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Abstract Previous machine learning approaches for surface ozone (O3) forecasting are often limited to site‐
specific applications and struggle to capture regional pollution dynamics. Here, we introduce an inverted
Transformer (iTransformer), a time‐series model that integrates hourly satellite‐derived surface O3 with key
meteorological and environmental drivers. The model is applied to eastern China and demonstrates strong skill
in 72‐hr surface O3 forecasting, achieving an overall correlation of 0.86 (mean bias= 0.29 μg/m

3). It effectively
captures spatial patterns, diurnal variability, and high‐ozone episodes, maintaining stable performance over
time. During pollution events, the model reproduces both localized and large‐scale ozone enhancements with
high fidelity. Forecast biases remain low, particularly at shorter lead times, indicating robust predictive skill.
Overall, the results highlight the ability of advanced deep learning architectures to bridge satellite observations
and air quality forecasting, offering a scalable framework for near‐real‐time ozone prediction and supporting
timely environmental and public health decision‐making.

Plain Language Summary Surface ozone (O3) is a harmful air pollutant that threatens human health
and ecosystems, making reliable short‐term forecasts essential for early warnings. However, many existing
machine learning models rely mainly on ground monitoring sites and often struggle to represent regional
pollution patterns. In this study, we develop a deep learning model, the inverted Transformer (iTransformer),
that combines satellite‐derived hourly surface O3 estimates with meteorological and environmental information
to forecast O3 concentrations up to 72 hr in advance across eastern China. The model successfully captures
regional pollution patterns and daily O3 variations and performs well during severe pollution episodes. Our
results show that integrating satellite observations with deep learning can improve regional air‐quality
forecasting and provide timely information to support public health protection and air pollution management.

1. Introduction
Surface ozone (O3) is a major atmospheric pollutant primarily through photochemical processes driven by ni-
trogen oxides (NOx) and volatile organic compounds (VOCs) (Wang et al., 2017, 2022). Its amount is also
influenced by horizontal air transport and the vertical transport of tropospheric nitrogen dioxide (NO2) (He
et al., 2022; Zhang et al., 2022). High O3 concentration has adverse effects on ecosystems and plants (Ainsworth
et al., 2012; Lin et al., 2018; Yue & Unger, 2014) and imposes notable health burdens. During 2013–2020, O3
pollution across China has been a serious environmental concern, with the maximum daily 8‐hr average (MDA8)
O3 concentration rising by an average increase of 2.49 μg/m

3/yr (p < 0.001) (Wei et al., 2022). Critically, over
99% of the Chinese population has been exposed to O3 levels exceeding the WHO‐recommended long‐term air
quality guideline (AQG) of 60 μg/m3 (Yang et al., 2025). Given the health risks of ozone pollution, accurate
forecasting of ambient O3 concentrations is essential for protecting public health, enabling individuals to avoid
periods of high pollution and reduce exposure by adjusting their outdoor activities (Shams et al., 2025; Yuval
et al., 2012).

Chemical transport models (CTMs) have been widely used to forecast surface O3 concentrations by simulating
atmospheric dynamics, physical and chemical processes, and integrating emissions, transport, deposition, and
other relevant mechanisms (Sayeed et al., 2022; Wang et al., 2023). For example, NASA GEOS‐CF (Chin
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et al., 2003; Keller et al., 2021) produces global 5‐day forecasts of hourly surface O3 at a resolution of 0.25◦. The
CMAQ model serves as the core of the U.S. National air quality forecast system, generating regional forecasts of
hourly surface O3 with a fine spatial resolution of ∼12 km across the United States (Appel et al., 2007). The
CAMS delivers daily global forecasts of key pollutants, including O3, at a spatial resolution of 0.75◦ using an
ensemble of chemistry‐transport models within the ECMWF Integrated Forecast System (IFS) framework (Inness
et al., 2019). However, these models still suffer from substantial uncertainties and high computational costs,
particularly under high‐pollution conditions (Gao & Zhou, 2024; Kitayama et al., 2019; Rao et al., 2020).

