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ABSTRACT 

PM pollution has become a major environmental concern due to its adverse effects on air quality and human health. Accurate 
concentration prediction is essential for understanding pollution patterns and supporting effective air quality management. 
This paper examines statistical analysis, machine learning (ML), deep learning (DL), and data-driven forecasting as 
spatiotemporal approaches for predicting PM₂.₅ concentrations. Trends in pollution data over time can be identified using 
statistical models like ARIMA and linear regression. To understand the complex interplay between pollution levels, weather, 
and other environmental variables, ML techniques have proven highly effective. Transformers, recurrent neural networks, 
and convolutional neural networks (CNNs) are examples of DL architectures that can learn to extract spatial patterns and 
capture temporal dependencies across regions and time. The review also discusses spatial–temporal relationships, including 
autocorrelation, spatial heterogeneity, and cross-region prediction challenges. Ground-based monitoring stations, 
meteorological observations, reanalysis datasets, and satellite remote sensing provide important inputs for model 
development. Furthermore, inconsistent spatiotemporal resolution, uneven monitoring station distribution, and missing data 
remain significant challenges. This study provides a concise overview of current prediction methods, data needs, and practical 
constraints to support the development of trustworthy spatiotemporal PM₂.₅ forecasting systems and enhanced air quality 
monitoring. 
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1. INTRODUCTION 

Air pollution is a significant environmental and public 
health issue, particularly in urban areas of developing 
countries. Fine particulate matter (PM₂.₅) is a major 
pollutant of concern because it can penetrate deep into the 
lungs and enter the bloodstream, causing respiratory and 
cardiovascular diseases [1]. Particulate matter, abbreviated 
as PM₂.₅, contains particles with a diameter of 2.5 µm or 
less and is often measured in micrograms per cubic meter 
(µg/m3). Pollutant levels that are dangerous to humans are 
routinely surpassed in India's urban and industrial regions, 
where the air quality limits set by the World Health 
Organization (WHO) are often disregarded [2]. Natural 
sources of particulate matter (PM) include dust storms and 
wildfires, whereas man-made sources include emissions 
from cars and industry, as well as biomass burning. These 
particles are classified by size: PM₁₀ (≤10 µm), PM₂.₅ (≤2.5 
µm), and ultrafine particles, or PM₀.₁ (≤0.1 µm) [3]. 
Accurately predicting its concentration is crucial for 
managing and monitoring air quality effectively, since it 

fluctuates greatly across places and over time [4]. Accurate 
prediction is crucial for managing and monitoring air 
quality effectively because it fluctuates greatly across places 
and over time. PM₂.₅ concentration exhibits strong spatial 
and temporal dependencies. Spatial dependencies 
represent relationships between monitoring stations 
influenced by emission sources, land use, and pollutant 
transport. Temporal dependencies describe concentration 
variations associated with meteorological conditions, traffic 
activity, seasonal changes, and historical pollutant levels 
[5]. Capturing both dependencies enables prediction 
models to identify localized pollution patterns and evolving 
concentration trends. Accurate PM₂.₅ prediction supports 
pollution assessment, early warning systems, and air-
quality management by considering spatial variations, 
temporal trends, meteorological influences, and pollutant 
interactions.  Conventional station-level forecasting studies 
primarily use ground monitoring data and meteorological 
variables to predict short-term PM₂.₅ concentrations [6]. 
However, variations in spatial and temporal patterns 
require approaches that can learn relationships across 
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monitoring locations and successive time intervals. Recent 
ML and DL approaches provide opportunities to capture 
these complex dependencies using data collected from 
multiple monitoring stations. Therefore, this review 
examines spatial–temporal approaches for PM₂.₅ 
concentration prediction, focusing on their ability to 
capture spatial relationships, temporal variations, and 
combined dependencies to improve prediction accuracy 
and reliability. The paper is structured as follows: Section 2 
covers prediction methods for PM₂.₅ concentration, 
including statistical, ML, and DL techniques. Section 3 
presents spatial–temporal techniques and Transformer 
models. Section IV describes data sources, monitoring 
systems, and prediction challenges. Section V reviews 
related studies and research gaps. Finally, Section VI 
presents the conclusion and future work. 

