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e Used a double-stage attention mechanism
model to predict ozone.

* The model can autonomously select the
appropriate time series for forecasting.

* The model outperforms other machine learning
models and WRF-CMAQ.

* We used the model to analyze the driving
factors of VOCs that cause ozone pollution.
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Ozone is becoming a significant air pollutant in some regions, and VOCs are essential for ozone
prediction as necessary ozone precursors. In this study, we proposed a recurrent neural network based
on a double-stage attention mechanism model to predict ozone, selected an appropriate time series for
prediction through the input attention and temporal attention mechanisms, and analyzed the cause of
ozone generation according to the contribution of feature parameters. The experimental data show that
our model had an RMSE of 7.71 pg/m? and a mean absolute error of 5.97 pug/m?3 for 1-h predictions.
The DA-RNN model predicted ozone closer to observations than the other models. Based on the
importance of the characteristics, we found that the ozone pollution in the Jinshan Industrial Zone
mainly comes from the emissions of petrochemical enterprises, and the good generalization
performance of the model is proved through testing multiple stations. Our experimental results
demonstrate the validity and promising application of the DA-RNN model in predicting atmospheric
pollutants and investigating their causes.
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1 Introduction

The emission of atmospheric pollutants is gradually

increasing with the acceleration of industrialization and
urbanization, and society is becoming increasingly
concerned with environmental issues (Hui et al., 2018).
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Air pollution has evolved into a more complex type of
pollution with a high ozone content. Ozone, as an air
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quality index (AQI) contaminant, has become one of the
most serious environmental pollution issues in many
cities and regions (Ou et al., 2015).

As it is more common in East China, especially during
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summer, ozone has become the primary air pollutant in
urban areas (Wang et al., 2018). High levels of ozone
have negative effects on human health, climate change,
and the ecological balance (Kampa and Castanas, 2008).
Volatile organic compounds (VOCs) and NO, are major
precursors. They catalyze the conversion of oxygen to
ozone, which is affected by several atmospheric variables
such as temperature, humidity, radiation intensity,
particulate matter concentration, and other unclear factors
(Avery, 2006). Each VOC can play a different role during
ozone formation. The complexity of VOCs inevitably
makes this situation extremely complicated and difficult
to predict. The establishment of a reliable ozone
forecasting model, based on the non-linear relationship
between the affecting components and conditions, will be
critically important to predict its formation and set up
strategies for its elimination (Shao et al., 2009).

The establishment of ozone prediction systems is
mainly based on two types of conventional methods:
chemistry-transport models (CTMs) and statistical
methods (Donnelly et al., 2015). CTMs commonly use
the method of solving mathematical equations to
numerically calculate the chemical and physical processes
of pollutant emission, diffusion, and transformation, and
obtain the fitting results of the relationship between the
atmosphere and emissions (Vautard et al., 2007). Gener-
ally, there are three CTMs: the Community Multiscale
Air Quality (CMAQ) model (Byun and Schere, 2006), the
Weather Research and Forecasting model coupled with
Chemistry (WRF-Chem) (Zhang et al.,2010), and the
Nested Air Quality Prediction Modeling System
(NAQPMS) (Ge et al., 2014). CTMs have the merits of
accuracy of the emission inventory and meteorological
data and completeness of the simulated chemical
mechanism (Zhang et al., 2011). It often takes a long time
to perform preliminary preparations and calculation
simulations to obtain accurate results (Liu et al., 2021).
Frequently used statistical methods include the
autoregressive moving average (ARMA) model (Erdem
and Shi, 2011), autoregressive integrated moving average
(ARIMA) model (Kavasseri and Seetharaman, 2009),
multiple linear regression (MLR) (del Carmen Bas et al.,
2017), and geographically weighted regression (GWR)
(Wang et al., 2014). Statistical methods are limited to
capturing the complex nonlinear relationship between air
quality data in a time series regardless of high-
dimensional data (Delle Monache et al., 2006). Mean-
while, both types of methods struggle to solve the
problem of dimension disaster owing to the lack of a
flexible multi-scale framework, resulting in poor
prediction  performance  (Garaud and Mallet, 2011).
Recently, machine learning techniques have become the
standard for researchers to solve problems. For example,
Chen et al. used a combined representation learning
algorithm for the super-resolution reconstruction of face
images (Chen etal.,, 2021). Xiaetal.(2022) used an

