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ABSTRACT

Doppler wind lidar is widely used for wind profiling, while its potential for aerosol-based visibility and partic-
ulate matter (PM) estimation remains underexplored. This study assesses the capability of Doppler lidar back-
scatter measurements, combined with meteorological variables, for estimating visibility, PMy s, and PMq
concentrations. Traditional regression models were benchmarked against machine learning (ML) approaches,
including tree-based, vector-based and neural-based methods. A logarithmic-linear empirical function was
applied for visibility estimation, while PM estimation used a multivariate regression scheme accounting for the
dependence of relative humidity due to the hygroscopic growth effects. Among ML methods, Light Gradient
Boosting (LGB) consistently achieved the best performance across all tasks, yielding test-set results for visibility
with RMSE of 3.38 km and R? of 0.85; for PMy 5 with RMSE of 7.02 pg/m> and R? of 0.83; and for PM;o with
RMSE of 15.32 pg/m® and R? of 0.81. Feature importance analysis revealed that the backscatter coefficient was
the dominant predictor for visibility (39.42 %), while the backscatter coefficient also proved most crucial for
PMa 5 (23.25 %), and relative humidity was critical for PM; estimation (26.19 %). These results demonstrate the
capability of CDL measurements to estimate visibility and particulate matter concentrations. With their
increasing deployment, this approach significantly extends the application of Doppler lidars to comprehensive air

quality monitoring.

1. Introduction

Atmospheric aerosols form a complex multiphase system consisting
of suspended solid and liquid particles. They play a crucial role in
radiative transfer and atmospheric chemistry. Among these suspended
particulates, particulate matter (PM) with aerodynamic diameter below
10 pm (PMjp) and 2.5 pm (PM5) has emerged as a critical environ-
mental metric due to its size-dependent atmospheric residence time and
penetration capacity into human respiratory systems [1]. Beyond direct
health impacts [2], PM exerts optical effects through Mie scattering,
becoming the dominant light extinction agent in polluted atmospheres
[3,4]. This scattering-induced visibility degradation, quantified by
meteorological optical range (MOR) [5], poses significant risks to
aviation safety and transportation efficiency [6,7]. The PM-visibility
relationship is governed by aerosol microphysical properties: particle

size distribution dictates scattering cross-sections, chemical composition
influences hygroscopic growth under varying humidity conditions, and
mixing states modulate light absorption [8,9,10]. These interrelated
properties highlight PM’s dual role as both an air pollutant and a key
modulator of atmospheric optics, underscoring the need for integrated
monitoring of PM concentrations and visibility variations.

While precise, conventional PM monitoring via f-ray absorption and
gravimetric methods is restricted to fixed stations, a major limitation
given PM’s dynamic vertical transport and horizontal advection
[11,12,13]. Similarly, transmissive and scattering visibility meters
provide point measurements that are inadequate for resolving the three-
dimensional extinction field [14,15,16]. These spatial and temporal
limitations drive the need for remote sensing solutions, including pas-
sive and active methods. Satellite monitoring, as a passive remote
sensing method, provides broad coverage with high temporal resolution,

* Corresponding author at: State Key Laboratory of Climate System Prediction and Risk Management (CPRM), School of Atmospheric Physics, Nanjing University of

Information Science & Technology, Nanjing 210044, China.
E-mail address: twwei@nuist.edu.cn (T. Wei).

https://doi.org/10.1016/j.optlastec.2025.114338

Received 29 July 2025; Received in revised form 14 November 2025; Accepted 18 November 2025

Available online 25 November 2025

0030-3992/© 2025 Elsevier Ltd. All rights are reserved, including those for text and data mining, Al training, and similar technologies.


https://orcid.org/0009-0000-3720-1357
https://orcid.org/0009-0000-3720-1357
https://orcid.org/0000-0003-3765-3008
https://orcid.org/0000-0003-3765-3008
mailto:twwei@nuist.edu.cn
www.sciencedirect.com/science/journal/00303992
https://www.elsevier.com/locate/optlastec
https://doi.org/10.1016/j.optlastec.2025.114338
https://doi.org/10.1016/j.optlastec.2025.114338