Recently, machine learning (ML), especially deep learning (DL), has demonstrated strong potential for fore-
casting O3 concentrations due to its powerful feature extraction abilities and capability to capture nonlinear re-
lationships (Shinde & Shah, 2018). Sayeed et al. employed a deep convolutional neural network (CNN) model to
forecast hourly surface O3 concentrations 24 hr ahead using meteorological and air pollution variables from the
previous day collected at 21 continuous ambient monitoring stations (Sayeed et al., 2020). Yafouz et al. (2022)
adopted various ML models to forecast hourly surface O3 concentrations at the site scale in 2019, using data from
three ground‐based monitoring stations that included O3 concentrations and pertinent meteorological variables
(Yafouz et al., 2022). Liu et al. employed multi‐source time series data from ground‐based monitoring stations,
including O3 and other pollutants, as inputs to forecast hourly O3 concentrations by integrating fuzzy cognitive
maps (FCMs) with evidential reasoning theory (X. Liu et al., 2022). Mu et al. used ground‐based O3 time series,
together with other atmospheric and pollution variables, as inputs to a seasonal‐trend decomposition (STL)‐
Transformer model for hourly surface O3 forecasting (Mu et al., 2024). Guo et al. (2025) constructed a hybrid
deep learning framework integrating CNN and long short‐term memory (LSTM) networks for daily O3 con-
centrations forecasting from ground‐based monitoring stations in Liaocheng City (Guo et al., 2025). However,
most previous research has focused on site‐level forecasts, leaving a significant gap in raster‐scale surface O3
forecasting, largely due to a lack of spatially continuous hourly surface O3 data.

This study introduces a time‐series‐enhanced deep learning model, the Inverted Transformer (iTransformer), for
raster‐scale surface O3 forecasting across eastern China, with lead times of up to 72 hr (3 days). iTransformer
offers unique advantages over other deep learning models by simultaneously capturing long‐range global de-
pendencies and modeling complex nonlinear temporal and inter‐variable relationships. Its inverted‐token design
further enhances multivariate dependency representation and improves suitability for time‐series data, thereby
enabling superior performance and interpretability in forecasting applications (Y. Liu et al., 2024). The
iTransformer model is trained using our satellite‐derived hourly surface O3 data (Cheng et al., 2025), along with
meteorological variables and other auxiliary factors relevant to ozone pollution. To enhance performance under
high‐pollution conditions, the training data are further augmented by involving additional high O3 concentration
samples. Last, we evaluate the model's forecasting accuracy and uncertainty from multiple perspectives and
demonstrate its ability to identify high O3 pollution events. Additionally, we investigate the spatiotemporal
variability of these events under different high‐pollution O3 scenarios, providing insights into the dynamic
behavior of O3 concentrations across different regions.

2. Data and Methods
2.1. Input Data

In this study, eastern China was selected as the study area because it concentrates the majority of the country's
population and the most frequent O3 pollution episodes, making it the region of greatest public concern, while its
dense ground‐based monitoring network enables robust and comprehensive model validation, unlike the sparsely
instrumented western regions. We employed our satellite‐derived 24‐hr surface O3 data set at 1‐km resolution as
the training data set for surface O3 forecasting (Cheng et al., 2025). It is generated using an advanced Four‐
Dimensional Space‐Time Extra‐Trees (4D‐STET) model, which integrates geostationary satellite observations,
surface O3 ground‐based measurements, major precursors, anthropogenic emissions, meteorological variables,
and modeled surface mass concentrations of O3. The hourly surface O3 estimates are reliable, yielding an average
out‐of‐sample 10‐fold cross‐validated coefficient of determination (CV‐R2) of 0.92 for daytime and 0.82 for
nighttime, and an overall CV‐R2 of 0.89 for the whole 24‐hr period (Cheng et al., 2025).

