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Abstract. Accurate measurement of aerosol optical properties is critical for understanding their radiative and environmental
impacts. Currently, the most accurate retrieval of aerosol properties comes from the multi-channel surface sun photometer, but
with relatively high cost and deployment/maintenance requirements. Here we develop a novel Al-based method for retrieving
daytime aerosol optical parameters, namely aerosol optical depth (AOD) and single scattering albedo (SSA) using images
acquired by All-Sky Imagers (ASI). Surface-based AOD and SSA retrievals from surface sun photometers are used as the
training targets. Algorithm training and retrievals were performed for two sites in East China and Central US respectively.
Independent validation against ground-based measurements demonstrated high consistency between the ASI-retrieved and sun
photometer measured AOD and SSA, with Pearson correlation coefficients (r) exceeding 0.86 for AOD across all wavelengths
at both sites and Root Mean Square Errors (RMSE) below 0.25. For SSA, r values reached 0.74 at the Beijing PKU site and
0.84 at the SGP site, with RMSE remaining below 0.09 across all spectral channels, demonstrating the feasibility of
simultaneous AOD and SSA retrieval from relatively low-cost ASI. These results demonstrate the feasibility of simultaneous
AOD and SSA retrieval from ASI imagery and suggest that low-cost sky cameras may become a useful complement to sun-

photometer networks after broader validation across additional environments, seasons, instruments, and aerosol types.

1 Introduction

Aerosol radiative forcing remains a major source of uncertainty in climate assessment due to its high spatiotemporal
heterogeneity and complex composition (Bellouin et al., 2020; Boucher et al., 2013; Intergovernmental Panel on Climate
Change (IPCC), 2023; Li et al., 2017). Mitigating this requires accurate retrieval of optical properties, particularly Aerosol
Optical Depth (AOD) and Single Scattering Albedo (SSA) (Hansen et al., 1997; Hao et al., 2024; Levy et al., 2013). While
ground-based sun photometers, such as those used within the Aerosol Robotic Network (AERONET) can provide the most
accurate retrievals of aerosol properties (Holben et al., 1998), the relatively high cost of the instrument limits their extensive

spatial deployments.
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Traditional aerosol monitoring networks, such as AERONET, provide high accuracy but are limited by high equipment costs
and sparse spatial coverage. To address this, various low-cost retrieval methods have been developed (Kazantzidis et al., 2017;
Snik et al., 2014). These include retrieving AOD from long-term visibility records (Hao et al., 2024), employing all-sky
imaging systems combined with machine learning (Scarlatti et al., 2023), and utilizing portable handheld sun-photometers like
Calitoo (Garcia et al., 2025). Among them, the all-sky imager (ASI), originally designed for automated ground-based cloud
cover monitoring to replace manual observations, has emerged as a powerful tool for environmental research (Sabburg and
Wong, 1999). Typically equipped with a fisheye lens and Charge-Coupled Device (CCD) sensors, these cameras capture high
spatial-and-temporal-resolution visible-light images across the entire sky dome. Recent advancements in quality and
calibration have rendered ASIs highly suitable for atmospheric measurement (Ghonima et al., 2012; Kazantzidis et al., 2012,
2017; Tohsing et al., 2013; Valdelomar et al., 2021). Numerous studies have demonstrated the potential of ASI for retrieving
aerosol optical properties. Early approaches primarily relied on Radiative Transfer Models (RTM) and Look-Up Tables (LUTs)
to link sky radiance or the Red-to-Blue Ratio (RBR) to AOD (Huo and Lii, 2010; Olmo et al., 2008). With the advent of data-
driven techniques, Machine Learning (ML) and Deep Learning models have been increasingly applied, utilizing pixel-level
features and circumsolar information to bypass complex physical calibrations (Logothetis et al., 2023; Scarlatti et al., 2023).
Compared to traditional sun photometers, ASIs offer three significant advantages: lower equipment and maintenance costs;
enhanced spatial coverage, particularly in remote areas like deserts or solar power plants where stations are sparse (Kazantzidis
etal., 2017); and the avoidance of temporal delays, as ASIs capture radiance from multiple sky locations simultaneously rather
than sequentially (Romaén et al., 2022). However, quantitative inversion of aerosol properties from ASI data faces significant
challenges. Historically, ASI-based aerosol retrievals have predominantly relied on extracting sky radiances or RGB channel
intensities and mapping them to Aerosol Optical Depth (AOD) (Rossini and Krenzinger, 2007; Tohsing et al., 2013). These
inversions are typically driven either by establishing a lookup table (LUT) between the radiation ratio (blue/red light) and
AOD (Huo and Li, 2010), or by employing data-driven machine learning algorithms (Cazorla et al., 2009; Logothetis et al.,
2023; Scarlatti et al., 2023). While these pioneering studies have demonstrated reasonable AOD estimation accuracy—often
achieving Root Mean Square Errors (RMSE) of less than 0.1 when validated against standard AERONET measurements under
clear-sky conditions (Logothetis et al., 2023; Scarlatti et al., 2023)—their practical applications remain restricted. Most of
these works are confined to single-station validations, leaving their multi-station scalability and robustness under varying
surface albedos largely untested.

Furthermore, traditional inversion approaches are computationally complex and inefficient, typically involving resource-
intensive iterative adjustments of inputs into RTMs (Olmo et al., 2008). Crucially, most existing ASI-based studies focus solely
on AOD inversion. They fail to achieve the simultaneous retrieval of aerosol scattering properties, hindering an integrated
analysis of aerosol mass and particle composition at fine scales.