improved algorithm to reduce occlusion interference
during target tracking and improve the object recognition
accuracy. Zhang et al. (2022a) used a multi-feature fusion
algorithm to achieve a better success rate and accuracy
than other trackers. Therefore, some researchers have
begun using machine learning models to solve the
problem of forecasting air pollutants. For example, Hu
etal. (2017) estimated ground-level PM, 5 concentrations
in the United States using a random forest model. Ding
etal. (2021) used the CatBoost model to reconstruct
satellite aerosol optical depth (AOD) data. An object
tracking framework with recapture based on correlation
filters and Siamese networks developed by Zhang et al.
(2022b) has application prospects in the visual detection
of environmental pollutants. Wong et al. (2021) used an
XGBoost-based boosting algorithm to predict NO,
concentrations.

Deep learning technology has been developed owing to
its ability to extract features from large amounts of data
using neural networks; this process has the potential to
address the limitations of conventional air quality
prediction methods (Molina-Gomez et al., 2021). Ozone
concentration prediction can be genuinely recognized as a
multidimensional time-series prediction problem from the
perspective of deep learning (Jia et al., 2021). According
to the complexity of the multi-dimensional data series and
the spatiotemporal characteristics of deep learning (Xu
etal., 2021), the main structures suitable for time series
forecasting include the recurrent neural network (RNN)
(Qin et al., 2017), long short-term memory (LSTM)
network (Wang et al., 2021), and gated recurrent unit
(GRU) network (Tao et al., 2019). Based on these stru-
ctures, corresponding models can extract spatiotemporal
characteristics and apply them to air quality prediction
(Reichstein et al., 2019). However, atmospheric pollution
is a complex and long-time scale problem. These
structures hardly capture long-time scale correlations and
identify potential nonlinear relationships to improve
prediction accuracy (Bengio et al., 1994).

In this study, we used a neural network model based on
a double-stage attention mechanism recurrent neural
network (DA-RNN) to predict ozone concentration. This
model appropriately captures the long-term temporal
dependence based on the previous values of the multi-
dimensional time series and multiple driving sequences,
and selects the relevant driving sequence for prediction.
The importance and relevance of all characteristics to
ozone were analyzed, and multiple evaluation standards
were selected to assess the accuracy of the model
prediction. The performance of the optimized DA-RNN
model was compared with that of the CMAQ for the final
test and verification. The main contributions of this study
are as follows: 1) The DA-RNN model was used to
accurately predict the ozone concentration in the Jinshan
Industrial Zone. 2) Based on the importance of these
features, we found that petrochemical enterprises were
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the main causes of ozone pollution in the Jinshan
Industrial Zone. 3) The model has a good generalization
performance and good application prospects in the field
of ozone prediction.

In total, 8760 records were shared in the final dataset.
Seventy percent of the data were used as the training set
and the remaining 30 % as the testing set to evaluate the
prediction performance of the model.

