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Abstract  Coastal erosion poses a serious threat to ecosystems, infrastructure, and
coastal livelihoods. Traditional monitoring using satellite or aerial imagery often
struggles to distinguish between forest, beach, and sea regions, particularly in complex
coastal environments. This study aims to enhance shoreline monitoring accuracy by
introducing a LiDAR-based multiclass classification framework that effectively
differentiates these terrain types. The proposed method integrates geometric and color-
based features extracted from UAV-based LIDAR data collected in Khlung, Chanthaburi,
Thailand. Six features were derived from segmented point cloud grids: elevation
variability (v1), directional slope variability (v2), and the mean RGB values (Rmean,
Gmean, Bmean, RGBmean). Four machine learning models, Random Forest, Decision
Tree, Support Vector Machine, and Logistic Regression, were evaluated using cross-
validation on 1500 samples. Results indicate that the Random Forest classifier achieved
the highest accuracy of 99.78%, outperforming other models. The proposed approach
effectively separates forest, beach, and sea regions, reducing misclassification errors and
improving the reliability of coastal terrain classification. This study demonstrates the
potential of combining LiDAR point cloud geometry and radiometric features for robust
multiclass classification. The findings support more precise and automated coastal
erosion analysis, offering a foundation for future integration with deep learning and
hybrid image point cloud systems.
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1. Introduction

Coastal erosion is a significant issue that is getting worse and is a threat to
ecosystems, infrastructure, and people all over the world. It leads to the loss of
natural ecosystems, erosion of coastal vegetation, property damage, and severe
socio-economic impact affecting local populations (Cui et al., 2021; EI-Mahdy
et al., 2022; Leatherman, 2018; Lin et al., 2019). Climate change, rising sea
levels, and unpredictable weather conditions are worsening situation by
accelerating an erosion of shorelines from land. As a result, the need for accurate,
reliable, and consistent monitoring systems has become more critical compared
to recently (Lv et al., 2024; Neumann et al., 2015; Depountis et al., 2023). Such
techniques are required for effective coastal management, establishing risk-
reduction strategies, and promoting long-term growth in vulnerable coastal areas.

LiDAR-derived point clouds provide detailed spatial information for detecting
changes along the coast, but they often make mistakes when classifying features.
It is particularly relevant in complex areas like sea, forest, and muddy beach
areas, where changes in canopy and surface make interpretation more difficult.
These three terrain types—forest, beach, and sea—are specifically targeted in
this study because they are the primary sources of misclassification in coastal
LiDAR data and contribute the largest errors in shoreline extraction. It is also
hard to tell the difference between terrain classes when you only have elevation
or intensity data because beach sand and shallow sea areas have similar spectral
features. Such issues lead to wrong conclusions about how fast and how much
the coast is changing.

For addressing this problem, the study presents a multiclass classification
method for LiDAR-derived point cloud data that categorizes coastal areas into
three groups: forest, beach, and sea. The suggested solution combines geometric
and color-based elements to make surface categorization more accurate and
reliable in difficult coastal areas. Specifically, geometric feature elevation
variability (vl) and directional variability of surface slopes (v2) capture
structural and morphological characteristics of terrain, reflecting differences in
surface roughness and topographic variation. Adding additional features, such
as color information from LiDAR RGB characteristics, to geometric variability
measurements can improve classification accuracy. By using this technique, it
can help us to understand coastal topography better and make it easier to build
strong classification models that can tell the difference between forest, beach,
and sea areas. It also makes it possible to maintain monitoring of coastal erosion.
Meanwhile, radiometric is the science of measuring electromagnetic radiation;
its features derived from LiDAR RGB attributes (Rmean, Gmean, Bmean, and
RGBmean) provide spectral information that complements geometric
description, allowing for more effective differentiation between visually similar
terrain types. This mix of structural and spectral information lets the model
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accurately separate areas that are overlapping or unclear, like muddy beaches
and shallow waters. This makes coastal surface classification more reliable
overall.

