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Highlights

What are the main findings?
• A dual-branch CNN-LSTM architecture that integrates spatial and temporal information

was proposed for particulate matter concentration retrieval.
• The feature extraction capability is enhanced by introducing both channel attention and

temporal attention mechanisms.
What is the implication of the main finding?
• Our study provides a robust solution for high-precision, large-scale air quality monitor-

ing, particularly in data-sparse regions.
• Our inversion framework provides a reusable architectural strategy for other spatiotem-

poral sequence prediction tasks.

Abstract

The concentrations of atmospheric particulate matter (PM10 and PM2.5) significantly im-
pact global environment, human health, and climate change. This study developed a
particulate matter concentration retrieval method based on multi-source data, proposing a
dual-branch retrieval network architecture named CSLTNet that integrates Convolutional
Neural Networks (CNN) and Long Short-Term Memory (LSTM) networks. The CNN
branch is designed to extract spatial features, while the LSTM branch captures tempo-
ral characteristics, with attention modules incorporated into both the CNN and LSTM
branches to enhance feature extraction capabilities. Notably, the model demonstrates ro-
bust spatial generalization capability across different geographical regions.Comprehensive
experimental evaluations demonstrate the outstanding performance of the CSLTNet model.
For the Beijing–Tianjin–Hebei region in China: in PM10 retrieval, sample-based 10-fold
cross-validation achieved R² = 0.9427 (RMSE = 16.47 µg/m3), while station-based valida-
tion yielded R² = 0.9213 (RMSE = 19.50 µg/m3); for PM2.5 retrieval, sample-based 10-fold
cross-validation resulted in R² = 0.9579 (RMSE = 6.49 µg/m3), with station-based valida-
tion reaching R² = 0.9296 (RMSE = 8.32 µg/m3). For Northwest China: in PM10 retrieval,
sample-based 10-fold cross-validation achieved R² = 0.9236 (RMSE = 34.52 µg/m3), while
station-based validation yielded R² = 0.9046 (RMSE = 37.24 µg/m3); for PM2.5 retrieval,
sample-based 10-fold cross-validation resulted in R² = 0.9279 (RMSE = 10.56 µg/m3), with
station-based validation reaching R² = 0.8787 (RMSE = 13.71 µg/m3).
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1. Introduction
In recent years, air pollution has emerged as a growing environmental concern. The

acceleration of industrial development and urban expansion has significantly exacerbated
this pressing issue. Particulate matter with an aerodynamic diameter of less than 2.5µm
(PM2.5) [1,2] and particulate matter with an aerodynamic diameter of less than 10µm
(PM10) [3,4] have a significant impact on the global environment, human health, and climate
change. The increase in the concentrations of PM2.5 and PM10 will not only affect the local
climate, but also increase the incidence and mortality rates of various diseases [5]. In 2019,
the World Health Organization (WHO) reported that outdoor air pollution, affecting both
cities and rural regions, was responsible for approximately 4.2 million premature deaths
worldwide. This mortality was attributed to prolonged contact with fine particulate matter,
known to increase risks of heart disease, lung disorders, and certain cancers. In addition,
the pollution problems caused by PM2.5 and PM10 will also result in economic losses. They
will not only reduce production efficiency but also increase the costs of pollution control
measures, electricity consumption, coal usage, and other aspects [6]. The most direct
method to obtain particulate matter concentration is through environmental monitoring
stations. However, due to the uneven spatial distribution of ground monitoring stations,
there is a lack of high-precision data that is continuous both in time and space [7]. This has
limited the research on the climatic environment of atmospheric PM10 and PM2.5 [8,9].

Due to its extensive spatial coverage and high resolution, satellite remote sensing has
been widely adopted as a key method for estimating particulate matter (PM) concentra-
tions [10]. Research indicates a significant relationship between satellite-derived aerosol
optical depth (AOD) measurements and ground-level particulate pollutants, including
PM2.5 and PM10 [11–13].

The methods for retrieving particulate matter concentration can be broadly classified
into three categories: physical or chemical methods [14], semi-empirical methods, and statis-
tical methods. The semi-empirical model combines theoretical analysis with experimental
data. The physical and chemical model is constructed based on an in-depth understanding
of the physical and chemical processes of PM2.5, PM10, and aerosols. It takes into detailed
consideration the physical and chemical mechanisms such as the formation, evolution,
and transportation of aerosols, as well as their interactions with other components in the
atmosphere. Based on a certain physical theory, it describes the characteristics of PM2.5 and
PM10 by introducing some empirical parameters or relationships.

Statistical approaches avoid the need to account for intricate physical transformations,
chemical interactions, or transport mechanisms [4]. Operating purely through pattern
recognition between input features and response variables, these methods demonstrate
markedly lower computational demands than competing techniques. Statistical model
methods can be roughly divided into three categories: regression-based methods, machine
learning methods, and hybrid model methods. The regression-based method, with the
characteristics of clear principles and simple operation, is widely applied in the field of
particulate matter concentration retrieval. Zaman et al. [15] constructed a Multiple Linear
Regression (MLR) approach, achieving a Cross-Validation (CV) R² of 0.66. You et al. [16]
proposed a Generalized Additive Model (GAM) that demonstrated strong predictive
performance, with daily-scale correlations (R) reaching 0.67 and seasonal-scale correlations
varying between 0.7 and 0.9. Xiao et al. [17] proposed the LME-GAM model, which
demonstrated strong predictive performance in China’s Yangtze River Delta region. The
study reported 10-fold cross-validation results showing R² values of 0.81 with an RMSE of
25 µg/m3 for 2013 and 0.73 with an RMSE of 18 µg/m3 for 2014.

Machine learning has demonstrated remarkable success in estimating pollutant con-
centrations, owing to its exceptional capacity for handling nonlinear relationships and
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performing parallel computations. Zamani et al. [18] employed RF, XGBoost, and deep
learning methods to estimate PM2.5 concentrations in Tehran’s urban areas. The results
demonstrated that the XGBoost model exhibited optimal performance, with a determina-
tion coefficient (R²) of 0.81 (correlation coefficient R = 0.90), mean absolute error (MAE) of
9.93 µg/m3, and root mean square error (RMSE) of 13.58 µg/m3. Chen et al. [19] proposed
an ensemble machine learning framework integrating AdaBoost, XGBoost and Random For-
est algorithms for PM2.5 concentration estimation across central and eastern China. Their
stacking model demonstrated robust predictive accuracy, achieving mean R² and RMSE
values of 0.85 and 17.3 µg/m3, respectively. Wei et al. [12] developed a Spatio-Temporal
Random Forest (STRF) model. Based on the sample-based ten-fold cross-validation, its
coefficient of determination is 0.85, the root mean square error is 15.57 µg/m3, and the
mean prediction error is 9.77 µg/m3. Chen et al. [20] employed a Deep Forest (DF) al-
gorithm to establish a novel AOD-PM10 correlation model, integrating Aerosol Optical
Depth with near-surface particulate matter concentrations. The model demonstrated strong
temporal consistency, with determination coefficients (R²) of 0.87 (daily), 0.91 (monthly),
0.94 (seasonal), and 0.94 (annual) across different time scales. Tian et al. [21] applied an
enhanced XGBoost algorithm for particulate matter concentration prediction. The model
achieved high accuracy, with PM10 estimation showing R² = 0.90 and RMSE = 13.77 µg/m3,
while PM2.5 prediction yielded R² = 0.89 and RMSE = 4.69 µg/m3. Xu et al. [22] proposed
a stacking model (Stacking-BP-ET model) that incorporates a backpropagation neural
network and extremely randomized trees, and constructed a global PM10 dataset with a
spatial resolution of 1 km from 2015 to 2021. The coefficient of determination (R²) of the
spatiotemporal cross-validation outside the stations and outside the years for this product
is 0.833, and MAE and RMSE are 6.411 µg/m3 and 14.071 µg/m3, respectively.