W. Xu et al.

Optics and Laser Technology 193 (2026) 114338

— PM;, PM, 5 Vlslblhty ——
& 100 145 100 130 775
) I 1 . - 1 . ~
= ] 1 21 7,
g 4.0 P 120 & 450 &
8 20 ] 50 e 1 £ g
=1 ] ,‘. 1 ZF P
5 13.5 7110 Z 125 2
S ] N-\/"': -1 &
2 0 | N T I T N T T T T T T ' l< : ’% 0 0 | I SIS TN [T T N T TN T N | ] () : () 0
= i
—— RH —=— Temperature —— Pressure
< 80 25 71020 80 30 71040
NS L i P
= 1 ¥ 11030
5 ' 1030 £
g 60 152 31020 2
an . 5 ] 2
o) 2. ] @
.= | £ 41010 2
= i i = 3
&~ 40 [P I AT NI SATE AT MU B AT BT MR A 15 41015 40 [T U N N U WU SN S U TN BTN BN | 0 ] 1000
—— Direction —=— Wind Speed —— Vertical spee
250 4.0 70.35 250 76.0 710
e 12 JasEy] 3
3 | E 1 2] bt
2 150 3.5 4030 150F ZE' 3 1 2405 2
a . 1 . . 1, A A =
r ] ] r 13.0 < | B
2 100f 11 100 = E -
E | | " \ - 1 = | 5}
B 50 TN TR Y NN N M T M M N S B 3.0 20.25 50' TR T N NN BRI S B |\m_ 1.5 - 40.0 -
02 4L6 18"['10 12U1”;1C1+68}118 20 22 TIRRN QA N \x Q\ N Q%\/Q'\\/QO)
ocal. Time ) A DR

Fig. 1. Hourly (left panels) and monthly (right panels) averaged results during 2020—2021: (a) PM;o, PMy s, visibility and backscatter coefficient, (b) relative
humidity, temperature and pressure, (c) horizontal wind direction, horizontal wind speed, and vertical wind speed. In the monthly series, dashed lines denote

connections across non-consecutive months where data were unavailable.

yet faces limitations in retrieving sea fog horizontal visibility, especially
during twilight or high cloud cover conditions [17,18,19], while PM
retrievals are hindered by cloud interference, high-albedo surfaces, and
severe pollution episodes [20,21]. Efforts to overcome these challenges
increasingly leverage multi-source data fusion. Park et al. [22] inte-
grated satellite-derived AOD, meteorological reanalysis, and land-use
datasets within a convolutional neural network (CNN) framework,
achieving enhanced PMys estimation accuracy by resolving spatial
heterogeneity in pollution drivers. In recent years, lidar (light detection
and ranging) technology has been developed for detecting atmospheric
components, aerosols, wind, cloud and precipitation [23,24,25,26,27].
Visibility retrieval relies on the lidar-based extinction measurement and
a convert relation between the lidar wavelength and the wavelength of
550 nm that defines the visibility. For a simple single-wavelength
aerosol lidar, the retrieval of the extinction coefficient is inherently
linked to that of the backscattering coefficient, relying on an assumed
lidar ratio. Horizontal measurements under homogeneous aerosol dis-
tribution have also been utilized to estimate independent extinction and
horizontally average visibility [28,29]. PM estimation is more chal-
lenging due to its sensitivity to aerosol microphysical properties,
including size distribution and hygroscopic growth [30,31]. Multi-
wavelength lidars have been employed to retrieve aerosol size distri-
butions and, consequently, PM concentration, typically using a
regularization method [32,33]. However, the high cost and complexity
of such systems limit their widespread application.

To overcome these challenges, recent advances integrate lidar ob-
servations with data-driven modeling. Shao et al. [34] developed a
conversion model for retrieving PM;, PMs 5, and PM;( concentrations
from aerosol extinction coefficients, emphasizing the significant role of
meteorological factors, particularly in the retrieval of PM;( concentra-
tions. Zhen et al. [35] proposed a stacking fusion model that combines

XGBoost and LightGBM with the aim of improving atmospheric visibility
prediction under varying pollution scenarios, using multivariate mete-
orological elements. These findings demonstrate the feasibility of
applying neural networks to evaluate PM concentrations and visibility.
Therefore, by integrating lidar-derived extinction coefficients with
meteorological factors that influence the distribution of PM concentra-
tions and visibility, and developing a neural network-based model to
assess the spatial distribution of mass concentrations, it is possible to
leverage the advantages of lidar in monitoring PM and visibility with
wide coverage.

Coherent Doppler wind lidar is commonly used to measure wind and
turbulence in the atmospheric boundary layer [36,37,38]. While back-
scatter intensity is often overlooked due to its sensitivity to heterodyne
coupling efficiency, the underlying mechanism still relies on using
aerosols as tracers to acquire Mie scattering signals. In recent years,
Doppler lidar has been extended to retrieve aerosol backscatter and
extinction coefficients [39,40]. QueiBer et al. [41] demonstrated that
continuous-wave Doppler wind lidar backscatter signals, when cali-
brated against co-located visibility sensors, provide a viable proxy for
retrieving meteorological optical range (MOR), enabling remote and
single-ended profiling of atmospheric visibility under vertically strati-
fied aerosol conditions. With the deployment of numerous wind mea-
surement lidars, the use of Doppler lidar backscatter intensity to retrieve
visibility and PM concentrations will significantly broaden its applica-
tion range.

