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Abstract
Ozone (O3) is a major atmospheric pollutant, and accurate prediction of its concentrations remains challenging due to its 
complex nonlinear relationships with precursor compounds. Existing machine learning methods have mainly focused on 
single-site or spatial predictions, lacking research on spatio-temporal short-term predictions based on simple factors. To 
address this gap, the MRD-O3former, a deep learning model driven by multi-routine data, was developed to predict short-term 
hourly spatio–temporal surface ozone concentrations over China. The model exhibits strong spatio–temporal consistency, 
achieving a high correlation coefficient ( r2 = 0.85 ∼ 0.90 ) and low normalized mean biases (NMBs) between -15% and 15% 
at the national scale compared to reanalysis ozone data. Both ablation experiments and permutation importance analysis 
reveal that historical ozone levels play a primary role in next-day ozone prediction, while meteorological factors such as 
wind speed and temperature also make significant contributions. Regional validation confirms the model’s effectiveness 
in the Beijing-Tianjin-Hebei region. Moreover, the study investigates the differential impact of crucial factors in urban and 
rural areas, revealing that historical ozone levels and meteorological factors significantly influence rural areas. However, the 
influence of historical ozone levels on urban ozone prediction is relatively small, especially during the summer. This sug-
gests that urban ozone undergoes rapid formation and removal processes. These findings highlight the promising potential 
of deep learning techniques in accurately predicting spatiotemporal short-term ozone concentrations and interpreting the 
mechanism and source for ozone pollution.
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Introduction

Ozone (O3) is a secondary pollutant formed by complex 
chemical reactions involving nitrogen oxides (NOx) and 
volatile organic compounds (VOCs) (Shu et al. 2023). In 
the clean atmosphere, a photochemical equilibrium is estab-
lished among NO, NO2, and O3 (reactions 1–3).

Once biogenic or anthropogenic VOCs are emitted into 
the atmosphere, they undergo oxidation processes that result 
in the formation of HO2 and RO2 radicals, which react with 
NO:

(1)NO2 + hv(< 420nm) → NO∗

2
→ NO + O

(2)O + O2 +M → O3 +M

(3)NO + O3 → NO2 + O2
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The above two reactions trigger the conversion of NO to 
NO2 and accumulate O3 in the atmosphere (Yang and Zhao 
2023).

High concentrations of near-surface O3 have detrimental 
effects on vegetation and pose risks to human respiratory, 
nervous, and immune systems (Gong et al. 2021; Yu et al. 
2021). Despite significant improvements in reducing par-
ticulate matter (PM2.5), implementing air pollution control 
measures in China has seen a rise in surface ozone pollution 
in recent years (Liu et al. 2023). From 2013 to 2018, China 
experienced a significant increase in the average annual O3 
concentration, with an increase rate of 1.84 μg m–3 year–1. 
This notable increase was primarily observed in the east-
ern, central, and northern regions of China (He et al. 2023). 
The phenomenon of increased ozone concentrations, despite 
intensified control efforts, suggests that our understanding 
of the ozone formation mechanism is still incomplete. This 
highlights the need for a more comprehensive understand-
ing of the factors influencing ozone formation to predict and 
address ozone pollution accurately.

Numerical models are commonly used to estimate air 
pollutant concentrations, including O3, based on physical 
and chemical processes. However, due to inherent errors in 
the numerical models, inaccuracies in the input data, and 
simplified chemical mechanisms, O3 predictions are often 
biased from observations (Xiong et al. 2023). Studies have 
shown serious biases in simulating O3 concentrations, par-
ticularly during periods of high concentrations (Sayeed et al. 
2022). Different models showed varying biases, with GEOS-
Chem and CAMx generally overestimating ambient ozone 
concentrations, while the biases of CMAQ, WRF-Chem, 
and NAQPMS were less certain (Yang and Zhao 2023). 
The limited coverage of ozone monitoring stations, particu-
larly in remote regions, hinders accurate and comprehensive 
spatio-temporal distribution assessment of ozone concentra-
tions (Mu et al. 2023a). The formation of O3 is influenced 
by various drivers, including precursor emissions, chemi-
cal processes, and meteorology (Xu et al. 2023). Numeri-
cally driven models offer logical reasoning and explanatory 
capabilities but face challenges in obtaining high-resolution 
emission inventories and high computational costs, limiting 
their accuracy and efficiency (Mu et al. 2023b).

