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With the rapid development of the Internet of /ings and Big Data, smart cities have received increasing attention. Predicting air
quality accurately and efficiently is an important part of building a smart city. However, air quality prediction is very challenging
because it is affected by many complex factors, such as dynamic spatial correlation between air quality detection sensors, dynamic
temporal correlation, and external factors (such as road networks and points of interest). /erefore, this paper proposes a long
short-term memory (LSTM) air quality prediction model based on a spatiotemporal attention mechanism (STA-LSTM). /e
model uses an encoder-decoder structure to model spatiotemporal features. A spatial attention mechanism is introduced in the
encoder to capture the relative influence of surrounding sites on the prediction area. A temporal attention mechanism is in-
troduced in the decoder to capture the time dependence of air quality. In addition, for spatial data such as point of interest (POI)
and road networks, this paper uses the LINE graph embedding method to obtain a low-dimensional vector representation of
spatial data to obtain abundant spatial features. /is paper evaluates STA-LSTM on the Beijing dataset, and the root mean square
error (RMSE) and R-squared (R2) indicators are used to compare with six benchmarks. /e experimental results show that the
model proposed in this paper can achieve better performance than the performances of other benchmarks.

1. Introduction

/e rapid development of next-generation information
technologies such as the Internet of /ings and Big Data has
promoted the concept of “smart cities.” Smart cities use
information and communication technology (ICT) to make
city services and monitoring highly perceptual, interactive,
and efficient, thereby promoting city harmony and sus-
tainable development [1]. Among these technologies, the
construction of smart environments is an important part of
smart cities because air pollution is one of the most im-
portant factors that seriously threaten people’s health [2]. A
large number of diversified air quality monitoring systems
are currently deployed in cities. For example, an air quality
monitoring station is set up at a specific location in the city to
monitor the conventional pollution factors (PM2.5, PM10,

SO2, etc.) and meteorological parameters (temperature,
humidity, etc.) at all hours [3]. In addition, Yang [4]
designed a UAV-based mobile sensing system to effectively
capture meter-level air quality index (AQI) changes while
also analyzing the corresponding fine-grained distribution.
However, monitoring the air quality alone is not enough to
meet the needs of smart city construction. Analyzing and
mining dynamic city data is an inevitable step in building a
smart city [5]. /e prediction of air quality can provide early
warnings to the public and the government before serious air
pollution occurs, enabling them to take corresponding
emergency measures as soon as possible [6]. /erefore, the
air quality analysis and prediction of the acquired big data
are essential parts of constructing smart cities.

/e AQI is calculated from six major pollutants, in-
cluding SO2, NO2, PM10, PM2.5, CO, and O3, to evaluate
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daily air quality. However, the prediction of the AQI requires
the consideration of more influencing factors. Figure 1(a)
shows a true description of the physical world at different
moments. Figure 1(b) shows the mathematical model and
models the physical world in Figure 1(a), where the nodes
represent the area where the air monitoring station is located
at different times. It shows the factors influencing air quality
prediction, including time, space, and nonsequential in-
formation. Zhang et al. [7] pointed out that the geosensory
time series, similar to an air quality sequence, usually follows
a periodic pattern, which changes with time. In addition, the
air quality is also affected by complex spatial factors. For
example, if the environment around the predicted area is
good, then its air quality will also be good and will change
nonlinearly with time. In addition, nonsequential infor-
mation such as the POI and road network [8, 9] also affects
the prediction of air quality. For example, the air quality near
a park is much better than the air quality near a factory. /e
road network has a strong correlation with the mode of
traffic. Traffic flow is one of the main factors contributing to
air pollution [10], so it also reflects the air quality to a certain
extent. In other words, air quality prediction is affected by
many factors in time and space, and this is also a major
challenge.

Recently, there have beenmany studies on the prediction
of air quality. Qin et al. [11] only took the meteorological
conditions and pollutant concentrations in the past few
hours as the input of their predictionmodel. Huang and Kuo
[3] combined a convolutional neural network (CNN) and
LSTM [12] for air quality prediction. /e model achieved
good prediction results for time-series data (meteorological
data, traffic flows, factories, etc.). However, the proposed
model could not handle nonsequential information related
to spatial features such as POIs and road networks. Zhao
et al. [13] proposed that the use of processing times and non-
time-series information separately can better capture the
impact of temporal and spatial characteristics on air quality
prediction than using both together, and it also considered
the impact of adjacent areas on the measured area. /e
modeling method is more conducive to the prediction of air
quality than other methods. However, different neighboring
areas have different effects on the target area. If we treat the
spatial impact of each region equally, the prediction effect
may have climbing space. In other words, the existing works
may have the following defects: (1) the time factors are not
considered comprehensively; (2) the nonsequential infor-
mation is not handled well; and (3) existing methods fail to
fully consider spatial factors, for example, the correlation
between the surrounding area and the predicted area is
different due to distance, POI, etc.