Several key meteorological variables known to affect surface O3 concentrations were collected, including
downward surface radiation (DSR), ultraviolet radiation (UV), 2 m temperature (TEM), relative humidity (RH),
total precipitation (TP), wind speed (WS) and direction (WD), and surface pressure (SP), derived from the ERA5

Geophysical Research Letters 10.1029/2026GL123448

CHENG ET AL. 2 of 11

 19448007, 2026, 10, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2026G

L
123448 by Jing W

ei - Peking U
niversity H

ealth , W
iley O

nline L
ibrary on [04/06/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



reanalysis (Hersbach et al., 2020). Additionally, auxiliary factors were introduced to improve model performance,
including the Normalized Difference Vegetation Index (NDVI) from MODIS, the Digital Elevation Model
(DEM) from SRTM, and population distribution (POP) data from LandScan™. All data were collected during the
warm O3 season (May–September) in 2019, comprising a total of 3,672 hr. To objectively assess the contribution
of each predictor, we conducted SHAP analysis, which highlights the dominant roles of prior‐hour O3 and
meteorological variables in driving model performance (Text S1 in Supporting Information S1).

2.2. Surface O3 Forecasting Framework

Time‐series deep learning models offer greater potential for capturing and forecasting the long‐term dynamic
changes in atmospheric pollutants. The Transformer model, introduced by Google (Vaswani et al., 2017), was
initially designed for natural language processing (NLP) tasks, particularly machine translation. Its self‐attention
mechanism allows modeling of long‐range dependencies among input tokens, while its encoder‐decoder archi-
tecture supports efficient sequence‐to‐sequence processing (K. Han et al., 2023; Wei et al., 2024). In the standard
Transformer architecture, variables measured at the same time step are usually treated as individual tokens
(Vaswani et al., 2017). However, this convention imposes a narrow receptive field and fails to account for time‐
unaligned events across simultaneous time points, thereby limiting the model's capacity for representing multi-
variate correlations. To mitigate these issues, this research employs the advanced inverted Transformer
(iTransformer) model to forecast hourly surface O3 concentrations up to 72 hr (3 days) in advance over eastern
China. The iTransformer takes an inverted perspective on time series by embedding the entire temporal sequence
of each variable into a single token, leading to better characterization of long‐term dependencies and cross‐
variable interactions. The architecture comprises four main components and is designed to effectively extract
O3‐related signals from multivariate inputs, thereby improving the accuracy of time‐series forecasts.

iTransformer‐O3 forecasting model development. The model execution primarily follows the workflow outlined
in Figure 1. First, unlike standard approaches that treat individual time steps as tokens, iTransformer represents
the entire temporal sequence of each variable as a single token, which is then embedded into high‐dimensional
vector representations suitable for model processing. Spatial information is implicitly preserved through the
grid‐based input structure, with each grid cell modeled as an independent time series and shared model parameters
across all cells. However, explicit spatial dependencies (e.g., local adjacency) are not directly encoded, which
remains a limitation to be addressed in future work using spatial attention mechanisms or diffusion‐based models.
Next, an eight‐head multi‐head attention mechanism captures the dependencies among the input variables.
Through dynamic weighting, the model learns to identify the specific contributions of different variables to
surface O3 concentrations. The attention outputs are then normalized using a LayerNorm layer to standardize the
distribution of activations (zero mean and unit variance), thereby accelerating convergence and improving

Figure 1. iTransformer‐based framework for hourly surface O3 concentration forecasting.
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generalization by mitigating internal covariate shifts. Subsequently, a feedforward network (FFN) applies
nonlinear transformations to refine these feature representations further. Following another LayerNorm opera-
tion, one encoder block is completed. This output is iteratively processed if multiple encoders are stacked. Finally,
a projection layer maps the high‐dimensional encoder outputs to a lower‐dimensional space, generating the final
72–hr forecasts of surface O3 concentrations and effectively translating the abstract features into actionable
outputs.

Enhancing O3 forecasts under high‐polluted conditions. To better capture extreme O3 events in the forecasts, we
implemented a two‐phase forecasting framework with a targeted enhancement for high‐concentration scenarios.
First, a baseline model was trained on the complete data set using standard temporal sequences. Next, we
developed an optimized process for high‐pollution scenarios through three key steps: Critical time steps were
identified as those exceeding the 99th percentile of hourly O3 concentrations within each 72–hr spatiotemporal
batch. A constrained temporal permutation was then applied to emphasize these extreme values during training
while preserving their absolute positions, and non‐critical time segments (<99th percentile) were rearranged to
produce a single augmented sample. Finally, the enhanced forecasts from this optimized phase were selectively
fused into the baseline forecasts at corresponding grid cells, ensuring that the original model output was retained
for all non‐extreme periods. The 99th percentile threshold was determined exclusively from the training data set
and used only to construct augmented training samples. No enhancement was applied during testing or opera-
tional forecasting, as the model learned to predict extreme events from the augmented training data without
requiring prior identification of high‐pollution scenarios.

