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 a b s t r a c t

Marine disasters pose significant risks to both victims and rescuers, often occurring in challenging conditions. 
To address this, we propose a robust perception system for human-in-water search and rescue, leveraging early 
fusion of thermal imaging and LiDAR data. The system employs the YOLOv8 deep neural network to detect 
and classify survivors from multi-source images, maintaining high reliability even in adverse environments. The 
framework has been designed, implemented, and evaluated on a newly collected real-world dataset, specifi-
cally created for this application. Additional data augmentation simulates harsh operational and environmental 
conditions to enhance robustness. Performance was assessed in terms of detection accuracy and computational 
efficiency. The proposed multi-sensor approach achieved a precision of 93.5% and a recall of 94.2%, outper-
forming single-sensor models and demonstrating superior generalization in complex scenarios. Additionally, it 
reduces computational cost by approximately 64% compared to a late fusion strategy, supporting efficient real-
time processing. These results confirm that the proposed system significantly improves perception capabilities 
while meeting real-time constraints, making it suitable for deployment in time-critical maritime rescue oper-
ations. By integrating autonomous sensing and intelligent processing, this work contributes to safer and more 
effective search and rescue missions at sea.

1.  Introduction

Maritime Search and Rescue (SAR) operations are crucial for saving 
lives at sea, often involving complex missions under challenging condi-
tions. Traditionally carried out with human-crewed ships and aircraft, 
these efforts can be time-consuming, costly, and risky for rescuers. With 
modern technological advancements, autonomous vehicles are becom-
ing increasingly important in a wide range of applications. Despite the 
successful deployment of Unmanned Aerial Vehicles (UAVs), including 
in SAR operations across many domains, their use in maritime SAR op-
erations is less effective due to their limited range, high vulnerability to 
weather conditions, and inability to provide direct intervention. In this 
context, the use of a Unmanned Surface Vehicle (USV) or Autonomous 
Surface Vehicle (ASV) is preferable, as it is inherently more resistant 
to atmospheric events, can carry larger payloads of essential relief sup-
plies (such as food, water, and medicine), and can transport flotation 
aids or inflatable rafts, as shown by Matos et al. (2013), that can be 
easily deployed and towed by the vehicle itself. The use of ASVs/USVs 
for challenging missions is a trend supported by the work of numerous
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research groups, spanning applications from the surveillance of sen-
sitive and high-risk areas (Ponzini et al., 2024), environmental data 
collection (Odetti et al., 2024), and SAR missions (Akbar et al., 
2022; Mansor et al., 2021), to support for warfare operations
(Boretti, 2024).

In SAR missions, uncrewed vessels are appreciated as they can cover 
large areas quickly, operate in dangerous environments, and work in 
coordinated swarms to improve search efficiency; moreover, they can 
be deployed directly by aerial vehicles in the disaster area. The use of 
ASVs represents a major step forward in making SAR operations faster, 
safer, and more effective, helping to protect lives while optimizing
resources.

This article proposes the development of a perception system to iden-
tify survivors adrift at sea during a SAR operation. This capability is 
fundamental and serves as an enabling technology for SAR operations 
with Autonomous Surface Vehicles. Furthermore, it represents a crucial 
aid in Decision Support Systems (DSS) for USV remote operators or per-
sonnel directly involved in the search onboard manned vessels. Specific 
attention is given to the system’s robustness against adverse weather 
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and sea conditions, as these are key contributing factors to maritime
accidents.

The paper is structured as follows. Section 2 gives an overview of 
trends and contributing factors in maritime accidents and SAR oper-
ations. In Section 3, the related work is presented. In Section 4, the 
methodology and materials used are shown. In Section 5, the results ob-
tained are presented and discussed, with analysis provided in Section 6. 
Finally, in Section 7, conclusions are drawn and future developments 
are explained.

2.  Background

To formulate choices and methodologies adequately for such a sys-
tem, it is essential first to define the characteristics of typical SAR sce-
narios. Therefore, an introductory investigation into the most frequent 
circumstances requiring the initiation of a SAR mission has been con-
ducted, building upon the understanding of maritime accident dynam-
ics. The EMSA Annual Overview of Marine Casualties and Incidents 
2024 (, EMSA) analyzes accident event types from 2014 to 2023, catego-
rizing them as ‘Human action’, ‘System/equipment failure’, ‘Hazardous 
material’, and ‘Unknown’. The analysis reveals that “Environment” is 
the primary and most significant contributing factor in three out of the 
four accident event types, and it is the second most crucial factor in the 
remaining category, “Human action”.

Each year, the US Coast Guard (USCG) publishes a report detailing 
the dynamics and causes of recreational boating accidents. The 2023 re-
port (Guard, 2023) reveals several key trends. Despite a higher overall 
number of recreational boating accidents during the summer months 
(due to the higher recreational traffic), the percentage of fatal acci-
dents is higher in autumn and winter, with adverse weather conditions 
appearing to be a crucial factor (e.g., 29% fatality rate in December, 
22% in October, compared to a 14% average). Similarly, while the 
highest volume of accidents occurs during daylight hours with heav-
ier traffic, the fatality rate is considerably higher at night when vis-
ibility is poor (19-23% between 10 PM and 2:30 AM versus a 14% 
daily average). Directly attributable environmental conditions were the 
primary cause of 558 accidents out of 3844, resulting in 100 deaths 
and 257 injuries; an additional 44 accidents were related to restricted 
vision. While the majority of accidents occur in good visibility due 
to increased boating activity, accidents in low visibility, although less 
frequent, exhibit a substantially higher injury and fatality rate (82% 
against 68%). Finally, drowning remains the leading cause of death in 
recreational boating accidents, accounting for 377 of the 564 fatalities in
2023.

Liu et al. (2021) provide a systematic analysis for maritime accident 
causation in Chinese coastal waters using machine learning approaches; 
the study concludes that bad weather conditions, such as fog, rain, and 
rough seas, often lead to catastrophic accidents. Additionally, the au-
thors note that accident probability is higher at night than during the 
day, and fog is confirmed as a critical weather condition for marine ac-
cidents.