The visible-band imagery captured by ASIs not only contains direct attenuation of solar radiation that is essential to derive
AOD, but also captures characteristics of diffuse radiation, which is typically measured by sun photometers to retrieve SSA

(Dubovik and King, 2000). However, this feature is not fully utilized by previous aerosol retrieval practices with ASI. To
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address this gap, this study proposes a scheme to simultaneously retrieve AOD and SSA from ASI images. By developing an
eXtreme Gradient Boosting (XGBoost) regression model (Chen and Guestrin, 2016), we leverage the capability of these
algorithms to uncover patterns within the data. This approach also greatly simplifies the complex iterative process of traditional
inversion to enhance efficiency. Compared with previous ASI-based aerosol retrieval studies, the present method differs in
four main aspects. First, previous studies generally used sky radiance, RGB intensity, red-to-blue ratio, or circumsolar features
mainly for AOD retrieval, whereas this study uses multi-region RGB and geometric features from ASI images to retrieve both
AOD and SSA. Second, the retrieval target is expanded from aerosol loading alone to both aerosol loading and aerosol
absorption/scattering properties, which are represented by AOD and SSA, respectively. Third, the method is evaluated at two
climatically different sites, Beijing PKU and SGP, using collocated sun-photometer products as independent reference data,
rather than being limited to a single-site demonstration. Finally, once the model is trained, the retrieval does not require iterative
radiative transfer calculations or repeated LUT searches, making the method computationally efficient for high-temporal-
resolution ASI observations. A concise comparison between the present method and representative previous ASI-based
aerosol retrieval studies is provided in Table S1. Our algorithm provides a pathway for extensive low-cost aerosol observations,

thus providing practical value for reducing aerosol-related uncertainties in climate assessments.

2. Data and Method
2.1 All-Sky Imager Data

The data used in this study were collected at two sites: Beijing in north China and the Southern Great Plain (SGP) site in central
US. The ASI data in Beijing were collected by an SRF-02 ASI manufactured by EKO. This imager lacks a solar occulting
device, and representative clear-sky and cloudy-sky images from the Beijing PKU ASI are shown in Fig. 1a and Fig. 1b,
respectively. The ASI was installed at the School of Physics, Peking University (39°59'N, 116°18'E). Images were captured
between April 2017 and January 2020, with a resolution of 2272 x 1704 pixels at 180 dpi, totalling approximately 200,000
images.

Representative clear-sky and cloudy-sky images from the SGP TSI are shown in Fig. 1c and Fig. 1d, respectively. The SGP
site, operated by the U.S. Department of Energy’s Atmospheric Radiation Measurement (ARM) program, serves as a key
atmospheric observation station (Stokes and Schwartz, 1994). Sky conditions were monitored using the Total Sky Imager
(TSI), Model TSI-660, developed by Yankee Environmental Systems (YES), Inc. To evaluate the model's performance under
different climatic conditions and geographical contexts, data spanning from January 2024 to November 2024 were selected
from the SGP site. This period is distinct from the Beijing dataset (2018—2020), providing an opportunity to assess the method's

robustness across different environments.
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Figure 1: (a) A sample image captured by Beijing_ PKU site ASI; (b) A sample cloud image captured by Beijing site ASI; (c) A
sample image captured by SGP site ASI; (d) A sample cloud image captured by SGP site ASI. Source for (a, b): ASI observations
collected by the authors' research group at Beijing PKU. Source for (¢, d): ARM user (facility
(https://adc.arm.gov/discovery/results/instrument_class_code::tsi), licensed under CC BY 4.0
(https://creativecommons.org/licenses/by/4.0/). Last access: 21 April 2026.

2.2 Sun Photometer Data

The target AOD and SSA are obtained from collocated surface sun photometers, namely those at the ‘Beijing PKU’ and
‘ARM_SGP’ sites of AERONET. AOD from direct measurements and SSA retrieved from diffuse sky measurements at four
wavelengths (440, 675, 870, and 1020 nm) are used. The dataset covers the period from 2017 to 2021 for Beijing PKU and
from 2024 to 2025 for SGP. For the SGP site, we utilized the Version 3 Level 2.0 (cloud-screened and quality-assured) data
products for both AOD and SSA. This dataset represents the highest quality standard of AERONET, providing a robust
benchmark for model validation in cleaner atmospheric environments. For the Beijing PKU site, AERONET Version 3 Level
2.0 SSA inversion products were not available during the period overlapping with the ASI observations, mainly because the

post-deployment calibration required for Level 2.0 quality assurance could not be completed in time due to pandemic-related
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restrictions on international shipment and calibration. Therefore, Version 3 Level 1.5 inversion products were used as the
reference targets for Beijing SSA retrieval. Although Level 1.5 products are cloud-screened, they have not undergone the full
quality-assurance procedure applied to Level 2.0 products. To reduce the potential uncertainty associated with Level 1.5 SSA,
we further applied additional quality-control criteria to the Beijing inversion records. Specifically, only SSA retrievals with
solar zenith angle greater than 50° and sky residual less than 5% were retained. These criteria remove less stable sky-radiance
inversion cases associated with unfavorable observation geometry or relatively large fitting residuals, for which SSA retrievals
are expected to be more uncertain. Consequently, the Beijing SSA validation should be interpreted as the agreement of the
ASI-based retrievals with additionally quality-screened Level 1.5 AERONET inversion products, rather than with fully quality-
assured Level 2.0 SSA.

2.3 Al-Based ASI Aerosol Retrieval Algorithm

The inversion algorithm developed in this study comprises four main components: clean-sky image processing, image feature
extraction, data matching, and the machine learning model. The overall technical framework of the proposed ASI-based aerosol

retrieval algorithm is illustrated in Figure 2.

_
IMAGE | AQD
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Figure 2: Schematic flowchart of the proposed aerosol retrieval framework.
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Clean-Sky Image Processing: Upon acquiring time-stamped raw sky images, we first mask areas that interfere with the
extraction of cloud-free sky radiance—namely buildings, clouds, and glare spots caused by the sun and lens artifacts. The
specific steps are:

(a) Masking buildings at the image periphery.

(b) Identifying and masking the brightest circular region (sun and its immediate surroundings): the solar center was identified
from the grayscale image using an integral-image-based search. A square window with a radius of 45 pixels and a step size of
5 pixels was used to locate the brightest region, and a circular mask with a radius of 220 pixels was applied around the detected
solar center. For the TSI images, an additional fixed circular/elliptical mask was applied to remove the instrument support
structure.

