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ARTICLE INFO ABSTRACT
Keywords: In recent years, LIDARs have been used to enhance situational awareness of autonomous vehicles, including
Marine Autonomous Surface Ships in the marine domain, driven by the need for reliable detections in Marine Autonomous Surface Ships and

Marine situational awareness Unmanned Surface Vehicles. Detecting obstacles and targets within point clouds is generally handled by a

fully unsupervised learning framework. While effective and simple, this approach cannot classify targets. This
paper presents a combined unsupervised/supervised approach for detecting and classifying marine targets and
obstacles. The unsupervised detection framework is maintained by incorporating a lightweight supervised
module capable of classifying detection outputs without disrupting the workflow. Rather than training on
the entire point cloud, the proposed method focuses on selected target features, reducing model size and
information exchange. Specifically, a Random Forest Classifier is trained on features extracted from the point-
cloud dataset. The acquisition of an ad-hoc training dataset and its statistical analysis are presented to identify
key features. The selection, training, and validation processes are outlined. Finally, the supervised model is
integrated into a state-of-the-art unsupervised LiDAR detection pipeline and tested in a real scenario. The
results demonstrate the hybrid framework’s effectiveness and compliance with real-time constraints.
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1. Introduction switched off as in the case of dark ships phenomenon (Nguyen, 2023).
Consequently, a sensing layer capable of detecting and classifying

The autonomous vehicles research field is growing year by year in obstacles is required. The typical choice for ensuring this requirement

all domains. In the marine field, Marine Autonomous Surface Ships is to use Radio Detection And Ranging (RADAR), Light Detection And
are effectively used to carry out a wide range of missions, including Ranging (LiDAR) and optical sensors, or a combination of them. Such
autonomous transportation, surveillance and mapping, scientific data sensors detect surrounding obstacles regardless of whether they are

acquisition, Search And Rescue (SAR), and Disaster Management (DM)
up to strategic and tactical missions. During operations, Autonomous
Surface Vehicles require Situational Awareness (SA) of the surrounding
environment, detecting and classifying any obstacles and targets; this
aspect is crucial to achieving safe navigation and efficient operation.
Several sensors are used individually or embedded in a multi-sensor 2. Related work
data fusion framework to fulfil this requirement (Thombre et al., 2022).
Many applications involve the use of Automatic Identification Sys-
tem (AIS) data for safe navigation (Zhao and Fu, 2021), or mission
path planning is handled by representing obstacles as an occupancy
grid (Zaccone, 2024). Often, the autonomous vehicle needs to detect
and classify obstacles to make decisions according to the detected target
type. AIS data solves this problem by providing a location and a target
classification (Huang et al.,, 2024). However, obstacles encountered
during the mission may be AIS-unequipped as in the case of natural
obstacles, small vessels, or may intentionally keep the AIS transponder

equipped with or without AIS, provide a reasonably accurate estimate
of their position relative to the observing vehicle and, possibly, a
classification of the target.

In this section, the works available in literature regarding detec-
tion and classification focused on navigation in the marine environ-
ment are analysed. The capabilities of LiDAR sensors are demonstrated
by relevant environment tests in both coastal and blue-water scenar-
ios (Faggioni et al., 2022b), using a detection pipeline based entirely
on unsupervised learning, producing accurate detection but no target
classification. A RADAR detection framework is presented in Ha et al.
(2021), constructing an occupation grid without semantic information.
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Fig. 1. Supervised classifier module within an unsupervised LiDAR detection pipeline.

A feasibility study on automotive-grade RADAR for marine target lo-
calization is discussed in Gennarelli et al. (2022), while Ludeno et al.
(2023) explores the use of a lightweight RADAR system to enhance
situational awareness through the detection and tracking of marine
targets, along with monitoring sea state. The advantages of marine
obstacle detection by optical sensors using semantic segmentation are
presented in Bovcon and Kristan (2022), providing accurate detec-
tion and classification. A detection pipeline based on LiDAR and RGB
camera is presented in Faggioni et al. (2022a), classifying the target
from the processing of optical sensor data. A monocular Camera, a
LiDAR, and a marine RADAR are combined in Clunie et al. (2021)
obtaining a marine obstacle detection framework where target classi-
fication is still entrusted to optical sensor processing. A multi-sensor
tracking system based on RADAR, LiDAR, infrared and electro-optical
sensors is presented in Helgesen et al. (2022) with a subsequent open
dataset. An attempt to obtain a classification from LiDAR data is pre-
sented in Stanislas and Dunbabin (2019), combining the result with the
classification obtained from optical sensors. LiDAR plays a detection-
only role in the presented applications, or it is subordinate to the
classification obtained by optical sensors.

Extending the field of research to the automotive sector, classi-
fication applications using LiDARs are more frequent. Deep learning
algorithms are capable of analysing LiDAR point clouds, and models
such as PointNet (Charles et al., 2017), PointNet++ (Qi et al., 2017),
CentrePoint (Yin et al., 2021), Pointpillars (Lang et al., 2019) are
successfully employed for this scope. Such models require huge datasets
of labelled examples, which are currently absent or inadequate in the
marine field, and enormous training resources.

Currently, the LiDAR marine detection approach is entirely based
on clustering-based detection or occupancy grid methods, leaving the
classification task to the optical sensors. Fig. 1 shows a general LiDAR
clustering-based detection pipeline. In particular, after noise filtering
and a Region Of Interest (ROI) cutting, the point-cloud is grouped into
a set of clusters via a Clustering Algorithm; at this stage, points that
constitute an obstacle or a target for the algorithm cluster definition
are grouped and separated by the rest of the point-cloud. A typical
choice for this purpose is a simple Euclidean distance-based clustering
algorithm or a density-based one such as DBSCAN (Schubert et al.,
2017) or its hierarchic version HDBSCAN (Campello et al., 2013). After
the cluster analysis, a bounding box is fitted on each cluster obtaining
its main dimensions and centroid. The advantages of using Principal
Component Analysis (PCA) for this scope are presented in Faggioni
et al. (2022b).

The pipeline based on clustering is currently one of the most used,
allowing for several advantages such as simplicity, generality of the
algorithm, no need for training, real-time compliance and robustness.
This paper proposes a solution for the LiDAR classification gap of

marine obstacles without recourse on heavy detection models and
retaining the advantages of the state-of-the-art unsupervised structure.
Hence, an independent supervised learning module is proposed to clas-
sify the obtained clusters within a classical pipeline. Fig. 1 illustrates
the proposed supervised learning module, based on a Random Forest
Classifier, within the state-of-the-art detection pipeline. The proposed
module takes key features extracted from the point-cloud cluster as
input, producing an object classification as output; in this layout, the
supervised module operation does not affect the general framework.

