
UN
CO

RR
EC

TE
D

PR
OO

F

Journal of Cleaner Production xxx (xxxx) 126493

Contents lists available at ScienceDirect

Journal of Cleaner Production
journal homepage: http://ees.elsevier.com

High-resolution prediction of the spatial distribution of PM2.5 concentrations in China
using a long short-term memory model
Zhige Wang a,b, Yue Zhou c, Ruiying Zhao a,b, Nan Wang a,b, Asim Biswas d, Zhou Shi a,b,∗

a Institute of Agricultural Remote Sensing and Information Technology Application, College of Environmental and Resource Sciences, Zhejiang University, Hangzhou, 310058, China
b Key Laboratory of Environment Remediation and Ecological Health, Ministry of Education, College of Environmental and Resource Sciences, Zhejiang University, Hangzhou, 310058, China
c Georges Lemaître Centre for Earth and Climate Research, Earth and Life Institute, Université Catholique de Louvain, 1348, Louvain-la-Neuve, Belgium
d School of Environmental Sciences, University of Guelph, Alexander Hall 135, 50 Stone Road East, Guelph, ON, N1G 2W1, Canada

A R T I C L E I N F O

Article history:
Received 10 November 2020
Received in revised form 7 February 2021
Accepted 22 February 2021
Available online xxx
Handling editor Bin Chen

Keywords
PM2.5 prediction
AOD
LSTM
Time series data modeling

A B S T R A C T

The concentration of fine particulate matter (PM2.5) has a significant impact on the environment and human
health. However, strong spatial heterogeneity and spatiotemporal dependence increases the difficulty of predic-
tion. Moreover, due to the lag of the update of auxiliary variables at national scale in the prediction applica-
tion, it is still difficult to achieve the timely nationwide PM2.5 prediction at present. To better model and pre-
dict real time concentrations and spatial distributions of PM2.5, this study developed a workflow of future PM2.5
concentrations prediction based on long short-term memory (LSTM) model. Using ground-based station PM2.5
data in 2014–2018, the 1 km Multi-Angle Implementation of Atmospheric Correction (MAIAC) aerosol optical
depth (AOD) product and other auxiliary data to predict PM2.5 concentrations in the next year and generate a
high-resolution national PM2.5 concentration spatial distribution map. The LSTM model outperformed random
forest (RF) and Cubist approaches for prediction PM2.5 because of its recurrent neural network structure that
can capture time dependence and nonlinear relationships among PM2.5 concentrations and other independent
variables, and exhibited a stable accuracy with an R2 of 0.83, by applying the annual time series, with an im-
provement of 0.04–0.09, compared to daily and monthly data. The results indicated that PM2.5 pollution had
gradually decreased in 2019 after application of pollution controls, with annual mean PM2.5 concentrations of
27.33 ± 15.56 μg m−3, although there were still some areas with severe pollution, including the North China
Plain, parts of the Loess Plateau, and the Taklimakan Desert. The LSTM model makes it possible to predict
fine-scale PM2.5 spatial distributions nationwide in the future and may thus be useful for sustainable management
and control of air pollution at a national scale.

© 2021

1. Introduction

Fine particles with an aerodynamic diameter less than or equal
to 2.5 μm or PM2.5 are mainly caused by fuel combustion and other
human activities. Because of the nature of the particles, other toxic
substances are easily adsorbed by PM2.5,
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which can be inhaled into the lungs through breathing and cause res-
piratory and cardiovascular diseases, or even death when integrated
into the blood (Kampa and Castanas 2008; Raaschou-Nielsen et
al., 2013; Zhang et al., 2019). Additionally, PM2.5 has also been
associated with adverse environmental issues for their strong absorp-
tion and scattering effect on visible light (Che et al., 2014). In re-
cent years, environmental pollution and human health problems caused
by high concentrations of PM2.5 in China have attracted widespread
attention (Liang et al., 2016; Peng et al., 2016; Wang et al.,
2017). Measuring and monitoring concentration of PM2.5 is the ba-
sis of pollution control, while at present, the number and distribu-
tion of air quality monitoring stations in China are

https://doi.org/10.1016/j.jclepro.2021.126493
0959-6526/© 2021.
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insufficient to control PM2.5 and support research. Advanced prediction
of PM2.5 distribution on fine resolution and its spatial changes can pro-
vide basis for developing pollution control strategies which is of great
significance for comprehensive prevention of atmospheric environmen-
tal pollution and the control of human health and environmental risks.