Neural networks possess the capability to autonomously adapt their parameters, allow-
ing the output to progressively converge toward the desired target. Therefore, it is capable
of handling most nonlinear problems. Wu et al. [23] developed a back-propagation artificial
neural network (BPNN) trained with Bayesian regularization to estimate the PM mass
concentration in eastern China. Li et al. [24] developed the Geoi-DBN framework, which
incorporates geographical distance parameters into a deep belief network architecture for
predicting ground-level PM2.5 concentrations. Their model achieved an out-of-sample
cross-validation R² value of 0.88, with a corresponding RMSE of 13.03 µg/m3. More and
more researchers have found that it is difficult for a single statistical model to further
explore the nonlinear relationship between particulate matter concentration and satellite
remote sensing data. Therefore, a large number of hybrid models have been applied to
the estimation of particulate matter concentration. Wu et al. [25] developed a hybrid deep
learning model called BiCNN by combining CNN with BiLSTM networks to predict PM2.5

concentrations from AOD data. Their proposed model achieved superior performance
in annual-scale predictions, with an explained variance (R²) of 0.836, while maintaining
low error rates (RMSE = 6.746 µg/m3, MAPE = 12.497). Shtein et al. [26] employed an
innovative ensemble technique that integrated multiple predictive models, including a
linear mixed effects approach, a random forest algorithm, an extreme gradient boosting
system, and the Flexible Air Quality Regional Model. This integration was accomplished
through a Geographically Weighted Generalized Additive Model framework, which in-
corporated dynamic weighting coefficients that adjusted according to both geographic
location and temporal factors. Their research findings indicated that this spatially and
temporally adaptive ensemble methodology outperformed all constituent models when
evaluated individually. Liu et al. [27] proposed an innovative approach that merges the
random forest algorithm with kriging interpolation techniques. This hybrid methodology
successfully incorporates surface-level PM2.5 monitoring data and relevant geographic
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parameters, while simultaneously addressing both nonlinear relationships and intricate
spatial correlation patterns. Fu et al. [28] proposed a novel stacked ensemble approach
called XGBLL, which integrates XGBoost and LightGBM as base learners in the first layer,
followed by a linear regression meta-model in the second layer. Their experimental results
demonstrated that this combined framework achieves higher predictive accuracy compared
to individual standalone models. Zeng et al. [29] introduced a novel two-phase framework
for reconstructing spatially continuous PM2.5 distributions. The initial phase employs
LightGBM to generate complete daily AOD coverage, while the subsequent phase incor-
porates a graph neural network-based architecture (ST-GAT) to capture spatiotemporal
patterns for PM2.5 prediction. This approach demonstrated strong predictive capability,
yielding an R² of 0.88 and RMSE of 12.66 µg/m3 in validation tests.

Currently, most models for particulate matter concentration retrieval primarily rely on
traditional machine learning methods or neural networks that process one-dimensional
data. In contrast, studies that construct multi-source data into two-dimensional images
and utilize Convolutional Neural Networks (CNN) for retrieval remain relatively scarce.
This paper fully combines the spatial feature extraction ability of CNN and the temporal
feature extraction ability of LSTM, and proposes a CNN-LSTM dual-branch structure for
the retrieval of particulate matter concentrations. The main contributions of this work are
as follows:

(1) The dual-branch CNN-LSTM architecture proposed in this paper for particulate
matter concentration inversion effectively integrates both spatial and temporal informa-
tion, demonstrating superior performance in PM10 and PM2.5 retrieval compared to exist-
ing methods.

(2) To improve the inversion accuracy, we incorporated the Channel Attention (CASP)
module into the CNN branch to enhance the extraction of channel features, and integrated
the Temporal Attention (DCT_Att) module into the LSTM branch to strengthen the capture
of temporal features.

The paper is organized as follows: Section 1 begins by describing the dataset and
preprocessing steps, and then provides a detailed explanation of the CSLTNet model’s
architecture and working principles. Section 2 discusses the experimental findings and
analysis. Section 3 discusses the findings and suggests potential directions for future
improvements. Section 4 summarizes the key contributions of this study.

2. Materials and Methods
2.1. Materials

The data required for retrieval is shown in Table 1. It also includes relative humidity
(RH) and wind direction data, which are calculated using Equations (1)–(3). In addition, the
day of the year and the month are included as temporal information. The data required for
inversion can be broadly classified into three categories: AOD data, site monitoring data,
and auxiliary data. AOD data and auxiliary data serve as feature variables, while PM10

and PM2.5 act as target variables. The AOD data includes two data products from NASA
satellites. The site monitoring data includes two types of data, PM10 and PM2.5. We selected
two typical regions in China—the Beijing–Tianjin–Hebei region and Northwest China—as
study areas. The distribution of monitoring sites is shown in Figure 1, with approximately
254 sites in the Beijing–Tianjin–Hebei region and about 275 sites in Northwest China. The
auxiliary data includes 11 meteorological factors, 2 types of land-use data, and 2 temporal
elements. Numerous studies indicate that these additional factors have a substantial impact
on ground-level particulate matter concentrations [30–34].
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Table 1. Details of the data used in this study.

Variable Content Unit Spatial Resolution Temporal
Resolution Data Source

PM10 PM10 µg/m3 - Hourly CNEMC
PM2.5 PM2.5 µg/m3 - Hourly CNEMC
NDVI NDVI - 1 km × 1 km Monthly MOD13A3

LC_Type1 Land-use cover - 500 m × 500 m Yearly MCD12Q1
u10 10 m_u_component_of_wind m/s 0.25◦ × 0.25◦ Hourly ERA5
v10 10 m_v_component_of_wind m/s 0.25◦ × 0.25◦ Hourly ERA5
t2m 2 m_temperature m/s 0.25◦ × 0.25◦ Hourly ERA5

lai_hv leaf_area_index_high_vegetation - 0.25◦ × 0.25◦ Hourly ERA5
lai_lv leaf_area_index_low_vegetation - 0.25◦ × 0.25◦ Hourly ERA5

sp surface_pressure Pa 0.25◦ × 0.25◦ Hourly ERA5
tp total_precipitation m 0.25◦ × 0.25◦ Hourly ERA5
blh boundary_layer_height m 0.25◦ × 0.25◦ Hourly ERA5

d2m 2m_dewpoint_temperature K 0.25◦ × 0.25◦ Hourly ERA5
AOD MAIAC AOD - 1 km × 1 km Daily MCD19A2
AOD TOTEXTTAU - 0.625◦ × 0.50◦ Hourly MERRA-2

RH = 100 ×
exp

(
17.625×d2m
243.03+d2m

)
exp

(
17.625×t2m
243.04+t2m

) (1)

WDIR = 180.0 + arctan 2(u10, v10)× deg (2)

deg =
180
π

(3)

Figure 1. Site distribution map. The green box represents the Northwest China region, the red box
represents the Beijing-Tianjin-Hebei region, and the blue triangle denotes the monitoring stations.

2.2. Data Preprocessing

Data preprocessing mainly includes AOD filling, spatial resolution sampling, screen-
ing of abnormal values at monitoring sites, and spatiotemporal matching.

