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Abstract— Determining the position of obstacles is crucial for
unmanned vehicles, and, to achieve this, cameras and radar
sensors are widely utilized. However, establishing correlation
between two or more sensors proves challenging in the dynam-
ically changing maritime environment. To solve these issues, we
propose the AnytimeFusion algorithm. The key innovation of
AnytimeFusion lies in the utilization of a parameter-free method
that does not require accurate sensor alignment and calibration.
The algorithm consists of the following four stages. First,
calibration targets are selected in the maritime environment
based on segmentation images. Second, radar and camera data
are pre-fused to model the correlation of azimuth information.
After completing the auto-calibration stages, Inverse Perspec-
tive Mapping (IPM) is employed to integrate the coordinate
systems of the two sensors. To determine the parameters for
this integration, optimization based on the Particle Swarm
Optimization (PSO) method is employed. Finally, an Error
Polygon for the positions of the camera and radar is generated,
and sensor fusion is carried out based on this information. We
validated our method through experiments conducted on real
ships in complex maritime environments, achieving an average
accuracy of 95.7%.

I. INTRODUCTION

The interest in autonomous surface vehicles has signifi-
cantly increased in the last few years [1]. Detecting objects
in the vicinity is crucial for autonomous vehicles to avoid ob-
stacles and follow a path [2], [3]. In maritime environments,
radar sensors are widely employed for object detection, as
they enable the acquisition of precise distance and azimuth
information [4]. However, radar sensors have the drawback
of lacking information about height and facing challenges in
acquiring semantic information. In contrast, although camera
sensors are widely used in the maritime environment [5],
they have limitations such as inadequate robustness in harsh
weather and the inability to reliably obtain depth information
[6]. Therefore, sensor fusion technology, which integrates the
features of several sensors to generate accurate information,
is currently being studied as an effort to address these
challenges [7], [8].

There are challenges in integrating multi-sensor fusion due
to the inherent differences between radar and RGB camera
sensors. Radar lacks height information, while RGB cameras
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Fig. 1: Overview of AnytimeFusion: the algorithm comprises
four stages. Auto-calibration for azimuth information is
divided into Stage I and Stage II. In Stage III, the coordinate
systems of the camera and radar are integrated through IPM
parameter optimization. In Stage IV, camera-radar fusion is
conducted based on the Error Polygon.

lack depth information. Additionally, cameras and radars
have different levels of azimuth precision [9]. As cameras
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Fig. 2: Stage I) Example of selecting calibration targets. After obtaining reference information in (a), matching is performed
with radar objects via Hungarian matching in (b), resulting in the supplementation of class information for calibration targets,

as shown in (c).

and radars differ in dimensions, various methods have been
employed to combine their coordinate systems. The methods
for sensor fusion can be classified into two categories: 1)
conducting the transformation with prior knowledge of the
correlation information between cameras and radars, or 2)
estimating the transformation without prior knowledge of the
correlation information.

In the approach where correlation information is known,
RGB cameras are converted using the IPM technique [10]
or directly transformed into world coordinates. However,
these approaches have limitations, as they require precise
installation and pose information. Obtaining accurate pose
information for a ship using sensors such as Inertial Mea-
surement Units (IMU) poses challenges due to accumulated
errors over prolonged movements [11].

On the other hand, in the approach where the correlation
information between the two sensors is unknown, research
has focused on identifying optimal combinations of roll and
pitch to ensure the best matching between the two sensors
[4]. However, to determine such combinations, the approach
requires the selection of objects detected by both sensors
as targets. This approach faces limitations when applied
to complex maritime environments with a large number of
objects, potentially introducing errors. Furthermore, studies
have been carried out to extract the horizon line from cam-
eras to obtain depth information [12]. However, accurately
acquiring the horizon line in the marine port environment,
which is the focus of this study, poses challenges due to
ships with irregular shorelines and unpredictable land-sea
boundaries.

In this paper, we propose AnytimeFusion, a parameter-
free RGB camera-radar sensor fusion algorithm designed
for complex maritime environments. The core idea involves
conducting Auto Calibration to integrate two sensors with
differences in azimuth accuracy. Subsequently, optimization
of IPM parameters is performed to fuse RGB camera and
radar information, especially in situations where depth in-
formation is unavailable in the RGB camera. Finally, an
Error Polygon is generated to compensate for potential errors
introduced in the previous stages.