2 Study station and dataset

2.1 Research station and monitoring data
The selected station in this study was Jinshan station,
which is a representative atmospheric monitoring site in
the Shanghai Chemical Industry District. Shanghai, a
chemical industry district, is located near the southern
border of Shanghai, north of Hangzhou Bay, and close to
the East China Sea. With a planned area of 29.4 km? and
a management area of 36.1 km?2, it ranges within the
Jinshan and Feng Xian districts. Jinshan is located near a
chemical engineering park and has high research value.
Therefore, except for ozone, significant precursors,
including hourly monitoring data for NO,, CO, PM,,,
PM, ;, and VOCs, were identified. Weather conditions,
including wind speed, temperature, humidity, and
radiation intensity, which could promote ozone
formation, were also recorded. To study the model’s
generalization performance, we also studied the Jinshan
industrial district station and Jinshan boundary station,
using the same data categories as for the Jinshan station.
All data were obtained from the Shanghai Jinshan
Environmental Monitoring Center. Fig. 1 shows scatter
plots of hourly ozone concentration values versus NO,,
CO, PM,,, PM, ;, wind speed, temperature, humidity, and
radiation intensity; there was a significant non-linear
relationship  between the wvariables and ozone
concentration. The data were used as training and test sets
for the DA-RNN model.

2.2 Data preprocessing

The dataset used in this study contained outliers removed
from the original records. However, the maintenance of
equipment at a station can result in missing values.
Therefore, in order to make the dataset as realistic as
possible, the missing data must be filled in. Furthermore,
it is well known that the variation in atmospheric
pollutant concentrations can be considered a continuous,
non-discrete process. Therefore, we can choose linear
interpolation to complete the missing data. The linear
interpolation equation is as follows:

Y=
Y= Yot m—— (1= x), (D
.X| - .xO
where (x,, y,) and (x;, y,) are the coordinates of the two
points before and after the value to be filled, and (x, y) are
the coordinates of the points that need to be suppleme-

nted.

3 Method

In this study, the model was divided into two parts based
on the input attention and temporal attention mechanisms.
In the first stage, a new input attention mechanism that
can automatically select a suitable time series was
introduced. In the second stage, we used a temporal
attention mechanism to select the relevant encoder hidden
states across all time steps. Through these two attention
mechanisms, the DA-RNN can adaptively select the most
relevant input features and capture the long-term temporal
dependence of the time series. A flowchart of the DA-
RNN model is shown in Fig. 2. The details of the double-
stage attention mechanism recurrent neural network are
described in Algorithm 1.

Algorithm 1: DA-RNN Algorithm
Input: A set of multivariate time series: {x!,x2,--. ,x"}
time step: ¢ ; the parameter of model: 6
Output: The predicted result: y;

1 for each traing iteration do
2 for t steps do
3 Compute Z; by the previous hidden state h;_; and
4 Input attention Layer:
5 Xy = (atlztlva?xtzv“' va?l‘?)T
6 Then into the encoder LSTM unit.
7 Compute ¢; by the previous hidden state h;—; and
8 Temporal attention Layer:
9 = Yry Bihi
10 The generated context vector ¢; is then used as an
11 input to the decoder LSTM unit.
12 Compute y; to the given target sequence
13 {y1,92,...,yr} and ¢ :
14 Yi=w[Ye_1;c1] + b
15 The output y; of the last decoder LSTM unit is the
16 predicted result.
17 end
18 end
3.1 Input attention mechanism

The input attention mechanism captures dependencies on
a multidimensional time series. For the time series,
X =(x1,%s,...,x7) with x, € X. There is mapping from x,
to A, (at time step #) with

ht = f(hz—lsxt)a (2)
where 4, is the hidden state of the input attention layer at
time ¢ and f is the non-linear activation function of the
LSTM. Each LSTM is controlled by the control unit C, at
time 7. Access to the control unit is controlled by three S-
shaped doors: the forget gate £, input gate i,, and output
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Fig. 1 Scatter plot of ozone concentration versus other variables.

gate o,. The status update of LSTM can be represented by
the following equations:

fi=o (W lh s x]+Dby), ©)
iy =0 (Wi [h_i;x]1+D), “4)
C, = tanh (W - [h_i;x,]+bc), (5)
C,= f*C_, +ixC,, (6)

o,=0 (W, [h_;x]1+Db,), (7
h, = o,xtanh(C,), (8)

where [A,_,;x,] is the gate that reads the last hidden state
h., and the current input x,. W, W, W.,and W,, and
by, bi,bc,and b, are the parameters that the model must
learn. o is the sigmoid function that is used as the
activation function of the neural network to map variables
between 0 and 1. There is one memory cell per LSTM
cell with state C, at time ¢. C, represents the cell state
update value obtained from input data x, and hidden state
h,_,. The reason for choosing LSTM is that it can
overcome the problem of gradient disappearance caused
by a long time, to better capture the correlation of time
series over a long time span.
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Fig.2 Flow chart of the DA-RNN model.

