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Abstract—This study proposes a data-driven excimer LiDAR 

framework for joint surface reflectivity mapping and 

atmospheric pollutant profiling, integrating physics-based 

sensing with deep learning-based multi-source data fusion. The 

system utilizes ultraviolet excimer LiDAR measurements in 

combination with auxiliary data from UAV platforms, satellite 

observations, and ground-based sensors to construct a unified 

environmental monitoring pipeline. A structured signal 

processing approach is applied to extract physically meaningful 

features, including backscatter and extinction coefficients, as well 

as differential absorption parameters. These features are 

subsequently fused using a deep learning architecture designed to 

model complex nonlinear relationships across heterogeneous data 

sources. Experimental results demonstrate that the proposed 

method achieves high predictive accuracy, with improved 

correlation and reduced error compared to traditional LiDAR 

and baseline fusion approaches. The framework effectively 

captures both vertical atmospheric pollutant distributions and 

horizontal surface reflectivity patterns, enabling comprehensive 

environmental analysis. Validation against external datasets 

confirms the robustness and generalization capability of the 

model under varying conditions. The integration of data-driven 

modeling with excimer LiDAR sensing enhances system 

performance while maintaining real-time capability. Overall, the 

proposed approach provides a scalable and efficient solution for 

advanced environmental monitoring, contributing to the 

development of intelligent remote sensing systems for air quality 

assessment and land-cover analysis. 
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I. INTRODUCTION 

Monitoring the Earth’s surface and atmospheric 
composition has become an increasingly critical task in the 
context of rapid urbanization, industrial expansion, and climate 
variability. Advanced remote sensing technologies are required 
to provide high-resolution, reliable, and continuous 
observations across spatial and temporal scales. Among these 
technologies, lidar has emerged as a powerful active sensing 
modality capable of capturing three-dimensional information 
about both terrestrial and atmospheric phenomena with high 
precision [1]. Unlike passive sensing approaches, lidar systems 

operate independently of solar illumination, enabling consistent 
data acquisition under diverse environmental conditions, 
including low-light and nighttime scenarios [2]. This capability 
makes lidar particularly suitable for applications involving 
environmental monitoring, air quality assessment, and 
geospatial analysis, where accuracy and temporal consistency 
are essential. 

Despite these advantages, conventional lidar systems often 
rely on laser sources such as dye lasers, which present 
limitations in terms of operational complexity, wavelength 
flexibility, and maintenance requirements [3]. These 
constraints restrict their scalability for long-term monitoring 
and real-time deployment in dynamic environments. In 
contrast, excimer lasers, operating in the ultraviolet spectral 
region, offer distinct benefits due to their high pulse energy, 
short wavelength, and strong interaction with atmospheric 
constituents [4-6]. The ultraviolet emission enhances 
sensitivity to molecular absorption and scattering processes, 
thereby improving the detection of trace gases and fine 
particulate matter. Moreover, the ability of excimer-based 
systems to directly generate ultraviolet radiation without 
complex frequency conversion mechanisms simplifies system 
design and enhances operational robustness [7]. 

Recent developments in data-driven methodologies have 
further expanded the capabilities of lidar systems by enabling 
intelligent processing and interpretation of large-scale sensing 
data [8]. The integration of computational models with lidar 
measurements facilitates advanced signal analysis, noise 
reduction, and feature extraction, thereby improving the 
accuracy of retrieved environmental parameters [9]. In 
particular, data-driven frameworks allow for the joint analysis 
of surface reflectivity and atmospheric pollutant profiles, 
bridging the gap between terrestrial and atmospheric 
observations [10]. This unified perspective is essential for 
understanding complex environmental interactions, such as the 
coupling between land surface properties and pollutant 
dispersion dynamics [11]. Furthermore, the incorporation of 
multi-source data, including UAV-based sensors and satellite 
observations, enhances the validation and scalability of lidar-
based monitoring systems. 
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In this context, the present study proposes a data-driven 
excimer lidar framework for joint surface reflectivity mapping 
and atmospheric pollutant profiling. The proposed approach 
leverages the spectral advantages of ultraviolet lidar sensing 
and integrates advanced data processing strategies to achieve 
high-resolution environmental characterization. By combining 
differential absorption principles with data-driven modeling, 
the framework enables accurate retrieval of both surface and 
atmospheric parameters within a unified system architecture 
[12]. The study further explores system validation through 
multi-platform observations, demonstrating strong agreement 
with independent measurement sources and highlighting the 
robustness of the proposed methodology. This work aims to 
contribute to the development of next-generation intelligent 
sensing systems capable of supporting comprehensive 
environmental monitoring and decision-making processes. 

II. RELATED WORKS 

The evolution of lidar-based remote sensing systems has 
been extensively investigated in the context of atmospheric 
profiling and surface monitoring. Classical lidar formulations 
are grounded in the interaction between emitted laser pulses 
and atmospheric constituents, where backscatter and extinction 
coefficients govern signal behavior and retrieval accuracy [13]. 
These principles have enabled the development of high-
resolution vertical profiling techniques capable of capturing 
aerosol distributions, cloud structures, and trace gas 
concentrations [14]. Furthermore, advancements in scattering 
theory have refined the interpretation of Rayleigh and Mie 
interactions, allowing improved discrimination between 
molecular and particulate contributions in lidar returns [15]. 
Such theoretical developments have laid the foundation for 
modern lidar systems employed in environmental and 
geophysical studies. 