2.2.1. ERA5 Data Resolution Sampling

First, average the hourly ERA5 data to obtain daily data. Then, perform upsampling
in the spatial domain. Then, use the bilinear interpolation method to upsample the spatial
resolution to 1 km. As shown in Figure 2, for any point P(x, y) to be interpolated in the
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target high-resolution image, its position in the original low-resolution image may not
exactly correspond to a known pixel point. Instead, it lies within a small rectangular area
formed by four known pixel points Q11(x1, y1), Q12(x1, y2), Q21(x2, y1) and Q22(x2, y2).
The principle of bilinear interpolation is based on calculating the value of the point P to be
interpolated through weighted averaging of the points within this small rectangular area.
The specific steps are as follows:

First, on the line y = y1, linear interpolation is performed on point P in the x-direction
to calculate the value of R1(x, y1). According to the linear interpolation formula, the value
of R1(x, y1) is

R1(x, y1) =
x2 − x
x2 − x1

Q11(x1, y1) +
x − x1

x2 − x1
Q21(x2, y1) (4)

Similarly, on the line y = y2, linear interpolation is performed on point P in the
x-direction to calculate the value of R2(x, y2):

R2(x, y2) =
x2 − x
x2 − x1

Q12(x1, y2) +
x − x1

x2 − x1
Q22(x2, y2) (5)

After obtaining R1(x, y1) and R2(x, y2), linear interpolation is then performed on
P(x, y) in the y-direction to obtain the value of P(x, y):

P(x, y) =
y2 − y
y2 − y1

R1(x, y1) +
y − y1

y2 − y1
R2(x, y2) (6)

In this way, for each point in the target high-resolution image, based on its relative
position in the original low-resolution image, bilinear interpolation calculations can be
carried out using the values of the four surrounding known pixel points. Thus, the attribute
value of this point can be obtained. Eventually, a higher-resolution image is generated,
achieving an improvement in spatial resolution. The schematic diagram of ERA5 data
sampling is shown in Figure 3.

Q11 R1 Q21

Q22Q12 R2

P

y2

y1

y

x1 x x2

Figure 2. Schematic diagram of bilinear interpolation.

This study employed bilinear interpolation for the spatial upsampling of ERA5 reanal-
ysis data, primarily based on the following two considerations. First, many meteorological
variables provided by ERA5 (such as temperature and pressure) exhibit spatially continu-
ous and smooth distribution characteristics. Under these conditions, bilinear interpolation
maintains good accuracy with low computational cost, and this method has been success-
fully applied and validated in several previous relevant studies [2,3,20,35]. Second, the
error introduced during the process of matching ERA5 data to the model’s input resolution
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via bilinear interpolation remains within an acceptable range when compared to other
sources of uncertainty in the model itself.

blh d2m lai_hv

Before interpolation

After interpolation

Figure 3. Upsampling the spatial resolution of ERA5 data.

2.2.2. Filling of Missing AOD Values

Due to the influence of high-brightness surfaces such as clouds and snow, as well as
various human-related factors, there are a large number of missing values in the MCD19A2
data. To achieve seamless spatio-temporal retrieval of particulate matter concentration,
filling the missing values of AOD is a necessary task. Methods for filling missing AOD
values mainly include multi-source data fusion [12,36,37], spatial interpolation [15,38],
multiple estimation [26,39], etc. In this study, filling of missing values was mainly carried
out through multi-source data fusion. However, interpolation-based filling methods were
also incorporated. The overall filling approach adopts a three-stage scheme. In the first
stage, the MCD19A2 data is processed. Since MCD19A2 contains observations from both
Terra and Aqua satellites, a complementary fusion method is applied to merge the AOD
data from the two satellites to minimize information loss. The two satellites have different
overpass times. If AOD data from both satellites are available, their average is taken as
the final value; if only one satellite provides valid data, that value is directly used; if data
from both satellites are missing, the gaps will be filled in the second processing stage. In
the second stage, the MERRA-2 data is processed. First, the 24 h data is averaged to obtain
daily data. Then, through bilinear interpolation, the spatial resolution is upsampled to
1 km. In the third stage, the sampled MERRA-2 data is filled into the missing positions of
the MCD19A2 data processed in the first stage through the nearest-neighbor pixel matching
method. Through the above steps, seamless spatiotemporal coverage of AOD is achieved.
The schematic diagram of filling missing AOD values is shown in Figure 4.

We selected MERRA-2 data to fill the AOD gaps based on the following considerations.
First, as a reanalysis product, MERRA-2 provides complete spatiotemporal coverage,
which is essential for maintaining data continuity in the input to our deep learning model.
Second, precedents exist demonstrating that using reanalysis data to compensate for
AOD gaps is a validated and reliable strategy for ensuring data continuity and model
stability [40,41]. Furthermore, to maintain consistency in data processing, we applied the
same bilinear interpolation procedure to the MERRA-2 data as used for the meteorological
factors. This approach not only ensures spatial consistency across all input data but also
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avoids introducing confounding errors that might arise from using different interpolation
schemes. While we acknowledge that this may introduce some uncertainty, its impact on the
retrieval of particulate matter concentrations remains within an acceptable range, especially
when mitigated through synergistic use with other data sources and the error-correction
mechanisms inherent in our model.

MERRA-2 

MCD19A2

Figure 4. Schematic diagram of AOD missing value filling.

2.2.3. Screening of Outliers at Stations

In the hourly observational data of PM10 and PM2.5 at stations, there may be outliers
caused by instrument malfunctions. To enable the model to fit better, it is necessary to
filter out these outliers. In this study, the method of calculating the z-score is used to
handle the outliers. Employ the z-score approach to filter out the outliers in the hourly
monitoring data of each day. Subsequently, calculate the average of the valid hourly
monitoring values to serve as the daily monitoring concentration value. After processing,
the Beijing–Tianjin–Hebei region obtained a total of 144,489 valid PM10 station monitoring
records and 144,501 valid PM2.5 station monitoring records in 2021 and 2022, while the
Northwest region obtained 160,552 valid PM10 station monitoring records and 160,421 valid
PM2.5 station monitoring records.

2.3. Network Architecture

The overall structure of CSLTNet is illustrated in Figure 5. It adopts a 1D-2D hybrid
structure, consisting of two branches, namely the two-dimensional branch and the one-
dimensional branch. The two-dimensional branch uses a CNN as the backbone network,
and the one-dimensional branch uses an LSTM as the backbone network. The CNN branch
is used to extract spatial information, and the LSTM branch is used to extract temporal
information. Finally, the results of the two branches are fused together to implement the
spatio-temporal hybrid dual-branch inversion network, CSLTNet.
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Figure 5. The overall structure of CSLTNet.

In the CNN branch, given an input image x ∈ R24×24×16, the resolution is 24 × 24,
and it has 16 channels. These 16 channels represent 16 distinct feature factors, respectively.
The convolutional layer, normalization layer, ReLU (Rectified Linear Unit), and average
pooling layer are treated as a set of processing units. Here, the convolutional kernel size
is 3 × 3, the padding is 1 × 1, the average pooling window size is 2 × 2, and the stride of
the window moving over the input feature map is 2 × 2. After three processing steps, the
resulting feature map sizes are 12 × 12 × 128, 6 × 6 × 256, and 3 × 3 × 512, respectively. In
each layer, the dimensionality is adjusted using 1× 1 convolutions before the convolutional
layer and after the ReLU layer, introducing residual connections. Additionally, an attention
mechanism is incorporated between the third ReLU layer and the average pooling layer.
For the 512× 3× 3 feature map, it is flattened into one dimension using a 3× 3 convolution
with a stride of 3. Finally, the output of the CNN branch is obtained by passing through
two fully connected layers.