The contributions of the proposed algorithm include:

o The ability to perform fusion even without precise
correlation between sensors or accurate knowledge of
the ship’s movement.

o The capability to proceed with fusion despite errors in

segmentation and classification or even if detected by a
single sensor.

o The capacity to achieve accurate matching in complex
maritime scenarios with a large number of objects.

II. ANYTIMEFUSION

The overview of AnytimeFusion is illustrated in Fig 1.
This proposed algorithm consists of four stages: Stage I)
selection of calibration targets, Stage II) pre-fusion of camera
and radar for azimuth information modeling, Stage III) IPM
parameter optimization for the integration of camera and
radar coordinates, and Stage IV) fusion of camera and radar
based on an Error Polygon. In the following sections, we
present the details of each stage in AnytimeFusion.

A. Auto Calibration (Stage I, 11)

Calibrating azimuth information is essential to establish
the correlation between the camera and radar. This study
assumes the use of camera results obtained through intrinsic
calibration. However, relying solely on intrinsic calibration
may not accurately capture azimuth information, as it can
change during the sensor installation process on real ships
due to differences in installation locations or ship attitude.
Hence, the Auto Calibration process becomes essential to
address these factors.

The Auto Calibration procedure consists of two steps.
In the first stage, the selection of calibration targets is
conducted. The second stage involves the fusion of camera
and radar calibration objects to model azimuth information.

1) Camera & Radar Segmentation: For object recog-
nition, a segmentation model based on deep learning was
applied to data acquired from both the camera and radar
sources. These models are primarily designed to identify
marine objects, even if they are very small. Specifically,
the camera model is configured to provide outputs with
five distinct classes: land, ship, buoy, sky, and sea surface
[13]. Concurrent research has introduced a robust model
capable of handling weak illumination and haze conditions
that impair camera sensors. [14] AnytimeFusion allows for
integrating such models into camera segmentation, enabling
the system to address weak illumination and adverse weather
conditions. Meanwhile, the radar sensor model is structured
to determine results categorized into three classes: land,
object (regardless of the object’s type, such as ships, buoys,
etc.), and noise [15].
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(a) Camera Segmentation (b) Camera IPM Result

(e) Radar Segmentation (f) Accumulated Radar Image

(c) Ray Casting on IPM (d) Camera Ray on Radar Domain

(g) Ray Casting on Radar (h) Error Calculation

Fig. 3: Stage III) Optimization process of IPM parameters. For the camera, Ray Casting is performed after [IPM to measure
distances on obstacle surfaces in (b)-(c). The radar conducts Ray Casting after accumulating multiple frames in (f)-(g). In
(h), the parameters minimizing the comparison between the Ray Casting results of the camera and radar are identified.

2) Selection of Calibration Targets (Stage I): To per-
form Auto Calibration, selecting calibration targets is es-
sential. In this study, we chose buoys—small, narrow-width
objects in the camera’s field of view—as the calibration
targets. The reason for selecting buoys as calibration targets
is to achieve accurate azimuth information. Furthermore, as
they are objects fixed underwater, buoys have been chosen as
stable calibration targets that can be acquired in a maritime
environment. However, depending on changes in radar reso-
lution or a switch to an RGBD camera or if used in a land
environment, a different approach to selecting calibration
targets can be employed.

In this paper, the radar segmentation model does not
include a class for buoys, and there may be errors in
the classification of the existing class, as shown in Fig
2(b). Therefore, additional processing is required to se-
lect accurate calibration targets. To address this, we first
obtained the reference information of calibration targets
from the nautical chart, as shown in Fig 2(a). The Hun-
garian matching technique [16] was then used to match
these nautical chart objects N =ng,...,n; € R? with
radar objects R = ry,...,r; € R? using Euclidean distance
d(ni, I‘j) =
to accurately supplement the class information, as illustrated
in Fig 2(c). Meanwhile, the original ship class—not calibra-
tion targets—is still applicable in areas without buoys. The
error cost function of the Hungarian matching, denoted as
LN R, is represented by the equation:

(nj, —rj,)2 + (nj, — rjy)2. This allowed us

N R
ENRzargminZZd(ni,rj) (1)

i=1j=1

3) Calibration Function Modeling (Stage II): In this
stage, pre-fusion of camera objects in camera coordinates

C = u, v and radar is conducted to model the correlation of
azimuth information.

