Frontiers of Environmental Science el Engineering
2025, 19(12): 169 https://doi.org/10.1007/s11783-025-2089-1

RESEARCH ARTICLE

Data-driven machine learning quantifies ozone transport in the
Hangzhou Bay urban cluster

— m ring

Yuanxin Zhang'!, Shuwei Zhang?, Song Gao < %, Zhukai Ning?, Zheng Jiao*>, Qing Hu < !

1. State Key Laboratory of Soil Pollution Control and Safety, School of Environmental Science and
Engineering, Southern University of Science and Technology, Shenzhen 518055, China

2. School of Environmental and Chemical Engineering, Shanghai University, Shanghai 200444, China

3. Shanghai Applied Radiation Institute, Shanghai University, Shanghai 200444, China

HIGHLIGHTS Metcoologca Data

S ("\'E }\
* The Bi-LSTM model can identify and quantify the @ e —

regional ozone transport. ot Emions - Chemey
 The meteorological removal method can identify
regional ozone transport drivers. Meteorological Standardized Data
* Ozone pollution characteristics are related to ?
economics and geography.
* One-quarter of Shanghai’s June ozone is Fﬁ
transported from other cities. -
* Regional ozone transport is evident on heavily
polluted days.

g
150 SH-Remove all = Remove 0y anspors

ﬂ&

Bi-LSTM

ABSTRACT: Severe ozone (O5) pollution has always been a serious problem faced by areas with rapid
economic development, and the regional Oj transport between cities is a major cause of this problem.
Therefore, we used a bidirectional long short-term memory (Bi-LSTM) model to quantitatively identify
the regional O; transport in Hangzhou Bay, China. Combined with the meteorological removal method,
we were able to model O; concentrations that were not affected by transport. The contribution of
regional transport to Shanghai’s O, was quantified and validated using two different simulation schemes,
which yielded highly consistent results of 18.41 pg/m3 (24% contribution) and 20.52 pg/m3 (27%
contribution). According to the model simulation results, we found that approximately 24% of the O,
pollution in Shanghai originates from other cities in the summer when the O pollution is high. In
addition, the regional O, transport was mainly concentrated during the high-value weather of O,
pollution in Shanghai, and transport on non-pollution days was not apparent. Therefore, the regional O,
transport from other cities is an important source of O; pollution in Shanghai. Overall, our study
demonstrates the potential of machine-learning models coupled with meteorological removal for
quantifying the inter-city influence of atmospheric pollutants.
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1 Introduction

With the rapid development of China’s economy,
industrialization and urbanization have accelerated. As
a result, the population and number of motor vehicles
have shown a clear growth trend, resulting in a sharp
increase in air pollutant concentrations (Song et al.,
2017). Among them, near-ground O, concentrations
have increased rapidly (Li et al., 2018a). Owing to the
critical impact of O, on health (Cohen etal., 2017),
ecology, and the climate, scholars and policymakers in
China and abroad have made great efforts to reduce and
control it (Guan et al., 2021). For example, after China
formulated the Air Pollution Prevention and Control
Action Plan (APPCAP) in 2013, the ozone (O,)
concentration gradually increased, so the APPCAP
began to pay more attention to the coordinated control
of O; and PM, (Zhao etal., 2021). Europe is also
taking action on O, pollution, with the rising O, levels
posing a significant public health problem in EU-28
cities (Sicard etal.,, 2021). However, the current O,
reduction and control efforts on a national scale are not
significant because of the increase in background O,
concentrations globally (Zhu et al., 2017). As a region
with severe recent O, pollution (Lu etal., 2019), O,
pollution research in China has attracted attention (Gao
etal., 2016). Pollutant transport plays a vital role in O,
formation (Wang etal,, 2017) including in several
heavily polluted regions in China such as the
Beijing—Tianjin—Hebei urban zone, the Yangtze River
Delta, and the Pearl River Delta (Zhu et al., 2022).

In recent years, signs of photochemical smog
pollution have been found in different parts of China,
and the average and maximum concentrations of Os,
frequency of limit exceedances, and duration of high
values have been increasing annually in regions with
rapid economic development (Qi etal., 2023). High
concentrations of O, can produce photochemical smog
pollution and endanger human health (Liu etal.,
2021b). In addition, O; can be transported inter-
regionally by air currents, thereby affecting other
regions and cities and causing a series of environmental
pollution problems (Xue etal., 2014). For example,
long-range O; emissions contribute to California
(USA)’s increased mortality burden from air pollution
(Wang etal., 2019). Although O, pollution events
usually occur in densely populated and industrialized
regions, high concentrations of O, and its precursors
migrate from one region to another via atmospheric
transport (Foret et al., 2014), increasing surface-O,
concentration in the Yangtze River Delta by 50 pg/m3
(Zhao et al., 2022). Therefore, quantifying inter-

regional O, influence is particularly important for
combating O; pollution and providing strategic
guidance for future atmospheric O; pollution control
measures (Jiang et al., 2012).

