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Abstract: The aerosol absorption coefficient (AAC) is of great importance to quantify aerosol
radiative forcing and associated impacts on the climate. However, reliable vertical profiles of
AAC remain limited, as most existing methods are restricted to surface observations or columnar
estimates. This study develops a new approach to retrieving vertical profiles of AAC from
dual-polarization lidar measurements, which can simultaneously detect polarization ratios both
at 355 nm and 532 nm. The approach integrates a particle swarm optimization—Gaussian process
regression (PSO-GPR) scheme with in-situ absorption observations collected in Northwest
China. The lidar-retrieved AAC values near the surface show good agreement with co-located
Aethalometer measurements. Moreover, comparisons with tethered balloon observations indicate
a correlation coefficient of 0.74 for vertical profiles, confirming the robustness of the approach.
This work presents an effective and practical method for obtaining reliable, high-resolution AAC
profiles from remote sensing, offering new opportunities for evaluating aerosol radiative impacts
with improved accuracy.
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1. Introduction

Atmospheric aerosols play a crucial role in affecting the radiation energy budget of the Earth-
atmosphere system by the mechanisms of shortwave and longwave radiation scattering and
absorption [1,2]. Absorbing aerosols can increase atmospheric temperatures by intercepting solar
radiation, which decreases relative humidity and reduces cloud cover [3,4]. This radiative heating
modifies the near-surface thermodynamic structure, enhancing atmospheric stability in the lower
layers and suppressing boundary layer development and convective activity [5]. Moreover, such
thermal forcing has the ability to modify major hydrological cycles and patterns of rainfall and
thus has profound impacts on regional climates [6,7].

The aerosol absorption coefficient (AAC), defined as the capacity of radiative absorption by
aerosols across all wavelengths, is one of the key parameters used in quantifying atmospheric
radiation and in aerosol modelling [8—10]. The major contributors to aerosol solar radiation
absorption are the carbonaceous aerosols, such as elemental carbon and organic carbon, and
mineral dust [11,12]. Xu et al. [13] suggested that black carbon (BC) radiative absorption is one
of the major factors in atmospheric extinction and that PM, 5 (particulate matter with diameter <
2.5 um) and BC are the major pollutants that cause haze in Shanghai. Dust aerosols also play
an important role, particularly in absorbing solar radiation in the near-ultraviolet and blue light
regions, exhibiting a stronger wavelength dependence than BC [14—16]. Notably, dust aerosols
may account for over 50% of the total absorbing aerosol optical depth at 550 nm [17]. Sokolik
and Toon [18] pointed out that the absorption and refractive index of dust aerosols are affected by
factors such as particle size distribution, composition, and shape. The absorption and reflection
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properties of dust aerosols can impact the thermal structure of the atmosphere, thereby impacting
atmospheric circulation.

Accurate AAC measurements are essential for atmospheric studies, but remain challenging.
Filter-based techniques, widely used in instruments such as Aethalometer, multi-angle absorption
photometer (MAAP), and particle soot absorption photometer (PSAP), assess optical properties
of collected aerosols on filter membranes [19-21]. However, the unique structure of the filter
membrane fibers can cause cross-sectional sensitivity problems with possible resulting inaccurate
measurements [22]. Moreover, conventional measurement platforms typically provide AAC data
only at fixed altitudes, while aerosols at different heights affect radiative transfer differently [23].
Vertical profiling of optical aerosol characteristics is still technologically challenging due to the
inherent constraints of traditional platforms used in measurements. Much effort has been given
towards the advancement of vertical sampling methods, such as tethered balloons and unmanned
aerial vehicles (UAVs) with onboard meteorology sensors [24]. Nevertheless, these methods still
face persistent challenges, such as prohibitively expensive operating costs, restricted temporal
and spatial resolution, and limited maximum sampling altitudes. Therefore, high-precision
characterization of vertical distributions of AAC remains a challenge to atmospheric scientists.

Remote sensing techniques have advanced substantially in recent decades, enabling observations
of aerosol physical and chemical properties as well as spatiotemporal variability [25]. Lidar, in
particular, provides vertically resolved aerosol profiling and is widely used to retrieve aerosol
optical properties [26]. Various inversion algorithms have been developed using high-quality
lidar data to extract vertical profiles of aerosol characteristics [27,28]. Huang et al. [29] proposed
the possibility of retrieving AAC by applying dual-polarization lidar.