Brandt et al. (2024) analyze machine learning models for accident 
risk prediction by integrating weather data obtained from 1982 to 2021 
by the Norwegian Maritime Authorities (NMA). The study revealed that 
the leading weather variables for accident prediction are visibility, wind, 
sea level pressure, and moon phase.

Panagiotidis et al. (2021) provide a comprehensive review of existing 
marine accident datasets, confirming that adverse weather conditions 
are strongly related to fatalities. In particular, wind and fog intensity 
seem to be proportional to the ratio of deaths to injuries.

Zhang et al. (2019) confirm the link between adverse weather con-
ditions and low visibility with the severity of the accident and fatality 
ratio.

Events that support the thesis of poor visibility in an SAR scenario 
can be found in past disasters. In 1955, the Shiun Maru disaster resulted 
in 168 fatalities in thick fog. In 1956, SS Andrea Doria and MS Stockholm 

collided during the night (around 11:00 p.m.) in thick fog, resulting in 
46 deaths. The Moby Prince disaster, which cost the lives of 140 people 
off the coast of Livorno (Italy) in 1991, occurred at night (around 10.00 
p.m.) and during the legal process (Criminal Court of Livorno, Section 
I, 1998), the presence of advection fog emerged as a contributory cause 
of the dramatic collision. In addition, the ship was engulfed in flames, 
as was the surrounding sea, creating a thick blanket of smoke that made 
rescue efforts even more difficult. In the recent North Sea collision be-
tween container ship MV Solong and oil tanker MV Stena Immaculate 
(occurred in March 2025), heavy fog was registered by onboard camera; 
moreover, the ships burned, producing a thick blanket of smoke in the 
following hours (Bryony Gooch, 2025).

Given the insights into maritime accidents and SAR challenges, a 
likely SAR scenario for survivor search involves adverse weather and 
sea states, characterized by green seas, a high probability of nighttime 
conditions, and the potential for dense fog. Furthermore, the presence 
of wreckage and debris, along with the possibility of burnt objects and 
thick smoke, cannot be excluded. Considering such a challenging sce-
nario, the aim is to develop a robust perceptive system for quick sur-
vivor detection, specifically designed to equip an ASV and enable the 
successful execution of the SAR mission.

3.  Related work

This section reviews studies focused on human detection in maritime 
Search and Rescue (SAR) and Man Over Board (MOB) scenarios. While 
many works address object detection at sea, this review focuses specifi-
cally on human detection in SAR contexts. In Gennarelli et al. (2022), a 
feasibility study of floating life-jacket detection using an FMCW MIMO 
Radar is provided.

Mansor et al. (2021), Jian et al. (2017) propose a sonar-based ASV 
platform for SAR operations. In Akbar et al. (2022), a SAR-oriented ASV 
platform equipped with an RGB camera is proposed. The detection is 
entrusted to image-only and is based on a YOLO convolutional neural 
network (CNN) detector.

In Kang et al. (2020), a complete ASV platform for the SAR mis-
sion is presented. A drowning detection module is introduced; the detec-
tion is carried out using a non-specified deep learning neural network 
trained on Unity-generated images. In Taipalmaa et al. (2024), Wang 
et al. (2023), Ancy Micheal and Sivaramakrishnan (2024), Lygouras 
et al. (2019), Rizk et al. (2023) a UAV is equipped with a visible-light 
optical sensor for human-in-water detection; the procedure is based on 
an image-only CNN, tested in calm water and good visibility scenarios.

Li et al. (2021) show RGB camera human-in-water detection based 
on a YOLO CNN. In Cheong et al. (2024), a thermal camera-based 
method is presented for human-in-the-water detection, tested on real 
acquired and simulated data. The procedure is based on unsuper-
vised Domain Adaptation followed by a segmentation step. Feraru 
et al. (2020) propose thermal camera-equipped UAV for person-in-
water detection using Faster R–CNN. Martins et al. (2013) propose the 
use of RGB and thermal cameras onboard an ASV for detecting hu-
mans in water. However, the data from the two sensors is not fused; 
instead, the processing relies on histogram-based thresholding tech-
niques. In Katsamenis et al. (2020), various approaches for man over-
board detection are analyzed, including the use of the YOLO frame-
work on both thermal and RGB images. However, no sensor fusion
techniques are explored. The study emphasizes the importance of ther-
mal imaging for nighttime operations and tailors the application specif-
ically to surface vessel scenarios. The review result is summarised in
Table 1.

The analysis reveals that most methods rely on optical sensors, due 
to their ability to classify targets. Primarily, RGB cameras are used in 
conjunction with powerful deep learning-based detection algorithms. 
Some works, however, note that such systems are less effective or even
completely useless in nighttime or low-visibility scenarios. UAVs are 
often proposed for SAR, but they have significant limitations considering 
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Table 1 
Summary of related work on human-in-water detection systems.
Reference  Platform  Sensor  Classification
(Gennarelli et al., 2022)  N.D.  Radar  No
(Mansor et al., 2021; Jian et al., 2017)  ASV/USV  Sonar  No
(Akbar et al., 2022; Kang et al., 2020)  ASV/USV  RGB camera  Yes
(Taipalmaa et al., 2024; Wang et al., 2023; Ancy Micheal and 
Sivaramakrishnan, 2024; Lygouras et al., 2019; Rizk et al., 2023)

 UAV  RGB camera  Yes

(Li et al., 2021)  N.D.  RGB camera  Yes
(Cheong et al., 2024)  N.D.  IR camera  No
(Feraru et al., 2020)  UAV  IR camera  Yes
(Martins et al., 2013)  ASV  IR/RGB camera  No
(Katsamenis et al., 2020)  Ship  IR/RGB camera  Yes

the scenarios detailed in Section 1. When detection is carried out on 
thermal images, many negative effects are mitigated, but these works 
only focus on detection and fail to localize the target effectively. In other 
cases, more effective 3D sensors such as sonar and radar are used, which 
are less affected by environmental disturbances. However, these sensors 
only provide detection, without the ability to classify the target. LiDAR 
sensors, although widely used for USV/ASV navigation, do not seem 
to be chosen for human detection in SAR operations, as they also fail 
to effectively classify the target, which is crucial in disaster scenarios 
crowded with possible debris.