However, to understand air quality and control O,
pollution in real-time, traditional O, concentration
monitoring technology mainly relies on traditional
single-point instruments to obtain near-ground O,
concentration trends (Gao etal.,, 2017), with mete-
orological data for backward trajectory analysis (Zhang
et al., 2019) and the use of chemistry-transport models
(CTMs) to simulate the process of O, transport and
generation (Hu et al., 2018). Because CTMs are
affected by emission inventories, complex chemical
mechanisms, and other factors, obtaining more accurate
results often requires considerable time to prepare and
calculate. Researchers use machine learning to replace
gas-phase chemistry solvers in CTMs can reach the
highest acceleration of 85.2 times (Liu et al., 2021a). It
is difficult to apply CTMs to some complex studies,
particularly retrospective, multi-scenario analyses of
inter-city transport. The primary challenges are their
high computational cost and a strong dependence on
emission inventories, which can have significant
uncertainties. Therefore, we need to find new
approaches to address the limitations of CTMs.

Recently, machine learning has attracted the attention
of researchers owing to its powerful ability to resolve
complex data patterns (Zhong et al., 2021), making it
possible to overcome the limitations of traditional
methods on pollutant transport effects and provide new
opportunities for environmental pollution research (Liu
et al., 2022). For example, a spatiotemporal weighted
machine-learning method was used to obtain China’s
daily 1 km surface NO, concentrations (Wei et al.,
2022). A machine-learning approach was applied to
analyze potential causal relationships between COVID-
19 severity and environmental factors (Kang et al.,
2021). A data-driven machine-learning approach was
used to predict emergent contaminants in the aquatic
environment (Tong etal.,, 2022). Machine learning
directly learn from the data and neural networks can
learn almost all kinds of functions, which therefore can
capture much more complicated relationships than pre-
defined mechanisms. Compared to traditional methods,
machine-learning methods reduce the reliance on
emission inventories, relying only on large amounts of
historical monitoring data to obtain complex nonlinear
relationships between variables and O, (Pak etal,
2020). Additionally, compared to traditional models,
machine-learning models save much computational
time and computational resources (Wang et al., 2021)
and are supported by big data models, showing better
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performance and accuracy (Reichstein et al., 2019). Air
quality data can be thought of as a time series dataset.
Quantitatively identifying the regional O, transport
relies on fitting the relationship between space—time
and O; concentration. Commonly applied machine-
learning models for time series include recurrent neural
networks (RNNs) (Feng et al., 2019), long short-term
memory (LSTM) networks (Kim etal.,, 2019), and
gated recurrent unit (GRU) networks (Tao et al., 2019).
In the above models, air quality data are only
transmitted in one direction in the model, and there is a
lack of interpretation of the relationship between future
and past data. Therefore, their fitting results are often
not satisfactory (Qu et al., 2022).

In this study, a machine-learning model based on a
bidirectional LSTM (Bi-LSTM) model was used to
identify and quantify the regional transport effects of
O;. It is important to note that this framework is
designed for efficient retrospective analysis, not real-
time forecasting. As a data-driven approach, it offers a
computationally efficient alternative to CTMs that does
not rely on emission inventories for historical
quantification. Unlike traditional RNN and LSTM
models, which can only capture the relationship
between variables in one direction, Bi-LSTM can better
capture the nonlinear relationship between variables
and pollutant concentrations in both forward and
reverse directions (Siami-Namini et al., 2019). We used
a trained model, changed the feature variables that are
closely related to the transport effect, and evaluated the
change in the model output to quantify the O, transport
influence.

2 Study area and dataset
2.1 Study area and monitoring data

We chose to study the Hangzhou Bay city cluster
throughout 2020. The Hangzhou Bay urban agglo-
meration includes the cities of Shanghai (SH),
Hangzhou (HZ), Ningbo (NB), Shaoxing (SX), Jiaxing
(JX), Huzhou (HuZ), and Zhoushan (ZS), with a land
area of approximately 45400 km?, total population of
over 70 million, and GDP of over RMB 9 trillion yuan
by 2021. Figure 1 shows the GDP and year-on-year
growth of the Hangzhou Bay urban agglomeration in
2021. As one of the regions with the fastest economic
growth in China, Hangzhou Bay has experienced
increasingly severe air pollution, represented by O,
pollution in recent years (Xue et al., 2023). As the most
economically developed city, Shanghai is affected by
O, pollution year-round. In addition to the local
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Fig. 1 GDP data of the Hangzhou Bay urban agglomeration. The

histogram represents the total GDP, and the line chart represents the
year-on-year growth rate.

generation of O, pollution, a considerable part of it is
transported from surrounding areas, which is especially
evident in economically developed areas (Suciu et al.,
2017). Therefore, studying O, transport in rapidly
developing economic areas can help identify prevention
and control opportunities for O, pollution.

Hourly air quality data in the study area were
obtained from the National Urban Air Quality Real-
time Release Platform of the China National Environ-
mental Monitoring Station (CNEMC). The data
assurance, data quality, and instrument operation
strictly followed the National Ambient Air Quality
Standard (GB3095-2012). The air quality data content
included the one-hour average concentration of PM, s,
PM,,, SO,, NO,, O;, and CO and the air quality index
(AQI) at seven urban sites. The calculation method of
AQI strictly followed the Technical Regulations on
Ambient AQI (HJ633-2012). Meteorological data from
the integrated surface database (ISD) of the National
Climatic Data Center, including air temperature, dew
point temperature, sea level pressure, wind direction,
wind speed, cloud cover, and precipitation, were also
used in this study. These data are provided as hourly
averages and strictly follow NOAA Information Quality
Guidelines in terms of data quality and data assurance.