2.3. Model Training and Evaluation

This study partitioned the input data set into training (60%), validation (10%), and testing (30%) subsets. Spe-
cifically, the training set comprised data from May to July 2019 (2,208 hr), the validation set contained data from
1 to 15 August 2019 (360 hr), and the test set comprised data from August 16 to 30 September 2019 (1,104 hr,
30%). Model parameters were optimized using the training set, while the validation set was used to assess per-
formance, adjust hyperparameters (e.g., learning rate), and implement early stopping to prevent overfitting; the
best‐performing model on this set was saved. Finally, the test set was served for final, independent evaluation,
generating 72–hr surface O3 forecasts.

The pre‐trained iTransformer model was retrained on sequences from the past 72 hr (from t‐71 to t) across 13
variables, including satellite‐derived O3 concentrations (the target variable), shortwave and UV radiation, tem-
perature, pressure, winds, NDVI, DEM, and POP. The input data were batched into a shape of (72, 13, 169, 253),
representing the hourly time steps, variables, and spatial grid dimensions, respectively. The model output, which
maintained the same structure, was used to extract the forecasting O3 concentrations for the subsequent 72 hr
(from t+1 to t+72):

Ot+1:t+72
3 (x,y) = iTransformer(Xt− 71:t(x,y),Ot− 71,t

3 (x,y)) (1)

X ∼ [DSR,UV,TEM,BLH,RH,PRE,SP,WD,WS,DEM,POP,NDVI] (2)

The output tensorO3 ∈R72 × 169 × 253 denotes the forecasted surface O3 concentrations over the next 72 hr, where
the input tensor X∈R72 × 13 × 169 × 253 comprises a 72‐hr time series of 13 meteorological and geographical
variables. Model architecture, training configuration, and evaluation metrics are described in detail in Text S2 of
Supporting Information S1.

3. Results
3.1. Overall Forecasting Accuracy

On the first forecasting day (Day 1: 0–24 hr; Figure S2 in Supporting Information S1), the model demonstrated
high and consistent accuracy. The forecasting performance peaked at the initial forecast hour (00 hr), achieving an
average R of 0.94, an RMSE (MAE) of 12.64 (7.53) μg/m3, and a near‐ideal regression slope of 0.96. This high
accuracy persisted throughout the day: The R values showed a gradual decline, remaining above 0.90 until the
06‐hr lead time and around 0.89 thereafter, while the slopes consistently exceeded 0.85 across all 24 hr. Overall,
Day 1 forecasts exhibited a strong linear relationship with the true values, yielding an average R of 0.90, a slope of
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0.87, and an RMSE (MAE) of 16.84 (11.09) μg/m3, respectively (Figure S3 in Supporting Information S1). The
bias analysis further confirms the model's reliability (Figure 2a), where the differences between forecasted and
true O3 concentrations on Day 1 mostly fell between − 20 and 10 μg/m

3. Throughout the evaluation period (19
August to 28 September 2019), the model exhibited relatively stable bias patterns, with only minor temporal
shifts. It began with a slight underestimation (mean and median biases = − 0.01 to − 5.5 μg/m3) from 21 to 28
August, transitioned to mild overestimation (mean bias up to 10.4 μg/m3) until mid‐September, and reverted to
underestimation on a few specific days (e.g., 22, 26–28 September). Despite these temporal variations, the overall
mean and median biases were 0.83 and − 0.03 μg/m3, respectively, underscoring the robustness of the forecasting.