2. PM₂.₅ CONCENTRATION PREDICTION 

PM₂.₅ concentration prediction uses historical air-
quality, meteorological, and environmental data to estimate 
future fine particulate matter levels. ML and DL approaches 
can capture nonlinear relationships among pollutants, 
temperature, humidity, wind speed, and seasonal 
variations. Accurate prediction supports early warning 
systems, pollution-control strategies, and effective public-
health decision-making. 

2.1 Construction and processing of forecasting 

datasets 

There are three subsets of the PM2.5 concentration-
related effect indicators: socio-economic, environmental, 
and associated disturbance variables [7]. Given the 
available data, each sub-category includes several specific 
data sources. 
• Socio-economic indicators: The primary factors that 

contribute to the formation of PM2.5 are energy 
consumption, energy structure, industrial structure, 
population density, level of urbanization, and economic 
development status [8]. 

• Topographic condition data include: Digital 
elevation model (DEM), Normalized Difference 
Vegetation Index (NDVI), and Enhanced Vegetation 
Index (EVI) [9]. 

• Relevant interfering factors:  PM2.5 concentrations 
may be predicted using NO2, SO2, CO, and O3 as auxiliary 
variables. These gases not only reflect primary pollutant 
emissions during PM2.5 heavy pollution events, but also 
serve as precursors and oxidants for the transformation of 
secondary pollutants [10]. 

2.2 Forecasting methods and technical processes 
Several forecasting approaches rely on different 

available datasets, which can affect the precision of the final 
forecast. Here are the most popular methodologies used to 
estimate PM2.5 concentrations. 
PM2.5 concentration prediction based on 
statistical methods: Statistical models primarily use past 
data for statistical analysis and pollutant prediction. Among 
the many statistical models, linear and nonlinear regression 
stand out [11]. Benefits include ease of use, readily 
accessible data, and the ability to adjust various output 
parameters.  
PM2.5 concentration prediction based on numerical 
simulation: Numerical simulation prediction uses 
computer technology to simulate pollutants across time and 
space, builds mathematical models to simulate the airborne 
transport of atmospheric pollutants based on atmospheric 
physics and chemistry, and uses atmospheric dynamics 

[12]. 
Prediction of PM2.5 concentration using machine 
learning: ML is finding more and more uses in many 
different industries as a result of the rapid advancements in 
computer and AI technology. Predicting PM2.5 
concentrations has seen extensive use of ML's robust data 
mining and computational capabilities [13] because of the 
many elements that affect PM2.5 and the complexity of its 
sources. The technical approach lays out the fundamental 
steps for building an ML model. 
Deep learning-based methods: DL is a branch of ML 
that models complicated data patterns using multi-layer 
neural networks [14]. Some studies employ CNNs or DBNs 
to derive spatial features from air quality data to predict 
PM2.5 concentrations, while others employ RNNs like 
LSTMs or BiLSTMs to capture temporal dependencies in 
the data. 
Deep Belief Network (DBN): DBNs are a subset of DL 
methods that may be employed for a variety of 
unsupervised learning applications, including pattern 
recognition, dimensionality reduction, and feature 
extraction. The hidden units, or latent variables, are related 
by probabilistic models and span numerous layers [15]. 
Distributed Boltzmann networks (DBNs) are based on the 
principle of generating stochastic artificial neural networks 
(RBMs) by stacking many layers. 
Convolutional Neural Network (CNN): CNNs are a 
common DL architecture for predicting aerosol 
concentrations. Convolutional neural networks (CNNs) are 
particularly adept at automatically learning and extracting 
features from novel input datasets [16]. Data for air 
pollution prediction can come from a variety of sources, 
including weather records, historical air quality records, 
and other pertinent information. 
Recurrent Neural Network (RNN): Recurrent neural 
networks are helpful for spatiotemporal prediction of 
PM₂.₅ concentration because they can learn time 
dependencies in air quality data [17]. The model is able to 
recall data from earlier times and use past PM₂.₅ 
concentration and other environmental variables to 
forecast pollution levels thanks to the feedback connections 
in the recurrent neural network. 
Transformer: Transformer models use self-attention 
mechanisms to model long-range dependencies in spatial-
temporal PM₂.₅ concentration prediction tasks. Unlike 
recurrent and CNN models, Transformer models can 
establish dependencies between data points at various time 
steps and spatial regions [18]. 
Statistical approach: Quantitative techniques such as 
seasonal and non-seasonal linear regression, autoregressive 
models, and the ARIMA model are used to estimate future 
PM2.5 concentrations using spatiotemporal predictions. 
From historical pollution data, all of the aforementioned 
techniques can extract time-spanning patterns. 
Regression: A simple linear regression model is proposed 
to predict PM2.5 concentrations in East Asia during the 
winter period. In this model, 16 winter climatic indices were 
computed in addition to PM2.5 concentration levels [19]. 
The data were analyzed using a one-out validation 
approach, where one year of data is set aside each time 
during the cross-validation process. 
Residual filters: PM2.5 concentration was predicted using 
eigenvector spatial filtering regression modeling. The 
model's covariates are derived from cultural characteristics 
and Earth observation data [20].  Spatial autocorrelation, 
which impacts data accuracy, is addressed by using 
eigenvectors. Yearly, monthly, and seasonal PM 
concentrations were computed using the ESFR model and 
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verified using root mean square error. 
Autoregressive Integrated Moving Average Model 
(ARIMA): ARIMA is employed to forecast time series data 
with a seasonal pattern. I propose a method that makes use 
of the ARIMA model to predict the Fuzhou region's PM2.5 
level [21]. A correlation study based on Spearman’s 
coefficient was carried out, and it was observed that PM2.5 
was positively correlated with PM10, Sulfur Dioxide, and 
Nitrogen dioxide, while it was negatively correlated with 
other variables.  