/erefore, to solve the defects of the existing works, this
paper proposes an LSTM prediction model based on a
spatiotemporal attention mechanism (STA-LSTM), whose
structure is in the form of an encoder-decoder, and its
purpose is to predict the air quality index in the next few
hours. First, this paper considers various complex factors
that affect air quality prediction, including information data
related to temporal characteristics and spatial characteris-
tics. /e temporal information mainly includes the AQI,

meteorological data (temperature, humidity, wind speed,
wind direction, etc.), traffic flows, and factory emissions in
the past few hours, and the nonsequential information in-
cludes POIs and road networks. /en, the paper uses an
LSTM network that is good at handling long-term sequences
for analysis and processing according to the characteristics
of time-series information. For non-time-series information
that cannot be directly processed by deep learning models,
this paper considers using the LINE method [14] of graph
embedding to transform the information into a vector and
then use that vector as the input of the model. Finally, to
model the dynamic temporal and spatial dependence, we
incorporate a spatiotemporal attention mechanism into the
model [15, 16]. In the encoder, spatial attention is intro-
duced to capture the different influences of the surrounding
areas at different distances from the target area. In the
decoder, we introduce temporal attention to select relatively
important historical time information. Compared with the
method of giving equal weights to different regions in [11],
the model proposed in this paper can obtain more accurate
prediction results and higher performance.

/e contributions of this paper are as follows:

(1) /is paper proposes an STA-LSTM model based on
spatiotemporal attention that not only considers
time-series information (such as historical AQIs and
meteorological data) but also uses non-time-series
information (POIs and road networks) as auxiliary
predictors./emodel adopts the LSTM network and
LINE graph embedding method to extract features.

(2) /e model proposed in this paper uses an encoder-
decoder structure and introduces a spatiotemporal
attention mechanism, and it can automatically
capture the relative dependence of time and space.

(3) /e deep learning model proposed in this paper can
jointly grasp and predict air quality locally and
globally. Compared with other benchmark air
quality prediction models, the accuracy and per-
formance of the model in this paper are greatly
improved.

/e rest of this paper is arranged as follows. Section 2
summarizes the related works. In Section 3, we introduce the
details of the model presented in this paper. Section 4
presents the experiment conducted in the paper. We present
a summary and conclusion in Section 5.

2. Related Works

With the rapid development of science and technology,
many fields have involved forecasting technologies, such as
personnel trajectory forecasting, traffic forecasting, air
quality forecasting, and other daily fields. In addition, op-
timization problems [17, 18], quality-of-service prediction
[19], and user recommendations [20, 21] also involve pre-
diction technology. In this paper, we mainly study the
prediction of air quality because it is an important part of
building a smart city and it is closely related to people’s lives
and health. At present, there are many studies on air quality
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prediction, which can be roughly divided into prediction
methods based on physical models, traditional linear sta-
tistical models, machine learning techniques, and deep
learning. Among them, the prediction method based on a
physical model uses a physical model to simulate the for-
mation, diffusion, and transfer of various pollutants in the
air to predict the concentration of air pollutants. But most of
the prediction methods based on physical models require
many empirical parameters and assumptions, which may be
true for a specific environment but not for all urban envi-
ronments [22]. /erefore, to obtain more accurate predic-
tion results than those obtained by these methods, an
increasing number of researchers have proposed data-driven
methods to predict air quality, including traditional linear
statistical models, machine learning techniques, and deep
learning methods.

/e method based on the traditional linear statistical
model is used to describe the linear relationship between air
quality and related impact characteristics. Jian et al. [23]
used the autoregressive integratedmoving average (ARIMA)
to predict the effects of meteorological factors on the con-
centration of submicron particles. In [24], Genc et al. used a
multiple linear regression model to predict Ankara’s air
pollution index. Moisan et al. [25] proposed a method based
on dynamic multivariate linear equations to predict PM2.5
pollution concentrations at different monitoring stations.
/e abovementioned studies are all based on linear model
prediction methods. However, the relationships between air
quality and its related factors are mostly nonlinear. /e
linear models mentioned above do not represent their
complex interrelationships well.