In this study, we estimate visibility and PM concentrations by
combining the backscatter coefficient of Doppler wind lidar with tech-
niques such as linear regression and machine learning (ML). The results
from this study demonstrate that lidar-based air quality monitoring
networks can be further enhanced by incorporating additional meteo-
rological data, beyond just the backscatter coefficient, thereby
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Fig. 2. Scatter plots of visibility, PM, 5 and PM;q versus relative humidity, temperature, horizontal wind speed and backscatter coefficient. The colorbar indicates the

normalized density of data points.
improving predictive capabilities.
2. Data and method

2.1. Data and quality control

In this study, we employed a 1.5 um all-fiber coherent Doppler wind
lidar to measure the backscatter coefficient f, horizontal wind speed,
horizontal wind direction, and vertical wind speed. The data were
collected from January 2020 to September 2021. The lidar system was
deployed on the roof of the School of Earth and Space Science building of
the University of Science and Technology of China (31.83° N, 117.25° E)
in the urban area of Hefei, Anhui Province, China. The system operates
with a laser wavelength of 1548 nm, emitting pulses of 300 pJ energy,
600 ns duration, and a repetition frequency of 10 kHz. The Doppler lidar
employs a coaxial transmitter-receiver configuration and exhibits a
near-field blind zone due to the specular reflection from the fiber end
telescope. During the experiment, the system operated in VAD scan
mode and the blind zone is approximately 60 m above ground level. We
use the average of the lowest three valid range gates as the surface-layer
proxy. Other detailed information about the lidar configuration, oper-
ation and data processing can be seen in previous studies [38,42,43,44].
An co-located automatic weather station supplied meteorological ob-
servations, including temperature, relative humidity, atmospheric
pressure and visibility. PMy 5 and PM;o concentrations were obtained
from the adjacent national air quality monitoring station. All measure-
ments were pre-processed into 1-hour intervals. Data collected during
precipitation events were excluded, and remaining missing values were
imputed using k-nearest neighbors interpolation [45].

Fig. 1 shows the hourly and monthly mean trends of the dataset.
Diurnal and seasonal variations can be seen clearly from most variables.
The visibility exhibits inverse relationship with PM and backscatter
coefficient. It tends to be lowest in the early morning, improves
throughout the day, and reaches its peak around 18:00. Seasonal

patterns reveal lower visibility during winter and spring and higher
values in summer. PM concentrations follow similar diurnal cycles,
peaking at night. Furthermore, PM levels increase in spring and winter,
primarily driven by Asian dust incursions and emissions from fossil fuels
and industrial activities, resulting in higher PM concentrations [46].
Fig. 2 presents scatterplots of visibility, PM, 5 and PM; against four key
variables: RH, temperature, horizontal wind speed and f. In these plots,
visibility generally decreases as p increase, while both PM; 5 and PM;
tend to rise under the same conditions. Lower temperatures are associ-
ated with higher PMj 5 levels and reduced visibility. Wind speed, how-
ever, shows no clear or systematic correlation with either visibility or
particulate levels, which may be attributed to the complex interplay of
wind-driven dispersion and pollutant transport processes [47].

When applying ML methods, all inputs were min-max normalized to
ensure consistency and enhance model performance. To capture the
inherent periodicity of temporal features [48], the month, day and hour
variables were encoded via sine-cosine transformations:

. . 2m Xt
tsin = sin( T )
@
2r x t
tcos = cos( )

where t denotes the time component, and T its period (12 for months, 31
for days, and 24 for hours).

The machine learning methods used in this study optimized hyper-
parameters using training and testing datasets, which comprised 7732
samples. In order to assess the performance, 5-fold cross-validation was
applied with random sample-wise splits. The dataset was divided into
five equal-sized, mutually exclusives folds, with one fold used for testing
in each iteration and the remaining four folds used for training. The
average performance metrics were computed across the five folds. The
estimated visibility and PM concentrations were then compared with the
observed data using Egs. (2)-(5), and performance was evaluated using
the Root Mean Squared Error (RMSE), Mean Absolute Error (MAE),
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Mean Absolute Percentage Error (MAPE), and the correlation coefficient
R?).

18
RMSE = E E (xestj - xobs.i)z (2)
i=1

13

MAE = E Z {xest.i - xobs.i| (3)
i=1

MAPE = 100% XH: Xest,i — xobs,i (4)

n i1 xobs,i
R2 _ 1 _ it (obsi — Xests)” ©

Zizl (xobs,i - yobs)z

2.2. Traditional regression methods

2.2.1. Visibility retrieval using regression methods

Atmospheric visibility is traditionally defined as the distance at
which the intensity of a 550 nm light beam attenuates to 5 % of its
original power under horizontally homogeneous atmospheric condi-
tions. This distance is inversely proportional to the atmospheric
extinction coefficient as expressed by Claus [49]

3912
- o

Vv

©

Although the standard definition of visibility is based on 550 nm,
lidar-based visibility detection typically employs alternative wave-
lengths due to practical considerations such as atmospheric transmission
efficiency and cost-effectiveness. For example, 532 nm is widely used in
visibility lidars [50,51]. Moreover, near-infrared wavelengths, such as
1.5 pm, are increasingly employed for visibility detection, primarily due
to its eye safety and the advantages of all-fiber architecture that facili-
tate system integration [28,52]. However, a transfer factor is required to
convert the extinction coefficient at the measured wavelength to that at
550 nm based on the Angstrém exponent.