2.2 Data preprocessing

We selected and reviewed meteorological and air
quality data from the monitoring stations within each
city. We eliminated abnormal data caused by
instrument and sensor failure. However, when
encountering routine maintenance activities such as
calibration of monitoring instruments, communication
failures, or power outages, some sites may experience
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data loss. Therefore, we used data imputation to fill in
the missing data to obtain the complete dataset. We
chose the method of linear interpolation to fill in the
missing data shown in Eq. (S1). When the station data
are missing for a period (e.g., over 24 h), the time-series
data filled by linear interpolation may not reflect the
hourly variation of O;. Therefore, we treat data missing
for more than 24 h as anomalous data to be excluded.
Shanghai has one of the largest economies and the most
serious O, pollution in Hangzhou Bay. Consequently,
the study of O, transport in Shanghai is significant for
O, control throughout Hangzhou Bay and even the
Yangtze River Delta region. We used the O,
concentration in Shanghai as the target value, and all
other data were used as characteristic variables for
simulation.

To obtain a reliable and stable model, cross-
validation (CV) was used to evaluate the performance
of a machine-learning model (Roberts et al., 2017). To
solve the problem that the data recorded by air pollution
monitors exhibit space—time dependence, researchers
proposed the leave-one-location-out (LOLO) CV
method (Watson etal,, 2019). We evaluated the
predicted performance of the Bi-LSTM model using
LOLO CV where the data of one of the cities are the
validation set and the data of the other six cities are the
training set. Each city was used once as a validation set,
and seven CV datasets (CV 1-7) were constructed with
8760 datapoints each. Additionally, we chose the
random forest (RF) model and the LSTM model to use
the same dataset for validation to compare to the Bi-
LSTM model. Additionally, we chose the RF model
and the LSTM model to use the same dataset for
validation to compare to the Bi-LSTM model.
Furthermore, to rigorously assess the model’s temporal
generalization ability, we conducted an independent-
validation (IV). For this, the model was trained on the
entire 2020 dataset and then tested on the complete,
unseen dataset from 2021.

3 Methods
3.1 Bi-LSTM model

As a specific RNN model, the LSTM network is
modeled by capturing the nonlinear relationship
between the long-term input and output data. Through
the feedback mechanism, the LSTM model can learn
from the data in the past and establish the expected
model of the past and current data through the multiple
gate-structured network architecture. Recently, an
increasing number of researchers have used LSTM

models in air quality research. This is because they can
learn from historical air quality data and have achieved
excellent performance in air quality prediction and air
pollution driver analysis. For example, Han etal.
(2021) used an LSTM model to evaluate the effects of
air pollution control regulations in Beijing, China.
Zhang et al. (2022) used a modified LSTM model to
accurately predict air pollutants. Wang etal. (2021)
used an LSTM model to obtain a high-resolution PM, ¢
distribution in China. However, we found that the
traditional RNN and LSTM network that transfer
information from front to back have limitations in many
studies. For example, in the study of the driving factors
behind air pollution, future air quality data must be
considered because of the hysteresis effect among
pollutants. To solve this problem, two LSTM networks
(forward and reverse) were designed, which are
designated as the Bi-LSTM model. The idea is to
connect the same input sequence to the two forward and
successive LSTMs and then connect the hidden layers
of the two networks to access the output layer for
prediction.

Typically, each LSTM is controlled by a control unit
C, at time ¢. Three gates control access to the control
unit: a forget gate f,, input gate i,, and output gate o,.
The forget gate decides whether to retain the current
learning information. The input gate specifies the
addition of new information to the learning process.
The output gate controls whether the current learning
information benefits from the output. Egs. (S2)—(S7)
represent the state update of the LSTM.

As shown in Fig. 2(a) the Bi-LSTM model extends
the LSTM model described above, which consists of a
forward layer and backward layer as a two-layer LSTM
network. Learning long-term dependencies and fully
considering the impact of future data on current data
can improve the accuracy of the model through forward
and reverse contributions to the input data. It is crucial
to clarify the conceptual role of the Bi-LSTM in this
framework. The model's bidirectional processing of the
time series is not intended to simulate the physical
direction of transport (i.e., upwind vs. downwind).
Instead, its purpose is to learn the most complete and
accurate representation of the regional system's
temporal dynamics by considering the full context of
the historical data. A more accurate predictive model of
the entire system provides a more reliable foundation
for the subsequent counterfactual sensitivity analysis
used to quantify inter-city influence.

3.2 Evaluation and analysis methods

To accurately identify and quantify the regional O,
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Fig.2 (a) Bi-LSTM model. The xi,x3,x3,...,xasare the data input in Az period. The Features 1 to n are the feature variables
input in each period. (b) Flowchart of the meteorological removal method.

transport pollution, we used three evaluation indicators:
R2, mean absolute error (MAE), and root mean square
error (RMSE) to evaluate the model’s performance.

The MAE is a measure of the error between the
predicted and actual values. The smaller the value, the
higher is the accuracy of the model as shown in Eq.
(S8).

The RMSE was used to measure the error between
the target and predicted values as shown in Eq. (S9).

To gain a preliminary understanding of the O,
transport relationship within the Hangzhou Bay urban
agglomeration, we used the Pearson moment correla-
tion coefficient (PMC) to analyze the O, concentration
monitoring data to determine its correlation to other
urban O, concentration monitoring data as described in
Eq. (S10).