/erefore, machine learning technology has received
increasing attention for air quality prediction. /is pre-
diction method takes the nonlinearity between air quality
and its influencing factors into account and is more suitable
for describing problems with complex relationships. For
example, Niu et al. [26] proposed an integrated empirical
mode decomposition and least-squares support vector

machine (LSSVM) method based on phase space recon-
struction for PM2.5 concentration prediction. However, for
complex problems with high-dimensional nonlinear long-
term time series, machine learning methods still seem to be
incapable of solving them [27].

With the rapid growth in data volume, the advantages
of deep learning methods in responding to forecasting
problems are slowly being revealed. Lipton et al. [28]
found that the recurrent neural network (RNN) model
showed very good performance when modeling a time
structure. Zhao et al. [29] proposed a model based on
LSTM and the firework algorithm to predict the air quality
of Wuhan. /e RNN and LSTM networks mentioned in
the above studies are deep learning methods that can
model a time structure very well. However, the RNN is
very sensitive to short sequence data, and once the data are
very long, the problems of gradient disappearance and
gradient explosion appear. LSTM is better at processing
longer time-series data, so it is more suitable for the air
quality prediction problem in this paper.

/ere have been many studies on applying deep
learning to air quality prediction. Zhang et al. [30] com-
bined a CNN and an LSTM network to forecast air quality.
/e model achieved good prediction results for time-series
data (meteorological data, traffic flows, factory air pollutant
emissions, etc.). Ge et al. [31] regarded time-series and
non-time-series information as influencing factors in air
quality prediction. Qi et al. [32] proposed a mixed model
called GC-LSTM, in which graph convolutional networks
were used to extract the spatial correlation between dif-
ferent sites, and LSTM was used to capture the temporal
correlation between different time observations. /e fully
connected neural network based on spatial combination
was used to capture the correlation between the target area
and its five neighboring sites in [13]. However, different
surrounding areas may have different effects on the target
area due to the distance between them or differences in
their POI types./erefore, this paper proposes to introduce
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Figure 1: Influencing factors of air quality. (a) Physical world. (b) Mathematical model.
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a spatiotemporal attention mechanism into the model to
capture the relative importance of different surrounding
areas.

/e essence of the attention mechanism comes from
human visual attention. For example, when observing a scene,
people pay attention to a specific part of the scene according
to their own needs, and they ignore irrelevant information
[33]./e attentionmechanismwas originally used inmachine
translation [34], but it is now an important part of neural
network structures, and it is also widely used in image
processing, speech recognition, and computer-related fields
[35]. In the recent literature, Li et al. [36] proposed to use the
attention mechanism to capture the most important part of
the past state, but ignored the relative importance of
neighboring sites. In addition, non-time series (road network
and POI) also affects the prediction of the target area.
/erefore, in response to the above problems, this paper
introduces a spatiotemporal attention mechanism to capture
temporal and spatial correlations in air quality prediction.

3. Problem Definition and Model Framework

/is section first defines the air quality prediction problem,
then proposes the overall model for prediction, and finally
introduces the various components of the model in detail.

3.1. Problem Definition. Assuming that there are n regions
with air quality monitoring stations, the characteristics of
the time series for prediction can be obtained. /e time
series of the area i to be predicted is expressed as
Xi � (x1, x2, . . . , xn)Τ ∈ Rn×T, where T is the length of the set
time window, n indicates the number of time series (in-
cluding the AQI index, meteorological data, traffic flows, and
factory pollution emissions), and the row vectors x represent
the time series of each feature considered in this paper. At
the same time, Xican also be expressed as
Xi � (x1, x2, . . . , xT) ∈ Rn×T, where xt � (x1,i

t , x2,i
t , . . . , xn,i

t )

∈ Rn represents the monitoring value of each feature in
region i at time t. In addition to the influence of the feature
values in the target area on the predicted air quality, the
environmental conditions in the surrounding area also have
different degrees of influence on the predicted results.
/erefore, the paper expresses the global features as
(X1, X2, . . . , XN).

According to the temporal data, spatial data, and global
characteristics of the target area, the STA-LSTM model is
used to predict the air quality of area i at a future timeT′./e
result is expressed as yi � (yT+1, yT+2, . . . , yT+T′), where
yT+t′ represents the predicted AQI value at time T + t′ in the
future.

