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Abstract: This study addresses the dynamic object detection problem for Unmanned Surface Vehi-
cles (USVs) in marine environments, which is complicated by boat tilting and camera illumination
sensitivity. A novel pipeline named “Seal” is proposed to enhance detection accuracy and reliability.
The approach begins with an innovative preprocessing stage that integrates data from the Inertial
Measurement Unit (IMU) with LiDAR sensors to correct tilt-induced distortions in LiDAR point
cloud data and reduce ripple effects around objects. The adjusted data are grouped using clustering
algorithms and bounding boxes for precise object localization. Additionally, a specialized Kalman
filter tailored for maritime environments mitigates object discontinuities between successive frames
and addresses data sparsity caused by boat tilting. The methodology was evaluated using the VRX
simulator, with experiments conducted on the Volga River using real USVs. The preprocessing effec-
tiveness was assessed using the Root Mean Square Error (RMSE) and tracking accuracy was evaluated
through detection rate metrics. The results demonstrate a 25% to 30% improvement in detection
accuracy and show that the pipeline can aid industry even with sparse object representation across
different frames. This study highlights the potential of integrating sensor fusion with specialized
tracking for accurate dynamic object detection in maritime settings, establishing a new benchmark
for USV navigation systems’ accuracy and reliability.

Keywords: dynamic object detection; unmanned surface vehicles; Kalman filter; LiDAR point cloud

1. Introduction

Unmanned Surface Vehicles (USVs) have become integral to a wide array of maritime
applications, including pipeline inspection, environmental monitoring, and rescue missions,
thanks to their capability to autonomously execute complex tasks [1–6]. The evolution of
USV autonomy aims to enhance both safety and operational efficiency in dynamic and
often unpredictable water environments. However, one of the significant challenges in
advancing USV autonomy is detection and tracking of dynamic objects, a task complicated
by various environmental factors such as water reflection, waves, and the instability caused
by USV movements in response to rolling, pitching, and yawing (RPY) motions.

These environmental factors present unique obstacles in accurately determining the
position and orientation of objects relative to the USV. Water reflections can interfere
with camera-based systems, while turbulent conditions can create noise in sensor data,
especially with LiDARs. Moreover, objects such as bridges, boats, and other waterborne
obstacles come in a wide range of shapes and sizes, further complicating navigation and
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detection processes. Therefore, the selection of appropriate sensors and the development of
a robust detection and tracking system are critical for enabling USVs to operate safely and
autonomously in these challenging environments.

The maritime industry requires reliable USVs capable of effectively navigating these
dynamic waters to perform critical tasks such as inspecting pipelines and conducting rescue
missions. Successful execution of these tasks depends on the accurate detection and tracking
of dynamic objects, allowing USVs to navigate obstacles autonomously. Current approaches
rely heavily on cameras and LiDARs, each of which faces limitations in these environments.
Cameras are vulnerable to issues such as water reflections and low-light performance, while
LiDAR systems often struggle with noise introduced by waves and surface reflections.
Additionally, the instability of USVs due to water-induced tilt fluctuations can affect the
accuracy of these sensors, leading to incomplete or inaccurate data.

This paper introduces a novel detection and tracking pipeline named the Seal Pipeline,
which is designed to enhance the capabilities of USVs in dynamic maritime environments
by addressing key challenges in object detection and tracking. Existing methods for object
detection in USVs often rely on cameras and LiDARs, and consequently face significant
limitations. Cameras are susceptible to errors caused by reflections, illumination variations,
and reduced effectiveness in low-light conditions, particularly in dynamic water environ-
ments [7–9]. LiDARs, while providing more accurate distance measurements through time
of flight (TOF) calculations, encounter challenges from water surface reflections, especially
in turbulent conditions caused by waves or moving vessels. These disturbances result in
noisy data, complicating the differentiation between actual objects and noise from water
ripples. Additionally, tilt fluctuations of USVs due to wave motion disrupt the accuracy of
LiDAR data, given the limited vertical range of such sensors. The Seal Pipeline addresses
these challenges by combining innovative data preprocessing and postprocessing tech-
niques, advanced segmentation methods, and predictive modeling to mitigate the effects of
environmental noise and USV motion on sensor data. By leveraging advanced sensor fusion
to integrate data from both LiDARs and cameras, the Seal Pipeline enhances the autonomy
and operational effectiveness of USVs in maritime applications, providing a comprehensive
solution for reliable object detection in water environments. This contribution holds the
potential to significantly improve the performance of USVs in complex maritime settings,
overcoming the limitations of existing detection systems.

Paper Structure

The rest of this paper is organized as follows: Section 2 presents a detailed review
of related work on object detection and tracking for USVs, emphasizing the methods
employed for sensor fusion and segmentation in dynamic environments; Section 3 outlines
the methodology behind the development of the Seal Pipeline, explaining the innovative data
preprocessing, postprocessing techniques, and sensor fusion algorithms that address the
challenges of environmental noise and USV motion; Section 4 discusses the experimental
setup, evaluation metrics, and results obtained from testing the Seal Pipeline, providing a
detailed analysis of the performance improvements achieved; finally, Section 5 concludes
with a summary of the key contributions and highlights potential directions for future work.

2. Related Work

Accurate detection and tracking of objects in maritime environments is essential for the
safe and efficient operation of USVs. However, achieving reliable performance in dynamic
water conditions remains a significant challenge. This section reviews the relevant literature,
focusing on camera-based detection, LiDAR-based approaches, sensor fusion techniques,
and challenges in navigable region detection. Additionally, we draw comparisons with
similar challenges in other domains, such as spaceborne Synthetic Aperture Radar (SAR)
and underwater vehicles, highlighting how different techniques address analogous issues.
Through this review, we underscore the limitations of current methods and identify areas
where this study makes novel contributions.
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2.1. Camera-Based Detection Methods

Cameras are frequently used in USVs for obstacle detection, often employing stereo
vision systems to estimate depth and identify objects. Huntsberger et al. [10] and Mar-
tins et al. [11] explored the use of stereo vision to detect obstacles in marine environments.
While effective in calm conditions, these methods struggle in dynamic environments char-
acterized by high waves and water ripples. Reflections from the water surface and varying
illumination conditions further complicate accurate detection.

Recent studies such as that of Zhan et al. [9] have attempted to improve detection by
employing approximate semantic segmentation for water surface detection using stereo
cameras. While this approach reduces false positives, it suffers from inaccurate depth
estimation and remains sensitive to weather and lighting conditions. These limitations
underscore the need for additional sensors or enhanced processing to ensure reliable
detection in a wider range of environmental conditions.

Similar challenges have been addressed in spaceborne Synthetic Aperture Radar (SAR)
systems, which face range ambiguity issues when detecting targets across varying terrain.
The work of [12] introduced blind source separation techniques to mitigate these ambigui-
ties, highlighting the relevance of advanced signal processing techniques in overcoming
environmental interference.

2.2. LiDAR-Based Detection Approaches

LiDAR technology has been widely adopted for detecting and tracking objects in
open water environments due to its ability to generate precise point cloud data [13–15].
Han et al. [13] utilized LiDAR for object segmentation, employing the Inscribed Angle
Variance (IAV) technique combined with the Gaussian-means (G-means) algorithm to
improve detection accuracy. However, while effective for identifying stationary structures
such as bridges and towers, this method does not account for dynamic objects such as boats
that are commonly encountered in water environments.

Jeong et al. [16] addressed this limitation by proposing a method to detect in-water ob-
stacles using 3D LiDAR data converted into 2D spherical projections. While this technique
improves real-time object segmentation in aquatic environments, projecting 3D data into
2D results in some loss of information, limiting its effectiveness in tracking dynamic objects.

Autonomous underwater vehicles (AUVs) also face detection and tracking challenges
in environments with limited visibility, as demonstrated by [17]. Vision-based tracking
methods for AUVs share similarities with LiDAR-based detection in USVs, particularly
in dealing with dynamic and noisy environments. In both cases, the need for robust real-
time processing and sensor fusion techniques is crucial to enhance object detection and
tracking accuracy.