3. Methodology

This section details the complete methodology used to develop
the LiDAR detection and classification pipeline. It begins with an
overview of the approach, followed by a comprehensive explanation of
the dataset construction, feature analysis, model training, and model
tuning. Each stage is described to highlight the systematic procedures
and techniques employed to optimize model performance.

3.1. Overview

The entire work process is summarized in Fig. 2. The construction
of a supervised learning module that can be included in clustering-
based detection pipeline begins with experimental data collection. The
relevant objects in each relevant scenario are extracted and classified
to form a labelled dataset. From this set of example objects, A large
number of potentially predictive features are extracted. The extracted
features are analysed qualitatively and quantitatively through an Ex-
ploratory Data Analysis (EDA) to assess their predictive power and
subsequently selected. The resulting set of features is used for training
and validating a Random Forest Classifier. The model is then fine-
tuned by systematically varying its hyperparameters and the number
of features through a Recursive Feature Elimination (RFE), producing
a grid of potential models characterized by control parameters and
obtained KPIs (computational cost and accuracy). This grid allows the
selection of the appropriate model for each context based on the KPIs.
As in the initial stage, the process loops back to the experimental stage
by testing the classifier embedded in the classical detection pipeline in
a dynamic real-world scenario.

3.2. Feature selection

The proposed framework aims to generate a light and information-
dense set of features for each cluster. Features are selected and ex-
tracted from the labelled point clouds. In particular, the focus is placed
on statistical and geometrical parameters that characterize the target.
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Fig. 2. Work process.

Information on the target’s shape is obtained by performing the
Principal Component Analysis (PCA) on the point cloud, extracting
the eigenvalue (also referred to as explained variance) and eigenvec-
tors (principal directions) of the covariance matrix. To improve the
computational efficiency, PCA calculation is based on Singular Value
Decomposition (SVD) Eq. (1). A LiDAR point cloud of a n-points cluster
is expressed by a set of LiDAR coordinates x;, x,, x3 that can be
stacked together to produce the cluster point cloud matrix X. The
centred point cloud X, = X — X is calculated, where X represent the
mean vector. The obtained right singular vectors matrix ¥V contains the
principal direction and can be used to express the point cloud into the
new reference system defined by the principal directions, according to
Eq. (2), where Z is the cluster point cloud expressed in the principal
directions.

X, =UsvT €))
Z=X\V (2)

Being .S the diagonal matrix of singular values s;, the eigenvalues of
covariance matrix (explained variance) can be computed according to
Eq. (3).

l,‘ = : (3)

Thus, for each cluster, the eigenvalue 4, 4,, A; are computed, obtaining
a key feature set actually showing the variance of the point-cloud on
the three principal directions. Indeed, the eigenvalues and their ratios
can revalue key aspects of the point cloud observed, such as how much
a direction predominates the others. Line- and surface-shaped objects
are characterized by specific ratios of the eigenvalues that are thus
obtained and can be effectively discerned. Thus, the ellipticities e, 5, e; 3
and e, 5 of the clusters in the planes defined by the pairs of principal
directions are calculated according to Eq. (4)

e =1-- )

If eigenvalues provide information regarding the importance of a direc-
tion, then the cluster ellipticities provide information about its shape
and deviation from a spherical or isotropic distribution. Moving from
the point clouds of the targets expressed in the sensor’s reference
system to that obtained through PCA is essential to standardize their
representation and the consequent extraction of geometric or statistical
features, strongly decreasing the dependence on object orientation.
Skewness y and Kurtosis k can be calculated for each principal direction
as provided in Egs. (5) and (6).
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To conclude, skewness provides information about the asymmetry of

the distribution, while kurtosis provides information about the shape

of the peak of the distribution relative to a normal distribution. Both

measures can be useful for extracting additional information from the

structure and shape of the point cloud.

Considering that the point-cloud provided by the LiDAR also con-
tains the value of intensity as an integer value in the [0,255] range, this
could be further processed in order to obtain additional features. The
natural step is to calculate parameters related to the central moments.
Hence, mean y,, standard deviation o,, Skewness y, and Kurtosis k,
for the intensity distribution are calculated. Moreover, the statistical
entropy (or Shannon Entropy) is computed. Eq. (7) shows the Entropy
value H of a cluster’s intensity distribution, where p; represents the
probability of finding a certain intensity value within the cluster.

n
H=- 2 pilog, (p;) 7
i=1
Finally, an estimation of spatial auto-correlation is also performed,
deriving information about how similar intensity values tend to cluster
in regions of space. Therefore, the Moran’s I (Moran, 1950), shown in
Eq. (8), and Geary’s C (Geary, 1954), shown in Eq. (9), are calculated.
In particular, the point cloud X is used to compute the matrix of spatial
weights W with zeros on the diagonal, where each component wy; is
based on the normalized euclidean distance; the intensity value 1 is used
as the feature variable.

n Yimt Xioy w3 =Dy = 1)

I = —
SO Z?:] (li - T)2 (8)
o nn T T ©
2S0 Zl"’:l (li - 7)2

where S, is the sum of all the weight w;;, i.e. Sy =X, ¥"_, w;;.

Accordingly, the labelled dataset is post-processed including the
presented features, for a total of 19 scalar statistics of interest. Details
of the experimental campaign and information on the dataset obtained
can be found in Section 4.1.

3.3. Feature analysis

Subsequently, the focus is placed on understanding which of the
extracted parameters can actually be effectively used to predict the
class of an object by quantifying its importance. As an Exploratory
Data Analysis (EDA), features distribution are reported in a violin plot
form, allowing for a comprehensive visualization of the means, the data
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spreads and on the shapes of distributions, thanks to a kernel Density
Estimation (KDE) (Parzen, 1962). To obtain quantitative information
about whether a feature set can be discriminative for object-class asso-
ciation, a one-way analysis of variance, i.e., an ANOVA (Fisher, 1992)
test, is often used. However, since the assumptions for a one-factor
analysis of variance are not fulfilled, the Kruskal-Wallis H-test (Kruskal
and Wallis, 1952), alternatively known as a one-way ANOVA by ranks
test, is employed instead. Since the test is based on the null hypothesis
of no significant difference among the feature of the groups, the result
can be displayed in terms of p-values. If a feature has a p-value less
than the chosen value of significance, it can be considered with good
probability as a discriminative feature. In other words, such a feature
may be a candidate for the set of features useful for predicting the class
to which the object belongs. An in-depth discussion of the extracted
feature analysis can be found in Section 5.1.