The integration greatly enhances the model’s ability to assess complex coastal
environments, especially in regions where geometric and spectral characteristics
tend to overlap, such as muddy beaches, vegetated dunes, or shallow coastal
waters. By incorporating both geometric and radiometric features, the model
achieves a more comprehensive understanding of surface variation. As a result,
it can correctly find and separate forest, beach, and sea regions before
performing coastal change analysis. This preprocessing stage eliminates errors
in the classification of sea, forest, and beach, which makes it easier to draw
accurate lines on the coastline, improves coastal monitoring, and provides a
more solid basis for long-term shoreline management and environmental
assessment. This research is conducted within an international collaboration
under the ASEAN IVO framework, with the goal of delivering critical and
actionable insights to inform policy development and address challenges posed
by coastal erosion.

II. Literature Review

Coastal erosion monitoring has typically relied on satellite imagery, aerial
photography, and other remote sensing techniques to observe changes along the
coastline and identify areas in which the shoreline is likely to weaken. These
methods are good for making general observations, but they usually do not have
the spatial resolution and elevation accuracy needed for a more detailed study of
terrain. On the other hand, light detection and ranging (LiDAR) has grown into
a strong alternative that can collect accurate latitude, longitude, and elevation
values for dense point clouds in three dimensions (Kramer et al., 2021). This
technique facilitates visualization of coastal topography and provides
researchers with extensive information regarding both elevation and surface
shape. Moreover, LiDAR is capable of detecting subtle variations in elevation
that are difficult to observe with other remote sensing techniques, as it gathers
millions of data points along coastlines. Using these precise measurements, you
can identify and examine trends of erosion, sediment accumulation, and other
variations in the land’s topography that occur over time. The high-resolution
three-dimensional maps that were created give a robust foundation for analysis
and modeling of coastal processes, which provide valuable insights into the
dynamics of coastal change, the impact of seas on terrain, and processes by
which the land’s form is altered over time. This knowledge is also very
important for long-term coastal management because it helps scientists and
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policymakers decide how to stop erosion, build infrastructure, and protect
habitats based on facts. LiDAR technology helps protect coastal areas in the
long term by making tracking of changing shorelines more accurate, consistent,
and time-based (Bui & Pham, 2022; Cifuentes et al., 2014; Topouzelis et al.,
2017).

For instance, Insung et al. (2024) utilized LiDAR technology to monitor beach
environments by capturing coastal regions in a 3D point cloud format, enabling
detailed terrain analysis. Their research presented a classification tree-based
methodology that proficiently differentiates between sandy and rocky terrains
utilizing two statistical attributes: altitude variance and gradient orientation. This
technique accurately identified various types of terrain by analyzing an
alteration in the shapes of coastal surfaces. The experimental results
demonstrated that this approach achieved a classification accuracy exceeding
99.69%, highlighting the strong potential of feature-based LiDAR analysis for
accurate coastal surface differentiation and monitoring applications. Obu et al.
(2017) employed repeated LiDAR elevation measurements to analyze elevation
and volume changes as well as coastline movement along the Yukon Coastal
Plain and Herschel Island. By comparing results across different geomorphic
units in both hinterland and coastal zones, this study revealed notable spatial
variability in erosion dynamics. Results indicated that low-lying coasts (with
elevations up to 10 meters) had uniform and consistent erosion, while higher
backshore areas had more complicated and varied erosion patterns. This work
demonstrated the capability of multi-temporal LiDAR analysis to capture
detailed morphological changes and enhance understanding of coastal erosion
processes across diverse terrain types.