2.3. Data Fusion Methods

The fusion of multiple sensors, particularly cameras and LiDARs, has been explored to
overcome the limitations of individual sensing systems. Wang et al. [18] developed a data
fusion approach that combines 3D point cloud data with visual information to improve the
accuracy of object detection in marine environments. This method significantly reduces
the impact of water reflections and ripples, leading to improved accuracy over traditional
detection systems.

Thompson [19] emphasized the importance of LiDAR and camera sensor fusion
for object detection and navigation in maritime environments, with classification being
performed by a Support Vector Machine (SVM) [20]. However, this approach is designed
for prior known classes, which is not efficient for detecting and tracking static and dynamic
unknown objects.

In spaceborne SAR systems, sensor fusion methods have also been employed to
improve detection reliability under adverse conditions. The work of [12] leveraged the
fusion of radar signals with blind source separation to enhance target identification amid
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ambiguous data, drawing a parallel to the challenges faced in fusing camera and LiDAR
data in marine environments.

2.4. Challenges in Navigable Region Detection

Yao et al. [21] introduced a method for segmenting navigable regions in river environ-
ments using minimum convex polygons. While effective in reducing noise from LiDAR
point cloud data, this approach was designed for narrow rivers and does not generalize
well to broader and more dynamic marine environments.

Studies such as [22] have incorporated deep learning and Kalman filters to improve
object tracking and navigable area detection. However, these methods focus primarily on
static obstacles such as riverbanks and bridges, leaving a gap in addressing dynamic objects.

Similar challenges are encountered in underwater environments, where AUVs must
navigate and detect obstacles in murky waters. Vision-based tracking methods such as those
explored by [17] demonstrate the need for advanced preprocessing and fusion techniques
to overcome noisy input data, much as in in the case of USVs dealing with water surface
reflections and dynamic obstacles.

In summary, while existing approaches to object detection and tracking in marine
environments have made considerable progress, they remain limited by their sensitivity to
environmental conditions and the dynamic behavior of water surfaces. The current paper
addresses these gaps by proposing the Seal Pipeline, a comprehensive solution that combines
sensor fusion, robust preprocessing and postprocessing techniques, and advanced tracking
algorithms to handle both static and dynamic objects in challenging water environments.
The proposed framework is designed to significantly enhance the operational reliability of
USVs, offering a novel contribution to the field of maritime autonomy.

3. Methodology

This article addresses the challenge of tilt fluctuations commonly experienced by non-
terrestrial autonomous vehicles such as drones and boats. Our methodology consists of
multiple steps: a preprocessing step that eliminates tilt fluctuations and noise; object detection
using a clustering algorithm, to which bounding boxes are appended for subsequent tracking;
and a Kalman filter employed for precise object tracking across various subsequent frames.
This paper underscores a comprehensive procedure for enhancing object detection precision
for dynamic objects in a maritime environment, Figure 1.

Figure 1. Abstract overview of the Seal Pipeline.

3.1. Data Collection and Sensor Integration

This methodology section details the system and sensors utilized for data collection,
focusing on the integration of IMU and LiDAR sensors to correct tilt-induced distortions
and reduce noise without delving into experimental specifics. This framework incorporates
two primary data streams: LiDAR-generated point clouds and rotational data captured by
the IMU from the boat. These two data streams are fused to mitigate the effects of tilt and
dynamic fluctuations caused by water movement, ensuring precise and stable spatial data
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collection. LiDAR provides high-resolution spatial information for object detection, while
the IMU captures the orientation data needed to correct for the boat’s roll, pitch, and yaw.

Each sensor is modeled mathematically to describe how measurements relate to the
system state. The IMU model is expressed as

zIMU = hIMU(x) + nIMU, (1)

where zIMU represents the IMU measurements, hIMU(x) is a nonlinear function linking the
state to the IMU output, and nIMU denotes the measurement noise.

Similarly, the LiDAR sensor is modeled as

zLiDAR = hLiDAR(x) + nLiDAR, (2)

where zLiDAR represents the LiDAR measurements, hLiDAR(x) is the function mapping the
state to LiDAR observations, and nLiDAR accounts for noise.

To effectively fuse the IMU and LiDAR data, it is essential to align the timestamps
between these sensors to ensure synchronization of the measurements. Timestamp mis-
alignment is addressed through interpolation of IMU data to match LiDAR timestamps,
defined as follows:

zIMU, aligned = I(zIMU, tLiDAR) (3)

where I denotes the interpolation function that adjusts the IMU data to the corresponding
LiDAR measurement timestamps.

Figure 2a illustrates data acquired from the LiDAR, camera, and IMU sensors. It is
noteworthy that the camera-captured images serve solely for visualization and debugging
purposes, and do not contribute to the data processing pipeline.

(a) (b)

Figure 2. Sensor−derived Data: (a) LiDAR-captured point cloud depicting a large vessel and the
noise generated by our boat’s trailing wake; (b) RS-LiDAR-32 laser distribution pattern.

IMU data, represented as quaternions, are converted to Roll (ϕ), Pitch (θ), and Yaw (ψ)
angles for a more intuitive representation of the boat’s orientation with respect to the X, Y,
and Z axes. These angles are derived using the formulas shown below.

ϕ = arctan

(
2(q4q1 + q2q3)

1− 2(q2
1 + q2

2)

)
(Roll) (4)

θ = arcsin(2(q2q4 − q1q3)) (Pitch) (5)

ψ = arctan

(
2(q4q3 + q1q2)

1− 2(q2
2 + q2

3)

)
(Yaw) (6)
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These transformations allow us to account for the boat’s tilt and provide the necessary
corrections to the point cloud data based on the boat’s orientation relative to the X, Y,
and Z axes.

For enhanced analysis and calibration, we also consider the angular velocities (ϕ̇a, θ̇a,
ψ̇a) and linear accelerations (ax, ay, az) derived from the IMU data. The angular velocities
are calculated as follows:

ϕ̇a = ωx + sin(ϕ) tan(θ)ωy + cos(ϕ) tan(θ)ωz (7)

θ̇a = cos(ϕ)ωy − sin(ϕ)ωz (8)

ψ̇a =
sin(ϕ)
cos(θ)

ωy +
cos(ϕ)
cos(θ)

ωz (9)

where ωx, ωy, and ωz are the angular velocity components measured by the IMU.
To transform the linear accelerations from the body frame to the inertial frame, we

employ the rotation matrix R derived from the quaternion [23–26]. The transformation is
described by axinertial

ayinertial

azinertial

 = R ·

ax
ay
az

, (10)

where the rotation matrix R is provided by

R =

1− 2(q2
2 + q2

3) 2(q1q2 − q4q3) 2(q1q3 + q4q2)
2(q1q2 + q4q3) 1− 2(q2

1 + q2
3) 2(q2q3 − q4q1)

2(q1q3 − q4q2) 2(q2q3 + q4q1) 1− 2(q2
1 + q2

2)

. (11)

To enhance the accuracy of our sensor data interpretation, we integrate Kalman
filtering techniques. This approach helps to mitigate noise and improve the estimation
of the boat’s state by combining the LiDAR and IMU data streams. The state estimation
vector x and the process model can be represented as follows:

xk+1 = Axk + Buk + wk (12)

where A is the state transition matrix, B is the control input matrix, uk is the control vector,
and wk represents the process noise. The initial state vector x0 is defined as follows:

x0 = x̂0 (13)

where x̂0 is the initial estimate of the state vector. This estimate is often derived from prior
data or domain knowledge about the system.

The measurement update equation is provided by

zk = Hxk + vk, (14)

where H is the measurement matrix and vk is the measurement noise.
To achieve optimal sensor fusion, a weighting scheme is applied based on the relative

noise characteristics of each sensor. The measurement covariance matrices RIMU and
RLiDAR quantify the uncertainty in IMU and LiDAR data, respectively. The Kalman gain
K, which determines the contribution of each sensor to the state update, is computed
as follows:

K = Pk|k−1HT(HPk|k−1HT + Rk)
−1, (15)

where Pk|k−1 is the prior error covariance and Rk combines the measurement noise from
both IMU and LiDAR.

By implementing this fusion algorithm, we are able to combine the spatial accuracy of
LiDAR with the orientation precision of the IMU, correcting for tilt and dynamic fluctua-
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tions caused by the water. The resulting data fusion enhances the precision and stability of
the spatial measurements.

