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1 Abstract

2 Vertical aerosol distributions remain poorly constrained in atmospheric chemistry
3 models because most surface and satellite observations provide only near-surface or
4  column-integrated information. We developed a three-dimensional variational data
5 assimilation algorithm to use vertically resolved laser measurements from the Cloud-
6 Aecrosol Lidar with Orthogonal Polarization (CALIOP) instrument to improve aerosol
7 simulations. The system directly assimilates 532 nanometre total attenuated backscatter
8 measurements into the Weather Research and Forecasting model coupled with
9  Chemistry, using the four-bin Model for Simulating Aerosol Interactions and Chemistry
10 aerosol scheme. We evaluated the system using two nighttime satellite observations over
11 northern China in December 2019, representing moderate and heavy pollution
12 conditions. Assimilation improved the simulated vertical distribution of aerosols along
13 the satellite tracks. Compared with a simulation without assimilation, the aerosol optical
14 depth correlation coefficient increased from 0.51 to 0.58, the root-mean-square error
15 decreased from 0.28 to 0.24, and the mean bias improved from —0.11 to 0.01. For the
16  heavy-pollution case, the initial mean surface concentration of fine particles increased
17 from 85 to 107 micrograms per cubic metre, compared with an observed value of 151
18 micrograms per cubic metre. The improvement in surface fine-particle forecasts lasted
19 approximately 14 hours. These results demonstrate the potential of satellite lidar
20 measurements to improve three-dimensional aerosol analyses, while highlighting the
21 need for broader evaluation because of limited satellite sampling, cloud effects, and

22 observation uncertainty.
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1 1. Introduction

2 Air quality models are essential for simulating the spatiotemporal distribution of aerosols
3 and predicting their temporal evolution. These models offer valuable insights into the
4  interactions between aerosols and the Earth's atmospheric system, enabling a more
5 comprehensive understanding of the environmental impacts of anthropogenic activities
6 (Menon et al., 2002; Grell et al., 2005; Jing et al., 2016; Ma et al., 2019; Yu et al., 2020).
7 Nonetheless, achieving precise aerosol simulation remains a challenging task due to the
8 inherent errors arising from emission factors, initial conditions, and the multifaceted
9 interactions between chemical processes and meteorological phenomena. Aerosol data
10  assimilation employs an optimal estimation method to combine measurements from various
11 sources with numerical models, aiming to minimize errors in the initial aerosol fields of the
12 model (Bocquet et al., 2015; Hu et al., 2022). In the early studies on aerosol DA conducted for
13 offline chemical transport models, the assimilated state variables were commonly aligned with
14 specific observed aerosol variables, such as particulate matter with acrodynamic diameter less
15 than 2.5 micrometers (PM2s) or that with aerodynamic diameter less than 10 micrometers
16 (PMio) (Chai et al., 2006; Niu et al., 2008; Tombette et al., 2009). Thanks to the continuous
17 advancement of atmospheric chemistry models and improvements in computational efficiency,
18 the Coupled Chemistry Meteorology Models (CCMMs) have been undergoing significant
19 development (Bocquet et al., 2015). The WRF-Chem model, renowned for its advanced online
20  coupling of meteorology and atmospheric chemistry (Grell et al., 2005), has gained widespread
21 usage in diverse environmental fields, particularly in air quality modeling. It offers a range of
22 aerosol schemes, including the Goddard Chemistry Aerosol Radiation and Transport
23 (GOCART) scheme proposed by Chin et al. (2000), and the Model for Simulating Aerosol
24 Interactions and Chemistry (MOSAIC) aerosol scheme developed by Zaveri et al. (2008).
25  These advanced aerosol schemes employ a large number of model variables, enabling a
26  thorough representation of the mass and/or size distributions of aerosol chemical species. As a
27  result, they are more suitable for accurately simulating complex real-world aerosol processes.
28 Consequently, DA technology concerning more state variables for a detailed description of
29 aerosol chemical species and size was developed for WRF-Chem and other CCMMs. The Grid-

4
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1 point Statistical Interpolation (GSI) system, initially designed for meteorological applications,
2 hasundergone further development to incorporate aerosol data assimilation. It is built upon the
3 widely adopted 3DVAR algorithm (Liu et al., 2011). By employing the GSI system, numerous
4 studies have successfully assimilated PM s or PM g data, leading to enhanced aerosol analyses
5 and subsequent forecasting capabilities (Pagowski et al., 2010; Schwartz et al., 2012; Jiang et
6 al., 2013; Feng et al., 2018). However, the GSI system was initially developed based on the
7 GOCART aerosol scheme, with a primary focus on improving the simulation of dust aerosols.
8 The MOSAIC scheme, an advanced size-resolved sectional model, efficiently classifies
9 aerosols into 8 distinct species and characterizes the size distribution of each species using
10  either 4 or 8 discrete size bins. This size-resolved aerosol scheme proves to be more suitable
11 for simulating complex air pollution scenarios in northern China (Chen et al., 2019).
12 Consequently, researchers have successfully developed an aerosol DA system by utilizing this
13 aerosol scheme in conjunction with the 3DVAR algorithm (Li et al., 2013; Sun et al., 2020;
14 Wang et al., 2020), demonstrating that the application of DA yielded positive effects on both

15  the analysis field and subsequent 24-hour PM; 5 forecasts.

16 In terms of observations, conventional in situ measurements are commonly used to
17 measure and assimilate PM» 5 or PM o, as well as significant gaseous pollutants like ozone (O3)
18 and nitrogen dioxide (NOz) concentrations. Nevertheless, these measurements only provide
19 horizontal aerosol information near the surface and have a limited distribution in rural regions.
20  In comparison, satellite- and lidar-derived aerosol optical properties have many advantages
21 over conventional observations and have high application value in the aerosol DA field. In the
22 field of aerosol optical parameters data assimilation, the representation of the relationship
23 between assimilation state variables and aerosol optical properties relies on a nonlinear
24  observation operator. Therefore, establishing a reasonable observation operator is both critical
25 and challenging (Wang et al., 2022). Recently, researchers have made significant progress in
26 assimilating the optical properties data of aerosols. Among these data, the first parameter to be
27  assimilated is the AOD retrieved from satellite observations. Liu et al. (2011) developed the
28 Community Radiative Transfer Model (CRTM) AOD module and integrated it into the GSI

29 framework to enhance the assimilation of satellite derived AOD data. This innovative approach



https://doi.org/10.5194/egusphere-2026-5573
Preprint. Discussion started: 15 October 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

1 proved effective in assimilating MODIS AOD data and was subsequently widely applied to
2 assimilate AOD retrievals from various platforms, leading to promising outcomes. (Schwartz
3 etal, 2012; Saide et al.,2014; Ha et al., 2019; Xia et al., 2020; Hu et al., 2026). In addition to
4  the utilization of variational methods, ensemble-based DA approaches have also been
5 employed to assimilate satellite AODs (Yumimoto et al., 2016; Dai et al., 2019; Tsikerdekis et
6 al., 2021; Cheng et al., 2022; Pang et al., 2023; Hong et al., 2026). Nevertheless, it is worth
7 noting that satellite-derived AOD products primarily provide column-integrated aerosol

8  properties, limiting their ability to optimize the aerosol profiles in individual layers.

