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Abstract. Efficient and informative air quality modeling in future emission scenarios is vital for effective formulation of
emission reduction policies. Traditional chemical transport models (CTMs) struggle with the computational demands required

for timely predictions. While advanced re

CTMsemulator techniques greatly accelerate CTM simulating process, they fall short in providing comprehensive estimates of

future air quality due to theirs S S e sthe model structure and computational limitations.
Additionally, eurrent RSMs-these emulators often have difficulty simultaneously accounting for varying emission variables

and the effects of regional transport, which limits their applicability and undermines prediction accuracy. In this study, an
informative future air quality prediction model "TGEOS v1.0" based on the Transformer framework is developed as an efficient
agent model of GEOS-Chem v14.2.2. TGEOS is able to swiftly—and-aceurately—conduet-online—predictions—ofprobability
distributionsfor-efficiently estimate key statistical indicators of PM» 5 and O3 concentrations under future emission scenarios
and capture potential extreme pollution events. The model incorporates sectoral emissions of up to 26 distinct species as well
as the impacts of regional emissions and meteorology on pollutant concentrations, enhancing its versatility and predictive
accuracy. The spatial and probability distributions predicted by TGEOS are in good agreement with GEOS-Chem, with the
correlation coefficients for PMy 5 and O3 exceed 6-:97-and-0-96;respeetively(.98 in high-pollution months. Notably, TGEOS
achieves remarkable computational efficiency, executing one-year predictions in approximately 2.51 seconds. Compared with
other machine learning models, TGEOS based on Transformer framework showcases superior performance, underscoring the

potential of the Transformer framework in air quality modeling.
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1 Introduction

Air pollution constitutes a significant public health emergency due to its detrimental effects on human health, contributing
to approximately 6.7 million premature deaths annually (Fuller et al., 2022), particularly in fast developing countries such as
China (Lelieveld et al., 2015; Organization et al., 2023). PM, 5 and ozone (O3), recognized as major air pollutants, demonstrate
a strong correlation with cardiovascular diseases and all-cause mortality (Al-Kindi et al., 2020). Elevated exposure to these
pollutants considerably exacerbates the public health burden (Bell et al., 2004; Chen et al., 2023a; Wei et al., 2024). PM, 5
is a complex pollutant with sources including road dust (Chen et al., 2019), fuel combustion(Bond et al., 2007), and natural
sources like wildfires (Burke et al., 2023) and dust storms (Rodriguez and Lépez-Darias, 2024), along with secondary formation
through atmospheric reactions (McDuffie et al., 2021). The concentration of ambient PMs 5 is influenced by local and ambient
emissions (Qiao et al., 2021). Similarly, as a secondary pollutant resulting from photochemical reactions involving various
precursors such as nitrogen oxides (NO,) and volatile organic compounds (VOC,) (Wang et al., 2017), O3 concentrations
have been shown to be sensitive to both local and regional precursor emissions (Wei et al., 2019; Wang et al., 2021; Gong
et al., 2020). PM; 5 and ezene-O3 pollution has emerged as the central environmental topic in China, with multiple incidences
of extreme air pollution occurring in typical areas such as the North China Plain (NCP) and the Yangtze River Delta (YRD)
(Silver et al., 2018; Lu et al., 2020a). Focusing on severe PMj 5 pollution in China, the Chinese government has launched a
series of emission control plans (CSC, 2013, 2018). Although the implementation of effective control policies has resulted
in reductions in precursor emissions (Zheng et al., 2021) and the consequent decrease in PMs 5 concentrations (Xiao et al.,
2021), many air pollution issues still persist. For instance, an increase in domestic surface ozene-QO3 levels has been observed
between 2013 and 2020 (Han et al., 2024), as well as a rebound trend for PMs 5 pollution in recent years (Le et al., 2020; Wang
et al., 2024). Therefore, it is imperative for China to formulate more holistic and accurate emission control plans to combat air
pollution (Wang et al., 2023b; Geng et al., 2024). Concurrently, a model with the ability to rapidly and accurately predict air
pollutants concentrations under different emission scenarios is in demand for policymakers.