In the LSTM branch, the input feature map has a size of 6 × 16. Here, 6 represents the
six time steps, including the current day and the previous five days, while 16 represents
the 16 different feature factors (the LSTM branch only extracts features from the center
pixel). A temporal attention mechanism, DCT_Att, is incorporated between the second and
third layers. After processing through three LSTM layers (with the hidden layer size set
to 512), the output of the last time step is taken to obtain one-dimensional features. These
features are then processed through a fully connected layer to produce the final output of
the LSTM branch.

The setting of the CNN and LSTM window sizes was determined based on extensive
preliminary experimentation. The determination of the CNN window size aimed to balance
the “receptive field” and “computational efficiency”. A 24 × 24 pixel area is sufficient to
cover the spatial range centered on the target site that can exert an influence on it, while
avoiding the introduction of excessive irrelevant noise and computational burden from
an overly large network. Next, the LSTM window is explained. The determination of the
LSTM window size was based on an analysis of the temporal dependency characteristics
of particulate matter concentration and its influencing factors. The configuration of the
current day and the previous five days (a total of 6 time steps) provides sufficient historical
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information to influence the current concentration, while avoiding the introduction of noise
or excessive model training complexity due to overly long sequences.

The outputs of the two branches are merged via channel-wise concatenation and
subsequently fed into a fully connected layer to predict the particulate matter concentration.

2.4. CNN Branch
2.4.1. Convolution and Pooling

The convolutional layer is a core module in this study. The size of the input image
is 24 × 24, and the number of channels is 16. Sixteen channels represent sixteen different
input factors. The convolution operation is equivalent to performing a “filter operation”. It
multiplies each element of the convolution sum with a movable data window containing
specific weights in the image and then sums them up, so as to achieve the extraction of
image feature information. For the convolution process where the input is a feature map
with a size of Wi × Hi × Di and the output is Wo × Ho × Do, the parameter relationships
between the input layer and the output layer are:

Wo =
Wi + 2p − w

s
+ 1 (7)

Ho =
Hi + 2p − h

s
+ 1 (8)

Do = k (9)

Among them, k denotes the number of convolution kernels, s indicates the stride, p
represents the padding, and the size of the convolution kernel is w × h.

During convolution, the input feature map’s data window undergoes element-wise
multiplication with the convolution kernel, followed by summation of these products to
generate the output feature map. Typically, the output feature map has a smaller spatial
dimension than the input due to the sliding window’s stride and the absence of padding.
To maintain identical input and output dimensions, zero-padding can be applied to the
input before convolution.

Pooling layers are typically applied following convolutional layers, employing down-
sampling to reduce feature map dimensions. This compression not only decreases computa-
tional complexity but also helps filter out less relevant features while mitigating overfitting.
Two prevalent pooling methods in deep learning are max pooling and average pooling. For
this research, average pooling was selected, which computes the mean of all activations
within each pooling window as the output representation.

2.4.2. ReLU Activation Layer

In this study, the ReLU, that is, the Rectified Linear Unit, is used as the activation
function. The mathematical expression of ReLU is shown in Equation (10).

f (x) = max(0, x) =

x, if x > 0

0, if x ≤ 0
(10)

2.4.3. Z-Score Normalization

The formula for Z-score normalization is shown in Equation (11). Here, X is the
original data, µ is the mean of the data, σ is the standard deviation of the data, and Z is the
standardized data.

Xstd =
X − µ

σ
(11)

The specific approach of this study is to standardize each feature individually.
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2.4.4. CASP Attention Module

The overall structure of CASP attention is shown in Figure 6. CASP attention is funda-
mentally a dual-path hybrid attention network. The upper branch first performs two types
of adaptive average pooling (1 × 1 and 2 × 2) on the input feature map, then concatenates
the two pooling results. Subsequently, it computes channel attention weights through two
1 × 1 convolutional layers (with ReLU activation in between), and finally normalizes the
weights to the [0, 1] range using a Sigmoid function. The lower branch employs coordinate
attention (CA) [42] with adaptive convolutional kernels [43]. It first conducts adaptive
average pooling along the height and width directions separately, then dynamically deter-
mines the convolutional kernel size based on the number of input channels, followed by
processing attention weights for the height and width directions independently. Ultimately,
the attention feature map generated by CASP is the result of fusing the attention weights
from both branches.

The kernel size k can be adaptively determined by Equation (12) given the channel
dimension C.In this work, |t|odd denotes the odd integer closest to t. For our experiments,
we set the parameters γ = 2 and b = 1.

k = ψ(C) =
∣∣∣∣ log2(C)

γ
+

b
γ

∣∣∣∣
odd

(12)

(c,1,h)

(c,1,w)

Concat(c,1,h+w) (c/reduction, 1, h+w)

(c/reduction, 1, h)

(c/reduction, 1, w)

Sigmoid

Sigmoid

Adaptive 

Selection of 

Kernel Size

2D conv BatchNorm Relu

c× h× w

AdaptiveAvgPool2d((1, 1))

AdaptiveAvgPool2d((2, 2)) (c×4,1,1)

(c,1.1)

Concat

(c×5,1,1)

1×1 

conv
(c/reduction,1,1)

1×1 

conv
(c,1,1) Sigmoid

c× h× w

(c,h,w)

Figure 6. The overall structure of CASP.

2.5. LSTM Branch
2.5.1. LSTM

The overall structure of LSTM is shown in Figure 7. The LSTM architecture includes
several key components: a memory unit, a forgetting mechanism, a data entry mechanism,
and a result generation mechanism. At its core lies the memory unit, which serves as
the fundamental component for information flow throughout the sequence. This unit
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maintains extended temporal information while regulating data addition or elimination
through specialized control mechanisms.

ct−1

ht−1 ht

ct× + 

× × 

tanh σσσσ σσ

xt

tanh

ht

ft
it ot

~
Ct

Long-term memory input

Hidden layer input

Output

Long-term memory output

Input

Short-term memory output

Figure 7. The overall structure of LSTM.

The forgetting mechanism functions to identify and eliminate unnecessary data from
the memory unit. By employing a sigmoid activation, it produces a numerical output rang-
ing from 0 to 1, where 0 signifies total elimination and 1 indicates complete preservation.

The data entry mechanism governs the storage of new information within the memory
unit. This process involves two operations: a sigmoid activation that selects which elements
to modify, and a tanh activation that creates potential new values for updates.

Lastly, the result generation mechanism regulates the transfer of information from
the memory unit to the current time step’s hidden representation. A sigmoid operation
first filters the content to be transmitted, followed by a tanh transformation of the memory
unit’s state to produce the final output.