(¢) Cloud and lens flare masking: all-sky images were first converted to grayscale for masking. Cloud-contaminated and other
bright regions were removed using an iterative thresholding scheme (Ridler and Calvard, 1978). The initial threshold was set
to 150. At each iteration, pixels with non-zero intensities were separated into two groups according to the current threshold:
pixels with intensity values greater than the threshold were assigned to the background group, whereas pixels less than or equal
to the threshold were assigned to the foreground group. The mean intensities of the two groups were then calculated, and the
threshold was updated as the average of the two means. The iteration was stopped when the threshold change was less than or

equal to 1. Pixels classified as background were set to zero in the RGB image, producing a cloud-masked image.

Figure 3: Visualization of the stepwise image processing workflow. The upper panels (a—c) and lower panels (d-f) display
representative examples from the Beijing and SGP sites, respectively. From left to right: (a, d) the original raw full-color images; (b,
e) the intermediate results after applying geometrical correction and solar disk masking; and (c, f) the final preprocessed images,
with non-sky elements removed, ready for aerosol optical property retrieval. Source for (e): ARM user facility
(https://adc.arm.gov/discovery/results/instrument_class_code::tsi), licensed under CC BY 4.0
(https://creativecommons.org/licenses/by/4.0/). Last access: 21 April 2026.
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While the core retrieval algorithm remains consistent across both sites, a site-specific preprocessing step was implemented for
the SGP dataset to account for instrument differences. Unlike the setup at the Beijing site, the Total Sky Imager (TSI) at the
SGP site is equipped with a sun occultation system (a sun-blocking strip and support arm) to prevent sensor saturation. This
physical structure introduces permanent non-sky artifacts into the field of view. To address this, we applied a fixed fan-shaped
digital mask to the SGP raw images prior to cloud screening and feature extraction. This mask effectively assigns zero weights
to the pixels occupied by the occultation arm, excluding them from subsequent calculations. Beyond this geometric masking,
the entire downstream processing pipeline—including the extraction of statistical features (mean, standard deviation, and
texture) and the XGBoost model architecture—remains identical to that applied at the Beijing site, ensuring methodological
consistency.

Image Feature Extraction: We extract all colored pixels from the processed sky region image. Each pixel is represented by
its Red (R), Green (G), and Blue (B) channel values. The mean values of R, G, and B across all these pixels are computed, and
the Red-to-Blue Ratio (RBR) is calculated as the ratio of the R mean to the B mean (Long et al., 2006). Using the image
timestamp and geolocation, the solar zenith angle (SZA) is computed. Including SZA is crucial as it explicitly informs the
model of the observation geometry, allowing it to decouple the geometrical dependence of sky radiance from aerosol-induced
variations. To emulate the sun photometer’s Almucantar scanning mode (fixed zenith angle, varying azimuth), a circular
annulus with a radius between 0.6 and 0.8 times the sky image radius is defined, centered on the image midpoint. At least 10
pixels are evenly sampled along this annulus to extract their specific RGB values, thereby capturing directional aerosol
scattering information. Consequently, the final input feature vector constructed for the XGBoost model comprises the global
RGB channel means, the RBR, the SZA, and the discrete RGB values obtained from the annulus sampling points.

The physical basis of these feature groups follows established aerosol radiative transfer and Sun-sky photometer retrieval
theory. The global RGB means represent the bulk visible-light response of the cloud-free sky dome. Under clear-sky conditions,
increasing aerosol loading attenuates the direct solar beam and modifies the diffuse sky radiance field through aerosol
extinction, which is the combined effect of scattering and absorption. Therefore, the mean RGB intensities provide first-order
information on aerosol optical depth. The RBR feature further describes the spectral contrast of the sky image. Because the
wavelength dependence of aerosol extinction is strongly related to particle size through Mie scattering and is commonly
represented by the Angstrom exponent, the red-to-blue contrast can provide size-related information on the relative
contribution of fine- and coarse-mode particles (Eck et al., 2010; Schuster et al., 2006). Thus, RBR is not merely an empirical
color index, but can serve as an image-derived proxy for the spectral dependence of sky radiance associated with aerosol
optical properties, particularly the particle-size-related wavelength dependence of aerosol extinction.

The annulus-sampling features are designed to capture directional scattering information. This design follows the observational
concept of AERONET almucantar scans, in which sky radiance is measured at a fixed view zenith angle with varying azimuth
angles around the Sun (Dubovik et al., 2000; Dubovik and King, 2000; Sinyuk et al., 2020). Although the ASI annulus is not
a fully calibrated almucantar scan, it preserves the key angular-sampling idea by extracting RGB values along a constant radial

distance while varying azimuthal direction. The angular distribution of diffuse sky radiance is controlled by aerosol optical
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depth, the scattering phase function, and single scattering albedo. In particular, sky-radiance inversion methods retrieve acrosol
size distribution, refractive index, and SSA by combining spectral AOD with multi-angular sky radiance measurements
(Dubovik et al., 2000; Dubovik and King, 2000). Therefore, annulus RGB values provide information related to aerosol
scattering angular patterns and absorption, helping the machine-learning model retrieve not only AOD but also SSA. SZA is
included to explicitly account for the solar illumination geometry and atmospheric optical path length, allowing the model to
distinguish aerosol-induced radiance changes from purely geometrical effects.

Data Matching: Features extracted from the ASI are matched with aerosol optical parameters from the collocated AERONET
instruments based on timestamps. A successful match requires the time difference between the AERONET measurement and
the ASI image capture to be less than 5 minutes to ensure temporal consistency.