9 To overcome this limitation, continuous assimilation studies focus on aerosol profiles
10 such as extinction or backscatter coefficients obtained from in-situ lidar measurements (Cheng
11 etal, 2019; Liang et al., 2020; Gao et al., 2025). Compared to ground-based lidar systems, the
12 CALIPSO satellite provides a unique advantage of systematically capturing high-resolution
13 vertical cross-sections on a global scale. However, assimilating CALIPSO data to improve
14 aerosol simulations for CCMMs has seldom been performed (Sekiyama et al., 2010, 2012). To
15 achieve this goal, we devised a 3DVAR aerosol DA algorithm using the MOSAIC scheme
16 (Wang et al.,, 2022), capable of assimilating AOD, extinction coefficients, backscatter
17 coefficients, and mass concentrations. While our previous study (Ye et al., 2021; Zang et al.,
18 2022) successfully assimilated CALIPSO Level 2 extinction profiles alongside surface PMa s
19  and Himawari-8 AOD, the current study presents a major advancement: the first known attempt
20 to directly assimilate CALIPSO Level 1B attenuated backscatter data using the 3DVAR
21 method and the MOSAIC mechanism. In comparison to CALIPSO Level 2 aerosol products,
22 the Level 1B attenuated backscatter coefficient profiles are free from contamination by
23 retrieval algorithms and possess a significantly larger data volume (Stromatas et al., 2012).
24  Direct assimilation of Level 1B data obviates superfluous and artifactitious errors arising from
25  data retrieval processes, showing greater potential to enhance aerosol analyses and forecasts.
26  This study extends the previous DA algorithm by incorporating an attenuated backscatter

27  observation operator and its newly established adjoint module.

28 The scientific relevance of vertically constraining aerosol distributions extends beyond

29 improvement of air-quality forecasts. Aerosol altitude determines transport pathways and
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1 residence times and influences the vertical distribution of radiative heating, atmospheric
2 stability, cloud interactions, and the relationship between column aerosol optical depth and
3 surface particulate matter. Surface observations and passive satellite retrievals cannot uniquely
4 resolve this vertical structure. Active lidar measurements therefore provide complementary
5 information needed to characterize the three-dimensional aerosol state. Although the present
6 experiments focus on winter pollution over northern China, the challenges examined here—
7 including sparse profile sampling, cloud and surface contamination, nonlinear optical
8  observation operators, and the loss of local assimilation increments through transport—are
9 common to aerosol prediction systems in other regions. This study investigates how direct
10  assimilation of Level 1B attenuated backscatter constrains aerosol vertical structure and how

11 this observational information subsequently affects column and surface aerosol fields.

12 The remaining parts of this paper proceed as follows: Section 2 presents the DA algorithm,
13 model configuration, and observation operator. Given the pivotal role of the observation
14 operator in the DA algorithm, it is discussed in detail. Furthermore, this section presents
15  detailed information regarding the observational data used for assimilation and evaluation. It
16  includes an explanation of the preprocessing techniques employed, quality control measures
17 implemented, and the experimental design adopted. Section 3 primarily focuses on showcasing
18 the effects of data assimilation. Specifically, it highlights the improvements in aerosol

19  simulations achieved by DA. Section 4 contains the conclusion and discussions.
20 2. Data and methodology

21 2.1 The model configuration and aerosol scheme

22 WRF-Chem v4.0 was adopted to perform the simulation and assimilation experiments.
23 The model operates within a two-configured domain, with an outer nested grid resolution of
24 27 km and an inner nested grid with a horizontal spacing of 9 km. It covers the vertical
25  atmosphere from the surface up to the 50 hPa pressure level. The chosen pollution case took
26  place in the Northern China region, so the evaluation and simulation specifically targeted the

27  inner domain (D02). Consequently, only the D02 map is displayed in Figure 1. The basic model
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1 configurations are presented in Table 1.

2 The MOSAIC 4bin chemical mechanism was selected to simulate the three-dimensional
3 evolution of aerosols. This scheme represents the aerosol size distribution using four discrete
4 bins spanning 0.039-0.156 pm, 0.156-0.625 pum, 0.625-2.5 pm, and 2.5-10 pm, thereby
5 resolving the size-resolved behavior of individual species. Previous studies have demonstrated
6 that MOSAIC is capable of accurately simulating aerosol pollution in China (Chen et al., 2016;
7 2019). Consequently, acrosols are represented by 32 state variables — 8 aerosol species in each
8  ofthe 4 size bins — all of which serve as control variables and are optimized jointly within the

9  3DVAR assimilation system.
10 2.2 Data assimilation algorithm and observational operator

11 We implemented a DA algorithm based on the 3DVAR method to assimilate the
12 attenuated backscatter measured by the lidar. The 3DVAR method mathematically minimizes

13 a cost function, whose incremental form is given by:

14 G ) =38 78 +2( 8 — ) (8 - ) (1)
15 Here, the incremental analysis variable, denoted as O , is defined as the subtraction of the
16 analysis variable from its corresponding background variable P. The background error
17" covariance matrix, represented by, plays a crucial role in the process of data assimilation by
I8 controlling the distance and magnitude of propagating observational information onto the
19" model grid points. The ~ matrix was constructed using the National Meteorological Center
20 (NMC) method, where the background error statistics were derived from the differences
21 petween 24-hour and 48-hour forecasts valid at the same time. The cross-correlations between
22 the 32 MOSAIC state variables across different species and size bins are explicitly considered
23 in the matrix. Furthermore, horizontal and vertical localizations are implicitly applied
24 through the static correlation length scales defined in , ensuring observation information is
2> spread reasonably to neighboring grid points. The = — P represents the observation
26 innovation, where is the observation vector which represents various aerosol observations.
27

The observation operator, denoted as H, is the linear approximation that maps the aerosol
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variables in the MOSAIC 4bin scheme to the corresponding observational variables. The
observation error covariancee matrix is represented by . The mathematical formulation

3 utilized by the 3DVAR method affords the ability to assimilate different types of aerosol

4 measurements, either separately or simultaneously, resulting in significant advantages. The
> fundamental components of  and are the key elements that drive the effectiveness of the
6 DA algorithm. Our previous studies have extensively discussed and analyzed these covariances,
7

shedding light on their intricate details and implications within the context of the DA algorithm

8 (Wang et al., 2022).