2.5.2. DCT_Att Module

The overall structure of DCT_Att is shown in Figure 8. First, the input signal is
transformed from the time domain to the frequency domain using the Discrete Cosine
Transform (DCT-II). The DCT transform effectively captures periodic patterns and global
dependencies in the sequence by decomposing the input sequence into cosine components
of different frequencies. In the specific implementation, the Fast Fourier Transform (FFT) is
employed to accelerate the computation: the input sequence is rearranged by concatenating
the even-indexed elements and the reversed odd-indexed elements, followed by a real-
valued FFT calculation. Finally, the DCT coefficients are obtained using cosine and sine
weight matrices. For attention weight generation, after applying the DCT transform to the
temporal features of each channel, Layer Normalization (LayerNorm) is used to stabilize the
training process. The normalized features are then fed into a gating mechanism composed
of a two-layer fully connected network. This network first expands the channel dimension
by a factor of two, applies a ReLU activation function and Dropout regularization, and then
compresses it back to the original channel dimension. The final attention weights, ranging
between 0 and 1, are generated through a Sigmoid function. This structure enables the
learning of nonlinear interactions between channels and emphasizes the role of important
frequency components. Finally, the generated frequency-domain attention weights are
multiplied channel-wise with the original input features to achieve feature recalibration.
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Input B×C×T

···   

Per-channel

DCT-II DCT-II DCT-IIDCT-II

B×T B×T B×T B×T···   

stack

···   

B×C×T

FC: C→2C

+ Dropout + 

ReLU

FC: 2C→C

+ Sigmoid

LayerNorm

LayerNorm

Output

× 

B×C×T

B×C×T

B×2C×T

B×C×T

Figure 8. The overall structure of DCT_Att.

3. Results
This study employs PyTorch 2.1.1 for all experiments, running on a Rocky Linux 8.10

(Green Obsidian) system with the following hardware: an INTEL XEON PLATINUM 8575C
processor, 512 GB RAM, and an NVIDIA RTX 4090 GPU (24 GB VRAM). For CSLTNet
training, we use the Adam optimizer with MSE loss, a learning rate of 1 × 10−4, and a
batch size of 800.

To obtain quantitative evaluation results, this study employs correlation coefficient
(R), coefficient of determination (R2), mean absolute error (MAE), root mean square error
(RMSE), mean absolute percentage error (MAPE), and expected error (EE) as performance
metrics. The coefficient R quantifies the linear relationship between predicted and observed
values; R2 indicates the percentage of variance in the dependent variable accounted for by
the regression model; MAE measures the mean absolute deviation between predictions and
true values; RMSE computes the root mean square of prediction errors, exhibiting greater
sensitivity to extreme values; MAPE expresses the average prediction error as a percentage,
suitable for relative error assessment; a better EE value (closer to 100%) indicates higher
consistency between estimated and actual values [44].

The definitions of the six indicators are as follows:

R =
∑n

i=1(ŷi − ŷ)(yi − y)√
∑n

i=1(ŷi − ŷ)2 ∑n
i=1(yi − y)2

(13)

R2 = 1 − ∑i(ŷi − yi)
2

∑i(ȳ − yi)2 (14)

MAE =
1
m

m

∑
i=1

|yi − ŷi| (15)

RMSE =

√
1
m

m

∑
i=1

(yi − ŷi)2 (16)
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MAPE =
100%

n

n

∑
i=1

∣∣∣∣ ŷi − yi
yi

∣∣∣∣ (17)

EE = (1 ± 0.15)yi ± 0.05 (18)

where ŷi denotes the predicted value, and yi denotes the true value.

3.1. Ablation Experiment

In this section, we conducted ablation experiments on the modules in CSLTNet to
evaluate the effectiveness of each module. All ablation experimental results were obtained
based on the ten-fold cross-validation method.

3.1.1. Ablation Experiment on PM10

As shown in Table 2, the combination of all modules yields the best results, and the
fusion of dual branches performs better than a single branch.

Table 2. Ablation experiment on module (PM10).

CNN CASP LSTM DCT_Att R R2 MAE RMSE MAPE (%) withEE (%)

✓ × × × 0.9589 0.9186 9.39 19.82 14.58 68.37
✓ ✓ × × 0.9618 0.9248 9.39 18.86 14.62 67.42
× × ✓ × 0.9589 0.9193 10.03 19.61 15.34 63.47
× × ✓ ✓ 0.9609 0.9231 9.60 19.14 14.44 65.73
✓ ✓ ✓ × 0.9695 0.9395 8.52 16.95 13.36 70.50
✓ ✓ ✓ ✓ 0.9709 0.9427 7.84 16.47 12.11 73.96

3.1.2. Ablation Experiment on PM2.5

As shown in Table 3, the combination of all modules yields the best results, and the
fusion of dual branches performs better than a single branch.

Table 3. Ablation experiment on module (PM2.5).

CNN CASP LSTM DCT_Att R R2 MAE RMSE MAPE (%) withEE (%)

✓ × × × 0.9674 0.9355 5.01 8.04 17.10 62.80
✓ ✓ × × 0.9700 0.9408 4.89 7.70 16.81 63.35
× × ✓ × 0.9692 0.9392 5.18 7.81 17.76 59.12
× × ✓ ✓ 0.9701 0.9409 5.08 7.70 17.35 59.89
✓ ✓ ✓ × 0.9769 0.9543 4.32 6.76 14.79 67.41
✓ ✓ ✓ ✓ 0.9788 0.9579 4.11 6.49 13.93 69.51

3.2. Comparative Experiment

To verify the superiority of CSLTNet in the task of particulate matter concentration
inversion, we compared it with four machine learning models and three deep learning
models, including RF, XGBoost, CatBoost, LightGBM, Hybrid DL [45], ResNet [2], and
CombineDeepNet [46]. All comparative experiments of the aforementioned algorithms
were conducted under the same experimental settings, based on sample-based 10-fold
cross-validation and station-based 10-fold cross-validation.

3.2.1. Comparative Experiment on PM10

The 10-fold cross-validation results based on samples for different models in the PM10

concentration inversion task are shown in Tables 4 and 5. CSLTNet achieves the best
performance in all metrics in both the Beijing–Tianjin–Hebei region and the Northwest
region, including R, R², MAE, RMSE, MAPE (%) and withEE (%).

The 10-fold cross-validation results based on stations for different models in the PM10

concentration inversion task are shown in Tables 6 and 7. CSLTNet achieves the best
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performance across all metrics in both the Beijing–Tianjin–Hebei region and the Northwest
region, including R, R², MAE, RMSE, MAPE (%), and withEE (%).

The experimental results demonstrate that CSLTNet, leveraging its dual-branch Con-
volutional Neural Network (CNN) and LSTM architecture, outperforms existing inversion
networks in the PM10 concentration inversion task. Furthermore, the model exhibits
stronger applicability in the northwestern region of China, where monitoring sites are
sparsely distributed.

Table 4. 10-fold cross-validation results of different models on PM10 datasets from Beijing–Tianjin–
Hebei region (sample-based split).

Methods R R2 MAE RMSE MAPE (%) withEE (%)

RF 0.9416 ± 0.0087 0.8859 ± 0.0148 11.02 ± 0.18 23.60 ± 1.77 17.63 ± 0.34 62.28 ± 0.30
XGBoost 0.9370 ± 0.0111 0.8775 ± 0.0211 10.93 ± 0.19 24.22 ± 2.13 16.81 ± 0.44 63.18 ± 0.32
CatBoost 0.9527 ± 0.0090 0.9070 ± 0.0168 10.52 ± 0.14 21.08 ± 1.64 17.09 ± 0.23 62.65 ± 0.21

LightGBM 0.9537 ± 0.0077 0.9081 ± 0.0140 10.48 ± 0.13 20.97 ± 1.49 16.99 ± 0.29 62.37 ± 0.38
ResNet [2] 0.9493 ± 0.0098 0.9006 ± 0.0188 12.13 ± 0.16 21.77 ± 1.71 19.89 ± 0.55 54.62 ± 0.64

CombineDeepNet [46] 0.9522 ± 0.0108 0.9065 ± 0.0207 12.42 ± 0.18 21.08 ± 1.82 22.09 ± 0.39 51.88 ± 0.49
Hybrid DL [45] 0.9584 ± 0.0085 0.9180 ± 0.0165 10.71 ± 0.32 19.75 ± 1.61 16.56 ± 0.62 60.78 ± 1.80

CSLTNet 0.9709 ± 0.0079 0.9427 ± 0.0155 7.84 ± 0.21 16.47 ± 2.09 12.11 ± 0.39 73.96 ± 0.82

Table 5. 10-fold cross-validation results of different models on PM10 datasets from Northwest
China (sample-based split).