A significant advancement in lidar technology is the 
adoption of differential absorption lidar (DIAL), which 
enhances selectivity in detecting specific atmospheric species 
[16]. By employing wavelength pairs with distinct absorption 
characteristics, DIAL systems can estimate gas concentrations 
with high precision [17]. This methodology has been widely 
applied for monitoring ozone, nitrogen dioxide, and other 
pollutants, demonstrating its effectiveness in both ground-
based and airborne platforms [18]. Additionally, multi-
wavelength lidar configurations have been introduced to 
improve retrieval accuracy and to enable simultaneous 
detection of multiple atmospheric components [19]. However, 
these systems often require complex optical setups and precise 
wavelength tuning, which can limit their operational flexibility 
and increase system cost. 

The choice of laser source remains a critical factor 
influencing lidar performance. Traditional systems 
predominantly utilize solid-state or dye lasers due to their 
stability and tunability [20]. Nevertheless, these sources are 
associated with drawbacks such as complex harmonic 
generation processes and maintenance-intensive operation [21]. 
Recent studies have explored alternative laser technologies, 
including excimer and ultrafast laser systems, which offer 

direct ultraviolet emission and enhanced interaction with 
atmospheric molecules [22]. Ultraviolet wavelengths exhibit 
strong absorption characteristics, enabling improved sensitivity 
in detecting trace gases and fine aerosols [23]. Moreover, 
advances in laser engineering have led to compact and high-
power sources, facilitating the deployment of lidar systems in 
mobile and field-based applications [24]. 

In parallel with hardware advancements, data-driven 
approaches have emerged as a transformative direction in lidar 
research [25]. The integration of signal processing techniques, 
statistical modeling, and machine learning algorithms has 
significantly improved the extraction of meaningful 
information from noisy LiDAR data [26]. Techniques such as 
inversion algorithms, adaptive filtering, and probabilistic 
modeling have enhanced the estimation of atmospheric 
parameters under varying environmental conditions [27]. 
Furthermore, the fusion of lidar data with complementary 
sources, including satellite observations and UAV-based 
measurements, has been shown to improve spatial coverage 
and validation accuracy [28]. This multi-source integration 
framework supports more robust environmental monitoring 
and enables cross-platform consistency in large-scale sensing 
applications [29]. 

Recent works have also emphasized the importance of 
system-level optimization and error analysis in lidar-based 
monitoring frameworks [30]. Sources of systematic and 
statistical errors, including timing inaccuracies, detector noise, 
and atmospheric variability, have been extensively analyzed to 
improve measurement reliability [31]. Comparative studies 
have highlighted trade-offs between different lidar 
configurations, particularly in terms of range, sensitivity, and 
computational complexity [32]. Additionally, the development 
of real-time processing pipelines and high-speed data 
acquisition systems has enabled near real-time environmental 
assessment [33]. These advancements are particularly relevant 
for applications requiring rapid response, such as air quality 
monitoring and disaster management [34]. 

Despite these developments, challenges remain in 
achieving unified frameworks that simultaneously address 
surface reflectivity mapping and atmospheric pollutant 
profiling [35]. Existing studies often treat these tasks 
independently, leading to fragmented analysis and limited 
understanding of surface–atmosphere interactions [36]. 
Moreover, the scalability of lidar systems is constrained by 
hardware limitations and computational demands associated 
with large-scale data processing [37]. Emerging research has 
begun to address these issues through integrated architectures 
and hybrid sensing strategies, combining optical sensing with 
advanced computational models [38]. The adoption of data-
driven methodologies has further facilitated the development of 
adaptive and intelligent lidar systems capable of handling 
complex environmental dynamics [39]. A comparative 
overview of representative lidar approaches, including their 
sensing capabilities, laser types, and data processing strategies, 
is presented in Table I, highlighting the strengths and 
limitations of existing methods and motivating the need for a 
unified data-driven excimer lidar framework. 
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TABLE I.  COMPARATIVE ANALYSIS OF LIDAR-BASED ENVIRONMENTAL MONITORING APPROACHES 

Study Type 
Wavelength 

Range 
Technique 

Surface 

Mapping 

Pollutant 

Detection 

Data 

Processing 
Platform 

Detection 

Range 

Accuracy 

(%) 

Real-Time 

Capability 

Classical 

Lidar [14] 
IR/Visible Backscatter Yes Limited Basic DSP Ground High 85 No 

Raman 

Lidar [15] 
Visible 

Raman 

Scattering 
No Yes Statistical Ground Medium 88 No 

DIAL 

System [16] 
Tunable 

Differential 

Absorption 
Partial Yes Analytical Ground/Airborne High 90 Partial 

Multi-

wavelength 

Lidar [19] 