Compared with traditional ground monitoring, satellite remote sens-
ing technology is macroscopic, capable of obtaining information
quickly, and has gradually become an important monitoring method.
Aerosol optical depth (AOD), an integral of the extinction coefficient
of the medium in vertical direction, describes the reduction effect of
aerosol on light and could be obtained fast and over a large area through
remote sensing. This is possible due to the correlation between AOD
and the concentrations of near-surface particulate matters (Engel-Cox
et al., 2004; Hu et al., 2014; Zhang and Li 2015). Currently, an
increasing number of satellite remote sensing products are being used
for retrieval of PM2.5 concentrations (Alston et al., 2012; Li et al.,
2015a; Meng et al., 2015; Pang et al., 2018; Philip et al., 2014;
Tsai et al., 2011; Wang and Chen 2016). However, the coarse-res-
olution (5–40 km) AOD products limits the capacity for high-resolution
prediction of PM2.5 concentration on a national scale. The newly re-
leased MCD19A2 data is a Moderate Resolution Imaging Spectrometer
(MODIS) Terra and Aqua combined Multi-angle Implementation of At-
mospheric Correction (MAIAC) Land AOD gridded Level 2 product. This
is produced daily and at 1 km pixel resolution (Lyapustin et al., 2018)
and makes possible a high-resolution and high accuracy PM2.5 predic-
tion.

The AOD products to retrieve and predict ground PM2.5 concen-
tration were often based on empirical statistical methods. There are
two major category of methods including statistical regression models,
for example, simple linear regression (SLR) model (Engel-Cox et al.,
2004; Koelemeijer et al., 2006), geographically weighted regression
(GWR) model (Xiao et al., 2018; Yu et al., 2017), geographically
and temporally weighted regression (GTWR) model (Bai et al., 2016),
and machine learning-based methods, such as random forest (RF) model
(Chen et al., 2018), and support vector regression (SVR) model (Liu
et al., 2019). However, the PM2.5 related physical and human deter-
minants are diverse which may cause spatial stratified heterogeneity
(SSH) (Bai et al., 2019; Wang et al., 2016), meanwhile concentra-
tions of PM2.5 are affected by many variables, including weather, ter-
rain, and human activities which are often related in complex nonlinear
fashion (Li et al., 2015b; Guo et al., 2014). Machine learning-based
methods can solve huge data processing problems and fit nonlinear re-
lationships well. However, these relationships ignore complex tempo-
ral correlations among PM2.5 concentrations and their controlling vari-
ables (Zhang and Cao 2015). Moreover, delayed (or lagged) update
and availability of the auxiliary variables make it difficult to timely pre-
dict nationwide PM2.5 concentrations. Capturing temporal correlations
and applying lagged data to timely predict PM2.5 concentration remain
a significant research problem that must be resolved.

Recently, deep learning-based methods, including long short-term
memory (LSTM) model, has been proposed to provide a good solu-
tion in solving temporal correlation problems (Fan et al., 2017).
The LSTM model builds a recurrent neural network (RNN) structure,
which represents a deep network structure containing a long time-se-
ries. The LSTM model has shown promise to adapt different types and
representations of data, recognize sequential patterns over a long-time
span, and capture complex nonlinear relationships (Hochreiter and

Schmidhuber, 1997). It has been applied to various time series pre-
diction fields including human trajectory prediction (Alexandre et al.,
2016), crop yield estimation (Jiang et al., 2020) and air pollutant pre-
diction (Pak et al., 2020; Qi et al., 2019; Li et al., 2017a).