In other words, there is a prevailing tendency in the state of the art 
to entrust detection to isolated sensors or platforms whose performance 
degrades significantly under the realistic SAR conditions outlined in the 
research reported in Section 2. Therefore, this paper aims to develop and 
preliminarily validate, using a relevant dataset, a multi-modal sensor fu-
sion pipeline that combines LiDAR and thermal imaging. The proposed 
approach is explicitly designed to enable robust human detection in wa-
ter during naval disaster scenarios, with a particular focus on resilience 
to environmental disturbances.

4.  Material and methods

This section provides details on the methodology adopted and the 
material involved in the study. In particular, Section 4.1 provides an 
overview of the methodology and an in-depth analysis of the main steps 
of the study. Section 4.2 provides details on the sensors and acquisition 
setup, while Section 4.3 presents the hardware and software specifica-
tion of the computing module. Finally, Section 4.4 shows the collection 
of an ad-hoc dataset.

4.1.  Methodology

To select an appropriate sensor setup and processing pipeline, we 
must first consider the application’s requirements and constraints. As 
SAR-oriented ASVs are likely to be already equipped with LiDAR for 
collision avoidance and path planning (Faggioni et al., 2022a,b; Ponzini 
et al., 2024, 2025; Thombre et al., 2022; Clunie et al., 2021; Helgesen 
et al., 2022; Stanislas and Dunbabin, 2019), we will first consider the 
suitability of LiDAR for human-in-the-water detection. In general, the 
primary limitation of LiDAR-based obstacle detection lies in its vertical 
resolution, which is typically much lower than the horizontal resolution. 
A survivor’s body will reliably produce at least one reflection only if its 
vertical dimension is equal to or exceeds the sensor’s vertical resolution 
(see Fig. 1(a)). For a floating survivor raising their arms (with a ver-
tical span of approximately 0.4–0.6m), the maximum detection range 
for a typical LiDAR system with a 40◦ vertical field of view and 32–128 
vertical channels is roughly between 30m (in the best case) and 80m 
(in the worst). As an illustrative example, Fig. 1(b) shows the relation-
ship between vertical resolution, target distance, and number of sensor 
channels; a vertical FOV of 40◦ is used for the analysis, which is a typical 
value for many commercially available LiDARs.

While this calculation indicates the resolution required to detect any 
signal at a certain distance, it is unlikely that a lidar-based detector 
will successfully distinguish a person from the surrounding sea or flot-
sam based on a single point. To obtain semantic information on the 
target, a larger number of points must be acquired to ensure adequate 
feature extraction (e.g., distinguishable head shape), thus it is estimate 
the required vertical resolution necessary to detect a head spanning 22-
24cm vertical to be at least 0.1m (considering a head vertical span of 

Fig. 1. LiDAR acquiring a survivor.
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22–24cm). Using the relationship illustrated in Fig. 1(b), classifiable
targets are obtained at 5 to 10m for common high-spec commer-
cial lidars with 32–128 vertical channels. Consequently, a LiDAR-only 
equipped ASV will need to check individual detection targets at very 
close range to be able to classify them as human-in-water or floating 
debris. This limits the usefulness of a lidar-only ASV because of its 
long path along all candidate targets and correspondingly long time-
to-rescue.

The addition of a camera has the potential to significantly increase 
the distance at which targets can be detected and classified due to the 
much higher resolution it offers. Additionally, a wealth of academic re-
search and pre-trained detection models is available for the object de-
tection problem, serving as a starting point for camera-based human-in-
water detection. RGB cameras, however, are ineffective at night and
under low-visibility conditions, which are commonly encountered in 
SAR missions, as detailed in Section 2. As reported in Section 3, sev-
eral works propose the use of thermal imaging because of its superior 
robustness to adverse weather conditions and nighttime performance.

While thermal imagers in general have lower resolutions than their 
RGB counterparts, compared to LiDAR, they still provide a 5 to 20 times 
higher sampling density suitable for trained detectors even at a longer 
distance. This enables one-shot detection and classification of survivors 
at greater distances, even in cluttered environments, thereby reducing 
the average path length to reach the rescue point and, consequently, the 
time-to-rescue.

Since thermal imagers do not directly estimate distance, any detec-
tion must be coupled with detection via a 3D sensor (such as LiDAR or 
radar) to obtain the range to the target and formulate a safe route to 
reach it. Considering the difficulty of maritime radar detection close to 
the sea surface and the reliance of mainstream ASVs on LiDAR for obsta-
cle avoidance, we propose a combined system that uses thermal imaging 
and LiDAR for long-range person-in-water detection and localization.
A simple and widely used method for combining the detection of two 
sensors, such as a thermal camera and LiDAR, is late fusion, where detec-
tions are made by the individual sensors and then associated at the end 
of the pipeline. While such a system combines the desirable attributes 
of thermal detection and LiDAR ranging, its detection performance can 
never exceed that of the thermal camera, as its processing pipeline does 
not use any additional information obtained by the LiDAR to strengthen 
its accuracy this aspect will be better clarified in Section 5.1.

Additionally, thermal imaging still suffers from some degrading 
environmental conditions that are generally rare, but become more 
likely in a maritime disaster scenario, as outlined in Section 1. In 
Rivera Velázquez et al. (2022), the authors investigate the decay in de-
tection and classification performance on thermal images with the pres-
ence of fog and haze. The Normalized Global Contrast (NGC) of a target 
with a temperature close to the human body can be decreased by 20 to 
60% by a 25m Meteorological Optical Range (MOR) and up to 65–75% 
for a 15m MOR. The MOR decreasing can be caused by haze/fog or 
rain due to adverse weather, but also by smoke caused by the combus-
tion of fuel spill or wreckage, and by engine failures and other machin-
ery malfunctions; in addition to smoke, the presence of fires in the area 
provides the possibility of anomalous hot zones. Additional anomalous 
bright spots in the image can be produced by atmospheric phenomena, 
especially near the horizon as observed in the MassMIND dataset (Nir-
gudkar et al., 2022) and reported by Cheong et al. (2024). In adverse 
weather conditions, the thermal camera is susceptible to spray occlusion 
due to green seas, which, depending on the temperature, can produce 
cold or hot localized noise spots. Finally, sensor temperature anomalies 
and humidity infiltration can compromise the image quality.