3.4. Model training

Once the features are obtained, it is necessary to select an algorithm
that can accept these variables as training data and classify the tar-
get with high accuracy. Accordingly, three classifiers available in the
literature are compared. Specifically, a Random Forest classifier (Ho,
1995), a Multi-Layer Perceptron (MLP) (Haykin, 1994) and a Support
Vector Machine (SVM) (Cortes and Vapnik, 1995) are chosen. The
training dataset is split into 70% for training and 30% for testing.
A grid of hyperparameters is defined to obtain the best combination
using average accuracy from the 5-fold cross-validation test as a metric.
The Random Forest classifier is chosen due to the higher accuracy as
demonstrated in Section 5.2. Moreover, it allows for an a posteriori
evaluation of feature importance through the model itself. Once the
model is fit on all features of interest, an estimate of feature importance
can be obtained, evaluating how much each feature contributes to the
model’s decision-making process. In particular, the Mean Decrease of
Impurity (MDI) is evaluated among the decision trees of the Random
Forest.

3.5. Model tuning

Considering the need to apply the model in an operational envi-
ronment, the real time constraint becomes crucial. Therefore, features
requiring an incompatible extraction time are eliminated from the set.
To select incompatible features, the computational cost is extracted
from a test on a real LiDAR scan reporting 40 targets of different nature
and size and averaged on a set of 100 run.

To further investigate the feature dependency, a Recursive Feature
Elimination (RFE) procedure is also performed. Considering the fea-
tures importance distribution obtained from the MDI values, subtracted
from the features incompatible with the real time constraint, one
feature at a time is eliminated, in descending order of importance. For
each iteration, the model is retrained on the new set of features and
tested with the 5 folds cross validation test, calculating a mean accuracy
value. Moreover, given that the computational cost in prediction varies
indicatively linearly with the number of estimators in the model, for
each feature-set iteration, the number of Random trees estimators is
made to vary systematically between 64 and 128; the minimum number
of features is limited to 2. This setup results in a test grid of size 15 X 65,
from the number of feature-sets and the number of possible estimators
respectively, leading to 975 combinations. The other model features
are left fixed as obtained from the hyperparameters tuning. The KPIs
calculated for each point identified in the test grid are listed below:

+ T,: is the feature extraction time matrix, where each component
T} ;; indicates the mean time needed to extract the feature set, for
the ijth combination of the test grid. It is tested on the 40 cluster
test scenario and averaged on 100 runs. Since this parameter is
related only to the number of features in the feature-set, a vector
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Table 1

LiDAR main specifications.
Spec. Value
Vertical FOV 31°
Vertical resolution 1°
Horizontal FOV 360°
Horizontal resolution 0.09° to 0.36°
Range 120 m
Accuracy 0.01 m

Table 2

Organization of the dataset acquisition series.
Class Members
Quay 238
Motor Boat 313
Sailing Boat 221
Ship 148

would be sufficient to express this KPI. However, a matrix T is
build by tiling 65 times the computational time vector in order to
make it compatible with the size of the test-grid.

T,: is the classification time matrix, where each component 7, ;
indicates the mean time to perform the classification on the test
set, averaged on the number of targets, for the ijth combination
of the test grid.

A: is the mean accuracy matrix where each component 4;; indi-
cates the mean accuracy obtained from the 5 folds cross valida-
tion, for the ijth combination of the test grid.

After calculating the feature extraction time matrix T, and the classifi-
cation time matrix T, for each test grid combination, these matrices
are summed to obtain the generalized computational cost matrix T.
The results derived from the test grid are extensively discussed in
Section 5.3, offering a broad range of models and feature sets to guide
the selection of the most suitable predictive model on a case-by-case
basis.

Once a specific combination of parameters and features is selected,
the Random Forest Classifier is retrained on the entire dataset and
evaluated on two dynamic operational scenarios, the computational
cost of the entire procedure, from sensor data parsing to detection and
classification, is continuously monitored as a supplementary KPIL. Three
additional static scenarios are used to evaluate the effectiveness of the
clustering algorithm in more complex environments and its impact on
classifier performance. Finally, a progressive object truncation test is
performed to observe the effect of partial point clouds on accurate
classification.

4. Dataset

This section provides details on the construction of the dataset and
its field acquisition.

The training and testing phases of a LiDAR supervised classifier
require a large dataset of sample point clouds. In the automotive field,
large labelled datasets are available, such as KITTI (Geiger et al.,
2013), ApolloScape (Huang et al., 2018) and others. In the marine
field, LiDAR dataset availability suitable for classifier training is more
limited regarding the number of frames and variety of targets, making
the available datasets more oriented towards developing multi-sensor
data fusion systems. The open dataset available in Helgesen et al.
(2022) provides a limited variety of targets; The MIT Sea Grant Ma-
rine Perception Dataset (Autonomous Underwater Vehicles Laboratory,
2022), collected using the RoboWhaler Autonomous Laboratory (De-
Filippo et al., 2021) presents beneficial characteristics for multi-sensor
data fusion developments, but targets are acquired using a 16-channel
mechanical LiDAR; the state-of-the-art LiDAR sensor is characterized
by several channels in the 32-128 range. Finally, the Pohang canal



F. Pongzini et al.

Laser Emission (red region)

I/ Laser Reception (red and blue regions)

Channel 1 +15°

Channel 8 1°
Channel 9 -1°

Channel 16 -15°

Applied Ocean Research 158 (2025) 104552

Laser Receiver —_ _—— Laser Emitter

76

46.4

ll

Fig. 3. HESAI Pandar XT-32 LiDAR technical draws.

dataset (Chung et al., 2023) provides a variegated and state-of-the-art
sensory dataset related to inland navigation, which is unsuitable for
the open seas. For this reason, a new dataset is collected, considering a
wide variety of vessels of different sizes, acquired from different Point
Of Views (POV). A preliminary post-processing activity is organized to
obtain a set of labelled sample targets. The classes chosen for labelling
the dataset are:

* Quay: point-cloudelonging to docks, piers, concrete constructions
and infrastructure.