Moreover, S. Quan utilized vessel-based LiDAR technology to collect high-
resolution coastal topography data around Monterey Bay, California, enabling
precise measurement of shoreline dynamics. The analysis revealed average
erosion rates of 1.8 meters versus 0.1 meters in the southern bay and 0.5 meters
versus 0.0 meters in the northern bay, indicating distinct spatial variations in
coastal change intensity. The research showed that LIDAR systems mounted on
boats are very good at finding small-scale erosion patterns and shoreline retreat.
This gives researchers very accurate information about how coastal morphology
changes over time and where it happens (Quan et al., 2012). Furthermore, S. Hui
proposed an automatic coastline detection method combining multi-scale
segmentation and multi-level inheritance classification to improve accuracy in
complex coastal environments. The approach successfully extracted various
coastal types from GF-2 satellite pictures of Jiaozhou Bay, including harbor-
wharf, silt, pond, rocky, and sandy beaches. Compared with traditional and
OBRGIE methods, it achieved higher precision and reliability, demonstrating
strong potential for supporting refined coastline management (Hui et al., 2022).
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Yastikli and Cetin (2016) introduced two automated point-based classification
techniques designed to work directly on raw airborne LiDAR point clouds,
thereby avoiding the traditional gridding process to maintain the original point
density and elevation precision. The proposed methods use hierarchical rule-
based classification applied at the individual point level. The first approach
combines both spatial (height-related) and echo-based attributes such as return
number and intensity, while the second approach relies solely on spatial
characteristics. These methods were thoroughly tested using a high-density full
waveform LiDAR dataset (16 points/m?) collected by a Riegl LSM-Q680i
sensor over a topographically complex urban—forested region in Zekeriyakoy,
Istanbul. The experimental results indicate that both methods achieve highly
accurate and statistically consistent classifications of ground, building, and
vegetation categories, surpassing conventional grid-based methods by
preventing interpolation errors and preserving fine-scale geometric detail
(Yastikli & Cetin, 2016).

Although these studies demonstrate significant progress in LiDAR-based
coastal analysis, an important gap remains: existing works rarely address the
challenge of simultaneously differentiating forest, beach, and sea surfaces
within a unified classification framework. Most prior research focuses on either
terrain separation, such as sandy vs. rocky, coastline extraction, or structural
object classification, such as buildings and vegetation. However, in many real
coastal settings, forest canopy, muddy beach surfaces, and shallow sea areas
display overlapping geometric or spectral properties. This results in frequent
misclassification when using elevation-only or intensity-based LiDAR features.
No existing study integrates geometric variability with radiometric LIDAR RGB
attributes to improve multi-class separation across these three critical terrain
categories. Therefore, a robust method is needed to accurately classify forest,
beach, and sea regions as a preprocessing step for reliable shoreline delineation
and coastal erosion monitoring. This study aims to address that gap.

II1. Methodology

The proposed approach focuses on classifying coastal regions from LiDAR
point cloud data into three distinct surface categories: forest, beach, and sea. The
overall framework is composed of two primary stages: feature extraction and
classification (see Figure 1). The initial step is to break up the raw point cloud
data into smaller, properly sized grid tiles so that surface analysis can be done
in specific areas. For each grid, a set of geometric and radiometric features is
calculated. Its characteristics illustrate the surface's height variations and light
reflection. These features collectively represent the spatial and spectral
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properties of coastal terrains. In the second stage, the extracted features are used
to train a supervised machine learning model for multiclass classification,
allowing each grid cell to be categorized according to its corresponding surface
type. That technique makes it possible to identify the difference between forest,
beach, and sea areas with high precision. It is an important step toward better
coastal change detection and erosion analysis.

Elevation Variabiity vy
Computation

Directional Variability of V2
Surfacs Siope Computation

Mean of Red Color Rmean
Computation

{ Point Cloud Tile Matrix Formation Matrix V Random Forest ]—»[553 Beach, rnresl}
Mean of Green Color Ganssn
- > Computation R
Mean of Blue Color Brean
> Computation

Mean of RGB Color RGBrean
Computation

Figure 1. Proposed Framework
1. Feature Extraction

Let P be an n % 6 matrix that represents the LIDAR point cloud, incorporating
both spatial and radiometric information for each point in the dataset. Each row
of this matrix corresponds to a single LIDAR point, containing six attributes:

X1 Y1z Ry G By

p=|: : i i i i o

Xn Yn Zn Rn Gy By

where three spatial coordinates (x; )i, z), which describe an exact three-

dimensional location of a point in space, and three radiometric values (R;, G;, B)),

which represent the intensity of the red, green, and blue channels captured by
the LiDAR sensor.

Spatial coordinates (x;, y;, z;) provide detailed geometric information about the
terrain surface, such as elevation and shape, while radiometric values (R;, G;, B))
capture surface reflectance characteristics related to color and material
properties. Together, these six parameters form a comprehensive representation
of LiDAR data, combining both physical structure and visual attributes of the
observed coastal landscape.
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The spatial patch P is converted into a square grid matrix Q of size d x d, in
which each element g represents the mean elevation of points falling within
that grid cell:

q1,1 qi2 ° Q14
Q—[‘ P l )

qa Qa2 *° Yda

Each element ¢g;« in Q corresponds to the mean elevation of all
LiDAR points contained within the (j, k)" grid cell.