As comprehensive and reliable tools for simulating atmospheric processes (Seinfeld and Pandis, 2016), Chemical Transport
Models (CTMs) are widely used to estimate air pollutant levels under different control measures (Zhang et al., 2023b). CTMs
can provide historical, current and future estimates of various air pollutants, including PMs 5 and O3, by solving mass equa-
tions with certain input dataset, e.g. emission and meteorology fields (Seinfeld and Pandis, 2016; Cheng et al., 2021; Zeng
et al., 2022), thus bridging the connection between the inputs (emission and meteorology data) and the outputs (concentra-
tions of air pollutants) (Shi et al., 2020; Yan et al., 2021). Therefore, CTMs have been used to investigate the sensitivity of
air pollutant concentrations to anthropogenic emissions (Thunis et al., 2021) and meteorological conditions (Shi et al., 2020),
as well as to guide the formulation of air quality policies by simulating the air quality response to various emission scenarios
(Che et al., 2011; Zhang et al., 2022b, 2023b). For example, Zhang et al. (2023b) used the Weather Research and Forecasting
and Community Multi-scale Air Quality (WRF-CMAQ) model to simulate O3 concentrations under different VOCs and NO,,
emission reduction scenarios in Northeast China to explore effective control strategies for ezene-O3 pollution; Zhang et al.

(2022b) used the Goddard Earth Observing System with Chemistry model (GEOS-Chem), a CTM with the advantage of incor-
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porating advanced gas-aerosol chemistry and consistently evaluating against atmospheric observations (Lu et al., 2020b; Hu
et al., 2017), to evaluate the bene ts of different Nemission reduction strategies for R¥mitigation in China. Although

CTMs demonstrate considerable accuracy in air pollution modeling, they also present notable limitations (Salman et al., 2024),
including substantial consumption of computational resources and inef ciencies when conducting long-term simulations over
extensive areas or high-resolution grids (Thompson and Selin, 2012). Typically, for GEOS-Chem version 14.2.2, on a com-

at a resolution of 0.5x 0.625 requires approximately 350 hours, and this duration is expected to increase when conducting
simulations at ner resolutions or over extended time periods. This limitation makes it impossible for CTMs to meet the needs

of policymakers for timely online responses to future air quality under interested scenarios.

CTM, hasheencontinuouslydevelopegsincethe pastdecade RSM techniqueshavebeen successfully employed in the re-

sponse modeling of Ph% (Wang et al., 2011) andzeneQs (Xing et al.,

regions.Si

numberofrequiredCTFMsupte-60%-Xing-etal—2018)RecentlyXing et al., 201
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dimension problems. As the number of input variables increases, the complexity of RSM model grows, necessitating a larger
110 number of samples for accurate tting (Zhao et al., 2015) and potentially leading to multi-collinearity issues (Xing et al., 2018).
This limitation restricts the applicability étSMtheseemulatordo more intricate emission scenarios. Therefore, existigg

115

120




125

130

135

140

145

150

155

Transformer, as a renowned machine learning architecture characterized by the self-attention mechanism (Vaswani, 2017)

has been substantially applied in the natural language process and image classi cation due to its ability of feature extraction and
long-range dependency modeling (Devlin, 2018; Zhou et al., 2024). The self-attention mechanism facilitates the simultaneous
evaluation of all positions within the input sequence and allows the model to discern dependencies across various species (Zho
etal., 2024), thus enabling the model to handle sophisticated high-dimensional data. The utilization of Transformer architecture
for modeling in atmospheric science has become progressively more prevalent, exempli ed by their incorporation into air

quality forecasting, e.g. Informer (Zhou et al., 2021) and AirFormer (Liang et al., 2023), along with large-scale meteorological

models for numerical weather prediction, such as Pangu (Bi et al., 2022), Fuxi (Chen et al., 2023c), and Fengwu (Chen et al.,
2023b). This trend highlights the advantages of Transformer-based models over traditional approaches such as Random Fore:
and Multilayer Perceptron, especially in terms of their ability to capture complex patterns and relationships in data. However,

owing to the stringent requirements in terms of datasets (Narayanan et al., 2021) and hardware resources (Vaswani, 2017), th

