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Multialtitude, Multimodal Maritime
Surveillance System

Thanet Markchom , Olympia Kourounioti, Matteo Marturini , Romaios Bratskas, Kilian Wohlleben,
Jonathan Boyle , Lulu Chen, George Voskopoulos, Christos Kontopoulos, Stephan Veigl ,

Andreas Opitz, Anastasios Gkamaris, Dimitris Papachristos, Dumitru Lunic,
James Ferryman, Member, IEEE, Andreas Kriechbaum-Zabini, and George Leventakis

Abstract—Maritime surveillance plays a vital role in
protecting coastal and maritime environments. However,
traditional maritime surveillance systems that rely on single-
altitude, single-modality sensors suffer from limited coverage
and sensitivity to weather conditions. To address these
limitations, this article presents a comprehensive maritime
surveillance system that integrates multialtitude, multimodal
sensor platforms, including ground-based sensors, low-
altitude uncrewed aerial vehicles (UAVs), and satellites,
for maritime threat detection. Each platform is equipped
with dedicated modules for object detection, tracking, and
geolocation, leveraging its unique sensing capabilities to
contribute to a coordinated surveillance system. More-
over, a novel multialtitude, multimodal maritime surveillance
(MAMMS) dataset is introduced. This dataset includes data
from these sensor types, enabling rigorous benchmarking
across varying operational conditions. The experimental results indicate that the system achieved an average mAP of
50.5% across all sensors in object detection, surpassing state-of-the-art models in most cases. For object tracking, the
system achieved an average ID F1-Score (IDF1) of 0.263 and a higher order tracking accuracy (HOTA) of 0.297, comparable
to state-of-the-art methods, while exhibiting substantially fewer average ID switches (IDSWs) (75.46) compared to the
strongest baseline (301.46). For geolocation approximation, the system achieved an error of less than 11 m in certain
scenarios. A case study was also conducted to assess the sensor platforms when integrated into a multisensor fusion
system. The case study showed that complementary information from different platforms can help reduce false alarms
and improve object geolocation accuracy. The dataset is available at https://zenodo.org/records/17979190

Index Terms— Geolocation approximation, ground-based sensors, maritime surveillance, multialtitude sensors, multi-
modal sensors, multiple-object tracking, object detection, satellite remote sensing, uncrewed aerial vehicle (UAV).

I. INTRODUCTION

MARITIME surveillance is a crucial aspect of ensuring
the safety, security, and environmental protection of

coastal and maritime areas. With increasing maritime activ-
ities and the growing concern over illegal activities, there
is a pressing need for more effective and comprehensive
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surveillance systems capable of monitoring vast maritime
regions and detecting potential threats in real time [1].

Traditional maritime surveillance approaches primarily rely
on coastal radar stations [2], automatic identification system
(AIS) transponders [3], and optical cameras mounted on
ground-based fixed platforms or ships [4], [5], [6], [7], [8],
[9]. While useful for situational awareness, these systems have
limitations: AIS requires cooperative tracking and fails with
unauthorized vessels, radar has limited open-sea coverage,
and optical cameras are affected by poor weather and low
visibility [10].

Many studies have explored the deployment of visual sen-
sors with diverse modalities across a range of platforms to
extend the capabilities of traditional maritime surveillance
systems [11]. These include multimodal ground-based cam-
eras [11], [12], vessel-mounted sensors [13], low-altitude
aerial vehicles [14], [15], and satellites [16], [17]. Despite
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Fig. 1. Overview of the proposed multialtitude, multimodal surveillance
system that integrates multimodal ground-based sensors, low-altitude
UAVs, and space-based satellite sensors.

these advances, most existing visual multimodal maritime
surveillance systems remain limited by their focus on a
single operational altitude. For example, systems may deploy
low-altitude aerial vehicles in isolation or rely solely on satel-
lite imagery, resulting in fragmented situational awareness.

This work addresses these limitations by proposing a
comprehensive maritime surveillance system that integrates
multialtitude, multimodal sensor platforms: ground-based
multimodal systems, low-altitude uncrewed aerial vehicles
(UAVs), and space-based satellite sensors. Each platform is
equipped with modules for object detection, tracking, and
geolocation estimation, tailored to its sensing characteristics
and operational role within the surveillance architecture. Fig. 1
illustrates an overview of the proposed system and how sensor
platforms at different altitudes cooperate. By combining the
high-resolution and persistence of ground-based sensors, the
flexibility and mobility of UAVs, and the broad coverage of
satellites, the proposed system forms a coordinated network
capable of robustly detecting and localizing maritime threats
with enhanced situational awareness.