3.2. Preprocessing

Preprocessing is a vital step in enhancing the quality of point cloud data. It involves
correcting for orientation errors, reducing noise, and stabilizing the data to accurately
reflect the environment. This section outlines the mathematical methods used for these
tasks. To align the point cloud data with the world coordinate system, we need to account
for the boat’s orientation relative to the LiDAR sensor. This orientation correction involves
applying a rotation matrix R derived from te roll (ϕ), pitch (θ), and yaw (ψ) angles obtained
from the IMU.

The transformation of a point PL = [xL, yL, zL, 1]T from the LiDAR frame to the world
frame PW is provided by

PW = R(ϕ, θ, ψ) · PL, (16)

where the rotation matrix R(ϕ, θ, ψ) is defined as

R(ϕ, θ, ψ) = Rz(ψ) · Ry(θ) · Rx(ϕ) (17)

and the individual rotation matrices are

Rx(ϕ) =

1 0 0
0 cos(ϕ) − sin(ϕ)
0 sin(ϕ) cos(ϕ)

, (18)

Ry(θ) =

 cos(θ) 0 sin(θ)
0 1 0

− sin(θ) 0 cos(θ)

, (19)

Rz(ψ) =

cos(ψ) − sin(ψ) 0
sin(ψ) cos(ψ) 0

0 0 1

. (20)

Following orientation correction, the next task is noise reduction, which is crucial
for eliminating artifacts such as ripples caused by water. We implement a height-based
filtering approach to remove points below a specified threshold.

The filtered point cloud P f iltered
W is provided by

P f iltered
W = {PW | zW ≥ zthreshold}. (21)

Here, zthreshold is typically set to zero or a small positive value to exclude points
representing the water surface.

Point cloud stabilization is performed to compensate for dynamic changes due to the
boat’s movement, ensuring that the data reflect a stable reference frame. This is achieved
by applying a homogeneous transformation matrix H4×4 derived from the IMU data.

The stabilized point cloud PW is obtained by

PW = H−1
4×4 · PL. (22)

The homogeneous transformation matrix H4×4 is

H4×4 =

[
R3×3 t

0 1

]
, (23)

where R3×3 is the 3× 3 rotation matrix representing orientation correction and t is the
translation vector, which is typically zero if no translation is applied.
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To clarify the covariance matrices used in our preprocessing, Equation (16) transforms
point cloud data from the LiDAR frame (PL) to the world frame (PW) using the rotation
matrix R(ϕ, θ, ψ). Equation (22) stabilizes the point cloud data using the inverse of the
transformation matrix H4×4.

The covariance matrices are defined as follows:

• PW : Uncertainty in the point cloud after orientation correction.
• PL: Uncertainty in the raw LiDAR data before stabilization.

The accuracy of object detection and tracking in LiDAR systems depends heavily
on the quality of the point cloud data. However, raw point cloud data often contain
noise and orientation distortions due to environmental factors and the movement of the
boat. To address these issues, a preprocessing step is applied to the data, which includes
correcting orientation errors, removing noise, and stabilizing the data to ensure reliable
object detection.

3.3. Clustering Algorithm

Clustering is a vital step in maritime object detection where environmental factors
such as water movement and sensor noise add complexity. This manuscript focuses
on Euclidean distance-based (k-means) clustering and DBSCAN algorithms due to their
robustness in handling spatial data and noise tolerance, which is essential in dynamic
maritime environments. However, it is acknowledged that other clustering techniques, such
as hierarchical clustering or Gaussian mixture models (GMM), could also be considered
depending on the dataset’s structure and application.

The primary rationale for selecting these clustering methods is that k-means clustering
is computationally efficient for large datasets, while DBSCAN is particularly well suited
to nonlinear shapes and can handle noise, which is a common challenge in maritime
environments. Although hierarchical clustering and GMM are viable options, k-means
and DBSCAN were prioritized for their computational simplicity and noise-handling
capabilities, which are well suited to real-time processing and environmental variability.

3.3.1. Euclidean Distance-Based Clustering

Euclidean distance-based clustering approaches [27] such as k-means group datapoints
based on their proximity. The Euclidean distance between points pi = (xi, yi, zi) and
pj = (xj, yj, zj) is provided by

d(pi, pj) =
√
(xi − xj)2 + (yi − yj)2 + (zi − zj)2. (24)

In k-means clustering, the objective is to minimize the within-cluster sum of squares
(WCSS):

WCSS =
K

∑
k=1

∑
pi∈Ck

∥pi − µk∥
2 (25)

where Ck represents the k-th cluster, pi is a point in cluster Ck, and µk is the centroid of
cluster Ck. The centroid µk is updated iteratively as follows:

µk =
1
|Ck| ∑

pi∈Ck

pi (26)

while the convergence criterion for k-means is

∆ =
1
N

K

∑
k=1

∑
pi∈Ck

∥∥∥pi − µ
(t+1)
k − µ

(t)
k

∥∥∥2
, (27)

where N is the total number of points and t denotes the iteration number.
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K-means clustering, as shown in Algorithm 1, is particularly useful in maritime
environments due to its efficiency in handling large volumes of data and its ability to
cluster objects based on spatial proximity. However, it is sensitive to noise, which is why
DBSCAN is introduced as a complementary approach.

Algorithm 1: K-means clustering
Input: Data points {pi}, Number of clusters K
Output: Cluster centroids {µk}, Cluster assignments

1: Initialize centroids {µk} randomly
2: repeat
3: for each data point pi do
4: Assign pi to the nearest centroid µk
5: end
6: for each cluster Ck do
7: Update centroid µk using (26)
8: end
9: Evaluate convergence using (27)

3.3.2. DBSCAN Algorithm

The Density-Based Spatial Clustering of Applications with Noise (DBSCAN) algo-
rithm [28] clusters data based on density as shown in Algorithm 2. Its key parameters
include the maximum distance ϵ and minimum number of points MinPts required to form
a dense region.

A point pi is classified as a core point if

|{pj | d(pi, pj) ≤ ϵ}| ≥ MinPts. (28)

Clusters are defined starting from core points as follows:

Ck =
⋃

pi∈Ck

{
pj | density-reachable from pi

}
. (29)

A point pj is density-reachable from a core point pj if and only if: pj is density-
reachable from pi if and only if {

pi is a core point,
d(pi, pj) ≤ ϵ,

(30)

where d(pi, pj) denotes the Euclidean distance between points pi and pj and where ϵ is
the predefined distance threshold. Thus, a cluster Ck includes all points pj within the
ϵ-neighborhood of any core point pi in Ck.

The distance matrix used in the DBSCAN algorithm can be formalized as follows:

Dij =

{
d(pi, pj) if d(pi, pj) ≤ ϵ

∞ otherwise
(31)

In this matrix, d(pi, pj) represents the Euclidean distance between points pi and pj.
If this distance exceeds the threshold ϵ, then the distance is set to ∞, indicating that the
points are not density-reachable from each other.
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Algorithm 2: DBSCAN clustering
Input: Data points {pi}, ϵ, MinPts
Output: Clusters and noise

1: for each point pi do
2: if pi is not yet visited then
3: Mark pi as visited
4: if pi is a core point then
5: Create a new cluster
6: ExpandCluster (Algorithm 3)(pi, cluster)
7: end
8: else
9: Mark pi as noise

10: end
11: end
12: end

Algorithm 3: ExpandCluster Subroutine
Input: Core point pi, cluster
Output: Expanded cluster

1: Add pi to the cluster
2: Retrieve all density-reachable points from pi
3: for each point pj do
4: if pj is not yet visited then
5: Mark pj as visited
6: if pj is a core point then
7: Retrieve all density-reachable points from pj

8: end
9: Add pj to the cluster

10: end
11: end

DBSCAN was chosen over alternatives such as hierarchical clustering and GMM
because it can efficiently cluster noisy data without the need for prior knowledge of the
number of clusters, which can vary in real-world maritime applications. Additionally,
hierarchical clustering is computationally more expensive, while GMM assumes a Gaussian
distribution that may not fit the irregularities of maritime object data.

3.3.3. Advanced Considerations

For enhanced clustering performance [29], several advanced techniques and mathe-
matical formulations are employed.