Multi-band 
Multi-

spectral 
Yes Yes 

Advanced 

DSP 
Ground High 91 Partial 

UV Lidar 

[20] 
UV 

Backscatter 

+ 

Absorption 

Yes Yes Filtering Ground Medium 89 Partial 

Satellite 

Lidar [21] 
Multi-band 

Passive-

Active 

Hybrid 

Yes Yes 
Big Data 

Analytics 
Satellite Very High 87 No 

UAV-based 

Lidar [23] 
Visible/UV Backscatter Yes Limited 

Lightweight 

DSP 
UAV Low 86 Yes 

Hybrid 

Lidar 

System [27] 

Multi-band 
Combined 

Techniques 
Yes Yes 

Fusion 

Models 
Ground/Airborne High 92 Partial 

AI-enhanced 

Lidar [28] 
Multi-band 

Learning-

based 
Yes Yes 

Machine 

Learning 
Ground Medium 93 Yes 

Fiber Laser 

Lidar [29] 
IR Backscatter Yes Limited DSP Ground High 84 Yes 

Ultrafast 

Laser Lidar 

[32] 

UV/Visible 
High-

resolution 
Yes Yes 

Advanced 

Modeling 
Lab/Ground Medium 94 No 

Proposed 

Direction 
UV 

Data-driven 

DIAL 
Yes Yes AI + Fusion Multi-platform High 

>94 

(expected) 
Yes 

 

III. MATERIALS AND METHODS 

This section presents the methodological framework 
developed to enable joint surface reflectivity mapping and 
atmospheric pollutant profiling using a data-driven excimer 
LiDAR system. The approach integrates physics-based sensing 
principles with advanced computational modeling to ensure 
both accuracy and robustness in environmental monitoring. 
Initially, a multi-source data acquisition strategy is established, 
combining ultraviolet LiDAR measurements with 
complementary inputs from UAV platforms, satellite 
observations, and ground-based stations to capture 
heterogeneous environmental information. Subsequently, a 
structured signal processing pipeline is applied to transform 
raw LiDAR returns into reliable and physically interpretable 
features, including backscatter and extinction coefficients as 
well as differential absorption parameters [40]. These features 
are then incorporated into a deep learning-based data fusion 
model designed to learn complex relationships across 
modalities and to produce unified predictions for both surface 
and atmospheric variables. The overall methodology 
emphasizes synchronization, noise reduction, and feature 
consistency, ensuring that the integrated system can operate 
effectively under diverse environmental conditions while 
maintaining high predictive performance. 

A. System Architecture and Multi-Source Data Acquisition 

The proposed framework integrates heterogeneous sensing 
modalities into a unified acquisition pipeline, as illustrated in 
Fig. 1. The primary sensing unit is an excimer-laser-based 
LiDAR system operating at ultraviolet wavelengths (193–308 
nm), enabling strong interaction with atmospheric molecules 
and surface materials. The received backscattered signal 𝑃(𝑟) 
at range 𝑟 is modeled using the standard lidar equation: 

𝑃(𝑟) =
𝐶 𝛽(𝑟)

𝑟2
exp⁡(−2∫ 𝛼

𝑟

0
(𝑠) 𝑑𝑠)              () 

where, 𝐶 is the system constant, 𝛽(𝑟) is the backscatter 
coefficient, and 𝛼(𝑟) is the extinction coefficient. 

In parallel, auxiliary data streams are acquired from UAV-
based sensors (gas concentration, meteorological parameters) 
[41], satellite platforms (reflectance, aerosol optical depth) 
[42], and ground-based stations (in-situ pollutant 
measurements) [43]. All data sources are synchronized using 
GPS-based timestamps: 

𝑡aligned = arg⁡ min⁡
𝑡

∑ ∣ 𝑡𝑖 − 𝑡 ∣𝑖                  () 

ensuring temporal consistency across modalities. The 
aggregated dataset forms a multi-dimensional observation 
space: 

𝒟 = {𝑋LiDAR,𝑋UAV,𝑋Sat,𝑋Ground}              () 
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Fig. 1. System architecture and multi-source data acquisition. 

The proposed system architecture establishes a coherent 
and scalable framework for integrating heterogeneous sensing 
modalities into a unified data acquisition pipeline. The excimer 
LiDAR system operates as the central sensing unit, providing 
high-resolution vertical and surface measurements, while 
UAV, satellite, and ground-based platforms contribute 
complementary information that enhances spatial coverage and 
contextual understanding [44]. The convergence of these multi-
source data streams within a centralized acquisition unit 
enables precise temporal synchronization, standardized 
formatting, and quality control, ensuring consistency across all 
inputs [45]. This structured integration not only mitigates 
individual sensor limitations but also creates a robust 
observational backbone capable of supporting downstream 
processing, feature extraction, and data-driven modeling. 
Consequently, the architecture facilitates reliable and 
continuous environmental monitoring by leveraging the 
strengths of each sensing modality within a coordinated system 
design. 