3.2. Overall Framework. To predict air quality, this paper
proposes an STA-LSTM model based on a spatiotemporal
attention mechanism and uses an encoder-decoder archi-
tecture. As shown in Figure 2, the model is mainly composed
of three parts: (1) A spatial attention mechanism is used to
capture the dynamic spatial correlation between sensors. In
the encoder, we design a spatial attention mechanism to

automatically capture the relative influence of different re-
gions on the target region and assign different weights to
different regions, namely, (α1t , α

2
t , . . . , αN

t ), where αj
t rep-

resents the degree of influence of area j on the target area at
time t. Furthermore, the weight of each area is determined
jointly by the historical information of each monitoring
station, the hidden state ht−1, and the cell state ct−1 of the
LSTM of the encoder. (2) Feature extraction of nonse-
quential information for auxiliary prediction is performed.
Nonsequential data similar to those of POIs and road
networks cannot be directly used as the input of the LSTM.
/erefore, the solution is to preprocess the spatial data and
use its output nst′ as the input of the LSTM of the decoder,
where t′ is the future time. (3) A temporal attention
mechanism is used to capture the dynamic temporal cor-
relation. In the decoder, the model uses a temporal attention
mechanism to automatically select the relevant hidden state
of the output of the LSTM of the encoder to obtain the
temporal context vector yt′ , which is connected with the
auxiliary vector nst′ and the prediction result obtained at the
previous time. /en, it is used as the input information for
the LSTM of the decoder to predict the air quality at time t′.
/e weight βt

t′ of the attention mechanism is calculated
according to the hidden state ht′−1′ and cell state ct′−1′ in the
LSTM of the decoder at time t′ − 1.

3.2.1. Encoder with a Spatial Attention Mechanism. /e
purpose of this paper is to predict the air quality at time T′ in
the future. In previous studies, some methods [13] only
considered the relevant influencing factors of the target area.
Even though some methods [11] considered the influence of
surrounding areas, they simply gave the same weight to
different areas. In fact, different regions play different roles,
and their impact on the target region also changes with time.
For example, the data in the area closest to the target area
have a relatively important reference value. Similarly, if
strong winds are blown from a certain area, the impact on
the air quality of the target area is greater than if the area has
no wind. In addition, Liang [16] pointed out that there may
be sequences with little correlation or relevance in other
regions. If the temporal data of all regions are directly used as
the input of the encoder to capture the influence of other
regions, the result is a high computational cost and a re-
duction in performance [16].

/erefore, we propose a spatial attention mechanism to
automatically capture and utilize the relative importance of
different regions, thereby grasping the spatial influencing
factors of each region in the overall situation and enhancing
the traditional LSTM that is good at solving time-dependent
problems. /e specific process is as follows. Given the
hidden state ht−1 and cell state ct−1 of the LSTM of the
encoder at time t − 1, we can calculate the attention weight
of the surrounding area l in terms of its influence on the
target area i according to the following formula:

s
l
t � VΤs tanh Ws ht−1; ct−1  + UsX

lZs + bs , (1)

where Xl ∈ RN×T represents all historical time-series data at
time T (in the past) for region l, and Vs ∈ RT, Ws ∈ RT×2M,

4 Mobile Information Systems



Us ∈ RT×N, Zs ∈ RT, and bs ∈ RT are the parameters of the
attention model, which can be obtained through learning.
/e weight sl

t obtained by each set of time-series data for area
l represents the influence of the area on the target area.

In addition, the geographical distance between the
two regions also affects the degree of correlation, that is,
the closer the distance, the stronger the correlation.
/erefore, the model uses the distance correlation matrix
D ∈ RN×N to represent the correlation between each
region and the target region i, where di,l is the reciprocal
of the distance between regions i and l, and D is a di-
agonal matrix. Finally, we use the softmax function to
normalize all the spatial attention weights to [0, 1] and
ensure that the sum is 1. /e formula for this calculation
is as follows:

αl
t �

exp λs
l
t + λ′di,l 


N
j�1 exp λs

j
t + λ′di,j 

. (2)

/erefore, αl
t comprehensively considers the importance

of area l to the target area. In other words, it controls the
amount of information in area l input into the LSTM of the
encoder. Among the terms in the formula, λ + λ′ � 1, and λ
is an adjustable hyperparameter that determines the pro-
portions of sl

t and di,j when calculating the weight.
According to the above process, the attention weight of each
area at time t can be obtained in turn, namely,

et � α1t , α2t , . . . , αl
t, . . . , αN

t 
Τ
. (3)

/en, the vector output through the spatial attention
mechanism at time t is as follows:

ΧSA
t � α1t x

1,1
t , α2t x

1,2
t , . . . , αl

tx
1,l
t , . . . , αN

t x
1,N
t 
Τ
, (4)

where x1,l
t represents the AQI value of area l at time t.