To achieve the initial alignment of azimuth between
the camera and radar, the normalized camera’s azimuth
) is calculated based on the camera’s image width w
and horizontal field of view (FOV) FOVh. On the other
hand, the radar object’s azimuth information r; is calcu-
lated from the radar center position (position of ownship)
7o = (T0,,70,). Subsequently, the azimuth differences be-
tween radar objects R = r1,...,7; € R? and camera objects

C=c,...,c; € C are utilized for the application of the
Hungarian matching error cost function Lc .
Cry="ku xFOV,, @)
ri, —T
rj, = arctan (J” oy> 3)
rjm - Toz

C R
Lcr = argmin Z Z |c;% -1y, “)

k=1 j=1

The reason for performing matching based on azimuth
information is that the camera is not installed at a high
position, making it difficult to extract meaningful height-
direction information from the camera image.

During the entire scenario 7', matched objects are stored
in M =my,...,my, where m; = (cx(u,v),r;(z,y)), and a
process is undertaken to identify the most suitable representa-
tive function for these objects. To address outliers, a method
based on standard deviation is employed, filtering out objects
for which the difference exceeds a certain standard deviation
o during line fitting with the Least Squares Method [17]
between cy,, and r,,,. With this method, objects with un-
successful matches are automatically separated out, and only
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Fig. 4: Stage IV) The principle of generating Error Polygons and performing Sensor Fusion. In (a), Ray Marching is carried
out starting from the Camera IPM position in the radar domain, allowing the volume of radar obstacles to contribute to
the creation of an Error Polygon. Consequently, the Error Polygon is generated, as shown in (b). In (c), Sensor Fusion is
performed by assessing the overlap between the generated Error Polygon and the segmentation contour of the radar.

successfully matched objects are taken into consideration for
line fitting, as shown in Eq (5). A 4th-degree polynomial is
chosen for calibration modeling, providing adaptability to
complex distortion patterns in real-world scenarios.

l
. 4 3 2 2
argmin E (acmu + Bem,” +Yem,” + 0Cm, +€—Tm, w)

m=1

&)
The camera width-direction is divided into intervals to
identify the Auto Calibration termination point and evaluate
the efficacy of the created model. The calibration procedure
continues if there aren’t enough objects within a given
interval; if there are more objects above a predetermined
threshold, the calibration process is terminated. This elimi-
nates line-fitting errors caused by a biased object distribution
and guarantees a balanced distribution of objects across

intervals.

B. IPM Parameter Opimization (Stage III)

The sensor fusion of RGB cameras and radar requires
the integration of coordinate systems, especially with RGB
cameras when depth information is not accessible. The goal
of this stage is to combine coordinate systems using the IPM
approach.

However, finding the parameters used in IPM is a chal-
lenging task. This is because obtaining accurate installation
information during the sensor installation process is difficult,
and accurately determining pose information is challenging
due to the movement of the ship and changes in the mar-
itime environment. Therefore, in this stage, the optimization
process is explained to obtain information regarding these
parameters.

1) Error function of Optimization: The error function
for the optimization algorithm relies on the Ray Casting
technique. Ray Casting involves projecting virtual rays from

a reference point to each pixel to ascertain the presence of
obstacles [18].

For the camera, initialized at x(0) =(¢q,00,%0) =
(0,0,0), where x represents roll, pitch, and yaw, IPM
transformed the camera image into an integrated coordinate
system with the radar, as shown in Fig 3(b). Subsequently,
surfaces corresponding to obstacles in the camera image
were detected through Ray Casting along the camera rays’
range zc; within the calibration camera’s FOV FOV,.
As illustrated in Fig. 3(d), this procedure established the
initial distance values for obstacles in the camera images.
In the radar image, an Accumulation step preceded Ray
Casting. If only a single frame of the radar is used, it
cannot address classification errors of objects, as shown in
Fig 3(e). As depicted in Fig. 3(f), an accumulation queue
Q=q,-..,qn was utilized to create a cumulative image
to reduce misclassification due to changes in pose, moving
obstacles, or inaccuracies in the segmentation model through
weighted average.

To find the distances to obstacles, the radar ray range zp
was determined after the Accumulation step. The obstacle
distance values for camera and radar objects were computed
on a per-ray basis, with their sum serving as the error
function for the optimization algorithm of a certain particle
F(x(p)) in Eq (6).

FOV}L

Fx) = Y lzcy — 2ryl (6)
P=1

2) Particle Swarm based IPM Parameter Optimiza-
tion: We employed the particle swarm optimization (PSO)
approach to determine the IPM parameters [19]. PSO is
renowned for its proficiency in global optimization, utiliz-
ing a swarm-based methodology for effective exploration.
Through this algorithm, particles P = pq, ..., p, with ran-
dom values for roll, pitch, and yaw x(p) are generated, and
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Fig. 5: Sensor Configuration.