Variations of DBSCAN

1. OPTICS (Ordering Points To Identify the Clustering Structure):
The OPTICS algorithm [30] produces an ordering of points based on their reachability
distances. The reachability distance between points pi and pj is defined as follows:

ReachDist(pi, pj) = max
(
CoreDist(pi), d(pi, pj)

)
(32)

where the core distance CoreDist(pi) is

CoreDist(pi) = min
{

d(pi, pj) |
∣∣{pj | d(pi, pj) ≤ ϵ

}∣∣ ≥ MinPts
}

. (33)
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2. HDBSCAN (Hierarchical DBSCAN):
HDBSCAN extends DBSCAN by introducing hierarchical clustering [31–33]. The core
distance for HDBSCAN is calculated as follows:

CoreDistHDBSCAN(pi) =
1

|neighbors| ∑
pj∈neighbors

d(pi, pj) (34)

where neighbors refers to the set of points within ϵ distance from pi.

Mahalanobis Distance for Clustering

The Mahalanobis distance accounts for the correlation between variables:

dM(pi, pj) =
√
(pi − pj)⊤S−1(pi − pj) (35)

where S is the covariance matrix. This distance metric adjusts for the shape of the data
distribution. Spectral clustering involves computing the Laplacian matrix

L = D−W, (36)

where D is the degree matrix and W is the weight matrix. The eigenvalues of L are used to
partition the data into clusters.

The normalized Laplacian matrix is provided by

Ln = I−D−1/2LD−1/2, (37)

where I is the identity matrix.
By integrating these advanced mathematical techniques and clustering methodologies,

the ability of the algorithm to accurately segment and identify clusters in complex datasets is
significantly enhanced. Further performance analysis and evaluation results are discussed
in Section 4.

3.4. Bounding Boxes for Objects

To provide a comprehensive overview of the spatial dimensions of identified clusters,
we encapsulate each cluster using an oriented bounding box. This method provides
a succinct representation of the cluster’s spatial extent and orientation, as illustrated
in Figure 3. The bounding box is oriented along the principal axes of the cluster, ensuring
that it is as compact as possible.

Figure 3. Clustered objects in the boat’s environment.

3.4.1. Principal Component Analysis and Bounding Box Construction

The process of constructing the bounding box involves Principal Component Analysis
(PCA) [34–37] to determine the principal axes of the point cloud, which enables us to com-
pute the minimal bounding box that encloses the cluster. Let X = [x1, x2, . . . , xn]T ∈ Rn×d
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represent the matrix of n datapoints, where each xi ∈ Rd is a point in d-dimensional space.
The mean vector µ ∈ Rd is provided by

µ =
1
n

n

∑
i=1

xi, (38)

while the covariance matrix C ∈ Rd×d is computed as follows:

C =
1
n

n

∑
i=1

(xi − µ)(xi − µ)T . (39)

PCA involves solving the eigenvalue problem for the covariance matrix

Cvj = λjvj for j = 1, 2, . . . , d, (40)

where vj are the eigenvectors and λj are the corresponding eigenvalues. The eigenvec-
tors form an orthonormal basis for the principal directions, and the eigenvalues quantify
the variance along these directions. To align the bounding box with the principal di-
rections, we transform the point cloud into the PCA space using the orthogonal matrix
V = [v1, v2, . . . , vd]:

X′ = VT(X− µ) (41)

where X′ represents the point cloud in the PCA coordinate system. The coordinates of each
point x′i are provided by

x′i = VT(xi − µ). (42)

In the PCA space, the minimal bounding box is an axis-aligned box. The extent of the
bounding box along each principal component is determined by

minj = min
i
(x′i,j), (43)

maxj = max
i

(x′i,j). (44)

The length of the bounding box along the j-th principal axis is

extentj = maxj −minj. (45)

The bounding box dimensions in the PCA space are transformed back to the original
coordinate system. The bounding box in the original space is characterized by

Bounding Box = V diag(extent1, extent2, . . . , extentd)VT , (46)

where diag(extent1, extent2, . . . , extentd) is a diagonal matrix containing the extent of the
bounding box along each principal component axis.

3.4.2. Optimization for Minimum Bounding Box Volume

To ensure that the bounding box is minimal, we formulate an optimization problem.
The goal is to minimize the volume of the bounding box, defined as

V =
d

∏
j=1

extentj. (47)

The bounding box must contain all of the points in the cluster. Thus, the optimization
problem is constrained by the following requirement:

eT
j (xi − µ) ≥ extentj for all i (48)
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where ej is the unit vector in the j-th direction.
To achieve this, we solve a quadratic programming problem with the objective function

Minimize V =
d

∏
j=1

(
max

i
(MT

j ej)−min
i
(MT

j ej)

)
, (49)

subject to the constraints ensuring that the bounding box encloses all datapoints. This
formulation can be efficiently solved using standard quadratic programming techniques.
The Compute oriented bounding box algorithm is shown in Algorithm 4.

Algorithm 4: Compute oriented bounding box

Input: Data matrix X ∈ Rn×d

Output: Bounding box in original coordinates

1: Compute mean vector µ
2: Compute covariance matrix C
3: Solve eigenvalue problem Cvj = λjvj

4: Form matrix V = [v1, v2, . . . , vd]

5: Transform data to PCA space: X′ = VT(X− µ)
6: for each principal component j do
7: Compute minj = mini(x′i,j)
8: Compute maxj = maxi(x′i,j)
9: Compute extentj = maxj −minj

10: end
11: Form diagonal matrix diag(extent1, extent2, . . . , extentd)
12: Compute bounding box in original coordinates

3.5. Hungarian Matching Algorithm

Due to the movement of the boat, a discontinuity problem arises. As shown in
Figure 2b, the LiDAR has a vertical range of about−25° to 15°, meaning that objects outside
this range will not have data representations from the LiDAR. Although the −25° to 15°
range is sufficient to capture most objects, discontinuity appears when the boat tilts, causing
the LiDAR’s horizontal line (0°) to tilt as well. Consequently, the same object may not
be detected across consecutive frames. This results in objects having different numbers
of points between frames, or even no points in certain frames, making it impractical to
rely solely on clustering algorithms. Thus, we need to track objects to ensure that when
point cloud data are missing for any given frame, we can fill the gap using data from prior
frames. Here, the Hungarian Matching Algorithm (HM) [38–40] is utilized to match objects
detected in prior frames with those in the current frame.

The matched data (from prior frames and the current frame) for the same object serve
as input for the Kalman filter [41–43], which enhances the object’s measurements (position,
orientation, dimensions). If an object in the prior frame does not match any object in the
current frame, the Kalman filter algorithm predicts the object’s position in the current frame
based on prior frame data.

The Hungarian Algorithm matches objects from prior frames with objects in the
current frame, framing this as an assignment problem where we have n objects from prior
frames and m objects from the current frame.

Assume that we have three objects from prior frames and four objects from the current
frame. To achieve our goal, we establish a weight matrix with dimensions 3× 4, where the
rows represent objects from the prior frame and the columns represent objects from the
current frame, as shown in Equation (50).
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W =

WB1,C1 WB1,C2 WB1,C3 WB1,C4
WB2,C1 WB2,C2 WB2,C3 WB2,C4
WB3,C1 WB3,C2 WB3,C3 WB3,C4

 (50)

Note: The size of W varies depending on the number of objects in the objects bank
and the number of objects in the current frame’s objects array. Equation (50) uses a 3× 4
matrix for demonstration.