3.3 Meteorological removal

The sources of O, pollution are mainly composed of
three factors: local emissions, chemical reactions, and
regional transport (Zhang et al., 2022). Several studies
have shown that extremely high O, concentrations are
mainly due to regional O, transport in the residual layer
(RL) and diurnal variations in the atmospheric
boundary layer. Changes in meteorological conditions
redistribute the entrained ozone-rich upper air to the
ground evenly (Hu etal., 2018). Controlling mete-
orological conditions to observe changes in air quality
over time can help to analyze the sources of air
pollution (Grange et al., 2018). Removing the effects of
meteorological changes from the simulations provides
more certainty that the observed changes in O; con-
centration trends are due to regional transport.
Therefore, we utilized a meteorological removal

method to eliminate its impact on Oy pollution, thereby
identifying and quantifying the regional O pollution
transport.

Machine-learning models can determine the impact
of meteorological variables on O; pollution. Models
can use meteorological removal methods to make new
predictions by comparing them with observations to
determine the transport concentration of O pollution.
Figure 2(b) shows a flow chart of the meteorological
removal method. Our method’s new dataset of input
predictor features contains meteorological parameters
(air temperature, dew point temperature, sea level
pressure, wind direction, wind speed, cloud cover, and
precipitation). First, parameters are randomly generated
(i.e., resampled) from the original observation dataset.
For example, for a specific hour of data (e.g., June 1,
2020, 0:00), the model randomly selects time series and
corresponding meteorological parameters from the
predicted features dataset throughout the study period.
This is repeated 1000 times to provide a new input
dataset for a specific time. The arithmetic mean of 1000
samples is then calculated as a new value for each
feature, which is fed into the Bi-LSTM model to predict
pollutant concentrations at a specific time. This
sampling method forms the basis of a data-driven
counterfactual analysis. The core principle is that by
averaging the model’s predictions over a large
ensemble of randomly selected meteorological
conditions, the influence of any single, specific weather
pattern is effectively neutralized. This process generates
a prediction for the O, concentration under climat-
ologically normal weather conditions for the study
period. It is important to note that this approach does
not simulate the physical transport of air parcels.
Instead, it quantifies the statistical influence of a source
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city’s atmospheric state (including pollutants and
meteorology) on a target city’s O, concentration.
Therefore, the difference between the observed O,
concentration and this meteorologically-neutral predic-
tion is interpreted as the magnitude of the source city’s
influence, which arises from the impact of the actual,
specific meteorological conditions that drive regional
transport (Vu et al., 2019).

Because of uncertainty about how machine learning
works, explaining the drivers of air pollution through
machine learning is complex (Hou et al., 2022). Wind
speed and direction have essential effects on the
regional O, transport. Some researchers have noted that
analyzing the wind direction components can facilitate
locating the source of pollution (Liu etal.,, 2017).
Therefore, we decomposed the wind direction and wind
speed into U and V components, as the input features
of the model.

3.4 Backward trajectory and potential source
contribution function (PSCF) analysis

The hybrid single-particle Lagrangian integrated
trajectory model (HYSPLIT) was used to compute the
backward trajectory. The HYSPLIT -calculation
employs a hybrid Lagrangian method using a moving
frame of reference for convection and diffusion
calculations, as the trajectory, or the air package, moves
from its initial position. However, the Euler method
uses a fixed three-dimensional grid as a reference frame
for calculating air concentrations of pollutants.
Backward trajectories were calculated using mete-
orological field data (one-degree resolution, global)
from the Global Data Assimilation System (GDAS),
and the 24-h backward trajectory of the air mass was
calculated as reaching 0.5 km above ground level in
Shanghai.

PSCF is a gridded statistical analysis method based
on the backward trajectory model, which is used to
identify and calculate the source area of air pollution.
This method can reflect the contribution of the source
area to the receptor’s degree of contamination
according to the grid color. The calculation formula is
shown in Eq. (1).

m;;
PSCF;; = —, (D)
I/lij
where m;; is the number of pollution trajectories
passing through grid ij, and n;; is the number of all
trajectories in this grid. The higher the PSCF value, the
greater the possibility of potential sources of pollutants
at the receptor site.
To reduce the uncertainty of the grid PSCF results, a

weight function W was introduced, which is defined as
shown in Eq. (2).

1.0m > 3.0,
_} 0.71.5n,,, <n; <3.0n;
Wi =Y 0.41.0n,, <n, < 1.5n, @
0.2n;;, < 1.0n,, .

The resulting metric is the Weighted Potential Source
Contribution Function (WPSCF), which is defined as
shown in Eq. (3).

WPFCS ;= PFCS ;xW,,. 3)
Cluster analysis has been demonstrated as effective in
analyzing air pollution transport (Targino et al., 2019).
Cluster analysis was performed using the K-means
algorithm in Meteolnfo software (v. 3.0.2) based on the
Euclidean distance of the backward trajectories. Since
there are 7 major cities in Hangzhou Bay, the “Cluster
number” was set to 7, and the O; concentration bound
to the trajectory was obtained from CNEMC. The
results of the backward trajectory and cluster analysis
were obtained according to Egs. (1)—(3) to acquire the
results of WPSCF. These results were then used to
evaluate the accuracy of the Bi-LSTM model for
quantitative identification of O, transport.