TABLE I: A Detail of Data Set.

Contents Set 1 Set 2 Set 3
Frame 223 88 127
Camera Objects (Left/ Right) 776/577 | 185/386 | 466/355
Radar Objects 592 1664 827
Matched Object Pairs 147 162 133
Actual Objects (Dynamic,Small) 11(2,5) 14(3,2) 6(2,6)

the optimization process is repeated until the optimal IPM
parameters x(p)”* are found. A threshold value is set during
the optimization process to prevent convergence to overly
specific values.

x(p)" = arg min F(x(p)) (7)
PEP

C. Sensor Fusion Algorithm (Stage 1V)

1) Error Polygon Generation: The concept of an Error
Polygon was introduced in this stage. Despite completing
Auto Calibration to enhance the alignment of azimuth infor-
mation between the camera and radar, followed by coordinate
integration through IPM optimization, inaccuracies may still
remain. In order to address this, for each camera object, an
Error Polygon is generated by connecting camera ray range
zc . and radar ray range zp " in Fig 4(a). However, in this
stage for radar obstacles, a Ray Marching [20] method from
the camera IPM point was applied rather than Ray Casting.
As shown in Fig. 4(a), Ray Marching was chosen to precisely
capture the volume information of radar vi and ensure an
accurate representation of obstacle positions. Thus, the final
result includes the generation of an Error Polygon £ for the
camera object’s bounding box, as depicted in Fig. 4(b) and
Eq (8).

bounding box width

e~ U

Pp=1

(2¢;» %R, VR) (®)

2) Hungarian Matching based on Error Polygon:
The Error Polygon was utilized as the cost function for the
Hungarian Matching algorithm. This stage is inspired by the
Intersection over Union (IoU) method [21]. We employed a
modified concept, as expressed in Eq (9). This modification
deviates from the traditional IoU method by considering the

= - TR AT =
41 4

i g D
o Pyl T R RER U - //éz —»— Trajectory
. d O Buoy

Fig. 6: The trajectory of the dataset used for Auto Calibration
and the positions of calibration targets, which are buoys, are
depicted. Translation and rotation were applied to ensure a
uniform distribution along the camera width directions.

union £ U S of the Error Polygon £ and the segmentation
contour area of the radar S. We select the highest proportion
among the IoU and differences of the Error Polygon and
radar ENS,E — S,S — £. This adjustment accommodates
the possibility of the radar object forming an inclusion
relationship with the Error Polygon, as illustrated in Fig 4(c).
Before integrating the camera and radar, if multiple cameras
are installed and their FOVs overlap, pre-fusion is performed
among the cameras to consolidate regions where the FOVs
intersect into a single object. Subsequently, the final fusion
is executed between the integrated camera objects and the
radar based on Eq (9).

C R
— EkﬂSj gk*Sj Sj*gk
ECR—argmawl;;max <5kUSj, £US, £ US,

©)
III. EXPERIMENTS

To evaluate the accuracy of our proposed algorithm, we
conducted experiments in a complex maritime environment
with real ships. The experiments were conducted in three
stages: Auto Calibration, IPM parameter optimization, and
the Sensor Fusion algorithm.

The ship used in the experiments is depicted in Fig. 5,
equipped with cameras, radar, and a GPS sensor installed
at the top of the mast to acquire environmental information.
Two cameras were fitted, extending the camera’s 135-degree
field of view to 220 degrees. The radar’s 500-meter detection
radius was also adjusted. The cameras, radar, and GPS
collected data at 1Hz intervals.

A. Dataset

To conduct the experiment, data collection was performed
at Ulsan Port in South Korea. Table I provides a description
of the dataset used in the experiments, including the total
number of actual objects throughout the entire scenario. The
analysis distinguishes between dynamic objects and small
objects, such as buoys.

Analyzing each dataset separately, Set 1 is the most
straightforward to use, with a minimal likelihood of inac-
curate matches, as it possesses an almost equal number of
camera and radar objects. In contrast, Set 2 has a higher
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(b) Calibration Function Result (Right Camera)

Fig. 7: The results of the calibration function. By applying a
pre-fusion of radar and camera, a function was developed
to enhance the camera’s azimuth accuracy. Outliers were
excluded during the line fitting process to eliminate inac-
curacies in the matching results.