In contrast to the physics-based approach described above, which is
sensitive to uncertainties in the Angstrom exponent and lidar ratio, an
alternative statistical method establishes a direct empirical relationship
between the backscatter coefficient and visibility. This method leverages
a logarithmic-linear transfer function, expressed as [41]

log,, (Vﬁl) = a x log,(f) +b @]

This data-driven approach avoids aerosol-type assumptions and

0.0

—
I R*=0.98 o 1
[ MAE=10.03 1
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Fig. 3. Scatter plot between inverse visibility and backscatter in logarithm unit.
The black squares represent the binned mean values, with error bars indicating
three times the standard deviation. The red line denotes the linear fit result.
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directly correlates lidar measurements with visibility. Its primary
advantage lies in its robustness and simplicity for long-term monitoring,
effectively accommodating temporal variations in aerosol optical
properties.

2.2.2. PM retrieval using regression methods

PM concentrations are influenced by hygroscopic growth, and the
scattering enhancement factor f(RH), quantifies how aerosol light-
scattering coefficients vary with RH, reflecting the influence of chemi-
cal composition (e.g., sulfate, organic carbon) and particle size distri-
bution [53]. Aerosols undergo deliquescence when RH surpasses the
deliquescence relative humidity of substances like NaCl or (NH4)2S04,
causing a rapid increase in scattering coefficients, depicted by a sharp
rise in f(RH). Conversely, efflorescence occurs at lower efflorescence
relative humidity (ERH), resulting in a sudden reduction in f(RH)[54].

Based on the established relationships between aerosol backscatter
and PM concentration, a regression model is formulated, incorporating
the exponential dependence of backscatter on RH. This regression
approach is grounded in empirical studies [54,55,56,57,58]:

B =k x (PM)* x (1 — RH) ™ (8)
where k, a, and b are constants determined by least squares fitting, with
PM expressed in units of mass concentration. For computational
simplification, logarithmic transformation is applied to Eq. (8) before
regression analysis.

2.3. ML-driven methods

This study employs three categories of supervised machine learning
(ML) methods to estimate visibility and PM concentrations: tree-based
models (Random Forest (RF), eXtreme Gradient Boosting (XGB), Light
Gradient Boosting (LGB)), vector-based models (Support Vector
Regression (SVR), and neural-based models (Multilayer Perceptron
(MLP), Backpropagation Neural Network (BPNN), and Extreme Learning
Machine (ELM)). For all models, the input features included the sine and
cosine transformed temporal components (Month_sin/cos, Day_sin/cos,
Hour_sin/cos), along with meteorological and lidar-derived variables
(Direction, RH, Pressure, Temperature, , Horizontal wind speed, Ver-
tical wind speed). The models were trained to predict three distinct
output variables: Visibility, PMy 5, and PM;(. Detailed information
regarding the optimized hyperparameters for each model can be found
in Table S1 in the Appendix.

2.3.1. Tree-based methods

Random Forest (RF) utilizes Bootstrap Aggregating (Bagging) and
the Random Subspace Method (RSM) to generate multiple training
subsets from random data samples [59]. Each subset trains a base
learner, and predictions are averaged across all trees. In contrast, XGB
and LGB employ boosting techniques for resampling and ensembling
[60,61]. LGB enhances XGB by growing trees leaf-wise, accelerating
learning and prediction, while XGB grows trees level-wise [62,63]. The
predictions from each tree are weighed and averaged to obtain the
result.

2.3.2. Vector-based methods

SVR, derived from the Support Vector Machine (SVM) framework
[64], is a regression method that uses kernel functions to map non-
linearly separable data into higher-dimensional spaces for linear sepa-
rability [65]. The goal of SVR is to construct a regression model, where
the loss occurs only when the absolute difference between the predicted
value f(x) and the true value y exceeds a tolerance parameter ¢, creating
a band of width 2e.

2.3.3. Neural-based methods
MLP is a widely recognized type of artificial neural network,
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extensively applied in classification and prediction tasks, particularly in
domains such as image recognition [66]. Structurally, an MLP is
composed of three primary layers: an input layer, one or more hidden
layers, and an output layer. Based on the MLP architecture, the BPNN
employs the backpropagation learning algorithm to iteratively adjust
the weights of its input, hidden, and output layers through forward and
backward passes, minimizing the error between predicted and actual
outputs [67]. In contrast to the MLP model, the ELM model uses multiple
perceptron to generate weights and biases both between the input and
hidden layers and between the hidden and output layers to produce
prediction results at the output layer [68].

Table 1
Five-fold cross-validated visibility prediction performance of LGB, MLP and SVR
method.