Bi represents the ith object from the prior frames’ objects bank QB.
Cj represents the jth object from the current frame’s objects array QC.
These weights represent the relationship between objects in prior frames and objects

in the current frame. Each weight in this matrix indicates the similarity between each pair
of objects; the smaller the weight, the higher the similarity and the greater the probability
of a match. These weights are derived from the distance between the two objects and the
ratio of their point counts, as shown in Equation (51):

WBi ,Cj = DBi ,Cj + DBi ,Cj ·


VolBi
VolCj

if VolBi < VolCj

VolCj
VolBi

if VolBi ≥ VolCj

(51)

where:
DBi ,Cj is the Euclidean distance between objects Bi and Cj.
VolBi is the volume of object Bi from the prior frames’ list QB.
VolCj is the volume of object Cj from the current frame’s list QC.
Next, the W matrix shown in Equation (50) is fed into the Hungarian Algorithm to

assign objects from prior frames to objects in the current frame.
To further refine the weight calculation, we incorporate more advanced mathemati-

cal models.
Let PBi and PCj be the sets of points belonging to objects Bi and Cj, respectively. We

define the point set distance DPBi
,PCj

as the average Euclidean distance between points in

PBi and their nearest neighbors in PCj :

DPBi
,PCj

=
1
|PBi |

∑
p∈PBi

min
q∈PCj

∥p− q∥ (52)

where ∥p− q∥ is the Euclidean distance between points p and q.
Additionally, we incorporate the shape similarity SBi ,Cj which measures the similarity

of the point distribution of objects Bi and Cj. This can be quantified using the overlap ratio
of their convex hulls:

SBi ,Cj =
Area(HBi ∩ HCj)

min(Area(HBi ), Area(HCj))
(53)

where HBi and HCj are the convex hulls of PBi and PCj , respectively.
Thus, the weight WBi ,Cj can be refined as follows:

WBi ,Cj = DPBi
,PCj

+ α · (1− SBi ,Cj) + β ·


VolBi
VolCj

if VolBi < VolCj

VolCj
VolBi

if VolBi ≥ VolCj

(54)

where α and β are weighting factors that respectively balance the contributions of shape
similarity and volume ratio.

Finally, the refined W matrix is fed into the Hungarian Algorithm to assign objects
from the prior frames to objects in the current frame, ensuring robust object tracking and
reducing the discontinuity caused by the boat’s tilting motion.

While the Hungarian Algorithm is effective for object tracking, there are several limi-
tations that should be discussed. First, in scenarios with high object density, the algorithm
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may struggle to differentiate between multiple objects with similar characteristics. This is
particularly problematic in cluttered environments, where overlapping or closely spaced
objects can result in ambiguous matches. In such cases, incorporating additional object
descriptors such as texture or color information (if available) could improve performance.

Another limitation is the computational complexity of the Hungarian Algorithm,
which is O(n3) for an n × n assignment problem. This can become a bottleneck as the
number of objects increases, especially in real-time applications where the algorithm must
operate within strict time constraints. For larger datasets, alternative approaches with
lower complexity, such as the Jonker–Volgenant algorithm [44] or auction algorithms [45],
may provide more efficient solutions.

Moreover, the algorithm’s reliance on geometric and volumetric data may result in
incorrect matches in cases where objects have similar volumes and shapes. In such scenar-
ios, integrating machine learning models trained on object-specific features or temporal
information (e.g., motion trajectories) could improve matching accuracy.

In conclusion, while the Hungarian Matching Algorithm, see Algorithm 5, offers a solid
foundation for object tracking, its performance may degrade in high-density and cluttered
environments or when objects share similar features. Exploring more advanced matching
techniques and integrating alternative data sources can help mitigate these challenges.

Algorithm 5: Hungarian matching algorithm for object tracking
Input: Sets of objects QB from prior frames, QC from the current frame
Output: Matching of objects across frames

1: foreach object Bi ∈ QB do
2: foreach object Cj ∈ QC do
3: Compute DBi ,Cj : Euclidean distance between Bi and Cj

4: Compute VolBi and VolCj

5: Compute SBi ,Cj : shape similarity
6: if VolBi < VolCj then

7: WBi ,Cj = DBi ,Cj + α · (1− SBi ,Cj) + β · DBi ,Cj ·
VolBi
VolCj

8: else

9: WBi ,Cj = DBi ,Cj + α · (1− SBi ,Cj) + β · DBi ,Cj ·
VolCj
VolBi

10: end
11: end
12: end
13: Formulate weight matrix W with dimensions |QB| × |QC|
14: Apply Hungarian Algorithm to W to find optimal assignment
15: foreach matched pair (Bi, Cj) do
16: if matching is found then
17: Update object Cj using Kalman Filter with data from Bi

18: end
19: else
20: Predict Cj’s position using Kalman Filter with data from Bi

21: end
22: end

3.6. Kalman Filter Object Tracking

A Kalman filter is employed to track objects detected in consecutive LiDAR frames
while accounting for object dynamics and reducing the discontinuity caused by the boat’s
movement. The state vector x encompasses the object’s position, orientation, and dimen-
sions along with their rates of change.



Drones 2024, 8, 561 16 of 30

Kalman State Vector:

x12×1 =



X
Y
θ
L
W
H
Ẋ
Ẏ
θ̇
L̇
Ẇ
Ḣ


=



X coordinates of the object
Y coordinates of the object
Orientation of the object

Length of the object Bounding Box
Width of the object Bounding Box
Height of the object Bounding Box

Object Velocity in X direction
Object Velocity in Y direction

Object Angular Velocity
Length change rate in X direction
Width change rate in Y direction
Height change rate in Z direction


Kalman State Variables:

P12×12 = I12×12

R6×6 = 0.04 · I6×6

Q12×12 = 0.01 · I12×12

H6×12 = [I6×6 06×6]

A12×12 = I12×12 where A(1,7) = A(1,8) = A(1,9) = δt

For more details about the Kalman filter, refer to [46].

Kalman Filter Parameter Tuning

In dynamic and noisy environments such as marine settings, precise tuning of the
Kalman filter parameters is crucial for accurate object tracking. The process of tuning these
parameters was carried out by iteratively adjusting the noise covariance matrices Q and R
to minimize the tracking error.

• Process Noise Covariance (Q): This matrix controls how much uncertainty we allow in
the system model. Given the inherent unpredictability of object dynamics in maritime
environments (e.g., waves, vessel motion), a lower value (0.01) was chosen for Q to
reflect relatively slow changes in the object’s motion.

• Measurement Noise Covariance (R): The value of R (0.04) was selected based on
empirical observations of LiDAR sensor accuracy in marine environments, consid-
ering that the measurement noise can be significant due to water reflections and
surface disturbances.

• State Covariance (P): The initial state covariance matrix P was set to the identity
matrix to indicate equal uncertainty in all state variables before receiving observations.

For tuning the filter, certain assumptions about the marine environment and sensor
data were made:

• Linear Motion Assumption: The Kalman filter assumes linear motion for tracked
objects, which simplifies the computation but may not always hold true in highly
dynamic scenarios. The filter’s linear state transition matrix A was adjusted to account
for constant velocity and small object rotations.

• Gaussian Noise Assumption: The process and measurement noise were both assumed
to be Gaussian-distributed, which is a standard assumption in Kalman filters but may
not fully capture the complexities of noisy LiDAR data in maritime settings. Non-
Gaussian noise, such as random spikes from wave reflections, was handled using
gating techniques during object association.

The Kalman filter was chosen for its simplicity and computational efficiency. However,
several alternative filtering methods were considered:
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• Extended Kalman Filter (EKF): While the EKF has better ability to handle nonlin-
ear motion models, its increased computational complexity was not justified by the
relatively small gain in accuracy for this specific application.

• Particle Filter: Particle filters offer robust performance in highly nonlinear and non-
Gaussian environments; however, these advantages come at the cost of significant
computational overhead. Given the real-time requirements of the tracking system,
a Kalman filter was deemed more suitable.

• Unscented Kalman Filter (UKF): The UKF was also considered for its improved
ability to handle nonlinearities compared to the standard Kalman filter. However,
the application of the basic Kalman filter with tuned noise parameters proved sufficient
for the relatively predictable motion of objects in the test scenario.

We denote any kind of list as Q; for instance, a list of objects is denoted as Qobj and a
single object from the list is denoted as qobj.

We have the following three lists:

• QB: The bank of objects list, containing output objects of the clustering algorithm from
the prior frames.

• QC: The current objects list, containing output objects of the clustering algorithm from
the current frame.

• QP: The predicted objects list, containing objects that appeared in older frames but do
not appear in the current frame (to be predicted in the current frame).

To track objects and enhance the output, we use Algorithm 6, where we have one of
three cases for each object.

Algorithm 6: Tracking filter
Input: Objs, Detected Objects Array
Output: QB

Data:
• QB : Bank of Kalman Filtered tracks from prior frames.
• QC : Current detections from the clustering algorithm.
• QP : Predicted objects list for objects not appearing in the current frame.