application of the Transformer architecture in "emission-concentration” predicting research has been limited.
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diverse emission scenarios, and to explore any extreme pollution events that are typically represented by the high-end tail of
the probability distribution curve (Zhang et al., 2018; Lu et al., 2020a), as well as the related health impact (Tian et al., 2022).
Second, TGEOS is suitable for concentration prediction in more comprehensive scenarios that include multiple precursor

into this model, which enhances the model's capacity to address more exible demands of policymakers towards interested
emission scenarios. Third, given the signi cant in uence of regional transport on local pollutant concentrations (Qiao et al.,
2021) and the inability of current technologies to simultaneously consider the impact of regional transport and detailed emission
variables, the effects of adjacent grids consist of emission, meteorological conditions, as well as geo-spatial data are taken intc
account to ensure the accuracy of predictions. In addition, with the use of the Transformer framework, TGEOS demonstrates
signi cantly enhanced predictive accuracy compareddblishedther machine learning modéle-Mutti-LayerPereeptren
(MLP)-andRandomForest(RF).

This paper is organized as follows: Section 2 introduces the dataset and methodology used for this study; Section 3 present:
an in-depth analysis of TGEOS's performance on the test set, along with a comparative evaluation highlighting its advantages

over alternative models; Conclusions are then summarized in Section 4.
2 Dataset and methodology

2.1 Dataset

To meet the demands of deep learning model training, we created a multi-scenario dataset based on several meticulousl
crafted emission scenarios and their corresponding GEOS-Chem simulations. The compilation of this dataset primarily consists
of three components: generating multi-scenario emission inventories, conducting GEOS-Chem simulations, and assembling
samples. The details of this process are discussed below.
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2.1.1 Multi-scenario inventory

As a prerequisite to simulate future air quality, wet—produced a multi-scenario emission inventory of 36 emission scenar-

ios, including 24 future emission scenarios, 11 ne-tuned scenarios and 1 background scenario. Detailed information on the
inventory is shown in Table 1. We rst used 24 future emission scenarios based on the DPEC (Dynamic Projection model
for Emissions in China) platform (http://meicmodel.org.cn) to initially construct the data set. As a dynamic model devel-
oped by Tsinghua University (Tong et al., 2020), DPEC can re ect the dynamic changes of China's future emissions under
various socioeconomic and policy control scenarios, and provide detailed gridded emission data, including emissions with

different control scenarios, emission sectors and spatial coordinate informagienically,-we-designedwo-scenariosets

(Cheng et al., 2021 Firstly, we constructed scenariosetnamed'DPEC-SSRreBPEC-CA" to represent emission scenar-

“cleanair” pathwayssuchascarbonpeakingand

The DPEC-CAwas composed of three sub-scenario sets including “clean air", "on-time peak-clean air", and "early peak-net

GEOS-Cheninput, with unit of kg/m?/s, to generatemissioninventoriesprojectedwith DPEC-SSP/CA.
In addition, in order to improve the generalization ability of the model, we desigbethdemseenariobasebn-ne-tuning

cluding emission scenarios with different emission factors ranging from 0 to 2.0 for each emission species and emission sector,



that widely used in data assimilation (Jin et al., 2023). The detailed process for generating these stochastic emission factors i
225 discussed in the Text S1.

230

235

Table 1. Description of multi-scenario inventory.

Scenario set Sub-scenario set Independent scenarios Description
(1) SSP1 (2030, 2040, 2050) SSP1-26-BHE control
(2) SSP2 (2030, 2040, 2050) SSP2-45-ECP control
bPEC.ssp  (3) SSP3 (2030, 2040, 2050) SSP3-70-BAU control
(4) SSP4 (2030, 2040, 2050) SSP4-60-BAU control
DPEC scenarios (5) SSP5 (2030, 2040, 2050) SSP5-85-BHE control
(1) ep (2030, 2040, 2050) early_peak-net_zero-clean_air control
DPEC-CA (2) otp (2030, 2040, 2050) on-time_peak-clean_air control
(3) ca (2030, 2040, 2050) clean_air control

tun0.05, tun0.2, tun0.4, tun0.6, tun0.8,

jl;gning scenarios - tunl.0, tunl.2, tunl.4, tunl.6, tunl.8, Random scenarios generated by tuning experiments
tunl1.95