4 Results and discussion
4.1 Characteristics of O; pollution in Hangzhou Bay

We studied the characteristics of O; pollution in the
Hangzhou Bay urban agglomeration. Fig. 3(a) shows
the PMC of O, in the Hangzhou Bay area. All
correlation coefficients of the 2020 annual O,
concentration monitoring data for each city exceeded
0.57, with the highest value being close to 0.9. Among
them, Zhoushan is an island city close to Ningbo and
far from Hangzhou Bay. Therefore, the O, concen-
tration in Zhoushan was less well correlated with that in
other cities except for Ningbo. By contrast, Jiaxing is
close to the center of Hangzhou Bay. Its O,
concentration was more than 0.8 correlated with other
cities except for Zhoushan. As the two most
economically developed cities in Hangzhou Bay, the O,
concentrations in Shanghai and Hangzhou were highly
correlated with other citiecs. Therefore, as some
researchers have demonstrated, regional differences in
O; pollution can be attributed to differences in
economic size and geographic location (Cheng et al.,
2018; Zheng et al., 2022).

According to the O; limit of Chinese National
Ambient Air Quality Standards, an hourly
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Fig. 3 Characteristics of O pollution in the Hangzhou Bay urban agglomeration. (a) Heatmap showing the Pearson correlation

coefficients of hourly O; concentrations between the seven

cities in 2020. (b) Diurnal variation of O; concentrations on

pollution days. An “Oj pollution day” is defined as a day when the maximum 8-h average O; concentration exceeds the national
standard of 160 pg/m3. The solid line represents the hourly mean concentration on these days, and the shaded area indicates the

range between the 25th and 75th percentiles.

concentration exceeding 160 pg/m? is regarded as
nonattainment and the day is defined as an official
Pollution Day. We selected the 2020 Hangzhou Bay
Pollution Day data to study the characteristics of O,
pollution in Hangzhou Bay. Figure 3(b) shows the 24-h
concentration distribution of O pollution days in the
Hangzhou Bay area in 2020. The solid line represents
the hourly mean O, concentration on pollution days,
and shading indicates the O, concentration between the
25th and 75th percentiles. The O, concentration in the
Hangzhou Bay area gradually increased after 7:00 am
and reached its highest concentration from 2:00 to 5:00
p.m. Shanghai had the highest average O, concentration
in one day, and individual pollution days exceeded
200 pg/m3. As Jiaxing is the closest to Shanghai, the O,
concentration curve in Jiaxing was similar to that of
Shanghai. Huzhou, Hangzhou, Shaoxing, and Ningbo
had similar daily change curves. Zhoushan had the
lowest GDP in Hangzhou Bay and the principle inland
region, and it also had the lowest O, pollution level.
Thus, the daily change in O, pollution concentration in
Hangzhou Bay is affected by differences in many
factors, showing different pollution characteristics.
Differences in air pollution emission levels,
meteorological conditions, and photochemical reactions
result from different economic and industrial
contributions and geographic details. This is consistent
with the conclusions of previous studies (Blanchard
et al., 2014; Cheng et al., 2018). Although the economic
output of Hangzhou Bay is enormous, the difference in
GDP between different cities is also large, and the
influence of different geographical factors among
different cities has created a complex O, pollution

pattern in the Hangzhou Bay urban agglomeration.
Regional transport is an essential source of O,
pollution, and it is imperative to study the O, transport
relationship between them.

4.2 Performance validation of the Bi-LSTM model

Using a model to predict outcomes is one way to
identify whether a model meets expectations. There-
fore, we validated the model by validating the accuracy
of the Bi-LSTM model for O; pollution concentration
prediction. Table 1 shows the performance of the Bi-
LSTM model, RF and LSTM in CVs 1-7. The Bi-
LSTM model outperforms RF and LSTM in all CV
experiments in these results. In the 1-hour O; prediction
performance of the Bi-LSTM model, the coefficient of
determination (R?) was 0.94, MAE was 6.71 pg/m3, and
RMSE was 8.70 pg/m3. In the 6-h O, prediction
performance, R? was 0.79, MAE was 12.79 ug/m3, and
RMSE was 16.94 ug/m3. As other researchers have
concluded, the Bi-LSTM model can learn long-term
information in data from both positive and negative
directions and accurately identify the impact of
different feature variables on the results (Siami-Namini
et al., 2019).

Figure 4 shows the scatter plot of the prediction
results for different time periods. The forecast
performance decreased as the forecast time increased,
but the overall results were satisfactory. In addition, it
can be seen from Fig. 4 that individually, the more
significant errors in extremely high-value weather may
be related to the fact that there are too few high-value
weather samples. The model did not have enough
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Table 1 Performance comparison of models using cross-validation and independent-validation

