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Abstract. Statistical methods, particularly machine learning models, have gained significant popularity in air quality predic-

tions. These prediction models are commonly trained using the historical measurement datasets independently collected at

the environmental monitoring stations, and their operational forecasts onward by the inputs of the real-time ambient pollu-

tant observations. Therefore, these high-quality machine learning models only provide site-available predictions and cannot be

used as the operational forecast solely. In contrast, deterministic chemical transport models (CTM), which simulate the full5

life cycles of air pollutants, provide forecasts that are continuous in the 3D field. Despite their benefits, CTM predictions are

typically biased particularly on a fine scale owing to the complex error sources due to the emission, transport, and removal of

pollutants. In this study, we proposed a fusion of site-available machine learning prediction, which is from our RFSML v1.0,

and a CTM prediction. Compared to the normal pure machine learning model, the fusion system provides a gridded prediction

with relatively high accuracy. The prediction fusion was conducted using the Bayesian theory-based ensemble Kalman filter10

(EnKF). Background error covariance was an essential part in the assimilation process. Ensemble CTM predictions driven by

the perturbed emission inventories were initially used for representing their spatial covariance statistics, which could resolve

the main part of the CTM error. In addition, a covariance inflation algorithm was designed to amplify the ensemble perturba-

tions to account for other model errors next to the uncertainty in emission inputs. Model evaluation tests were conducted based

on independent measurements. Our EnKF-based prediction fusion presented superior performance compared to the pure CTM.15

Moreover, covariance inflation further enhanced the fused prediction particularly in the cases of severe underestimation.

1



1 Introduction

The rapid economic growth and urbanization have led to severe ambient air pollution in China (Li et al., 2016a). Thanks

to the National Air Pollution Prevention and Control Action Plan released in 2013 (The State Council of China, 2013), the

air quality has steadily improved. However, for the past decade, air pollution has still been ranked as the third major factor

causing death in China, following tobacco and high blood pressure (Murray et al., 2020). Approximately 80% of the Chinese5

population is still exposed to fine particulate matter (PM2:5) with annual mean concentrations exceeding 35 �g m�3, and over

99% of the population is exposed to severe air pollution according to the World Health Organization air quality guideline value

of 10 �g m�3. (Wang et al., 2019; Cheng et al., 2021b). Forecasting primary atmospheric pollutants with high spatial resolution

is thus essential to provide early warning for residents and reduce detrimental public exposure to air pollution (Bi et al., 2022).

Machine learning methods, particularly deep learning tools, have gained significant popularity in geoscientific fields owing10

to their high accuracy and relatively low computational resource requirements. For instance, Chen et al. (2023) fully estimates

hourly near-surface ozone concentration in China using a new geostationary satellite with the help of machine learning. Nu-

merous studies have successfully implemented machine learning algorithms for air quality prediction. For example, Li et al.

(2018) proposed a hybrid model combining weighted extreme learning machine and the adaptive neuro-fuzzy inference system

for air quality predictions. Ma et al. (2020) improved the accuracy of WRF-Chem prediction of daily PM2:5 concentrations in15

Shanghai by applying an XGBoost machine learning method. Cheng et al. (2021c) successfully predicted ground-level daily

maximum 8-hour ozone concentrations in several megacities in China, Shanghai and Chengdu, by utilizing wavelet decompo-

sition and two machine learning models. Mao et al. (2022) developed a dynamic graph convolutional and sequence to sequence

embedded with the attention mechanism model for predicting daily maximum 8-h average ozone concentrations. We have suc-

cessfully used the regional feature selection-based machine learning model (RFSML) to predict air quality with high accuracy.20

Our forecast system can provide short-term predictions for over 1262 sites across China at a national scale. We developed the

ensemble-SAGE feature selection algorithm to exclude redundant inputs, which efficiently improves our forecasting ability

(Fang et al., 2022). We trained these models using historical measurement datasets collected at independent air quality mon-

itoring stations, and they operate using real-time air quality observations as inputs. However, unlike gridded forecasts, our

predictions are only available for the location of the air quality monitoring sites. Meanwhile, the spatial distribution of existing25

environmental monitoring stations is rather uneven in China, with a dense monitoring network in the east and a sparse network

in the west, as shown in Fig.1. Therefore, our RFSML predictions limited to these few monitoring stations cannot accurately

represent the true PM2:5 concentrations on a national scale.