/e spatial influence factor ΧSA
t at time t is connected

with the temporal data ΧTA
t � (x1

t , x2
t , . . . , xn

t )Τ of the target
area (where xi

t is the i-th temporal data at time t, such as
AQI, temperature, wind speed, etc.) to obtain the input of
the LSTM of the encoder, namely, Χt � [ΧSA

t ;ΧTA
t ],

Χt ∈ RN+n. /en, we use ht−1, ct−1, and Χt at the previous
time t to update the hidden state ht [12]. /e calculation
process is as follows:

f t � σ Wf ht−1,Xt  + bf , (5)

it � σ Wi ht−1,Χt  + bi( , (6)

ot � σ Wo ht−1,Χt  + bo( , (7)

ct � tanh Wc ht−1,Χt  + bc( , (8)

ct � f t ∗ ct−1 + it ∗ct, (9)

ht � ot ∗ tanh ct( , (10)

where f , i, and o represent the forget gate, input gate, and
output gate, respectively, ct is the candidate cell information,

Pollutants

Meteorology
data

Traffic flows

Enterprise
emissions

Input data

Spatial
attention

Spatial
attention

. .
 .

. .
 .

. .
 .

. .
 .

. .
 .

LSTM

LSTM

LSTM

Temporal
attention

Road
network

POI

Input data

Embed

Embed
Concat

LSTM

LSTM

LSTM

Encoder Decoder

Auxiliary data

Sequential
 data

Sequential
 data

Spatial
attention

Sequential
 data

X1

Xt

XT

X1
SA

X1
TA

Xt
SA

Xt
TA

XT
SA

XT
TA

h0, c0

ht–1, ct–1

h′t′–1, c′t′–1

h′T′–1, c′T′–1

h1

ht

hT
yt′

nst′hT–1, cT–1

yt′–1⌃

yt′–1⌃

yt′⌃

yT′⌃

Figure 2: STA-LSTM model.

Mobile Information Systems 5



W is the weight parameter, b is the bias term, and σ rep-
resents the sigmoid activation function.

3.2.2. Feature Extraction of Nonsequential Information for
Auxiliary Prediction. /e spatial data, similar to POIs and
road networks, directly or indirectly affect air quality, so the
model uses these spatial data as auxiliary information for air
quality prediction. However, these data cannot be directly
input into the LSTM. /erefore, this paper proposes using
the LINE method to embed the information network
composed of the coordinates, POIs, and road networks of
the prediction area into a low-dimensional vector to im-
prove the prediction effect for air quality. /e following
figure is an information network diagram composed of
spatial information such as coordinates, POIs, and road
networks.

As shown in Figure 3, the network graph
Gaa � (A∪A, βaa) between prediction regions represents
the distance relationship of each region, where A represents
the region to be predicted, βaa represents the set of edges eij

between any two regions, and the weight wij represents the
distance between the two areas. On the right side of Figure 4,
the network graph Gap � (A∪P, βap) between the area and
the POIs represents the distribution of POIs in the pre-
diction area, where P represents the collection of POI cat-
egories, and the categories p1∼p10 are, respectively,
expressed as transportation spots, factories, parks, stores,
eating and drinking establishments, stadiums, schools, real
estate, entertainment establishments, and other establish-
ments [9]. βap represents the set of edges eij between the
region and the POI category, and its weight wij represents
the number of POIs containing category pj in the prediction
area i. /e network graph Gar � (A∪R, βar) between the
area and the road network in the left part of the figure
represents the distribution of road segments in the pre-
diction area, where R represents the set of road segment
categories, βar represents the set of edges eij between the
region and the road segment categories, and its weight wij

represents the total length of the roads of category rj in-
cluded in the prediction area i.

According to the network graph defined above, this
paper uses the LINE method to learn the low-dimensional
vector representation of the spatial data in the prediction
area. /e objective functions are shown in the following
formulas:

L Gaa(  � − 
eij∈βaa

wijlog p vj | vi ,
(11)

L Gap  � − 
eij∈βap

wijlog p vj | vi ,
(12)

L Gar(  � − 
eij∈βar

wijlog p vj | vi ,
(13)

L(G) � L Gaa(  + L Gap  + L Gar( . (14)

By optimizing the objective function L(G), a low-dimensional
vector representation of the spatial information of each region di

can be obtained, that is, nsi ∈ Rϕ, and Rϕ represents a ϕ-di-
mensional vector space.

3.2.3. Decoder for Air Quality Prediction. When the tradi-
tional encoder-decoder model performs air quality predic-
tion, the hidden states (h1,h2, . . . , hT) obtained by the
LSTM of the encoder are directly input into the decoder to
obtain a fixed-length target sequence. However, Cho [37]
found that the performance of themodel decreases rapidly as
the input length of the decoder increases. /erefore, this
paper introduces a temporal attention mechanism in the
decoder to assign different temporal weights to the hidden
states of the encoder output. At the same time, all hidden
states are weighted and summed, and the result is used as the
input of the LSTM of the decoder at the future time t′ to
capture the dynamic time correlation between the future and
the historical times [38]. /e specific process is as follows.