Model Dataset RMSE (km) MAE (km) MAPE (%) R?
LGB Train 3.15 + 2.32 + 17.44 + 0.8703 +
0.02 0.01 0.44 0.0013
Test 3.38 + 2.48 + 18.72 + 0.8508 +
0.08 0.05 1.70 0.0061
MLP Train 3.10 + 2.27 + 17.03 + 0.8748 +
0.06 0.04 0.70 0.0047
Test 3.40 + 2.48 + 18.79 + 0.8490 +
0.09 0.06 3.53 0.0084
SVR Train 3.48 + 2.23 + 15.52 + 0.8420 +
0.03 0.01 0.23 0.0021
Test 3.88 + 2.67 + 20.09 + 0.8028 +
0.09 0.04 2.69 0.0085

Note. Visibility is measured in kilometers (km); all values are reported as mean
+ standard deviation across five cross-validation folds.

3. Results
3.1. Visibility estimation

3.1.1. Traditional methods

Fig. 3 presents a scatter plot, depicting the logarithm of inverse
visibility against the logarithm of lidar backscatter. The plot includes a
color-coded RH distribution, reflecting aerosol hygroscopic growth
characteristics: low-humidity (RH < 80 %, viridis color), mid-humidity
(80-90 %, faded viridis color), and high-humidity (RH > 90 %, grey)
conditions. In the low-humidity range, scatter points concentrate in the
low region, showing an approximately linear trend where increasing
corresponds to higher, indicating reduced visibility due to enhanced
aerosol concentrations and optical attenuation [69]. Conversely, mid-
and high-humidity conditions exhibit widely dispersed points without
clear clustering, indicating a nonlinear relationship. This finding sug-
gests that a linear visibility—backscatter relationship holds only within a
limited range. The nonlinear behavior observed in these regions may
result from rain-induced signal attenuation and the influence of low-
level clouds or fog.

To investigate linear relationships in low-humidity regimes and
mitigate fog/cloud contamination effects, we utilized the statistical
calibration method of QueiBer et al. [41]. Visibility values below 3 km
were excluded to ensure adherence to linear regression assumptions
while reducing fog/cloud interference in visibility measurements.
Aerosol backscatter coefficients were then calculated using visibility-
stratified binning with 0.5 km intervals, deriving first-order moments
(up, mean) and second-order moments (J, standard deviation). Subse-
quent linear regression analysis revealed strong agreement (R? = 0.98),
confirming the methodological robustness.
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Table 2
MAE comparison across visibility ranges for Logarithmic-linear transfer, LGB,
MLP, and SVR methods in predicting visibility.

Model Dataset Visibility ranges (km)
<5 5-10 10-25 25-35
(N=264) (N=1050) (N=4196) (N=2222)
Log- RH<80% 264 4.23 7.26 6.55
Linear Vis > 3 km
LGB Train 1.94 1.96 2.22 2.73
Test 2.04 2.10 2.33 2.93
MLP Train 1.82 1.91 2.14 2.74
Test 2.13 2.15 2.35 3.00
SVR Train 1.50 1.74 2.07 2.84
Test 2.18 2.25 2.47 3.31

Note. The number of samples in each range is indicated below the column
headings.

3.1.2. ML-driven methods

To validate the effectiveness of ML methods, three representative
models—LGB, MLP, and SVR—were selected for detailed analysis. These
models were chosen for their distinctive methodological approaches:
ensemble learning, neural networks, and vector-based regression,
respectively. The performance metrics for the remaining models across
both visibility and PM estimation tasks are provided in Table S2 in the
Appendix.

Fig. 4(a—c) shows the scatter plot between the estimated and true
values for the three selected models. Among them, LGB achieves the best
overall performance, with the lowest RMSE and highest R%, benefiting
from its leaf-wise growth strategy that efficiently captures complex
nonlinear interactions [61,70]. MLP follows with slightly higher error
metrics, while SVR trails behind due to its relatively rigid margin-based
optimization, which limits its adaptability to varying aerosol conditions.
To further evaluate the robustness of these models, a five-fold cross-
validation was conducted, with results summarized in Table 1. The

Optics and Laser Technology 193 (2026) 114338

results confirm that LGB provides the best overall performance and is the
most robust model, consistently achieving the highest R and lowest
error metrics on the test set. It also demonstrates the least performance
fluctuation across the validation folds. Both MLP and SVR exhibit
greater variability and lower accuracy compared to LGB.

The error distributions for the three models, illustrated in Fig. 4(d-f),
provide further insight into their predictive performance. All three
models exhibit approximately normal residual distributions centered
near zero, suggesting a lack of significant systematic bias in their pre-
dictions. Notably, the error spreads are comparable across the models,
with the majority of residuals for each falling within approximately +6
km. The overall RMSE for all data points indicates that MLP achieves the
lowest error (3.16 km), closely followed by LGB (3.20 km). Both slightly
outperform SVR, which has a higher overall RMSE of 3.56 km. These
results suggest that both MLP and LGB deliver a superior and highly
comparable level of predictive accuracy.

Table 2 compares the MAE of the three ML models against the uni-
variate logarithmic-linear transfer method across different visibility
bands. The results clearly demonstrate that all ML methods consistently
outperform the traditional approach in every tested range. Among the
ML models, LGB establishes itself as the most accurate model, achieving
the lowest test-set MAE across all four visibility bands. While MLP also
delivers highly competitive performance, its MAE is consistently slightly
higher than that of LGB, whereas SVR trails both models. This detailed
analysis confirms that LGB provides superior visibility estimation,
attributed to its effective regularization and capacity to model intricate
nonlinear relationships.