1: ∆t← time elapsed since last frame
2: NC ← length of array QC
3: NB ← length of array QB
4: QC ← Kalman_Initialize(Objs)

5: Initialize distance matrix W with a size of NC ×NB and assignment vector a
6: for i← 1 to NB do
7: for j← 1 to NC do
8: qBi = QB [i]
9: qCj = QC [j]

10: Compute ∆d, ν
11: ∆d← Euclidean distance between centroids of objects qBi and qCj

12: ν← ratio between volume of object qBi to volume of object qCj

13: w← ∆d× (1 + ν)
14: Append wij to W
15: Append ∆d to D
16: end
17: end

18: D = Gating(D, RadiusThreshold)← if ∆d in D is greater than RadiusThreshold, then ∆d is set to −1
19: W = W×D← this is a matrix multiplication to give weights negative values if the distance between two objects

exceeds RadiusThreshold. Negative distances are ignored by the Hungarian Algorithm. In other words, negative
value weights mean that the objects being matched are not suitable matches for each other.

20: a = HungarianAlgorithm(W)← a is the assignment array of size NB where each value in the array indicates the
index of matched from the bank array QB with object from QC . If the value is −1, then it means no match at that
index for QB , so we will predict it

21: for i← 1 to |NB | do
22: if a[i] ̸= −1 then
23: QB = Kalman_Correct(QC [a[i]], QB [i], ∆t)
24: else
25: QB = Kalman_Predict(QB [i], ∆t)
26: end
27: end

28: Update QB with QC and remove unmatched objects for 3 frames
29: Publish QB
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3.7. Seal Pipeline

In this section, we describe the Seal Pipeline and its capabilities for maritime object detection.
Our work adopts a multimodal sensing approach by combining LiDAR and IMU data

to achieve robust object detection and tracking in maritime environments. While LiDAR
provides precise 3D point cloud data, relying on a single modality has inherent challenges,
especially in detecting objects that may be difficult for a particular sensor to capture due to
environmental or sensor limitations. This issue has been thoroughly discussed in previous
works such as [47], where the authors recommended the integration of complementary
sensors to overcome the limitations of individual systems. An example is the narrow
detection range of LiDAR, which can miss narrow objects such as lampposts or other small
obstructions. Similarly, in [48] the authors demonstrated the effectiveness of sensor fusion
by combining LiDAR, ultrasonic sensors, and wheel speed encoders in their autonomous
mobile robot design to enhance detection accuracy and robustness.

In our Seal Pipeline, as shown in Figure 1, we apply these principles by integrating
LiDAR and IMU data to compensate for motion-induced fluctuations, particularly the
roll, pitch, and yaw of the boat. The IMU inputs stabilize the detection system, ensuring
accurate object tracking even in the dynamic maritime environment. Although ultrasonic
rangefinders have been effectively combined with LiDAR for autonomous land vehicles,
as shown by [47,48], we propose that similar multimodal approaches could enhance mar-
itime applications. Future extensions of our system will explore the inclusion of additional
sensing modalities, such as ultrasonic sensors or radar, to improve detection under chal-
lenging conditions where LiDAR and IMU may not suffice, ultimately creating a more
resilient object detection pipeline.

This combination of modalities reflects the broader trend, highlighted by Wiseman
and Premnath et al. [47,48], of using ancillary systems alongside LiDAR to ensure compre-
hensive environmental awareness and enhanced safety in both land and maritime contexts.

The Seal Pipeline is designed to process LiDAR and IMU data for detecting and track-
ing objects such as sailing ships and riverbanks in a maritime environment. The pipeline
consists of six stages: data acquisition, preprocessing, clustering, bounding box generation,
object matching, and Kalman filtering for tracking. Each stage is crucial to ensure accu-
rate and stable object detection and tracking, especially in challenging conditions such as
dynamic water surfaces and fluctuating object visibility.

3.7.1. Data Acquisition

In the first step, data are acquired from both IMU and LiDAR sensors:

• IMU data : Provide roll, pitch, and yaw (RPY) values, which are crucial for stabilizing
the LiDAR data.

• LiDAR data: Capture 3D point clouds of the surrounding environment, including
both static objects (e.g., riverbanks) and dynamic objects (e.g., ships).

The point cloud data from the LiDAR sensor are often subject to fluctuations due to
the motion of the boat, while the IMU provides real-time information about the boat’s
orientation. Both data streams are synchronized and processed in the following steps.

3.7.2. Preprocessing

Preprocessing refines the raw point cloud data, and consists of the following:

• LiDAR stabilization: The IMU data (specifically the RPY values) are used to stabilize
the LiDAR point cloud. As the boat moves and tilts, the point cloud shifts in the
opposite direction. To compensate, the RPY values are converted into a 3 × 3 rotation
matrix, which is applied to the point cloud. This transformation shifts the point cloud
from a moving frame of reference (boat) to a fixed frame, ensuring that objects remain
in their correct positions regardless of the boat’s motion.
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• Water surface filtration: Points from the water surface can introduce noise. This step
removes such points by setting height thresholds, ensuring that only valid points
representing objects are retained for further processing.

3.7.3. Clustering

After preprocessing, individual points are grouped into clusters representing dis-
tinct objects:

• Euclidean clustering: Points are grouped based on spatial proximity, which is suitable
for environments where objects are well-separated.

• DBSCAN: Tightly packed or partially occluded objects are handled by clustering
based on point density, which is more effective when dealing with noisy data.

However, objects may not be consistently detected from frame to frame due to fluctuations
in the number of points detected for each object.

3.7.4. Bounding Box Generation via PCA

For each cluster, a bounding box is generated using PCA:

• PCA identifies the primary axes of each object cluster based on point distribution and
generates an oriented bounding box that best fits the object.

This bounding box provides the object’s position, size, and orientation. However, as
the number of points varies across frames, the bounding box may fluctuate, which can
affect detection stability.

3.7.5. Object Matching Using the Hungarian Algorithm

The Hungarian algorithm is employed to maintain object continuity between frames:

• Transformation to world coordinates: Objects are transformed from boat-relative
coordinates to world coordinates using the IMU’s transformation matrix, allowing for
accurate velocity and orientation calculations.

• Gating: A gating mechanism is applied to limit potential object matches within a
specific radius. Objects within this radius are considered for matching with prior
frame objects.

• Matching: The Hungarian algorithm matches current frame objects with previous
frame objects using a cost function based on the Euclidean distance and size ratio
difference, ensuring that dynamic objects are tracked consistently.

3.7.6. Kalman Filtering for Object Tracking

Kalman filtering is the final stage in the pipeline, providing smooth tracking and
prediction of object states:

• Inputs: The filter uses the matched object pairs from the Hungarian algorithm and the
transformation matrix from the IMU.

• State estimation: Using these inputs, the Kalman filter estimates the current state (po-
sition, velocity, and orientation) and predicts future states, enabling smooth transitions
between frames.

• Handling object disappearance: When objects are not detected for a few frames
(e.g., due to occlusion), the Kalman filter predicts their positions based on prior data,
ensuring robust tracking until they reappear.

Transforming objects into world coordinates is a critical step, as without it the tracks’
positions, velocities, and orientations would be incorrect. The Kalman filter helps to
mitigate the dynamic nature of object detection, providing consistent and reliable estimates
of object trajectories.
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3.7.7. Computational Complexity Analysis

Each stage in the pipeline has its own computational complexity, with the most com-
putationally expensive stages being clustering and object matching. The overall complexity
of the system can be expressed as follows:

O(n log n + m3) (55)

where:

• n is the number of points in the LiDAR point cloud.
• m is the number of objects being tracked.

3.7.8. Potential Shortcomings and Enhancements

• Occlusion: One notable limitations is handling object occlusion. When objects occlude
each other, tracking can become challenging, resulting in lost or misaligned tracks.
A future enhancement could involve leveraging depth information or advanced multi-
object tracking methods to address occlusions.

• Dynamic environments: The current pipeline relies heavily on consistent point detec-
tion for each object. In cases where objects drastically change in appearance, tracking
may be affected. Enhancing the Kalman filter or incorporating particle filters may
improve robustness in dynamic scenarios.

• High-density scenes: As the number of objects increases, the cubic complexity O(m3)
of the Hungarian algorithm may become a bottleneck. Future work may focus on opti-
mizing or parallelizing the object matching step to handle larger numbers of objects.