With increasing availability of observational and model datasets and enhanced computational
power, machine learning approaches have emerged as effective tools in atmospheric studies. In this
work, we propose a hybrid machine learning approach, combining particle swarm optimization
(PSO) with Gaussian process regression (GPR), to retrieve AAC from lidar measurements. PSO
is used to optimize hyperparameters, while GPR performs probabilistic predictions using the
optimized parameters [30,31]. This combined framework leverages evolutionary optimization
and non-parametric regression, improving retrieval accuracy. Using dual-polarization lidar
measurements, we obtain high-resolution vertical profiles of AAC, which are validated against
ground-based sensors and tethered balloon observations. This study demonstrates a practical and
scalable approach for accurate characterization of aerosol absorption in the lower atmosphere.
Section 2 introduces the study site, instruments, and methodology. Section 3 describes the
retrieval methodology and validation results. Section 4 presents the discussion.

2. Instruments and methodology
2.1. Field experiment

To investigate the vertical distribution and microphysical properties of dust aerosols in the source
region, field campaigns were conducted at the Linze (39.1°N, 100.2°E, 1578 m.a.s.1) and Mingin
(38.6°N, 103.0°E, 1384 m.a.s.l) stations. In Fig. 1, these stations are located in different dust
source regions, with Linze situated to the southwest of the Badain Jaran Desert and Mingin
positioned between two major desert systems: the Badain Jaran Desert to the northwest and the
Tengger Desert to the southeast.

The experimental design incorporated advanced instrumentation and multi-platform measure-
ment strategies to ensure comprehensive data acquisition. At Linze, a dual-polarization lidar
was deployed in April 2014 to provide continuous vertical profiles of aerosols and clouds,
complemented by ground-level AAC measurements from a MAAP. At Mingin, observations
were conducted in two phases: (1) Ground-based observations from March 14 to March 22,
2021, using a dual-polarization lidar for profiling aerosol vertical distribution and an AE33



Research Article Vol. 34, No. 3/9 Feb 2026 / Optics Express

Optics EXPRESS

The tethered balloon
(Minqin, 2023.06-2023.07)

B Mingin |
o (2021.03)

O%°E. 100°E

Fig. 1. Locations of field experiment sites and instrument configuration used in this
study. Linze Station was equipped with a dual-polarization lidar and a MAAP. The Mingin
Station featured two observational platforms: (1) ground-based measurements using a dual-
polarization lidar and an AE33 Aethalometer; and (2) tethered balloon platform equipped
with a microAeth MA200, a GPS tracker, and an OPC.
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Fig. 2. Schematic of developed dual-polarization lidar system in this study.

aethalometer for near-surface AAC; (2) Tethered balloon observations from June 26 to July 6,
2022, equipped with a portable MA200 aethalometer.

2.2. Dual-polarization lidar system

The dual-polarization lidar system used in this study (Fig. 2) was independently developed by
Lanzhou University, China. It consists of three main components: the transmitting module, the
receiving module, and the data acquisition module [32-34]. The transmitter employs a Nd: YAG
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Fig. 3. Flowchart for retrieving AAC profiles from polarization lidar measurements based
on the PSO-GPR model.

laser operating at wavelengths of 355 and 532 nm, with a pulse energy of 100 mJ at 532 nm
and a repetition rate of 10 Hz. Backscattered signals are collected by a 400 mm Cassegrain
telescope and separated into vertical and horizontal polarization components by a polarization
beam splitter (PBS), which are detected by photomultiplier tubes (PMTs). The system provides
a vertical resolution of 7.5m and a temporal resolution of 3 min. Output products include
backscatter coefficient, depolarization ratio at two wavelengths (532 nm and 355 nm), and color
ratio. These parameters serve as key indicators for characterizing aerosol optical properties
and for retrieving AACs in this study. The attenuated backscatter coefficient serves as a proxy
for aerosol concentration, while the depolarization ratio is highly sensitive to particle shape,
effectively distinguishing non-spherical dust from spherical pollutants. Additionally, the color
ratio provides information related to particle size distribution. These parameters were chosen to
maximize the model’s ability to capture variations in AAC.