3. SPATIAL–TEMPORAL APPROACHES FOR 

PM2.5 PREDICTION  

Integrating spatial and temporal information is the 
foundation of spatiotemporal approaches for PM2.5 
prediction, which estimate PM2.5 concentrations across 
various locations and time periods. These approaches 
consider historical pollution levels, meteorological 
conditions, geographical relationships, and pollutant 
interactions. Capturing intricate spatiotemporal patterns is 
a common task for ML, DL, graph-based, attention-based, 
and hybrid approaches. 

3.1 Spatial–temporal approaches  

Air pollutants can travel in the atmosphere, integrating 
spatial and temporal features, such as latitude, longitude, 
satellite data, time of monitoring, and day of the week, 
which can significantly enhance model performance [22]. 
Spatiotemporal approaches can help learn pollution 
concentration levels in a particular region and peak 
hazardous hours. 
Spatiotemporal extensions to prediction methods: 
The relationship between space and time is fundamental to 
many geographical prediction issues. Because of its effects 
on traffic emissions, time of day (e.g., rush hour vs. non-
rush hour) is a key factor in air quality forecasts. New ways 
of representing data and ideas in statistics are born when 
time is added to geographical data [23]. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 1. Spatiotemporal transformer  

 

• Spatiotemporal autocorrelation: results in samples 
that are highly similar to one another, both geographically 
and temporally. 

• Temporal non-stationarity: The non-stationarity of 
time could cause the sample distribution to shift over 
time. We can't use the same prediction model for every 
time step, which is a problem.  

Prediction for heterogeneous spatial data: 
Prediction algorithms that take spatial heterogeneity into 
consideration now use non-stationarity to their advantage, 
taking into consideration isotropic sample distribution and 
the fact that both the training and testing samples are 
locally sourced [24]. In reality, however, spatial dependency 
may be anisotropic, and testing samples may lie outside the 
training domain. 
• Prediction with anisotropic spatial dependency: 

The spatial dependence of the samples in the real world 
can be anisotropic, rather than being isotropic in the 
Euclidean space. 

• Model transfer across heterogeneous spatial 
regions: Geographical heterogeneity makes it possible 
for a predictor model trained in one area to fail miserably 
when placed in another. This is a concern because, in most 
spatial prediction scenarios, the test samples may not be 
from the same spatial domain as the training samples. 

3.2 Spatiotemporal Transformer  
A time series analytic approach must be used to 

consider the interdependence of all existing air quality 
monitoring stations if future air quality estimates are to be 
precise [25]. It is not necessary for us to depend on the 
existing distance structure; the Spatiotemporal 
Transformer is shown in Figure 1. 
Time embedding: Regarding the Spatiotemporal 
Transformer, the temporal dependencies are described 
solely through time embedding of the multi-head self-
attention [26]. As attention constructs connections between 
the input and target through a weighted sum operation, the 
attention mechanism is independent of the order of the 
input time series.  
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Spatial embedding: The spatial dynamics are also 
captured by the multi-head self-attention mechanism, 
which represents correlation strengths among stations. The 
spatial embedding EmbS indicates which station the time 
series originate from. In addition to having dynamically 
changing air quality values, each monitoring station is also 
associated with other varying spatial characteristics, 
including the local geography of the monitoring station, 
meteorological conditions, nearby wildfire influences, and 
emissions from nearby road traffic [27]. 