1
Uk = 3 Z zi (3)

Tk l'EQ.j'k

¢« denotes the set of points in the (j, k)th grid cell, N; « is the number
of points within that cell, and z; is the elevation value of a point i.

2. Geometric Feature

The geographical attributes of each surface section are defined by two
geometric properties based on the grid matrix Q. The first feature, elevation
variability, measures the extent of vertical change in altitude values within a grid.
It shows the general roughness and topographical irregularity. The second
feature, directional variability of surface slopes, looks at changes in slope
directions measured in angles. This variable shows how the slopes of the land
change from one cell to the next. Both of these elements collaboratively
characterize both vertical and directional aspects of surface morphology. By
using these geometric markers, the model can tell the difference between flat,
smooth surfaces like sea, forest tops with highly irregular patterns, and beaches
with somewhat uneven textures. Therefore, the combined use of elevation and
slope-based variability provides a thorough and meaningful description of the
terrain's structure, thereby enhancing the precision of tasks related to coastal
landscape classification.
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2.1 Elevation Variability
The elevation variability measures the distribution of surface height across the

grid: o
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where q is the mean elevation over the entire grid;
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2.2 Directional Variability
The directional variability captures variation in slope orientation. The gradient
direction 6;x is computed from elevation matrix @, and variability is expressed

as:
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where 50 is the mean slope orientation;
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3. Radiometric Features

Additional radiometric features are added to the classification framework to
enhance the ability to distinguish between distinct types of terrain that have
similar geometric properties but differing spectral appearances, such as muddy
beaches and shallow sea surfaces. RGB attributes associated with LIDAR point
cloud data enable these radiometric properties. The mean intensity values of the
red (Rmean), green (Gmean), and blue (Bmesn) channels are determined by
calculating an average intensity of each point within a grid cell. Subsequently,
we calculate the mean of these three channel averages to obtain an overall mean
reflectance value (RGBean), providing a comprehensive assessment of the
surface's luminance and color balance.

These color-based descriptions function as crucial indications of surface
reflectance and texture, effectively augmenting geometric parameters such as
elevation and slope variability. By integrating these spectral characteristics, the
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model gains improved capability to distinguish between terrain classes that may
appear similar in elevation but exhibit distinct reflectance signatures. For
instance, bright sandy beaches usually have higher mean RGB values than
darker sea surfaces or shaded forest areas. Mathematical formulation for these
features is presented as follows:

n
1

Rean = ZZRL' ()]
. i=nl

=) G (9

=1

Gmean =

S

-

B; (10)

Bean =

3e
INgE

[N

i=

and the overall mean intensity value is calculated as the average of the three-
color components:

Rmean + Gmean + Bmean

RGBpean = 3

1

This composite feature provides an accurate estimate of surface reflectance by
providing the overall brightness and color properties of each grid cell. We can
combine spectral data with geometric features to improve the model's ability to
distinguish between terrain types that have similar structural properties but
different visual aspects. In particular, this feature improves discrimination
between bright sandy beaches, darker ocean surfaces, and vegetated forest
regions. As a result, it strengthens the classification framework by providing
complementary radiometric information, leading to more reliable and accurate
separation of land cover types in complex coastal environments.

4. Feature Vector Formation

The six extracted features are combined to construct the final feature vector:
v= [Ul, Uy, Rmean' Gmean: Bmean' RGBmean]T (12)

Its feature vector combines both geometric descriptors (v;, v2) and radiometric
attributes (Ruean, Gmean, Bmean, and RGBuean) to give a complete and unified
picture of each grid tile in point cloud dataset. Geometric features capture
variations in surface elevation and slope orientation, effectively describing
structural complexity and roughness of terrain. By contrast, radiometric features
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characterize spectral reflectance properties derived from LiDAR RGB values,
which convey essential information about surface color and brightness.
Combining these two related feature types, the feature vector covers both the
spatial structure and the spectral identity of each coastal surface segment. The
integration significantly improves the model’s ability to distinguish among three
terrain categories—forest, beach, and sea—even in regions where visual or
topographic similarities make classification challenging. Therefore, this
multidimensional feature representation forms a robust foundation for accurate
multiclass classification in complex coastal environments.