Characterizing and quantifying nonlinear relationships among nu-
merous controlling variables and PM2.5 concentrations are critical in
providing a higher precision prediction of PM2.5. Since air pollution has
a strong time-dependent effect, PM2.5 can be modeled using the deep
learning methods which taking full advantage of long-term data. Li et
al. (2017b) introduced the LSTM model into the field of air pollutant
concentrations prediction, and proved the superiority of LSTM model
compared with other statistics-based models. Pak et al. (2020) pro-
posed a spatiotemporal convolutional neural network (CNN) and long
short-term (LSTM) memory (CNN-LSTM) model to predict the next day's
daily average PM2.5 concentration. However, they didn't consider satel-
lite-derived products such as aerosol data, boundary layer height (BLH)
and normalized difference vegetation index (NDVI) which have signifi-
cant correlation with PM2.5 (Gupta et al., 2006; Saide et al., 2011;
Di et al., 2016). On this basis, in order to capture the change of PM2.5
concentration more accurately, the convolutional neural network (CNN)
and recurrent neural network (RNN) model integrated multi-source data
including AOD data and meteorological data was proposed by Wen et
al. (2019) and Wu et al. (2020). However, most of their studies fo-
cus on the prediction of PM2.5 concentration over ground monitoring
station level, few attempts to capture the spatial continuous change and
the large geographic distribution of PM2.5 using deep learning mod-
els. Meanwhile, the current PM2.5 prediction based on deep learning is
mostly based on the daily and hourly short time scales, the applica-
tion of intelligent algorithms at different time scales needs further explo-
ration.

To fill the research gap, we compared the performance of LSTM
models in three different timescales and extended the deep learning
workflow which taking full advantage of long-term data and heteroge-
neous geospatial data, integrating AOD products, meteorological vari-
ables, and land use factors for predicting and mapping annual PM2.5 at
a spatial resolution of 1 km. In this context, we addressed the follow-
ing specific research questions, across mainland China, regarding robust
PM2.5 prediction:

1. Does the LSTM model improve performance of PM2.5 prediction over
other machine learning approaches?

2. How does the LSTM model perform under different timescales?
3. Does the LSTM model show robust performance in terms of national

scale PM2.5 mapping?

2. Materials and methods

The prediction and mapping workflow (Fig. 1) for PM2.5 concentra-
tions were developed by integrating auxiliary data, AOD products, and
surface-based observations of PM2.5 concentrations. Eight variables re-
lated to meteorology and land use were selected to establish relation-
ships with PM2.5 concentrations.

2.1. Ground-level PM2.5

The daily average PM2.5 concentrations recorded at 1467 moni-
toring sites across China from January 2014 to December
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Fig. 1. A workflow of national PM2.5 concentration prediction and mapping in the study.

2019, were obtained from the official website of the China Environmen-
tal Monitoring Center (CEMC, http://106.37.208.233: 20035/). The dis-
tribution of monitoring sites is quite heterogeneous with higher num-
ber of stations in southeastern China and scattered stations across north-
western China (Fig. 2).

Fig. 2. Geographical distribution of PM2.5 (red dots) and Aerosol Robotic Network (orange
dots) monitoring stations included in the study.

2.2. MODIS AOD products

MODIS has been on board the NASA Terra since 1999 and Aqua since
2002, providing two daily observations of columnar aerosol properties
at approximately 10:30 a.m. (Terra) and 1:30 p.m. (Aqua) local time.

2.2.1. MODIS 1 km MAIAC AOD products
In our study, the newly released MAIAC AOD products from 2011

to 2018 were downloaded from NASA (https://ladsweb.modaps.eosdis.
nasa.gov/). They were subject to quality assurance (QA), cloud screen-
ing (QACloudMask = Clear), and adjacency (QAAdjacencyMask = Clear)
tests. The data are a MODIS Terra and Aqua combined AOD gridded
Level 2 product produced daily at 1 km pixel resolution, based on the
Multi-angle Implementation of Atmospheric Correction (MAIAC) algo-
rithm. The MAIAC is a new advanced algorithm that uses time-series
analysis and a combination of pixel- and image-based processing to im-
prove the accuracy of cloud detection, aerosol retrievals, and atmos-
pheric correction. To adapt to global processing and improve cloud/
snow detection, aerosol retrievals, and atmospheric correction of MODIS
data, the MAIAC MODIS, which added polarization correction of MODIS
Terra, removed residual trends of both Terra and Aqua, and cross-cali-
brated Terra to Aqua (Lyapustin et al., 2018).

The data processing steps were as follows: (a) the 550 nm wave-
length aerosol optical depth data were selected following a geomet-
ric correction; and (b) after geometric correction, the 550 nm wave-
length aerosol optical depth data were reprojected and mosaicked to
obtain the daily product. Average

https://ladsweb.modaps.eosdis.nasa.gov/
https://ladsweb.modaps.eosdis.nasa.gov/
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AOD value of the overlapping areas in the mosaic image was then se-
lected for further analysis.