In this structure, we use an algorithm based on input
attention, which can adaptively select the relevant time
series, given the k-th input time series x* = (xf,x5,...,x%),
by reading the previous hidden state h,_, and unit state
C,_, in the LSTM cell; thus, we can construct the input
attention mechanism through the model:

et =vitanh(W, - [h_;Coi]+ U2, 9)
f = ?(Lef)i’ (10)
rexple))

where v,, U,, and W, are the parameters that the model
must learn. ¢f is the attention weight of the k-th input
sequence at time 7. @f is the attention weight, which
measures the importance of the k-th input time series at
time ¢. In Eq. (10), we use the softmax function to ensure
that the sum of all the attention weights is 1. Using these
attention weights, the driving sequence can be extracted
adaptively.
According to this structure, we obtain a time series with
attention by combining the attention weights:
= (a'x' ,a’x,...,a"x").

(11)

According to the obtained %, A, is updated as follows:

h =f(h_,%). (12)

Therefore, in the input attention mechanism, the

relevant time series can be selected according to the
attention weight for the subsequent training.

3.2 Temporal attention mechanism

To make accurate predictions, we introduced an LSTM
structure based on an RNN in the temporal attention
mechanism. As the length of the time series increases, the
performance of the model decreases rapidly. Therefore,
we used a temporal attention mechanism to adaptively
select the appropriate hidden state at the time step. By
reading the previous hidden state /,_; and unit state C,_, in
the LSTM cell, we constructed a temporal attention
mechanism using the following model:

li = Vgtanh(Wd[hH; C1+ U h), (13)

p= 2l (14)

3 exp(l)
where v,, W,, and U, are the parameters that the model
must learn. ' is the temporal attention weight of the i-th
input sequence at time 7. S represents the importance of
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the i-th encoder hidden state for prediction. In eq. (14),
we use the softmax function to ensure that the sum of all
the temporal attention weights is 1.

Then, we obtain the context vector ¢, according to the
time attention weight S and all hidden state sequences
(h,hyy.. . hy):

T
¢, = Zﬁjh,.. (15)
i=1
Then, according to the given target sequence (y;,s,...,
yr), combined with the context vector, the predicted
sequence can be obtained as follows:

Ve =W Ce-n] +b (16)
where [y,_;c,.,] is a concatenation of the target sequence
v, and the context vector c¢,_;. The parameters w and b
were obtained by training the model. The calculated vy,
can be used to update the hidden state h, at time ¢ as
follows:

h/:f(ht—layt)~ (17)

The newly obtained hidden state 4, is used for the next
prediction, and the prediction sequence is finally
obtained. f is an LSTM cell that can be computed using
Eqgs. 3)—(8).

The input sequence of the model was the concentration
of various pollutants and meteorological parameters per
hour; the time step was set to 24, and the output sequence
was the ozone concentration within the predicted time
period.

3.3 Comparison with other machine learning models and
WRF-CMAQ models

Machine learning models have been widely used to
predict air pollutant concentrations. To prove the
prediction performance of the model used in this study,
we selected CatBoost, LightGBM, LightGBMLarge,
XGBoost, Random Forest, ExtraTrees, NeuralNet, KNeig-
hbors, and several common machine learning models for
comparison.

Traditional chemistry-transport models are still widely
used, so we also compared the WRF-CMAQ model,
including the Weather Research and Forecasting Model
(WRF; version 3.7), Sparse Matrix Operator Kernel
Emission System (SMOKE; version 3.7), Model of
Emissions of Gases and Aerosols from Nature (MEGAN;
version 3), and Community Multi-scale Air Quality
Modeling System (CMAQ; version 5.3.2).