IV. Experiments and Results

1. Dataset description

A three-dimensional (3D) point cloud dataset was collected using an
unmanned aerial vehicle (UAV) equipped with a DJI Zenmuse L2 LiDAR
sensor over the coastal region of Khlung, Chanthaburi, Thailand. Data collection
was conducted between October 2024 and September 2025, including multiple
flights under various seasonal and environmental conditions, which were used
to record temporal variations across the study area. Additionally, flights were
performed at altitudes ranging from 1 to 300 meters to ensure extensive and
precise geographic coverage of both coastal and inland areas. LIDAR system
recorded precise x, y, and z coordinates along with return intensity and RGB
color attributes, facilitating a thorough characterization of both terrain geometry
and surface reflectance. All point cloud data were stored in LAS format (*.las),
preserving the original 3D spatial and radiometric information. The dataset
provides a solid basis for robust terrain modeling, feature extraction, and
multiclass surface classification in coastal conditions.

2. Data Preprocessing

Point cloud data were spatially divided into uniform tiles measuring 5x5
meters (see Figure 2). The grid resolution was determined considering the spatial
variability of LiDAR point density across the study area, which ranges from
approximately 100 to 3000 points/m?. Lower densities typically occur in sea
regions, while higher densities are observed in vegetated areas. Using tiling
results in systematic segmentation of the study area, allowing localized analysis
of terrain characteristics. Each tile was subsequently subdivided into smaller
sub-grids with resolutions ranging from 2x2 to 35x35 cells, facilitating multi-
scale feature extraction and enabling the evaluation of how spatial granularity
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influences classification accuracy. For each sub-grid, six descriptive features
were calculated to represent both geometric and radiometric surface properties:
elevation variability (v;), which quantifies height fluctuations; directional
variability of surface slopes (v2), which characterizes changes in terrain
orientation; and three-color intensity averages (Rumean, Gmean, and Bean) derived
from LiDAR's RGB attributes. The overall mean intensity (RGBean) Was
computed to capture the composite reflectance value. Together, these features
provide a thorough representation of each grid’s structural and spectral
characteristics for classification.

RGB values were obtained from UAV-based LiDAR imagery captured under
stable daylight conditions during a single flight mission, minimizing variations
caused by illumination differences. Since LIDAR RGB attributes are typically
stored as 16-bit integer values (ranging from 0 to 65,535), using their raw mean
values can lead to disproportionately large feature magnitudes that negatively
affect model performance and numerical stability. To get around this problem,
RGB channels were rescaled to the standard 8-bit range (0-255). This made
them more consistent with regular optical images and made it easier to
understand color-based features. This normalizing step allows radiometric
features to increase proportionally while training the model. Subsequently, all
extracted geometric and radiometric features were standardized using Min—Max
Scaler before being used as inputs for multiclass classification models.
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Figure 2. Uniform tiles of point cloud data (5x5 meters)

A total of 1,500 sample sizes were manually selected from the processed
LiDAR dataset to provide a balanced and precise representation of the varied
coastal environment in the study area. Such samples included 500 sea tiles (class
0), 500 forest tiles (class 1), and 500 beach tiles (class 2), each with unique
surface features described by elevation, texture, and spectral reflectance.
Additionally, a manual selection process was developed to cover a wide variety
of environmental and topographic factors, ensuring that the dataset accurately
represents both coastal and shoreline variations. To maintain experimental
consistency, reproducibility, and avoid spatial autocorrelation between training
and testing, the dataset was randomly shuffled using a fixed random seed before
splitting. Samples were then divided into 70% for training and 30% for testing,
enabling the models to generalize from diverse data while being evaluated on
unseen instances. Moreover, a five-fold cross-validation procedure was applied
to assess model reliability and robustness, minimizing overfitting and
confirming consistent performance across multiple spatial partitions of LIDAR
data.