Model (metric) CV 1 cv2 Ccv3 CcvV4 Ccvs CV6 % v
Bi-LSTM (R2) 0.92 0.92 0.93 0.95 0.94 0.94 0.95 0.93
RF (R2) 0.83 0.79 0.86 0.86 0.86 0.84 0.81 0.80
LSTM (R?) 0.88 0.91 0.90 0.87 0.89 0.86 0.90 0.90
Bi-LSTM (MAE) 6.18 731 7.07 6.20 7.88 7.99 6.68 7.22
RF (MAE) 10.19 11.37 9.24 9.43 9.34 9.69 10.73 11.06
LSTM (MAE) 9.30 8.39 8.76 9.46 8.86 8.18 8.50 8.61
Bi-LSTM (RMSE) 8.90 10.30 10.85 8.54 10.98 11.04 9.08 10.53
RF (RMSE) 14.71 16.29 13.63 13.81 13.72 14.17 15.45 15.38
LSTM (RMSE) 12.92 11.71 12.22 13.22 12.37 11.56 12.10 11.98
@ 550 LH ® 550 ¢H P
MAE =6.71 MAE = 12.79 enstty
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Fig.4 Yearly validation results of the Bi-LSTM model. (a) 1-h O; prediction and (b) 6-h O; prediction scatter plots. The
horizontal axis shows the O; concentrations predicted, and the vertical axis shows the O; concentrations observed. Dotted lines
in scatter plots represent the 1:1 reference line, and red lines represent the observed and predicted regression line.

samples to understand the reasons for the high value of
O, pollution, which is similar to the point made by
some researchers (Wang et al., 2021). The intercept of
the regression equation in the figure is negative,
indicating that the model tends to predict a lower value
than is observed, which is similar to the research
conclusion of previous studies (Fang et al., 2016), but
this does not affect the overall model prediction
accuracy. If a model can predict accurately, it can
identify the nonlinear relationship between the
characteristic variables and the predicted results. This
study represents the impact of changes in air pollutant
concentrations and meteorological data on the final O,
concentration prediction results over a period when the
Bi-LSTM model was applied to different cities. In
addition to cross-validation, the model’s temporal
robustness was evaluated on the completely indepen-
dent 2021 dataset (Table 1). The Bi-LSTM model,

trained only on 2020 data, achieved an R? of 0.93, an
MAE of 7.22 pg/m3, and an RMSE of 10.53 pg/m3
when tested on the 2021 data. These results, while
showing a slight and expected decrease in performance
compared to the validation on the training year, remain
excellent. This demonstrates the model's strong ability
to generalize to a different year, confirming that it has
learned the underlying physical relationships rather than
simply overfitting to the data of a single year.

4.3 Quantifying inter-city O, influence via sensitivity
analysis
Before  presenting the city-specific  transport

quantification, we first evaluated the overall impact and
stability of our meteorological removal method. A
comparison of the statistical distributions of the original
observed O, concentrations and the final meteor-
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ologically-neutral predictions for the entire month of
June reveals a clear and systematic reduction in ozone
levels (Fig. S1). This result demonstrates the robustness
of the methodology in isolating the influence of
meteorological conditions, providing confidence in the
subsequent quantification of transport contributions. In
general, relying on the excellent performance of the Bi-
LSTM model, we can identify and quantify O, transport
by observing the changes in O, concentration by
changing the variables related to O; transport in the
study. To better study O, transport, we simulated
transport in June 2020, which is the first month of
summer in Hangzhou Bay, when extremely high-value
O, weather occurs but is not yet frequent. Therefore,
the machine-learning model can better validate the
identification and quantification of O, transport at
different pollution levels. Shanghai has the highest
GDP, most advanced industrial level, and largest
population in the Hangzhou Bay urban agglomeration.
It represents the most critical research value in
Hangzhou Bay; therefore, we consider Shanghai as the
city simulated by the Bi-LSTM model using other cities
as model variables.

Figure 5 shows the simulation results for O, transport
from Hangzhou and Ningbo to Shanghai. The blue-
green shading represents the observed O, concentration
in Shanghai, and the red shading represents the O,
concentration in Shanghai after meteorological removal
simulated by the machine-learning model. Fig. 5(a)
shows that after removing the O, transport from
Hangzhou to Shanghai, the O; concentration in
Shanghai dropped by approximately 9.57 ug/m3. This
was especially evident in high-O; weather, and the O,
concentration on non-pollution days did not change
significantly. This suggests that some O, pollution in
Shanghai originates from the transport of Hangzhou.
The simulation results from Ningbo to Shanghai, as
presented in Fig. 5(b), are the opposite. Removing the
O, transport from Ningbo to Shanghai, the O,
concentration in Shanghai did not change significantly
in high-O; weather. The O; concentration on non-
polluted days increased slightly, indicating that Ningbo
has a weak transport relationship with Shanghai. Some
O; pollution in Ningbo comes from transport in
Shanghai, which increases the O; concentration in
Shanghai by approximately 11.79 pg/m3.

Figures S2—S5 show the simulation results of O,
transport from Shaoxing to Shanghai, Huzhou to
Shanghai, Jiaxing to Shanghai, and Zhoushan to
Shanghai, respectively. Because Shaoxing, Huzhou,
Jiaxing, and Hangzhou have similar geographical
locations and are in the same wind direction, their
transport relationships are similar to that of Hangzhou.
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Fig. 5 Quantification of inter-city O; transport to/from Shanghai in
June 2020. (a) Transport from Hangzhou to Shanghai. (b) Transport
between Ningbo and Shanghai. The blue-green area represents the
observed hourly O; concentrations in Shanghai. The red line
represents the simulated O; concentrations after applying the
meteorological removal method to the source city’s data. The dark
blue bars represent the calculated contribution of transport, which is
the difference between the observed and simulated concentrations. A
negative value indicates transport from the source city to Shanghai.