In conclusion, while the Seal Pipeline provides a solid framework for detecting and
tracking objects in dynamic maritime environments, there is potential for improvement in
both accuracy and performance which can be explored in future work.

4. Experiment

This section presents a detailed account of our approach for dynamic object detection
and tracking in maritime environments. Due to the lack of publicly available maritime
datasets containing LiDAR data, we created our own dataset from two sources: first, the
VRX simulator [49]; and second, data collected through real-world experiments with our
unmanned surface vehicle (USV) on the Volga River in the Republic of Tatarstan. These
datasets were crucial for tuning the parameters of our Kalman Filter (KF)-based tracker
and benchmarking our method against other state-of-the-art approaches.

Figure 2a illustrates data aggregated from the LiDAR, camera, and IMU sensors. It is
important to note that the camera-captured images were used solely for visualization and
debugging purposes. Although modeling the movement of the boat has multiple applica-
tions, our primary focus in this research is the removal of LiDAR reflections, specifically
the point cloud generated by the water’s surface. Due to the boat’s motion, this surface is
not a static horizontal plane. Interestingly, the fluctuations in the water surface mirror the
boat’s movements in the opposite direction, as shown in Figure 4.

The IMU mounted on the boat captures roll, pitch, and yaw (RPY) data, which exhibit
the same orientation as the boat. As seen in Figure 4, this causes the IMU data to reflect the
orientation of the point cloud but in reverse. After stabilizing the point cloud, the next step
involves removing noise due to the waves.
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Figure 4. The boat’s forward orientation corresponds to the point cloud’s backward orientation in the
LiDAR frame coordinate system.

Figure 5 compares the point cloud representation before and after preprocessing.
Figure 5a shows the raw data, where the ripples caused by the boat and the riverbank are

represented inaccurately. The top view reveals interference caused by the ripples; in the side
view, the horizontal surface is tilted, complicating object tracking and analysis. The sailing ship
and other objects cannot be clearly defined due to the noise and misalignment.

Figure 5b, on the other hand, shows the same scene after preprocessing. The ripples
have been filtered out, and the riverbank is clearly identifiable. The alignment of the
horizontal surface is corrected, providing a more accurate depiction of the environment.
This refinement significantly enhances the quality of the data and allows for more reliable
object tracking in later stages.

After preprocessing, the processed data are validated via comparison against ground
truth datasets to confirm the improvement. This validation step ensures that the corrections
applied during preprocessing effectively enhance the quality of the point cloud data,
facilitating accurate analysis and further processing.

(a) Before preprocessing (b) After preprocessing

Figure 5. Point cloud representation before and after preprocessing: (a) before preprocessing, showing
distortions and noise; (b) after preprocessing, showing refined high-quality data.

After completion of the preprocessing stage, the data are ready for clustering. The pur-
pose of this step is to group datapoints that belong to the same object, which is crucial for
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effective object identification and tracking. The result of the clustering process is illustrated
in Figure 3.

For this process, we utilize the Euclidean distance and the DBSCAN algorithm, as
mentioned in the methodology section.

With the clusters identified, the next step is to encapsulate each cluster with a bounding
box to represent the object’s spatial extent. As depicted in Figure 5a, each cluster is enclosed
within a minimum-oriented bounding box. To generate these bounding boxes, we employ
PCA. For effective obstacle detection, any point with a Z coordinate below zero is discarded.
Figure 5b shows the raw unprocessed point cloud, where noise from ripples caused by the
boat is evident. A sailing ship is also visible below the horizontal plane due to the boat’s
tilt. In contrast, Figure 5b shows the processed point cloud; thanks to IMU compensation
and the removal of points below the zero-coordinate level, the ripples have been eliminated
and the sailing ship now appears above the horizontal plane.

After clustering, we apply the Hungarian Matching algorithm to match objects that
appeared in prior frames with those in the current frame. The matched data from both
frames are then fed into the Kalman filter, which enhances the measurements of the objects
(position, orientation, and dimensions). If an object from the prior frame is not matched
with any object in the current frame, the Kalman filter predicts its position in the current
frame based on the prior data.

4.1. Dataset Characteristic
4.1.1. Real Data

Our dataset consists of 428 GB of data collected through LiDAR, three RGB FLIR
cameras, IMU, sonar, and GPS. These data were gathered during 2022–2023, and the dataset
includes a wide range of objects such as ships, boats, buoys, pillars, and floating docks.
The USV used for data collection is depicted in Figure 6. It is equipped with an advanced
sensor suite to facilitate accurate and reliable dynamic object detection in challenging
maritime environments.

Figure 6. The USV used for conducting experiments in the Volga River. This USV is equipped with
LiDAR, three FLIR cameras, radar, IMU, GNSS, and sonar for comprehensive data collection and
sensor fusion.

The USV configuration includes the following key components:

• LiDAR for generating point cloud data that help to detect objects and determine their
spatial positions in real time.

• IMU to correct for boat tilt, which can introduce distortions in the sensor data.
• GNSS for accurate location tracking, ensuring that objects are correctly localized even

when the USV is in motion.
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• Radar to improve detection capability under poor visibility conditions, such as fog
or nighttime.

• FLIR cameras to capture visual data that complement the LiDAR and radar readings,
especially for temperature-sensitive detections.

This comprehensive sensor suite allowed for the fusion of multiple data inputs, ensur-
ing accurate detection and localization of objects in a wide range of maritime conditions.
The USV was deployed in various real-world scenarios, providing critical data for evaluat-
ing and refining our proposed pipeline.

4.1.2. Simulation Data

We used the VRX environment to evaluate our approaches in controlled environment
dynamics where the ground truth of dynamic objects can be obtained, as shown in Figure 7.
The VRX environment is built on Gazebo Garden and ROS2 for simulating maritime differ-
ent scenarios. This setup contains a boat equipped with a LiDAR, GPS, IMU, and camera.
The VRX simulator includes wave effects to simulate dynamic water conditions, along
with various objects that can be added to the environment for evaluation purposes. This
simulation enabled precise ground truth comparisons of object positioning and orientation,
which was important for evaluating the efficiency of our pipeline.

Figure 7. The VRX environment with Gazebo simulator [49], represented in the upper figure,
and rviz2 visualizer for showing the point cloud data from the boat, represented in the lower figure.

4.2. Calibration

In our methodology, performing calibration between LiDAR and IMU sensors to
obtain the offsets is crucial. This calibration enables us to correct the point cloud data
influenced by the boat’s motion by fitting a plane to the water surface ripples and adjusting



Drones 2024, 8, 561 24 of 30

for roll, pitch, and yaw offsets, thereby ensuring that the LiDAR and IMU data accurately
represent objects’ positions in the world frame.

4.3. Metrics

We employed two primary metrics for assessing our method’s effectiveness: the Root
Mean Square Error (RMSE) for object position accuracy, and the detection rate for track-
ing performance.

4.3.1. Evaluating Preprocessing

To evaluate the preprocessing part (point cloud stabilization), we use an error graph
to measure the position error of each object with respect to the ground truth of the same
object. In addition, the Root Mean Square Error (RMSE) is calculated and added to the table
for comparison. During the evaluation, the investigation for each object was carried out
for 35 s in a controlled environment. Figures 8 and 9 show the impact of the preprocessing
step in correcting the position of each object to ensure that it represents the correct position
in the real world. In this test, we used three objects: a white boat, a black boat, and a buoy.
Their known ground truth positions are listed in Table 1, with the coordinates provided in
the form [X, Y, Z], where X, Y, and Z represent the positions along the respective axes in
the real-world environment.

The results are presented in Figures 8 and 9. The Root Mean Square Error (RMSE) was
calculated and is included in Table 2. The table shows the RMSE of the detected objects in
meters at different stages of the pipeline:

• Before Preprocessing: RMSE values when raw sensor data are used without any processing.
• After Preprocessing: RMSE values after stabilizing the LiDAR data and remov-

ing noise.
• After Preprocessing with Kalman Filtering (KF): RMSE values after preprocessing

and applying the Kalman filter for smoothing and improving the accuracy of object
tracking. The Kalman filter is a mathematical algorithm used to estimate the state of
an object in motion, thereby reducing errors and noise.