3. Model Training and Evaluation

Multiple classical machine learning models were trained using six extracted
geometric and radiometric features to perform a multiclass classification task.
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The models included Decision Tree, Support Vector Machine (SVM), Logistic
Regression, and Random Forest (Celik & Gazioglu, 2022). Each was selected
for the proven effectiveness in handling structured data and feature-based
learning. The training process included fine-tuning the model’s parameters to
get the best separation between three surface classes: forest, beach, and sea. To
ensure a comprehensive assessment of model capability, performance was
evaluated using four key metrics: precision, recall, F1l-score, and overall
accuracy (Yacouby & Axman, 2020). These evaluation measures provided a
balanced view of classification reliability, allowing analysis of both the model’s
discriminative power and its consistency across classes.

Random Forest demonstrated the highest overall performance among all
evaluated classifiers, achieving an outstanding accuracy of 99.78% at 30 x 30
grid resolution, as seen in Table 1; the Decision Tree classifier also did well,
with an accuracy of 99.56%. This shows that tree-based models are very good
at finding non-linear relationships between geometric and radiometric features
that were extracted. In comparison, logistic regression achieved 98.67%, while
support vector machine (SVM) recorded a slightly lower accuracy of 94.00%,
indicating that linear models are less capable of handling complex feature
interactions present in the dataset. These results clearly show that ensemble-
based algorithms, especially Random Forest, are strong, flexible, and able to
generalize well for multi-class point cloud classification tasks. By effectively
integrating multiple decision trees, the Random Forest model reduces overfitting
and enhances classification stability, making it a reliable tool for accurately
differentiating forest, beach, and sea regions in challenging coastal
environments.

Moreover, we conducted comparative experiments using multiple grid
resolutions, ranging from 2x2 to 35%35, to evaluate the influence of spatial
granularity on the performance of the Random Forest classifier (see Table 2).
Results show that the classifier maintained consistently high accuracy across all
tested resolutions, with precision, recall, and F1-score values above 97% in every
case. At small grid resolutions of 2x2, a slight decrease in accuracy was observed
because of the model’s increased sensitivity to elevation noise and reduced feature
stability caused by small grid sizes. Also, as the grid size increased, the
performance of the classifier improved consistently, reaching its highest accuracy
of 99.78% at 30x30 resolution. This improvement illustrates that larger grid cells
help mitigate noise and capture more stable geometric patterns while preserving
essential topographic characteristics. As a result, the model achieved superior
differentiation between forest, beach, and sea regions, confirming the
effectiveness of multi-scale feature extraction for coastal LiDAR classification.

Additionally, we conducted a comparative analysis of model performance
using two different feature configurations: one with three features (v1, v2, and
RGBmean) and another with six features (v1, v2, Rmean, Gmean, Bmean, and
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RGBmean). The results clearly indicate that incorporating additional
radiometric features substantially improves classification accuracy across all
models. With only three features, Random Forest achieved 99.11% accuracy,
already outperforming other classifiers. However, when extended to six features,
it reached an exceptional 99.78% accuracy, precision, recall, and F1-score,
demonstrating the superior capability of ensemble learning in capturing complex
relationships between geometric and spectral attributes. Similarly, the Decision
Tree classifier also benefited significantly from the inclusion of radiometric
information, improving from 98.44% to 99.56% accuracy. Logistic Regression
and SVM, although less flexible in handling nonlinear data, showed notable
improvements as well, increasing from 94.89% to 98.67% and 78.89% to
94.00%, respectively. These results confirm that combining geometric
variability (v1, v2) with detailed color-based features enhances class separability,
particularly between visually similar regions such as beaches and shallow seas.
Adding spectral information from RGB channels to geometric descriptors helps
models better understand small differences in surfaces that topography alone
can't show. Overall, the results validate that using both geometric and
radiometric features yields a more comprehensive feature space, significantly
boosting classification performance and ensuring greater reliability in coastal
terrain differentiation (see Table 3).

Table 1. Model comparison at the best grid size (30x30).