9 Establishing an observation operator is necessary in order to obtain the minimum solution
10  for the previously described cost function. Notably, the state variables utilized in the DA
11 algorithm are derived from the MOSAIC 4bin scheme, which characterizes aerosol chemical
12 species mass concentration, and are distinct from attenuated backscatter observations.
13 Nevertheless, the observation operator can map the model control variables to the
14 observational variables. It is crucial to acknowledge that while a simple linear operator is
15 adequate for conventional observations such as PM s mass concentrations, the optical property
16  observations necessitate a complex and nonlinear operator. Furthermore, it is worth noting that
17  the tangent linear and adjoint operators are obtained through code transformations of the
18  observation operator that adhere to strict coding rules. The computation procedure for the
19  operator associated with attenuated backscatter is presented below:

20 Initially, the calculation of two optical parameters, namely the aerosol mean wet radius
21 (r) and the complex refractive index (m), relies on the aerosol state variables. Based on the
22 aerosol density of each state variable, the individual volumes for each species can be calculated.
23 The sum of the individual volumes, together with the water volume, provides the total aerosol
24 volume. Dividing this total volume by the aerosol number yields the mean volume.
25 Additionally, the assumption is made that aerosol particles possess a spherical shape, enabling
26  the calculation of the mean wet radius » from the mean volume using the formula for the
27  volume of a sphere. By employing volume averaging, the mean complex refractive index m is
28 calculated by dividing the sum of the products of the individual species volume and their
29 respective complex refractive indices by the total volume. Subsequently, the computation of

30 aerosol optical efficiencies is performed.
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1 According to Mie scattering theory, the efficiencies depend on both the complex refractive
2 index of the aerosol particles and the particle size parameter (x). Once the complex refractive

3 index (m) and mean wet radius (») have been calculated, the conversion of » to x is
4 accomplished using the equation x=27r/A, where A represents the wavelength of the incident

5 radiation. The Mie calculation is a widely accepted method for directly computing aerosol
6 optical efficiencies by utilizing the two optical parameters, x and m. It is well-established that
7  this process is highly intricate and characterized by nonlinearity. This computation consumes
8 a considerable amount of time and presents significant challenges in writing adjoint program
9  codes. In order to enhance efficiency in the context of assimilation, we employed polynomial
10  expansions to approximately calculate extinction and backscatter efficiencies. As documented
11 by Fast et al. (2006), this method has proven to be highly effective in simplifying the
12 computation process while maintaining accuracy. The expression for the extinction efficiency

13 Qex: can be represented as follows:

14 =exp[ _, ()] 2
15 where is represented as the logarithm of the wet radius ». The notation Tj(s) denotes the
16  Chebyshev polynomial of order i, where i represents the degree of the polynomial. The symbol
17 M is used to denote the total number of terms present in the polynomial expansion. By
18 employing a predefined set of coefficients, the computation of the expansion coefficients 4;,
19 which are reliant on the complex refractive index m, is achieved through the application of
20  bilinear interpolation technique. For more detailed guidelines on calculating A;, please refer to
21 the comprehensive instructions provided in Fast et al. (2006). By substituting the determined
22 coefficients 4; and s into the equation, we can derive Qex, and similarly, the backscatter
23 efficiency can be computed.

24 After obtaining the extinction and backscatter efficiencies, the subsequent step involves
25  the computation of their corresponding coefficients. It is noteworthy that the determination of
26  optical parameters necessitates the calculation of the cumulative sum of all values within the

27  four size bins. Therefore, the extinction coefficient bex can be expressed as follows:

28 = 4 2. 3)

10



https://doi.org/10.5194/egusphere-2026-5573
Preprint. Discussion started: 15 October 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

1 Likewise, the backscatter coefficient can be expressed using a similar expression like Eq.
2 3, where the subscript i=1, 2, 3, 4 represents the size bin, and Vi is the aerosol number at the i-
3 th size bin. Once the aerosol backscatter coefficient, acrosol extinction coefficients, or AOD,
4 have been assimilated, the observation operator would be deemed complete at this stage. The
5 focus of this study is on the assimilation of attenuated backscatter coefficients. Therefore, the
6 operator should proceed by computing the attenuated backscatter coefficients from the
7 previously obtained aerosol extinction and backscatter efficiencies

8  The ultimate stage of the operator encompasses the transformation of aerosol backscatter and
9  extinction coefficients into attenuated backscatter. This can be achieved by applying the lidar

10  equation (Fernald, 1984), which enables the computation of attenuated backscatter as follows:
11 O=C O+ O) 20, “
12 where the term 7%(z) represents the two-way transmittance resulting from atmospheric

13 extinction, which is expressed as:

14 O= (2, O+ ) ), 6))
15 where the coefficients a. (am) and fa (fBm) refer to the aerosol (molecular) extinction and
16  backscatter coefficients, respectively, and their values are dependent on the altitude z. The

17 attenuated backscatter, denoted by ' (z), can be expressed as the product of the two-way

18  optical transmittance and the backscatter coefficient. As indicated in the equation (4), the
19  attenuated backscatter detected by the lidar comprises both molecular and aerosol components,
20  with the molecular terms remaining constant and unaffected by aerosols during the assimilation
21 process.

22 In line with Wang et al. (2014) approach, the molecular and were computed

23 from WRF-Chem outputs through the application of Rayleigh scattering theory. More
24 specifically, the molecular S, was derived through the following calculation:

25 =— 6)

26  where P denotes pressure, T denotes temperature, and Gy represents the Boltzmann constant,

27  while the Rayleigh scattering cross section Sgay is formulated as follows:

11



https://doi.org/10.5194/egusphere-2026-5573
Preprint. Discussion started: 15 October 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

1 = 4678 x 10729 . —(3916+0.074 +0.05/ ) )

2 where A denotes the wavelength of the incident light. The molecular extinction coefficient om
3 can be computed as follows:

_8
s a =% . ®)
5 The transmittance term is calculated by the integration of both the aerosol o, and the

6  molecular o, over the entire trajectory of the laser beam. Therefore, the value of transmittance

7 is influenced by the distance between the volume that backscatters the laser and the lidar. The
8 main purpose of this investigation is to assimilate the CALIPSO attenuated backscatter
9 coefficient profiles. In this context, the transmittance terms denote the attenuation from the
10  upper atmosphere to the lower target height, in contrast with ground-based systems, where the
11 transmittance term is calculated from the ground up to the height of the upper target (Mamouri
12 et al., 2009; Rogers et al., 2011). The successful derivation of the attenuated backscatter
13 coefficients, resembling those observed in CALIPSO, indicates the completion of the
14 calculation process for the operator at this stage. The overall process reveals that the lidar-
15 derived attenuated backscatter observation operator incorporates multiple observation
16  operators or calculation segments for various aerosol optical properties, including extinction
17 coefficients, backscatter coefficients, and AOD. Therefore, it can be regarded as a
18 comprehensive operator, capable of assimilating not only attenuated backscatter but also these

19 other optical properties.
20 2.3 Observations and Quality Control

21 The CALIPSO satellite is equipped with CALIOP, a three-channel lidar system measuring
22 at 532 nm (parallel and perpendicular) and 1064 nm (Winker et al., 2007). After the backscatter
23 signals undergo range scaling, energy normalization, and gain normalization, the resulting
24 attenuated backscatter profiles are used to generate several products. The CALIPSO Level 1B
25 data products provide high-resolution altitude profiles of total attenuated backscatter
26  coefficients. Because Level 2 products rely on Level 1B retrievals, directly assimilating Level
27 1B data avoids retrieval algorithm artifacts. The high quality of attenuated backscatter data has

12
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1 been verified by numerous studies (Mamouri et al., 2009; Rogers et al., 2011), highlighting the
2 significant importance of its direct assimilation.