Data-driven approaches offer advantages over physical 
models as they can learn the relationships between pollut-
ants and environmental variables from multivariate data 
through machine-learning or deep-learning algorithms (Pan 
et al. 2023). Deep learning models in the field of O3 concen-
tration prediction are mainly divided into three categories: 

(4)RO2 + NO → NO2 + RO

(5)HO2 + NO → NO2 + OH

one is using temporal modeling, the usual practice is to 
consider the O3 data as a one-dimensional time series, and 
the main models include RNN, LSTM, GRU,1D CNN and 
so on. For example, Hong et al. (2023) used multi-order 
difference embedded LSTM (MDELSTM). Through sta-
tistical analysis of the O3 time series, the multi-order dif-
ference module is flexibly embedded into an LSTM-based 
deep learning prediction model to perform hourly predic-
tion on the O3 concentration. The second category models 
spatio–temporal and incorporates spatial information into 
deep learning models to improve prediction accuracy. This 
is mainly achieved by integrating spatio-temporal network 
architectures such as CNN, LSTM, and GNN. For exam-
ple, Pak et al. (2018) proposed a CNN-LSTM hybrid model 
that combines a convolutional neural network (CNN) and 
a long-short-term memory network (LSTM) to predict the 
8-h average O3 concentration of the following day in Bei-
jing, China. Wu et al. (2023) proposed a deep learning-based 
Res-GCN-BiLSTM hybrid model that combines a residual 
neural network (ResNet), a graphical convolutional network 
(GCN), and a bidirectional long-term memory (BiLSTM) for 
predicting short-term regional NO2 and O3 concentrations. 
The results show that the above hybrid structure model can 
utilize the advantages of each module for the improvement 
of the prediction accuracy. The third type of deep learn-
ing model is the Transformer architecture, which is based 
on the attention mechanism, and such models overcome the 
limitations of traditional neural networks, such as memory 
constraints induced by parallel training of samples and pro-
cessing of long-term sequences. Liang et al. (2023) proposed 
a variant of the transformer called AirFormer for predict-
ing China's nationwide air quality, covering thousands of 
locations with unprecedented fine spatial granularity. Most 
existing deep learning models typically have a large num-
ber of network parameters, resulting in high computational 
complexity. Coupled with the time-sensitivity of O3 predic-
tion, fast and accurate prediction is required. Therefore, how 
to effectively reduce the computational complexity of deep 
learning models is one of the key issues in current research 
(Zhang et al. 2024).

Recently, Gao et al. (2022a) proposed the Earthformer 
model, which is a hierarchical Transformer codec model 
based on the Cuboid Attention Block. Its Cuboid Attention 
Block contains mechanism patterns such as Axial Attention, 
Video SwinTransformer, Segmented Spatio-Temporal Atten-
tion, etc., which can internally distribute and collect the key 
information of global observation data and solve the high 
complexity of Transformer architecture in obtaining high-
dimensional spatio-temporal observation data applications. 
The formation of O3 involves a variety of drivers, and there 
is a complex nonlinear relationship between the drivers. 
Therefore, Earthformer has potential advantages in the field 
of O3 prediction. In addition to the significant influence of 
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meteorological factors on O3, human activities are closely 
related to O3, e.g., the Urban–Rural Disparities and traffic 
data have been identified as variables that influence air qual-
ity prediction results (Ganji et al. 2020; Wen et al. 2022). 
Therefore, studying the effects of urban and rural data, 
energy structure, transportation data, and other factors on 
O3 could provide valuable suggestions for its prediction.