Methods R R2 MAE RMSE MAPE (%) withEE (%)

RF 0.8780 ± 0.0151 0.7646 ± 0.0274 21.31 ± 0.40 60.77 ± 3.60 32.27 ± 0.58 43.64 ± 0.44
XGBoost 0.8751 ± 0.0182 0.7643 ± 0.0307 20.10 ± 0.45 60.60 ± 2.97 29.83 ± 0.89 48.19 ± 3.11
CatBoost 0.9337 ± 0.0083 0.8644 ± 0.0181 18.51 ± 0.36 46.08 ± 4.47 28.94 ± 0.37 42.86 ± 0.40

LightGBM 0.9195 ± 0.0111 0.8435 ± 0.0206 17.86 ± 0.40 49.43 ± 3.81 26.86 ± 0.36 47.77 ± 0.51
ResNet [2] 0.9267 ± 0.0130 0.8575 ± 0.0240 21.35 ± 0.67 47.11 ± 4.30 34.95 ± 1.78 35.61 ± 0.86

CombineDeepNet [46] 0.9425 ± 0.0102 0.8866 ± 0.0196 18.86 ± 0.31 41.92 ± 2.84 31.76 ± 0.65 38.79 ± 0.51
Hybrid DL [45] 0.9445 ± 0.0110 0.8911 ± 0.0214 16.55 ± 0.57 41.21 ± 5.19 24.66 ± 0.85 46.54 ± 1.55

CSLTNet 0.9619 ± 0.0056 0.9236 ± 0.0125 13.22 ± 0.74 34.52 ± 3.70 19.58 ± 1.40 56.37 ± 3.04

Table 6. 10-fold cross-validation results of different models on PM10 datasets from Beijing–Tianjin–
Hebei region (station-based split).

Methods R R2 MAE RMSE MAPE (%) withEE (%)

RF 0.9366 ± 0.0243 0.8739 ± 0.0467 11.63 ± 1.36 24.38 ± 4.96 19.19 ± 2.81 60.67 ± 3.44
XGBoost 0.9314 ± 0.0272 0.8654 ± 0.0536 11.69 ± 1.30 25.13 ± 5.31 18.41 ± 2.28 60.37 ± 3.57
CatBoost 0.9423 ± 0.0177 0.8865 ± 0.0342 12.62 ± 1.18 23.24 ± 4.04 21.26 ± 2.44 54.40 ± 3.37

LightGBM 0.9402 ± 0.0180 0.8823 ± 0.0352 13.01 ± 1.32 23.66 ± 4.07 22.04 ± 3.15 53.50 ± 3.35
ResNet [2] 0.9464 ± 0.0170 0.8952 ± 0.0322 12.57 ± 0.75 22.33 ± 3.70 21.84 ± 2.89 52.32 ± 3.40

CombineDeepNet [46] 0.9499 ± 0.0143 0.9019 ± 0.0276 13.04 ± 0.93 21.67 ± 3.36 23.57 ± 2.15 50.15 ± 2.58
Hybrid DL [45] 0.9562 ± 0.0155 0.9120 ± 0.0321 11.21 ± 1.01 20.47 ± 3.41 17.87 ± 1.72 59.48 ± 3.06

CSLTNet 0.9605 ± 0.0141 0.9213 ± 0.0276 10.66 ± 1.05 19.50 ± 3.70 17.46 ± 3.32 60.87 ± 4.27

Table 7. 10-fold cross-validation results of different models on PM10 datasets from Northwest China
(station-based split).

Methods R R2 MAE RMSE MAPE (%) withEE (%)

RF 0.8666 ± 0.0221 0.7405 ± 0.0409 26.15 ± 5.34 62.61 ± 16.94 42.31 ± 9.91 38.05 ± 2.49
XGBoost 0.8492 ± 0.0226 0.7173 ± 0.0392 24.44 ± 3.43 65.36 ± 17.39 41.31 ± 10.67 40.22 ± 2.59
CatBoost 0.9246 ± 0.0083 0.8428 ± 0.0235 21.63 ± 2.85 48.63 ± 12.56 37.47 ± 6.21 36.96 ± 2.12

LightGBM 0.9052 ± 0.0097 0.8221 ± 0.0249 23.00 ± 3.26 53.11 ± 13.40 39.58 ± 7.45 37.15 ± 2.27
ResNet [2] 0.9205 ± 0.0129 0.8433 ± 0.0283 23.55 ± 3.23 48.24 ± 11.53 40.84 ± 6.26 32.58 ± 2.03

CombineDeepNet [46] 0.9309 ± 0.0096 0.8638 ± 0.0190 21.85 ± 2.69 44.90 ± 9.64 38.42 ± 6.02 34.86 ± 1.77
Hybrid DL [45] 0.9348 ± 0.0138 0.8706 ± 0.0263 19.60 ± 3.35 43.77 ± 10.59 32.11 ± 6.62 41.08 ± 3.79

CSLTNet 0.9523 ± 0.0125 0.9046 ± 0.0229 17.06 ± 2.85 37.24 ± 7.42 29.15 ± 5.79 45.36 ± 5.56

3.2.2. Comparative Experiment on PM2.5

The 10-fold cross-validation results based on samples for different models in the PM2.5

concentration inversion task are shown in Tables 8 and 9. CSLTNet achieves the best
performance in all metrics in both the Beijing–Tianjin–Hebei region and the Northwest
region, including R, R², MAE, RMSE, MAPE (%) and withEE (%).
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The 10-fold cross-validation results based on stations for different models in the PM2.5

concentration inversion task are shown in Tables 10 and 11. CSLTNet achieves the best
performance in all metrics in both the Beijing–Tianjin–Hebei region and the Northwest
region, including R, R², MAE, RMSE, MAPE (%) and withEE (%).

The experimental results demonstrate that CSLTNet, leveraging its dual-branch Con-
volutional Neural Network (CNN) and LSTM architecture, outperforms existing inversion
networks in the PM2.5 concentration inversion task. Furthermore, the model exhibits
stronger applicability in the northwestern region of China, where monitoring sites are
sparsely distributed.

Table 8. 10-fold cross-validation results of different models on PM2.5 datasets from Beijing–Tianjin–
Hebei region (sample-based split).