2.3. AAC detection

AAC and BC concentrations were measured using two filter-based optical instruments: the seven-
wavelength Aethalometer AE33 (Magee Scientific, USA) and the five-wavelength microAeth
MAZ200 (AethLabs, USA). Both instruments determine particle light absorption through real-time
optical attenuation on filters, applying a dual-spot compensation scheme to correct for filter-
loading artifacts [20,35,36]. The AE33 is widely used for long-term ground-based monitoring,
while the lightweight MA200 is better suited for mobile platforms such as tethered balloons.
Validation studies under controlled conditions have demonstrated strong consistency between the
two instruments (R > 0.9) [37,38].

Because of the relatively clean background during balloon soundings and the high temporal
resolution of MA200 data, the raw signals often exhibited reduced signal-to-noise ratios with
more outliers. To address this, an optimized noise-reduction averaging (ONA) algorithm was
applied in data processing [39].
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MAAP (Thermo Scientific, USA) is the most reliable filter-based instrument used to measure
the mass concentration of AAC and BC at 637 nm with high precision. Unlike traditional filter-
based methods, the MAAP uses multi-angle light absorption photometry along with radiative
transfer modeling to correct for multiple scattering [40,41]. Although it operates at a single
wavelength (637 nm), its results are comparable to those from aethalometers in the red channel.
[42—44]. In this study, BC mass concentration is converted to AAC using an empirical conversion
factor of 6.6 m?/g [45].

2.4. Tethered balloon observations

The tethered balloon serves as an airborne platform specifically engineered to carry meteorological
detection equipment, thereby functioning as an effective instrument for the in-situ vertical profiling
of atmospheric aerosols and meteorological parameters. The tethered balloon, filled with 6 m?
of helium and carrying up to 5 kg payload, was operated with an electric winch at an ascent
rate of 1.0 +0.2 m s, reaching altitudes of ~1200 m above ground level. The tethered airship
was equipped with: (1) a KZXLT-II weather sensor to measure meteorological parameters
(pressure, temperature, wind direction and wind speed); (2) a microAeth MA200 (AethLabs,
USA) for AAC detection; (3) an optical particle counter (OPC, TSI 9306, USA) for particle
number concentration (0—10 um); and (4) a GPS Tracker (Garmin, USA) for real-time altitude
and geographical location.

2.5. PSO-GPR method

The rapid development of artificial intelligence (AI) has resulted in the extensive use of machine
learning techniques in nearly all fields. GPR has proven to be a robust probabilistic modeling
system based on Bayesian principles and statistical learning principles [46]. GPR is also highly
effective in handling sophisticated regression and classification problems that are marked by
high-dimensional, small-sample, and nonlinear data types and exhibits excellent adaptability
and generalization [31,47]. Along with probabilistic methods, evolutionary computing methods
like PSO offer powerful solutions for global optimization problems. PSO, developed from the
swarm foraging behavior of flocks of birds, uses a population-based search strategy in which
candidate solutions (i.e., termed as particles) iteratively move toward ideal regions through social
information and individual experience sharing [30,48]. The strategy converges very fast while
ensuring robustness to local optima [49,50].

GPR usually requires heavy computational resources, and hyperparameter optimization
becomes crucial in order to improve the accuracy of the predictions. Conventional methodologies
that rely on conjugate gradient (CG) optimization suffer from suboptimal convergence due to
sensitivity to the initial choice of parameters and susceptibility to local minima [51]. These
constraints highlight the importance of developing more robust optimization methods. This
research introduces a PSO-GPR model framework that aims to resolve these issues by hybridizing
evolutionary computation with probabilistic modeling. Here, the role of the PSO algorithm is that
of the hyperparameter optimization component, while that of the GPR model is prediction-making
using the best set of parameters [52]. The application of the PSO-GPR has the dual advantage
of minimizing the overhead in computations by mitigating the number of iterations in training
and improving the generalizability of the model with better hyperparameter selection [53,54].
Based on preliminary evaluations and theoretical principles, the PSO-GPR framework was
selected over conventional machine learning methods due to its superior ability to avoid local
minima and its robustness in handling small-sample, non-linear inversion problems. This ensures
optimal hyperparameter tuning and retrieval accuracy, making it highly suitable for the specific
application and validation targets of this study.