The study introduces the MRD-O3former model, a deep-
learning approach for short-term hourly surface O3 predic-
tion in China. By incorporating a multi-channel Earthformer 
architecture and utilizing multi-routine data from the previ-
ous 24 h, the model aims to provide fast and accurate fore-
casts. Ablation experiments and permutation importance 
analysis were conducted to assess the importance of different 
factors in ozone prediction. The model’s performance was 
evaluated in the Beijing-Tianjin-Hebei region, examining its 
effectiveness in capturing localized ozone patterns. Addi-
tionally, the study investigated the contributions of drivers 
to ozone concentrations in urban and rural areas separately 
using permutation importance analysis. These efforts col-
lectively contribute to improving ozone understanding and 
prediction capabilities.

Methodology

Study areas and data

The study encompassed the entire region of China, consider-
ing the complex factors that influence O3 concentrations. To 
explore the spatial and temporal variability of O3, a diverse 
dataset incorporating multiple types of data was compiled, 
and detailed information is provided in Table S1. The dataset 
comprised six years, from January 1, 2013, to December 
31, 2018. These datasets were divided into a training set 
(2013–2016), a validation set (2017), and a test set (2018).

The datasets can be categorized into two main categories:

(1)	 Conventional air pollutants: NOx and VOCs are the 
main precursors of O3. However, due to limitations in 
the data availability and monitoring system for VOCs, 
conventional routine pollutants were used instead. 
The selected conventional air pollutant factors include 
O3, PM2.5, PM10, SO2, NO2, and CO. These data were 
obtained from the China Air Quality Reanalysis Dataset 
(CAQRA) (https://​doi.​org/​10.​11922/​scien​cedb.​00053, 
last access: 10 April 2024). Using these conventional 
pollutants, the study aims to replace ozone precursors 
and reduce the reliance on additional ozone monitoring 
stations.

(2)	 Meteorological data: The study incorporates meteoro-
logical factors such as wind speed (u and v), pressure, 
relative humidity, temperature, and solar ultraviolet 

radiation (UVB). Wind speed data (u, v), pressure, 
relative humidity, and temperature are obtained from 
the China Air Quality Reanalysis Dataset (CAQRA), 
while solar ultraviolet radiation (UVB) data is sourced 
from the European Centre for Medium-Range Weather 
Forecasts (ECMWF) European Reanalysis Dataset 
Generation 5 (ERA5) (https://​cds.​clima​te.​coper​nicus.​
eu/​cdsapp#​!/​datas​et/, last access: 10 April 2024). These 
meteorological factors are included to capture the influ-
ence of weather conditions on ozone concentrations.

All the mentioned drivers in the study are interpolated 
uniformly to a spatial resolution of 15 km × 15 km and a 
temporal resolution of 1 h using cubic spline interpola-
tion. The resulting dataset encompasses a total of 43,824 
h. Spatially, it is represented by a 320 × 432 data matrix. 
The dataset consists of 12 different types of data, including 
PM2.5, PM10, SO2, NO2, CO, O3, wind speed (u, v), pres-
sure, solar ultraviolet radiation (UVB), relative humidity, 
and temperature.

MRD‑O3former

The MRD-O3former model is developed based on the 
Earthformer, a space–time Transformer for Earth system 
forecasting (Gao et al. 2022b). The Earthformer model 
utilizes a hierarchical transformer encoder-decoder archi-
tecture with cuboid attention. Fig S1 illustrates the steps 
involved in the cuboid attention layer: “decompose”, 
“attend”, and “merge”. In the decomposition step, the 
input spatio-temporal tensor is divided into non-overlap-
ping rectangles using either a local or expansive decompo-
sition strategy. Self-attention is then applied within each 
cuboid attention layer, allowing elements within a cuboid 
to focus on both local elements and global vectors. This 
enables local cuboids to capture the overall system dynam-
ics and share information with each other. After the atten-
tion step, the resulting sequence of rectangles is merged 
back into the original input shape to obtain the final output 
of cuboid attention.