On the second forecasting day (Day 2: 24–48 hr; Figure S4 in Supporting Information S1), the model maintained
strong performance, albeit with a slight deterioration from Day 1. High accuracy was observed during hours
24–31 (R: 0.86–0.88; slope: 0.80–0.84), followed by stable performance from hours 32–47 (R: ∼0.85; slope:
0.79–0.80). Overall, Day 2 forecasts yielded an average R of 0.86 and an RMSE (MAE) of 19.56 (13.36) μg/m3,
respectively (Figure S3 in Supporting Information S1). The bias distribution (Figure 2c) resembled that of Day 1
but exhibited more pronounced deviations at certain times. Nevertheless, the overall bias remained low, with a
mean of 0.35 μg/m3 and a median of 0 μg/m3, confirming the model's stability. The model continued to
demonstrate reliable performance on the third forecasting day (Day 3: 48–72 hr; Figure S5 in Supporting In-
formation S1), reaching an average R of 0.83 and an RMSE (MAE) of 21.16 (14.68) μg/m3. The forecasting
accuracy was highest at 48 hr (R = 0.85, slope = 0.79), remained consistent at 0.84 during hours 49–51, and
stabilized thereafter (hours 52–71: R = 0.83, slope = 0.76–0.77). The bias distribution (Figure 2e) followed a
pattern like previous days, with a mean of − 0.32 μg/m3 and a median of − 0.18 μg/m3. These results illustrate the
model's capability to generate robust O3 forecasts even at a 72‐hr lead time.

At the hourly scale, forecasting accuracy reaches its peak during the first 48 hr, with R values ranging from 0.85 to
0.96, and both RMSE andMAE between 12.64–17.79 and 12.07–13.74 μg/m3, respectively (Figures S3 and S5 in
Supporting Information S1). Across the entire 0–72 hr period, the model's performance was consistently high,
indicated by R values above 0.83, and RMSE and MSE below 22 and 15 μg/m3, respectively. Overall mean R,
RMSE, andMAE for the 0–72 hr period were 0.86, 19.07, and 13.11 μg/m3, respectively (Figure S3 in Supporting
Information S1). Importantly, the inclusion of extended high‐value samples significantly improved model per-
formance under highly polluted (150–200 μg/m3) and extremely polluted (>200 μg/m3) O3 conditions. Compared

Figure 2. Forecasting performance of the iTransformer‐O3 model. Time series of hourly forecast biases (left panels) and density scatter plots comparing forecasted and
observed O3 concentrations (right panels) for the first (a, b), second (c, d), and third (e, f) forecasting days. Red and blue text indicate mean and median bias, shaded
areas represent the 25th–75th percentile range of hourly bias, and dashed lines denote the 1:1 reference.
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to the scenario without such sample extension, the proportion of forecasts within 20% underestimation increased
by 2% and 13% across the 0–72 hr period, respectively. For O3 concentrations exceeding 200 μg/m

3, the pro-
portion rose by 8%, 14%, and 15% for Day 1, Day 2, and Day 3, respectively (Figure S6 in Supporting Infor-
mation S1), highlighting the model's enhanced accuracy under extreme pollution conditions.

Furthermore, Figure 3 shows the model's spatial performance in forecasting surface O3 across different fore-
casting periods. On Day 1 (0–24 hr), high correlations were widespread across about 93% of the region,
particularly in Jiangxi, Fujian, Guangdong, and Inner Mongolia provinces, with R values exceeding 0.8. Most
areas show low forecast uncertainty, with 92% of the region exhibiting NRMSE values below 0.3% and 83% of
areas showing small biases, with MAE below 15 μg/m3. Larger errors were observed in specific areas, including
central Sichuan, southern Hebei, Shanxi, and Shanghai. Overall, Day 1 showed superior accuracy, with an
average R of 0.88, NRMSE of 0.19, and MAE of 11.1 μg/m3. The model's robust performance persisted on Day 2
(24–48 hr) and Day 3 (48–72 hr), maintaining strong spatial consistency. The average R values decreased slightly
to 0.84 and 0.81, respectively, while the corresponding NRMSE (MAE) values increased modestly to 0.22
(13.4 μg/m3) and 0.24 (14.7 μg/m3). Regions with high correlation (R > 0.8) remained extensive, covering 76%
and 60% of the domain, primarily across southeastern and northeastern China. Similarly, 86% and 80% of the
region exhibited NRMSE values below 0.3. The spatial pattern of bias remained similar to Day 1, but with a
gradual increase in magnitude. Nonetheless, the proportion of regions with small biases (MAE < 15 μg/m3)
remained substantial, at 70% and 59% on Day 2 and Day 3, respectively. Correspondingly, our hourly surface O3
forecasts and ground‐based measurements show high agreement against in situ measurements at monitoring
stations broadly across Eastern China (Figure S7 in Supporting Information S1), achieving the highest accuracy