2.2.2. Validation against AERONET measurements
Aerosol Robotic Network (AERONET) data have been widely used

for validating satellite derived AOD because of their high accuracy
(Kahn et al., 2010; van Donkelaar et al., 2010). The operational
MODIS AOD products (as described previously) were then validated
against AERONET Level 1.5 data (quality-assured) at 19 sites across
China, from 2011 to 2018. Table S1 provides detailed information
about the selected AERONET sites in China.

To compare with the MODIS AOD values, AERONET AOD at 550 nm
was interpolated from AERONET AOD at 440 and 870 nm using the
Angstrom Exponent provided by AERONET (Li et al., 2009; Ma et al.,
2014). When compared to the AERONET AOD observations (Fig. S1),
the MAIAC AOD (retrievals falling within the expected error bounds,
EE = 77.44% and RMSE = 0.1341) exhibited a high accuracy, indicat-
ing that the MAIAC product has improved spatial coverage and higher
spatial resolution in China, and was sufficient to support our study.

2.3. Auxiliary data

A number of meteorological and land-cover-related variables were
used in this study. According to previous studies (He and Huang 2018;
Wei et al., 2019), several variables have significant positive or neg-
ative effects on PM2.5 concentrations (p < 0.01), and consequently we
selected the following variables (Table S3): specific humidity (SHUM),
temperature (TEMP), wind speed (WS), precipitation rate (PREC), pres-
sure (P), and boundary layer height (BLH). The land-cover-related vari-
ables were digital elevation (DEM) and normalized difference vegeta-
tion index (NDVI). Table S2 summarizes the details of the data used in
this study. It is worth noting that the national 1 km resolution meteo-
rological data from National Tibetan Plateau Data Center is only up to
2018. Thus, the prediction of PM2.5 in our study were conducted in the
next year 2019. All independent variables passed the significance test of
correlation, especially AOD (r = 0.327, p < 0.01) and BLH (r = 0.287,
P < 0.01), which showed high correlation with PM2.5 concentrations
(Table S3). However, the collinearity of independent variables must
be taken into account to avoid duplication of information conveyed in
seemingly independent variables. For this, the variance inflation factor
(VIF) was used to diagnose collinearity among the selected variables.
The results in Table S4 indicate a strong collinearity (DEM ~6.34 and
P ~6.30) when both P and DEM were included in the model. The P
data with time variable characteristics was included in the model to help
present detailed spatiotemporal variation of PM2.5 along with the other
seven independent variables.

As the AOD product, meteorological, and land-cover-related data
were all raster data, they were first extracted at the PM2.5 ground-based
observations to prepare calibration datasets using the Spatial Analyst
Tools in ArcGIS 10.3.

2.4. LSTM model

Long short-term memory (LSTM) models (Hochreiter and Schmid-
huber, 1997), an improved approach of recurrent neural networks
(RNN) (Fan et al., 2017), are designed to deal with time-series data.
This approach is proposed to com

pensate for the weaknesses of RNNs including the vanishing or explod-
ing gradient problem in the prediction of long time-series data, and per-
formed well in addressing long-range dependency in previous research
(Fan et al., 2017; Li et al., 2017b). The model used in the study con-
sisted of one input layer, three LSTM layers, and one output layer (Fig.
3a).

The structure of the LSTM block is presented in Fig. 3b. Each LSTM
block contained a cell state and three gates, namely, forget gate , in-
put gate, and output gate . The three gates, with a sigmoid activation
function control changes in the cell state.

The forget gate can be computed as:

(1)

where is the vector of the input gate, are the weight and
bias vector of the forget gate, respectively, is the output result at the
last (t-1) moment, is the current (t) input, means connecting
two vectors into a longer vector, and is used as the activation func-
tion.

The input gate and output gate can be computed as:

(2)

(3)

(4a)

where, , and are the vectors for the input gate, output gate, and
cell state, respectively; is the output vector; , and are the
weights of the corresponding gate; , and are the bias vectors of
the corresponding gate, and is used as the activation function.

The LSTM model for PM2.5 concentrations prediction was imple-
mented on Keras, which is an advanced neural network API in Python.
All data were first normalized using the min-max method before feeding
into the model. In order to achieve the best performance of the model,
the LSTM model was set with a fixed batch size of 72, and three uni-
directional LSTM layers with 300 hidden units. For network parameter
optimization, we set the number of epochs to 300 and employed a gra-
dient descending-based optimizer Adam and a learning rate scheduler in
which the learning rate was scheduled to reduce by 1/10th of the orig-
inal for every 50 epochs. The timestep is set as 3, which means predict
the PM2.5 concentrations in the fourth year used the independent vari-
ables in the first three years (Table S5 for details).