The MRD-O3former model is shown in Fig. S1. It takes 
12 types of input data, including PM2.5, PM10, SO2, NO2, 
CO, O3, wind speed (u, v), pressure (psfc), relative humid-
ity (RH), temperature (temp), and solar ultraviolet radia-
tion (UVB) for the first 24 h. The model then generates 
predictions for the next 24 h of O3. The Earthformer model 
parameters used in training are described in Table S2. The 
model produces non-autoregressive predictions, which can 
be represented by the mathematical equation:

(6)Ôt+24 ⋯ Ôt+1 = F
(
Ot ⋯Ot−23

)

https://doi.org/10.11922/sciencedb.00053
https://cds.climate.copernicus.eu/cdsapp#!/dataset/
https://cds.climate.copernicus.eu/cdsapp#!/dataset/
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Here, t represents the current time, F denotes the ozone 
prediction model, and O_t···O_(t-23) represents the input 
data for the past 24 h.

Evaluation indicators

The performance of the model was evaluated using sta-
tistical metrics, including coefficient of determination 
( r2 ), Mean Absolute Error (MAE), Root Mean Square 
Error (RMSE), and Normalized Mean Bias (NMB), as 
described in Eqs. (7) - (10).

The coefficient of determination ( r2 ) measured the 
linear correlation between forecasts and reanalyzed 
data. MAE assessed the closeness between predictions 
and observations, while RMSE quantified the dispersion 
between predicted and observed values.

where yi is the true value of O3; y is the average of the true 
value; ŷi represents the predicted value; n is the number of 
samples.

(7)r2 = 1 −

∑n

i=1

�
yi − ŷ

�2

∑n

i=1
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yi − y

�2
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1
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(9)RMSE =

√
1

n
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(10)NMB =

∑n

i=1
(̂yi − yi)

∑n

i=1
(yi)

× 100

Permutation importance

Permutation Importance (PI) is a method used to estimate 
the importance of variables in a trained model (Huang et al. 
2023). It quantifies the contribution of a feature (xj) to the 
model’s performance on a target variable (y) by randomly 
permuting the values of feature xj in the input data and meas-
uring the resulting decrease in performance compared to 
the original data. The larger the decrease in performance, 
the more important the feature is considered to be. PI was 
initially introduced for Random Forests (RF) and has since 
gained popularity. The formula for PI is:

where x∗
j
 is created by permutation of the values in the j-th 

feature, x is the un-permuted input feature matrix, y is the 
observation dataset, f̂  is the prediction function, and loss is 
the error function that uses the values of RMSE.

Results and discussion

Spatiotemporal distribution of the predicted O3 
concentration

Our model accurately predicted ozone concentrations 
across China for each season in 2018, as indicated by the 
reasonable agreement with the reanalysis data (Fig. 1). 
Ozone exhibited high spatial and temporal heterogeneity 
throughout the year. In spring and summer, ozone con-
centrations were higher compared to autumn and winter 
(0–100 μg m–3), especially in the northern regions of 
China. This can be attributed to stronger photochemical 

(11)PIj = loss(̂f(x∗
j
), y) − l(̂f(x), y)

Fig. 1   Spatial distribution of reanalyzed (a-d) and predicted (e–h) O3 concentrations for different seasons in 2018
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reactions in the north during spring and summer, as well 
as the ozone titration effect caused by high concentra-
tions of NO during winter (Yang et al. 2019). It is worth 
noting that the Qinghai-Tibet Plateau had relatively high 
ozone concentrations throughout the year despite having 
low ozone precursor concentrations. The high ozone lev-
els in the plateau region, especially in spring and sum-
mer, are primarily due to the strong downward transport 
of high concentrations of ozone from the upper atmos-
phere caused by enhanced convection (Yin et al. 2023). 
The highest ozone concentrations in southern China occur 
during autumn, which can be attributed to the unfavorable 
conditions for photochemical reactions during the sum-
mer monsoon season (Li et  al. 2018). The spatial and 
temporal heterogeneity indicates noticeable differences 
in ozone formation mechanisms among different regions, 
with simulations based on chemical mechanism models 
possibly having significant deviations (Mu et al. 2023b). 
Machine learning-based methods developed by this study 
can effectively capture the spatiotemporal variations of 
ozone in China.