» Motor Boat: point clouds of small motor boats (indicatively less
than 24 m in length); motorboats, dinghies, Rigid- hull Inflatable
Boats (RIBs) small pilot boats and similar vessels belong to this
category.

* Sailing Boat: point-clouds of boats characterized by the presence
of one or more masts suitable for carrying sails (either unfurled
or lowered).

+ Ship: point clouds of large ships or vessels significantly longer
than 24 m.

4.1. On-field dataset acquisition

A wide range of LiDAR sensors are currently available, from the
older 16-channel mechanical LiDARs to the new solid-state LiDARs. The
most used to provide situational awareness to autonomous vehicles are
mechanical LiDARs with 32, 64 or 128 channels, as they are the best
compromise between point cloud density, operation range and price.
For this reason, a field acquisition campaign was performed using 32-
channel, representing one of the most popular LiDAR sizes. Specifically,
a HESAI Pandar XT-32 was used whose technical characteristics are
shown in Table 1.

A schematic representation of the sensor with the channel distribu-
tion is given in Fig. 3.

The acquisition campaign was organized to acquire a wide variety
of vessels from different POVs.

The dataset consists of LiDAR scans obtained during different exper-
imental data acquisition campaigns, totalling about 15 min of useful
LiDAR video recordings, from which 300 representative scans are ex-
tracted. A first set of scans is obtained from fixed locations by placing
the sensor on different quays to acquire moored boats of different
types and sizes. A second set of scans is acquired from the previously
described location but with a focus on vessels navigating in the area
surrounding the quay acquisition points. A third set of scans is acquired
by placing the sensor on a small boat and navigating between moored
boats. These three datasets were collected during the experimental
campaign presented in Faggioni et al. (2022b,a) and were acquired
in the Gulf of La Spezia in Liguria, Italy. A fourth additional dataset
was collected by sailing in blue water during ship trials in the Gulf of
Augusta, in Sicily, Italy, as presented in Martelli et al. (2022), collecting
LiDAR scans of large vessels. The overall dataset comprising the four
sets of acquisitions consists of several and variegated targets differing
in POV, distance, type, size, and weather/sea conditions, ensuring cov-
erage of many operational scenarios. As an illustrative example, Figs.
4 and 5 show the 2D projected LiDAR point clouds of two operational
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Fig. 4. Sample LiDAR scan of moored boat acquired from a boat sailing in an harbour.
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Fig. 5. Sample LiDAR scan of large ship acquired in blue water.

scenario sample scans. Specifically, Fig. 4 shows a harbour scenario in
which several moored boats are acquired, whereas Fig. 5 shows the
deep-sea acquisition of a large ship.

In particular, each suitable target is extracted and labelled from a
selection of 300 relevant scans, obtaining a set of 928 examples divided
into classes as shown in Table 2.

Figs. 6 7, 8 and 9 present a representative point cloud for each of
the 4 identified classes, respectively Quay, Motor Boat, Sailing Boat and
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Fig. 8. Principal component analysis on a LiDAR point-cloud of a sailing boat.

Ship. The point cloud is expressed in the principal directions v, v, vs,
according to Section 3.
A sample prototype of the dataset is given in Table 3.

5. Analysis results

This section presents the key findings, including feature analysis,
model training, model tuning, and field testing. Quantitative and qual-
itative analyses are provided to assess the methodology’s effectiveness
at each stage.

5.1. Dataset features analysis

This section reports the results of the qualitative and quantitative
Exploratory Data Analysis of the features extracted from the dataset.

5.1.1. Qualitative analysis

Initially, the feature distributions for each class are illustrated
through violin plots. The geometric information of the point cloud is
shown through the feature distributions in Figs. 10 and 11. Hence, Fig.
10(a) shows the 3 PCA eigenvalues, i.e., the data variance along the 3
main directions, using a logarithmic scale. In Fig. 10(b) are presented
the ellipticities calculated as the ratio of eigenvalues.

These two graphs show the variance in the principal directions and
their ratio; the shown distributions reflect the geometric characteristics
of the targets. Bulky-shaped targets such as Motor Boat and Ship are
characterized by similar mean values of the ellipticities involving the
second eigenvalue (e, 5, e, 3), while they are distinguished by the value
of the eigenvalues due to the significant difference in the size of the
objects. Quay class linear objects such as the edges of docks that
have one direction very predominant over the others; consequently,
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Fig. 9. Principal component analysis on a LiDAR point-cloud of a ship.

Table 3

Sample prototype of the dataset.
Variable Type Description
Class String Label describing the object
X n by 3 array 3D point cloud
z n by 3 array 3D point cloud expressed in principal directions
] n by 1 array Intensity values
A Scalar First eigenvalue obtained from PCA
Ay Scalar Second eigenvalue obtained from PCA
A3 Scalar Third eigenvalue obtained from PCA
e Scalar Point cloud Ellipticity calculated in principal directions 1-2
e Scalar Point cloud Ellipticity calculated in directions 1-3
e Scalar Point cloud Ellipticity calculated in principal directions 2-3
7 Scalar Point cloud Skewness calculated in principal direction 1
72 Scalar Point cloud Skewness calculated in principal direction 2
73 Scalar Point cloud Skewness calculated in principal direction 3
ky Scalar Point cloud Kurtosis calculated in principal direction 1
ky Scalar Point cloud Kurtosis calculated in principal direction 2
ky Scalar Point cloud Kurtosis calculated in principal direction 3
“, Scalar Mean intensity value
o, Scalar Intensity standard deviation
7, Scalar Intensity Skewness
k, Scalar Intensity Kurtosis
H Scalar Shannon entropy of the intensity
I Scalar Moran’s I spatial auto-correlation index
C Scalar Geary’s C spatial auto-correlation index
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(a) Log-scale point-cloud eigenvalues obtained from the PCA.
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Fig. 10. Point cloud violin plots: first set.

the average eigenvalue for that direction A, predominates over the
other two and the two ellipticities e;, e, 3 in which it is involved
are higher than the remaining. Planar targets such as a Sailing Boat
are characterized by the first two eigenvalues (4,, 4,) having close
means and the resulting ellipticity e, , being much lower than the other
two; this is due to the presence of the mast and sails that provide the
target with two main directions in which the variance (and hence the

correspondence eigenvalue) is comparable.

Bulky-shaped targets such as Motor Boat and Ship exhibit similar
average values for the ellipticities involving the second eigenvalue (e, ,,
e,3). However, these targets can be distinguished by their eigenvalue
mean values, which reflect the significant size differences between the
objects.