As a result, more transport occurs during high-O,
weather and is not apparent on non-polluted days.
Notably, Jiaxing, the city closest to Shanghai, had the
highest O, concentration throughout Hangzhou Bay
area to Shanghai, which increased the O, concentration
in Shanghai by approximately 11.56 pg/m3. As Huzhou
and Shaoxing are far from Shanghai, they increased the
O, in Shanghai by 5.13 and 0.89 pg/m?, respectively.
This shows that distance also affects the O, transport.
Zhoushan is in the sea east of Shanghai, China.
Therefore, it is affected by the East Asian summer
monsoon and will also affect the O; concentration in
Shanghai (Li etal., 2018b). Our simulation results
showed that Zhoushan delivered an average of 5.16
pg/m3 of O, concentration to Shanghai. Table 2 shows
the average impact and percentage of O, transport in
Shanghai by the six cities in Hangzhou Bay and the
change in the values at 90% and 75% (P90 and P75).
P90 can evaluate the pollution level of the weather with
a high O, value, and P75 can evaluate the pollution
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Table 2 Simulation results of the model

City Average change (ug/m?) Average change (%) P90 (ug/m3) P75 (ug/m3)
HZ -9.57 —12.43 —25.47 —10.80
Huz =5.13 —6.67 —24.94 =7.75
JX -11.56 —15.02 —27.76 —15.34
NB 11.79 15.32 0.37 6.54

SX —0.89 -1.16 —15.67 -1.72
ZS =5.16 -6.71 —23.72 -9.29

Notes: City abbreviations are as follows: HZ (Hangzhou), Huz (Huzhou), JX (Jiaxing), NB (Ningbo), SX (Shaoxing), ZS (Zhoushan). A negative
average change indicates transport from the specified city to Shanghai, while a positive change indicates transport from Shanghai to the specified city.

level of the weather with a high O, value. The changes
in P90 in Hangzhou, Huzhou, Jiaxing, Shaoxing, and
Zhoushan were significantly greater than those in P75.
This shows that Shanghai is more obviously affected by
transport from other regions during high O; value
weather. While the model’s predictions carry higher
uncertainty during these extreme pollution events (Fig.
4), this conclusion is robust. The large difference
between P90 and P75 contributions is a strong signal,
and it is corroborated by both the independent WPSCF
analysis and our comparative analysis for a low-
pollution month (Fig. S6), which shows minimal
transport effects. Together, these results strongly
support the conclusion that regional transport is a
dominant factor on high-pollution days. Ningbo is the
only city in the Hangzhou Bay area that has O,
transported from Shanghai. Its P90 was significantly
lower than that of P75, indicating that the high-value
weather in Shanghai was not transported from Ningbo.
In general, Shanghai's high-O; weather is not entirely
due to local emissions and chemical reactions, and
regional transport contributes considerably.

Studying the regional O, transport is a way to both
study the relationship between the two cities as well as
the entire region. Therefore, we studied the effect
throughout Hangzhou Bay on O, concentration in
Shanghai by removing all meteorological data. Figure 6
shows the results of using a machine-learning model to
simulate the effect of eliminating O, transport
throughout the Hangzhou Bay area in Shanghai.
Shanghai’s O, would be relatively stable if it were not
transported from the Hangzhou Bay urban agglo-
meration. Specifically, for high O, values, a significant
proportion of O; pollution in Shanghai originates from
transport from other regions. It is evident that
Shanghai’s O, would be relatively stable if it were not
transported from the Hangzhou Bay urban agglo-
meration. This is consistent with the results obtained
from a single-city simulation. To verify the robustness
of our quantification, we compared two distinct
simulation schemes to calculate the total regional

300
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Fig. 6 Quantification of total O; transport from the entire
Hangzhou Bay urban agglomeration to Shanghai in June 2020. The
blue-green area represents the observed hourly O; concentrations in
Shanghai. The red line represents the simulated O, concentrations
after applying the meteorological removal method to all other cities
in the region simultaneously. The dark blue bars represent the total
transport contribution.

influence on Shanghai (Table 3). The first, a “holistic
approach”, involved simultaneously removing the
meteorological influences from all six neighboring
cities, which resulted in a predicted O, reduction of
18.41 ug/m3 (24% contribution). The second, an
“additive approach”, involved summing the indivi-
dually calculated influences from the five contributing
cities (excluding Ningbo, which was a net recipient),
yielding a total calculated influence of 20.52 pg/m3
(27% contribution). The remarkable consistency
between these two independent schemes, with a
difference of only 3%, strongly validates our model’s
ability to reliably quantify inter-city O, influence.

In summary, the simulation results suggest that
approximately 24% of Shanghai’s O, pollution comes
from regional transport, which is similar to the
conclusions of some scholars using the chemical
weather research and forecasting model (Hu etal.,
2018). Through two simulation methods, we
demonstrated that the Bi-LSTM model combined with
meteorological removal can identify and quantify the
regional O, transport. It can accurately capture O,
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Table 3 Comparison of the results of two-way verification

O, change
Method
pg/m3 %
Remove all meteorological —18.41 —24
Add up individual results —20.52 -27
Error 2.11 3

pollution drivers by learning from air quality data and
meteorological data and is consistent with the
conclusions of traditional models. This shows the
potential of the machine-learning model combined with
the meteorological elimination method in atmospheric
pollutant transport research. The primary practical
application of this model’s computational efficiency
lies in this retrospective analytical capability. While the
Bi-LSTM’s reliance on the full time series precludes its
use for real-time forecasting, its speed enables the rapid
execution of numerous sensitivity analyses—such as
quantifying the influence of multiple cities individually
and holistically—over long time periods. Performing
such extensive scenario analysis with traditional CTMs
would be computationally prohibitive. Therefore, our
framework serves as a valuable diagnostic tool for
policymakers to quantitatively assess the drivers of past
pollution events and to provide data-driven support for
the development of regional joint-control strategies.