We hypothesize that, despite the limited resolution of the LiDAR, 
its sparse point cloud still provides useful geometric clues that can aid 
the thermal processing pipeline in identifying object outlines and sizes. 
Multi-modal early-fusion, in which features are extracted from joint 
thermal and LiDAR measurements, could provide better final system 
performance due to the partially non-overlapping susceptibilities to en-

vironmental conditions. LiDAR information can compensate for thermal 
failures in the presence of haze and noise. Additionally, LiDAR can help 
avoid false positives related to horizon bright spots due to the upper 
limit on signal reflection distance. Thermal imaging, on the other hand, 
can compensate for LiDAR’s low point density, enabling classification 
even at high distances with a limited number of points acquired on the 
target.

In summary, early-fusion multi-modal detection can be more re-
silient to challenging environmental conditions and soft sensor failure 
scenarios.

Considering all these factors, a human-in-water detection pipeline is 
proposed based on early fusion of thermal imaging and LiDAR data. A 
general scheme of the SAR scenario is provided in Fig. 2, where the sens-
ing layer, composed of LiDAR and a thermal camera, acquires the point 
cloud and thermal image of a survivor at sea surrounded by floating 
debris.

In an early fusion method, the information of two modalities is com-
bined at the data level, prior to feature extraction. Care must be taken to 
preserve the spatial relationships between heterogeneous data, as robust 
network architectures, such as convolutional neural networks (CNNs), 
rely on local feature extraction followed by aggregation in a scale pyra-
mid approach. Therefore, the LiDAR point cloud is first crop based on the 
camera’s Field of View (FOV) and, through LiDAR-camera calibration, 
it is projected onto the image plane. From the resulting 2D-projected 
point cloud, two LiDAR-derived images are generated using the reflec-
tivity and range fields. The two LiDAR-derived images are stacked with 
the thermal image to form a 3-channel multi-source image, within which 
the human-in-the-water is detected using a YOLO-based neural network. 
The 3D coordinates of the detected survivor(s) are then extracted, and 
a target point is identified based on relative distance and heading an-
gle, enabling precise localization, a crucial information for computing 
a possible rescue route. Fig. 3 illustrates the overview of this detection 
and classification pipeline. The following subsections provide a detailed 
explanation of the individual processing steps.

4.1.1.  Calibration
To enable LiDAR and IR camera sensor fusion, it is necessary to ob-

tain the intrinsic and extrinsic calibration parameters, as well as a distor-
tion model. Therefore, a calibration procedure using the Zhang (2000) 
method was performed. Various methods for calibrating thermal cam-
eras are available in the literature, utilising different patterns and tech-
niques to make them visible through thermal imaging. For this work, a 
stationary checkerboard was heated by a halogen lamp. A 5-parameter 
polynomial model was used for the distortion parameters, considering 
both radial and tangential distortion. The extrinsic parameters were ob-
tained from the technical drawing of the sensor mounts, followed by 
manual refinement of the rotation angles to achieve good alignment be-
tween thermal and point cloud object boundaries. The perspective pro-
jection of LiDAR points onto the image plane follows the pinhole camera 
model as shown in (1).
𝑠 ⋅ 𝐩 = 𝐊[𝐑 ∣ 𝐭]𝐏 (1)

where:

• 𝐏 ∈ ℝ4×1 is the 3D point in homogeneous coordinates, i.e., 𝐏 =
[𝑋, 𝑌 ,𝑍, 1]⊤;

• 𝐩 ∈ ℝ3×1 is the projected image point in homogeneous coordinates, 
𝐩 = [𝑢, 𝑣, 1]⊤;

• 𝐊 ∈ ℝ3×3 is the intrinsic camera matrix derived from the calibration 
procedure;

• 𝐑 ∈ ℝ3×3, 𝐭 ∈ ℝ3×1 define the extrinsic transformation from the Li-
DAR frame to the camera frame;

• 𝑠 ∈ ℝ is a projective scaling factor.

4.1.2.  Thermal-LiDAR 3-channel image generation
To create the multi-source 3-channel image, the LiDAR point cloud 

must be projected onto the image plane of the thermal sensor. As a first 
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Fig. 2. Operative Search And Rescue Scenario with sensing layer outcome.

Fig. 3. Early fusion LiDAR thermal camera pipeline.

step, the LiDAR point cloud is cut to the FoV of the thermal camera. 
Secondly, the 3D point cloud is transformed to the 3D camera coor-
dinate system of the camera using the extrinsic calibration angles and 
translation. Thirdly, the thus transformed point cloud is subjected to 
the pinhole camera perspective projection using the intrinsic param-
eters obtained from the thermal camera calibration. This provides a 
sparse point-to-pixel mapping mechanism that relates the 3D lidar in-
formation to 2D positions in the (undistorted) thermal camera image. 

Two LiDAR images of the same resolution as the thermal image are 
generated by filling pixels with the reflectivity and range values of 
the corresponding LiDAR point, respectively, normalized to the 0–255
interval.

Nearest-neighbor interpolation (within a maximum distance deter-
mined by the resolution disparity between sensors, up to 8 pixels) is 
used to convert the sparse LiDAR projection images to dense images, 
filling in the gaps between the projected points.
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Fig. 4. LiDAR field-map generation process.

The thermal image is stacked together with the two LiDAR-derived 
(Reflectivity, Range) images to form a multi-source image enriched by 
the features extracted from the two sensors. To provide a visual rep-
resentation of the procedure, Fig. 4(a) shows the LiDAR point cloud 
acquired from a dataset scenario, superimposed on the correspond-
ing thermal image. Fig. 4(b) displays the same image without Near-
est Neighbor interpolation, and Fig. 4(c) illustrates the result after 
applying the interpolation. The thermal image encodes information 
about object temperature, the LiDAR reflectivity channel provides cues 
about material properties, and the LiDAR range field captures dis-
tance. Combined, these modalities help effectively distinguish objects 
based on temperature, distance, reflectivity, or any combination of these
factors.

4.1.3.  Detection and classification
To perform one-shot detection and classification of the survivor(s) in 

the multi-sensor image, the YOLOv8 detection CNN (Jocher et al., 2023) 
is adopted. YOLO (You Only Look Once) is chosen because it offers an 
excellent trade-off between accuracy and execution time, and is easily 
scalable across different compute platforms, as multiple variants with 
varying memory and compute requirements are provided.