The Quay class identify linear objects like the edges of docks,
where one direction is significantly more prominent than the others.
Consequently, the eigenvalue (4,) corresponding to the predominant
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Fig. 11. Point cloud violin plots: second set.

direction is much higher than the other two. As a result, the elliptic-
ities e, , and e, 3, which involve the dominant eigenvalue, are higher
compared to the remaining.

Planar targets, such as a Sailing Boat, are characterized by similar
average values for the first two eigenvalues (A;, 4,); the resulting
ellipticity e;, is much lower than the other two. This phenomenon
is characterized by the presence of the mast and sails, giving the
target two main directions with comparable variance, and thus, similar
corresponding eigenvalues.

Figs. 11(a) and 11(b) show the distributions of the successive sta-
tistical characteristics of the point-cloud, respectively the point-cloud
Skewness and Kurtosis calculated in the principal directions, according
to Section 4.1. Considering the average Skewness values for the Quay
class, a positive skew is found in the second and third main directions.
Considering that the second and third main directions in this class
roughly correspond to the width and height of the quay (see Fig. 6),
the phenomenon is explained by the detection of most points in the
first-impact surfaces of the sensor’s laser pulse as outlined in Faggioni
et al. (2022b), which is also increased by the presence of extremely flat
surfaces. For the Motor Boat and Ship classes, there are no evident vari-
ations in Skewness, the differences being mainly due to distance and
POV. However, for the Sailing Boat class, a lower average y, value than
7, and y; can be noticed, being Skewness value in the second principal
direction approximately zero or slightly positive. This phenomenon is
due to the presence of the mast and rigging that distinguishes this
class from the others, making the distribution in that direction quite
symmetrical.

Considering the distribution of mean values of Kurtosis over the
three main directions, the point-cloud distribution is platykurtic, show-
ing no particular differences between the different classes. An exception
is the distinctive trend for the Quay class where the k, and in particular
ks values are associated with leptokurtic distributions, confirming the
pronounced acquisition of most points towards the first-impact surfaces
as discussed for the Skewness distribution.

Intensity related features are reported in Fig. 12. Specifically,
Fig. 12(a) shows the intensity distribution mean and the standard
deviation for the classes; The mean values do not identify substantial
differences between the classes with the exception of the Quay class,
which is characterized by lower mean values. This is mainly due to the
difference in the reflectivity of the material, as the quays are mainly
made up of raw, unpainted concrete.

In Fig. 12(b) are reported the intensity of Skewness and Kurtosis
without highlighting any distinctive features. The Skewness values are
all quite similar and the intensity distributions are generally platykur-
tic, only the Ship class shows a slightly higher Kurtosis mean value,
though it does not appear to be a particularly distinctive feature.

The additional features distribution are reported in Fig. 13. The
Shannon Entropy, reported in Fig. 13(a), provides useful information
for distinguishing between the Quay and Ship classes. The first is char-
acterized by low statistical entropy, indicating less variable intensity

values, whereas the second is characterized by higher entropy, indicat-
ing a more significant variability in intensity values. This phenomenon
is likely caused by the difference between the two classes in terms
of their dimensions and the physical material they are composed of,
similar to the case of the mean intensity values. The docks offer a flat
surface of the same material with a narrow cross-section, thus providing
low variability in intensity values. Large ships, instead, offer larger,
heterogeneous surfaces with variable encounter angles and variable
materials, resulting in much higher variability in intensity values and,
thus, higher statistical entropy.

The spatial auto-correlation indices distribution within the classes
i.e. Moran’s I and Geary’s C are reported in Fig. 13(b). No notably dif-
ferent spatial patterns between classes are evident and no remarkably
different spatial patterns are evident between the classes. However, the
Sailing Boat class shows a slightly lower average value for Moran’s I
(and therefore a higher value for Geary’s C) than the other boats. In
other words, points close to each other have less similar intensity values
than in the other classes. This is likely due to the mast and rigging,
which the LiDAR captures as a more heterogeneous point cloud in terms
of intensity.

Fig. 14 provides an overview of the distribution of the mean of
the extracted features for each class. Specifically, the mean values for
each class feature are normalized by the maximum absolute value that
the feature assumes within the entire dataset. The green solid line
with circular markers represents the Quay class; the blue dashed line
with cross markers identifies theMotor Boat class, the red dotted line
with square markers denotes the Sailing Boat class, and the orange
dash-dot line with diamond markers represents the Ship class. Through
careful examination of the proposed features alongside graphical rep-
resentations, especially focusing on the mean and the spread of the
first quartiles, it becomes apparent that a combination of these 19
parameters could potentially be predictive of a class. This suggests
constructing predictive models that use these parameters to classify
LiDAR-detected objects.

5.1.2. Quantitative analysis

This section focuses on the quantitative analysis, complementing the
qualitative observations made. A correlation matrix is presented in Fig.
15, providing information on how the selected features tend to vary
together. It is worth noticing that the correlation between eigenvalues
and ellipticities is quite high.

In addition, Fig. 16 presents the p-values of each feature obtained
carrying out the Kruskal-Wallis test; being the p-values very small, the
bar plot is presented in logarithmic scale. The standard 0.05 p-value
is reported as a red dashed line, moreover, the analysis is carried out
considering also a random variable. As can be seen, all the selected
features largely reject the null hypothesis; note also that the p-value
associated with the third direction point-cloud kurtosis k3, the feature
of least importance, is about 4.77¢—12 against an average p-value of the
random feature of 0.65 per 100 runs.
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Fig. 12. Intensity related features violin.
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Fig. 14. Global normalized feature distribution.

The quantitative analysis confirms the possibility of using these
features, all or a selection, for predictive purposes.

5.2. Supervised model training

This section discusses the training of the supervised model and the
tuning of hyperparameters, according to Section 3. In order to select
a classification model capable of operating on a feature dataset for
comparison, three models were chosen. Specifically, a Random Forest

(RF) Classifier, a Multi-Layer Perceptron (MLP), and a Support Vector
Machine (SVM) were trained on the same feature dataset. To ensure
a fair comparison, the tuning of hyperparameters was performed for
all three models. The hyperparameter search grid is shown in Tables
4-6 for the RF, MLP, SVM tuning respectively. A 5-fold cross-validation
test was performed on each hyperparameter combination as a metric.
The set of hyperparameters that guarantees the best result on the test
case is provided in the same table. Although the computational cost of
classification was comparable for all the three cases, the RF classifier
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Table 4
RF hyperparameters tuning grid.
Hyperparameter Search range Best
N° estimators [64-256] 128
Max depth [2-50, None] 10
Max features [y/n, log, n, None] \n
Min samples leaf [1-5] 2
Min samples split [2-10] 5

achieved an average accuracy of 94% in the 5-folds cross-validation
test, compared to 90% for MLP and 91% for SVM.