2.5. Model fitting and validation

Two evaluation cases were designed to evaluate the LSTM model,
corresponding to questions 1 and 2 posed in the Introduction. First, two
other widely used machine learning approaches, random forest (RF) and
Cubist as benchmarking models were simultaneously applied to evaluate
the performance of the LSTM.

The RF created multiple randomly generated decision trees based on
the bagging algorithm, then each node of the decision tree was split
and selected resulting in the maximum variance between sub-groups.
An average was then used for prediction (Zhou et al., 2019). Cubist
is a piecewise linear tree model that uses a recursive partitioning of
the predictor variable space. It takes a divide-and-conquer strategy and
seeks to minimize the intra-subset variation at each node (Rossel and
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Fig. 3. (a)The structure of the LSTM model; (b) The structure and components of each cell in the LSTM.

Chen 2011; Ma et al., 2017; Peng et al., 2019), and can better solve
the SSH shown by PM2.5.

LSTM, RF and Cubist three models were trained using data from
2014 to 2017 and tested in 2018 because the RF and Cubist models
could only predict the PM2.5 concentrations in the current year with aux-
iliary data, the validation could not conduct in 2019. Previous studies of
PM2.5 prediction in China using different methods were also compared
in this study.

We further compared the performance of LSTM models from three
different timescales including daily, monthly, and annual. At each scale,
the model was trained using the same amount of data from 2014 to 2018
and tested in 2019 to ensure comparability.

To evaluate the predictive ability of the models, four indices, includ-
ing the determination coefficient (R2), root mean square error (RMSE),
mean absolute error (MAE), and estimation bias, were calculated:

(4b)

(5)

(6)

(7)

3. Results and discussion

3.1. Descriptive statistics

Boxplot of ground-based PM2.5 concentrations is shown in Fig. 4.
The concentrations of PM2.5 exhibited a steady annual decline, and
reached its lowest value over the study period in 2018, with an annual
mean concentration of 39.24 μg m−3 (Table S6). The most volatile year
of PM2.5 was 2016 and 2017 with some very high concentrations, and
the most stable year of PM2.5 was 2018.

The spatial distributions of mean PM2.5 concentrations, from 2014 to
2018, and the relevant independent variables selected in this study, are
presented in Fig. 5. The mean concentrations of PM2.5 over the study
period ranged from 14.78 μg m−3 to 128.92 μg m−3 (Fig. 5a). The dis-
tribution of PM2.5 exhibited clear spatial heterogeneity. High concentra-
tions were observed across Northwest China, North China, and parts of
the southwestern hinterland in China, and showed high similarity with
the distribution of AOD. Due to cloud contamination, the AOD images
had insufficient retrievals for some areas (Fig. 5b). Spatial pattern of
precipitation was consistent with that of the specific humidity: high val-
ues were mostly distributed in the southeast and low values in the west
(Fig. 5d and e). Temperature and pressure also exhibited a very simi-
lar spatial distribution (Fig. 5c and g). Strong spatial variability in these
variables resulted in strong spatial variation in PM2.5.



UN
CO

RR
EC

TE
D

PR
OO

F

6 Z. Wang et al. / Journal of Cleaner Production xxx (xxxx) 126493

Fig. 4. Boxplots of site based PM2.5 concentrations from 2014 to 2018.

3.2. Evaluation of the methods

3.2.1. Predictive power of different models
The PM2.5 predicted values against observed values are shown in

Fig. 6. Overall, the LSTM model outperformed RF and Cubist in the pre-
diction based on inter-annual data. The LSTM model was robust in esti-
mating and predicting PM2.5 concentrations. The fitted regression lines
of the RF model had the shallowest slopes and the largest intercepts, in-
dicating the underestimation of the model. Though the fitted regression
line of the Cubist model was the closest to the 1:1 line, the predicted
results were relatively scattered with large deviations and reduced accu-
racy with the lowest R2 of 0.73 and highest RMSE and MAE values of
8.65 μg m−3 and 6.49 μg m−3, respectively. In contrast, the scatter plot
of the LSTM model was the most concentrated and the prediction errors
were low. By combining time and space information, the LSTM model
performed the best, according to all evaluation metrics, with the highest
R2 value of 0.84, and the lowest RMSE and MAE values of 5.40 μg m−3