Deterministic 3D chemical transport models (CTM) are widely used for operational air quality forecasting due to their

ability to predict air pollution in continuous spatiotemporal domains by modeling complex physical and chemical processes of30

air pollutant life cycles. CTMs provide an advantage over machine learning-based air quality forecast models, which typically

rely on point-source observations. Various CTMs have been developed and employed for air quality forecast. For example,

Keller et al. (2021) provided a new modeling system GEOS-CF that can make 5-day forecasts of the concentrations of five

primary ambient pollutants; Cheng et al. (2021a) developed a real-time forecasting system of hourly PM2:5 concentrations
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using WRF-CMAQ model in Taiwan. Lin et al. (2020) developed the WRF-GC model (coupling the Weather Research and

Forecasting meteorological (WRF) and the GEOS-Chem model) that can perform high-resolution air pollutant forecasts. Using

the WRF-Chem model, Georgiou et al. (2022) developed a high-resolution real-time air quality forecast system over the Eastern

Mediterranean with better performance than the Copernicus Atmosphere Monitoring Service. While those air quality forecast

models can capture the spatiotemporal variations in ambient pollutants to some extent, they are susceptible to systematic bias,5

particularly at a fine scale, due to multi-source uncertainties in emission inventories (Keenan et al., 2009; Fan et al., 2018),

initial and boundary conditions, and parameterization of physical and chemical processes such as transport and removal (Croft

et al., 2012; Solazzo et al., 2017). This makes the CTM prediction less reliable for localized air quality predictions (Bi et al.,

2022).

Both the machine learning and CTM models have weakness when they are solely used in operational air quality forecast-10

ing. The same challenges exist when observations and simulation models are used to describe the atmospheric dynamics in

reanalysis products. Observations are widely preferred due to their higher accuracy compared to numerical dispersion models.

However, they are inherently limited in providing a continuous 3D field and cannot fully scan the entire target domain. On

the other hand, models provide gridded simulation results but are typically biased as explained previously. To address the lim-

itations of relying solely on observations or simulation models, Bayesian theory-based assimilation methods (Evensen et al.,15

2022) by combining the observations and model simulations have long been performed for producing gridded reanalysis that

is much close to the reality. For example, the fifth generation of atmospheric reanalysis (ERA5) from ECMWF was produced

by fusing atmospheric simulation from the Integrated Forecasting System (IFS) Cy41r2 and various types of measurements

through a four dimensional variational (4DVar) data assimilation (Hersbach et al., 2020). To analyze desert dust aerosol along

with its climatic interactions, Di Tomaso et al. (2022) developed a product with high resolution and continuous 3D field of dust20

aerosols over Northern Africa, the Middle East, and Europe ranging from 2007 to 2016. The reanalysis was generated by assim-

ilating (via local ensemble transform Kalman filter) MODIS AOD into their Multiscale Online Nonhydrostatic AtmospheRe

CHemistry model (MONARCH).

This study introduces the Bayesian theory-based assimilation method to fuse the regional-feature-selection machine learn-

ing forecast (RFSML v1.0) (Fang et al., 2022) and the deterministic chemical transport model (CTM) air quality prediction.25

The prediction fusion aims to achieve a gridded prediction with less bias and higher accuracy than the pure CTM prediction. It

is continuous in 3D field unlike the machine learning forecast that is only site-available. To the best of our knowledge, this is the

first time that the assimilation method has been applied in this way, as it is typically used for nudging model simulations with

observations. The specific assimilation algorithm used is the ensemble Kalman filter (EnKF). The background error covari-

ance of the CTM prior prediction is the fundamental term in the assimilation-based fusion. Ensemble CTM, which are driven30

by perturbed emission inventories, are forwarded in parallel to represent the potential distribution of ambient pollutant levels

and the spatial covariance statistics. To avoid model divergence, an additional covariance inflation algorithm is developed that

accounts for model errors other than uncertainties in emission inputs. The uncertainty of the other prior, the machine learning

forecast, is also an essential part of the assimilation fusion. To accurately quantify the errors, dynamic covariance is designed.
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The paper is structured as follows: Section 2.1 presents an overview of the study domain and the observations. Section 2.3

describes the machine learning forecast and Section 2.4 provides a detailed account of the CTM prediction. Section 2.2 presents

the EnKF assimilation methodology used to fuse the machine learning and CTM predictions. In Section 2.5, a popular spatial

interpolation tool, namely the Cressman interpolation, is illustrated to expand the site-available machine learning forecast to a

gridded one. Section 3 describes the independent evaluation of the proposed fused prediction. Finally, Section 4 concludes the5

paper with a summary of the findings and future prospects.