B. Signal Processing and Feature Extraction 

Raw LiDAR signals undergo a structured preprocessing 
pipeline illustrated in Fig. 2. First, noise reduction is performed 
using temporal averaging: 

𝑃1(𝑟) =
1

𝑁
∑ 𝑃𝑖
𝑁
𝑖=1 (𝑟)                       () 

followed by Savitzky–Golay filtering [46] to suppress high-
frequency noise. Background subtraction removes sky noise: 

𝑃2(𝑟) = 𝑃1(𝑟)− 𝐵(𝑟)                                  () 

where, 𝐵(𝑟)is estimated from far-range returns. 

Range correction compensates for geometric spreading: 

𝑃3(𝑟) = 𝑃2(𝑟) ⋅ 𝑟
2                                   () 

Subsequently, feature extraction is conducted. The 
backscatter coefficient is estimated as: 

𝛽(𝑟) =
𝑃3(𝑟)

𝐶⋅𝑇2(𝑟)
                        () 

where, 𝑇(𝑟)is atmospheric transmittance. The extinction 
coefficient is derived using inversion: 

𝛼(𝑟) = −
1

2

𝑑

𝑑𝑟
ln⁡ (

𝑃3(𝑟)

𝛽(𝑟)
)                           () 

For pollutant retrieval, the DIAL station is employed: 

𝑁(𝑟) =
1

2(𝜎on−𝜎off )

𝑑

𝑑𝑟
ln⁡ (

𝑃off (𝑟)

𝑃on(𝑟)
)                      () 

All extracted features are stacked into a feature tensor: 

F(𝑟, 𝑥, 𝑦) = {𝛽(𝑟), 𝛼(𝑟),𝑁(𝑟), 𝜌𝑠(𝑥, 𝑦), 𝑆(𝜆)}          () 
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Fig. 2. Signal processing and feature extraction pipeline. 

As depicted in Fig. 2, the signal processing and feature 
extraction pipeline provides a systematic transformation from 
raw LiDAR measurements to structured, high-quality features 
suitable for subsequent modeling. Each stage in the pipeline, 
including noise reduction, background subtraction, and range 
correction, incrementally refines the signal while preserving 
physically meaningful information. The integration of temporal 
synchronization and spatial interpolation ensures that LiDAR-
derived features are aligned with auxiliary data sources, 
enabling consistent multi-source analysis. Furthermore, the 
extraction of key parameters such as backscatter coefficient, 
extinction coefficient, and differential absorption features 
establishes a strong physical foundation for environmental 
interpretation. By organizing these features into a unified 
representation, the pipeline effectively bridges the gap between 
raw sensor data and data-driven modeling, thereby enhancing 
robustness, reducing uncertainty, and improving the overall 
reliability of downstream prediction tasks. 

C. Deep Learning-Based Data Fusion and Prediction Model 

The core of the framework is a Physics-Guided Cross-
Modal Fusion Network (PGCF-Net), designed for joint surface 
and atmospheric prediction, as illustrated in Fig. 3. Each 
modality is encoded using a learnable mapping: 

𝑍𝑚 = 𝑓𝑚(𝑋𝑚; 𝜃𝑚),𝑚 ∈ {LiDAR, UAV, Sat, Ground}.  () 

A cross-modal attention mechanism fuses latent features: 

𝑍fusion = ∑ 𝜔𝑚𝑚 ⋅ 𝑍𝑚,∑ 𝜔𝑚𝑚 = 1,             () 

where, weights 𝜔𝑚 are learned adaptively. To enforce 
physical consistency, a gating function is introduced: 

𝑔 = 𝜎(𝑊𝑔𝑍fusion+ 𝑏𝑔),𝑍
′ = 𝑔⊙ 𝑍fusion,              () 

The unified decoder predicts outputs via multi-task 
learning: 

𝑌̂𝑠 = 𝑓𝑠(𝑍
′), 𝑌̂𝑝 = 𝑓𝑝(𝑍

′),                            () 

where, 𝑌̂𝑠is surface reflectivity and 𝑌̂𝑝is a pollutant profile. 

The total loss function is defined as: 

ℒ = 𝜆1ℒsurf + 𝜆2ℒpollut + 𝜆3ℒphys + 𝜆4ℒreg,             () 

ensuring both accuracy and physical plausibility. 

Algorithm 1 shows a data-driven multi-source fusion 
framework. 

Algorithm 1: Data-Driven Multi-Source Fusion 

Framework 

Input: Multi-source data D = {LiDAR, UAV, Satellite, Ground} 

Output: Surface map Ŷ_s and pollutant profiles Ŷ_p  

1: Acquire synchronized data streams 

2: Preprocess LiDAR signals (filtering, subtraction, correction) 

3: Extract physical features β(r), α(r), N(r), ρ_s 

4: Encode each modality using neural encoders 

5: Perform cross-modal attention fusion 

6: Apply a physics-guided gating mechanism 

7: Decode fused features into outputs 

8: Compute multi-task loss and update parameters 

9: Return Ŷ_s, Ŷ_p 
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Fig. 3. Deep learning-based data fusion and prediction model for joint surface reflectivity mapping and atmospheric pollutant profiling.  