Abbreviations: KF stands for Kalman Filter.

Table 1. Objects’ ground truth coordinates.

Objects [X, Y, Z] Coordinates (m)

Black Boat [74.50, −16.00, 1.50]

White Boat [29.40, 24.80, 1.40]

Buoy [27.60, 10.00, 0.51]

In Figure 8, a sine wave can be seen; this is because of the nature of waves in water,
which form a sine wave. There are several other points worth mentioning as well. First,
the peaks are not equal, which is due to the waves not having the same strength over time.
Second, the amplitude of the upper peaks is sometime higher that of the lower peaks, and
vice versa; this is caused by interference between two sine waves (one wave that moves
our boat up and down and another that moves the target up and down),resulting in the
upper and lower peaks having different amplitudes, Lastly, and most importantly, it can be
seen that the sine wave amplitude (peak) is greater for some objects than for others; this
is due to the fact that the boat tilt causes more distant objects to have a larger error with
respect to the ground truth, as a small tilt in the roll or pitch angle of our boat translates to
a large variation in the vertical distance of the target object.
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Figure 8. Position error of different objects after the preprocessing step (stabilization); the error is
calculated using the ground truth position of the object as the reference.

Figure 9. Preprocessing step (stabilization); the error is calculated using the ground truth position
of the object as the reference.

In Figure 9, it can be seen that the error falls from 2.31 (m) to 26.9 (cm) after prepro-
cessing, representing a huge decrease and showing the good effect of the preprocessing
stage in stabilizing the surrounding objects. However, part of the error is due to the fact
that the rays that hit the target object position change when our boat tilts. We can imagine
a case in which a boat is being hit by two laser rings on the upper part, then our boat
tilts; thus, the same object is still being hit by two laser rings, except now on the lower
part, causing the object’s center coordinates to be changed due to the change in where it is
being hit by the laser beams. In order to eliminate this part of the error, we use the Kalman
filter-based tracker.

Table 1 shows the relative positions of the three experimental objects to our boat in
meters (x, y, z).
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Table 2. Root mean square error (meters).

Black Boat White Boat Buoy

Before preprocessing 2.316 0.549 0.636

After preprocessing 0.269 0.141 0.157

Preprocessing + Kalman Filter 0.070 0.037 0.041

Table 2 shows the RMSE values of the positions of the three experimental objects with
respect to their ground truth positions.

4.3.2. Evaluating the Tracker (Kalman Filter)

To evaluate the tracker, we use the square error for the graph to show the correctness
of object tracking and the mean square error to assess the further improvement added in
the preprocessing step to overcome bounding box movement due to rays hitting different
parts of the boat. We also use the detection rate, as the Kalman filter has a prediction step,
meaning that it should overperform compared to detection-only techniques thanks to its
ability to predict the position of the object even in frames where the points of an object
are lost. For the detection rate, we want to determine how many times the objects are
detected correctly through multiple consecutive frames, where “detected correctly” means
that the IoU of the tracked bounding box should be at least 0.5 compared to the ground
truth bounding box; this number is divided by the total number of frames, meaning that if
we have 100 frames and 90 of them are being tracked correctly in the correct position, then
the detection rate will be 90%.

To achieve this, we track the same three objects for 35 s and show the impact of tracking
on correcting and predicting the accurate position of objects.

Figure 10 and Table 2 show that the Kalman filter reduces the error of the black boat
from 26.9 cm to 7 cm, the error of the white boat from 14.1 cm to 3.7 cm, and the error of
the buoy from 15.7 cm to 4.1 cm.

Figure 10. Position errors of different objects after the preprocessing step (stabilization) and Kalman
filter tracking; the error is calculated using the ground truth position of the object as the reference.

Table 3 shows that the rate of detection for the three objects before preprocessing is
almost 5%; all three objects are represented in the wrong places due to the fluctuating
motion of our USV. After preprocessing, a huge performance boost can be seen after
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correcting the position of those objects; however, we are still not close to 100% due to the
LiDAR not being able to detect an object in all frames. Although the field of view (FOV)
of the LiDAR sometimes does not include the object, adding the tracker has a positive
effect on detection, providing more accurate position output and preventing sudden jumps.
In addition, the tracking stage includes a prediction step, which allowing the object to be
predicted in future frames even if it is not detected in the current frame. This prediction is
made based on the speed and orientation of the object, increasing the detection rate by 25%
to 30%.

Table 3. Detection rate (%).

Black Boat White Boat Buoy

before preprocessing 4.7 5.6 4.3

after preprocessing 50.5 55.6 45.4

preprocessing + KF 78.3 82.4 77.5

4.4. Results and Discussion

Our experiments demonstrate significant improvements in detecting and tracking
dynamic objects, particularly in environments with motion-induced fluctuations. The pre-
processing steps, including point cloud stabilization, play a crucial role in reducing errors
caused by sensor movement and environmental interference. This improvement is reflected
in the reduced Root Mean Square Error (RMSE) for object positions, especially after apply-
ing the Kalman filter. The RMSE values for the black boat, white boat, and buoy showed
notable reductions after preprocessing, and further improvements were observed after
integrating the Kalman filter. The RMSE values before preprocessing were 2.316 m, 0.549 m,
and 0.636 m for the black boat, white boat, and buoy, respectively. After preprocessing,
these values dropped significantly to 0.269 m, 0.141 m, and 0.157 m. The application of
the Kalman filter further reduced these errors to 0.070 m, 0.037 m, and 0.041 m, demon-
strating the effectiveness of our method in stabilizing object positions and improving
tracking accuracy.

Additionally, the detection rate metric provided insights into the performance of the
tracking system. Before preprocessing, the detection rates for the black boat, white boat,
and buoy were 4.7%, 5.6%, and 4.3%, respectively; after preprocessing, these rates improved
to 50.5%, 55.6%, and 45.4%. The integration of the Kalman filter boosted the detection
rates to 78.3%, 82.4%, and 77.5%. This increase is attributed to the Kalman filter’s ability
to predict object positions even when LiDAR points are not detected in certain frames,
enhancing both the accuracy and consistency of the tracking system.

The combination of preprocessing and Kalman filter-based tracking proves highly
effective in marine dynamic object detection and tracking. The substantial reduction in
RMSE and the marked improvement in the detection rate across all tested objects confirm
the robustness and reliability of the proposed method. These results underline the potential
of our approach for real-time applications in challenging marine environments, where
precise object tracking is essential despite the presence of environmental factors such
as water waves and sensor motion. The proposed methodology successfully addresses
these challenges, ensuring more accurate and stable identification of moving objects in
marine settings.

5. Conclusions

In this paper, we have presented a comprehensive approach to object detection and
tracking for USVs in maritime environments by integrating IMU and LiDAR sensor data.
Our approach introduces a novel data fusion technique that effectively corrects for tilt-
induced distortions in the LiDAR point clouds, ensuring accurate object positioning and
significantly reducing the complexities introduced by water ripples and boat movements.
We realize improve object delineation and encapsulation within bounding boxes by en-
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hancing the quality of the data fed into our clustering algorithm. However, there is some
discontinuity in object tracking because of the sparsity of the data and the occasional loss
of objects across frames. To address this problem, we develop and implement a robust
Kalman Filter, introducing improvements intended specifically for maritime sensors. As a
result, it is possible to maintain continuity even in instances where objects are sparsely
represented or momentarily obscured. We evaluated our approach using the metrics of
RMSE for preprocessing accuracy and detection rate for the tracking stage. This evaluation
underscored the effectiveness of our approach, with the results exhibiting a significant
improvement in the precision of object location across consecutive frames. The evaluation
results affirm the robustness of our method in the face of challenges such as object spar-
sity and intermittent visibility. Afterwards, we moved to validation. We first validated
our approach through simulation in order to fine-tune our system. Then, we conducted
real-world experiments in the Volga River with an actual USV. These experiments provided
practical evidence of the applicability and efficiency of our approach in real maritime
settings and confirmed its operational viability. To sum up, our proposed pipeline proved
reliable and accurate and performed well in dynamic maritime conditions. In the future,
safer and more autonomous maritime navigation can be achieved by integrating more
sensors and applying new machine learning techniques to further enhance the detection
and tracking capabilities of our proposed approach.
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