3 The CALIPSO Level 1B 532 nm total attenuated backscatter profile products (version
4 4.10) were assimilated in this study. Each profile has 583 elements in the vertical dimension
5 for the —2.0 to 40 km altitude range. Different horizontal and vertical resolutions are applied
6 for different altitude regimes to reduce the data volume. The provided "full resolution” (30 m
7 vertical and 0.33 km horizontal) spans from -0.5 to 8.2 km. To facilitate the monitoring of
8  potential delayed recovery from the surface return, the region ranging from -2.0 to -0.5 km is
9 provided with a horizontal spacing of 0.33 km and a vertical spacing of 300 m. The data is
10  presented at a horizontal spacing of 1 km and a vertical resolution of 60 m, covering an altitude
11 range from 8.2 to 20.2 km. Notably, in the stratospheric region between 20.2 and 30.1 km, the
12 vertical resolution is reduced to 180 meters. At altitudes exceeding 30 kilometers, characterized
13 by negligible aerosol concentration, a coarse spatial resolution proves sufficient for the
14 intended purpose. As aerosols remain in the lower troposphere, the attenuated backscatter data

15 below 5 km are assimilated. The uncertainty of the attenuated backscatter was assumed to be

16  20% as in Winker et al. (2007). As the magnitude of aerosol attenuated backscatter is 1073, the

17 observation error of attenuated backscatter in this study is estimated to be ~2 x1074,

18 In this study, CALIPSO Level 1B 532 nm total attenuated backscatter profile products
19 (version 4.10) were assimilated. The two cases were carefully selected to represent distinct but
20  widely encountered wintertime pollution conditions in northern China: the light pollution
21 episode (Case 1, December 6 2019, average near-track PMz.s ~72 ng m™) and the heavy
22 pollution event (Case 2, December 9 2019, average near-track PMa.s ~151 pg m™3). This paired
23 design allows us to comprehensively validate the performance of our newly developed
24 attenuated backscatter assimilation algorithm under low-to-moderate and high aerosol loading
25  conditions respectively, covering most typical winter haze scenarios in the study region.
26  Furthermore, both cases are selected under nighttime CALIPSO overpasses (~18:00 UTC) to
27  minimize solar background noise, which ensures the quality of Level 1B attenuated backscatter
28  observations and avoids introducing confounding factors from daytime radiation

29  contamination (Noel et al., 2014). While future work will extend testing to more cases across

13
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1 different seasons, these two representative, well-characterized cases provide robust proof-of-
2 concept validation for this novel direct assimilation approach.
3 To ensure data quality and computational efficiency, preprocessing and quality control
4 were applied: (1) Data were vertically smoothed using a Gaussian method to reduce random
5 noise; (2) observation data were thinned horizontally by averaging several profiles (e.g., 27
6  profiles) to match the ~9 km model grid resolution. This practice of thinning high-resolution
7 data to align with the model grid is commonly applied in practical situations such as
8  geostationary-satellite-derived AOD assimilation (Yumimoto et al., 2016; Ha et al., 2019). (3)
9 Data with extreme values larger than 0.01 km™ were removed, and data below 100 m were
10  excluded from assimilation to prevent overestimation caused by strong surface return signals.
11 This step was necessary because surface return signals in CALIPSO data are stronger than
12 aerosol return signals, making it difficult to accurately determine surface effects when deriving
13 aerosol attenuated backscatter coefficients. Consequently, the exclusion of near-surface
14 attenuated backscatter coefficients was necessary to prevent significant overestimation. Please
15 note that the data preprocessing conducted in the current study is considered elementary and
16  warrants further research. After preprocessing, the attenuated backscatter data at 532 nm from
17 CALIPSO are illustrated in Figures 2a and 2b for Cases 1 and 2, respectively. These figures
18 correspond to tracks (a) and (b) as shown in Figure 1.
19 The verification of DA effects incorporated CALIPSO Level 2 aerosol profile products—
20 including the 532 nm total backscatter coefficient, extinction coefficient profiles, and column
21 aerosol optical depths—alongside attenuated backscatter data and in-situ PM>. s measurements.
22 CALIPSO Level 1B and Level 2 data were obtained from the NASA Langley Atmospheric
23 Science Data Center (ASDC; https://asdc.larc.nasa.gov/), with comprehensive product details
24 available at the official CALIPSO website (https://www-calipso.larc.nasa.gov/). PM, s data
25 were acquired from the China National Environmental Monitoring Centre (CNEMC;
26  http://www.cnemc.cn/en/), which maintains over 2000 monitoring sites across China, 683 of
27  which are located within the D02 region. Because DA spreads observation information to
28 neighboring model grids within a limited area, only PM; s measurements from stations situated
29 less than 50 km from the CALIPSO ground track were selected for the evaluation of DA effects
30 in Case 2, resulting in 70 monitoring sites depicted as green circles in Figure 1.

14
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1 2.4 Experimental design

2 To explore the impact of DA on aerosol analysis and forecast accuracy, two sets of
3 experiments were conducted for each of the two cases. These experiments consisted of a
4 control experiment, which did not involve DA, and an assimilation experiment, in which DA
5 was applied. Both experiments had the same model configuration but with a difference in
6 aerosol initialization. The control experiment, referred to as “Control,” did not assimilate
7 observations and employed a previous 24 h aerosol forecast following model spinning up as
8 the initialization. The assimilation experiment referred to as “Assimilation,” employed aerosol
9 analyses generated by assimilating CALIPSO attenuated backscatter as the initialization. Both
10  experiments were run for two cases that corresponded to the attenuated backscatter at two
11 different times. Case 1 simulation was for the light aerosol pollution episode taking place from
12 December 6 to 7, 2019, which was initialized at 18:00 UTC on December 6, 2019. The
13 simulation for Case 2 was conducted to study a heavy pollution event that took place from
14  December 9 to 10, 2019, with initialization at 18:00 UTC on December 9, 2019. The
15  assimilation experiment, in contrast to the control experiment, was exclusively assimilated at
16  the initial time of 18:00 UTC on December 6 and 9, 2019, respectively. The meteorological
17 data utilized to drive the WRF-Chem model were obtained from the National Centers for
18 Environmental Prediction (NCEP) reanalysis dataset, while the aerosol emission inventory
19  employed in this study was sourced from the Multi-resolution Emission Inventory for China
20  (MEIC) compiled by Zheng et al. (2018)

21 To assess the impact of assimilation, three statistical metrics were used: the correlation
22 coefficient (CORR), mean bias (BIAS), and root-mean-squared error (RMSE). These metrics
23 were computed for the purpose of evaluating the level of agreement between the model
24 simulations and observations across all experiments. Better indicators indicate better model

25 performance, which can be ascribed to attenuated backscatter assimilation.