Machine Learning Algorithm: We developed a machine learning inversion method based on the XGBoost model, where
model fitting was performed to establish a nonlinear mapping between the input features (observational data) and the target
parameters to be inverted (Lary et al., 2016). The Root Mean Square Error (RMSE) was adopted as the loss function to quantify
the fitting error and guide the optimization of the model. The optimal number of boosting iterations (N) was determined via

10-fold cross-validation with early stopping (Chai and Draxler, 2014). Using this optimal N and hyperparameters including a
maximum tree depth of 7, learning rate of 0.08, subsampling ratio of 0.75, column sampling ratio of 1.00, and minimum loss
reduction for leaf node splitting set to 0, the data were used to train the ensemble regression model. To ensure strictly
independent validation and assess temporal generalization, the dataset was sorted chronologically. We utilized a time-series
splitting strategy where the first two-thirds of data from each month formed the training set, and the subsequent one-third was
reserved as the independent test set (Arlot and Celisse, 2009; Roberts et al., 2017). This approach prevents data leakage caused
by the high temporal autocorrelation of atmospheric parameters (Karpatne et al., 2019). This strategy also ensures that the
model is evaluated on unseen data while maintaining comprehensive seasonal coverage in both subsets.

Following the chronological splitting strategy, the final experimental dataset for the four spectral channels was divided as
follows: for the Beijing site, the training and independent test sets comprised 3675 and 2206 samples, respectively; for the

SGP site, 1669 samples were used for training and 807 for testing.

This process yielded a model capable of joint output (e.g., SSA at 440 nm, AOD at 440 nm). The trained model was applied
to the independent test set to generate predictions. Scatter density plots were constructed with AERONET values on the x-axis
and predicted values on the y-axis. Gaussian kernel density estimation was used to visualize point density. A 1:1 reference line
(y=x) and a linear regression fit line (y = ax + b) were overlaid. The proportionality was quantitatively assessed using the
regression slope (k). This procedure was repeated for each of the four wavelength channels (440, 675, 870, 1020 nm), resulting

in a trained ensemble regression model for each channel.



210 3. Results and Discussion
3.1 Overall AOD and SSA retrieval performance by ASI

This section discusses the performance of the model at both the Beijing and SGP sites, evaluating its robustness and reliability

across different climatic conditions.
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215 Figure 4: Independent validation results of XGBoost model predictions at 675 nm for the Beijing PKU site (a, b) and the SGP site
(¢, d). Scatter plots show averaged predicted values versus actual values for AOD (a, ¢) and SSA (b, d). The red line represents the
linear regression fit, and the black dashed line indicates the 1:1 reference line. Point colors indicate the relative density of
observations. Statistical metrics including the Pearson correlation coefficient (r), bias, and root mean square error (RMSE) are
shown in each panel.

220 Figure 4 displays the scatter density plots of AOD and SSA retrieved by the algorithm versus AERONET observations at 675
nm for the Beijing and SGP sites over the entire study period.

Table 1: Statistical summary of retrieval performance, including Pearson Correlation Coefficient (r), Root Mean Square Errors
(RMSE), and Mean Absolute Errors (MAE) for AOD and SSA across four spectral channels (440, 675, 870, and 1020 nm). Results
are presented for (a, b) the Beijing site and (c, d) the SGP site.
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Site Parameter Metric 440 nm 675 nm 870 nm 1020 nm

Beijing  AOD r 0.91 0.90 0.91 0.90
RMSE 0.21 0.12 0.08 0.06

MAE 0.14 0.08 0.06 0.05

SSA r 0.69 0.74 0.63 0.48

RMSE 0.04 0.03 0.03 0.04

MAE 0.03 0.02 0.03 0.03

SGP AOD T 0.89 0.91 0.92 0.87
RMSE 0.05 0.03 0.02 0.02

MAE 0.03 0.01 0.01 0.01

SSA T 0.64 0.79 0.83 0.84

RMSE 0.08 0.06 0.07 0.09

MAE 0.04 0.04 0.05 0.06

The retrieved AOD agrees well with AERONET AOD, with all data points closely distributed around the 1:1 line. For both
sites, the Pearson correlation coefficient (r) for AOD exceeds 0.87 across all wavelengths, demonstrating robust retrieval
performance. The retrieval performance for SSA is lower compared to that of AOD, which is not surprising since SSA is
highly sensitive to uncertainties in the diffuse measurements (Dubovik et al., 2000).

According to Table 1, for the Beijing site, the model demonstrated robust performance in retrieving AOD across all
wavelengths, with r values ranging from 0.90 to 0.91 and RMSE values of 0.06-0.21. SSA retrieval at Beijing showed
moderate but wavelength-dependent performance: the correlation was highest at 675 nm (r = 0.74) and decreased progressively
toward longer wavelengths, reaching » = 0.480 at 1020 nm. Despite the low correlation, RMSE remained consistently low (<
0.04) across all bands, which may partly be attributed to the narrow dynamic range of SSA values at this site (Legates and
McCabe Jr., 1999).

We performed a Monte Carlo sensitivity experiment by adding Gaussian random perturbations to the AOD and SSA training
labels. The results show that SSA retrievals are more sensitive to the assumed label uncertainty than AOD retrievals. Under
the 0.03 perturbation scenario, SSA RMSE increased from 0.0266 to 0.0299, while under the conservative 0.06 scenario, it
increased to 0.04. In contrast, AOD RMSE and correlation do not show a significant positive or negative trend. This indicates
that the Beijing SSA retrieval uncertainty is partly constrained by the uncertainty of the Level 1.5 reference data. (Fig. S2)
To further interpret the wavelength-dependent SSA performance at the Beijing PKU site, we examined the SSA distributions
under the clean regime (AOD440 < 0.2; Fig. 5). The sample size is identical at all four wavelengths (N = 657), indicating that
the observed differences are not caused by unequal sampling. As shown in Fig. 5(a) and (c), the reference SSA values are

concentrated within a relatively narrow high-SSA range, with only limited variation across wavelengths. The mean SSA
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decreases slightly toward longer wavelengths, while the interquartile range and 95% confidence interval remain narrow. This
range restriction helps explain why the Pearson correlation decreases at longer wavelengths: when the dynamic range of the
reference SSA is small, even modest absolute deviations and retrieval uncertainty can lead to a substantial reduction in
correlation. Therefore, the weaker long-wavelength SSA correlation at Beijing PKU should be interpreted primarily as a
consequence of limited SSA variability in the clean regime, rather than as evidence of a failure of the ASI-based retrieval to
capture the overall SSA magnitude.