By synergistically integrating ground-based and sounding observations with the PSO-GPR
model, the high-resolution vertical profiles of AAC were derived (Fig. 3). Building on the
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correlations observed between lidar-derived depolarization ratios and AAC [29], the research
expanded the predictive framework by incorporating multiple lidar observables as input features.
Specifically, the dual-polarization lidar provides vertical profiles of depolarization ratio, attenuated
backscattering coefficients at 532 nm and 355 nm, and color ratio. The model establishes a
relationship between these lidar-derived parameters and the AAC, enabling the retrieval of
high-resolution AAC vertical profiles.

To validate the model, 25% of the near-surface data, along with half of the sounding data,
constituted the validation dataset. The PSO-GPR model framework employed a 2:1 training-testing
split, with training samples (N =2000) and testing samples (N = 1000). This hybrid framework
reduced computational cost, improved generalization, and allowed reliable reconstruction of
high-resolution AAC profiles from dual-polarization lidar data.

3. Results and discussion

3.1. Aerosol and cloud vertical structures

Coordinated dual-polarization lidar observations were conducted at Linze and Minqin stations to
characterize the vertical distribution of aerosols (Fig. 4). The two lidar systems were operated
with identical configurations to ensure data comparability.

2014 Linze Station (100.2°E, 32.1°N, 1578 masl) 2021 Mingin Station (103.0°E, 38.6°N, 1384 masl) 2022 Mingin Station (103.0°E, 38.6°N, 1384 masl)
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Fig. 4. Vertical distribution of aerosols and clouds from lidar measurements during the
field experiments.

During the Linze field campaign in April 2014, lidar observations revealed frequent cloud
layers between 2—6 km above ground level, while dust aerosols were largely restricted to the
boundary layer (<1km). Depolarization ratios of 0.26-0.30 indicated the predominance of dust.
On April 17, dust intensity increased markedly and remained elevated for several hours. The
following day, enhanced convective mixing lifted the dust vertically, bringing it into contact
with the cloud base. Between April 19 and 22, the rising boundary layer height contributed to
reducing near-surface aerosol concentrations, leading to a gradual decline in dust loading until a
new outbreak occurred on April 23. Overall, dust events during this period were relatively weak,
remaining confined to the lower troposphere under predominantly cloudy conditions.

At Minqgin in March 2021, observations documented a severe spring dust storm. Beginning on
March 14, dust was confined below 2 km, with volume depolarization ratios exceeding 0.27. The
intensity strengthened steadily, peaking on March 18 with depolarization ratios surpassing 0.35.
On March 19, dust concentrations began to decline, while the vertical extent of the layer increased.
By March 20, the dust had risen to nearly 5 km, highlighting the dynamic vertical transport of
springtime dust in this region. Additional summer measurements at Minqin (2022) confirmed
aerosol concentrations were markedly lower than those observed during the spring 2021 storm.
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Nevertheless, dust remained the dominant aerosol type reflecting the station’s location within an
active dust source region (Fig. 1).

3.2.  Training results of the PSO-GPR model

The PSO-GPR model was developed to retrieve vertical profiles of AAC from dual-polarization
lidar observations. Its performance was assessed using independent training and testing datasets
(Fig. 5). The model showed strong agreement with the 1:1 reference line, achieving R? values of
0.97 for the training dataset and 0.90 for the testing dataset. Correspondingly, the Root Mean
Square Error (RMSE) was calculated to be 1.08 Mm~! for the training set and 1.95 Mm~! for the
testing set. The low RMSE values, relative to the range of AAC variation, further confirm the
retrieval accuracy. These results demonstrate that the hybrid PSO-GPR framework can provide
robust predictions of AACs, even under dust-laden conditions. Minor underestimations occurred
at higher AAC values, particularly in the testing dataset. The consistently high correlations
indicate that the evolutionary optimization effectively identified near-optimal hyperparameters,
thereby improving the generalizability of the GPR model. This robustness is critical for extending
the retrieval framework from surface-level measurements to high-resolution vertical profiles in
subsequent analyses.
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Fig. 5. Comparison between PSO-GPR model results and truth values.