26 3. Results

15
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1 3.1 Evaluation with attenuated backscatter coefficient

2 The assimilated attenuated backscatter data were used for “sanity checks” to determine
3 whether the observation operator and DA algorithm worked properly. The attenuated
4 backscatter coefficient measurements are represented in the form of a vertical cross-section
5 since each profile is obtained as the CALIPSO satellite passes over North China (Figure 2).
6  Figure 3 displays the cross-sections of attenuated backscatter acquired from both the control
7 and assimilation experiments, along with the increment which represents the disparity between
8  the assimilation outcome and the control outcome. In Figure 3, the top row illustrates the
9 attenuated backscatter cross-sections obtained from Case 1, while the bottom row showcases
10  the attenuated backscatter cross-sections for Case 2. The attenuated backscatter simulations

11 (Figures 3al, 3bl, 3a2 and 3b2) are in the same order as the measurements (Figure 2). In Case
12 1 (Figure 3al), the layer around 37.5° N at approximately 1 km altitude exhibits high values

13 that demonstrate a favorable agreement with the observations (Figure 2a). This result can help
14 demonstrate the reliability of the constructed observation operator. However, the control
15 experiments underestimated attenuated backscatter values in both cases (Figure 3al, 3a2). The
16  assimilation experiments conducted through DA yielded considerably positive increments and
17 slightly negative values (Figure 3cl1, 3c2). Consequently, the assimilation results (Figure 3bl
18 and 3b2) demonstrated a notably higher level of concordance with the observations in
19 comparison to the control results. The increment peak exceeds 0.003 in Case 1 (Figure 3cl),
20  which is equivalent to the background values in the control experiment. These results show
21 that the DA algorithm worked properly and the attenuated backscatter DA hopes to improve
22 aerosol analysis.

23 In addition, the assimilation increments of attenuated backscatter are driven primarily by
24 mass increases in the accumulation mode size bins (Bin 2: 0.15625-0.625 pum and Bin 3: 0.625-
25 2.5 pm) of the MOSAIC scheme, which dominate aerosol light scattering properties under this
26  winter North China pollution scenario. Further decomposition reveals that the major
27  contributors to these increments are sulfate, nitrate, ammonium, and organic aerosol

28 components, which are the dominant anthropogenic fine aerosol species during winter haze
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1 events in the study region. In contrast, coarse mode aerosols (Bin 4: 2.5-10 um) contribute
2 relatively little to the attenuated backscatter increments in these two selected cases, as dust
3 aerosol concentrations are relatively low during these winter pollution episodes.
4 To investigate the DA performance in the vertical dimension explicitly, the simulated and
5  observed attenuated backscatter profiles at three points are shown in Figure 4. The three points
6 A, B, and C were randomly selected, as presented in Figure 1. In contrast to the control results,
7 when attenuated backscatter was assimilated through DA, the values were enhanced in the
8 analysis fields. Consequently, the profiles after assimilation (red lines) became more consistent
9  with the observations (green lines). It is noteworthy that the exclusion of data during the data-
10 quality process has a significant influence on DA performance. For example, the near-surface
11 attenuated backscatters are high at points B and C, while the control experiments underestimate
12 them here (Figure 4b, 4c). However, because the measurements below 100 m are excluded, the
13 DA has little improvement here. The assimilation experiments also underestimate attenuated

14 backscatters as in the control experiment.
15 3.2 Evaluation with extinction and backscatter coefficients

16 To avoid repetition, the Case 1 extinction coefficients and Case 2 backscatter coefficients
17 are shown in Figures 5a and 5b, respectively. As evident from the observations, aerosols exhibit
18 a non-uniform vertical distribution (Figure 5a, 5b). In Case 1 (Figure 5a), aerosols are
19  predominantly concentrated below 2 km, while in Figure 5b, they extend from the surface up
20  to an altitude of 3.5 km. Compared with the Level 1B attenuated backscatter data (Figure 2),
21 much of the Level 2 data were not retrieved after strict quality control, represented as the blank
22 region in Figure 5. For instance, attenuated backscatter data contaminated by clouds and
23 significantly affected by background noise were removed. Additionally, the surface has a
24 severe impact on the near-surface attenuated backscatter, which was removed. As a result, there

25  are no available extinction and backscatter coefficients for aerosols near the surface (Figure 5).

26  Extinction coefficients typically exhibit magnitudes on the order of 10~ !. The maximum

27  reaches more than 1.0 km™'. Backscatter coefficients are of the order of 1072 to 1073, except for

17
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1 some high values which are more than 0.01 km™!. The vertical distribution of aerosols can be

2 derived from the extinction and backscatter coefficients. As exemplified in Figure 5b, the
3 decrease in aerosol concentration with height holds great significance for both the analysis and
4  prediction of aerosols.

5 The simulated extinction coefficient cross-sections corresponding to Case 1 are shown in
6  Figure 6. The extinction coefficients were simulated at 532 nm. Both extinction coefficient
7  distributions simulated by the control and assimilation experiments are consistent with the
8  observations for shape and range (Figure 6a, 6b), indicating that the segment computing the
9 extinction coefficient in the observation operator is reliable. The positive increment in the
10  extinction coefficient generated by attenuated backscatter assimilation covers a large range

11 (Figure 6¢). However, the increment is relatively small. For example, most background values
12 are between 0.2 and 0.3. The increment peak reaches about 0.03 km™! (Figure 6¢). Compared

13 with the observations, the assimilation experiment improved the extinction coefficient

14 distribution, with a small enhancement. It is noted that there is a rather high region of more
15  than 1.0 km™" around 36.6 °N, in the extinction coefficient observations (Figure 5a). However,

16  this phenomenon is not reflected in the simulation after assimilation. This is partly because
17 extreme attenuated backscatter values are excluded from assimilation. Therefore, only minor
18 and insignificant increments are generated, which may lead to an overestimation of extinction
19  coefficients.