Beijing_PKU: SSA in the clean regime (AOD440 < 0.2)
(a) SSA distribution (b) Sample size (c) SSA uncertainty
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Figure 5: SSA statistics in the clean regime (AOD440 < 0.2) at Beijing PKU. Panel (a) shows the SSA distribution at four wavelengths,
where the violin shape indicates kernel density, the box indicates the median and interquartile range, and the gray dots denote
individual samples. Panel (b) shows the sample size at each wavelength. Panel (c) shows the wavelength-dependent SSA mean, 95%

bootstrap confidence interval, and interquartile range.

For the SGP site, the model achieved higher overall accuracy than at Beijing. AOD retrieval yielded » values of 0.87-0.92
with notably low RMSE (0.02-0.05), reflecting the more stable aerosol conditions at this site. SSA retrieval also showed
improved performance compared to Beijing, with r increasing from 0.64 at 440 nm to 0.84 at 1020 nm and RMSE remaining
below 0.09. These evaluation metrics indicate that the algorithm can effectively retrieve AOD and SSA with reasonable
accuracy and stability throughout the observation period.

Existing SSA retrieval products provide useful references for assessing the capability and limitations of ASI-based SSA
retrievals. AERONET Version 3 remains the ground-based benchmark and provides spectral SSA at 440, 675, 870, and 1020
nm; its Level 2 inversion framework targets an SSA uncertainty of about 0.03 under quality-controlled almucantar/hybrid
conditions (Sinyuk et al., 2020). For PARASOL/POLDER-GRASP, which retrieves SSA at 443, 670, 865, and 1020 nm, the
670 nm SSA validation against AERONET gives R = 0.25-0.54 and RMSE = 0.05-0.07 depending on the GRASP
configuration, while high-loading scenes (AOD > 1.5) improve to R = 0.814 and RMSE = 0.029 for GRASP/Models (Chen et
al., 2020). The current GEMS aerosol product also retrieves SSA at 443 nm, with validation against AERONET SSA at 440
nm showing that, for AOD > 0.4, 42.76% and 67.25% of retrievals fall within the £0.03 and +£0.05 error bounds, respectively,
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increasing to 56.61% and 85.70% for AOD > 1.0 (Cho et al., 2024). More recently, the Gaofen-5 DPC multi-angle polarimetric
retrieval simultaneously derives AOD, SSA, and land DHR; for AOD443 > 0.4, the retrieved SSA has a correlation coefficient
of approximately 0.3, RMSE of 0.05-0.08, and only about 40%—45% of retrievals fall within the +0.03 error envelope (Zhang
et al., 2026). Compared with existing SSA retrieval products, the ASI-based retrievals achieve a broadly comparable level of
performance, particularly in terms of RMSE. However, because of differences in wavelength, viewing geometry, aerosol
loading, reference data quality, and spatial representativeness, this comparison does not imply that ASI retrievals outperform
established AERONET or satellite products. Instead, the results suggest that ASI observations can provide complementary,
low-cost, high-temporal-resolution local SSA estimates, especially where dense sun-photometer or advanced satellite

observations are unavailable.

3.2 Model Performance Under Different Aerosol Loadings

The accuracy of aerosol retrieval is typically associated with acrosol loading. To evaluate the performance of the algorithm
more rigorously, we categorized the validation dataset into three regimes based on the reference 440 nm AOD: clean (AODu4onm
< 0.2), moderate (0.2 <= AODuonm < 0.4), and polluted (AODasonm >= 0.4). Figure 6 illustrates the retrieval performance for
675 nm AOD and SSA across these regimes for both the Beijing and SGP sites. Note that the y-axis scales are unified to

facilitate direct comparison.
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Figure 6: Retrieval performance of AOD and SSA at 675 nm under different aerosol loading regimes for the Beijing PKU site (a, b)
and the SGP site (¢, d). The data are binned based on the reference AERONET AOD at 440 nm: Clean (< 0.2), Moderate (0.2 <=
AOD440 < 0.4), and Polluted (>= 0.4). The left panels (a, c) display the Pearson correlation coefficient (r) with error bars representing
the 95% confidence intervals derived from bootstrap resampling (N = 500). The right panels display the Root Mean Square Error
(RMSE).

At the Beijing PKU site (Fig. 6a-b), the AOD retrieval error exhibits a clear dependence on aerosol loading. In the clean and
moderate regimes, the RMSE for AOD remains low (< 0.05). However, in the polluted regime, the RMSE increases
significantly to ~0.13. This reflects the challenge of retrieving extremely high aerosol loads in complex urban environments
using ASI, where the signal saturation effect may degrade its sensitivity to aerosol loading. However, the RMSE for SSA
remains reasonable (< 0.05) across all regimes, confirming that the model correctly estimates the magnitude of absorption even
when pixel-level correlation is limited by noise.

The SGP site (Fig. 6¢-d) demonstrates superior stability. A striking contrast is observed in the polluted regime: while the AOD
RMSE at Beijing surges to 0.13 when AOD > 0.4, the RMSE of AOD at the SGP site remains remarkably low at ~0.035. This

is likely related to the fact that the "polluted" conditions at SGP are still optically thinner and less complex than the haze events
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in Beijing that do not cause image saturation, thus allowing for more accurate retrievals. It should be noted that the relatively
low r values observed in the moderate regime for SGP (AOD: r = 0.34, SSA: r = 0.35) may partly reflect a range restriction
effect, as the sample size in this bin is limited (N = 15 in the test set), which can reduce statistical reliability (Jenkins and
Quintana-Ascencio, 2020). Despite this, the consistently low RMSE (< 0.05 for AOD and < 0.08 for SSA) across all bins

confirms the applicability of ASI in retrieving aerosol properties under cleaner atmospheric background of the Central US.

