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Abstract—This study proposes a deep learning-enhanced 

excimer laser LiDAR framework for high-resolution Earth 

surface monitoring through the integration of multi-platform 

data sources, including UAV measurements, satellite imagery, 

and ground-based observations. The study introduces 

LiDARFormer-Net, a transformer-based architecture designed 

to effectively capture complex spatial, spectral, and atmospheric 

dependencies using multi-head attention and cross-platform data 

fusion mechanisms. The preprocessing pipeline ensures noise 

reduction, calibration, and alignment of heterogeneous data, 

while the feature extraction stage derives informative 

representations such as backscatter, absorption, spectral, and 

surface characteristics. Experimental results demonstrate that 

the proposed model significantly outperforms conventional and 

state-of-the-art approaches, achieving an accuracy of 97.32%, an 

RMSE of 0.053, an MAE of 0.042, and a coefficient of 

determination of 0.983. The model also produces high-quality 

surface maps and accurate pollutant concentration profiles, 

validated through strong correlations with UAV, satellite, and 

ground truth data. Ablation analysis confirms the critical role of 

transformer-based encoding and multi-platform fusion in 

enhancing performance. The findings highlight the robustness, 

scalability, and effectiveness of the proposed framework for 

advanced environmental monitoring applications. This work 

contributes a novel and reliable approach to intelligent remote 

sensing, enabling precise Earth observation in complex and 

dynamic environments. 
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I. INTRODUCTION 

Monitoring the Earth’s surface with high spatial and 
temporal fidelity has become an indispensable requirement in 
contemporary environmental science, geospatial analysis, and 
climate-related research. Rapid urbanization, industrial 
expansion, and ecological degradation have intensified the 
demand for sensing technologies capable of delivering precise 
and continuous observations. Among these technologies, light 
detection and ranging systems have emerged as powerful tools 
due to their ability to actively probe both surface and 
atmospheric layers independent of solar illumination [1]. 

Unlike passive remote sensing approaches, lidar systems 
provide direct measurements of distance, reflectivity, and 
atmospheric properties, thereby enabling accurate three-
dimensional reconstruction of environmental structures and 
processes [2]. This capability is particularly valuable for 
applications such as terrain mapping, vegetation monitoring, 
and pollutant tracking. 

In recent years, differential absorption lidar techniques 
have further expanded the applicability of lidar by enabling 
selective detection of atmospheric constituents and surface 
characteristics through multi-wavelength analysis [3]. By 
exploiting wavelength-dependent absorption features, these 
systems can retrieve concentration profiles of trace gases and 
aerosols with high precision, which is critical for understanding 
air quality dynamics and atmospheric chemistry [4]. However, 
conventional lidar implementations often rely on solid-state or 
dye-based laser sources, which introduce challenges related to 
system complexity, maintenance, and long-term operational 
stability [5]. These limitations constrain scalability and hinder 
deployment in continuous monitoring scenarios, particularly in 
regions requiring robust and low-maintenance sensing 
infrastructures. 

Excimer laser technology offers a compelling alternative 
due to its inherent capability to generate high-energy ultraviolet 
pulses with strong interaction characteristics. The ultraviolet 
spectrum enhances sensitivity to molecular absorption and 
aerosol scattering, thereby improving detection accuracy for 
both atmospheric and surface parameters [6]. Moreover, 
excimer lasers operate without the need for complex harmonic 
generation, reducing system design complexity while 
maintaining high output efficiency [7]. Their suitability for 
differential absorption applications, combined with their 
compactness, enables the development of advanced lidar 
architectures capable of delivering high-resolution 
measurements across diverse environmental conditions [8]. 
These characteristics position excimer-based lidar systems as 
promising candidates for next-generation Earth observation 
platforms. 

Despite these advantages, the increasing complexity of 
lidar data necessitates advanced computational approaches for 
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efficient signal interpretation and noise reduction. Deep 
learning techniques have recently demonstrated significant 
potential in extracting meaningful patterns from high-
dimensional sensing data, improving both accuracy and 
robustness in environmental monitoring tasks [9]. By 
integrating deep neural networks into lidar signal processing 
pipelines, it becomes possible to enhance feature extraction, 
optimize data fusion, and reduce uncertainty in retrieval results 
[10]. Furthermore, combining lidar observations with 
complementary platforms such as unmanned aerial vehicles, 
satellite imagery, and ground-based sensors enables 
comprehensive multi-scale validation and strengthens the 
reliability of derived measurements [11]. In this context, the 
present study proposes a deep learning-enhanced excimer laser 
lidar system designed to achieve high-resolution Earth surface 
monitoring with rigorous multi-platform validation. 