Three levels of nesting were adopted for the simulation
area of the model. The center latitude and longitude was
120.3 °E, 33.7 °N; we used the Lambert projection; the
horizontal resolution of the three levels of nesting was
36 km, 12 km, and 4 km, respectively. The grid numbers
were 185 x 148, 147 x 240, and 204 x 228. The model
adopted the Yonsei University (YSU) scheme to
parameterize the boundary-layer process (Hong etal.,

2006). The parameterizing interaction of the land-
atmosphere was generated using the Noah land surface
scheme (Ek et al., 2003). The Purdue-Lin microphysical
scheme was used to reproduce cloud and precipitation
processes (Efstathiou et al., 2013). Meteorological input
data were obtained from the meteorological reanalysis
data (FNL) of the National Center for Environmental
Prediction (NCEP) with a grid resolution of 1° x 1° and a
time resolution of 6 h. The emission inventory was
obtained from the 2017 National Air Pollution Source
Emission Inventory of Tsinghua University (MEIC). On
this basis, RRTM long-wave (Chin etal.,2002) and
Goddard shortwave (Mlawer et al., 1997) radiation
schemes were used to reflect the radiation situation.

3.4 Model evaluation method

To measure the effectiveness of the time-series
forecasting method, three distinct evaluation indicators
were used to assess the differences between the predicted
and observed values. The three evaluation indicators were
the mean absolute error (MAE), root mean square error
(RMSE), and Pearson correlation coefficient (PMC).

The MAE is the sum of the absolute values of the
difference between the target and predicted values. The
calculation formula is as follows:

1 m
MAE = — i = A" N 18
. Z (=90 (18)
where y; is the value of the i-th forecast, §; is the value of
the i-th observation, and m is the total amount of data.
The RMSE was used to measure the error between the

target and predicted values. The calculation formula is as

follows:
RMSE = 1 Zml i =9)
m - i il

where y; is the value of the i-th forecast, §; is the value of
the i-th observation, and m is the total amount of data.
The lower the MAE and RMSE, the higher the prediction
accuracy of the model.

The Pearson correlation coefficient is generally used in
the feature selection stage before training to determine the
linear relationship between the features. This is calculated
as follows:

(19)

Cov(X,Y)
\VDX)VD(Y)

where X,Y are two variables that require correlation
coefficients, Cov(X,Y) is the covariance of X and Y; D(X)
is the variance of X, and D(Y) is the variance of Y.

PMC = (20)

4 Results and discussion

To cover most factors affecting ozone generation, we se-
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lected hourly monitoring data, including reacting sub-
stances (NO,, CO, PM,,, PM, ¢, and typical VOCs), resul-
ting ozone concentrations, and weather conditions (wind
speed, temperature, humidity, and radiation intensity)
from the Jinshan station in 2020. The Photochemical
Assessment Monitoring Station (PAMS) program
introduced 57 species of VOCs, which are prone to
photochemical reactions for easy detection. Accordingly,
33 VOC species were selected: ethane, propane, n-butane,
isobutane, n-pentane, isopentane, n-hexane, n-heptane, n-
octane, 2,2 4-trimethyl pentane, 2,3,4-trimethyl pentane,
ethylene, acetylene, propylene, cis-2-butene, trans-2-
butene, 1,3-butadiene, isoprene, benzene, toluene, ethyl
benzene, ortho-xylene, styrene, 1,2,3-trimethylbenzene,
1,2,4-trimethylbenzene, 1,3,5-trimethylbenzene, cumene,
n-propylbenzene, 1,1-dichloroethane, 1,2-dichloroethane,
trichloroethylene, perchloroethylene, chlorobenzene, and
1,2,4-trichlorobenzene.
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4.1 Analysis of feature correlation

In essence, the machine learning model completes the
prediction by mining the correlation between the features
and the predicted values. If a certain set of features and
predicted values are completely independent, then it is
useless for modeling. Therefore, it was necessary to
verify the correlation prior to training. In this study,
characteristic correlation analysis enabled us to unders-
tand the correlation between different pollutants in
Jinshan. The Pearson correlation heat map shown in Fig. 3
proves a good non-linear relationship between the
selected species, which provides theoretical support for
follow-up work.

