dimension, which constructs a transmission
structure graph between stations to simulate the regional
diffusion pattern of dust pollution and fully integrates the
spatial distribution features of remote sensing information.

Given N monitoring stations, the spherical distance d;;
between any two stations is first calculated based on their
geographical longitude and latitude (¢;, A;). If di; < dyy, (the
set threshold is 200 km), A;; = 1; otherwise, 4;; = 0. An
initial adjacency matrix A € RY¥*¥ is constructed, which
is used to characterize the possible influence paths of dust
in geographical space, such as the transportation chain from
the source area to the downwind area. However, the pollution
diffusion path in the actual dust process is non-uniform and
dynamic, and static distance information alone cannot fully
model it. To this end, this paper introduces a learnable atten-
tion weight matrix Wy, € RV*¥ to dynamically adjust the
weight of each edge, and normalization is achieved through
softmax to form the final spatial transmission graph:

A = exp(Watin) - A
3 - ; b
T Y hena xp(Wiky,) - A

where /Lj is the normalized edge weight. WiF, =~ denotes
the learnable interaction parameter, and A;; is the binary
adjacency matrix acting as a structural mask. The softmax
function is applied only to the valid neighbors & € N (i) to
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Fig. 2. Dustformer model diagram.

ensure that the sum of attention weights equals 1, guaranteeing
numerical stability during feature aggregation.

This mechanism allows the model to automatically learn
key transmission paths during training, such as the main
dust channels detected by remote sensing or wind direction-
dominated paths.

Leveraging the constructed spatial attention graph %L-j,
Dustformer uses a multi-layer graph neural network to iter-
atively update the spatial features of each station. Initially, a
learnable static embedding e; is assigned to each station. At
each layer [, the representation hgl) of station ¢ is updated by
weighting the embeddings of its neighbor nodes:

Y=o | S Ay w® a4

JEN (i)

®)

where W is the weight matrix and o is the activation
function. Through this process, each station “perceives” the
pollution trends in its surrounding area. Finally, to preserve the
unique identity of each station, we add a residual connection
to the output:

A = D e )

where e; is the initial learnable embedding of station i.

IV. EXPERIMENTAL RESULTS AND ANALYSIS

To comprehensively verify the effectiveness and superiority
of the proposed Dustformer model, systematic experiments
were conducted on the constructed multi-source fusion dataset.
The evaluation is organized into four parts: experimental

setup, comparative prediction accuracy, parameter sensitivity
analysis, and module ablation studies.

A. Experimental Setup and Dataset Partitioning

To ensure temporal consistency and rigorous evaluation,
the dataset is chronologically partitioned into three subsets: a
training set(January 2022 to June 2023), a validation set (July
2023 to September 2023), and a test set (October 2023 to
December 2023). During preprocessing, ground observations,
meteorological data, remote sensing imagery, and topographic
data are temporally aligned and normalized. Input sequences
are generated using a sliding window mechanism. The vali-
dation set is employed for hyperparameter tuning and early
stopping, while the test set serves to evaluate the model’s
generalization ability on unseen samples.

B. Main Prediction Performance Comparison

We compared Dustformer against a comprehensive set of
baselines, including spatiotemporal graph models (STGNN,
GCN), ensemble tree models (LightGBM, Random Forest),
and deep temporal models (Flashformer, Transformer). The
quantitative results are summarized in Table I.

As presented in Table I, Dustformer demonstrates significant
superiority over all baseline models, achieving state-of-the-art
performance across all evaluation metrics. This performance
advantage validates the effectiveness of the proposed archi-
tecture, which jointly models spatiotemporal dependencies
through the integration of attention mechanism, DGNN, and
the Mixture-of-Experts mechanism.

To provide a more intuitive assessment of prediction align-
ment, Fig. 4 visualizes the comparative fitting curves of
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Fig. 3. Dynamic Evolution of Expert Activation Weights during Stable Periods and Dust Storms.
TABLE I TABLE II
COMPARISON OF PREDICTION RESULTS FROM DIFFERENT PARAMETER SENSITIVITY ANALYSIS
MODELS
Parameter Setting MAE MSE Time (ms)
Model MAE MSE RMSE R?
4 0.852 2.017 82.3
Dustf v 1.94 1.394 967
ustformer | 0785 | 1943 394 | 096 MoE Experts 8 0785 | 1.943 125.6
STGNN 0.970 3.746 1.935 0.923 16 0791 1951 2012
Flashformer 1.387 9.250 3.041 0.884 1013 2345 63.7
LightGBM 1.274 4.18 2.048 0.910 Attn. Heads 0.785 1.943 9.5
Random Forest 1.802 9.876 3.142 0.873 3 0772 1.921 156.3
SVR 2.002 6.367 2.523 0.850 73 0.927 7153 91.6
Transformer 1.179 7.395 2.719 0.908 Graph Weight 5.5 0.785 1.943 38.2
MLP 2.029 6.248 2.499 0.822 3.7 0.894 2.098 75.4
ARIMA 1911 7.768 2.787 0.883
GCN 1.058 5.733 2.394 0.916

Dustformer against representative baseline models over a
continuous 300-hour test period. The ground truth PMI10
series (black solid line) exhibits high volatility with sharp
peaks and deep valleys, presenting a significant challenge for
forecasting. As observed across subplots Fig. 4(a) through (i),
the red dashed line corresponding to Dustformer tracks the
true value trajectory with remarkable fidelity. Crucially, Dust-
former demonstrates superior capability in capturing abrupt
changes and extreme values where baseline models often
falter. For instance, compared to spatiotemporal graph mod-
els like STGNN (Fig. 4(a)) or pure temporal models like
Flashformer (Fig. 4(b)), Dustformer shows significantly less
lag during rapid fluctuations and tighter alignment with peak
concentrations. This visual evidence strongly corroborates the
quantitative metrics in Table I affirming the model’s robustness
in handling non-stationary air quality data.