II. RELATED WORKS 

Lidar-based environmental monitoring has undergone 
substantial evolution, driven by advances in laser sources, 
signal processing techniques, and system integration strategies. 
Early lidar systems primarily relied on classical backscatter 
measurements to retrieve atmospheric and surface properties, 
forming the basis for modern remote sensing frameworks [10]. 
These systems exploited Rayleigh and Mie scattering 
mechanisms to characterize aerosols and molecular 
distributions, enabling vertical profiling of atmospheric layers 
with reasonable accuracy [11]. Subsequent developments 
introduced multi-wavelength and spectrally resolved lidar 

systems, which significantly improved the discrimination of 
atmospheric constituents and surface reflectivity features [12]. 
The integration of optical filtering and spectroscopic modules 
further enhanced signal selectivity, thereby enabling more 
precise environmental measurements [13]. 

A critical advancement in lidar technology has been the 
adoption of differential absorption lidar techniques, which 
utilize wavelength-dependent absorption properties to quantify 
trace gases and pollutants [14]. These systems demonstrated 
strong capability in monitoring ozone, nitrogen dioxide, and 
other atmospheric species with high sensitivity [15]. However, 
traditional implementations often relied on Nd:YAG or dye 
lasers, which introduced limitations in terms of operational 
complexity, thermal stability, and maintenance requirements 
[16]. Efforts to address these challenges led to the exploration 
of alternative laser sources, including ultraviolet and excimer-
based systems, which offer improved absorption characteristics 
and reduced system complexity [17]. The emergence of 
compact and high-energy ultraviolet sources has further 
expanded the applicability of lidar in environmental monitoring 
and industrial sensing contexts [18]. Parallel to hardware 
advancements, significant progress has been made in signal 
processing and data interpretation methodologies. 
Conventional inversion algorithms, such as the Fernald and 
Klett methods, have been widely used to retrieve extinction 
and backscatter coefficients from lidar signals [19]. While 
effective, these methods often suffer from sensitivity to noise 
and require assumptions that may not hold under complex 
atmospheric conditions [20]. 

TABLE I.  COMPARATIVE OVERVIEW OF LIDAR-BASED ENVIRONMENTAL MONITORING APPROACHES 

Ref Laser Type Wavelength Methodology 
ML/DL 

Integration 
Application Domain Accuracy (%) 

Real-Time 

Capability 

[10] Classical Lidar 532 nm Backscatter No Atmospheric profiling 82.1 No 

[11] Classical Lidar 1064 nm Backscatter No Aerosol detection 83.5 No 

[12] Multi-wavelength 355–1064 nm Spectral analysis No Surface mapping 85.0 Partial 

[13] Spectroscopic Lidar UV–VIS Optical filtering No Gas detection 86.2 Partial 

[14] DIAL UV 
Differential 

absorption 
No Pollutant monitoring 88.5 Yes 

[15] DIAL Multi-λ 
Absorption 

profiling 
No Ozone detection 89.1 Yes 

[16] Nd:YAG Lidar 1064 nm Classical inversion No General sensing 84.3 Partial 

[17] UV Lidar 248 nm Excimer-based No Atmospheric sensing 87.6 Yes 

[18] UV Compact Lidar 308 nm Enhanced optics No Industrial monitoring 88.0 Yes 

[21] ML-based Lidar Multi-λ Machine learning Yes (ML) 
Environmental 

modeling 
90.2 Yes 

[22] DL-based Lidar Multi-λ Deep learning Yes (DL) Data fusion 91.5 Yes 

[23] Hybrid Lidar Multi-source Data fusion Yes (DL) Multi-platform sensing 92.3 Yes 

 

To overcome these limitations, machine learning and deep 
learning approaches have been increasingly adopted for lidar 
data analysis, enabling robust feature extraction and improved 
prediction accuracy [21]. Deep neural networks, including 
convolutional and recurrent architectures, have demonstrated 
the ability to learn complex relationships between lidar signals 
and environmental parameters, thereby enhancing retrieval 
performance [22]. These approaches also facilitate multi-
source data fusion, integrating lidar data with satellite and 

ground-based measurements to achieve comprehensive 
environmental insights [23]. 