4.2  Analysis of feature importance

In machine learning, it is essential to analyze the
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importance of the features in the training model to
improve the generalization ability of the model and the
understanding of model features. Based on this model, the
importance of features can help us understand the relative
contributions of different species and conditions to ozone
formation in Jinshan.

Fig. 4 shows a graph of the importance of weights of
different features for the ozone concentration. For
convenience, we divided VOCs into alkanes, olefins,
aromatic compounds, and chlorinated compounds. As
shown in Fig. 4(a), VOCs, as a large category of features,
had the highest impact on ozone, indicating that changes
in the concentration of VOCs had the greatest impact on
ozone. Therefore, we can infer that the Jinshan station is
in a VOC-controlled area. The Shanghai chemical
industry zone is dominated by petrochemical and other
chemical plants, and the main pollutants emitted by the
petrochemical industry are alkanes and aromatic
compounds, which accounted for more than 50 % of the
importance of VOCs. Developed industries are often
accompanied by massive energy consumption and
transportation needs; therefore, olefins and chlorides also
account for an essential portion of the critical weight of
VOCs. At the same time, the impact of radiation intensity
on ozone also has a higher weight because radiation can
accelerate photochemical reactions and the production of
ozone (Atkinson, 2000). As NO, plays a similar catalytic
role in the formation of ozone, the amount of NO, directly
affects the ozone yield. Fig. 4(b) shows that alkanes and
aromatic hydrocarbons, as the two species with the
highest percentages, have a combined importance of over
50 %, which indicates that ozone pollution in the Jinshan
Industrial District is mainly influenced by VOCs from
petrochemical enterprises and vehicle exhaust emissions.
Fig. S1 shows the importance of each of the 33 VOC
species.

4.3 Predictive performance of the model

We set the batch size to 128, epochs to 300, and learning
rate to 0.001. The software environment of the model was
Python 3.8, Pytorch 1.8.1, and CUDA 11.1. The total
training time was 900 s.

We used the model to predict the ozone concentration
at 1, 2, 3, 6, 12, and 24 h on the test set. Both MAE and
RMSE increased with an increase in forecast duration
(Table 1). The MAE was between 5.97 ug/m? and
14.71 pg/m3; the RMSE was between 7.71 pg/m3 and
20.57 pg/m3. Accordingly, R? gradually deviated from
0.958 to 0.699. In conclusion, the model indicated a high
prediction accuracy in 1 h. Although the prediction
performance gradually weakened, it was still possible to
accurately predict the ozone concentration within a period
of time.

Fig. 5 shows the scatter plots for different forecast
durations that illustrate the correlation between the
forecast and observed values. The dashed line represents
the perfect case, where the predicted value is equal to the
observed value, the color represents the density of points,
and the model’s prediction performance gradually
decreases as the prediction duration increases. However,
at 24 h, there was still a strong correlation between the
predicted and observed values.

4.4 Performance of the model at low and high ozone
values

To verify the performance of the model in predicting low
and high values, we selected July and August as the
typical months with high ozone values and November and
December as the typical months with low ozone values.
In Shanghai, ozone pollution incidents occur frequently,
especially during summer when the peak ozone concentra-
tion exceeds 250 pg/m3. In winter, the ozone concentra-
tion is low because of the weak sunlight and low
temperature. Fig. 6 shows a comparison between the
model’s predicted hourly ozone concentration and the

We used an RTX3060 graphics card for model training. observed values in July, August, November, and
0],
(a) 57 % 47 %06 % (b) 223 %
849 242 % -
NO,
36.6 % == CO
PM,,
Alkanes
b == Olefin
- i ds d Aromatic compounds
1nd spee mm Chlorinated compounds
Temperature
Humidity
Radiation 19.6 %
29.1 %
09% s \
7.8 % 6.2 % 339 %
Fig. 4 Importance weight of different features on ozone concentration. (a) Importance weight of all features on ozone

concentration, (b) importance weight of the four types of species in VOCs on ozone concentration.
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Table 1 Forecast performance changes with forecast duration

Time (h) MAE (ug/m?3) RMSE (ug/m3) R?