and 3.68 μg m−3, respectively.
The studies on satellite-aerosol optical depth-based PM2.5 predic-

tion over whole China were select for comparison (Table 1). In model
validation, R2 values ranged from 0.64 to 0.85, and the RMSE from
4.1 μg m−3 to 30 μg m−3. The traditional spatial statistical model GWR
performed the worst, with an R2 value of 0.64 and the largest RMSE
of 32.98 μg m−3. There was an obvious improvement (R2 improved
by 0.16 compared with the GWR model) in timely structure adaptive
modeling (TSAM) model and GTWR model, which are two improved
form of GWR model. The two-stage model, combined by stage-1 lin-
ear mixed-effects (LME) model and stage-2 GWR model, outperformed
the GWR model by an increased R2 values of 0.78 and 0.79, respec-
tively. As two intelligent algorithms, the generalized regression neural
network (GRNN) model (R2 = 0.82) and RF model (R2 = 0.81) could
better capture the relationship between PM2.5 and AOD and other aux-
iliary variables. Comparing the results, LSTM model performed the
best with R2 of 0.84 and the RMSE of 5.40 μg m−3

Fig. 5. (a) The mean ground-measured PM2.5 concentrations in 2014–2018, and variables
used in the prediction of PM2.5: (b) AOD, (c) Pressure, (d) Precipitation, (e) Wind speed,
(f) NDVI, (g) Temperature, (h) Specific humidity, and (i) BLH.

and thus has the capacity to better predict from the time series data .

3.2.2. Predictive power at different timescales
The LSTM model achieved the highest and most robust prediction

accuracy at the annual timescale (Table 2). The annual prediction
resulted in the highest R2 value (0.83) and the low



UN
CO

RR
EC

TE
D

PR
OO

F

Z. Wang et al. / Journal of Cleaner Production xxx (xxxx) 126493 7

Fig. 6. Scatter plots of three models in validation. (a)–(c) are the results for LSTM, RF, and Cubist, respectively.

Table 1
Summary of different models performance in PM2.5 prediction in China.

Related study
Study
period

Spatial
resolution Model Model validation

R 2 RMSE

Ma et al.
(2014)

2012–2013 10 km GWR 0.64 32.98

Ma et al.
(2016)

2004–2013 10 km Stage-1 0.78 27.99

Stage-2 0.79 27.42
Fang et al.
(2016)

2014–2015 10 km TSAM 0.80 22.75

(Li et al.,
2017)

2013–2014 3 km GRNN 0.82 20.93

He and
Huang (2018)

2015 3 km GTWR 0.80 18.00

Wei et al.
(2019)

2016 1 km RF 0.81 17.91

Our study 2018–2019 1 km LSTM 0.84 5.40

Table 2
Comparisons of the model performance across different time-scales.

Timescale R 2 RMSE (μg m −3) MAE (μg m −3)

Daily 0.79 22.23 14.78
Monthly 0.72 17.97 8.23
Annual 0.83 5.54 3.44

est RMSE (5.54 μg m−3) and MAE (3.44 μg m−3). The daily and monthly
predictions showed relatively less accuracy with R2 of 0.79 for the daily
data. However, RMSE was 22.23 μg m−3 and MAE was 14.78 μg m−3, in-
dicating that the daily values of PM2.5 were the hardest to accurately
model.

The boxplot of prediction bias demonstrates that the daily and
monthly predictions were mostly distributed on the negative side, indi-
cating an underestimation of PM2.5 concentrations. The strong volatil-
ity and irregularities of daily and monthly PM2.5 concentrations might
result in errors in the prediction of PM2.5. The annual prediction bias
was mainly distributed around zero, with a few distributed on the
positive side (Fig. 7). These results indicated that the LSTM model
had a better ability to capture changes in mean annual PM2.5 con
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Fig. 7. Boxplot of the predicted bias of the LSTM model at daily, monthly, and annual
timescales.

centrations, on the premise of the same amount of data, compared to
that of the daily and monthly changes.