20 For a more straightforward comparison, the simulated extinction coefficient profiles were
21  evaluated against observations at specific locations A, B, and C. The corresponding results can
22 be found in Figure 7. In general, the assimilation experiments performed better than the control
23 experiments considering extinction coefficient simulations, which can be ascribed to
24 attenuated backscatter DA. Similarly, the DA effects are represented in the form of
25  enhancements in the extinction coefficient, as the control experiments underestimated the
26  extinction coefficients. The DA effects vary with points, for instance, the profile after
27  assimilation is more consistent with the observed profile at point C (Figure 7¢) and point B
28 except that the extinction coefficient is overestimated at the layer of several meters near the 1
29 km height (Figure 7b), there are no DA effects generated below 1 km at point A, and the effect

18
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1 is slight above 1 km (Figure 7a).

2 Figure 8 shows the simulated backscatter coefficient cross-sections of Case 2 at 532 nm.
3 Assimilation significantly improves aerosol analyses if evaluated using backscatter
4  coefficients. Case 2 represents a heavy pollution event, which is illustrated by the high

5  backscatter coefficient distribution between 39°N and 32°N (Figure 5b), and also by the
6 averaged surface PMas mass concentration of approximately 151 pg m™3 over sites near the

7 track (Figure 11); however, the control experiment seriously underestimated the backscatter

8  coefficients, failing to depict this event (Figure 8a). With significantly positive increments

9 generated (Figure 8c), the assimilation experiment produced a backscatter coefficient
10  distribution that was more consistent with the observation. The analyses were equivalent to the
11 observed values in terms of value, but with some slight differences, and both distribution
12 shapes were very similar (Figure 8b). These results also show that the segment for computing
13 backscatter coefficient in the observation operator is reliable.

14 Similarly, comparisons between the simulated and observed backscatter coefficient
15  profiles at points A, B, and C are shown in Figure 9. The results show that the analyses in the
16  assimilation experiments (red lines) are larger than the background values in the control
17 experiments (blue lines) (Figures 9a, 9b, and 9c). The control experiment substantially
18 underestimated the backscatter coefficients; however, data assimilation significantly
19  minimized the discrepancies between the simulations and the observations. Consequently, the
20 simulated profiles exhibit greater proximity to the observations. The DA effects also differ with
21 points. The simulated profiles after assimilation are more consistent with the observed profiles
22 atpoints B and C, except that the simulations are far less than the observations near the surface.
23 This phenomenon is caused by data exclusion near the surface. Small DA effects are generated
24 by spreading downwards the observation information contained in the upper layer. The
25  backscatter coefficient profile is little changed by assimilation below ~300 m at point A and it
26 is slightly enlarged above 300 m. Consequently, the profile after assimilation is still far less
27  than the observation, especially In the layer close to the surface (Figure 9a), which is similar
28  to the extinction coefficient analysis at A (Figure 7a). The authors think that this small

29  improvement is reasonable. Considering attenuated backscatter, both simulated profiles are
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1 nearly equal to the observation below 1 km at A (Figure 4a). Therefore, little or no DA effects
2 are generated in this region, which is demonstrated by the improvements in extinction and
3 backscatter profiles. In addition, it is noteworthy that extinction or backscatter observations
4 are much larger than the simulations in the lower boundary layer near point A. This may be

5  Dbecause the level 2 data are overestimated in this region. For the above region, the attenuated

6  backscatters remain relatively small (less than 2 x 1073 km™!), while the retrieved extinction

7 coefficient reaches more than 1.0 km~!, which seems to be unreasonable. This needs further

8  validation.
9 3.3 Evaluation with AOD

10 AOD is an independent, column-integrated variable that contains the total aerosol
11 information in the vertical column. The purpose of evaluating AOD is to verify that the vertical
12 profile assimilation not only improves layered distributions but also accurately corrects the
13 total columnar aerosol optical depth. The scatter points between the simulated and CALIPSO
14 AODs are depicted in Figure 10. As the CALIPSO satellite passes over one region, it can only
15  observe the range of a line, implying that AOD is distributed on the ground track shown in
16  Figure 1 with a very small region covered. The amount is much less than that of the
17 geostationary satellite-derived AOD (Yumimoto et al., 2016; Ha et al., 2019; Zang et al., 2022).
18 There were a total of 463 AOD data points for both cases. It can be observed that the majority
19  of the blue data points fall below the 1:1 line, suggesting that the control experiments
20 consistently underestimated AOD values. For those at the horizontal axis, the underestimation
21 s crucial as the red counterparts move upwards by assimilation and attempt to get close to the
22 1:lline, but remain scattered. After assimilation, the indicators CORR, RMSE, and BIAS were
23 computed for each experiment, revealing notable changes. Specifically, CORR exhibits an
24 increase from 0.51 to 0.58, RMSE shows a decrease from 0.28 to 0.24, and BIAS experiences
25  areduction from —0.11 to 0.01. The changes in the three indicators consistently indicate that

26  the AOD simulations were improved by assimilation.
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1 3.4 Evaluation with surface PM data

2 Even though the attenuated backscatter data below 100 m were excluded before
3 assimilation, the DA effects generated by the data above can spread downwards depending on
4 the background error vertical correlation (Wang et al., 2022), which will improve the surface
5 PMas. As shown in Figure 1, a total of 70 sites were chosen to investigate only the DA effects

6 on Case 2 PM, ;s analyses and forecasts. At the initial time of 18:00 UTC on December 9, 2019,
7  the control experiment recorded an average PMys concentration of 85 pg/m?, while the
8  corresponding assimilation experiment exhibited a higher average PM» 5 concentration of 107
9  ug/m3. The mean observation during this time period was recorded as 151 ug/m?3 (Figure 11).

10  From the distribution, the simulated PM2 s, over almost all sites in the control experiment, is
11 underestimated and has great biases from the real heavy pollution band (Figures 12a and 12c¢).

12 After assimilation, the simulation is dramatically improved, except at some sites with very high
13 observations. The simulations over most sites are larger than 100 pg/m?, which is close to the

14 real pollution distribution (Figures 12b and 12c). As time progresses, the positive effects of
15 assimilation on PMy s analysis can persist, although they gradually diminish and eventually
16  diminish entirely due to other factors such as emissions and meteorological processes. On
17 average, the benefits of directly assimilating surface PM2 5 concentrations can have a lasting
18 impact of more than 48 hours in terms of PM2 s forecasts. The assimilation experiment exhibits
19  enhanced performance in this case due to the substantial improvement in aerosol initial
20 conditions. However, after integrating 14 h, the assimilation experiment maintains an
21 equivalent forecasting skill to the control experiment at 08:00 UTC on December 10, 2019 (as
22 depicted in Figure 11, Figure 12d, 12e), and the trend continues afterwards. Hence, the DA
23 benefits only last for a short period of ~14 h.

24 In the context of assimilating attenuated backscatters, the DA benefits improve PMa s
25 simulations for certain forecasting time. The length of time that DA benefits persist is primarily
26  influenced by weather conditions and the intensity of emissions. Under weak or moderate
27  emission intensity, stable weather conditions help DA benefits to continue for a long

28  forecasting period. For this case study, note that during the forecasting period of 9 to 14 h, the
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1 simulations are in a dramatically decreasing process, while the observations change less and
2 remain at high levels. This process leads to poor model performance, at which point the DA
3 benefits rapidly vanish. The dramatic process should be caused by the great change in weather
4 conditions, which can also be inferred from the subsequent reduction of observations (Figure
5 11).