1 597 7.71 0.958
2 6.54 9.18 0.940
3 7.59 10.95 0.914
6 9.54 14.11 0.858
12 13.13 17.98 0.770
24 14.71 20.57 0.699

December 2020. The predicted values of the ozone
concentration in most time periods were comparable to
the observed values. The RMSE values for July, August,
November, and December were 11.72 pg/m3, 8.91 pg/m?3,
9.04 pg/m3, and 7.85 pg/m3, respectively. The results
show that the DA-RNN model can be used to predict
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ozone concentration over a short period of time.

However, as shown in Fig. 6, Jinshan Station had ozone
peaks exceeding 250 pg/m? in some time periods in July
and August 2020. For example, at 16:00 on July 3, 2020,
the observed value was 281.46 pg/m3 and the predicted
value was 196.37 pg/m3. At 18:00 on August 24, 2020,
the observed value was 262.43 pg/m3 and the predicted
value was 192.48 ug/m3. As shown in Fig. 6, during the
period when the ozone concentration was low, the
prediction performance of the model was better. There-
fore, the model can make accurate predictions for low
ozone values but is not suitable for prediction at extre-
mely high ozone values. Extremely high values appear
less frequently in the training set, which could account for
the model’s impaired performance in identifying the
characteristics at high ozone concentrations.

Figs. 7(a)-7(c) shows the prediction performance of the

2h ] High
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Fig. 5 Observed vs. predicted values of ozone concentration.
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DA-RNN model at different sites. For example, the
RMSE (ug/m3), MAE (ug/m?), and R? values of the
Jinshan Industrial District Station were 9.49, 6.63, and
0.95, respectively; the corresponding values of the
Jinshan Boundary Station were 10.91, 8.39, and 0.93,
respectively. This shows that the DA-RNN model has
good generalization performance.

4.5 Comparing results with other models

Table 2 presents a comparison of the 1 h prediction
performance of the DA-RAN model and other machine
learning models. The DA-RNN model shows a significant
improvement in the evaluation indicators of R2, MAE,
and RMSE compared with the other models. We
speculate that this is due to the excellent ability of the
DA-RNN model to capture multidimensional time-series
features, and its performance on training sets with more

dimensions is significantly better than that of other
models.

We compared the prediction results of the DA-RNN
model with those of the WRF-CMAQ model. As the
simulation results of WRF-CMAQ are time-consuming,
we chose only two representative months, July and
November, 2020. We selected the grid points closest to
Jinshan station and used the ozone concentration data at
the grid points as the predicted values of the model. As
shown in Fig. 8, the ozone concentration predicted by the
DA-RNN model was closer to the observed value than the
WRF-CMAQ model in most time periods, and the ozone
concentration predicted by the WRF-CMAQ model was
generally lower than the observed value. For extremely
high values, neither the DA-RNN model nor the WRF-
CMAQ model could predict very well, which was caused
by too few extremely high-value samples.