Figure 3. Spatial performance of hourly O3 forecasts across eastern China. Maps show the Pearson correlation coefficient (R), normalized root mean square error
(NRMSE), and mean absolute error (MAE) for the first forecasting day (0–24 hr), second forecasting day (24–48 hr), and third forecasting day (48–72 hr), and the entire
72‐hr period (0–72 hr). Inset plots show frequency histograms of R, NRMSE, and MAE.
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during 0–24 hr (mean R= 0.73, NRMSE= 0.40) and maintaining stable performance over the full 0–72 hr period
(mean R = 0.69, NRMSE = 0.43). We further examined the relationships between city‐level population and
evaluation metrics (Figure S8 in Supporting Information S1). Both bias and NRMSE increase with population,
whereas R shows the opposite trend, indicating generally larger forecast errors in more densely populated regions.

Overall, the 0–72 hr forecasts demonstrated robust spatial performance, with 80%, 60%, and 44% of regions
simultaneously attaining strong correlations with low uncertainties (e.g., R > 0.8, NRMSE < 0.3, and
MAE< 15 μg/m3), yielding an average R of 0.84, NRMSE of 0.21, andMAE of 13.0 μg/m3. At the regional scale,
forecast performance was strong across major urban clusters. In BTH and YRD, the model reached average R
values of 0.81 and 0.78, respectively, with slight positive biases (averaging 2.71 and 2.70 μg/m3). In Northeast
China, the model exhibited an R value of 0.77 and a slight negative bias of approximately − 0.47 μg/m3. PRD
exhibited the highest accuracy (R = 0.90), but with an average underestimation of − 2.19 μg/m3 (Table S3 in
Supporting Information S1). These findings highlight the model's effectiveness in delivering stable, accurate
multi‐day surface O3 forecasts.

3.2. Model Performance During Severe Pollution Episodes

The model effectively captured the evolution of severe surface O3 episodes by reproducing the characteristic
warm‐season diurnal cycle, for example, a midday increase peaking between 15:00 and 16:00 CST (China
Standard Time), a steady nocturnal decline to a minimum around 07:00, and a subsequent morning rebound
(Figure S9 in Supporting Information S1). This behavior is consistent with the well‐established pattern that high‐
O3 pollution events primarily occur during daytime, whereas nighttime episodes are relatively rare (Lyu
et al., 2019; Xia et al., 2021; Xue et al., 2024). During a large‐scale high‐polluted O3 episode (Case 1, 25–28
September 2019; Figure 4), pronounced spatial heterogeneity was evident at 12:00, with peak O3 concentra-
tions (140–180 μg/m3) observed in the PRD, Jiangxi, and Hunan provinces. Moderate levels (∼100 μg/m3) were
recorded in the northwest, while the lowest values (<80 μg/m3) were found in the southwest. By 16:00 CST, O3
levels intensified, with concentrations exceeding 160 μg/m3 across most of eastern China, and extreme values
(>220 μg/m3) were observed in the North China Plain, particularly in Beijing and northern Henan, and in the PRD
region. The subsequent nocturnal decay phase, reaching minima (20–60 μg/m3) around 07:00 CST due to
diminished photochemical activity. Throughout the 3‐day episode, the temporal cycle remained consistent,
though the spatial distribution of high‐pollution zones shifted. New hotspots emerged in Shandong and Shanghai,
replacing prior maxima, a pattern indicative of meteorologically driven pollutant transport. Notably, the PRD
experienced persistent severe pollution throughout this period. Regarding the differences in forecasted O3 con-
centrations, Case 1 exhibited a generally consistent spatial pattern from Day 1 to Day 3. Despite the large‐scale
pollution during the daytime, forecast biases across most of eastern and southern China remained relatively small,
generally within ±10%, indicating that the model captured the high‐pollution event well. However, as time
progressed, forecast biases increased. By night, a pronounced underestimation occurred in the northern regions,
while overestimation emerged in the southern areas.