It is also worth noting that, in addition to achieving higher accuracy,
the Random Forest Classifier inherently provides feature importance
rankings, which are essential for the proposed framework. For these
reasons, the Random Forest Classifier was chosen as the classification
model.

The Random Forest classification report on the whole test set is
shown in Table 7, offering an assessment of the predictive ability of
the model on the different classes and in a global view. Moreover, the
5-fold cross-validation result is reported in Table 8.
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Table 5

MLP hyperparameters tuning grid.
Hyperparameter Search range Best
Hydden layer size [(10-200,)(10-200,10-200)] (100,20)
Activation [relu, tanh] tanh
Solver [adam, 1bfgs] adam
Alpha [0.001-0.1] 0.005
Learning rate [constant, adaptive] constant
Batch size [auto, 10-100] auto

Table 6

SVM hyperparameters tuning grid.
Hyperparameter Search range Best
C [0.1-100] 10
Kernel [linear, rbf, poly, sigmoid] rbf
Gamma [scale, auto] scale

Table 7

Classification report.
Class Precision Recall Fl-score Support
Motor Boat 0.94 0.96 0.95 85
Quay 0.99 0.96 0.97 72
Sailing Boat 0.99 0.99 0.99 76
Ship 0.95 0.95 0.95 43
Macro average 0.97 0.97 0.97 276
Weighted average 0.97 0.97 0.97 276
Accuracy 0.97 276

Table 8

5-folds cross-validation result.
Fold Accuracy
1 0.90
2 0.98
3 0.99
4 0.97
5 0.87
Mean 0.94

The training results are displayed in Fig. 17. The confusion matrix
obtained on the test set is shown in Fig. 17(a). Fig. 17(b) shows the
MDI feature importance of the model, including the injection of a
random variable in the training set, to verify that all the features
provide a MDI greater than the one produced by a random variable.
Confirming the Exploratory Data Analysis, the features contribute to
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Fig. 17. Random forest training results.

the classification with a similar distribution of importance to that found
with Kruskal-Wallis test presented in Section 5.1.

5.3. Model optimization and tuning

The model is trained and produces sufficiently accurate results for
the intended application. However, it may be of interest to optimize the
selection of features to be used, seeking the suitable trade-off between
model lightness and prediction accuracy.

The first consideration to be made, bearing in mind the real-time
application of this model, is the computational time required to obtain
the feature set from the LiDAR point cloud. Since the two spatial
auto-correlation indices (Moran’s I and Geary’s C) are the most com-
putationally onerous, a test is performed on the computational cost of
feature set extraction with and without the two indices. Specifically, the
test is performed on a real LiDAR scan reporting 40 targets of different
nature and sizes and averaged on a set of 100 runs. Moreover, the com-
putational cost analysis is performed on an Off-the-Shelf laptop whose
technical specifications are given in Table 9. The features extraction
code is implemented in Python 3.12.

The average target feature extraction time of the whole set of
features is 0.12 s with a standard deviation of 0.28 s. The average target
feature extraction time of the whole set of features without the two
spatial auto-correlation index is lowered to 0.0035 s with a standard
deviation of 0.0005 s. Using the two spatial autocorrelation indices is
not a sustainable choice for real-time applications where the LiDAR
sensor has an operating frequency between 5 and 20 Hz. Considering
that the two indices are associated with a fairly low Mean Decrease of
Impurity (MDI) value, eliminating the two indices from the feature set
leads to a considerable decrease in computational load at a negligible
loss in accuracy. To quantify the loss in accuracy, the Random Forest
Classifier is again retrained, excluding Moran’s I and Geary’s C from
the training dataset, thus lowering the number of features from 19 to
17. The 5-fold cross-validation is repeated, and the results are shown
in Table 10, outlining an average accuracy of 0.93%.

A Recursive Feature Elimination (RFE) process is conducted to
explore feature dependency. Features are removed one by one in order
of importance, and the model is retrained and tested at each step
using 5-fold cross-validation to calculate mean accuracy. The number
of Random Forest estimators is varied between 64 and 128 for each
feature set, creating a 15 x 65 test grid, resulting in 975 combinations.
The other model features were left fixed as obtained from the hyperpa-
rameters tuning (Table 4). Fig. 18(a) shows the feature extraction mean
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Table 9
Personal Computer main specifications.
Spec. Value
0os Fedora Linux 40
Kernel 6.9.4
CPU AMD Ryzen 9 6900HS 4,9 GHz
GPU AMD Radeon RX 6700S
RAM 16 GB DDR5-SDRAM 4800 MHz
Table 10
5-folds cross-validation result without the spatial auto-correlation indices.
Fold Accuracy
1 0.875
2 0.95
3 0.99
4 0.96
5 0.85
Mean 0.93

time 7, as the number of features varies, in ms. Fig. 18(b) shows the
specific feature-set corresponding to each feature number according to
the RFE procedure.

The global computational time T is shown as a heat map in Fig. 19.
Note how time 7, has little influence on the overall computational cost
trend T', which is instead strongly dominated by feature extraction time
T;.

The average accuracy A obtained from the 5-fold cross-validation
test for each combination of the test grid is shown as a heat map in
Fig. 20. As can be seen, the variation in prediction accuracy varies
greatly with the number of parameters, while it is not as affected by the
number of estimators. As can be observed, the variation in prediction
accuracy is dominated by the number of features and varies secondarily
with the number of decision trees.

Fig. 21 shows the optimal choice of the number of Decision Trees (in
green) for each feature set to maximize accuracy. In red is the achiev-
able accuracy, in blue the computational cost. A minimum number of
features to achieve accuracy close to 90% appears to be 8, while in each
combination the computational cost is under 5 ms. From the results
presented, the perfect combination of number of features and number
of decision trees cannot be extrapolated, rather, a performance grid is
presented in which the appropriate combination can be chosen on a
case-by-case basis.