Background scenario - base2017 Original 2017 emission scenario

* Samples corresponding to six scenarios from SSP2 and SSP3 in the multi-scenario dataset were utilized for model testing, whereas the remaining sar
employed for model training.
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2.1.2 GEOS-Chem con guration

the spatiotemporal distribution of surface PMand G concentrations under different emission scenarios based on year 2017.
The nested model was con gured with a horizontal resolution 0.5° latitude by 0.625° longitude covering China (from 17.5 to
54°N and 72 to 136°E) and 47 vertical layers. Boundary condition les for model startup were offered by 1-year global GC

Emission Inventory for China (MEIC, http://meicmodel.org/) (Li et al., 2017) and the multi-scenario emission inventories with
a horizontal resolution of 0.25° latitude by 0.25° (as detailed in 2.1.1) were used as the monthly anthropogenic emissions

to simulate PM.s and & concentrations under various emission scenarios. For anthropogenic emissions out of China, we

tratring-features-Before model trainin

local pollutantconcentrationgl.iu et al., 2019) To account forpeliutantiranspertirom-adjacentareasemissiondatafrom

, wereincludedfor eachlocal and neighboring griderivedfrom-MERRA-2-datafrem-, basedon the 2017 wereinetuded
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that, derived from the daily averaged concentrations of,BMand Q ef-a-menth;were utilized-as training-targetsto

dust-relateccomponents were excluded duriagbseguentiataprecessingreprocessingsincedustintrusionscanintroduce

Table 2. Targets and features for TGEOS model.

Target number Training targets Feature number Training Features

(1) power, industry, residential, transportation, and agriculture
emissions: Ni3, PM2:5, OC, PMLO, BC, CO, NO, SQ,

RCHO, XYLE, ALK2, CCHO, OLE2, ALK5, HCHO, TOLU,
ALK4, ALK3, EOH, ETHE, MOH, ALK1, MEK, OLE1,

Monthly average, maximum, ACET, MACR, as well as 8 adjacent sectoral emissions.

12 minimum, median, 25 and 75 1045 (2) 2-meter air temperature (T2M), 10-meter northward wind (V10M),
percentiles of Pils and Q 10-meter eastward wind (U10M), planetary boundary layer height (PBLH),
concentrations 2-meter speci ¢ humidity (QV2M), total precipitation (PRECTOT),

relative humidity (RH), evaporation from turbulence (EVAP),
and surface pressure (PS), as well as 8 adjacent meteorology.
(3) local and adjacent longitude and latitude values, and month

in each scenario.

2.2 Methodology

2.2.1 Model architecture

medelarchitecturehas been widely used because of the ef cient usageapturingthe spatial relationship between fea-
20; Huang et al., 2021; Liu et al., 2022). How-

10



290

295

300

305

310

315

320
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each of which primarily incorporates a multi-head self-attention mechanism with eight attention heads and a feed-forward
network. The multi-head self-attention mechanism was employed to capture the dependency relationships among various
positions within the input sequence, while the feed-forward network facilitates additional nonlinear transformations on the
features at each position (Vaswani, 2017). By leveraging the multi-head self-attention mechanism, the model can compute the
similarity (or attention weights) of each feature in relation to all other features, thus producing a weighted representation for
each position and determining the extent to which each position relies on information from others. Moreover, the feed-forward
network, consisting of two fully connected layers, enhanced feature representation and improves the model's learning ef cacy
by incorporating nonlinear activation functions. In this implementation, the ReLU activation function was selected due to its
ability to prevent negative values and expedite the model's training process (Nair and Hinton, 2010). Additionally, each sub-
module incorporated residual connections and layer normalization to mitigate the risks of gradient disappearance or explosion.
The output from the Encoder undergoes global pooling to decrease model complexity. Finatgriesewascomprisecbf
uty-eonnectedayersthatmapthe Encoderoutputte-the speei-ed-eutputehannelgutputof the encoderis transformednto

As depicted by Fig. 1, the model incorporates local and surrounding sectoral emissions for each grid, along with various

meteorological parameters, to predict the probability distribution of pollutants under different scenarios, which is characterized

a' a ALO)
Siviale, Ooao ootro ol O

guanti-edwith-thesesindicatersin-thefellowing-tesPreviougesearcihasindicatedthatPM,:s andOs concentrationgendto

11
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325 regionalprobability distributioncurves.Speci cally, the mean,25th, and 75th percentilegvere appliedto capturethe overall

Figure 1. Work ow of TGEOS technique.