Methods R R2 MAE RMSE MAPE (%) withEE (%)

RF 0.9577 ± 0.0018 0.9157 ± 0.0035 5.78 ± 0.05 9.19 ± 0.24 21.11 ± 0.35 56.99 ± 0.42
XGBoost 0.9525 ± 0.0018 0.9071 ± 0.0034 5.98 ± 0.04 9.64 ± 0.21 20.61 ± 0.31 55.96 ± 0.24
CatBoost 0.9622 ± 0.0015 0.9249 ± 0.0029 5.62 ± 0.07 8.67 ± 0.20 20.28 ± 0.34 57.31 ± 0.59

LightGBM 0.9620 ± 0.0016 0.9251 ± 0.0031 5.77 ± 0.05 8.66 ± 0.17 21.01 ± 0.31 55.01 ± 0.41
ResNet [2] 0.9554 ± 0.0014 0.9124 ± 0.0026 6.25 ± 0.09 9.37 ± 0.14 22.21 ± 0.33 52.03 ± 0.67

CombineDeepNet [46] 0.9601 ± 0.0018 0.9215 ± 0.0036 6.11 ± 0.07 8.86 ± 0.19 23.47 ± 0.36 51.27 ± 0.26
Hybrid DL [45] 0.9635 ± 0.0015 0.9279 ± 0.0029 5.60 ± 0.09 8.50 ± 0.14 19.28 ± 0.63 56.58 ± 0.76

CSLTNet 0.9788 ± 0.0011 0.9579 ± 0.0022 4.11 ± 0.06 6.49 ± 0.16 13.93 ± 0.27 69.51 ± 0.54

Table 9. 10-fold cross-validation results of different models on PM2.5 datasets from Northwest China
(sample-based split).

Methods R R2 MAE RMSE MAPE (%) withEE (%)

RF 0.9187 ± 0.0188 0.8399 ± 0.0334 7.39 ± 0.07 15.84 ± 1.48 27.48 ± 0.30 47.16 ± 0.46
XGBoost 0.9161 ± 0.0185 0.8390 ± 0.0332 7.20 ± 0.08 15.89 ± 1.50 26.07 ± 0.29 49.29 ± 0.42
CatBoost 0.9323 ± 0.0221 0.8686 ± 0.0397 7.49 ± 0.04 14.30 ± 1.86 28.24 ± 0.33 43.35 ± 0.57

LightGBM 0.9385 ± 0.0214 0.8799 ± 0.0392 6.69 ± 0.08 13.65 ± 1.95 24.39 ± 0.36 48.91 ± 0.41
ResNet [2] 0.9247 ± 0.0182 0.8547 ± 0.0327 8.18 ± 0.11 15.09 ± 1.53 30.64 ± 1.09 38.93 ± 0.66

CombineDeepNet [46] 0.9395 ± 0.0201 0.8826 ± 0.0366 7.34 ± 0.09 13.52 ± 1.84 28.77 ± 0.55 42.18 ± 0.60
Hybrid DL [45] 0.9453 ± 0.0095 0.8932 ± 0.0178 6.85 ± 0.08 12.96 ± 0.98 24.84 ± 0.49 46.72 ± 0.60

CSLTNet 0.9634 ± 0.0138 0.9279 ± 0.0263 5.01 ± 0.15 10.56 ± 1.70 17.59 ± 0.67 59.47 ± 1.68

Table 10. 10-fold cross-validation results of different models on PM2.5 datasets from Beijing–Tianjin–
Hebei region (station-based split).

Methods R R2 MAE RMSE MAPE (%) withEE (%)

RF 0.9561 ± 0.0093 0.9119 ± 0.0187 5.93 ± 0.65 9.32 ± 1.03 21.97 ± 3.57 55.88 ± 4.43
XGBoost 0.9490 ± 0.0108 0.8998 ± 0.0214 6.24 ± 0.65 9.94 ± 1.08 21.72 ± 2.75 54.27 ± 3.78
CatBoost 0.9525 ± 0.0101 0.9064 ± 0.0201 6.47 ± 0.71 9.60 ± 1.13 23.94 ± 3.43 50.62 ± 4.19

LightGBM 0.9499 ± 0.0104 0.9010 ± 0.0211 6.72 ± 0.66 9.86 ± 1.05 24.77 ± 2.95 48.42 ± 3.84
ResNet [2] 0.9493 ± 0.0092 0.9006 ± 0.0176 6.56 ± 0.58 9.91 ± 0.94 23.62 ± 2.28 50.35 ± 3.15

CombineDeepNet [46] 0.9569 ± 0.0083 0.9146 ± 0.0166 6.34 ± 0.52 9.18 ± 0.90 24.71 ± 2.77 50.03 ± 2.73
Hybrid DL [45] 0.9590 ± 0.0075 0.9188 ± 0.0153 5.86 ± 0.51 8.95 ± 0.75 20.57 ± 2.67 55.35 ± 3.68

CSLTNet 0.9649 ± 0.0082 0.9296 ± 0.0166 5.54 ± 0.57 8.32 ± 0.89 19.77 ± 2.47 56.84 ± 3.73

Table 11. 10-fold cross-validation results of different models on PM2.5 datasets from Northwest China
(station-based split).

Methods R R2 MAE RMSE MAPE (%) withEE (%)

RF 0.9016 ± 0.0201 0.8064 ± 0.0383 8.71 ± 0.55 17.39 ± 2.95 35.39 ± 5.88 41.45 ± 2.16
XGBoost 0.8907 ± 0.0173 0.7914 ± 0.0296 8.82 ± 0.46 18.06 ± 2.49 36.31 ± 7.42 42.27 ± 2.13
CatBoost 0.9098 ± 0.0213 0.8230 ± 0.0366 9.28 ± 0.53 16.55 ± 2.33 38.44 ± 6.18 36.38 ± 2.10

LightGBM 0.9092 ± 0.0201 0.8213 ± 0.0376 8.92 ± 0.61 16.70 ± 2.93 36.22 ± 5.47 38.39 ± 1.85
ResNet [2] 0.9052 ± 0.0214 0.8182 ± 0.0386 9.53 ± 0.78 16.81 ± 2.72 38.12 ± 4.49 34.46 ± 2.24

CombineDeepNet [46] 0.9191 ± 0.0200 0.8427 ± 0.0370 8.72 ± 0.61 15.60 ± 2.55 35.29 ± 5.22 37.35 ± 2.21
Hybrid DL [45] 0.9171 ± 0.0201 0.8392 ± 0.0373 8.45 ± 0.63 15.80 ± 2.66 33.45 ± 5.70 40.61 ± 2.17

CSLTNet 0.9386 ± 0.0166 0.8787 ± 0.0299 7.32 ± 0.50 13.71 ± 2.35 28.83 ± 5.43 45.30 ± 3.05

3.2.3. Performance of Different Models on Unknown Region

To further evaluate the generalization ability of our proposed model, we conducted
validation using sites in unknown regions. Specifically, the model was trained on data from
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the Beijing–Tianjin–Hebei region and tested using monitoring sites in Yinchuan, China. The
information of the monitoring sites in Yinchuan is presented in Table 12.

As shown in Tables 13 and 14, the performance of our proposed model significantly
outperforms other models in unknown regions, demonstrating its superior generaliza-
tion capability.

Table 12. Distribution information of sites in the verification region.

Site ID Latitude Longitude

1484A 38.6016 105.9512
1485A 38.4744 106.2682
1486A 38.4536 106.2170
1487A 38.4858 106.0715
1488A 38.4975 106.2328
1489A 38.5036 106.1358
1947A 38.8170 106.3394
2677A 37.9648 106.1532
2678A 37.9844 106.2025
2679A 37.9956 106.1856
2924A 38.4418 106.2266
2925A 38.4842 106.2757
2926A 38.4970 106.1015
3523A 38.3856 106.5105
3648A 37.9768 106.2112

Table 13. Results of different models on PM2.5 datasets on unknown region.