No modifications were made to the model architecture, as its stan-
dard configuration already supports 3-channel inputs. However, since 
the available pre-trained weights are tailored for RGB images (not suit-
able for the case study), the model was retrained from scratch. The 
YOLOv8 detector is trained and validated on an experimentally acquired 
3-channel multi-source image dataset, augmented to include a sufficient 
number of adverse conditions (details in Section 4.4).

4.1.4.  Rescue points extraction
The YOLO CNN provides image plane bounding boxes for human-

in-the-water detections, delineating their extents within the image. Us-
ing the point-to-pixel mapping described above, the image bounding 
box can be related to a cluster of corresponding 3D LiDAR points that 
project within this bounding box, without requiring a specific cluster-
ing analysis on the 3D point cloud and therefore saving computational
time.

In the case of objects superimposed on the human figure, the bound-
ing box may also contain 3D points from the environment in front of 
or behind the detected person. This special case can be automatically 
detected by comparing the range variance with the typical span of a 
human figure, and if detected, adaptive thresholding on the distance 
histogram inside the bounding box is performed to separate the human 
cluster from the background cluster. To identify the cluster belonging to 
the person in the water, the median value of the thermal intensity can 
be computed. Alternatively, the mean reflectivity of a 3D cluster can be 
compared to the median reflectivity value of the LiDAR image.

Table 2 
LiDAR main specifications.
 Spec.  value
 Vertical FOV 31◦

 Vertical resolution 1◦

 Horizontal FOV 360◦

 Horizontal resolution 0.09◦ to 0.36◦
 Operating Frequency  5 Hz to 20 Hz
 Range  120m
 Accuracy  0.01m

The rescue point extraction provides the relative heading angle and 
distance concerning the sensor system. These output variables are criti-
cal for initiating reactive maneuvers and supporting path planning mod-
ules, as outlined by Zaccone (2024).

4.2.  Sensors

To carry out the experimental data acquisition campaign and to de-
velop and test the pipeline with real-world data, a dedicated acquisition 
setup was constructed comprised of a LiDAR sensor, a thermal camera, 
and a custom-designed aluminum alloy support, which can be mounted 
either on a tripod via a dedicated insert or on a vehicle using a bolted 
bracket. The LiDAR used is the 32-channel HESAI Pandar XT-32, as it 
represents an affordable mid-range LiDAR, and its performance is al-
ready extensively validated in the field, both in port areas and in blue 
water scenarios, as demonstrated in previous works (Faggioni et al., 
2022a,b; Martelli et al., 2022). Its technical specifications are detailed in 
Table 2, while Fig. 5 illustrates the principal dimensions and the sensor’s 
channel distribution.

The thermal camera selected for the setup is the Teledyne FLIR A65 
(see Fig. 6), which offers a vast Field of View (FOV), making it well-
suited for data fusion with a LiDAR sensor. This camera was selected as 
it ensures a good trade-off between accuracy and field of view, further 
supporting its integration into the sensing layer; the thermal camera 
technical specifications are provided in Table 3. Finally, an overview 
of the support structure is shown in Fig. 7. In Fig. 7(a), the support 
structure is presented along with the respective sensor installation di-
mensions, while Fig. 7(b) displays a photo of the acquisition system.

4.3.  Computing hardware and software

The acquisition, processing, and testing activities were performed 
on an off-the-shelf computer with the hardware specifications reported 
in Table 4. The pipeline was implemented in Python 3.11 with GPU 
support through PyTorch 2.4.1, plus ROCm 6.0.
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Fig. 5. HESAI Pandar XT-32 LiDAR technical drawings.

Fig. 6. Teledyne FLIR A65 thermal camera.

Table 3 
Thermal camera main specifications.
 Spec.  value
 FOV 90◦×69◦

 f-number  1.25
 Image Frequency  30Hz
 Detector Pitch  17µm
 Focal Length  7.5mm
 IR Resolution 640×512 pixels
 Spectral Range  7.5–13µm
 Thermal Sensitivity < 0.05◦C @ 30◦C
 NETD  50mK
 Accuracy ±5◦C

4.4.  Dataset

A typical challenge of computer vision approaches in the maritime 
field is the scarcity of open-access data, which becomes even more pro-
nounced in applications such as the one proposed. To address this, sev-
eral experimental data acquisition sessions were organized using the 
setup described in Section 4.2. These sessions were conducted in a con-

Fig. 7. LiDAR - thermal camera set-up.

Table 4 
Personal computer main specifications.
 Spec.  Value
 CPU  AMD Ryzen 9 6900HS 4.9GHz
 RAM  16 GB DDR5-SDRAM 4800MHz
 GPU  AMD Radeon RX 6700S
 VRAM  8 GB GDDR6

Table 5 
Dataset physical augmentation.
 Category  Item
 Floating objects  Generic debris

 Flotation aid
 Life-jacket

 Human actions  Cling to tank-side
 Cling to debris
 Cling to flotation aid
 Raise arms
 Submerge head
 Float passively
 Float actively

 Human wear  Wet-suit
 Life-jacket

trolled indoor environment at the COMPASS Lab (University of Genoa, 
La Spezia campus). The laboratory is equipped with a test tank for test-
ing Guidance, Navigation, and Control (GNC) architectures of ASV/USV 
(details can be found in Ponzini et al. (2023)), which in this case was 
used to recreate the human-in-water scenarios. In particular, a person 
was made to float in the tank and imaged by the acquisition system from 
various positions. Additionally, to represent a variety of SAR scenarios, 
different variations of the scenario were created: the person either wore 
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or did not wear a life jacket, floating debris and flotation aids were scat-
tered in the water, the tank’s edges were masked with surfaces simulat-
ing a wreck, and the person enacted different levels of activity. Among 
the actions performed were submerging the head to reduce heat, float-
ing in a passive position (as a “dead man”), clinging to debris or flota-
tion aids (such as an inflatable buoy), gripping the edge (or wreck) of 
the tank, and raising arms to simulate a distress signal during drown-
ing. Table 5 summarizes all the actions carried out to complicate the 
scenario, categorized accordingly; it should be noted that these actions 
were randomly mixed to create a distributed and generalized dataset. 
The dataset thus acquired provides 3531 pairs of thermal images and 
point clouds.