While the MAE for all ML methods is numerically lower in the <5 km
visibility range (Table 2), this metric can be misleading when viewed in
isolation. To provide a more rigorous assessment of the model’s
explanatory power, we calculated the R2. For this specific range, the
LGB’s R? value was only 0.062. This degradation in performance is likely
due to the scarcity of sub-5 km samples in our dataset. Fig. 5 presents a
time-series comparison of observed and predicted visibility between
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Fig. 5. Time-series and residual plots comparison of methods for visibility prediction from 2020 to 03-15 to 2020-03-30 with precipitation periods excluded: (a)
logarithmic-linear transfer applied to the RH < 80 % subset, (b) LGB, (c) MLP, (d) SVR.
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Table 3
Five-fold cross-validated PM prediction performance of LGB, MLP and SVR
method.

Setting  Model Dataset RMSE MAE MAPE R?
(hg/m®)  (ug/m® (%)
PMs 5 LGB Train 592 + 4.24 + 19.91 + 0.8758 +
0.05 0.02 0.29 0.0008
Test 7.02 + 4.89 + 23.05 + 0.8254 +
0.37 0.16 1.84 0.0111
MLP Train 6.71 + 4.88 + 22.44 + 0.8405 +
0.11 0.11 0.47 0.0053
Test 7.48 + 5.36 + 24.81 + 0.8016 =+
0.35 0.19 1.56 0.0130
SVR Train 7.77 + 4.87 + 21.91 + 0.7861 +
0.10 0.04 0.57 0.0043
Test 8.67 + 5.87 + 26.89 + 0.7332 +
0.34 0.14 2.68 0.0175
PM;o LGB Train 11.33 + 7.80 + 16.63 + 0.8944 +
0.21 0.12 0.16 0.0026
Test 15.32 + 10.33 + 22.20 + 0.8063 +
0.91 0.21 1.11 0.0143
MLP Train 12.57 + 9.01 + 19.02 + 0.8693 +
0.93 0.66 1.47 0.0198
Test 15.84 + 1112 + 23.38 + 0.7927 +
0.61 0.30 1.06 0.0104
SVR Train 17.86 + 10.16 + 19.25 + 0.7376 +
0.28 0.08 0.33 0.0038
Test 19.04 + 11.68 + 23.15 + 0.7014 +
1.58 0.38 1.90 0.0232

March 15-30, 2020. Noticeable discrepancies occur at higher visibility
levels, with deviations between predictions and observations becoming
more pronounced in the 25-35 km range. In contrast, for moderate
visibility conditions (10-25 km), the predictions align more closely with
observations, demonstrating stable model performance. Collectively,
these results indicate that the model’s predictive performance requires
improvement under both low and high extreme visibility conditions.

3.2. PM estimation

3.2.1. Traditional methods

To characterize the humidity dependence of aerosol backscatter, RH
values were first binned at 2 % intervals, and within each bin we
computed the median /PM, PMy s, and PM;. These aggregated data
points were then subject to the multiple-regression scheme described in
Section 2.2.2. Fig. 6 presents the resulting scatter of 3/PM versus RH,
overlaid with the fitted regression curve. Notably, /PM exhibits an
exponential relationship with RH: it rises slowly when RH is below 80 %,

s~
3

1T UE
g.
g
0

20 40 60 80 100
RH (%)

Section 2.2.2. The color represents normalized data-point density. The R? values

but increases sharply once RH exceeds 80 %, reflecting aerosol deli-
quescence. This behavior aligns closely with the findings of Zieger et al.
[71], Won et al. [72]. However, notable differences in fitting perfor-
mance are observed between PMj 5 and PM;(. The PM; yields a higher
coefficient of determination than PM, s, as evidenced by its regression
curve more closely following the high—data—density regions, indicating a
superior model fit for coarse-mode aerosols. This can be attributed to the
1.5 pm lidar wavelength used in this study, which is more sensitive to
larger particles compared with traditional 905 nm ceilometers [73]. In
addition, the f/PMys exhibits a much stronger increase at high RH
values, suggesting that coarse-mode aerosols contribute more signifi-
cantly to light scattering through hygroscopic growth.

3.2.2. ML-driven methods

To benchmark against the ML methods, the regression equation
fitted in Section 3.2.1 was applied to the full dataset to compute PM
concentrations for every combination of RH and backscatter coefficient.
Table 3 presents the five-fold cross-validated performance metrics for
PM, 5 and PM;( prediction. Fig. 7's scatter plots further demonstrate that
LGB’s PMj 5 and PM; o predictions exhibit the fewest deviations from the
1:1 ideal line, underscoring its superior accuracy among the three
methods.