3.2.3. LSTM model performance of PM2.5 prediction in 2019
The spatial distributions of ground-based measurements of PM2.5

concentrations in 2019, and the predicted bias of the LSTM model, are
shown in Fig. 8. The LSTM model exhibited high prediction accuracy
against the ground-based PM2.5 concentrations in 2019, with an R2 of
0.83, and RMSE, and MAE of 5.54 μg m−3 and 3.44 μg m−3, respectively.
The bias in prediction ranged from −27.20 μg m−3 to 40.61 μg m−3, and
most of the biases (>78.5%) were distributed between −5 μg m−3 and
5 μg m−3. Few biases (<5%) were exceeding 10 μg m−3 or less than
−10 μg m−3, indicating a robust performance of the LSTM model.

Spatial distribution of predicted bias showed variations, and may
be attributed to the spatial heterogeneity of the response of PM2.5
concentration to environmental variability. The biases of the LSTM
model were mostly positive, and the overestimation was mainly dis-
tributed in the northwest China, Shandong province, and parts of the
Sichuan Basin (Fig. 8b). The PM2.5 pollution in these areas was gen-
erally high due to topography, weather, and anthropogenic emissions,
which revealed that the capability of LSTM to predict extreme val-
ues or outliers was lower than its ability to predict average values. In

the southern coastal region, Tibet, and the Northeast, areas with low
PM2.5 concentrations, the predicted bias were relatively small, and the
LSTM showed good prediction performance.

The LSTM model achieved prediction of PM2.5 concentration with a
relatively high accuracy. The complex non-linear relationship between
inputs of independent variables and PM2.5 concentration was captured
in neurons. However, the learning and modeling process of each neuron
was not examined in depth, and thus the traceability and interpretabil-
ity of the LSTM model was relatively low. Therefore, advanced analysis
tools, such as attention networks, can be further studied to illustrate the
process of machine learning in the future.

3.3. Predicted PM2.5 concentrations over China

3.3.1. Spatial variation of PM2.5 in China
The predicted spatial distribution of surface PM2.5 concentrations in

2019 for the mainland China, with a 1-km grid derived using the LSTM
model, are shown in Fig. 9. The spatial forecasts agreed well with the
surface observations. The overall annual mean of predicted PM2.5 con-
centrations for the whole of China was 27.33 ± 15.56 μg m−3, lower
than the annual mean of observed PM2.5 (37.02 μg m−3). This is because
the annual mean of estimated PM2.5 was calculated for the entirety of
China, but the observed PM2.5 concentrations only represented areas
with monitoring sites.

High values of PM2.5 were mainly distributed cross the North China
Plain, the Loess Plateau, parts of central China, and decreased at the pe-
riphery. The highest concentrations of PM2.5 were concentrated in the
Taklimakan Desert in the southern Xinjiang Autonomous Region south-
west of China, different from other severely polluted areas. The PM2.5
concentrations in central of this region were lower than those in the
surrounding areas. The heavy pollution in these regions were mainly
caused by increasing anthropogenic emissions (i.e., fossil fuel combus-
tion), as well as unfavorable meteorological conditions and topography
(i.e., basin) that are not conducive to the dispersion of pollution. In con-
trast, the lowest PM2.5 concentrations in the southwest and northeast re-
gions of China are the lowest, followed by the southeast coastal areas.
These areas are in Yunnan-Guizhou Plateau, Northeast Plain and Pearl
River Delta. The low PM2.5 concentrations can be attributed to the flat
terrain and favorable climatic conditions including sufficient precipita-
tion and the monsoon climate.

With continuous improvement of national pollution control capa-
bilities, 80% of regions in China met the CNAAQS Level 2 standard
and have annual mean of PM2.5 concentrations less than 35 μg m−3.
However, pollution by PM2.5 is still not opti

Fig. 8. The spatial distribution of (a) the ground-based measurements of PM2.5 concentrations, and (b) the predicted bias of LSTM model in the validation dataset (year of 2019).
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Fig. 9. Spatial distribution of 2019 satellite-derived (1 km × 1 km, background shading),
and ground-measured (colored dots) PM2.5 concentrations across China.

mistic, with over 83% of regions suffering from particulate pollution ex-
ceeding the CNAAQS Level 1 standard of 15 μg m−3.

3.3.2. Heavy PM2.5 pollution areas analysis
The distribution of high concentrations of PM2.5 is generally aggre-

gated and not uniform (Fig. 10), with clusters in the North China Plain,
the Loess Plateau, and the Sichuan Basin. It is worth noting that while
the Taklimakan Desert is also one of the most heavily polluted areas, no
further analysis will be conducted because of no human settlement and
few satellite and ground monitoring stations.