Table 3 lists the prediction performance of the WRF-
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Table 2 Predictive performance of other machine learning models
and the DA-RNN model

Model R? MAE (pug/m?) RMSE (ug/m®)
DA-RNN 0.958 597 7.71
CatBoost 0.901 8.46 13.25
LightGBM 0.896 8.72 13.61
LightGBMLarge 0.889 8.96 14.07
XGBoost 0.888 9.08 14.14
RandomForest 0.848 10.93 16.43
ExtraTrees 0.842 11.2 16.8
NeuralNet 0.832 11.39 17.31
KNeighbors 0.748 14.19 21.19

CMAQ and DA-RNN models. Both models have better
predictions for low-value time periods, and the prediction
performance of DA-RNN is better than that of WRF-
CMAQ. Owing to the impact of the accuracy of the
emission inventory, the accuracy of the meteorological
data, and the completeness of the simulated chemical
mechanism, WRF-CMAQ cannot predict the ozone
concentration well, and it takes a long time to calculate.
Compared with WRF-CMAQ, DA-RNN can predict
future ozone concentration by learning the existing data
samples to determine the dependencies and importance
weights of features, which can efficiently and
conveniently achieve good prediction results.

5 Conclusions

Currently, ozone has surpassed PM, s and is the primary
pollutant in some high-incidence seasons. Therefore, it is

important to conduct real-time forecasts and ozone
monitoring and study the direct synergistic relationship
between ozone precursors and ozone reduction. In this
study, we used a double-stage attention-based recurrent
neural network (DA-RNN) to monitor and forecast ozone
in real time and analyze the importance of these features.
This model appropriately captures the long-term time
dependence based on the previous value of the time series
and multiple time series and selects the relatively
important time series for prediction.

We calculated the results of different prediction
periods, RMSE, MAE, and R? to assess the predictive
performance of the model. The results showed that the
short-term prediction results of the DA-RNN model were
more accurate. Within the most precise prediction time
(1 h), the values of MAE, RMSE, and R? were 5.97 pug/m3,
7.71 ug/m3, and 0.958, respectively. The model’s accuracy
decreased as the forecast time increased but still had good
accuracy in the 24-h forecast, with MAE, RMSE, and R?
values of 14.71 pg/m3, 20.57 pg/m3, and 0.70, respec-
tively. By analyzing the importance of the characteristics
of the Jinshan Industrial Zone, we found that ozone
pollution in this site comes from other ozone precursors
such as VOCs in the petrochemical industry. We explored
the relationship between the concentrations of precursors
and ozone based on the usual ozone prediction. We
predicted the relationship between the concentration
change of ozone and the evolution of the precursor
concentration. Therefore, our model can effectively help
environmental protection departments monitor and
provide early warnings of ozone pollution and take
targeted preventive measures.

To verify the model’s prediction performance, we
compared the DA-RNN model with other machine
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Table 3 Predictive performance of the WRF-CMAQ and DA-RNN
models

1-31 Jul 2020 1-30 Nov 2020

WRF-CMAQ DA-RNN  WRF-CMAQ DA-RNN

MAE (ug/m?3)
RMSE (ug/m?)

31.22
43.03

7.03
11.72

27.15
33.38

6.74
9.04

learning models. The DA-RNN model outperformed
other machine learning models in 1-h predictions. We
also compared the DA-RNN model with the WRF-
CMAQ model. In the two representative months we
selected, the average RMSE and MAE of the DA-RNN
model were 8.63 ug/m3, which was much lower than the
33.70 pug/m? of WRF-CMAQ. Compared with the WRF-
CMAQ model, the DA-RNN model requires less data for
prediction, is shorter and more time consuming, and has
better versatility. To verify the generalization perform-
ance of the model, we selected three different types of
stations for the experiments. In the 1-h prediction
performance of the three sites, MAE, RMSE, and R?
outperformed the other machine learning models. The
excellent performance of the DA-RNN model in terms of
generalization ability and generality was explained.

Owing to the structure of its deep neural network, the
DA-RNN model can identify complex synergistic and
nonlinear relationships from the concentration data of
different pollutants through learning. Therefore, com-
pared to traditional models, it can predict the concentra-
tion of pollutants more efficiently and accurately.
However, owing to the limitation of the number of
samples in the training set, the model cannot predict a
high concentration value. Further research can improve
the performance of the model in predicting extremely
high values by collecting samples with extremely high
values.
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