2.2.2 Model training and evaluation

In this study threefour machine learning models were employed independently to evaluate the performance for each kind of
model structure. Except for the TGEOS model discussed in this papegonventionathreeML models, namelyandem
330 ferest(RF)jandmulti-layerpereeptreMEP)RF, MLP_and CNN, which had demonstrated good performance in air quality

335 The detailed dataset for model construction was derived from the multi-scenario inventory presented in Table 1. Samples
from a total of 29 scenarios within the multi-scenario dataset were selected to construct the training set. While samples from
six scenarios of SSP2 (SSP2_30, SSP2_40, SSP2_50) and SSP3 (SSP3_30, SSP3 40, SSP3_50) that representing low &

In order to optimize the ability of TGEOS model to reproduce GEOS-Chem simulations, the mean squared error (MSE)
340 was adopt as the loss function that measures the squared variance between TGEOS pmedieted GC simulatedg)
concentrations to supervise the model training.

12
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1 X
L(m) = N (m  g)? 1)

i=1
The model weights were optimized with respect to the loss function using the Adam optimizer (Kingma, 2014) with an

learning rate i4 10 4. To save the optimal model weights during training, 20% of the randomly sampled training data were

set aside for model validation purposes. The model was trained for 100 epochs with a batch size of 64. To reduce the risk of

over tting, we applied L2 weight regularization on all trainable parameters during training and ne-tuning.

corresponding mathematical formulas are delineated as follows.

PN ) )2
R2 = 1 ;\1:1 (m; g|)2 )
i=1 (mi m)
1 X .
MAE = N M Gl ()

Herem; andg denote the TGEOS-predicted and GC-simulated pollutant concentrations, respectively. ilmoézess the
ith grid cell.m is the average of all the model-predicted sampleshuréfers to the number of samples from the training set.

3 Results and discussions

The overall performance of TGEOS on the test set is shown in Table S1. We found that the model performed well across
all target indicators. The Rranges from 0.958 to 0.992, with relatively low RMSE and MAE, averaging 2.§661 2 and

1.588 g=m 3, respectively. The following presents detailed analyses: Section 3.1 focuses on analyzing the differences between
the training set and the test set; Section 3.2 and 3.3 involves predicting spatial and probability distributions; areN
concentrations; Section 3.4 is dedicated to comparison of different models.

3.1 Differences between training and test set
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betweerthe mean PM:s areshewnin-Fig—2-andtheseef-and Q valuesof SSP2_205@ndthoseof eachtraining scenario,

These pictures indicated that the concentrations of pollutants, as well as emission variables, of the training and test set are
exclusive despite some distributional similarities, particularly for samples from highly polluted regions.

size,the p-valuesfor all emissionvariablesareapproximatelyzero(Demir, 2022) makingthe KS

meaningfulindicator. Our analysisshowsthat the emissionsof the two scenariogliffer to varying extentswith all D values

3.2 Prediction of spatial distribution of PM,.5 and O3

We rst evaluated the spatial distribution performance of TGEOS predictions effavid G for 6 test scenarios. For the sake
of brevity, we presented the results of two test scenarios, namely SSP2_2040 and SSP3_ 2040, to represent the low and hig
emission scenarios. Additionally, we focused on the months with the highest concentrationspd R to better visualize
the spatial distribution of pollutants. Figure 3 and S6 present the spatial comparison.gfd@htentration indicators between
GC and TGEOS for SSP2_40 and SSP3_40 scenario in January.