Recent studies have further emphasized the importance of 
multi-platform validation and cross-sensor integration to 
ensure the reliability and scalability of lidar-based systems 
[24]. The combination of lidar observations with UAV-
mounted sensors, satellite imagery, and in-situ measurements 
has proven effective in reducing uncertainty and improving 
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model generalization [25]. Advanced data fusion techniques, 
including statistical weighting and optimization-based 
methods, have been proposed to align heterogeneous datasets 
and minimize discrepancies [26]. Additionally, developments 
in compact lidar architectures and real-time processing 
frameworks have enabled deployment in dynamic 
environments such as urban monitoring and disaster response 
scenarios [27]. Despite these advancements, challenges remain 
in achieving high accuracy under varying atmospheric 
conditions and in maintaining long-term system stability [28]. 
The growing integration of artificial intelligence with lidar 
systems continues to address these challenges by improving 
robustness, scalability, and interpretability of environmental 
monitoring solutions [29]. Emerging research also explores 
hybrid sensing paradigms that combine optical, acoustic, and 
electromagnetic modalities for enhanced environmental 
perception [30]. Furthermore, improvements in laser 
technology and detector sensitivity are expected to further 
elevate the performance of next-generation lidar systems [31]. 
The continuous refinement of calibration and validation 
methodologies ensures that lidar remains a cornerstone 
technology in Earth observation and environmental science 
[32]. A comprehensive comparison of representative 
approaches is presented in Table I, highlighting key differences 
in laser types, methodologies, and performance characteristics. 

III. MATERIALS AND METHODS 

A comprehensive methodological framework is adopted to 
develop and evaluate a deep learning-enhanced excimer laser 
LiDAR system for high-resolution Earth surface monitoring. 
The approach integrates multi-platform data sources, including 
LiDAR measurements, UAV observations, satellite imagery, 
and ground-based sensors, to ensure a rich and consistent 
representation of environmental conditions. The overall 
pipeline is structured into sequential stages comprising data 
acquisition, preprocessing, feature extraction, and transformer-
based modeling, each designed to address the challenges of 
heterogeneous and high-dimensional data. Mathematical 
formulations are employed to describe LiDAR signal 
propagation, noise suppression, and calibration processes, 
ensuring physical consistency and measurement reliability. 
Preprocessing techniques such as signal averaging, 
normalization, and temporal-spatial alignment are applied to 
standardize inputs across different platforms. Feature 
extraction focuses on deriving informative descriptors from 
backscatter, absorption, and spectral characteristics, enabling 
effective representation of surface and atmospheric properties. 
The proposed LiDARFormer-Net architecture leverages 
attention mechanisms and multi-modal data fusion to capture 
complex dependencies and improve predictive accuracy. 
Finally, rigorous validation strategies and evaluation metrics 
are incorporated to assess performance and generalization 
capability, providing a solid foundation for reliable 
environmental monitoring and analysis. 

The proposed framework integrates multi-platform sensing 
and deep learning to achieve high-resolution Earth surface 
monitoring, as illustrated in Fig. 1. The data acquisition stage 
combines heterogeneous sources, including excimer laser 
LiDAR, UAV-based sensing, satellite imagery, and ground-
based measurements. 

 
Fig. 1. Multi-platform data acquisition and overall workflow of the proposed 

deep learning-enhanced excimer laser LiDAR system for Earth surface 

monitoring. 

The LiDAR system actively emits ultraviolet laser pulses 
and records the backscattered signal as a function of range 𝑟, 
forming the primary input 𝑃(𝑟). This signal is governed by the 
lidar equation: 

𝑃(𝑟) =
𝑃0𝑐𝜏

2𝑟2
𝛽(𝑟)exp⁡(−2∫ 𝛼

𝑟

0
(𝑠)𝑑𝑠)              () 

where, 𝑃0is the transmitted power, 𝛽(𝑟)is the backscatter 
coefficient, and 𝛼(𝑟)is the extinction coefficient. 

In parallel, UAV and satellite data provide spatially 
distributed reflectivity and spectral features, while ground 
sensors deliver localized atmospheric measurements. These 
heterogeneous datasets are temporally synchronized and 
spatially co-registered to ensure consistency across modalities. 
The integration of these data sources enables a comprehensive 
representation of environmental conditions, capturing both 
vertical atmospheric profiles and horizontal surface 
characteristics. This multi-source acquisition strategy enhances 
robustness and reduces uncertainty by leveraging 
complementary sensing modalities, forming the foundation for 
subsequent preprocessing and feature extraction stages. 
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Fig. 2. Preprocessing stage architecture illustrating noise reduction, signal averaging, calibration, temporal-spatial alignment, and data normalization for multi-

source LiDAR inputs. 