Given the hidden state ht′−1′ and the cell state ct′−1′ of the
LSTM of the decoder at time t′ − 1, we can use the following
formula to calculate the attention weight of the hidden state
ht output by the encoder at time t′:

1
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Figure 3: Network diagram with connections between regions.
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u
t
t′ � vΤd tanh Wd ht′−1′ ; ct′−1′  + Udht + bd( , (15)

where vd, bd ∈ RL, Wd ∈ RL×2P, and Ud ∈ RL×M.
Similar to the weight for the spatial attention mechanism

in the previous section, the weight of the hidden state at the
historical time is normalized to [0, 1], as shown in the
following formula:

βt
t′ �

exp u
t
t′ 


T
j�1 exp u

j

t′ 
. (16)

According to the above equation, the weights of all the
historical hidden states output by the encoder can be cal-
culated, and then, the hidden state ht is weighted and
summed to obtain the time context vector y, that is,

yt′ � 
T

t�1
βt

t′ht. (17)

We connect yt′ with the nonsequential auxiliary infor-
mation nst′ , and the output result yt′−1 at time t′ − 1 is used
as the input for the LSTM of the decoder at time t′, and it is
used to update the hidden state ht′′ . /is process is similar to
the calculation procedure for the LSTM of the encoder, and
it is briefly expressed as

ht′′ � LSTM ht′−1′ , yt′−1;nst′ ; yt′−1 ( . (18)

/en, the model uses the updated hidden state ht′′ and
the context vector yt′ to jointly calculate the AQI prediction
result yt′ of the target area. /e calculation process is as
follows:

yt′ � vΤy Wy ht′′ ; yt′  + by  + by, (19)

where Wy ∈ RQ×(P+M) and vy, by ∈ RQ.
Finally, during model training, we choose the Adam

optimization algorithm [39] to minimize the mean squared
error function between the predicted value
(yT+1, yT+2, . . . , yT+T′) and the true value
(yT+1, yT+2, . . . , yT+T′). /e formula for the calculation is as
follows:

Loss(Θ) � ‖y − y‖
2
, (20)

where Θ represents all the parameters learned by the STA-
LSTM model.

4. Experiments

For the prediction model proposed in this paper, the ef-
fectiveness of the model is verified in this section by several
sets of comparative experiments. First, we introduce the
experimental datasets and their evaluation criteria. Second,
we use other air quality prediction methods as benchmarks
for comparison with the STA-LSTM model proposed in the
paper. Finally, we verify the effectiveness of different input
features. In addition, we evaluate the impact of the spatial
and temporal attention mechanism modules on air quality
prediction in turn.

4.1. Experimental Settings

4.1.1. Datasets and Settings. In this experiment, we use the
monitoring data from the Beijing area with a total of 36
monitoring stations, some of which are shown in Figure 5.
/e time span is from January 1, 2018, to December 31, 2018,
with an interval of 1 hour. Figure 5 shows the distribution of
some of the monitoring stations.

(1) Historical meteorological data: meteorological data
mainly include temperature, humidity, wind speed,
and wind direction data. We mainly obtain them
through the Chinese weather website, and the time
granularity is an hour.

(2) Historical air quality data: air quality data mainly
include historical AQI, PM2.5, PM10, CO, NO2, O3,
and SO2 data. /ese data are mainly obtained
through the PM2.5 historical data website, with a
time granularity of an hour.

(3) Historical factory pollutant emission data: the fac-
tory pollutant emissions record the concentration of
air pollutants emitted by the factory, which is ob-
tained through the company’s self-monitoring in-
formation disclosure platform.

(4) Historical traffic flow data: the obtained traffic flow
data contain the traffic index, that is, the traffic
congestion index, which is obtained through the
platform of the Beijing Transportation Development
Research Institute.

(5) POI data and road network data: these data are
extracted by downloading OpenStreetMap data.

In the experiment, the above datasets are randomly
divided into a training set, verification set, and test set
according to a ratio of 6 : 2 : 2. In the training phase, we set
the batch size to 512, the learning rate to 0.001, the time
window T to {6, 12, 24, 36, 48}, and the predicted future time
length to 24 h. /e model was trained on a server with Tesla
K40m GPU and Intel Xeon E5 CPU.