For the case study, it is chosen to impose a computational cost of less
than 3 ms and to maximize accuracy. Therefore, a total of 15 features



F. Pongzini et al.

35

_ — () IS w
1S 7 S G S

Feature extraction computational time [ms]
I

SERLL

il

17 16 15 14 13 12 1110 9 8 7 6 5 4 3 2
Feature number

(a) Average computational cost for each feature set.

Applied Ocean Research 158 (2025) 104552

Feature set

€23 7

e

€13

17 16 15 14 13 12 11 10 9 8 7 6 5 4 3 2

Feature number

(b) Selected feature set for each feature number.

Fig. 18. Computational cost calculation according to recursive feature elimination.

Table 11
Tests characteristics.

Test Scan Frequency Duration Average distance Vessel approx. length Ground truth class
Scenario 0 150 5 Hz 30s 49 m 16 m Motor Boat
Scenario 1 150 5 Hz 30 s 67 m 10 m Sailing Boat
Table 12 Two real-time test scenarios are set. In the first (Scenario 0), 150 frames
Scenario 2 clusters information. are acquired at 5 Hz for 30 s total duration of a small motor yacht
Cluster ID n° of points Distance [m] Reference label Predicted label (Class: Motor Boat) sailing close to the acquisition point from right to
0 722 78.78 Ship Ship left. In the second test (Scenario 1), 150 frames at 5 Hz for 30 s total
1 919 21.14 Motor Boat Motor Boat duration are acquired of a sailing vessel (Class: Sailing Boat) sailing with
2 1430 25.72 Quay Quay the 1 d sails £ lef ioh ith h . .
3 033 15.42 Motor Boat Motor Boat e lowered sails .rom eft to rlg t wi : respect to t. e achISIth.n Pomt
4 2091 17.5 Sailing Boat Sailing Boat and at a greater distance than in the first case. Main characteristics of
5 1059 18.96 Motor Boat Motor Boat the two experimental tests are summarized in Table 11.
Fig. 22 shows three RGB reference sample images for Scenario 0,
Table 13 obtained at the three key stages of the acquisition (beginning, middle,

Scenario 3 clusters’ information.

Cluster ID n° of points

Distance [m]

Reference label

Predicted label

0 305 85.28 Ship Sailing Boat
1 58 88.08 Quay Quay

2 322 61.98 Motor Boat Motor Boat
3 259 80.47 Motor Boat Motor Boat
4 353 87.5 Motor Boat Motor Boat

are selected for use (see Fig. 18(b) for specific feature selection), i.e. ne-
glect the skewness y, and the kurtosis k, of the intensity; the number of
Decision Trees is set to 72. Thus, the Random Forest Classifier is trained
with the chosen parameters on the entire dataset.

5.4. Field verification

This section presents the results of tests conducted on the classifi-
cation module embedded within the entire LiDAR detection pipeline.
Specifically, marine LiDAR scans are read, parsed, and processed in
real-time through the pipeline proposed in Section 1. The selected
detection-pipeline is based on a DBSCAN clustering algorithm that
analyses the LiDAR point cloud after noise filtering. Simultaneously
with the detection and subsequent cluster identification, the feature-set
discussed in Section 4.1 is extracted and fed into the Random Forest
Classifier, according to . The classification obtained, time-by-time, and
the overall computational cost of the entire process are saved as KPIs.

12

end); Fig. 23 represents the corresponding LiDAR scans of the same
Scenario O time series projected in 2D. Out of 150 scans where the
ground truth class is Motor Boat, the classifier predicted the correct
class 140 times, the Sailing Boat class 10 times and never the other
two, resulting in an accuracy of 93.33%. The average global computa-
tional time considering detection, feature extraction and classification
is about 12 ms.

Fig. 24 shows three RGB reference sample images for Scenario 1,
obtained at the three key stages of the acquisition (beginning, middle,
end); Fig. 25 represents the corresponding LiDAR scans of the same
Scenario 1 time series projected in 2D. Out of 150 scans where the
ground truth class is Sailing Boat, the classifier predicted the correct
class 148 times, the Motor Boat class 2 times and never the other
two, resulting in an accuracy of 98.6%. The average global computa-
tional time considering detection, feature extraction and classification
is about 9 ms.

To evaluate the combined performance of the detection and classifi-
cation pipeline, three more complex scenarios were selected (Scenarios
2, 3, and 4). Unlike earlier tests conducted in open-water conditions
(e.g., Scenarios 0 and 1), these scenarios focus on quay approach
operations. Each scenario consists of a single static frame featuring
several boats, either sailing or moored, of varying types, along with
parts of the quay. Some boats are well-defined in the point cloud,
while others appear less distinct, with clusters ranging from over 1000
points to fewer than 100. These static scenarios are designed to test the
pipeline’s performance against multiple objects of varying sizes, types,
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Fig. 20. Average accuracy heat map.

and distances within the same frame, enabling an analysis of partial
occlusions, point density, and object distance.

Initially, water noise was filtered by removing points with an in-
tensity below 10 and a height close to sea level (based on the sensor
installation). The DBSCAN algorithm was then uniformly applied in all
three scans using the radius parameters ¢ = 1 m and a minimum of
five points (minpts = 5) within the radius. Noise points identified by
DBSCAN were excluded and only clusters with more than 50 points
were retained for classification. Each valid cluster was then classified
using the trained Random Forest Classifier, as previously described. The
scenarios present increasing levels of difficulty. Scenario 2 contains a
small number of well-defined targets, with only a few noisy points.
Scenario 3 has a low number of targets, but some are partially occluded
or fragmented; disturbing elements, such as mooring lines, are also
present. Scenario 4 features a high number of targets, many of which
are fragmented or occluded, along with a significant presence of noisy
points. Figs. 26, 27 and 28 visually show the procedure described for
Scenarios 2 3 4, respectively. Figs. 26(a), 27(a) and 28(a) show the raw
scenario, projected in 2D. Figs. 26(b), 27(b) and 28(b) show the clusters
identified by the DBSCAN algorithm and shown in different colours;
the points marked by red X’s represent the noise cluster. Compared to

13

the raw scenario, the effect of the water noise filter can be observed.
Finally, Figs. 26(c), 27(c), 28(c) show the valid clusters numbered,
ready to be processed with the classifier. The POV of the sensor is
shown with a red circular marker with a black border in all figures.
Information and results of the analysis are given in the Tables 12-14
for Scenarios 2 3 4 respectively.