Evaluations of model performance

In terms of overall national average performance, the model 
demonstrates a good simulation of ozone concentrations 
nationwide (Fig. S2). The coefficients of determination and 
normalized mean biases (NMBs) obtained for each season 
range from 0.85 to 0.90 and −0.43% to −0.26%, respectively. 
Even when considering the spatial distribution, the mod-
el’s simulation of ozone concentrations remains relatively 
accurate. The NMB ranges from −15% to 15%, with slight 
underestimation observed in the summer in the North China 
Plain and overestimation in the autumn in the North China 
Plain and South China (Fig. 2). Regarding other evaluation 
parameters, the regions with larger prediction deviations are 
mainly concentrated in the summer in the North China Plain 
(average MAE = 6.56 μg m–3, RMSE = 10.69 μg m–3), while 
the best predictions are observed in the winter (MAE = 4.69 
μg m–3, RMSE = 7.07 μg m–3). Spatially, the MAE is con-
centrated within 15 μg m–3, and the RMSE within 20 μg m–3 
in most parts of the country. The overestimation or under-
estimation of ozone concentrations is primarily observed in 

Fig. 2   Spatial distribution of temporally-averaged MAE (a-d), RMSE (e–h), and NMB (i-l) across seasons between reanalysis and predicted O3 
concentrations
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the Beijing-Tianjin-Hebei region. These discrepancies may 
be attributed to the region’s high anthropogenic precursor 
emissions, leading to complex ozone formation pathways. 
Similar findings were reported by (Cheng et al. 2022). In 
conclusion, the MRD-O3former model performs well across 
all four seasons when considering the overall performance 
and evaluation metrics.

Quantification of critical drivers for O3 prediction

We conducted factor ablation experiments and PI analysis to 
assess the specific contributions of various factors to surface 
O3 prediction. The factors considered included PM2.5, PM10, 
SO2, NO2, CO, O3, wind speed (u, v), pressure (psfc), rela-
tive humidity (RH), temperature (temp), and solar ultraviolet 
radiation (UVB).

Figure 3 illustrates the differences in MAE and RMSE 
after the ablation of different variables in spring, summer, 
autumn, and winter. The ablation experiments aim to deter-
mine the contribution of a factor by removing it, and then 
analyzing the resulting ozone prediction performance. His-
torical O3 concentrations had the most significant effect on 
O3 concentrations, followed by wind speed (u, v), tempera-
ture, pressure, relative humidity, solar UV radiation, and 
conventional air pollutants. Removal of historical O3 sig-
nificantly increased MAE and RMSE in all seasons. Specifi-
cally, the MAE and RMSE would increase by 22.37 μg m–3 
and 25.92 μg m–3 in spring, 16.87 μg m–3 and 21.05 μg m–3 
in summer, 19.00 μg m–3 and 23.33 μg m–3 in autumn, and 

16.38 μg m–3 and 21.25 μg m–3 in winter, respectively. Wind 
velocity (u, v) is the second most influential factor, and its 
absence also leads to an increase in MAE and RMSE in all 
seasons. The mean MAE and RMSE increase by 11.04 μg 
m–3 and 12.70 μg m–3 in spring, 13.43 μg m–3 and 14.60 μg 
m–3 in summer, 12.02 μg m–3 and 13.57 μg m–3 in autumn 
and 13.73 μg m–3 and 15.74 μg m–3 in winter, respectively. 
Among the meteorological factors, wind speed (u,v) had a 
more significant effect on surface O3 concentration, a finding 
consistent with a previous study (Wang et al. 2017), which 
showed that wind speed (u,v) affects ozone concentration by 
diluting ozone and transporting ozone precursors. Similarly, 
pressure affects ground-level O3 concentrations mainly by 
influencing other meteorological elements (especially wind 
speed and direction) (Chen et al. 2020). The results show 
that temperature and humidity are second only to wind 
speed (u,v) for O3 prediction and that temperature is the 
most important meteorological factor in all seasons except 
winter, where it is no longer the dominant factor due to lower 
temperature (Gu et al. 2020). High O3 concentrations at the 
surface are usually accompanied by high temperature and 
low relative humidity (Li et al. 2021) because high tempera-
tures and solar UV radiation usually significantly enhance 
the biological emissions of VOCs (Wang et al. 2018).