4.1.2. Metrics. /is experiment uses two common regression
evaluation indicators to evaluate the performance of the
prediction model proposed in this paper, namely, RMSE and
R2.

/e RMSE is used to measure the deviation between the
predicted value and the true value of a variable, namely,

RMSE �

������������

1
m



m

i�1
yi−yi( 

2




, (21)

where yi is the true value, yi is the predicted value, and m
represents the number of all predicted values. When the
RMSE value is large, the error between the predicted value
and the true value is also large.

R2 usually indicates the quality of fit of the model, and its
definition is as follows:

Mobile Information Systems 7



R
2

� 1 −


m
i�1 yi − yi( 

2


m
i�1 yi − yi( 

2, (22)

where y represents the mean value of y, and its value range is
usually [0, 1], but sometimes it is also a negative number.
Generally, if the result of R2 is 0, it means that the model
fitting effect is very bad; if it is 1, it means that the model
predicts the result without error.

4.1.3. Compared Methods. We use the following methods as
benchmarks and compare them with the model proposed in
the paper:

(1) ARIMA: this is a method based on traditional linear
statistical models, which can be used to predict
temporal data.

(2) MFSVR: this is a predictive model with machine
learning technology based on SVR. To improve the
prediction accuracy, the model uses a feature fu-
sion method based on partial least squares to
extract the original features and reduce the di-
mensions of the input variables of the SVR model
[40].

(3) DeepST: this is a prediction model for spatiotem-
poral data based on deep learning [30].

(4) LSTM: this method uses LSTM to automatically
extract useful features from historical data, and it
takes the spatial and temporal correlation of influ-
encing factors into account [41].

(5) GC-LSTM: this method is a hybrid model based on
deep learning methods. It integrates a graph con-
volution network and an LSTM network to predict
the spatiotemporal changes in PM2.5 concentrations
[32].

(6) ADAIN: this method combines feedforward and
recurrent neural networks while adding an atten-
tion-based pooling layer to learn the functional
weights of different monitoring stations [42].

5. Results

First, we compare the prediction model with the six
benchmarks mentioned above. /en, we evaluate the ef-
fectiveness of each module of the model.

5.1. Model Comparison. To verify the feasibility and effec-
tiveness of our model, we compare the STA-LSTM model
proposed in this paper with six other AQI prediction
methods, including ARIMA, MFSVR, DeepST, LSTM, GC-
LSTM, and ADAIN. We use the same datasets and
appropriate parameters to train these models to obtain
prediction results at different scales and use the RMSE
evaluation criterion to evaluate the performance of these
models. /e results are shown in Table 1. Obviously, as the
prediction time becomes longer, the performances of all
models show downward trends. /e reasons for this result
may be because of the following: (1) the temporal infor-
mation that affects the prediction of air quality sometimes
fluctuates greatly with time, and the prediction effect will be
reduced under long-term prediction in the future; (2) when
predicting the AQI at a certain time in the future, the
prediction result from the previous time will also be in-
troduced, resulting in the continuous accumulation of
prediction errors; and (3) as time passes, the correlation
between the predicted value and the input data decreases,
which leads to poor prediction performance.

It can be seen from the table that the proposed STA-
LSTM model has a lower RMSE value for air quality pre-
diction than other methods. /e reason may be that the
STA-LSTM model considers the interaction between direct
and indirect factors when modeling. In addition, the model
also uses data information between neighboring stations as
an influencing factor in predicting the target area. For ex-
ample, the GC-LSTM and ADAIN models in Table 1 also
consider the effects of spatial factors. It can be found that
their results are significantly better than those of other
methods, so spatial information is important for air quality
prediction. Compared with the GC-LSTM model, STA-
LSTM has a better prediction effect. /e reason may be that

Figure 5: Distribution of some monitoring stations in Beijing.
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this paper introduces a spatial attention mechanism, which
transforms the equal treatment of data information from
surrounding sites into weighted data by considering the
importance of the differences between regions. From the
results, STA-LSTM is superior to the ADAIN model, which
also introduces the attention mechanism. /is may be be-
cause the model proposed in this paper introduces a tem-
poral attention mechanism in the decoder, which can be
used to learn the dynamic correlation between future and
historical time data. /erefore, it is more targeted for im-
portant historical time data.