The preprocessing stage, detailed in Fig. 2, transforms raw 
signals into clean, calibrated, and learning-ready data. Initially, 
noise reduction is performed using filtering and background 
subtraction: 

𝑃(𝑟) = 𝑃(𝑟)− 𝑃                     () 

where, 𝑃bg represents background noise estimated from 

distant signal regions. Signal averaging is then applied over 
𝑁pulses to improve the signal-to-noise ratio: 

𝑃̄(𝑟) =
1

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

Calibration procedures include radiometric correction and 
geometric alignment to account for system biases. Temporal-

spatial alignment ensures synchronization across LiDAR, 
UAV, and satellite datasets through interpolation and 
coordinate transformation. Finally, normalization standardizes 
the data: 

𝑋 =
𝑋−𝜇

𝜎
                             () 

where, 𝜇 and 𝜎 denote the mean and standard deviation, 
respectively. This preprocessing pipeline ensures that all inputs 
share consistent scales and formats, thereby improving the 
stability and convergence of the deep learning model. The 
structured transformation of raw measurements into high-
quality inputs significantly enhances the reliability of 
subsequent feature extraction and predictive modeling. 

 
Fig. 3. Feature extraction framework showing the derivation of backscatter, absorption, spectral, and surface reflectivity features f rom preprocessed LiDAR data. 
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Feature extraction, illustrated in Fig. 3, focuses on deriving 
meaningful representations from preprocessed LiDAR data. 
Four categories of features are computed: backscatter, 
absorption, spectral, and surface features. Backscatter features 
include statistical descriptors such as mean, variance, and 
gradient: 

𝑓 = {𝜇𝛽,𝜎𝛽
2 , ∇𝛽}                  () 

Absorption features are derived using differential 
absorption principles: 

Δ𝛼 =
1

2𝑟
ln⁡ (

𝑃 (𝑟)

𝑃(𝑟)
)                   () 

where, 𝑃onand 𝑃off correspond to absorbed and reference 
wavelengths. Spectral features capture wavelength-dependent 
variations, including spectral slope and variance, while surface 
features quantify reflectivity and terrain characteristics. These 
features are concatenated into a unified feature vector:  

𝐟 = [𝑓1 ,𝑓2 , … , 𝑓𝑛] ∈ ℝ𝑛                             () 

This vector serves as input to the deep learning model, 
enabling it to learn complex relationships between 
environmental variables. The feature extraction stage bridges 
the gap between raw physical measurements and data-driven 
modeling, ensuring that the most informative attributes are 
preserved for downstream analysis. 

 
Fig. 4. Transformer-based LiDARFormer-Net architecture for multi-platform data fusion and prediction of surface characteristics and atmospheric parameters. 

The deep learning model, depicted in Fig. 4, is based on a 
transformer-enhanced architecture that captures both local and 
global dependencies. The input feature vector is first embedded 
into a latent space: 

𝑍0 = 𝑊𝑒𝐟+ 𝑏𝑒                () 

where, 𝑊𝑒and 𝑏𝑒are learnable parameters. Multi-head self-
attention is then applied: 

Attention(𝑄,𝐾,𝑉) = softmax (
𝑄𝐾𝑇

√𝑑𝑘
)𝑉             () 

where, 𝑄 , 𝐾 , and 𝑉 represent query, key, and value 
matrices. This mechanism enables the model to capture long-
range dependencies across features [33]. Cross-platform 
attention further integrates LiDAR data with UAV and satellite 
inputs: 

𝑍fused = CA(𝑄LiDAR, 𝐾multi, 𝑉multi)                 () 

Task-specific heads are employed for prediction, including 
classification and regression: 

𝑦cls = softmax(𝑊𝑐𝑍fused+ 𝑏𝑐), 𝑦reg =𝑊𝑟𝑍fused+ 𝑏𝑟    () 

This architecture enables simultaneous estimation of 
surface types, reflectivity maps, and pollutant concentrations. 
The integration of transformer-based attention with multi-
source data fusion significantly improves predictive accuracy 
and generalization, making the proposed model highly effective 
for complex environmental monitoring tasks. 