During the acquisition, both images and LiDAR point clouds were 
saved along with their respective timestamps, using custom-developed 
acquisition codes. To achieve the maximum horizontal resolution, the 
LiDAR was set to acquire data at a frequency of 5 Hz. Consequently, 
it was necessary to synchronize the images with the point clouds using 
the timestamps, resulting in pairs of point clouds and thermal images 
extracted at a frequency of 5Hz. Synchronization was achieved by asso-
ciating each LiDAR point cloud with the image bearing the closest times-
tamp. The images were manually annotated using a custom-developed 
tool based on the OpenCV library, following the YOLO format. Bound-
ing boxes were drawn around all visible human parts emerging from 
the water, ensuring accurate localization of the human subject for train-
ing purposes. Each synchronized image–point cloud pair was saved in 
a single JSON file, accompanied by a TXT file containing the annota-
tion in YOLO format. The corresponding Range and Reflectivity LiDAR 
images are generated on-the-fly, during testing, using a dedicated pro-
cedure based on perspective projection and Nearest Neighbor interpo-
lation. This approach is essential to faithfully replicate real-time opera-
tional conditions during post-processing, particularly in the analysis of 
computational costs presented in Section 5.3.

To increase the number of samples, including potential adverse 
weather conditions, as outlined in Section 2, the dataset was augmented 
to account for various weather phenomena, such as rain, green seas, 
fog/smoke, noisy bright spots, etc. The weather phenomena along with 
their respective augmentations are listed in Table 6. While the aug-
mentation process is inherently synthetic, care was taken to preserve 
physical plausibility. Specifically, fog and smoke effects were modeled 
based on the reduction of Normalized Global Contrast, as described by 
Rivera Velázquez et al. (2022). To simulate spray and green sea condi-
tions, the pixel intensity of the water surface was extracted from refer-
ence images and reintroduced into the augmented data, with a random 
variation of up to ±50% to account for possible temperature fluctua-
tions. Note that the water temperature during testing was 19◦C. The ad-
dition of bright spots was modeled by analyzing their potential sources 
and appearance: (i) based on observations across multiple images such 
as in Cheong et al. (2024), Nirgudkar et al. (2022); (ii) by taking into 
account reflections on the water surface, as directly observed in our 
data and illustrated in Fig. 8; (iii) by considering the camera’s operating 
temperature (observed in 5 − 10◦C above room temperature), which can 
produce localized heating on droplets deposited on the lens, thus gen-
erating spot-like artifacts. In addition to these, standard augmentations 
such as flipping and distance scaling were performed. To produce real-
istic distance-scaled LiDAR point clouds, point density was reduced in 
addition to scaling the point range values. Typical noisy LiDAR points, 
caused by water surface ripples, were naturally present due to the mo-
tion of the survivor actors in the tank.

Well-synchronised image–thermal LiDAR point cloud pairs are then 
processed to obtain the projection of the point cloud onto the image 
plane, along with the two resulting LiDAR-derived images of the range 
and reflectivity fields, according to Section 4.1. Subsequently, using 
a self-developed tool, each multi-source 3-channel image is labeled in 
YOLO format.

Fig. 9 shows a sample of the dataset subjected to the primary pre-
processing step. In particular, Fig. 9(a) shows the thermal image with 

Table 6 
Thermal image meteorological augmentation.
 Phenomenon  Effect  Augmentation
 Fog  Hazed image  Weighted mask and/or blur
 Thick smoke  Heavily hazed image  Strong gradient
 Green seas/spray  Water drops  Small-sized random cold spot
 Horizon lights  False positive bright spots  Medium-sized random hot spots

Fig. 8. Bright spot reflection on water surface observed during the tests.

a rainbow colormap to represent temperature variations. Fig. 9(b) pro-
vides the Bird’s Eye View (BEV) point cloud, which displays a survivor 
with raised arms, the test tank border, and artificial debris. Fig. 9(c) and 
(d) show the point cloud overlapped onto the thermal image plane, col-
ored by reflectivity and range, respectively; these two figures illustrate 
the alignment of the modalities and the basis for creation of the range 
and reflectivity images.

Fig. 10 shows three random examples from the labeled dataset of 
non-augmented 3-channel images. Rows correspond to different exam-
ples, while columns represent the individual channels (thermal, reflec-
tivity, and range). The images are displayed in grayscale format, and 
the bounding box enclosing the human-in-water is shown in red. The 
greater visual impact of the range field is due to the fact that in this 
channel, the differences between objects are much more pronounced 
than on the intensity channel. Examples of augmented thermal images 
are shown in Figs. 11 and 12. Fig. 11 shows progressive fog augmen-
tation (and thus a meteorological optical range decay), which, accord-
ing to Rivera Velázquez et al. (2022), is reflected in a decrease of the 
target-to-background contrast. Fig. 12 shows a random example of the 
combined effect of the other possible augmentations. From left to right, 
distance augmentation plus light haze, tin smoke with some water drips, 
sea-blast, heavy rain with wet lens. This procedure enables the cre-
ation of a dataset augmented as desired to include environmental dis-
turbance phenomena of varying aggressiveness, thereby increasing the 
number of samples useful for training the YOLO network. For the case 
study, the original un-augmented dataset was divided into 80% train-
ing and 20% validation. From the training dataset, 6000 randomly aug-
mented multi-source images were generated, creating a dataset divided 
into samples with no augmentation, mild augmentation, and substantial 
augmentation, to account for the broadest possible range of conditions. 
Three groups with increasing augmentation aggressiveness were gener-
ated from the validation dataset. It should be noted that, due to the prior 
separation of the source data, the model is never exposed to the valida-
tion dataset during training, nor is the validation source data used for 
generating augmented training images.
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Fig. 9. Preprocessing step on the LiDAR point cloud.

Fig. 10. Shuffle samples of the labeled 3-channel images.

Fig. 11. Fog augmentation with progressive Meteorological Optical Range decay.
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Fig. 12. Random augmentations.