4. DATA SOURCES, MODEL EVALUATION AND 

PRACTICAL IMPLEMENTATION 

Data sources, model evaluation, and practical 
implementation are essential for reliable spatial–temporal 
PM₂.₅ concentration prediction. Ground-based monitoring 
stations, satellite observations, and meteorological datasets 
provide important input variables. Data preprocessing and 
suitable evaluation metrics help assess prediction accuracy, 
while real-time monitoring and forecasting systems support 
effective air quality management. 

4.1 Data types and sources 

The availability of adequate, high-quality data is 
fundamental to developing a dependable PM2.5 prediction 
model [28]. PM2.5 data can be combined with various 
sources, usually from ground-based measurements, 
meteorology, remote sensing, and anthropogenic activities. 
Ground-based monitoring data: Ground-level 
monitoring data play an important role in predicting PM2.5 
concentrations because they provide information about 
particulate matter levels at specific locations and times 
[29]. Information on additional pollutant concentrations, 
such as PM10, NO₂, SO₂, CO, and O₃, may be used as 
supplementary characteristics to enrich the picture of local 
air quality. 
Meteorological data: Meteorological variables include 
factors such as humidity, wind speed, temperature, 
atmospheric pressure, and so on. Such variables are likely 
to greatly influence the temporal and spatial distributions 
and chemical processes of PM2.5 [30]. Therefore, acquiring 
quality data on the meteorological variables is very 
important for developing an accurate model for predicting 
PM2.5. 
Reanalysis data: The reanalysis data are useful for 
predicting PM2.5 concentrations because they give 
consistent meteorological information on the atmosphere's 
geographical and temporal features, which is particularly 
useful in regions with a lack of ground-monitoring stations 
[31]. The data consist of various observational data together 
with numerical models for weather and atmospheric 
modeling, thus providing insight into meteorology and 
aerosols. 
Remote sensing data: A major advantage of using 
remote sensing data for PM2.5 concentration forecasts is 
their extensive spatial coverage, which is especially useful 
when there are too few stations [32]. Satellite data on 
aerosol optical depth (AOD), along with other atmospheric 
features (NO₂, SO₂, and O₃), can be regarded as a key source 
of information on the spatial distribution of aerosols. 

4.2 Air Quality Monitoring System (AQMS) 

PM2.5 pollution not only causes severe weather 
anomalies, but it also has clear effects on the respiratory 
system. Its influence on the greenhouse effect is direct. 
Forecasting PM2.5 concentrations requires urgent 
consideration because of its severe detrimental impact on 
human life [33]. Air quality can be measured and tracked in 

a variety of ways. Modern air quality monitoring systems 
use a variety of technologies, including reference-grade 
FRM/FEM monitors, mobile air quality sensors, low-cost 
sensors installed in fixed locations, and satellite 
monitoring. The several forms of AQMS are shown in 
Figure 2.  

 
Figure 2. Types of AQMS 

• Traditional air quality monitoring using FRM and 
FEM equipment:  Air quality monitors that are 
considered to be of government reference grade are those 
that use the Federal Reference Method (FRM) or the 
Federal Equivalent Method (FEM). 

• Mobile air quality monitoring: Mobile air quality 
monitoring systems detect air quality over a given time 
period, in contrast to fixed air quality monitors like 
FRM/FEM monitors and stationary low-cost sensors. 

• Stationary monitoring with low-cost air sensors: 
Air quality sensors that are both stationary and 
inexpensive allow for both stationary and mobile 
monitoring with respect to spatial and temporal 
resolution [34]. There is a wide variety of low-cost sensors 
available, each with its own set of pros and cons. 

• Air quality monitoring using satellites: Pollution 
trends and incidents can be monitored on a larger scale 
than ground-based air quality monitors using air quality 
monitoring equipment mounted on satellites, such as 
NASA's Moderate Resolution Imaging Spectroradiometer 
(MODIS). 

• IoT-based AQMS: The indoor AQMS allows companies 
to keep their workplaces safe for employees [35]. Better 
human care is another benefit that companies may reap 
from this trend. 