3.3 Error dependence of SSA retrieval on observing and aerosol conditions

To further characterize the uncertainty of the SSA retrieval, we analyzed how retrieval errors depend on observing geometry,
aerosol loading, season, and image brightness (Fig. 7). The residual error was evaluated using RMSE and MAE for SSA at
675 nm in the independent test set at the Beijing PKU site. The results show that the SSA retrieval error is condition dependent
rather than uniform across all samples. The error shows only a weak dependence on SZA between the 50-70° and 70-90° bins,
suggesting that the model remains relatively stable over the solar-geometry range represented in the test data. In contrast, the
dependence on aerosol loading is more pronounced: the clean regime shows the largest RMSE and MAE, while the moderate
and polluted regimes show substantially smaller errors. This is consistent with the limited information content and narrow SSA
dynamic range under low-aerosol-loading conditions.

Stratified retrieval errors for SSA675 at Beijing_PKU
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Figure 7. Stratified retrieval errors for SSA at 675 nm in the independent test set at the Beijing PKU site. The validation samples
are grouped by solar zenith angle, aerosol loading, season, and image brightness. Blue and orange bars represent RMSE and MAE,
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respectively. The number above each group indicates the sample size. Aerosol loading is classified using AOD at 440 nm, with clean,
moderate, and polluted regimes defined as AOD440 < (.2, 0.2 <= AOD440 < 0.4, and AOD440 >= 0.4, respectively. Image brightness
is represented by the mean RGB intensity of the cloud-free sky region and divided into low, medium, and high terciles.

The seasonal analysis further indicates that winter has the largest SSA retrieval error, whereas autumn, spring, and summer
show lower and more comparable errors. This may reflect seasonal differences in aerosol type, illumination geometry, and
surface-atmosphere conditions that are not fully represented by the current feature set. Image brightness also shows a clear
error dependence, with the largest RMSE and MAE occurring in the low-brightness bin and progressively smaller errors under
medium and high brightness conditions. This suggests that low image brightness reduces the radiometric contrast available to
the model and increases the uncertainty of SSA retrieval. Overall, Fig. 7 indicates that the ASI-based SSA retrieval uncertainty
depends on observing and aerosol conditions, which should be considered when extending the method to broader low-cost

monitoring networks.

3.4 Sensitivity to Day-Block Temporal Split

To further test whether the retrieval skill could be influenced by short-term temporal autocorrelation, we conducted an
additional sensitivity experiment using a day-block temporal split. In this experiment, matched ASI and AERONET samples
were grouped by calendar day, and all observations from the same day were assigned exclusively to either the training set or
the test set. Approximately two-thirds of the days were used for training and the remaining one-third for testing. The model
architecture, input features, and hyperparameters were kept unchanged. The evaluation criteria and aerosol-loading bins were
kept identical to those used in Fig. 7, allowing a direct comparison between the baseline within-month chronological split and

the day-block split.
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Figure 8: Sensitivity of AOD and SSA retrievals to a day-block temporal split at 675 nm for the Beijing PKU and SGP sites. Samples
were grouped by calendar day, and no day contributed observations to both the training and test sets. The left panels (a, ¢) show
Pearson correlation coefficient (r), and the right panels (b, d) show RMSE for AOD and SSA across clean, moderate, and polluted

regimes defined by 440 nm AOD. Error bars indicate 95% confidence intervals obtained by bootstrap resampling.

Compared with the baseline chronological split in Fig. 6, the day-block split in Fig. 8 yields broadly consistent retrieval
performance. At the Beijing PKU site, AOD remains robust across aerosol-loading regimes, although the polluted-bin
correlation decreases slightly under the stricter split. SSA shows larger variability, particularly in the polluted regime, which
is expected given its narrower dynamic range and stronger sensitivity to sample size. At SGP, the model continues to show
strong cross-day generalization, with high correlations and low RMSE for both AOD and SSA. Overall, these results
demonstrate that the proposed model retains meaningful predictive capability even under a more stringent temporal validation

strategy, supporting the conclusion that the retrieval skill is not primarily caused by local temporal leakage.
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3.5 Evaluation of Diurnal Variability

A major advantage of ASI is the capability to retrieve aerosol properties with high temporal resolution, thus allowing for the
representation of aerosol diurnal cycle. Here we first selected June 15, 2017 at Beijing site as a representative case since AOD
on this day exhibited significant intra-day variation, providing an ideal condition for testing the model performance.

Aerosol Retrieval Case Study: 2017-06-15

a 0.50
0.45 o
£
S 0.40
g0
=
®
o 0.35
(@]
< ‘ Excluded
0.30 ¢ 4L o  Observation
0/} Model Prediction (5min Smooth)
0.25
14:30 15:00 15:30 16:00 16:30 17:00 17:30 18:00 18:30
b é ® ° o €A N=58 7
° R=0.95
;7 0.05 ° 9( 0.4 | RMSE=0.026 |/
© e % o
3 0.00 g g
e D ¢ 202
® ) o o
2 -0.05 ) VA
15:00 17:00 19:00 ‘0.0 0.5
Time (LST) Observation AOD

Figure 9: Case study of diurnal AOD variation retrieval at the Beijing site on June 15, 2017. The top panel (a) compares the
AERONET observations (black circles) with the model predictions that have not been independently validated (red solid line,
smoothed using a 5-minute time window). The bottom panels display the time series of retrieval bias (b) and the scatter plot between
observed and predicted AOD (c). For visualization only, a 5-minute moving average was applied to the ASI retrievals in Fig. 9a to
reduce point-to-point noise and highlight the overall diurnal trend. All statistical metrics reported in this study, however, were
calculated from the original unsmoothed retrievals.