The results achieved in Scenario 2 show that the algorithm performs
effectively on well-defined scenes and if the targets are well segmented.
It can also be seen that the noise due to the divergent wave created by
the hull of cluster 0 is well filtered out by the algorithm. The results
obtained in Scenario 3 demonstrate the algorithm’s effectiveness in en-
vironments with higher noise levels. Observing cluster 2, the algorithm
successfully filtered out the mooring lines and accurately predicted the
correct class. However, it is important to emphasize that proper seg-
mentation is crucial for effective classification. In particular, observing
cluster 0, a classification error corresponding to a segmentation error
can be identified. Specifically, due to the shadow cones created by the
first-impact obstacles, the stern of cluster 0 is detached from the rest
of the hull and classified as noise. Additionally, small occluded objects
are not considered valid clusters due to their low point count. Finally,
Scenario 4 highlights the impact of occluded and partially acquired
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Table 14

Scenario 4 clusters’ information.
Cluster ID n° of points Distance [m] Reference label Predicted label
0 564 42.02 Quay Quay
1 3076 21.45 Quay Quay
2 188 29.07 Quay Motor Boat
3 74 35.69 Motor Boat Motor Boat
4 383 24.74 Motor Boat Motor Boat
5 126 32.46 Quay Motor Boat
6 306 28.21 Motor Boat Motor Boat
7 328 32.0 Sailing Boat Sailing Boat
8 81 47.32 Quay Motor Boat
9 75 45.91 Motor Boat Motor Boat
10 690 18.25 Motor Boat Motor Boat
11 169 33.23 Sailing Boat Sailing Boat
12 101 27.65 Motor Boat Motor Boat
13 122 36.09 Sailing Boat Sailing Boat
14 87 23.79 Quay Quay
15 499 41.37 Sailing Boat Sailing Boat

obstacles on the accuracy of the predicted class. Classes are generally
well assigned except in those cases where the object is partially shielded
by other objects or poorly segmented (clusters 2, 5, 8). In those cases
where the object is acquired without obstruction, segmentation and
classification occur correctly and are little affected by distance or
number of points. In a global view of the results, it appears that a low
number of points or a greater distance to others does not affect the
correctness of the classification as long as the proportions and main
features of the object are correctly acquired. In contrast, a near object
with a medium number of points is incorrectly classified if occluded or
not properly acquired in its main shapes.

An additional series of tests was conducted to investigate the depen-
dency of classification on target truncation. The dataset samples were
divided by class, and an increasing percentage of each point cloud was
progressively removed along the first principal direction. For each level
of truncation, classification performance was evaluated, recording the
percentage at which the first misclassification occurred, along with the
corresponding confusion class. This procedure simulates the effect of
partial target acquisition caused by occlusion from another object or
the partial grouping of points resulting from a failure in the clustering
algorithm. The test results are presented in Table 15, which reports, for
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Table 15
Progressive truncation test results.

Class Truncation [%] Confusion class
Quay 55% Motor Boat
Motor Boat 47% Quay

Sailing Boat 40% Motor Boat
Ship 56% Motor Boat

each analysed class, the average percentage of occlusion that leads to
the first classification failure, along with the most frequently confused
class. The results indicate that once the truncation surpasses 40%, the
classification becomes unreliable.

6. Conclusions

The framework proposed in the paper demonstrates significant ca-
pabilities for the detection and classification of marine targets and
obstacles using LiDAR. The integration of a lightweight classification
module into the existing clustering-based workflow retains the advan-
tages of effectiveness, simplicity, and generalization of the original
framework without compromising real-time performance and adding
the ability to predict the class of the target with high accuracy.

An extensive investigation was conducted to select and extract the
geometric and statistical characteristics of the point cloud that could
indicate the class of the target. A Random Forest Classifier was trained
on the obtained feature training dataset and extensively tested on the
test dataset, tuning the hyperparameters. The classification was tested
by embedding it in the entire LiDAR detection pipeline on completely
new real scenarios. The successful application of the combined learning
framework in real-world scenarios opens new avenues for enhancing
the situational awareness of Marine Autonomous Surface Vehicles, with
potential benefits for operational safety and efficiency in the marine
domain. The Random Forest Classifier module provides satisfactory
results despite having a contained dataset with even non-dense point
clouds. Moreover, it guarantees higher accuracy than other classifiers
capable of using the same feature set. In addition, classification is
subordinate to detection, guaranteeing the ability to detect a target
even with a classification failure, not affecting the safety of navigation.
However, this is reflected in the inability to adequately classify a
target if the clustering-based detection pipeline fails. The results show
that classification is effective as long as the clustering-based pipeline
provides reliable clusters; in particular, if the cluster is over- or under-
segmented, classification may fail. The tests conducted indicate 40% as
a possible truncation limit for an object; above this limit, the statistical
characteristics extracted from the cluster do not allow effective classifi-
cation. The applicability domain of the proposed method is navigation
in areas compatible with commercial LiDAR ranges. In particular, dy-
namic scenarios with low to medium distances such as port navigation,
navigation in bays and during dock approaches. In these scenarios, the
ability to perceive and classify a target that is navigating nearby enables
reactive route planning including navigation rules (such as ColRegs).
In low distance and low speed scenarios such as inland navigation in
marinas, LiDAR can be more effectively exploited in occupancy grid
mode as the extreme complication and connection of objects makes
clustering-based detection sub-optimal. Despite the advantages and
drawbacks demonstrated, the authors emphasize that additional tests
and considerations are still necessary. In a sensor fusion perspective,
the semantic data obtained from the proposed LiDAR pipeline can be
combined with the well-known image-based classification to further
enhance and improve the capabilities of the perceptual system; this
aspect will be the subject of future developments.
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Fig. 22. Reference RGB images of the Scenario 0 acquisition time series.
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Fig. 23. LiDAR 2D point cloud of the Scenario 0 acquisition time series.

Fig. 24. Reference RGB images of the Scenario 1 acquisition time series.
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Fig. 25. LiDAR 2D point cloud of the Scenario 1 acquisition time series.
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(a) Scenario 2. (b) Clustering on Scenario 2. (c) Cluster filtering on Scenario 2.
Fig. 26. Detection and classification pipeline tested on Scenario 2.
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Fig. 27. Detection and classification pipeline tested on Scenario 3.
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(a) Scenario 4 point cloud.

(b) Clustering on Scenario 4.

(c) Cluster filtering on Scenario 4.

Fig. 28. Detection and classification pipeline tested on Scenario 4.
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