4.3 Challenges of PM2.5 prediction models 

Despite significant progress in remote sensing-based 
PM2.5 estimation, several challenges remain, particularly 
inconsistent spatiotemporal resolution and missing data. 

• Inconsistent spatiotemporal scales: The prediction 
of PM2.5 can be done on an hourly scale using present 
research on PM2.5 predictions, and the resolution can be 
improved spatially to around 100 meters [36]. 

• Site distribution:  The uneven distribution and small 
number of air quality monitoring stations make it more 
complicated to anticipate PM2.5 spatiotemporal 
concentrations [37].  

• Missing data: The spatial monitoring of PM2.5 is 
incomplete and prone to large estimation biases due to the 
lack of remote sensing information caused by high bright 
surface coverage and cloudy and rainy weather [38].  
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5. LITERATURE REVIEW 

Recent PM₂.₅ forecasting studies employ GCN, 
Transformer, LSTM, decomposition, and optimization 
techniques to capture spatial and temporal patterns. These 
approaches improve prediction accuracy, yet challenges 
remain in generalization, computational efficiency, 
meteorological integration, anomaly detection, and real-
time forecasting across diverse urban environments. 

G. Tang and B. Li (2026) developed a hybrid DL 
framework based on geographic distance, integrating 
transfer learning, Graph Convolutional Networks (GCN), 
and Transformer architecture (Tl-GCN-T), to predict the 
spatiotemporal variations of PM2.5 concentration. Spatial 
relationships and temporal dynamics were captured by 
organizing historical observation data from various 
monitoring stations into spatiotemporal graph sequences 
[39]. J. Li and J. Zhao (2026) proposed an IF-LSTM dual-
branch model combining Informer and LSTM 
for PM2.5 prediction and anomaly early warning. The 
model adopts a dynamic adaptive weight fusion strategy to 
effectively extract and integrate long-period global features 
and short-term local dependencies. Experimental results 
based on Beijing's monitoring data from 2022 to 2023 show 
that the model achieves better performance in prediction 
accuracy, early warning reliability, and operational 
efficiency, providing reliable support for refined forecasting 
and intelligent early warning of 
atmospheric PM2.5 pollution [40].  

H. Yang et al. (2025) introduced a novel prediction 
method called the Integrated Black-winged Kite Algorithm 
with Backpropagation (IBKA-BP). This approach improves 
the traditional Backpropagation (BP) neural network by 
optimizing its weights and thresholds, effectively 
addressing common issues such as slow convergence and 
the tendency to get trapped in local optima. Comparative 
analyses of prediction errors demonstrate that the IBKA-BP 
model outperforms other advanced PM2.5 concentration 
prediction models [41]. J. Geng, et al. (2025) proposed 
MDC-STGformer, a novel DL architecture that integrates 
multi-scale dilated convolution with spatiotemporal graph 
transformers for enhanced PM2.5 prediction. The model 
comprises four core components: an input feature 
embedding layer, a multi-scale dilated convolution (MDC) 
module, a pollutant attention module (PAM), and a 
spatiotemporal fusion transformer (STFT). The MDC 
module employs parallel dilated convolution branches with 
exponentially increasing dilation rates (1, 2, 4, 8) to capture 
temporal patterns ranging from short-term fluctuations to 
long-term trends simultaneously [42].  

H. Cheng and H. Fan et al. (2024) introduced the 
Spatial-Temporal Synchronous Graph Convolutional 
Network (STSGCN), which performs very well in traffic 
prediction and disease transmission, for hourly multi-step 
PM2.5 prediction. In addition, the model’s performance is 
improved by incorporating meteorological data and other 
air contaminants (PM10, SO2, etc.). The study used 8 air 
monitoring stations in Wuhan, China, as the experimental 
region and predicted PM2.5 values. The extensive 
experiments demonstrate that the model has exceptional 
prediction performance, with an R2 of 94.9%, significantly 
superior to classical DL networks such as CNN, LSTM, and 
Seq2Seq in comparative experiments [43]. T. Pham and H. 
D. Thi (2024) introduced an innovative method that 
synergizes ensemble empirical mode decomposition 
(EEMD) with LSTM networks for predicting PM2.5 levels. 
This technique involves two primary phases: first, the time-
series data are decomposed into intrinsic features via 