(a) Case 1 - Left: Before, Right: After

(b) Case 2 - Left: Before, Right: After

Fig. 8: Before-and-after results show improved camera az-
imuth accuracy through Auto Calibration. Initially, there
were discrepancies in class azimuth between the camera and
radar segmentation. After correction, the results aligned with
the radar’s azimuth information.

proportion of radar objects than camera objects, making it
more challenging due to the potential for object fusion. Set
3, characterized by the largest percentage of small objects,
showcases the most noticeable impact of Ray.

B. Auto Calibration

Firstly, the Auto Calibration experiment was conducted
to assess the improvement in the accuracy of the camera’s
azimuth information.

1) Experiment Setups: Set 3, which has the highest
proportion of buoys set as calibration targets for Auto
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Fig. 9: Comparison Before and After IPM Optimization:

By comparing the distribution of obstacle positions, it is

evident that, after applying IPM Optimization, the results

closely resemble the radar’s distribution compared to before

optimization.

Calibration, was selected as the experimental scenario. The
trajectory and positions of buoys are illustrated in Fig 6. To
collect data that is unbiased in the width direction of the
coordinate system for the left and right cameras, both rota-
tion and translation movements were uniformly conducted.
Furthermore, a threshold of 30 degrees was set for azimuth-
based Hungarian matching to prevent inaccurate matches.

2) Experiment Results: The information about the cali-
bration model obtained through this experiment is depicted in
Fig 7. The left and right cameras were separated to establish
azimuth calibration models. The camera width direction was
divided into 10 sections, ensuring that five or more cumula-
tive frequencies were satisfied. Once termination conditions
were met, the Auto Calibration successfully concluded, and
the model creation was completed.

The results show that the models for the left and right
cameras are not exactly the same. This discrepancy is at-
tributed to the ratio of inliers to outliers, with the left camera
having a ratio (outlier/inlier) of 45/99, and the right camera
of 37/145. This suggests that the right camera exhibited a
more representative outcome for the modeling. However,
compensations for such errors can be addressed in the IPM
optimization and Error Polygon creation stages.

The results obtained by applying the azimuth calibration
model are shown in Fig 8. Before the calibration, there was a
discrepancy between the position where buoys were indicated
and the class information of the radar image corresponding
to this camera’s azimuth. However, after performing the
calibration, it was confirmed that the rays corresponding
to buoy information and the radar information were in
alignment.

C. IPM Parameter Optimization

In the second experiment, the accuracy of IPM optimiza-
tion is assessed by contrasting the outcomes of initial settings
of x(0) = (0, 0, 0) with optimal parameter of IPM method
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(a) Example of Matching Results (Set 1)

(b) Example of Matching Results (Set 2)

Fig. 10: Qualitative Results of Sensor Fusion Algorithm. The algorithm successfully matches objects in complex maritime
environments, complementing true obstacle positions using the Error Polygon, regardless of radar segmentation accuracy.

TABLE II: Results of Ablation Study

AC | IPMO Set Accuracyt FP| | FNJ| | ID Switch]
1 48.29% (71/147) 18 39 37
X X 2 3.70% (6/162) 27 77 6
3 10.52% (14/133) 21 64 54
1 48.19% (71/147) 18 35 41
X (6] 2 4.93% (8/162) 38 65 89
3 7.51% (10/133) 24 68 53
1 91.83% (135/147) 1 7 5
O X 2 91.97% (149/162) 12 5 8
3 79.69% (106/133) 12 10 15
T | 98.63% (145/147) | 3 2 0
(0] (6] 2 93.82% (152/162) 3 2 8
3 94.73% (126/133) 7 0 6

*AC: Auto Calibration, IPMO: IPM Optimization

TABLE III: Results of Algorithm Comparison

Method Set Accuracyt FP| | FNJ| | ID Switch
1 69.38% (102/147) 18 34 11
d 2 16.04% (26/162) 7 133 3
3 55.63% (74/133) 17 31 27
1 87.75% (129/147) 44 1 17
P 2 76.54% (124/162) 89 1 37
3 73.68% (98/133) 68 0 34
1 98.63% (145/147) 3 2 0
£E(Ours) 2 93.82% (152/162) 3 2 8
3 94.73% (126/133) 7 0 6

*d: Euclidean distance based matching, v : azimuth difference based

matching, £ : Error Polygon based matching

x(p). The improvement in object distance estimate is the
main attention of the comparison.

The results are shown in Fig. 9, illustrating the accumu-
lated position of a static object across 40 radar frames. As
depicted in Fig. 9, the camera’s distribution in both latitude
and longitude directions appeared dispersed when compared
to the distribution of radar positions before IPM optimization.
However, after the IPM optimization, the result became more
similar to the actual distribution of radar positions.