As shown in the time series (Fig. 9a), the ASI retrieved AOD demonstrates remarkable consistency with ground-based
AERONET observations. Note that a 5S-minute time window smoothing technique was applied to the ASI AOD curve (red line)
to filter out high-frequency retrieval noise. However, all statistical metrics reported in this study were calculated using the
original, unsmoothed retrieval results to ensure rigorous validation. The ASI retrievals accurately capture the trend of AOD
diurnal variability. AOD gradually increased and fluctuated from 15:00 to 18:00, and then stabilized, which is well captured
by the ASI. While the observations showed a "stepped" pattern due to instrument sampling characteristics, the model retrieval
(solid red line) successfully fitted the central tendency of these discrete points. Moreover, the model responds sensitively to
rapid changes, demonstrating its sensitivity to short-term high-frequency variations in atmospheric aerosols.

The statistical metrics (Fig. 9c) further confirm the retrieval accuracy. With 58 sample points, the correlation coefficient (R)

reached 0.95, and the Root Mean Square Error (RMSE) was only 0.03.
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The bias analysis (Fig. 9b) shows that the deviations for most data points were confined within £0.03. Although minor
overestimation occurred in the low-value period around 14:30 and 18:30, the overall bias distribution remained balanced
without significant systematic errors.

The 5 min moving average in Fig. 9 was used only for visual clarity, whereas the statistical metrics were calculated from the
unsmoothed ASI retrievals. To quantify the smoothing effect, we calculated the difference between the raw ASI retrievals and
the 5 min moving average for the case (Fig. S1). The mean difference was 0.0008, indicating no systematic bias introduced by
smoothing. The standard deviation of the difference was 0.01, the mean absolute difference was 0.0076, and the 95th percentile
absolute difference was 0.03. These values are much smaller than the daytime AOD variation shown in Fig. 9, suggesting that
the 5 min smoothing mainly suppresses high-frequency noise while preserving the diurnal variation pattern.

It is worth noting that a similar high-frequency diurnal analysis was not performed for SSA. Unlike AOD, which is derived
from high-frequency direct sun measurements, SSA is retrieved from the much less frequent almucantar sky scans. This
significantly reduces the number of valid SSA data points, making it unfeasible to characterize continuous intra-day variations.
Similarly, such high-frequency analysis is also not available at the SGP site for either parameter.

We continue to explore the averaged diurnal cycles of AOD and SSA retrieved by ASI. We select the Beijing PKU site using
data from May 2017 to May 2018. This one-year period was selected to ensure complete seasonal coverage while maintaining
sufficient sample size within each seasonal group. All matched data from the independent test set within this period were
grouped by season — Spring (Mar—May), Summer (Jun—Aug), Autumn (Sep—Nov), and Winter (Dec—Feb) — and the hourly
mean and standard deviation of both AERONET observations and model retrievals were calculated within each seasonal group.
All timestamps were converted from UTC to Beijing Local Standard Time (LST, UTC+8) prior to analysis. It should be noted
that the diurnal coverage is confined to approximately 12:00—18:00 LST, corresponding to the period of direct solar
illumination required for valid AERONET almucantar sky scan retrievals, which limits the representativeness of the full

diurnal cycle but still captures the afternoon period.
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Figure 10: Averaged diurnal cycles of AOD at 440 nm at the Beijing PKU site, stratified by season: (a) Spring (Mar—May), (b)
Summer (Jun—-Aug), (¢) Autumn (Sep—Nov), and (d) Winter (Dec—Feb). Black solid lines and gray shading represent the AERONET
observed hourly means and 1 standard deviation, respectively. Colored dashed lines and shading indicate the means and variability
of the corresponding model retrieval results. The diurnal coverage is limited to afternoon hours due to the temporal overlap between
ASI acquisition and AERONET measurement windows.

Figure 10 presents the averaged diurnal cycles of AOD at 440 nm at the Beijing PKU site across four seasons (12:00—18:00
LST). A clear seasonal contrast is observed in the AOD magnitude, with summer exhibiting the highest loading and the largest
diurnal variability, while winter shows the lowest values and the most stable diurnal pattern. In spring, both the observed and
retrieved AOD display a slight decreasing trend from 15:00 to 18:00 LST, and the model closely follows the observed afternoon
evolution. In summer, AOD decreases gradually from the early afternoon toward 18:00 LST, and the model captures the overall
downward tendency, although a small underestimation appears around the late-afternoon period. In autumn, AOD increases
sharply from 12:00 to 13:00 LST and then remains relatively stable through most of the afternoon before decreasing slightly
at 17:00 LST; the model reproduces this pattern well, including the elevated values around 13:00 LST. In winter, the diurnal
cycle is weak, with AOD increasing slowly and smoothly from noon to 16:00 LST, and the model remains in good agreement
with the observations throughout the period. Overall, the retrievals successfully reproduce the seasonal differences in both

magnitude and afternoon variability, with observation and model uncertainty ranges overlapping in most time bins.
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Figure 11: Same as Figure 10 but for SSA at 440 nm.

Figure 11 shows the corresponding diurnal cycles of SSA at 440 nm. SSA exhibits smaller diurnal variation compared to AOD
across all seasons. In spring, the model systematically overestimates SSA by approximately 0.03, indicating a tendency to
underestimate aerosol absorption. Summer shows similar underestimation behavior in the early afternoon. Winter performance
415 is the best among all seasons, with the model mean closely tracking observations throughout the afternoon. Autumn shows the
largest retrieval uncertainty and a diverging trend between observations and model after 16:00 LST, though the wide

uncertainty bands suggest this may partly reflect high day-to-day variability rather than a systematic model bias.

3.6 Evaluation of Seasonal Variability

While Section 3.3 focuses on daily scale consistency, the following section further examines the temporal stability of the

420 retrievals at seasonal scales for the Beijing and SGP sites, respectively.
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Figure 12: Monthly mean validation of AOD (upper panels) and SSA (lower panels) at 440 nm at the Beijing PKU site (a, b) and
the SGP site (c, d). Black solid lines and gray shading denote the monthly means and +1 standard deviation of AERONET
observations, respectively. Red dashed lines and pink shading represent the corresponding model retrieval means and variability.
The standard deviation reflects the variability of all matched observations within each month across the full study period (Beijing:
2017-2020; SGP: 2024).