IV. RESULTS 

The results of this study provide a comprehensive 
evaluation of the proposed deep learning-enhanced excimer 
laser LiDAR framework, demonstrating its effectiveness across 
multiple analytical dimensions. The assessment encompasses 
convergence behavior, quantitative performance metrics, 
classification accuracy, high-resolution surface mapping, 
pollutant concentration estimation, and multi-platform 
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validation. By systematically analyzing both qualitative and 
quantitative outputs, the study aims to establish the robustness, 
accuracy, and generalization capability of the LiDARFormer-
Net architecture. The results are presented through a 
combination of graphical visualizations and tabular 
comparisons, enabling detailed interpretation of model 
performance under diverse environmental conditions. Particular 
emphasis is placed on the comparison with baseline and state-
of-the-art methods, as well as the evaluation of individual 
architectural components through ablation analysis. 
Furthermore, validation against UAV, satellite, and ground-
based measurements ensures the reliability and real-world 
applicability of the proposed system. Collectively, these results 
highlight the ability of the framework to accurately model 
complex environmental phenomena and deliver high-resolution 
monitoring outputs, thereby confirming its potential as an 
advanced solution for intelligent Earth observation. 

 

Fig. 5. Training and validation convergence curves. 

Fig. 5 illustrates the training and validation convergence 
behavior of the proposed LiDARFormer-Net model. The loss 
curves demonstrate a rapid decrease during the initial training 
epochs, followed by a gradual stabilization, indicating efficient 
optimization and the absence of overfitting. Notably, the 
validation loss closely follows the training loss, suggesting 
strong generalization capability across unseen data. The 
accuracy curves reveal consistent improvement, reaching 
approximately 97% for training and over 95% for validation, 
which confirms the robustness of the model. 

Furthermore, the learning rate schedule contributes to stable 
convergence by preventing oscillations in later epochs. The 
validation metrics, including F1-score, precision, and recall, 
exhibit smooth growth and convergence, highlighting balanced 
classification performance [34]. These results collectively 
indicate that the model effectively captures both local and 
global dependencies in the data. The convergence behavior 
confirms that the integration of transformer-based attention 
with multi-platform data significantly enhances training 
efficiency and predictive stability, forming a solid foundation 
for a subsequent evaluation. 

Fig. 6 presents a quantitative comparison between the 
proposed model and baseline approaches across multiple 
performance metrics. The proposed LiDARFormer-Net 

achieves the highest accuracy of 97.32%, significantly 
outperforming classical LiDAR and single-source models. In 
terms of error metrics, the model demonstrates the lowest 
RMSE (0.053) and MAE (0.042), indicating superior 
prediction precision. Additionally, the coefficient of 
determination 𝑅2reaches 0.983, reflecting a strong correlation 
between predicted and ground truth values. Compared to CNN-
based and traditional fusion methods, the transformer-based 
architecture provides notable improvements due to its ability to 
model long-range dependencies and integrate heterogeneous 
data sources [35]. The performance gains highlight the 
effectiveness of multi-platform fusion and attention 
mechanisms. Overall, Fig. 6 confirms that the proposed 
approach delivers consistent improvements across all 
evaluation metrics, validating its superiority for high-resolution 
environmental monitoring tasks. 

 
Fig. 6. Quantitative performance comparison. 

TABLE II.  EXPERIMENTAL RESULTS 

Model Variant Accuracy (%) 

Accuracy (%) 97.32 

Precision (%) 95.87 

Recall (%) 94.63 

F1-score (%) 95.24 

RMSE 0.053 

MAE 0.042 

R² 0.983 

Table II provides a systematic evaluation of the 
contribution of individual architectural components within the 
proposed LiDARFormer-Net framework. The full model 
achieves the highest performance across all metrics, with an 
accuracy of 97.32%, RMSE of 0.053, MAE of 0.042, and 𝑅2 =
0.983, establishing a strong reference point. The removal of 
the transformer encoder leads to a noticeable degradation in 
performance, reducing accuracy to 91.24% and increasing error 
metrics, which highlights the importance of global dependency 
modeling. Similarly, excluding multi-platform fusion results in 
a significant drop in accuracy to 88.61% and an increase in 
RMSE to 0.126, demonstrating that integrating heterogeneous 
data sources is critical for robust predictions. The absence of 
cross-platform attention also negatively impacts performance, 
though to a lesser extent, indicating its role in fine-grained 
feature alignment. Removing positional encoding slightly 
reduces performance, confirming its contribution to spatial 
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awareness. The CNN-based baseline exhibits the poorest 
results, underscoring the limitations of conventional 
architectures. Overall, the ablation results confirm that 
transformer-based attention and multi-platform fusion are the 
most influential components driving the model’s superior 
performance. 

 
Fig. 7. Confusion matrix for surface classification. 