5.  Results

This section presents the results obtained. In particular, Section 5.1 
presents a preliminary analysis that supports the use of sensor fusion and 
the training and validation metrics of the YOLO network. Section 5.2 dis-
plays the results of the complete pipeline, from multi-sensor acquisition 
to the generation of the target point for the rescue path. The obtained 
results are also compared against single-modality detection approaches 
and/or late-fusion strategies. The late-fusion approach can be imple-
mented in two main ways: (i) image-based detection with LiDAR spa-
tial characterization, where detection and classification are performed 
solely on the image data (e.g., thermal), and spatial information from 
the LiDAR is incorporated via perspective projection. In this case, the 
detection performance is equivalent to that of the thermal image pro-
cessing branch (or the single modality), with the only difference being 
the spatial characterization (see Section 5.1); (ii) independent detec-
tion and association, in which a detector is applied to the thermal data 
while a separate processing pipeline (typically clustering) is applied to 
the LiDAR data. The resulting detections are then associated. However, 
the performance of this approach is highly sensitive to parameter selec-
tion, association strategy, and candidate confirmation criteria, which 
makes an objective performance comparison challenging. For this rea-
son, in this work, we opted to monitor only the computational cost of 
this pipeline (see Section 5.3).

5.1.  Rough weather influence

In addition to the widely discussed motivations presented in Sec-
tions 2 and 3, the authors propose a further analysis to support the 
necessity and benefits of a multi-modal approach for human-in-water 
detection. Specifically, a YOLOv8 network is trained using only ther-
mal images, while another is trained on the 3-channel multi-source 
images. The base training dataset consists of the original data with 
standard augmentations only (vertical flip, horizontal flip, distance),
excluding any augmentations related to environmental disturbances, for 
a total number of 6000 samples, referred to in this work as Original. Two 
levels of severity of adverse condition augmentation are then applied 
on this original dataset, referred to as Augmented and Augmented+, re-
spectively. The thermal-only and thermal-LiDAR YOLOv8 detectors are 
trained exclusively on 80% of the Original dataset and tested on the un-
seen 20% of the Original, Augmented, and Augmented+ datasets. This 
is repeated for 5 non-overlapping 80-20 splits of the dataset in a stan-
dard 5-fold cross-validation scheme. Fig. 13 presents the average results 
across the folds in terms of precision, recall, mAP50, and F1-score. The 
two models (thermal-only and thermal-LiDAR) perform similarly when 
tested on the Original dataset; however, as the level of adverse condition 
augmentation increases, the performance of the multi-source model de-
grades less than that of the thermal-only model. This demonstrates that 
although both models are trained on the standard dataset, the multi-
modal detector generalizes better to challenging conditions not present 
in the training. This suggests that the multi-modal detection model has 
learned to extract redundant and complementary features from the two 
modalities, increasing resilience and maintaining useful performance 

even on harshly augmented data samples. Following the same evalu-
ation scheme, the results are presented in terms of the average number 
of false positives and false negatives per image on the validation set, 
as a function of the augmentation level. These results, illustrated in the 
Fig. 14, are particularly relevant in Search and Rescue scenarios, where 
the consequences of false detections are critical, either by incorrectly 
identifying a location as a rescue target, or by failing to detect an ac-
tual human in need. Based on the analysis of average false positives per 
image, it is clear that the multi-modal model, benefiting from LiDAR 
input, is better able to distinguish between a valid target and similar 
false ones. The reversal in the trend of false positives is likely due to 
the fact that, in the Augmented+ set, the disturbances become so severe 
that, although detection performance further deteriorates (as shown in 
Fig. 13), the features available for detection are significantly reduced; 
this scarcity of features also impairs the model’s ability to generate false 
positives, even though the average number of false positives remains 
high and relatively stable. Finally, this result highlights how the early 
fusion approach (which uses the multi-modal detector) allows greater 
resilience to adverse weather conditions compared to an image-based 
late-fusion approach (which would use the thermal-only detector).

To evaluate the detection and classification performance of the YOLO 
network on multi-source images, it is performed a k-fold cross-validation 
using a general-purpose dataset (Augmented) that contains a balanced 
mix of non-augmented, mildly augmented, and aggressively augmented 
images to enhance generalization. Fig. 15 presents the results in terms 
of precision, recall, mAP50, and F1-score. Each column refers to a k-
fold permutation test. To provide a visual representation of the YOLO 
detector’s output, Fig. 16 shows the bounding boxes obtained on the 
three channels for three samples from the dataset. Rows correspond to 
the three samples, while columns represent the channels of the multi-
source image, namely thermal, reflectivity, and range.

5.2.  Sensor-to-rescue results

The trained YOLO model is embedded throughout the entire 
pipeline, which begins with the sensor and culminates in the estimation 
of the human’s position in water. The input data is shown in Fig. 17 
within the field of view (FOV) of a hypothetical ASV/USV. Fig. 17(a) 
displays the point cloud in BEV, clipped to the camera’s FOV, using a 
colormap proportional to the range; Fig. 17(b) shows the corresponding 
thermal image. Fig. 17(c) and (d) show the LiDAR-derived images of 
the intensity and range fields, respectively. Fig. 18 shows the pipeline 
output. Specifically, Fig. 18(a) displays the detection from the YOLO net-
work; for visual simplicity, the bounding box is shown on the thermal 
image, as it is easier to interpret. Fig. 18(b) shows the ASV’s navigation 
plane with the LiDAR points acquired in BEV (still useful for collision-
free path planning) in black and the points extracted from the region 
of space in the image plane occupied by the human-in-water detected 
by the YOLO network in red. In Fig. 18(c), the target point is extracted 
in terms of range and relative heading angle, indicating the position of 
the survivor to be rescued. Note that one of the worst-case scenarios was 
chosen, where, as discussed in Section 4.1, the region in the image plane 
identifying the survivor contains, on the two LiDAR channels, points that 
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Fig. 13. Comparison of the metrics of the YOLO detector trained on thermal-only images and thermal-LiDAR combined images with varying augmentation. Note 
that both detectors are only trained on the Original samples.

Fig. 14. Average number of false positives (FP) and false negatives (FN) per image on the validation set.

do not belong to the survivor (as can be seen in red in Fig. 18(b)); thus, 
the target-point estimate is challenging.