Model Precision (%) | Recall (%) | Fi-score (%) | Accuracy (%)
Logistic Regression 98.72 08.67 98.67 98.67
SVM 94.63 94.00 93.97 94.00
Decision Tree 99.56 99.56 99.56 99.56
Random Forest 99.78 99.78 99.78 99.78

Table 2. Random Forest performance under varying grid size from 2x2 to

35x35.
Grid size Precision (%) Recall (%) Fi-score (%) Accuracy (%)
2X2 97.28 97.11 97.11 97.11
5X5 98.48 98.44 93.44 98.44
X1 98.03 98.00 98.00 98.00
15X15 98.48 98.44 98.44 98.44
19x19 98.67 98.67 98.67 98.67
20X20 98.67 98.67 98.67 98.67
27X27 99.56 99.56 99.56 99.56
30x30 99.78 99.78 99.78 99.78

393




Asian Journal of Innovation and Policy (2025) 14.3:380-401

Table 3. Comparison of each model with 3 features vs 6 features at the best grid

size.

Precision (%) Recall (%) F1score (%) Accuracy (%)
Model 3 6 3 6 3 6 3 6
feature | feature | feature | feature | feature | feature | feature | feature
s s s S s s s S

Logistic
Regressio 95.01 98.72 94.89 98.67 94.91 98.67 94.89 98.67

n

SVM 81.96 94.63 78.89 94.00 78.58 93.97 78.89 | 94.00

Decision
Tree 98.45 | 9956 | 9844 | 9956 | 98.44 | 99.56 | 98.44 | 99.56
Random 1 8 1 8 1 8 1 8
Forest 99. 99.7 99 997 99. 997 99. 99.7

*3 features: vi, v2, RGBmean
*6 features: Vi, V2, Rmean, Gmean, Bmean, RBGmean

Pair plot (see Figure 3) shows the relationships among six extracted features:
Vi, V2, Rmean, Gmean, Bmean, and RGBean for three distinct coastal classes: sea
(blue), forest (green), and beach (orange). The visualization clearly separates
these classes across multiple feature dimensions. Sea class has a lot of variation
in elevation (v; = 20) and not much variation in slope (v2 = —2). The brightness
is very low (RGBnean = 60), which means water surfaces are darker. Forest class
exhibits moderate elevation values and peaks at high green intensity (Guean =
150) with low blue reflectance (Bmean = 70), reflecting dense vegetation. Beach
class, by contrast, shows the highest overall brightness (RGBean =~ 190) with
strong red and blue components, typical of sandy surfaces. Diagonal histograms
show that there is very little overlap between classes, and the scatterplots show
clear clusters, especially when v; is combined with radiometric features, and
Ginean 1s compared to Byeqn. These observations confirm that the combined use
of geometric and color-based features yields clear linear separability among
three terrain types, enabling even simple classifiers such as decision trees or
linear SVMs to achieve accuracy exceeding 99%.
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Pairplot of Features by Class
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Figure 3. Pairwise distribution of features (v1, V2, Rmeans Gmean, Bmean, RGBmean)
by class.

Last but not least, we also conducted a comparison among four classical
machine learning classifiers—Decision Tree, Logistic Regression, Support
Vector Machine (SVM), and Random Forest—to evaluate their effectiveness in
multiclass coastal surface classification. Each model was tested using 5-fold
cross-validation, a robust statistical validation technique designed to ensure
reliable and unbiased performance evaluation across different data partitions
(Pal & Patel, 2020). By combining the results from several training and testing
cycles, this approach mitigates overfitting and provides a more comprehensive
understanding of the model’s performance. Through this systematic comparison,
an investigation was conducted to find the best technique for properly
differentiating forests, beaches, and sea regions using geometric and radiometric
properties taken from LiDAR point cloud data.

Results show that the Random Forest model had the highest and most stable
accuracy of 98.9%. The decision Tree model came in second with 98.8%, and
the Logistic Regression and SVM models came in third with 97.9% and 93.9%,
respectively (see Figure 4). This demonstrates that ensemble-based methods,
such as Random Forest, are more robust and generalize better for this dataset.
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Moreover, the bar chart also confirms the trend observed in this feature pair plot,
showing that three land-cover classes—sea, forest, and beach—are almost
perfectly separable. Geometric features like v; that clearly separate water
surfaces and radiometric features (RGB channels) that clearly separate forested
and sandy areas made it possible for even simple models to get almost perfect
classification accuracy (over 99%). This highlights the high discriminative
power of the proposed features and overall simplicity of the classification task
when using the combined geometric and color-based feature set.