Fig. 7 shows the confusion matrix [36] for surface 
classification, providing detailed insights into class-wise 
prediction performance. The diagonal elements dominate the 
matrix, indicating a high rate of correct classifications across 
all categories, including water, vegetation, urban areas, and 
bare soil. Misclassification rates are minimal and primarily 
occur between visually similar classes, such as vegetation and 
cropland, which share overlapping spectral characteristics. 
Precision, recall, and F1-score values exceed 90% for most 
classes, demonstrating balanced performance and minimal bias 
toward any specific category. The distribution of errors 
suggests that the model effectively distinguishes complex 
surface patterns, even under challenging conditions. This 
performance can be attributed to the transformer-based 
architecture, which captures contextual relationships across 
spatial and spectral domains. The confusion matrix confirms 
that the proposed model achieves high classification accuracy 
and reliability, making it suitable for detailed land surface 
analysis. 

 
Fig. 8. High-resolution surface mapping results. 

Fig. 8 presents high-resolution surface mapping results, 
comparing the proposed model with baseline methods. The 
predicted maps generated by LiDARFormer-Net closely 
resemble the ground truth, with clear boundaries and accurate 
representation of spatial features. In contrast, traditional 
methods exhibit blurred edges and reduced detail, particularly 
in heterogeneous regions. The reflectivity maps further 
demonstrate the model’s ability to capture fine-grained 
variations in surface properties. Error maps indicate 
significantly lower deviations for the proposed method, 
confirming its superior reconstruction accuracy. Quantitative 
metrics included in the figure, such as overall accuracy and 
RMSE [37], further support these observations. The improved 
performance is primarily due to the integration of multi-source 
data and transformer-based feature learning. These results 
highlight the capability of the proposed system to generate 
precise and reliable surface maps, which are essential for 
environmental monitoring and geospatial analysis. 

 
Fig. 9. Pollutant concentration profile estimation. 

Fig. 9 presents vertical concentration profiles for NO₂, O₃, 
and PM₂.₅, comparing the predictions of the proposed 
LiDARFormer-Net with UAV measurements, satellite 
retrievals, and ground truth observations across varying altitude 
levels. The results demonstrate a strong agreement between the 
proposed model and reference measurements, particularly in 
the lower and mid-atmospheric layers where pollutant 
concentrations exhibit higher variability. For NO₂, the 
predicted profile closely follows the ground truth curve, 
achieving an 𝑅2value of 0.92, with relatively low RMSE and 
MAE values [38], indicating accurate reconstruction of 
concentration gradients. Similarly, the O₃ profile shows 
improved alignment with ground truth compared to UAV and 
satellite data, achieving the highest correlation (𝑅2 = 0.94), 
which reflects the model’s capability to capture complex 
vertical distribution patterns influenced by atmospheric 
chemistry. In the case of PM₂.₅, the model maintains consistent 
performance with 𝑅2 = 0.91 , demonstrating robustness in 
estimating particulate matter concentrations despite their high 
spatial and temporal variability. Across all three pollutants, the 
LiDARFormer-Net predictions exhibit reduced bias and 
smoother transitions compared to UAV measurements, which 
tend to underestimate concentrations at higher altitudes. 
Satellite retrievals, while generally consistent, show slight 
deviations in mid-altitude ranges due to coarse spatial 
resolution. Overall, Fig. 9 confirms that the proposed model 
effectively integrates multi-platform data to produce accurate 
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and physically consistent vertical pollutant profiles, 
highlighting its suitability for advanced atmospheric 
monitoring applications. 

 
Fig. 10. Ablation study analysis. 

Fig. 10 illustrates the ablation study, analyzing the 
contribution of key components within the proposed 
architecture. The removal of the transformer encoder results in 
a noticeable decrease in accuracy and an increase in RMSE and 
MAE, indicating its critical role in capturing global 
dependencies. Similarly, excluding multi-platform fusion leads 
to significant performance degradation, emphasizing the 
importance of integrating diverse data sources. The absence of 
cross-platform attention also reduces model performance, 
highlighting its role in effective feature fusion. Positional 
encoding contributes to improved spatial awareness, as its 
removal slightly decreases accuracy. The CNN-based baseline 
performs the worst, demonstrating the limitations of 
conventional architectures in handling complex multi-modal 
data. Overall, the ablation study confirms that each component 
of the proposed model contributes to its overall effectiveness, 
with transformer-based attention and multi-platform fusion 
being the most influential factors. 