The findings have significant implications for air
quality management. The quantification of substantial
O, transport into Shanghai, particularly during high-
pollution episodes, underscores the limitations of city-
level emission control strategies implemented in
isolation. Our results provide data-driven evidence
supporting the need for coordinated, regional joint-
control policies across the entire Hangzhou Bay urban

agglomeration to effectively mitigate severe O,
pollution.
Furthermore, the methodological framework

presented here has broad generalizability. The Bi-
LSTM with meteorological removal approach is not
specific to O5 and can be readily adapted to quantify the
transport of other pollutants like PM,, or NO,,
provided that long-term, high-frequency monitoring
data are available. It is also geographically transferable
to other urban clusters worldwide. However, it is
crucial to distinguish the generalizability of the method
from that of the results. The specific transport pathways
and contributions quantified in this study are inherently
context-specific to the Hangzhou Bay region, which is
characterized by unique meteorological patterns and a
dense, complex network of emission sources. Applying
this method to other regions would likely yield different
quantitative outcomes reflecting their local geography

and meteorology.
4.4 Analysis of WPSCEF results

To better understand the potential sources of near-
ground O, we used the backward trajectory model of
the air mass throughout June 2020. Figure S7 shows the
24-h backward trajectory calculated every 6 h in
Shanghai during the observation day. We found that
part of the air mass in Shanghai comes from the East
China Sea, where Zhoushan City is located, and part of
the air mass comes from Hangzhou, Shaoxing, Huzhou,
and other cities southwest of Shanghai. This suggests
that these cities were affected by the backward
trajectory of the air mass, which transported O; to
Shanghai.

Figure 7 shows the results of the WPSCF, which
reveals the spatial probability distribution of potential
O, transport sources. Hangzhou, Huzhou, Shaoxing,
Zhoushan, and Jiaxing are in areas with high spatial
probabilities. This indicates that these cities contributed
more to the O; concentration in Shanghai. Crucially,
the results of the WPSCF, a method based on physical
air mass trajectories, are in striking agreement with the
statistical influence patterns identified by our data-
driven Bi-LSTM model. This agreement provides
important physical validation for our statistical
findings. For instance, the WPSCF shows no significant
potential source contribution from Ningbo, which
independently corroborates the Bi-LSTM model’s
finding that Ningbo was a net recipient of O; from
Shanghai rather than a source.

4.5 Limitations

This study demonstrates a robust data-driven

Fig.7 Spatial distribution of WPSCF values for O, in Shanghai
during June 1-30, 2020.
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framework; however, its limitations highlight key areas
for future research. The model’s performance is
inherently dependent on the training data, meaning its
generalizability across different years or regions with
varying emission and meteorological regimes would
benefit from rigorous testing on temporally independent
datasets and the establishment of recalibration
protocols. Additionally, we acknowledge that the
model’s predictive accuracy is lower for extreme high-
concentration events, likely due to the relative scarcity
of such data. While our qualitative conclusions about
the importance of transport on these days are robust,
this introduces greater uncertainty into the precise
quantification of transport contributions during peak
pollution episodes.

From a methodological perspective, our approach
also presents opportunities for future refinement. The
meteorological removal method operates on the useful
simplification that weather’s influence can be
disentangled from pollutant concentrations by
resampling; future work could explore more advanced
causal inference frameworks to better address these
confounding effects. Furthermore, to move beyond the
“black box” nature of the model and gain deeper
physical insights, future research could integrate
explainable artificial intelligence techniques. Methods
such as SHapley Additive exPlanations (SHAP) can
quantify the contribution of each input feature,
providing a powerful, feature-level understanding of the
drivers of O, transport and strengthening the role of
data-driven models in air quality research.

5 Conclusions

The overall goal of this study was to validate the
potential of machine-learning models in quantifying the
inter-city influence of atmospheric pollutants We used a
Bi-LSTM model combined with meteorological
removal to quantify the inter-city statistical influence of
O,;. We used a two-way validation approach to simulate
O, transport in the Hangzhou Bay urban agglomeration
in both forward and reverse directions. The results
showed that approximately 24% of the O pollution in
Shanghai came from other cities, including Hangzhou,
Jiaxing, Shaoxing, Huzhou, and Zhoushan. In addition,
the O, transport was mainly concentrated in the high-
value weather of O; pollution in Shanghai, and
transport on non-pollution days was not apparent.
Therefore, the O, transport from other cities is of great
significance for the formation of severe O, pollution in
Shanghai. In addition, the transport relationship

obtained by the Bi-LSTM model is consistent with the
potential O transport source obtained by WPSCF. This
study demonstrated the potential of machine-learning
models combined with meteorological removal
methods for quantifying the inter-city influence of
atmospheric pollutants.
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