The error distributions in Fig. 7(g-i) present a complex view. While
SVR shows the highest concentration of residuals exactly at zero, its
error distribution is also the widest, indicating a higher frequency of
significant errors. A more definitive evaluation using the overall RMSE
across all data confirms the superior performance of LGB. For PMj 5 and
PM;9, LGB achieves the lowest RMSEs (6.14 and 12.30 pg/rn3), clearly
outperforming MLP (6.70 and 14.81 pg/m®) and SVR (7.95 and 18.02
pg/m3). This quantitative analysis solidifies LGB’s position as the most
accurate and reliable model for PM estimation, as its predictions have
the lowest overall error.

Table 4 compares the MAE for PM, 5 and PM;( estimations across
true concentration intervals using the multiple-regression scheme and
the three ML methods. The ML models consistently outperform the
multiple-regression approach, which incurs high MAEs of 10.08-63.30
pg/m> for PMys and 20.87-54.57 ug/m® for PMj,. Among the ML
models, LGB delivered the most dominant performance for PMs, s,
achieving the lowest test-set MAE in every concentration bin. The results
for PM;( were more varied: SVR performed best at low concentrations
(<50 pg/mg), MLP was most accurate at the highest concentrations
(>150 pg/m?), and LGB excelled in the intermediate ranges. Fig. 8's
time-series plots further illustrate this heterogeneous model perfor-
mance and confirm that estimation errors are larger at high PM con-
centrations, as evidenced by the performance of LGB and SVR.
Consistent with the findings for low-visibility conditions, this is likely
due to the limited number of high-pollution samples in the dataset. In
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sity estimates.

summary, all ML-based models markedly outperform the multiple-
regression scheme, with LGB delivering the most consistent gains in
accuracy and robustness, particularly for PM; 5 estimation.

3.3. Feature importance in ML-based estimation

To better understand the mechanisms driving model performance,
we analyzed the relative importance of input features in the LGB models
using the ’gain’ metric, which quantifies the improvement in the
model’s objective function from each feature. The results, shown in
Fig. 9, provide insight into the physical and statistical relevance of the
meteorological and lidar-derived variables for each estimation task.

For visibility estimation, p remains the most influential feature,
contributing 39.42 % to the model. This aligns with the physical

principle that visibility is primarily governed by aerosol scattering and
absorption, which are directly related to the backscatter signal [3]. RH
emerges as the second most important predictor (18.43 %), followed
closely by temperature (15.33 %). High RH enhances light scattering
through aerosol hygroscopic growth, while temperature can influence
atmospheric stability and the formation rate of secondary aerosols, both
of which impact visibility [74,75].

For PM; 5 concentration estimation, f is the most influential feature
at 23.25 %, indicating the model successfully learned a direct relation-
ship between the optical properties measured by the lidar and the mass
of fine particulate matter. The model also heavily depends on temporal
and meteorological inputs. The seasonal cycle, represented by Month -
cos (14.81 %), is the second most important feature, highlighting the
strong seasonal variations in PM; 5 driven by factors like winter heating
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Table 4
MAE comparison across PM ranges for Multiple-Regression, LGB, MLP, and SVR
methods in predicting PM Concentrations (Unit: pg/m®).

Setting ~ Model Dataset ~ PM, 5 concentrations ranges (ug/m>)
<20 20-60 60-100 >100
N = N = N = N =
2125) 5202) 329) 76)
PMy 5 Multiple- All 10.08 11.97 27.17 63.30
Regression
LGB Train 3.92 4.04 7.12 18.01
Test 4.49 4.60 8.85 23.16
MLP Train 4.38 4.72 7.99 20.58
Test 4.73 5.18 9.02 23.71
SVR Train 4.32 4.48 10.09 31.49
Test 5.37 5.38 11.94 34.36
Setting ~ Model Dataset ~ PM;, concentrations ranges (ug/m>)
<50 50-100 100-150 >150
N= N = N= N =
2860) 4003) 667) 202)
PM;o Multiple- All 20.87 27.95 31.41 54.57
Regression
LGB Train 6.78 6.87 13.35 22.55
Test 8.91 8.91 17.90 33.30
MLP Train 8.64 9.26 15.59 24.04
Test 10.58 11.04 18.73 31.82
SVR Train 7.04 8.33 20.03 58.18
Test 8.59 9.69 21.95 60.68

Note. The number of samples in each range is indicated below the column
headings.

----- PM, s Predicted ----- PM,, Predicted
x PM,,Residual

PM, 5 Residual
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and summertime photochemistry [76,77]. Atmospheric pressure (11.86
%) and RH (10.24 %) are also critical, as high-pressure systems often
lead to stable conditions that trap pollutants, and humidity is crucial for
secondary aerosol formation processes [78,79,80].