TABLE III.  QUANTITATIVE EVALUATION METRICS OF THE PROPOSED 

MODEL 

Model Variant 
Accuracy 

(%) 
RMSE MAE R² 

Full Model (Proposed) 97.32 0.053 0.042 0.983 

w/o Transformer Encoder 91.24 0.098 0.074 0.935 

w/o Multi-Platform Fusion 88.61 0.126 0.098 0.902 

w/o Cross-Platform Attention 89.47 0.112 0.083 0.922 

w/o Positional Encoding 91.03 0.083 0.061 0.948 

CNN-Based Baseline 82.35 0.173 0.131 0.842 

Table III summarizes the overall predictive performance of 
the proposed LiDARFormer-Net using multiple evaluation 
metrics. The model achieves an accuracy of 97.32%, indicating 
excellent classification capability across different surface types. 
Precision and recall values of 95.87% and 94.63%, 
respectively, demonstrate a balanced ability to correctly 
identify both positive and negative samples, resulting in a high 
F1-score of 95.24%. These metrics confirm that the model 
maintains consistency across classes without significant bias. 

From a regression perspective, the low Root Mean Square 
Error (RMSE) (0.053) and mean absolute error (MAE) (0.042) 
values indicate high prediction accuracy and minimal deviation 
from ground truth measurements. The coefficient of 
determination 𝑅2 = 0.983 further validates the strong 
correlation between predicted and actual values, reflecting the 
model’s capability to capture complex nonlinear relationships 
in environmental data. The combination of high classification 
and regression performance highlights the effectiveness of the 
proposed architecture in handling both discrete and continuous 
prediction tasks. These results demonstrate that LiDARFormer-
Net provides reliable and accurate outputs, making it suitable 
for high-resolution environmental monitoring applications. 

 
Fig. 11. Multi-platform validation correlation plots. 

Fig. 11 presents multi-platform validation correlation plots, 
comparing LiDAR predictions with unmanned aerial vehicles, 
satellite, and ground-based measurements. The scatter plots 
show strong linear relationships, with points closely aligned 
along the regression line, indicating high agreement between 
predicted and reference values. The coefficient of 
determination 𝑅2 exceeds 0.93 across all platforms, confirming 
the robustness of the model. Low Root Mean Square Error 
(RMSE) and mean absolute error (MAE) values further 
demonstrate the accuracy of predictions. The consistency 
across different platforms highlights the model’s ability to 
generalize across heterogeneous data sources. This validation 
approach ensures that the model is not biased toward a specific 
dataset and performs reliably in real-world scenarios. The 
strong correlations observed in Fig. 11 validate the 
effectiveness of the proposed system for multi-platform 
environmental monitoring applications. 

Table IV presents a comparative analysis between the 
proposed LiDARFormer-Net and several baseline approaches, 
including classical LiDAR, UAV-based models, satellite-based 
models, and fusion-based methods. The results clearly indicate 
that the proposed model outperforms all competing methods 
across every evaluation metric. Classical LiDAR systems 
exhibit the lowest accuracy and highest error rates, primarily 
due to their reliance on single-source data and limited feature 
representation. UAV-based and satellite-based models show 
moderate improvements; however, their performance is 
constrained by spatial coverage and resolution limitations. 
CNN-based fusion methods further enhance accuracy but still 
fall short of capturing long-range dependencies. Transformer-
based fusion approaches demonstrate significant 
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improvements, highlighting the importance of attention 
mechanisms. Nevertheless, the proposed LiDARFormer-Net 
achieves the best results, with the highest accuracy (97.32%), 
lowest RMSE (0.053), and highest 𝑅2 (0.983). These 
improvements are attributed to the integration of transformer-

based learning and multi-platform data fusion, which enables 
comprehensive feature representation and robust prediction. 
The comparison confirms the superiority of the proposed 
method and its effectiveness for advanced environmental 
monitoring tasks. 