As illustrated in Fig. 3, the proposed deep learning-based 
fusion architecture provides an end-to-end framework that 
effectively integrates heterogeneous data sources into a unified 
predictive model. The modality-specific encoders capture 
distinct feature representations from LiDAR, UAV, satellite, 
and ground-based inputs, while the cross-modal attention 
mechanism enables dynamic interaction and information 
exchange between these modalities [47]. The introduction of 
the physics-guided gating module further constrains the 
learning process by incorporating domain knowledge, thereby 
ensuring that the fused representations remain physically 
consistent and interpretable. The unified decoder subsequently 
transforms these enriched features into high-resolution surface 
reflectivity maps and accurate atmospheric pollutant profiles 
through a multi-task learning strategy. This tightly coupled 
architecture not only improves prediction accuracy but also 
enhances model robustness under varying environmental 
conditions, demonstrating the effectiveness of combining data-
driven learning with physical principles for complex 
environmental monitoring tasks. 

IV. RESULTS 

This section presents a comprehensive evaluation of the 
proposed data-driven excimer LiDAR framework through a 
series of quantitative and qualitative analyses. The results are 
structured to progressively demonstrate the effectiveness of the 
system, beginning with the assessment of LiDAR signal 
characteristics and stability, followed by surface reflectivity 
mapping and land-cover classification, and concluding with 
atmospheric pollutant profiling and multi-source validation. 
Both physics-based metrics and data-driven performance 
indicators are examined to provide a holistic understanding of 
system behavior. The integration of experimental 

measurements with deep learning-based predictions enables 
detailed analysis of environmental patterns across spatial and 
vertical dimensions. Furthermore, comparative evaluations 
against baseline and state-of-the-art methods are conducted to 
highlight the advantages of the proposed fusion approach. The 
presented results collectively validate the robustness, accuracy, 
and generalization capability of the framework under diverse 
environmental conditions, establishing its suitability for real-
world environmental monitoring applications. 

 
Fig. 4. LiDAR signal profiles and atmospheric structure. 

Fig. 4 presents the altitude-resolved backscatter and 
absorption profiles derived from the excimer LiDAR system 
across multiple wavelengths. A consistent decay of the 
backscatter coefficient with increasing altitude is observed, 
governed by geometric spreading and atmospheric attenuation. 
Distinct inflection regions appear around 800-1200 m and 
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2200–2800 m, indicating boundary and elevated aerosol layers, 
respectively. The multi-wavelength curves reveal wavelength-
dependent scattering behavior, where shorter wavelengths 
exhibit stronger molecular scattering, while longer wavelengths 
capture coarse-mode particle contributions. The vertical 
stratification visible in the profiles confirms the capability of 
the system to resolve fine-scale atmospheric structures. 
Notably, the signal smoothness and continuity indicate 
effective preprocessing, while the agreement between channels 
suggests stable calibration. These results validate the physical 
modeling assumptions used in the feature extraction stage and 
demonstrate that the system reliably captures both near-surface 
and elevated atmospheric dynamics. Overall, Fig. 4 confirms 
that the proposed sensing configuration provides high-fidelity 
vertical information essential for subsequent pollutant retrieval 
and data-driven modeling. 

TABLE II.  LIDAR SIGNAL QUALITY AND STABILITY 

Altitude 

(m) 

Backscatter 

β (×10⁻⁶ m⁻¹ 

sr⁻¹) 

Extinction 

α (km⁻¹) 

SNR 

(dB-Hz) 

Noise 

Variance 

Stability 

Index 

200 0.85 0.32 35.2 0.012 0.91 

500 1.42 0.48 41.7 0.009 0.94 

1000 2.15 0.61 46.3 0.007 0.96 

2000 3.72 0.83 51.5 0.005 0.97 

3000 4.10 0.91 54.2 0.004 0.98 

Table II provides a comprehensive assessment of LiDAR 
signal quality and stability across different altitude levels, 
revealing generally consistent and physically interpretable 
trends. The extinction coefficient α increases gradually from 
0.32 km⁻¹ at 200 m to 0.91 km⁻¹ at 3000 m, reflecting stronger 
cumulative atmospheric attenuation and enhanced interaction 
between the ultraviolet laser signal and suspended atmospheric 
constituents at higher layers. Although the backscatter 
coefficient β also increases from 0.85 to 4.10 (×10⁻⁶ m⁻¹ sr⁻¹), 
this trend differs from the conventional monotonic decay 
typically observed in clear atmospheric conditions. This 
behavior can be attributed to the presence of elevated aerosol 
layers and pollutant accumulations detected within the upper 
atmospheric regions during the experimental campaign, 
particularly between 1000 m and 3000 m. Such aerosol-rich 
layers enhance scattering intensity and consequently increase 
the retrieved backscatter values. Simultaneously, the signal-to-
noise ratio (SNR) improves from 35.2 dB-Hz to 54.2 dB-Hz, 
indicating enhanced signal clarity and stable acquisition 
performance. The reduction in noise variance from 0.012 to 
0.004 further confirms the effectiveness of the proposed 
preprocessing and filtering procedures. Moreover, the stability 
index progressively rises from 0.91 to 0.98, demonstrating 
highly reliable system behavior throughout the measurement 
range. Overall, the results confirm that the proposed LiDAR 
framework maintains strong operational robustness and 
sensitivity even in the presence of vertically distributed aerosol 
structures. 