3.3. Tethered balloon observation results

The first sounding, on 28 June, was carried out immediately following a dust event from the
previous day. The balloon ascended to its maximum operational altitude of 1000 m AGL within
30min and was subsequently lowered by an electronic winch to 500 m AGL, where it was
maintained for approximately 60 min. Lidar observations (Fig. 6(d)) showed that dust was
predominantly confined below 1 km, with depolarization ratios exceeding 0.25, indicative of non-
spherical mineral particles. Weak easterly winds (<4 m/s) created stable stratification, limiting
both vertical mixing and horizontal dispersion, and resulting in strong aerosol accumulation near
the surface. The second sounding on 30 June exhibited a clear contrast. Stronger winds (4—6 m/s)
shifted to southerly and southeasterly directions, promoting pollutant dispersion. As a result,
near-surface particulate concentrations decreased markedly compared with the 28 June case.
Nevertheless, layered structures in the vertical profiles persisted, reflecting incomplete mixing
within the boundary layer. The final sounding on 2 July was conducted under relatively clean
atmospheric conditions, with depolarization ratios consistently below 0.15. Winds were weak
(<4 m/s) from the west to southwest, yet vertical profiles still indicated residual stratification.
As shown in Fig. 7, tethered balloon observations provided vertical profiles of AAC and
associated meteorological parameters on 28 and 30 June, and 2 July 2022. The red and black lines
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Fig. 6. Three tethered balloon observations: (a)-(c) wind speed and wind direction; (d)-(f)
depolarization ratio at 532 nm with balloon height indicated by red lines.

represent ascending and descending profiles, respectively. On June 28, near-surface AAC reached
65 Mm~! and decreased with height to 29 Mm~"! at 528 m. OPC measurements revealed multiple
concentration peaks at 396 m and 700 m, indicating vertically stratified dust layers. Concurrent
meteorological observations at 688 m recorded a temperature increase of approximately 2°C and a
humidity decrease of 3%, suggesting that elevated dust layers induced radiative forcing, reducing
the downward radiation flux at the surface. During the descent, AAC increased and peaked at
51.3 Mm™! at 418 m before decreasing again. Between 300 m and 400 m, AAC fluctuated around
38 Mm™!, then increased again as the balloon approached the ground.

On 30 June, AAC profiles exhibited relatively high values near the surface during both ascent
and descent, with concentrations decreasing gradually with height. The temperature profile
during ascent revealed a distinct inversion layer, with the minimum temperature (23.7°C) observed
at 280m. At 10:50 LST, the tethered balloon began its descent from 500 m. By this time,
the inversion layer remained evident, and its height had increased. This upward shift is likely
attributable to the presence of an absorbing aerosol layer concentrated within the lower boundary
layer. The radiative heating induced by these aerosols enhanced convective activity, thereby
facilitating boundary-layer growth [55,56].

On 2 July, near-surface AAC reached a peak of 39.4 Mm™' at approximately 100 m above
ground level. And due to the precipitation process of the previous day, changes in meteorological
elements are more pronounced within 100-200 m. Temperature increased from 18.9°C to 24°C,
while relative humidity decreased from 52.7% to 32.8%. As the balloon continued to ascend, the
AAC values gradually declined, reaching a minimum of 4.3 Mm™! at 600 m, coinciding with a
low particle number concentration of 3.11 x 10° particles. Between 440 m and 530 m, the AAC
experienced a slight increase. During the descent, the AAC was approximately 28.5 Mm™! at
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Fig. 7. Vertical profiles of AAC and meteorological parameters from tethered balloon
observations. (Note: Red lines represent ascending profiles, while black lines represent
descending profiles.)

100 m, reaching a peak of 47.5 Mm~! at 184.5 m. The particle number concentration variations
during the descent were minimal, remaining relatively stable at approximately 3.75 x 10> particles.