6 For the sake of validation, winds at 10 m that have an important impact on surface PM> s
7  transportation, and distributions at the two times above are also shown in Figure 12. Initially,
8  strong cold air mass from the northern region reached Mongolia and continued moving towards

9  the south. North China is occupied by warm air in front of the cold front, where weak southerly
10 winds of 1-3 m/s occur. Because of the convergence of wind fields, pollutants begin to stack
11 and form a pollution band in North China. At 08:00 UTC on December 10, 2019 (after 14 h),
12 cold air passed over the pollution band, resulting in strong north winds of 6—8 m/s. In such

13 favorable weather conditions, a notable decline in PM; s concentrations was simulated. The
14 short duration of DA benefits are partly due to weather conditions. Practically, when cold air
15 first arrived, pollution was not immediately alleviated. On the contrary, in the same places such
16  as Tianjin (38.9°N, 117.2°E), pollution was aggravated due to the transportation of pollutants
17 (Figure 12¢, 12f). After the complete purification of the air by the cold air, a decline in PMa s
18 concentrations was observed. Furthermore, owing to the narrow spatial coverage of CALIOP
19 ground tracks, aerosol fields undergo "correction" primarily within close proximity to these
20 tracks. Consequently, as the forecast horizon progresses, the influence of advection becomes
21 pronounced, leading to the ingress of aerosol fields unaffected by assimilation into the targeted
22 region. Additionally, the advection process may introduce cleaner air masses, further impacting
23 the evolution of aerosol distributions over time. However, it is noteworthy that the actual
24 decrease in PM» 5 concentrations occurred several hours later than what was initially predicted

25 by the simulation, as mentioned earlier. This bias can be ascribed to model uncertainties.

26 4. Conclusions and discussion
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1 We have developed a 3DVAR DA algorithm for aerosols, with a focus on satellite lidar-
2 derived attenuated backscatter coefficients. The algorithm is built upon the utilization of the
3 MOSAIC aerosol scheme integrated within the WRF-Chem model. To facilitate the direct
4  assimilation of attenuated backscatter, we have further developed the observation operator.
5 This operator maps the state variables to attenuated backscatter observations, incorporating
6  Mie scattering theory and the lidar equation.
7 A 3DVAR aerosol data assimilation algorithm was developed to directly assimilate 532
8  nm total attenuated backscatter profiles from the CALIPSO Level 1B product into WRF-Chem.
9  The algorithm uses the MOSAIC-4bin aerosol scheme, which represents eight aerosol species
10 in four size bins. An observation operator was developed to map the model aerosol state
11 variables to CALIOP attenuated backscatter. This operator combines Mie-scattering
12 calculations with the lidar equation and includes the contributions of aerosol and molecular
13 scattering. The corresponding tangent-linear and adjoint components were implemented for
14 use in the incremental 3DVAR system.
15 The system was evaluated using two nighttime CALIPSO overpasses over northern China
16  on 6 and 9 December 2019. The two cases represented moderate and heavy aerosol pollution
17 conditions, respectively. The assimilation experiment was compared with a control experiment
18 using the same WRF-Chem configuration but without aerosol data assimilation. The results
19 indicate that assimilating CALIPSO Level 1B attenuated backscatter increased aerosol
20  concentrations in regions where the control simulation underestimated the observations. The
21 resulting attenuated-backscatter fields showed improved agreement with the observed vertical
22 structures, particularly in the elevated aerosol layers. These results provide a diagnostic
23 demonstration that the observation operator and assimilation system can transfer information
24 from vertically resolved lidar observations to the model aerosol state.
25 The assimilation also modified the simulated aerosol extinction and backscatter
26  coefficient profiles. The changes were generally consistent with the observed vertical
27  distribution of aerosol layers, although the magnitude and spatial extent of the increments
28 varied among the selected locations. The largest discrepancies remained near the surface and
29  inregions affected by strong surface returns or incomplete retrieval coverage. These limitations
30 are partly related to the exclusion of observations below 100 m and to the limited vertical
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1 propagation of information through the prescribed background-error covariance. Consequently,
2 direct assimilation of the lidar profile does not guarantee accurate correction of the aerosol
3 field throughout the entire boundary layer.
4 The CALIPSO Level 2 extinction, backscatter, and AOD products provided additional
5 diagnostic evaluations. After assimilation, the correlation coefficient of AOD increased from
6 0.51 to 0.58, the RMSE decreased from 0.28 to 0.24, and the mean bias changed from —0.11
7 1o 0.01. These changes are consistent with an improvement in the column-integrated aerosol
8 field. However, the Level 2 products are derived from CALIPSO Level 1 measurements and
9 therefore should not be regarded as fully independent validation data. They are used here to
10  evaluate the consistency of the assimilated aerosol profiles with retrieval-based aerosol optical
11 properties. Independent validation was provided by surface PM..s observations for the heavy-
12 pollution case.
13 For the selected surface stations within 50 km of the CALIPSO ground track, the mean
14 simulated PMa.s concentration at the initial time increased from 85 to 107 pg m™ after
15 assimilation, compared with an observed mean of 151 pg m=3. The positive impact persisted
16  for approximately 14 h in the examined case. The relatively short duration of the benefit was
17 associated with the narrow spatial sampling of the CALIPSO track, changing meteorological
18 conditions, and the subsequent transport and dilution of the corrected aerosol field. In particular,
19  the passage of a cold-air system rapidly changed the near-surface wind field and aerosol
20  distribution. Aerosol information outside the immediate influence region of the CALIPSO
21 track was not directly constrained and could subsequently be advected into the evaluation area.
22 These results indicate that CALIPSO profile assimilation can improve the local aerosol
23 analysis and the short-range forecast.
24 The direct use of Level 1B attenuated backscatter has two potential advantages. It avoids
25  the need to assimilate a retrieved aerosol extinction or backscatter product and therefore avoids
26  introducing some assumptions and screening decisions made during the Level 2 retrieval
27  process. It also retains the high vertical resolution and large data volume of the Level 1B
28 measurements. Nevertheless, the present experiments do not include a parallel assimilation of
29 CALIPSO Level 2 products. Therefore, the relative advantage of Level 1B assimilation over
30 Level 2 assimilation cannot be quantified from the current results. The present study
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1 demonstrates the feasibility of the Level 1B approach rather than proving that it provides
2 superior forecast performance.
3 Several limitations should be considered. First, the evaluation is based on only two
4 nighttime CALIPSO overpasses during one winter period. The results may therefore depend
5 on the aerosol composition, cloud conditions, synoptic circulation, and CALIOP sampling
6 geometry of these cases. Second, the assimilated total attenuated backscatter is affected by
7  molecular scattering, aerosol extinction, clouds, surface returns, calibration uncertainty, and
8  signal noise. The current preprocessing, including vertical smoothing, horizontal averaging,
9 threshold filtering, and removal of observations below 100 m, is a preliminary treatment. Third,
10 the observation error was represented using a simplified constant relative uncertainty. In
11 practice, the error varies with altitude, signal strength, aerosol loading, cloud contamination,
12 and the representativeness difference between the CALIOP observation and the model grid cell.
13 Forward-model and representativeness errors should therefore be included in future estimates
14 of the observation-error covariance matrix.
15 Future work should extend the evaluation to a larger set of CALIPSO overpasses covering
16  different seasons, aerosol types, cloud conditions, and meteorological regimes. Direct
17 comparisons between Level 1B and Level 2 assimilation should be conducted to quantify the
18 value of avoiding the Level 2 retrieval step. Sensitivity experiments using different
19  observation-error specifications, background-error correlation scales, vertical smoothing
20 methods, and cloud-screening criteria are also needed. Combining CALIPSO profile
21 observations with surface PM measurements, geostationary-satellite AOD, and ground-based
22 lidar observations may provide more complete spatial and vertical constraints than any single
23 observing system. Such multi-source assimilation could reduce the rapid loss of local forecast
24 benefits caused by the narrow CALIPSO ground track.
25 In summary, the results show that direct assimilation of CALIPSO Level 1B attenuated
26  backscatter into a MOSAIC-based WRF-Chem 3DVAR system is technically feasible and can
27  improve the analyzed vertical distribution of aerosols and short-range PM..s forecasts near the
28 satellite track. The study provides a proof of concept for using Level 1B lidar measurements