Further analysis highlights that explicitly modeling spatial
topology is critical. Spatiotemporal graph-based approaches
(e.g., STGNN, GCN) rank second in Table I and show

reasonable trend-following in Fig. 4(a) and (i), significantly
outperforming pure temporal models such as Flashformer
and Transformer. This indicates that capturing cross-regional
transmission dynamics via graph structures is essential for
accurate diffusion modeling.

It is also noteworthy that LightGBM exhibits competitive
performance (MSE=4.18), surpassing complex temporal mod-
els like Flashformer. This observation suggests that while
attention mechanisms excel at capturing temporal dynam-
ics, they struggle with spatial heterogeneity in the absence
of explicit structural guidance. In contrast, ensemble tree
models can effectively exploit structured meteorological and
geographical features. However, traditional machine learning
models (Random Forest, SVR) perform the worst, underscor-
ing the necessity of deep spatiotemporal fusion architectures
for high-precision forecasting.

C. Hyperparameter Sensitivity Analysis

To identify the optimal configuration between accuracy and
computational efficiency, we analyzed three key hyperparame-
ters: the number of MoE experts, attention heads, and dynamic
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graph weights. The experiments were conducted under single-
sample inference settings, with results detailed in Table II.

Regarding the Mixture-of-Experts, increasing the number of
experts from 4 to 8 yields significant accuracy gains. However,
expanding to 16 experts provides negligible improvement
while distinctly increasing inference time. Consequently, 8 ex-
perts represent the optimal trade-off point, balancing model ca-
pacity with computational cost. Similarly, for attention heads,
insufficient heads (e.g., 2) fail to capture multi-scale temporal
dependencies, while 8 heads double the computational cost
with only marginal gains. Thus, 4 heads are selected as the
default configuration.

For the dynamic graph weights (geography vs. meteorol-
ogy), the analysis in Table II and Fig. 5(b) presents a similar
trade-off pattern. A meteorology-biased ratio (3:7) yields the
fastest execution but compromises accuracy due to weak
spatial constraints, whereas a geography-dominant ratio (7:3)
incurs the highest time cost without providing performance
benefits. Consequently, the balanced 5:5 ratio is selected as the
optimal setting, achieving the lowest error (MAE=0.785) by
effectively harmonizing static topology with dynamic weather

evolution.

D. Module Ablation Experiment

To verify the contribution of individual components, we
conducted ablation experiments focusing on neural modules
and the inclusion of DEM data.

The ablation results in Table III demonstrate a clear syner-
gistic effect among the proposed modules. The full Dustformer
configuration consistently outperforms all partial combina-
tions. Specifically, removing the Dynamic Graph module or
the attention mechanism module leads to noticeable perfor-
mance degradation. This indicates that temporal dynamics and
spatial diffusion must be modeled simultaneously to achieve
optimal accuracy.

Furthermore, the introduction of DEM data plays a pivotal
role in enhancing model robustness. As shown in the ablation
study results (Fig. 5(c)), incorporating static topographic infor-
mation significantly improves the overall prediction accuracy.
This validates that static topographic covariates provide es-
sential physical constraints for modeling airflow and pollutant
dispersion, enabling the model to capture terrain-induced
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TABLE III
ABLATION STUDY OF DIFFERENT COMPONENTS
Attention DGNN MOE DEM MAE MSE R2

v v 0.882 2.150 0.932

v v 0.853 2.001 0.953

v v 0.905 2214 0.915

v v v 0.837 1.985 0.951

v v v 0.858 2.036 0.930

v v v v 0.785 1.943 0.967

diffusion patterns that are often overlooked by purely data- ACKNOWLEDGMENT

driven approaches.

V. CONCLUSION

In this study, we proposed Dustformer, a novel spatiotem-
poral forecasting framework designed to enhance PM10 con-
centration prediction by integrating ground observations, me-
teorological data, FY-4 satellite products, and DEM data. By
coupling a Mixture-of-Experts Transformer with a learnable
Dynamic Graph Neural Network, the proposed model effec-
tively captures long-range temporal dependencies and dynamic
spatial diffusion patterns associated with dust events.

Our extensive experiments reveal a critical trade-off between
prediction accuracy and computational efficiency. Specifically,
the hyperparameter analysis demonstrates that a balanced
configuration—comprising 8 MoE experts and a 5:5 dynamic
weight ratio between geographical and meteorological con-
straints—achieves the optimal performance sweet spot. This
setting significantly reduces prediction error while maintain-
ing a reasonable inference cost, outperforming static graph
baselines and single-modal approaches.

In future work, we plan to extend the Dustformer framework
to multi-pollutant prediction tasks (e.g., PM2.5 and O3) and
explore the integration of physical diffusion equations to fur-
ther enhance interpretability and robustness in extreme weather
scenarios.
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