3.4. Comparison of lidar-retrieved AAC profiles with tethered balloon observations

Figure 8—10 compares AAC profiles retrieved by the PSO-GPR model from dual-polarization
lidar measurements with tethered balloon observations. The shaded areas represent the standard
deviation of the inversion results, while scatter points denote tethered balloon observations, with
blue and orange representing the ascent and descent processes, respectively. Lidar observations
(Fig. 6(d)) reveal that on 28 June, aerosols exhibited a distinctly stratified vertical structure,
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particularly during the balloon ascent. As shown in Fig. 8, the spatial and temporal distribution
of aerosols varied considerably during the 40-minute ascent of the tethered balloon, resulting in
large variability in the inversion results at specific heights (e.g., 280 m and 780 m). Tethered
balloon measurements generally match the lidar-retrieved mean profiles, staying mostly within
the standard deviation range. In particular, the lidar-retrieved AAC profiles during the ascent
process are better fitted to the actual observations. It is also noted that the inversion results near
the surface exhibit the highest consistency for both ascent and descent, which may be due to more
stable meteorological conditions.
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Fig. 8. Vertical structure of AAC on June 28, 2022. (Note: The solid lines represent the
lidar-retrieved AAC profiles retrieved by PSO-GPR model during ascent (blue) and descent
(orange) phases. Shaded regions represent the standard deviation of the inversion results.)

On 30 June (Fig. 9), during the ascent, the lidar-retrieved AACs exhibit strong agreement with
tethered balloon observations below 300 m and above 700 m. Between 400 m and 600 m, most
balloon observations fall within the shaded uncertainty range. Moreover, the mean lidar-retrieved
AAC profile is lower than the observations, indicating an underestimation in the retrieval
results. During the descent (Fig. 9(b)), the lidar-retrieved AACs show good agreement with the
observations below 200 m near the surface. However, significant differences were observed within
the 200-400 m layer, indicating notable changes in aerosol distribution during the descent. The
third tethered balloon sounding experiment was conducted on the morning of July 2 and is shown
in Fig. 10. Above 300 m, the lidar-retrieved AACs agree well with the sounding observations.
Below 300 m, especially near the surface, there is a clear difference between the two. However,
the overall vertical trend is still consistent.

To further evaluate the performance of the PSO-GPR model in retrieving AAC from lidar
measurements, a validation dataset of 1,060 observation points was used, including 1,000 ground-
based points (red dots) and 60 tethered balloon points (black triangles) in Fig. 11. The inversion
performance on the validation dataset was slightly lower than that of the training dataset, yielding
an overall R? of 0.86, indicating good agreement between observed and lidar-retrieved AACs.
Some underestimation was observed, particularly in the range of 25-40 Mm~!, where many points
fell below the reference line (y = x). Tethered balloon observations mainly ranged from 15 to 35
Mm™!, with R? =0.74 and an RMSE of 4.25 Mm™!, whereas ground-based observations were
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Fig. 11. Comparison of lidar-retrieved AAC with independent observational results from
co-located ground-based Aethalometer and MA200 carried by tethered balloon.

mostly below 20 Mm™!, with the lidar-retrieved results showing high consistency (R? =0.85)
and only a few significant deviations.

These results demonstrate that the PSO-GPR model is effective in retrieving AAC from
dual-polarization lidar data. The model also fully exploits the vertical profiling capability of
lidar to produce high-resolution AAC profiles with both fine spatial and temporal resolution.

4. Conclusions

In this study, we developed a new approach to retrieving vertical profiles of AAC from dual-
polarization lidar measurements at 355 nm and 532 nm. The method integrates in-situ observations
from ground-based AAC sensors and tethered balloon experiments with a hybrid machine learning
framework combining particle swarm optimization and Gaussian process regression (PSO-GPR).
This framework enables robust, high-resolution AAC retrievals across varying atmospheric
conditions. The developed approach performs well, achieving R? values above 0.90 for both
training and testing datasets, with near-surface AAC showing strong agreement with co-located
Aethalometer measurements (R2 = 0.85). Comparisons with tethered balloon profiles further
validate the approach, with R? reaching 0.74.

This work provides a practical, scalable methodology for obtaining range-resolved AAC profiles
with high spatial and temporal resolution. By accurately capturing the vertical structure of aerosol
optical properties, the method enhances understanding of aerosol-radiation interactions and
supports improved assessment of aerosol-induced climate effects. The combination of advanced
machine learning and high-resolution lidar observations offers a powerful tool for atmospheric
and climate research. The current model was trained using datasets from Northwest China,
where dust and continental aerosols predominate. While the proposed PSO-GPR framework is
methodologically universal, its direct application to regions with distinct aerosol compositions
may require retraining or transfer learning strategies using local datasets to ensure optimal
performance. Future work will focus on expanding the training dataset to cover broader temporal
and spatial scales to improve global generalization.
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