In the case of PM;q estimation, RH is the most dominant feature
(26.19 %) followed by p (18.92 %). This is consistent with our earlier
observation that /PM;, exhibits a stronger increase at high RH values
compared to #/PM; s, suggesting that coarse-mode aerosols contribute
more significantly to light scattering through hygroscopic growth.
Additionally, high humidity often indicates increased atmospheric sta-
bility and stagnant air, which inhibit the dispersion of pollutants and
lead to the accumulation of PM;q [81]. Furthermore, the model identi-
fied vertical wind speed as a more significant predictor for PM;( than for
PM, 5. This distinction underscores the different physical dynamics of
coarse versus fine particles. The PM; fraction often includes mechani-
cally generated particles that are more susceptible to gravitational
settling. Consequently, vertical air motions play a more critical role in
either maintaining the suspension of these larger particles or acceler-
ating their deposition [82]. The longer atmospheric residence time of
fine PM; 5 particles makes their concentrations comparatively less sen-
sitive to such immediate vertical wind fluctuations [1].

4. Discussion and conclusion

This study demonstrates the potential of Doppler wind lidar, when
combined with meteorological parameters, for estimating visibility and
particulate matter concentrations using both traditional and machine
learning approaches. Among all methods tested, ensemble tree-based
ML models, particularly Light Gradient Boosting, consistently out-
performed conventional regression techniques in atmospheric param-
eter estimation.

Quantitative assessment reveals that LGB achieves high accuracy in
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visibility prediction, with a test-set RMSE of 3.38 + 0.08 km and R? of
0.8508 + 0.0061, substantially exceeding the capabilities of traditional
logarithmic-linear transfer models. Similarly, for PM concentration
estimation, LGB yielded RMSE values of 7.02 + 0.37 pg/m® (R?
0.8254 + 0.0111) for PMys, and 15.32 + 0.91 pg/m® (R? = 0.8063 +
0.0143) for PMjg, outperforming conventional multiple regression
approaches.

Feature importance analysis reveals fundamental differences in the
physical mechanisms governing visibility and PM estimation. The
backscatter coefficient dominates visibility prediction (39.42 %), con-
firming that visibility is primarily determined by light scattering and
extinction processes directly measured through lidar backscatter. PM
estimation shows distinct patterns across particle sizes. For PMy s, the
backscatter coefficient is most important (23.25 %), with seasonal cycles
(Month_cos: 14.81 %) and atmospheric pressure (11.86 %) also
contributing significantly, reflecting seasonal pollution patterns and
meteorological trapping effects. For PM;o, RH dominates (26.19 %) as a
proxy for atmospheric stability conditions that promote coarse particle
accumulation, while § ranks second (18.92 %). Notably, vertical wind
speed is more important for PMjo than PMy s, reflecting the greater
susceptibility of coarse particles to gravitational settling and vertical
transport processes.

Despite the promising results, several limitations warrant consider-
ation. First, the model’s predictive accuracy diminishes under low-
visibility conditions and high PM concentration scenarios, highlighting
challenges in characterizing extreme events with limited representation
in the training dataset. Second, our approach primarily utilizes near-
surface lidar measurements, potentially overlooking the vertical distri-
bution of aerosols that may be crucial for understanding complex
pollution conditions. Third, since the models were developed and vali-
dated using data from a specific location in Hefei, China, their trans-
ferability to regions with different aerosol characteristics and
meteorological conditions requires further investigation. While this
study demonstrates the potential of Doppler wind lidar for visibility and
PM estimation at a single site, further research is needed to validate the
method across multiple sites and broader spatial scales. Fourth, while we
employed separate models for each target variable to ensure practical
applicability and enable fair comparison with traditional models, we
also explored a multi-task learning approach that jointly predicts all
three variables simultaneously. Drawing inspiration from recent ad-
vances in multi-task learning for air quality estimation [83], we devel-
oped and evaluated a multi-task LGB formulation to leverage the
inherent correlations among these atmospheric parameters. The multi-
task results, presented in Table S3 of the supplementary materials,
demonstrate comparable performance to individual models while of-
fering computational efficiency advantages. Specifically, the multi-task

10

model yielded slightly higher test RMSEs, with degradation of +1.8 %
for visibility (from 3.38 to 3.44 km), +6.1 % for PM; 5 (from 7.02 to
7.45 pg/m®), and +7.8 % for PM;o (from 15.32 to 16.52 pg/m?)
compared to the optimized single-task models. This minor reduction in
accuracy is balanced by the significant computational benefit of training
a single model instead of three, making the approach highly suitable for
operational applications.

In conclusion, this study demonstrates the feasibility and effective-
ness of integrating Doppler wind lidar data with meteorological pa-
rameters through machine learning techniques to achieve high-accuracy
estimation of visibility and PM concentrations. By repurposing existing
lidar infrastructure and implementing advanced data fusion methods,
we have developed a promising approach that addresses the limitations
of conventional point-based measurement systems. The methodology
established herein offers significant potential for practical applications
in air quality management, transportation safety, and urban planning,
particularly in regions with limited monitoring resources. Future
research will focus on incorporating vertical profile information,
expanding the training dataset to include more extreme events, vali-
dating the methodology across diverse atmospheric conditions, and
exploring additional data sources to further enhance retrieval
capabilities.
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