We utilize PI coefficients to quantify further the con-
tribution of each driver to the ozone prediction. The find-
ings align with the results from the ablation experiments 
(Fig. 4). Historical ozone concentration exhibits the highest 
contribution, followed by wind speed (u, v), temperature, 

Fig. 3   The spatial-temporally 
averaged MAE and RMSE for 
the ablation experiments. The 
removed factors in different 
scenarios: All factors–nothing; 
R_CP–conventional pollut-
ants; R_TEMP–temperature; 
R_WS(u,v)–wind speed(u,v); 
R_RH–relative humidity; 
R_PSFC–pressure; R_UVB–
downward UV radiation at the 
surface; R_O3–historical ozone
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and pressure. The analysis of key driving factors indicates 
that historical ozone concentration and wind direction and 
speed have a greater impact on short-term ozone predictions 
at a regional scale. This is reasonable considering the longer 
atmospheric lifetime of ozone, allowing for its accumulation 
and long-distance transport in the atmosphere.

Application in the polluted small region

The results above demonstrate that our developed model 
can be applied to spatiotemporal ozone prediction at a 
national scale. To further validate the model’s applicabil-
ity, we utilized data from a polluted area within a smaller 
region, specifically the Beijing-Tianjin-Hebei (BTH) region. 
BTH, known for its high population density, has experienced 
elevated ozone concentrations in recent years. The summer 
mean MDA8-O3 in the BTH region exhibited an increasing 
trend of 3.3 ppbv per year from 2013 to 2019 (Li et al. 2020).

The comparison results of the predictions (NMB and 
RMSE) are presented in Table 1. The results indicate that, 
compared to the predictions based on national-scale data, the 
simulated results based on the smaller region data showed 
improvement in the predictions for spring and summer, with 
NMB values changing from −2.67% and −5.87% to 0.96% 
and −5.83%, respectively. However, the predictions for 
autumn and winter deteriorated, with NMB values changing 
from 0.13% and −2.30% to 9.39% and 3.38%, respectively. 

There was a slight overestimation of ozone concentrations 
in autumn and winter, particularly in autumn, although the 
reasons for this overestimation are currently unclear. Over-
all, the BTH regional model’s deviations are acceptable, 
with a maximum deviation of approximately 9.39%. Fur-
thermore, the model adequately captures the spatial distri-
bution of ozone concentrations in small areas and exhibits 
predictive capabilities. This finding strongly supports the 
implementation of more detailed environmental monitoring 
and management at smaller scales based on the prediction 
of MRD-O3former.

Differential impact factors in urban–rural prediction

Past ozone predictions have often been based on analyses of 
urban monitoring stations, resulting in limited spatial distri-
bution forecasts and less attention to ozone in rural areas. 
However, recent studies have found that rural residents are 
exposed to ambient ozone concentrations of 9.8 ± 4.1 ppbv 
higher than their urban counterparts (Sun et al. 2023), high-
lighting the importance of focusing on rural areas. Unfortu-
nately, rural areas often lack the capacity to establish moni-
toring stations, making ozone prediction in these regions 
even more crucial. Therefore, we conducted an analysis by 
isolating urban and rural areas using city-wide grid data 
from the Global Rural–Urban Mapping Project (GRUMP) 
(https://​sedac.​ciesin.​colum​bia.​edu/​data/​colle​ction/​grump-​
v1, last access: 12 April 2024). Urban areas were defined 
based on continuous night lighting units or buffer dwelling 
points with a population of over 5,000 people.