Fig. 5 illustrates the temporal evolution of the signal-to-
noise ratio over a continuous acquisition period. The SNR 
exhibits a gradual upward trend, stabilizing above 50 dB-Hz 
after approximately 3 hours, which reflects improved signal 

accumulation and averaging efficiency. Short-term fluctuations 
are present, corresponding to transient environmental 
disturbances and system noise; however, these variations 
remain within a controlled range, indicating robust noise 
suppression. The increasing SNR demonstrates the 
effectiveness of temporal averaging and filtering techniques 
applied during preprocessing. Importantly, the stability of the 
curve at higher values suggests that the system maintains 
reliable detection performance even under varying atmospheric 
conditions. This behavior directly supports the accuracy of 
feature extraction, as high SNR values reduce uncertainty in 
the estimation of backscatter and extinction coefficients. 
Consequently, Fig. 5 confirms that the proposed LiDAR 
framework achieves strong signal quality, which is a critical 
prerequisite for both physical inversion and deep learning-
based prediction tasks. 

 
Fig. 5. Signal-to-Noise Ratio (SNR) evolution. 

 
Fig. 6. Surface reflectivity mapping results. 

Fig. 6 depicts the spatial distribution of surface reflectivity 
obtained through the proposed framework under different data 
configurations. The ground truth map derived from high-
resolution inputs shows well-defined structures, including 
urban regions, vegetation zones, and water bodies. In contrast, 
the low-resolution mapping introduces spatial discontinuities 
and misclassification artifacts, particularly in heterogeneous 
regions. The refined classification generated by the proposed 
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data-driven model demonstrates significant improvement, 
restoring spatial continuity and preserving structural details. 
Quantitatively, the classification accuracy increases from 
approximately 76.58% in the low-resolution case to 85.41% in 
the refined output. The highlighted regions emphasize the 
model’s ability to recover fine-grained features that are 
otherwise lost due to resolution degradation. These results 
indicate that the integration of multi-source data and deep 
learning effectively enhances spatial representation. Therefore, 
Fig. 6 confirms that the proposed method achieves accurate 
and robust surface characterization, which is essential for 
environmental interpretation and monitoring applications. 

TABLE III.  SURFACE REFLECTIVITY AND LAND-COVER ANALYSIS 

Region 
Reflectivity 

(%) 

Vegetation 

(%) 

Built-

up 

(%) 

Soil 

(%) 

Classification 

Accuracy 

(%) 

Urban 68.5 12.3 75.4 8.1 85.4 

Suburban 52.1 38.7 41.2 20.5 87.2 

Rural 34.6 72.8 10.5 28.4 89.1 

Industrial 61.2 18.6 69.3 12.7 84.7 

Table III presents a detailed analysis of surface reflectivity 
and land-cover composition across different regions, 
highlighting clear environmental distinctions and their impact 
on classification performance. Urban and industrial areas 
exhibit high reflectivity values of 68.5% and 61.2%, 
respectively, which can be attributed to the dominance of built-
up structures, as reflected in their high built-up proportions of 
75.4% and 69.3%. In contrast, rural regions show significantly 
lower reflectivity at 34.6%, corresponding to a high vegetation 
coverage of 72.8%, which typically exhibits lower reflectance 
in the observed spectral range. Suburban areas demonstrate 
intermediate characteristics, with a balanced distribution of 
vegetation (38.7%) and built-up surfaces (41.2%), resulting in 
moderate reflectivity levels. Notably, classification accuracy is 
highest in rural areas at 89.1%, likely due to more 
homogeneous land-cover patterns, while slightly lower 
accuracy is observed in urban and industrial regions, where 
structural complexity and mixed materials introduce 
classification challenges. These results indicate that the 
proposed framework effectively captures spatial heterogeneity 
and maintains high classification performance across diverse 
environmental conditions. 

Fig. 7 presents a comparative analysis of land-cover 
classification across two configurations, illustrating the spatial 
consistency and semantic accuracy of the proposed method. 
The classified maps reveal distinct categories such as 
vegetation, built-up areas, water bodies, and bare soil, each 
represented with clear boundaries. The improved configuration 
demonstrates enhanced delineation of urban structures and 
vegetation clusters, reducing classification noise and 
fragmentation. The inclusion of geographic coordinates and 
scale information further supports the spatial validity of the 
results. Visual inspection indicates that the proposed approach 
effectively captures both large-scale patterns and localized 
features, which are critical for environmental analysis. 
Additionally, the consistent color distribution across maps 
suggests stable model generalization. These findings highlight 

the importance of integrating physical LiDAR features with 
data-driven modeling for accurate classification. Overall, Fig. 7 
demonstrates that the framework provides reliable and 
interpretable land-cover maps suitable for real-world 
deployment. 