Model Comparison (5-Fold Cross-Validation)
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Figure 4. Model comparison using 5-fold cross-validation

The confusion matrix measures the classification performance of the Random
Forest model across three classes: sea, forest, and beach (Grandini et al.,
2020). The model is almost perfect, correctly classifying almost every sample
with only one mistake. It accurately predicted 149 sea, 150 forest, and 150 beach
samples out of 450 total test samples (150 per class), with an overall accuracy
of 99.78% (see Figure 5). Only error occurred when one sea sample was
incorrectly labeled as beach, likely due to the presence of a bright water pixel
resembling sand in its RGB intensity values. This transitional zone presents
inherent ambiguity in LIDAR-based classification and represents a limitation of
the current feature set. Moreover, an almost perfect diagonal pattern in the
confusion matrix illustrates the high discriminative ability of these retrieved
features and the exceptional reliability of the Random Forest classifier. Results
are consistent with previous analyses, like cross-validation results and pair plots,
which indicate that the combined geometric and radiometric features allow for
highly successful separation of sea, forest, and beach regions with minimum
confusion or overlap.
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Figure 5. Confusion Matrix of Random Forest

V. Discussion

The results obtained in this study align closely with the outcomes of pair plot
visualization and cross-validation analyses, both of which demonstrate that
integration of geometric and radiometric features enables a clear and accurate
separation between sea, forest, and beach regions. This strong separability
confirms the discriminative power of extracted features and validates the
effectiveness of the proposed feature engineering strategy. The experimental
results reveal that the proposed method successfully distinguishes among three
terrain types in LIDAR-derived point cloud data, substantially reducing overall
misclassification rates. Among the tested models, the Random Forest classifier
achieved the best overall performance, outperforming the Decision Tree,
Support Vector Machine (SVM), and Logistic Regression models, with perfect
accuracy attained at a 30x30 grid resolution. This superior performance
highlights the robustness of Random Forest algorithm, which benefits from
ensemble learning and random feature selection, making it particularly effective
for complex coastal datasets characterized by high variability in
elevation and reflectance values.
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The steady improvement in model accuracy observed across larger grid
resolutions reinforces the importance of selecting an optimal spatial scale for
feature computation. Smaller grids are likely to capture excessive noise and fine-
scale irregularities, resulting in unpredictability in pattern structures. In contrast,
larger grids smooth out such variations while preserving essential surface
characteristics, thereby enhancing the reliability of classification. This trend
demonstrates that the Random Forest model is highly capable of handling multi-
scale spatial data, adapting effectively to both micro- and macro-level terrain
differences.

Furthermore, the study emphasizes the value of combining geometric
variability features (v;, v2) with radiometric descriptors (Ruean, Gmean, Bmean, and
RGBean) for improving class separability, particularly between spectrally
similar areas such as beach and shallow sea zones. The fusion of geometric and
color-based information provides a more holistic representation of coastal
surfaces, allowing the model to leverage both shape and reflectance cues for
classification. This hybrid approach captures complex non-linear relationships
within data, enhancing the model’s discriminative capability and resilience to
environmental variations.

VI. Conclusion

This study introduces a multiclass classification framework aimed at
improving the interpretation and analysis of LIDAR point cloud data for coastal
erosion monitoring by effectively distinguishing forest, beach, and sea regions.
By integrating geometric and radiometric features, the proposed method
improves the precision of shoreline detection compared to unclassified point
clouds. This facilitates the reliable calculation of shoreline change and coastal
erosion rates over time. Experimental results confirm that the Random Forest
model delivers the best overall performance, achieving an outstanding accuracy
0f'99.78%, surpassing other classical machine learning models such as Decision
Tree, Logistic Regression, and SVM. These results demonstrate the method’s
reliability and precision in coastal surface classification, supporting more
accurate shoreline delineation and erosion analysis. The proposed framework
also lays a strong foundation for future research, such as adding deep learning
architectures and combining data from many sources to make coastal monitoring
scalable, automated, and real-time for long-term shoreline management.
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