EEMD; second, these features are analyzed by an LSTM 
model to uncover patterns in the training data [44]. H. Hu 
et al. (2023) proposed a PM2.5 prediction model, CEEMD-
LSTM, combining CEEMD and an LSTM NN. Firstly, the 
decomposition number of the CEEMD method is 
determined. The historical data is decomposed into 
different sequences, and then each sequence is predicted. 
Finally, the prediction results of each sequence are summed 
to obtain the final prediction. CEEMD-LSTM model was 
applied to the short-term forecast of the PM2.5 series in 
Beijing. Results indicate that the RMSE and MAE of the 
CEEMD-LSTM method are on average reduced by 0.9411% 
and 0.7965%, respectively, with a significant improvement 
in the prediction accuracy [45]. 

Despite significant advances in AI-based PM₂.₅ 
forecasting, existing studies remain fragmented across 
spatial modeling, temporal prediction, signal 
decomposition, optimization, and anomaly detection. 
Recent approaches, including GCN–Transformer, 
Informer–LSTM, STGformer, STSGCN, EEMD–LSTM, and 
CEEMD–LSTM, achieve improved prediction accuracy but 
generally address specific spatial or temporal 
characteristics rather than jointly modeling geographical 
relationships, short- and long-term dependencies, 
meteorological factors, pollutant interactions, and seasonal 
variations. Moreover, most studies rely on individual cities 
or limited monitoring stations, restricting their 
generalizability across diverse geographical and climatic 
environments. Complex hybrid architectures may also 
increase computational requirements, limiting real-time 
deployment. Furthermore, prediction, anomaly detection, 
early warning, and adaptive decision-making are rarely 
integrated within a unified framework. Therefore, as 
indicated by the limitations summarized in Table 1, there is 
a need to develop a generalizable, computationally efficient, 
and adaptive spatiotemporal AI framework that integrates 
heterogeneous environmental data, PM₂.₅ forecasting, 
anomaly detection, and real-time early warning for scalable 
urban air-quality management and intelligent decision 
support systems. 

6. CONCLUSION 

PM₂.₅ concentration prediction plays an important role 

in understanding air pollution patterns and supporting 

effective air quality management. This review examines 

statistical approaches, ML techniques, DL architectures, 

and spatial–temporal methods for predicting PM₂.₅ 

concentrations. Statistical models, including regression and 

ARIMA, help identify temporal trends, while ML and DL 

techniques capture complex relationships among pollution 

levels, meteorological conditions, and environmental 

variables. Spatial–temporal approaches also account for 

geographical variation, temporal dependencies, and 

pollution transport across regions. Ground-based 

monitoring stations, meteorological observations, 

reanalysis datasets, and satellite remote sensing provide 

essential information for prediction models. However, 

inconsistent spatial and temporal resolutions, uneven 

monitoring station distribution, missing observations, and 

heterogeneous regional characteristics continue to affect 

prediction reliability. Addressing these challenges is 

necessary to improve model accuracy and practical 

applicability. Overall, combining suitable data sources 

with effective prediction techniques can support more 
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reliable PM₂.₅ forecasting, air quality assessment, and 

informed environmental decision-making. Future research 

should focus on developing spatial–temporal models that 

integrate monitoring data, satellite observations, 

meteorological variables, and advanced learning 

techniques.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Improving missing-data handling, spatial resolution, 

and transferability across heterogeneous regions remains 

essential. Further studies should evaluate model 

performance using consistent datasets and practical 

forecasting systems to support air quality management. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 1. Summary of key studies on spatiotemporal approaches for PM2.5 concentration prediction 

Author 
& Year 

Objective / Approach Technology / 
Method 

Key Findings Future Work Limitations 

G. Tang 
& B. Li 
[39] 

To predict the 
spatiotemporal variation 
of PM₂.₅ by modeling 
relationships among 
geographically distributed 
monitoring stations. 

Transfer 
Learning, 
Geographic-
Distance-based 
Graph, GCN, 
Transformer (Tl-
GCN-T) 

Effectively captured 
spatial dependencies 
and temporal 
dynamics, improving 
PM₂.₅ spatiotemporal 
prediction. 

Extend the 
framework to larger 
monitoring 
networks, 
additional 
pollutants, and 
diverse 
geographical 
regions. 

Performance may 
depend on 
monitoring-station 
density, geographic 
relationships, and 
availability of 
historical 
observations. 