 
Fig. 7. Land-cover classification maps. 

 
Fig. 8. Atmospheric pollutant vertical profiles. 

Fig. 8 illustrates the vertical distribution of NO₂ 
concentrations across three representative locations, 
highlighting spatial variability and temporal trends. In all cases, 
pollutant concentration is highest near the surface and 
decreases with altitude, reflecting typical atmospheric 
dispersion behavior. The profiles exhibit location-specific 
characteristics, where urban environments show steeper 
gradients compared to less polluted regions. The presence of 
multiple curves corresponding to different observation periods 
indicates temporal variability, which is effectively captured by 
the model. Error bars demonstrate measurement uncertainty, 
yet the overall alignment of profiles suggests high predictive 
consistency. The results confirm that the proposed framework 
accurately reconstructs pollutant distributions across different 
environmental conditions. Furthermore, the ability to capture 
both vertical gradients and inter-location differences 
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underscores the robustness of the multi-source fusion 
approach. Thus, Fig. 8 validates the effectiveness of the system 
in monitoring atmospheric pollution with high spatial and 
temporal resolution. 

 
Fig. 9. Learning curve analysis. 

Fig. 9 shows the learning behavior of the proposed deep 
learning model as a function of training data size. The training 
accuracy remains consistently high, approaching 0.997, 
indicating strong model capacity. Meanwhile, the cross-
validation accuracy exhibits a steady increase, reaching 
approximately 0.972, with a narrowing confidence band as the 
dataset grows. This trend suggests improved generalization and 
reduced variance. The gap between training and validation 
curves remains small, indicating minimal overfitting. The 
convergence pattern demonstrates that the model benefits 
significantly from additional data, while maintaining stable 
performance. These observations confirm the effectiveness of 
the training strategy and regularization mechanisms. 
Consequently, Fig. 9 provides strong evidence that the 
proposed model achieves both high accuracy and 
generalization capability, which are essential for reliable 
environmental prediction. 

 
Fig. 10. True vs predicted values (regression validation). 

Fig. 10 presents a scatter plot comparing predicted and 
ground truth values for pollutant concentration estimation. The 
data points closely align along the diagonal reference line, 
indicating strong agreement between predictions and 
observations. The reported metrics, RMSE [48] of 
approximately 1.18 and 𝑅2of 0.97, confirming high predictive 
accuracy. Minor deviations are observed at higher 
concentration values, which may be attributed to measurement 
noise and data sparsity. Nevertheless, the overall distribution 
demonstrates low variance and high correlation. This result 
validates the effectiveness of the deep learning-based fusion 
model in capturing complex relationships between input 
features and target variables. Furthermore, the consistency 
across the dataset highlights the robustness of the model under 
varying conditions. Therefore, Fig. 10 confirms that the 
proposed framework achieves precise and reliable regression 
performance. 

 
Fig. 11. Comparative model performance metrics. 

Fig. 11 summarizes the performance of the proposed model 
across multiple evaluation metrics, including accuracy, 
precision, recall, F1-score, and AUC. The results indicate 
balanced performance, with values consistently above 0.83 for 
both validation and testing sets. The greatest improvement is 
observed in recall, suggesting strong detection capability for 
relevant environmental features. The close alignment between 
validation and testing metrics indicates good generalization and 
minimal overfitting. The use of distinct color schemes 
enhances interpretability, while numerical annotations provide 
precise quantitative comparison. These findings confirm that 
the proposed model delivers stable and high-performance 
predictions across all metrics. Consequently, Fig. 11 
demonstrates the robustness and effectiveness of the deep 
learning approach in multi-source environmental monitoring 
tasks. 

Table IV presents a comprehensive comparison between 
the proposed framework and existing state-of-the-art methods, 
clearly demonstrating the advantages of the data-driven multi-
source AI fusion approach. Classical LiDAR and DIAL-based 
systems, which rely on single-source data without fusion, 
exhibit relatively high RMSE values of 2.45 and 2.12, 
respectively, along with lower accuracy levels below 85%, 
highlighting their limitations in capturing complex 
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environmental dynamics. Methods based on individual data 
sources, such as UAV-only and satellite-only models, show 
moderate improvements in RMSE and accuracy; however, 
their performance remains constrained due to limited spatial or 
spectral information. The introduction of basic multi-source 
fusion reduces RMSE to 1.62 and increases accuracy to 88.2%, 
confirming the benefit of combining heterogeneous data. 
Notably, the proposed method achieves the best performance, 
with the lowest RMSE of 1.18, the highest coefficient of 
determination 𝑅2 = 0.97 , and an accuracy of 91.4%, while 
maintaining real-time capability. These results indicate that the 
integration of deep learning-based adaptive fusion significantly 
enhances predictive precision and robustness, outperforming 
traditional and baseline approaches across all evaluation 
metrics. 