5.2. STA-LSTMEvaluation. To verify the effectiveness of the
different input features of the STA-LSTMmodel proposed in
this paper, we can limit the input of some features when
conducting experiments while keeping other modules the
same. As shown in Table 2, Fa, Fm, Fc, Ft, and Fs represent
the characteristics of the AQI, meteorological data, factory
air pollutant emissions, traffic flows, and spatial data (POIs
and road networks), respectively. /e following table shows
the RMSE values obtained by combining different input
features. It is not difficult to see that the group of experi-
ments that combines all the features obtains the lowest
RMSE value. We can also observe from the figure that,
compared with the data with spatial characteristics such as
POIs and road networks, the experiments with meteoro-
logical data, factory pollutant emissions, and traffic flows as
input characteristics have better prediction effects. /e
reason for this may be that continuous temporal data such as
wind speed, enterprise emissions, and vehicle exhaust are
highly correlated with air prediction. However, it can also be
seen from the figure below that effectively capturing the
potential relationship between spatial data is very helpful for
prediction. /erefore, when making air quality predictions,
we need to consider more relevant factors to achieve better
prediction results.

To determine the effect of the spatial attention mecha-
nism, we compare it with that of the GC-LSTM model

mentioned in the previous section, and the conclusion is that
the spatial attention mechanism of STA-LSTM is more
conducive to the prediction of air quality. /e GC-LSTM
model mainly has the following shortcomings: (1) because
GC-LSTM inputs the data from the surrounding monitoring
stations equally, it cannot accurately capture their spatial
dependence, and (2) the performance of GC-LSTM may
gradually decrease as the number of nearby monitoring
stations increases./erefore, this paper chooses to introduce
a spatial attention mechanism to capture the different effects
of data information from different sites on the target area,
thereby improving the prediction accuracy.

Next, we verify the effectiveness of the temporal atten-
tion mechanism in the decoder. /e temporal attention
mechanism is used to adaptively select the relevant hidden
state of the encoder, so we can use different encoding lengths
to evaluate its prediction effect. Wemanually delete different
modules and obtain three variants of STA-LSTM, STA-ns,
STA-ne, and STA-nt, and compare them with the STA-
LSTM model. Among the variants, STA-ns removes the
spatial attention mechanism in the encoder; STA-ne deletes
the spatial information of the POIs and road networks used
for auxiliary prediction; and the STA-nt variant removes the
temporal attention mechanism in the decoder. Figure 6(a)
shows the RMSE values obtained by the STA-nt and STA-
LSTM models. It is not difficult to see that the model
proposed in this paper is much better than STA-nt because
the temporal attention mechanism improves the long-term
prediction performance for air quality. Figure 6(b) shows the
prediction results of various models with different coding
lengths. We can clearly observe that the error of each model
is at its minimum value at T�12, possibly because air quality
does not exhibit any long-term time dependence.

/e above experimental results show that the STA-
LSTM model proposed in this paper has a better prediction
effect compared to the other six benchmarks. And it also
discussed the effectiveness of each module of the STA-LSTM
model. Next, Figure 7 shows an optimal prediction result.
When the number is less than 25, it is obvious that the fitting

Table 2: RMSE and R2 obtained for different combinations of input features.

models RMSE R2

Fa + Fm 26.72 0.74
Fa + Fc + Ft 28.47 0.71
Fa + Fs 31.25 0.65
Fa + Fm + Fc + Ft + Fs 22.63 0.78

Table 1: RMSE comparison of the STA-LSTM model with other benchmarks.

Models 1 h 2 h 3–6 h 7–12 h 13–24 h
ARIMA 20.97 25.41 33.53 42.21 54.42
MFSVR 18.43 23.63 29.94 35.68 48.31
DeepST 15.89 17.28 25.41 27.67 34.46
LSTM 17.64 18.49 23.86 29.78 35.43
GC-LSTM 13.41 17.95 24.54 28.27 34.56
ADAIN 12.78 15.76 20.56 24.62 29.06
STA-LSTM 12.23 15.58 20.52 23.59 28.71
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result is very good. When it is greater than 25, there is a
certain deviation. /e predicted effect is consistent with the
results discussed above.

6. Conclusion

In this paper, we propose an air quality prediction model
based on a spatial and temporal attention mechanism,
namely, the STA-LSTM model. /e model adopts an en-
coder-decoder architecture. First, a spatial attention
mechanism is introduced into the encoder to capture the
relative importance of adjacent monitoring sites to the target
area. Second, a temporal attention mechanism is added to
the decoder to capture the dynamic correlation between
future and historical times. In addition, the model uses the
spatial data of the target area as auxiliary information for
prediction to improve the prediction accuracy. We use real
datasets to evaluate the effectiveness of the model proposed
in this paper. /e experiments show that our model shows
the best performance when compared to 6 benchmarks. In

addition, we also verify the effectiveness of modules with
different features and spatiotemporal attention mechanisms.
/e best results are obtained by combining all the features
proposed in this paper.
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