D. Sensor Fusion Experiment

1) Experiment Setups: In this experiment, two methods
were employed to verify the algorithm’s accuracy. Initially,
an Ablation Study was conducted to carefully assess the
effects of each algorithmic stage. The comparison focused on
the impacts of Auto Calibration (AC) and IPM Optimization
(IPMO) on accuracy improvement. Second, the Hungarian
algorithm with Euclidean distance (d) and the Hungarian
algorithm with azimuth difference (¢)) were used as cost
functions to compare the method’s results for quantitative
performance evaluation.

The Eq. 8 was used to evaluate the algorithm’s accuracy.
The results were calculated for the entire frame 7.

S, (Success Case)
Z?:o (Ground Truth)

Additionally, 3 key factors - FN, FP, ID switches - were
considered in addition to this accuracy formula, leading to
further analysis. FN represents false negatives, FP denotes
false positives, and ID switch refers to the phenomenon
occurring when fusion with different objects is incorrect.

2) Experiment Results:

« Ablation Study

Table II presents the results of the experiment on the
effects of Auto Calibration and IPM optimization.

Initially, excluding two specific factors, the accuracy is
extremely low, to the extent that the success rate is not
even half. Furthermore, a slight reduction in accuracy was
observed when IPM Optimization was applied. This occurred
because many objects were fused incorrectly based on az-
imuth, leading to higher ID switch values. On the other
hand, accuracy showed a tendency to improve after using
Auto Calibration. The algorithm’s design, which primarily
creates Error Polygons based on Ray Casting, Ray Marching,
and measures similarity using the Error Polygon overlap, has
been attributed to this increase in performance. As a result,
azimuth accuracy is crucial for overall accuracy.

As a result, AnytimeFusion, the suggested algorithm that
combines the two factors, demonstrated the highest algorith-

Accuracy = (10)
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mic accuracy. The proposed algorithm exhibited accuracies
of 98.63%, 93.82%, and 94.73% per datasets. When averag-
ing across all datasets, the overall accuracy reached 95.7%.

o Comparison with Other Algorithms

The results of the second experiment, which compared
different approaches, are shown in Table III. First, uncer-
tainty from IPM Optimization cannot be addressed by the
Euclidean cost function d since it only measures association
using camera and radar positions with high FN. However,
because the azimuth-based approach ) is unable to reflect
distance information, it generates excessive associations for
all objects in the same azimuth, resulting in a high FP ratio
and accuracy loss.

On the other hand, throughout all three datasets, the
proposed algorithm showed the highest accuracy results.
Particularly, out of the three datasets, Set 1, which was the
easiest to utilize, had the greatest accuracy. The ID switch
case ratio was high for Set 2, which had high azimuth
similarity. The set with the most small objects—Set 3—also
exhibited the second-lowest accuracy.

Additionally, the AnytimeFusion algorithm can use Ray-
based coordinate integration to obtain distance data for
objects that the camera detects—even if the radar classifies
them as land or noise. In Fig. 10, the radar excluded objects
with ship A, C, and D from fusion because they were
categorized as land. Nevertheless, they can be correctly
integrated into the coordinate system of the radar through
ray projection.

IV. CONCLUSIONS

In this paper, we propose AnytimeFusion, a robust and
adaptable algorithm for the fusion of RGB cameras and
radars in complex maritime environments where depth infor-
mation is unavailable to the camera sensor. This algorithm
compensates for azimuth distortions in the camera by first
performing an Auto Calibration step. It then employs the
Inverse Perspective Mapping technique to coordinate the
integration of the camera and radar systems. It utilizes a
Particle Swarm-based optimization method to handle ship
motions. Lastly, it generates an Error Polygon and performs
sensor fusion to compensate for errors that might have
occurred in the two previous steps and evaluates the accuracy
of the matching between the camera and radar. Evaluations
of the algorithm’s accuracy were also carried out using data
obtained from real ships in challenging marine environments.
Even in complex marine conditions, the results showed a
high level of robustness, with an average accuracy exceeding
95.7%. To further expand on this, we plan to include and
evaluate LiDAR sensors in the algorithm to create a more
comprehensive fusion algorithm with improved azimuth and
distance accuracy. Furthermore, to validate the system’s suit-
ability in real marine environments, we aim to demonstrate
its ability to detect and avoid obstacles through real-time
experiments.
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