Fig. 19 shows the histogram for the three channels. In the range 
channel, the two space regions within the bounding box (human and 
debris-like object) can be identified through adaptive thresholding. The 
position of the pixels corresponding to these points is associated, in ad-
dition to the thresholded range value, with the thermal intensity and 
LiDAR reflectivity values. Using the median value of these two fields, 
the survivor is adequately separated from the object. Fig. 20 shows the 
result of this process. Fig. 20(a) shows the points belonging to the hu-
man in the water, separated through thresholding, and Fig. 20(b) shows 
the generation of the correct Target Point.

5.3.  Computational cost analysis

To demonstrate the system’s real-time compliance, a computational 
cost analysis was performed. Specifically, the system’s processing time 
was monitored across 2500 scans on the system described in Table 4, 

with YOLOv8 detection executed on the GPU and all other processing 
running on the CPU.

The computational cost was divided into three main components. 
Preprocessing time: the time required to acquire data from the sensors and 
generate the three-channel multi-source image; Detection Time: the com-
putational cost of the detection phase, performed using a YOLO-based 
network;Extraction Time: the time needed to derive the target point of 
the survivor in the 3D reference system from the detected bounding box. 
The sum of these three components constitutes the Total time. Fig. 21 
graphically summarizes the obtained time results, while the correspond-
ing numerical values are reported in Table 7. The time constraint consid-
ered for real-time operation is 200 ms, which corresponds to the interval 
between two consecutive LiDAR scans when operating at the maximum 
resolution frequency of 5 Hz. This threshold is depicted as a dashed black 
line in Fig. 21. It is worth noting that the average computational cost 
remains below 100 ms, thus allowing the system to operate the LiDAR 
at higher frequencies if necessary. However, higher frequencies may re-
sult in a decrease in spatial resolution, which could negatively impact 
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Fig. 15. 5 folds cross validation metrics results.

Fig. 16. Yolo detection on the multi-source image.

Fig. 17. Input data of the pipeline.

Fig. 18. Survivor detection on thermal image and LiDAR point cloud.
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Fig. 19. Histogram of the Region Of Interest for the 3 channels.

Fig. 20. Survivor detection in the navigation plane.

Fig. 21. Pipeline computational times distribution.

Table 7 
Complete pipeline computational times.
 Time  Mean value [ms]  Standard deviation [ms]
 Preprocessing  55.86  4.19
 Detection  11.82  0.61
 Extraction  0.76  0.07
 Total  68.46  4.57

overall performance. Additionally, preprocessing (which dominates the 
processing time) was not specifically optimized for parallel processing, 
leaving headroom for real-time implementation on less powerful em-
bedded platforms.

As an additional validation, a general late-fusion pipeline was im-
plemented, combining the YOLO detector trained on thermal-only data 
with a LiDAR processing branch based on the DBSCAN clustering al-

gorithm, as described by Faggioni et al. (2022a). The overall computa-
tional cost of this approach was 188.57 ms, with a standard deviation of 
13.68 ms. The early fusion strategy, employing detectors on multi-modal 
images, demonstrated greater robustness to environmental disturbances 
in terms of both precision and recall, and exhibited a significantly lower 
false positive rate as shown in Section 5.1, all while requiring only 36% 
of the computational cost.

6.  Discussion

The analysis of weather conditions supports the superiority of multi-
modal detection compared to single-source detection, providing en-
hanced extrapolation capacity during training and greater resilience to 
more challenging conditions than those for which it was trained. The 
fusion of thermal imaging and LiDAR data enhances the robustness of 
the detection system, as it is less susceptible to environmental factors. 
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Furthermore, the multi-modal approach has proven to be less prone to 
false positives as the severity of atmospheric conditions increases. The 
validation of detection on a 3-channel multi-source image, constructed 
from the early fusion of thermal and LiDAR imaging, yielded satisfactory 
values for the evaluation metrics, which remained consistent through-
out the k-fold validation test split. The comprehensive testing conducted 
across the entire pipeline demonstrates the system’s capability to extract 
information from both sensors and utilize it effectively to provide a pre-
cise position estimate for the human-in-water. The computational cost 
test further validates the system’s ability to meet the real-time constraint 
of 5 Hz, corresponding to the LiDAR acquisition frequency. The system 
was validated on an off-the-shelf computer, showcasing the scalability 
and integration potential of the method on a standard onboard process-
ing unit, which is critical for real-time deployment in autonomous ve-
hicles. Finally, the multi-modal early fusion approach saved over 60% 
of the computational cost compared to a similar multi-modal approach 
based on late fusion. Despite the encouraging results, some limitations 
can be identified. Although the authors made significant efforts to cre-
ate a dataset closely aligned with real-world scenarios, the data were 
acquired in a controlled laboratory environment. Additional valida-
tion campaigns with data collected in operational conditions are nec-
essary (and are planned for the future) to further validate the pipeline 
in real-world settings. Finally, given the preliminary nature of the ac-
quired data, the dataset does not yet include ship motion data, which 
would be critical for integrating the system onto an Autonomous Surface
Vehicle.

7.  Summary and future work

The ability to quickly locate survivors and provide direct support is a 
critical aspect of marine disaster management and SAR operations. Con-
ducting these operations using Autonomous Surface Vehicles allows for 
mission execution without exposing rescuers to risks, while still provid-
ing the advantages of having a naval unit deployed on-site. The authors 
have proposed an effective method that meets the real-time constraint 
for detecting and estimating the position of a human in water during 
SAR operations. The choice of sensors and the use of early fusion tech-
niques make the system resilient to adverse marine conditions, which 
preliminary research has shown to be typical of SAR scenarios. This re-
search aims to provide enabling technologies for the automatic rescue 
of humans, to preserve human life during dramatic situations, such as 
maritime disasters.

Despite the promising results, several aspects can be further devel-
oped. An experimental acquisition campaign in relevant operational en-
vironments is planned to further validate the detection capabilities. The 
integration of ship motion and position data, obtained through propri-
oceptive sensing layers, will allow for the translation of the human’s 
position from the sensor reference frame to the Earth-fixed reference 
frame. Lastly, although the system is prepared, it still needs to be inte-
grated with onboard navigation and anti-collision systems to calculate 
a correct collision-free route to rescue the survivor.
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