Overall, the model demonstrated consistently low mean (median) biases, ranging from − 0.84 (− 0.86) μg/m3 to
− 4.88 (− 3.29) μg/m3 (Figure S10a in Supporting Information S1). It exhibited high initial accuracy on the first
day, with most deviations within ±10 μg/m3. Although daytime underestimation gradually increased over the
following days, the bias remained predominantly within a modest range, indicating a stable, forecasted error
pattern. The model achieved excellent overall forecast performance, with a strong correlation of 0.92 and low
associated errors (i.e., RMSE = 14.33 μg/m3, MAE = 10.71 μg/m3).

Additional high‐ozone pollution episodes (Cases 2–4; September 2019) further demonstrate the model's
robustness in capturing the spatiotemporal evolution and diurnal variability of surface O3 (Figures S11–S15 in
Supporting Information S1). Forecast–observation differences show coherent spatial patterns and clear diurnal
dependence, with relatively small biases during daytime peak O3 conditions and larger relative differences at
night due to low background concentrations. Overall, forecast errors remain well constrained with high corre-
lation and stable performance across 72‐hr forecasts, indicating strong generalization capability (Text S3 in
Supporting Information S1).
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4. Discussion and Conclusions
We position our forecasting framework relative to previous studies to highlight its methodological advances and
performance (Text S4 and Table S4 in Supporting Information S1). Most existing approaches focus on site‐ or
city‐scale O3 forecasting using ground‐based data, limiting their ability to capture regional transport and provide
early warnings (Balashov et al., 2017; Biancofiore et al., 2015; Booth et al., 2025; Durão et al., 2016; Kumar
et al., 2024; Pernak et al., 2019; Zhang et al., 2023; Zhang & Awang, 2025). In contrast, our framework enables
regional‐scale 72‐hr forecasting across eastern China using high‐resolution, satellite‐derived hourly O3 data, and
maintains robust performance across extended lead times and achieves higher accuracy than related studies (Table
S4 in Supporting Information S1). Moreover, our model outperforms traditional machine learning and deep
learning models when applied to the same data set (Table S5 in Supporting Information S1).

Traditional machine learning and hybrid models often suffer from error accumulation and limited representation
of spatial heterogeneity, leading to reduced performance in long‐term forecasts (Biancofiore et al., 2015; W. Han
et al., 2023; Li et al., 2024, 2025; Zhang et al., 2023). By integrating satellite‐derived high‐resolution hourly
surface O3 data within a time‐series iTransformer framework, our approach enables accurate regional 72‐hr
forecasts while maintaining robust performance under extended lead times. The model effectively captures
diurnal variability and spatial heterogeneity, particularly during severe pollution episodes, and reliably identifies
evolving pollution hotspots. These capabilities demonstrate strong potential for air‐quality forecasting at spatial
and temporal scales relevant to population exposure and public health. More broadly, this work highlights the

Figure 4. Spatial distribution of forecasted hourly surface O3 concentration (upper panel) and their relative differences from observations (lower panel) at two‐hourly
intervals for the 72‐hr period during the large‐scale high‐polluted O3 episode (25–28 September 2019).
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promise of satellite‐driven AI frameworks to translate continuous Earth observations into actionable regional O3
forecasts and support timely public health warnings. Nevertheless, performance may be constrained under abrupt
meteorological changes or extreme pollution conditions.

Future work will focus on integrating near‐real‐time satellite O3 retrievals with advanced deep learning archi-
tectures and chemical transport model (CTM) forecasts, including data from geostationary platforms such as
GEMS. Such integration will enable more timely and operational air‐quality forecasting, support early warning
systems, and help reduce population exposure and associated health risks during severe O3 pollution events.
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