The results demonstrate that, across various emission scenarios, the spatial distribution; aoRbéntrations simulated
by TGEOS exhibits a high degree of similarity with that produced by GC. Speci cally, TGEOS effectively captures the spatial
distribution patterns of PMs concentrations, accurately identifying high-pollution zones in central and northern China, along-
side low-pollution areas in other regions. Furthermore, the disparities observedig &iicentration levels under distinct
emission scenarios indicate that TGEOS has successfully discerned the intricate relationships between precursor emission

and PM.5 concentrations. Beyond its capability to predict monthly mean values, TGEOS also excels in predicting additional

14



Figure 2. Spatial distributions of mean PM concentration and three emission variables in SSP2_2050 (a) and otp2030 (b) scenarios in

January, along with the quanti ed absolute differences between two scenarios (c).

statistical indicators associated with PMconcentrations, including the maximum concentrations of signi cant concern to

indicators, such as the median and minimum values that shown in Fig. S8, are also effectively predicted.
As illustrated in Fig. 5(a), 6(a), and S10(a), there exists a robust statistical correlation between thadibhtors predicted
405 by TGEOS and the actual GC simulations across varying emission scenarios,Awtiugs ranging from 0.976 to 0.995.
These results substantiate that PMaccurately captures the principal trends and patterns of P& simulated by GC.

Mereoverthe The evaluation of model prediction errors, as quanti ed by thestMeanSeauareError-{(RMSE)-andiMean

15
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The spat|al comparison of30:oncentrat|on indicators between GC and TGEOS for two scenarios in July are presented in
Fig. 4, S7, and S9. Similar to the predictions for Pwe observed that TGEOS successfully captures the spatial distribution
patterns of @ as simulated by GC, as well as the concentration differences resulting from various emissions. The scatter
density plots presented in Fig. 5(b), 6(b), and S10(b) indicate a strong correlation between TGEOS and GEyaliteR
ranging from 0.966 to 0.996. Additionally, the accuracy of TGEOS predictions is further supported by the relatively low
RMSE values, which range from 0.985 to 2.110, and MAE values ranging from 1.593 to 4.933. These results demonstrate
that TGEOS is capable of accurately and reliably predicting both.£&hd G concentration distribution across different
scenarios, achieving a level of performance comparable to that of GC.

The error graphs of P indicators for SSP246-2040and SSP346-2040are shown in Fig. 3 a3 to d3 and Fig. S6 a3 to
d3. We found the model exhibits relatively large errors in predicting the monthly maximum concentrationg.of At is
attributed to the inherent randomness of these peak values compared to other indicators, which poses challenges for accurat

prediction. Furthermore, our analysis indicates the presence of both overestimation and underestimation within these error

graphseﬁenehaﬂdn,xms study, the GC simulations for each scenamrﬂmsstudyafedweﬂbyaaeed—wﬂakeeﬂeeﬂﬂaﬂen

16
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to 0.996, respectrvely, while those fos@re 0.903 to 0.994 and 0.946 to 0.994, respectively, indicating a strong correlation

between predicted and simulated pollutant concentrations across all seasons.

Speci cally, TGEOS effectively captures the seasonal trends and patterns.gf BiMi Q as simulated by GEOS-Chem.
Seasonal variations in both pollutants are evident, withy.pMoncentrations gradually decreasing from winter to summer
(Fig. 7atte-a31 to 3 and Fig.7b1te-b35151 to 3), while ezeneQ3, concentrations exhibit a gradual increase during the
same period (Fig. &1-te-€3-1 to 3 and Fig.8-eite-€35161 to 3). Furthermore, the accuracy of TGEOS predictions is

0.670 to 1.561, respectively) ands @1.186 to 2.952 and 1.186 to 3.631), mdrcating that TGEOQOS predictions closely align
with GC simulations, despite some acceptable margin of error. Although the performance during periods of low concentration
was less optimal, TGEOS demonstrated decent effectiveness during critical months when elevated concentrations and extrem
pollution events are more likely to occur, particularly for RPdin January and @in July.

From the perspective of predicting the spatial distribution of pollutants, although some discrepancies exist, TGEOS exhibits
relatively high accuracy and reliability in predicting BMand Q concentrations during key pollution months and across
various seasonal pollution conditions compared to the corresponding simulations from GC.

3.3 Prediction of probability distribution of PM .5 and O3

The probability distribution offers a comprehensive representation of pollutant concentrations over a speci ed time period and
effectively captures extreme values, which are typically re ected in the tails of the probability distribution curve. Leveraging
this advantage, probability distributions are critical in various air pollution studies, including investigations into future air
quality under different emission scenarios (Zeng et al., 2022) or climate changes (Li et al., 2024), and potential mortality in
heavily polluted regions (Tian etal., 2022). In this study we focus on the probability distributions predicted by TGEOS for four
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