29  in aerosol data assimilation. Broader conclusions concerning operational forecast performance
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1 and the superiority of Level 1B over Level 2 assimilation require additional cases, independent

2 validation, and systematic uncertainty experiments.
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Table 1. WRF-Chem model configuration

Physical or chemical process Option
Single-moment six-class
(WSM6, Hong and Lim, 2006)
Radiative Transfer Model for General
Circulation Model (Iacono et al., 2008)
Radiative Transfer Model for General
Circulation Model (Iacono et al., 2008)

Microphysics
Longwave radiation

Shortwave radiation

Boundary layer scheme Yonsei University (Hong et al., 2006)
Land surface model Noah land surface model (Chen & Dudhia, 2001)
Convective parameterization  Grell-Freitas scheme (Grell & Freitas, 2014)
Photolysis scheme Fast-J (Ruggaber et al., 1994)

Model for Simulating Aerosol Interactions and

Aerosol scheme Chemistry (MOSAIC-4 bin) (Zaveri et al., 2008)
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Figure 1. The model inner domain (D02) map covering North China. Two blue lines represent
CALIPSO ground tracks marked with (a) and (b), obtained at about 18:00 UTC on December 6 and 9,
2019, respectively. Seventy green circles represent surface PM sites less than 50 km from the track
(b). Three red triangles locate at A (36.911°N, 120.287°E) on track (a), B (38.842°N, 117.069°E), and
C (34.333°N, 115.747°E) on track (b).
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Figure 2. CALIPSO Level 1B 532 nm total attenuated backscatter coefficients across D02, obtained at

about 18:00 UTC on December 6, 2019 (a), denoted as Case 1 and about 18:00 UTC on December 9,

2019 (b), denoted as Case 2, which correspond to tracks (a) and (b) in Figure 1, respectively.
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to Case 2.
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Figure 4. Simulated attenuated backscatter profiles against observations at three A (a), B (b), and C
(c) points located in Figure 1. The red, blue, and green lines represent the assimilation experiment, the

control experiment, and the observation, respectively (similar below).
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Figure 6. Aerosol extinction coefficient cross-sections at 532 nm simulated by the control experiment

(a), the assimilation experiment (b), and the difference between them (c) in Case 1.

41



https://doi.org/10.5194/egusphere-2026-5573 d
Preprint. Discussion started: 15 October 2026 G
© Author(s) 2026. CC BY 4.0 License. E U Sp here

5 5 5
@) Control ® Contral © Control
Assimilation — Assimilation Assimilation

4 ’ ‘Observation Observation | 4 Observation
g E3
s £
2 @
T \\\ I

" >‘\_

\_\—
. —
0 04 08 12 16

5 0
0 0.2 04 0.6 0.8 0 0.1 0.2 0.3 0.4 0.5 08

. A ot
Extinction Coefficient (km™ sr™') Extinction Coefficient (km™" sr’) Extinction Coefficient (km™ sr™')

Figure 7. Simulated extinction coefficient profiles against observations at A (a), B (b), and C (c) points.

42



https://doi.org/10.5194/egusphere-2026-5573
Preprint. Discussion started: 15 October 2026
(© Author(s) 2026. CC BY 4.0 License.

EGUsphere\

58—
(a)Control (b)Assimilation (c)Increment
5.24
4.4+
€ a7 E € ar
=5 = =
g3 8 8 304
= 2 2
z 2 = I 22
1.5+
0.7+
0.0+ T T T 1 0.0 0.0 T T T
44.5°N 41.1°N 378N 345°N 31.2°N 44.5'"N 41.1°N 37.8°N 34.5°N 31.2°N 445N 41.1°N 37.8°N 34.5°N 31.2°N
118.9°E 17.7°E 116.7°E 115.7°E 114.8°E 118.9°E 17.7°E 116.7°E 115.7°E 114.8° 118.9°E M17.7°E 118.7°E 118.7E 114 8°E
=] I 1
[ T ] [T
0.002 0.004 0006 0008 001 0.002 0004 0008 0008 0.01 0.002 il 0.002
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(a), the assimilation experiment (b), and the difference between them (c) in Case 2.
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Figure 9. Simulated backscatter coefficient profiles against observations at A (a), B (b), and C (c)

points.
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Figure 10. Scatter plot of CALIPSO Level 2 532 nm AODs in both cases against simulated AODs.

The control experiment is illustrated in blue while the assimilation experiment is illustrated in red.
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Figure 11. Variations of surface PM2 s mass concentrations averaged by selected sites (70 sites) in the

Case 2 forecasting range, the black line represents observations, while the red and blue lines represent

the simulations by the assimilation experiment and the control experiment, respectively.
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Figure 12. Simulated surface PM; s distributions (g m™) over selected sites in the control experiment
(a, d) and the assimilation experiment (b, €), and the observations (c, f) at two time, respectively; one
is the initial time, 18:00 UTC on December 9, 2019 (a, b, ¢), and the other is at 08:00 UTC on

December 10, 2019 (d, e, f). Also, winds at 10 m (m/s) at the two above time are shown, which were

produced by WRF-Chem.
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