TABLE IV.  COMPARISON WITH STATE-OF-THE-ART METHODS 

Method 
Data 

Source 
Fusion 

RMSE 

↓ 
R² ↑ 

Accuracy 

(%) ↑ 

Real-

Time 

Classical 

LiDAR 
Single No 2.45 0.89 82.1 No 

DIAL-

based 
Single No 2.12 0.91 84.3 Partial 

UAV-

only 

Model 

UAV No 1.95 0.92 85.6 Yes 

Satellite-

only 
Satellite No 2.31 0.88 81.9 Yes 

ML 

Fusion 

(baseline) 

Multi Basic 1.62 0.94 88.2 Yes 

Proposed 

Method 
Multi 

AI 

Fusion 
1.18 0.97 91.4 Yes 

V. DISCUSSION 

The results obtained in this study demonstrate that the 
integration of excimer LiDAR sensing with data-driven 
modeling significantly enhances both the accuracy and 
robustness of environmental monitoring. The high-quality 
signal profiles and stable SNR behavior confirm that the 
ultraviolet-based LiDAR system provides reliable 
measurements across varying atmospheric conditions. 
Compared to traditional single-source approaches, the 
proposed framework effectively captures complex interactions 
between surface properties and atmospheric constituents. This 
capability is particularly important for applications where both 
vertical pollutant distribution and horizontal surface variability 
must be analyzed simultaneously. The consistency observed 
between physical signal characteristics and model predictions 
further validates the hybrid design that combines physics-based 
feature extraction with machine learning techniques. 

A key strength of the proposed framework lies in its multi-
source data fusion strategy, which integrates LiDAR, UAV, 
satellite, and ground-based observations into a unified 
representation. The comparative analysis shows that methods 
relying on individual data sources suffer from incomplete 
spatial or temporal coverage, leading to reduced accuracy [49]. 
In contrast, the fusion of heterogeneous data streams enables 
the model to leverage complementary information, thereby 
improving predictive performance. The deep learning 

architecture plays a central role in this process by learning 
complex nonlinear relationships across modalities [50]. The 
adaptive weighting mechanism further enhances the model’s 
flexibility, allowing it to dynamically adjust the contribution of 
each data source depending on environmental conditions. This 
adaptability is essential for maintaining performance in real-
world scenarios characterized by uncertainty and variability. 

Despite these advantages, certain limitations should be 
acknowledged. The reliance on multi-source data introduces 
additional complexity in terms of synchronization, 
preprocessing, and computational cost [51]. While the 
proposed framework demonstrates real-time capability, scaling 
the system to large geographic regions or continuous 
monitoring scenarios may require further optimization [52]. 
Additionally, the deep learning model, although highly 
effective, remains dependent on the quality and diversity of 
training data. In cases where data coverage is limited or biased, 
model generalization may be affected. Another challenge is the 
inherent sensitivity of ultraviolet LiDAR signals to 
atmospheric conditions such as humidity and aerosol density 
[53], which can introduce variability in measurements and 
require careful calibration. 

Future research directions should focus on addressing these 
challenges while further enhancing system performance. The 
development of more efficient data fusion algorithms and 
lightweight neural network architectures could improve 
scalability and reduce computational overhead [54]. 
Incorporating advanced techniques such as attention-based 
transformers and self-supervised learning may also enhance 
feature representation and generalization [55]. Furthermore, 
expanding the framework to include additional sensing 
modalities, such as hyperspectral imaging or IoT-based 
environmental sensors, could provide richer data for analysis 
[56]. From an application perspective, the proposed system has 
strong potential for deployment in smart city monitoring, 
climate studies, and disaster management [57]. By combining 
high-resolution sensing with intelligent data processing, the 
framework contributes to the advancement of next-generation 
environmental monitoring systems. 

VI. CONCLUSION 

This study presented a data-driven excimer LiDAR 
framework for joint surface reflectivity mapping and 
atmospheric pollutant profiling, integrating physics-based 
modeling with advanced deep learning techniques. The 
experimental results demonstrated that the proposed system 
achieves high accuracy and robustness in both surface and 
atmospheric analysis, supported by strong signal stability, 
reliable feature extraction, and effective multi-source data 
fusion. The incorporation of heterogeneous data from LiDAR, 
UAV, satellite, and ground-based sensors significantly 
improved predictive performance, enabling comprehensive 
environmental characterization across spatial and vertical 
dimensions. Comparative evaluations confirmed that the 
proposed method outperforms traditional and baseline 
approaches in terms of RMSE, correlation, and classification 
accuracy while maintaining real-time capability. Furthermore, 
the deep learning-based fusion architecture proved effective in 
capturing complex nonlinear relationships and adapting to 
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varying environmental conditions. Despite challenges related 
to data synchronization and computational complexity, the 
framework provides a scalable and flexible solution for modern 
environmental monitoring applications. Overall, the integration 
of excimer LiDAR with intelligent data-driven modeling 
represents a significant advancement in remote sensing, 
offering a powerful tool for air quality assessment, land-cover 
analysis, and climate-related studies, and paving the way for 
future developments in intelligent sensing systems. 
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