J. Li & J. 
Zhao 
[40] 

To develop an accurate 
PM₂.₅ prediction and 
anomaly early-warning 
framework capable of 
integrating long-term and 
short-term temporal 
information. 

Informer, LSTM, 
IF-LSTM dual-
branch 
architecture, 
Dynamic 
Adaptive Weight 
Fusion 

Achieved improved 
prediction accuracy, 
early-warning 
reliability, and 
operational efficiency 
using Beijing 
monitoring data from 
2022–2023. 

Incorporate 
additional 
environmental 
variables and 
validate the model 
across different 
cities and climatic 
conditions. 

Evaluation was 
primarily based on 
Beijing data, which 
may limit 
generalization to 
other environments. 

H. Yang 
et al. 
[41] 

To overcome slow 
convergence and local-
optimum problems in 
conventional BP-based 
PM₂.₅ prediction. 

Integrated 
Black-winged 
Kite Algorithm 
with 
Backpropagation 
(IBKA-BP) 

Optimization of BP 
weights and thresholds 
improved prediction 
performance and 
produced lower 
prediction errors than 
competing advanced 
models. 

Investigate hybrid 
optimization 
strategies and 
evaluate robustness 
using larger, multi-
region datasets. 

Optimization 
increases model 
complexity, while its 
effectiveness may vary 
with dataset 
characteristics and 
parameter settings. 

J. Geng 
et al. 
[42] 

To improve PM₂.₅ 
prediction by 
simultaneously learning 
short-term fluctuations, 
long-term trends, 
pollutant relationships, 
and spatiotemporal 
dependencies. 

MDC-
STGformer, 
Multi-Scale 
Dilated 
Convolution, 
Pollutant 
Attention 
Module, Spatio-
Temporal 
Fusion 
Transformer 

Dilated convolution 
with rates 1, 2, 4, and 8 
captured temporal 
patterns at multiple 
scales, while attention 
and Transformer 
components enhanced 
spatiotemporal 
representation. 

Develop lightweight 
versions and 
investigate real-
time deployment 
with broader 
environmental and 
meteorological 
variables. 

The multi-component 
architecture can 
increase 
computational cost 
and implementation 
complexity. 

H. 
Cheng & 
H. Fan 
et al. 
[43] 

To perform hourly multi-
step PM₂.₅ forecasting by 
integrating spatial 
relationships, 
meteorological 
conditions, and other 
pollutant concentrations. 

STSGCN, 
Meteorological 
Features, PM₁₀, 
SO₂ and other 
pollutant 
variables 

Experiments using 
eight monitoring 
stations in Wuhan 
achieved an R² of 
94.9%, outperforming 
CNN, LSTM, and 
Seq2Seq models. 

Expand the station 
network, prediction 
horizons, and 
environmental 
variables for 
broader urban 
applications. 

The experimental 
region was limited to 
eight stations in 
Wuhan, restricting 
geographical 
generalization. 

T. Pham 
& H. D. 
Thi [44] 

To improve PM₂.₅ 
forecasting by 
decomposing complex 
time-series signals before 
extracting temporal 
patterns. 

Ensemble 
Empirical Mode 
Decomposition 
(EEMD), LSTM 

EEMD separated 
PM₂.₅ time series into 
intrinsic components, 
enabling LSTM to 
learn temporal 
patterns from 
decomposed signals. 

Explore adaptive 
decomposition 
techniques and 
hybrid models 
incorporating 
meteorological and 
spatial information. 

Decomposition can 
increase 
computational 
requirements and 
model complexity, 
particularly for large 
datasets. 

H. Hu et 
al. [45] 

To enhance short-term 
PM₂.₅ prediction by 
decomposing historical 
observations into multiple 
sequences and forecasting 
each component 
separately. 

CEEMD, LSTM, 
CEEMD-LSTM 

The proposed model 
reduced RMSE and 
MAE by approximately 
0.9411% and 0.7965%, 
respectively, 
demonstrating 
improved prediction 
accuracy for Beijing 
PM₂.₅ series. 

Test the approach 
across multiple 
cities, longer 
forecasting 
horizons, and 
changing seasonal 
conditions. 

The study focused on 
short-term Beijing 
PM₂.₅ forecasting, 
limiting 
transferability to 
other regions and 
scenarios. 
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