Figure 5 presents the PI coefficients for each driver in 
urban and rural areas. It indicates that, at the city scale, fac-
tors such as temperature, wind speed, and pressure have 
a minor contribution to ozone formation, while historical 
ozone levels, conventional pollutants, and solar UV radiation 
play a more significant role. Interestingly, during the sum-
mer, the impact of historical ozone levels on the prediction 
results is negative. This suggests that due to strong photo-
chemical reactions, the next day’s ozone concentration is pri-
marily influenced by secondary formation and has little cor-
relation with the ozone concentration of the previous day. In 
the rural environment, historical ozone levels play a signifi-
cant role, which is reasonable (Zhu et al. 2020). With lower 
precursor concentrations, the next day’s ozone concentration 
is largely determined by the ozone levels of the previous day, 
and secondary formation is relatively smaller. Additionally, 
factors such as wind speed, pressure, and temperature show a 

Fig. 4   The permutation importance for the multi factors in the MRD-
O3former

Table 1   The NMB (RMSE) of 
modeled results by smaller and 
national-scale data in BTH

Spring Summer Autumn Winter

national-scale based −2.67% (19.87) −5.87% (26.24) 0.13% (14.83) −2.30% (11.32)
Smaller region based 0.96% (21.79) −5.83% (27.80) 9.39% (16.55) 3.38% (12.68)

https://sedac.ciesin.columbia.edu/data/collection/grump-v1
https://sedac.ciesin.columbia.edu/data/collection/grump-v1
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more noticeable influence on ozone. These findings provide 
valuable insights into the mechanisms driving changes in 
ozone concentrations across different geographical contexts, 
highlighting the distinct differences in the driving factors for 
ozone prediction in urban and rural areas. Further detailed 
research should be conducted in the future to deepen our 
understanding of the differences between urban and rural 
areas.

Conclusion and atmospheric implication

In this study, we developed the MRD-O3former model for 
short-term ozone prediction. The model exhibited excellent 
performance, with a high correlation coefficient ( r2 ) rang-
ing from 0.85 to 0.90 and relatively low normalized mean 
biases (NMBs) between −15% and 15% at the national scale. 
Through multi-factor ablation experiments and PI analysis, 
we investigated the crucial factors for ozone prediction in 
different seasons and discovered that ozone formation is 
influenced by the complex interactions of multiple driv-
ers rather than a single key factor. In most cases, historical 
ozone levels were found to be the key factor affecting ozone 
prediction for the following day, while meteorological fac-
tors such as wind speed and temperature also had a signifi-
cant impact on ozone prediction.

We further validated the model’s utility at the regional 
scale and found that the developed model demonstrated good 
applicability in the Beijing-Tianjin-Hebei region. It can be 
used for ozone pollution prediction and management at the 
regional or city scale. In the perturbation experiments con-
ducted separately for urban and rural areas, we observed that 
the impact of meteorological factors was more prominent 
in rural regions compared to urban areas, while historical 

ozone levels had minimal influence on ozone pollution in 
urban areas. This result may be attributed to the fact that in 
urban areas, the ozone generated on the following day pre-
dominantly originates from secondary formation, whereas 
in rural areas, it is primarily influenced by the ozone con-
centration of the previous day (with relatively less secondary 
formation).

The findings of this study underscore the promising 
potential of deep learning techniques for interpretive spa-
tio–temporal short-term predictions for surface ozone. It is 
important to note that, based on the hourly results, the model 
exhibits larger errors in simulating ozone levels during peri-
ods of intense photochemical activity, particularly during 
midday (Fig. S3). This is consistent with the finding that the 
simulation errors are greatest in summer compared to other 
seasons. These results suggest that the model’s current input 
parameters may not fully capture the photochemical pro-
cesses driving ozone formation, especially during midday. 
Additionally, given the intricate relationship between ozone 
precursors and meteorological variables, future research will 
focus on analyzing more detailed connections among vari-
ous ozone drivers to enhance the accuracy of ozone predic-
tions further. This deeper understanding will contribute to 
improved air quality management and the development of 
effective strategies for mitigating ozone pollution.
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