Methods R R2 MAE RMSE MAPE (%) withEE (%)

RF 0.5735 0.3276 15.38 29.47 53.47 23.49
XGBoost 0.5242 0.2624 16.53 30.86 58.54 21.94
CatBoost 0.4814 0.2314 15.32 31.50 52.09 22.21

LightGBM 0.5525 0.3012 15.80 30.04 52.75 21.95
ResNet [2] 0.5724 0.3169 14.64 29.70 45.46 22.99

CombineDeepNet [46] 0.5940 0.3488 14.18 29.00 45.57 25.70
Hybrid DL [45] 0.5663 0.3198 15.39 29.64 51.96 22.87

CSLTNet 0.6577 0.4122 12.80 27.55 39.30 28.20

Table 14. Results of different models on PM10 datasets on unknown regions.

Methods R R2 MAE RMSE MAPE (%) withEE (%)

RF 0.5348 0.2839 45.29 111.86 51.56 24.51
XGBoost 0.4769 0.2211 46.06 116.67 52.68 22.48
CatBoost 0.4903 0.2262 46.99 116.29 58.99 19.67

LightGBM 0.5797 0.3354 46.18 107.77 57.74 21.88
ResNet [2] 0.6948 0.4279 41.18 99.99 44.33 24.34

CombineDeepNet [46] 0.7029 0.4551 41.32 97.58 45.23 23.97
Hybrid DL [45] 0.6316 0.3534 42.07 106.30 44.51 25.31

CSLTNet 0.7516 0.5397 36.92 89.69 39.22 27.59
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3.3. Performance Across Different Seasons

Figures 9 and 10 demonstrate the seasonal performance of PM10 concentration retrieval
by the CSLTNet model in two regions. Overall, the PM10 concentrations in Northwest
China are significantly higher than those in the Beijing–Tianjin–Hebei region. The primary
reason for this discrepancy is likely the frequent dust events occurring in the northwestern
areas, which lead to substantial increases in particulate matter concentrations during such
episodes. In the Beijing–Tianjin–Hebei region, the model demonstrated optimal perfor-
mance during spring and the poorest performance in summer. Similarly, in Northwest
China, the model also achieved its best performance in spring, while the weakest perfor-
mance was observed in winter. Figure 11 illustrates the spatial distribution characteristics of
PM10 model errors across different seasons. The model exhibits the highest error values in
both major regions during spring, while errors are relatively lower in summer and autumn.
Areas near deserts (such as northern Xinjiang) and regions along dust transport pathways
(e.g., central Inner Mongolia) show relatively higher errors. This spatial pattern of error
distribution is consistent with the results shown in the scatter plots.

Figures 12 and 13 demonstrate the seasonal performance of PM2.5 concentration re-
trieval by the CSLTNet model in two regions. Overall, both regions exhibited the highest
RMSE values during winter, which is likely attributable to extensive fossil fuel combustion
for heating purposes in this season. In the Beijing–Tianjin–Hebei region, the model per-
formed optimally in winter and least effectively in summer. In Northwest China, however,
the model demonstrated relatively consistent performance across all four seasons with
minimal seasonal variation. Figure 14 illustrates the spatial distribution of PM2.5 model
errors across different seasons. Relatively higher errors are observed in spring and winter,
with the Northwest region exhibiting more pronounced errors than the Beijing–Tianjin–
Hebei region. In contrast, errors during summer and autumn are lower, with minimal
differences between the two regions. This spatial pattern of errors is consistent with the
scatter plot results.

, , , ,

Figure 9. Seasonal PM10 results from station-based cross-validation in the Beijing–Tianjin–Hebei
region.

, , , ,

Figure 10. Seasonal PM10 results from station-based cross-validation in Northwest China.
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Figure 11. Spatial Distribution of PM10 Model Errors by Season.
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Figure 12. Seasonal PM2.5 results from station-based cross-validation in the Beijing–Tianjin–Hebei
region.

, , , ,

Figure 13. Seasonal PM2.5 results from station-based cross-validation in Northwest China.
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Figure 14. Spatial Distribution of PM2.5 Model Errors by Season.
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3.4. Spatial Distribution of Retrieval Results and Comparison of Model Performance Across
Different Regions

As shown in Figures 15 and 16, the spatial distribution of PM10 and PM2.5 exhibits
strong continuity, with the model-predicted values highly consistent with the actual ob-
served values.

As illustrated in Figure 17, in both 2021 and 2022, certain areas in Northwest China
(such as those near desert zones) displayed darker-colored points, indicating relatively
higher errors. In desert regions, complex factors like dust weather significantly influence
PM10 concentrations, leading to comparatively larger model deviations. In contrast, urban
areas within Northwest China exhibited relatively smaller model errors. The Beijing–
Tianjin–Hebei region, being a densely urbanized area, involves complex sources of PM10

emissions from industrial, transportation, and other human activities. For both 2021 and
2022, the data points in this region are predominantly blue, suggesting relatively lower
errors. This implies that the model’s simulation error for PM10 in the Beijing–Tianjin–Hebei
region is relatively small, potentially due to the abundance of observational data and the
more readily identifiable patterns of anthropogenic PM10 emissions in this area.

As shown in Figure 18, the spatial distribution of errors in PM2.5 and PM10 demon-
strates consistency. The higher observation errors at some sites in the Beijing–Tianjin–Hebei
region may be attributed to intensive industrial and traffic pollution emissions in this area.

Overall, the PM10 and PM2.5 models perform better with smaller errors in the Beijing–
Tianjin–Hebei region—characterized by dense urbanization, significant human influence,
and relatively abundant observational data. In contrast, these models show relatively larger
errors and slightly inferior performance in Northwest China, where complex geographical
conditions (such as desert belt influences, diverse underlying surfaces, and substantial
interference from natural factors like dust) prevail.
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Figure 15. Spatial Distribution of Retrieved PM10 Concentrations.
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Figure 16. Spatial Distribution of Retrieved PM2.5 Concentrations.
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Figure 17. Spatial Distribution Map of PM10 Model Errors.
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Figure 18. Spatial Distribution Map of PM2.5 Model Errors.

4. Discussion
While the proposed model demonstrates strong performance in particulate concen-

tration inversion, some limitations remain: The current architecture incorporates channel
attention and temporal attention mechanisms but lacks spatial attention modules to further
enhance feature extraction. Compared to machine learning models and one-dimensional
deep learning models, the proposed architecture exhibits higher complexity. Future re-
search will focus on developing spatial attention modules to improve feature representation
and implementing measures to reduce model complexity. Additionally, follow-up studies
will focus on constructing three-dimensional datasets and employing three-dimensional
deep learning models to accomplish inversion tasks. It is also worth emphasizing that
extending the current retrieval framework to temporal prediction will be an important
direction for our future research.

5. Conclusions
This study establishes the Beijing–Tianjin–Hebei region and Northwest China as target

areas, developing a specialized dataset for particulate matter concentration retrieval. To en-
hance retrieval performance, we propose a parallel dual-branch network integrating CNN
and LSTM architectures. The framework simultaneously extracts spatial and temporal
features through its dual pathways, with subsequent feature fusion generating more com-
prehensive and refined representations to significantly improve model accuracy. Through
multi-angle experimental validation, CSLTNet has been proven an effective method for
particulate matter concentration retrieval. The model demonstrated robust spatial gener-
alizability and proved adaptable to concentration estimation across diverse geographical
environments. Especially in Northwest China, where monitoring stations are sparsely
distributed and there are significant variations between high and low concentration values,
our model demonstrates superior adaptability.
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