2 Data and methods

2.1 Study domain and observations

The abundance of hourly measurements obtained from the air quality monitoring network established by the China Min-

istry of Environmental Protection (MEP), as depicted in Fig. 1, facilitates the application of data-driven machine learning10

forecasting techniques at these stations. These sites have been categorized into five groups, which is consistent with previous

research (Fang et al., 2022), they are ones in the North China Plain (NCP; 34-41�N, 113-119�E), the Yangtze River Delta

(YRD; 30-33�N, 119-122�E), the Pearl River Delta (PRD; 21.5-24�N, 112-115.5�E), the Sichuan Basin (SCB; 28.5-31.5�N,

103.5-107�E) and the Fenwei Plain (FWP; 33-35�N, 106.25-111.25�E; 35-37�N, 108.75-113.75�E). In this study, we evalu-

ated the performance of the proposed EnKF-based prediction fusion system for PM2:5 concentration forecast over the entire15

China region. The method can potentially be extended to other airborne pollutant predictions in future studies. The winter of

2019 (from 15 October to 30 December 2019) was selected as the test period following the choice in our recent work (Li et al.,

2022) as winter suffers the most severe haze pollution than other seasons in China.

2.2 EnKF-based prediction fusion

The proposed assimilation-based prediction fusion is illustrated in Fig. 2. This figure shows the time series of hypothetical20

ambient pollutant predictions from both machine learning and pure CTM along the spatial coordinates, which could be X, Y,

or Z, without the loss of generality. The data-driven forecast using our RFSML system indicated by the blue line, provided an

accurate short-term forecast of the air pollutants that are very close to reality (blue dots), as validated in Fang et al. (2022) and

can also be seen in Fig. 3. However, they are only available at limited sites where observation stations are located as explained

before. The dynamic variance was introduced in this study to describe the uncertainty of the RFSML results as denoted by25

the light blue shadow. Unlike the data-driven forecast, the CTM model provides predictions over the continuous 3D field

(indicated by a gold curved surface), but it might contain unavoidable systematic bias. The Bayesian theory-based assimilation

methodology is used to calculate the most likely posterior (or the fused prediction) given the potential spread of two priors.

The specific sequential assimilation system that is used to combine the site-available RFSML prediction and CTM pre-

diction is the EnKF that was originally proposed by Evensen (1994) and further corrected by (Evensen, 2004). Similar to other30
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Figure 1. Distribution of air quality monitoring stations in China as of 2019. The black boxes represent the �ve main mega-city clusters

classi�cation used for the regional feature selection in RFSML. The RFSML predictions at these sites (represented by red dots) will be

assimilated into the fused prediction. Independent evaluation will be carried out using observations from the blue and black rectangles.

assimilation algorithms, this assimilation system fundamentally relies on the Bayesian theory for �nding the optimal posterior

that �ts the two priors quanti�ed by their covariance matrices (Evensen et al., 2022).

To begin with, ensemble chemical transport model predictions (N =32) are forwarded with perturbed emission inventories

as will be discussed in Section 2.4 as follows:

[x f
1 ; :::;x f

N ] (1)5

with �x f 2 Rn equals the ensemble mean ofx f
i 2 Rn , andX 0 2 R n � N calculates the perturbation of the ensemble predictions

as:

X 0 = [ x f
1 � �x f ; ::: ;x f

N � �x f ] (2)

5



Figure 2. Framework of EnKF-based prediction fusion. The blue lines and their corresponding shaded regions represent the RFSML pre-

dictions and their uncertainty at the air quality monitoring stations, which are assumed to be very close to the actual PM2:5 concentration

values. The golden surface and its surrounding grey surfaces represent the CTM prediction and its uncertainty. The medium slate blue surface

represents the fused prediction of the RFSML and CTM prediction.y and[ x f
1 , ...,x f

N ] arethe inputsof EnKF, which representRFSML

prediction andensembleCTM respectively.

hereN represents the ensemble number whilen denotes the gridded chemical transport model size. The spatial background

covariance matrix of the CTM predictionP 2 R n � n can be approximated using the ensemble perturbations via:

P =
1

N � 1
X 0 X 0T (3)

The posterior forecastx f
a can then be fused according to the EnKF rules via:

x f
a = �x f + K ( y � H �x f ) (4)5

wherey 2 Rm represents the RFSML machine learning forecast fromm=1074 sites as will be explained in Section 2.3,H 2

Rn � m is the linear operator that selects the gridded CTM prediction into the site-available machine learning forecast space,

andK denotes the Kalman gain, which can be calculated as follows:

K = PH T ( HPH T + O ) � 1 (5)

whereO 2 Rm � m is the error covariance matrix of the machine learning forecasty as will be illustrated in Section 2.3.10

The classic EnKF has limitations such as its dependence on the relatively small ensemble number (N ) compared to high

model dimensions (n) to estimate background error covarianceP dynamics (Houtekamer and Mitchell, 2001). To cut off those
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