The North China Plain was the most heavily polluted area, and
pollution was mainly distributed in Hebei, Beijing, Tianjin, northeast
Henan, and Shandong (Fig. 10a). The average an

nual PM2.5 concentration reached 48.53 μg m−3 ± 12.93 μg m−3, rang-
ing from 17.13 μg m−3 to 75.10 μg m−3. These regions are densely pop-
ulated, with rapid urban growth. In Hebei Province, heavy industries,
including steel and coal, have been developed recently. Volatile organic
compounds and nitrogen oxides generated by transportation among
these regions have also increased PM2.5 pollution (Fu et al., 2014;
Guo et al., 2014; Zhao et al., 2013). In the Loess Plateau, pollu-
tion is mainly concentrated in the southern Shanxi and central Shaanxi
(Fig. 10b). The maximum annual average PM2.5 concentration was
39.42 ± 12.53 μg m−3. Local industrial cities and mining areas in the
Loess Plateau experience severe coal smoke pollution. As a result, PM2.5
pollution mainly comes from the secondary particulate matter (Huang
et al., 2014). Due to serious soil loss and the presence of vertical and
horizontal gullies, industrial cities in the Loess Plateau are mostly lo-
cated in the basin region. The high altitude surrounding the basin hin-
ders surface winds, minimizing air circulation in the basin area, re-
sulting in the accumulation of air pollutants under high emission con-
ditions (Wang et al., 2018). The Sichuan Basin had the lowest pol-
lution concentrations among the three pollution hotspots (Fig. 10c).
The main polluted cities in the Sichuan Basin were eastern Sichuan
and Chongqing, with an average annual PM2.5 concentration of
30.77 ± 6.03 μg m−3. Topographical factors in the Sichuan Basin have
also contributed to PM2.5 pollution. Chongqing, as a major industrial
town in southwest China, also has serious industrial pollution, which has
exacerbated PM2.5 pollution (Li et al., 2015b; Zhang et al., 2012).

4. Conclusions

Based on the annual PM2.5 time-series data, the newly released
1 km resolution MODIS AOD data, and 7 auxiliary variables, our study
first attempted to use LSTM model in the an

Fig. 10. Detailed map of the mean predicted PM2.5 concentrations (1 km × 1 km) for areas experiencing high pollution: (a) the North China Plain, (b) the Loess Plateau, and (c) the
Sichuan Basin.
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nual scale for predicting PM2.5 concentration of next year, meanwhile
the prediction was extended from ground site point level to national
surface level by means of digital mapping at spatial resolution of 1 km.
The results of the study showed that: 1) The LSTM model captured the
time dependence of PM2.5 by constructing a recurrent neural network
and memory gate structure framework, and achieved high performance
with the lowest RMSE (5.40 μg m−3) and the highest R2 (0.84) in valida-
tion set (the year of 2018) compared with two recent machine learning
approaches, the RF model and the Cubist model. 2) The LSTM model
had been extended to annual scale prediction to prove the spatiotempo-
ral scalability and could be used for predicting at different timescales.
With the same amount of data, it was more stable for annual fore-
casts than monthly, or daily forecasts, the R2 and RMSE reached 0.83
and 5.54 μg m−3, respectively, in validation set (year of 2019). 3) Lev-
els of PM2.5 pollution gradually improved in 2019 after application of
pollution control measures. Annual mean PM2.5 concentrations were
27.33 ± 15.56 μg m−3, and more than 80% of regions met the CNAAQS
Level 2 standard, although there were still some areas with significant
pollution, including the North China Plain, parts of the Loess Plateau,
and the Taklimakan Desert. 4) The high levels of PM2.5 pollution can be
related to increasingly frequent anthropogenic emissions (i.e., industrial
pollution, fuel combustion, and secondary production), unfavorable ter-
rain for air circulation, and meteorological factors (including precipita-
tion and wind speed).

Based on the LSTM model, conflating high-resolution AOD prod-
ucts, meteorological and land-cover-related indices could achieve higher
precision of predictions of future PM2.5, and generate high-resolution
(1 km) PM2.5 spatial distribution maps. This can provide more detailed
national, small and medium-scale PM2.5 information, and support and
improve air quality management and control in China.
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