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

Method Data Source Fusion Type RMSE ↓ R² ↑ Accuracy (%) ↑ Real-Time 

Classical LiDAR [39] Single No 0.312 0.612 72.35 No 

UAV-based Model [40] UAV No 0.232 0.721 80.47 Yes 

Satellite-based Model [41] Satellite No 0.198 0.783 83.26 Yes 

CNN-based Fusion [42] Multi Basic Fusion 0.128 0.891 89.14 Yes 

Transformer-based Fusion [43] Multi Advanced Fusion 0.087 0.948 94.21 Yes 

LiDARFormer-Net (Proposed) Multi AI-Based Fusion 0.053 0.983 97.32 Yes 

 

V. DISCUSSION 

The experimental results demonstrate that the proposed 
LiDARFormer-Net achieves substantial improvements in both 
classification and regression tasks compared to conventional 
and state-of-the-art methods. The integration of excimer laser 
LiDAR with deep learning enables precise modeling of 
complex environmental phenomena, particularly in 
heterogeneous and dynamic conditions [44-46]. As evidenced 
by the convergence behavior and quantitative metrics, the 
model exhibits strong generalization capability, maintaining 
high accuracy and low error across multiple datasets [47-48]. 
This performance can be attributed to the synergy between 
physically grounded LiDAR measurements and data-driven 
learning mechanisms. The ability to effectively process multi-
modal inputs enhances the robustness of predictions, reducing 
sensitivity to noise and measurement inconsistencies 
commonly observed in single-source systems [49]. 

A key factor contributing to the model’s superior 
performance is the transformer-based architecture, which 
captures long-range dependencies and contextual relationships 
within the data. Unlike traditional convolutional approaches, 
the attention mechanism enables the model to dynamically 
weight relevant features across spatial, spectral, and temporal 
dimensions [50-51]. This capability is particularly important 
for environmental monitoring, where interactions between 
variables are often nonlinear and distributed across multiple 
scales [52]. The ablation study confirms that removing the 
transformer encoder significantly degrades performance, 
highlighting its critical role in feature representation. 
Furthermore, cross-platform attention facilitates effective 
fusion of LiDAR, UAV, satellite, and ground-based data, 
ensuring that complementary information is leveraged to 
improve prediction accuracy [53-55]. 

The multi-platform validation results further emphasize the 
reliability and scalability of the proposed framework. Strong 
correlations between model predictions and reference 
measurements across UAV, satellite, and ground-based 
datasets indicate that the model is not overfitted to a specific 
data source [56]. Instead, it demonstrates consistent 
performance across different sensing modalities and 
environmental conditions. This generalization capability is 

essential for real-world deployment, where data heterogeneity 
and variability are unavoidable [57]. Additionally, the high-
resolution mapping results reveal that the model can capture 
fine spatial details and subtle variations in surface properties, 
which are often missed by traditional methods. These findings 
suggest that the proposed approach can significantly enhance 
the accuracy and resolution of environmental monitoring 
systems. 

Despite these promising results, several limitations and 
future research directions should be considered. The reliance 
on high-quality multi-platform data may introduce challenges 
in regions where data availability is limited or inconsistent. 
Computational complexity associated with transformer-based 
models may also impact real-time deployment, particularly in 
resource-constrained environments [58]. Future work could 
explore lightweight architectures and model compression 
techniques to improve efficiency without sacrificing 
performance. Additionally, incorporating domain adaptation 
and transfer learning strategies could further enhance the 
model’s applicability across different geographical regions. 
Overall, the proposed LiDARFormer-Net represents a 
significant advancement in the field of remote sensing and 
environmental monitoring, offering a robust and scalable 
solution for high-resolution Earth observation. 

VI. CONCLUSION 

This study presented a deep learning-enhanced excimer 
laser LiDAR framework for high-resolution Earth surface 
monitoring, integrating multi-platform data from UAVs, 
satellites, and ground-based sensors. The proposed 
LiDARFormer-Net architecture effectively combines 
transformer-based attention mechanisms with multi-modal data 
fusion, enabling accurate modeling of complex spatial and 
atmospheric relationships. Experimental results demonstrated 
superior performance compared to state-of-the-art methods, 
achieving high classification accuracy, low error metrics, and 
strong correlation with reference measurements. The model 
consistently produced precise surface maps and reliable 
pollutant concentration profiles, confirming its robustness and 
generalization capability across heterogeneous datasets. The 
ablation study further validated the importance of transformer 
encoding and multi-platform fusion, highlighting their critical 
contributions to performance improvement. Additionally, 
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multi-platform validation confirmed that the model maintains 
high predictive accuracy across different sensing modalities, 
ensuring its applicability in real-world scenarios. Despite its 
computational complexity, the framework provides a scalable 
and effective solution for advanced environmental monitoring 
tasks. Future research will focus on optimizing model 
efficiency, enhancing adaptability to diverse geographical 
regions, and extending the framework to real-time deployment. 
Overall, the proposed approach represents a significant 
advancement in intelligent remote sensing, offering a powerful 
tool for precise and reliable Earth observation. 
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