Figure 12 presents the monthly mean validation of AOD and SSA at 440 nm for both the Beijing PKU and SGP sites. Overall,
the model reproduces the seasonal cycles of both parameters at both sites reasonably well, with the monthly means generally
tracking the observed values throughout the year.

For AOD at the Beijing site (Fig. 12a), the seasonal cycle is well captured, with relatively low values in winter and spring, a
pronounced enhancement in early summer, and the highest monthly mean in August. The model agrees well with the
observations during most months, but it tends to underestimate the summer peak, especially in June and August, and slightly
smooths the sharp month-to-month transition from summer to early autumn. For SSA at Beijing (Fig. 12b), the model follows
the observed seasonal evolution, with high SSA values from spring to summer and a decrease in early autumn. However, the
model is less sensitive to the abrupt SSA reduction around September and shows a smoother monthly cycle than the
observations, indicating that the most rapid month-to-month changes are only partially captured.

At the SGP site, both AOD and SSA show good seasonal consistency between model and observations for most of the year.
For AOD (Fig. 12c¢), the model closely follows the observed seasonal peak in summer and the low values in winter, with only
a slight underestimation of 0.02—0.05 during January—April. It is worth noting that June exhibits negligible variability in both
observations and model retrievals (indicated by the near-absent shading), which is attributable to the extremely limited number
of valid matched samples in that month — with only a single observation day available — rather than reflecting genuinely low
aerosol variability. This should be considered when interpreting the June monthly mean. For SSA (Fig. 12d), the model
performs well from June to December, with the two lines nearly overlapping and the uncertainty ranges mutually covering
each other. However, a notable overestimation is observed in January, where the model predicts ~0.80 while the observed SSA
is only ~0.68. Overall, the monthly means demonstrate that the method captures the broad seasonal evolution of both AOD

and SSA at both sites, although the retrievals are less sensitive to abrupt month-to-month transitions and low-sample months.
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4. Summary and Outlook

This study successfully constructed an XGBoost regression model based on visible-band image features from an ASI and
ground-based AERONET measurements, enabling the simultaneous retrieval of AOD and SSA across four spectral channels
(440, 675, 870, 1020 nm). This approach replaces the iterative computation of traditional physical models with a data-driven,
nonlinear mapping between sky radiance features and aerosol optical parameters, addressing a research gap in multi-
dimensional aerosol parameter retrieval from ASIs. Compared with previous ASI-based machine-learning studies that mainly
retrieved AOD and size-related parameters, the main methodological contribution of this work is the simultaneous retrieval of
AOD and SSA from RGB sky-camera imagery. The SSA retrieval expands the potential use of ASIs from aerosol loading
estimation toward absorption-related aerosol characterization.

The model demonstrated high reliability across all spectral bands. AOD retrievals showed the best performance, with Pearson
correlation coefficients () exceeding 0.86 across all wavelengths at both sites, RMSE ranging from 0.02 to 0.25, and mean
absolute errors (MAE) below 0.15. SSA retrievals exhibited moderate but wavelength- and site-dependent performance: at the
Beijing PKU site, r decreased from 0.74 at 675 nm to 0.48 at 1020 nm, while at the SGP site, r increased from 0.64 at 440 nm
to 0.84 at 1020 nm. RMSE for SSA remained consistently low (< 0.09) across all bands and both sites, suggesting that the
model can reproduce SSA magnitudes, although the Beijing SSA validation is limited by the use of Level 1.5 AERONET
reference products and by the narrow dynamic range of SSA.

Previous ASI-based retrieval studies have demonstrated promising AOD accuracy, with correlation coefficients exceeding
0.92 and MAE below 0.005 using machine learning approaches, or 72 of approximately 0.87 using radiative transfer inversion
with the GRASP code. However, these methods are either restricted to AOD and Angstrom exponent retrieval, or rely on
computationally intensive radiative transfer iterations, and none has demonstrated simultaneous SSA retrieval. Compared to
traditional radiative transfer model iteration methods, the method achieves comparable AOD accuracy (r> 0.86, RMSE < 0.05
at the SGP site) while simultaneously retrieving SSA for the first time using ASI imagery, representing a promising extension
of ASI-based aerosol remote sensing capabilities. Furthermore, the data-driven XGBoost framework significantly reduces
computational overhead compared to iterative radiative transfer approaches, making it well-suited to the high temporal
resolution of ASI. Because ASIs are relatively low-cost and easy to maintain, the proposed method has potential value as a
complementary approach for future dense aerosol monitoring. However, the present validation is limited to two sites and
selected observation periods. Therefore, the current results should be regarded as a proof of concept rather than evidence of
operational generalizability. Further evaluation across different ASI instruments, calibration conditions, surface types, seasons,
aerosol mixtures, and cloud-screening environments is required before the method can be used as a robust network-scale

aerosol product.
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This study holds both theoretical and practical significance. On a theoretical level, the all-sky image feature-to-multi-optical-
parameter mapping model established in this work enriches the machine learning application paradigm in aerosol remote
sensing and provides methodological references for inversion studies integrating multi-source data. On a practical level, the
approach can be directly applied in scenarios such as solar power plants and remote ecological reserves: high spatiotemporal
resolution coordinated observations of AOD and SSA can be used to assess the impact of aerosols on surface solar radiation.

Meanwhile, this study has two main aspects open for improvement. First, the data coverage does not include samples from
extreme environments such as high-latitude regions and deserts, thus the global generalizability of the conclusions requires
further validation. Second, the lack of integrated aerosol vertical distribution information prevents the distinction of parameter
differences between the boundary layer and the free atmosphere. In the future, we will continue to explore the applicability of

ASI in retrieving different aerosol parameters as well as under different environments.
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