Moreover, to facilitate the evaluation of the proposed
system, this article also introduces a novel multialtitude multi-
modal maritime surveillance (MAMMS) dataset that combines
data from the aforementioned sensor platforms. This dataset
enables systematic benchmarking of key perception tasks,
including object detection, long-term tracking, and geolocation
estimation, across multiple altitudes and sensing modalities.
This benchmarking offers valuable insights into the strengths
and limitations of each sensor type and highlights their
contributions to the overall surveillance framework. The key
contributions of this article can be summarized as follows.

1) Propose a multialtitude, multimodal maritime surveil-
lance system integrating ground-based, low-altitude
UAV, and satellite sensors, each equipped with object
detection, tracking, and geolocation estimation modules.

2) Introduce a novel dataset combining data from sensor
types with different altitudes and modalities.

3) Benchmark the performance of each sensor platform
on object detection, long-term tracking, and geolocation
approximation tasks using the proposed dataset.

II. RELATED WORK

Visual sensors with various modalities have been explored
in maritime surveillance systems. In [12], a pipeline for

multiobject detection and tracking was proposed, combin-
ing optical and thermal video from ground-based cameras
to support persistent coastal monitoring. A vessel detection
model introduced in [13] fused RGB and infrared (IR) images
from on-vessel cameras. Similarly, Zhan et al. [11] presented
a method that enhances ship type recognition using co-aligned
visible and IR images from a dual-mode ground-based sen-
sor. Low-altitude platforms have also been considered. For
instance, Jang et al. [14] proposed a detection framework that
integrates high-resolution RGB with low-resolution hyper-
spectral images collected from utility aircraft. Satellite-based
methods have also gained traction. The work in [16] com-
bined synthetic aperture radar (SAR) and optical satellite
imagery to improve vessel detection, while Priyadharshini and
Vadivazhagan [17] fused SAR, optical, and IR data together
with AIS information to increase detection robustness. Despite
these advances, most existing studies focus on leveraging
multiple sensors with different modalities at a single altitude.
A significant gap remains in the development of maritime
surveillance systems that effectively integrate multialtitude,
multimodal sensor platforms.

In addition to developing multisensor maritime surveillance
systems, evaluating their performance is equally important.
To support this, many studies have introduced multimodal
datasets for surveillance and threat detection. For instance,
MarDCT [18] includes videos from fixed, moving, and
pan–tilt–zoom (PTZ) cameras, while VAIS [19] provides
synchronized RGB and long-wavelength IR (LWIR) ship
images for cross-modality classification. IPATCH [4], [20]
combines visible and thermal imagery with global positioning
system (GPS), AIS, and radar data for detection and tracking.
Singapore Maritime [6] combines on-shore and onboard RGB
and near-IR (NIR) videos. Seagull [21] and XMCMT [12]
include UAV-based multispectral imagery and dual-modality
videos with tracking annotations. M2SODAI [14] provides
synchronized RGB and hyperspectral imagery (HSI) from air-
craft. QXS-SAROPT [16] consists of satellite SAR and optical
imagery. WaterScenes [22] integrates radar, monocular camera,
GPS, and inertial measurement unit (IMU) sensors for detec-
tion and segmentation tasks. Collectively, these datasets span
various modalities and platforms. However, most are limited
to a single-altitude level, lacking the integration of ground-
based, low-altitude, and space-based sensors. This highlights
the need for multialtitude, multimodal datasets to enable more
comprehensive evaluation of maritime surveillance systems.

III. SCOPES AND PROBLEM STATEMENT

The threats considered in this work are defined by a range
of objects that may pose risks to maritime and coastal safety,
security, and the environment. These include: 1) persons
(either on deck, on land, or in the water), 2) vessels, 3) vehi-
cles, and 4) oil spills (significant environmental threats).

To detect such threats, sensor platforms in maritime
surveillance systems should: 1) detect objects and classify
them as persons, vessels, vehicles, or oil spills; 2) track
detected objects by assigning unique tracking IDs (if an
object temporarily disappears due to occlusion or movement,
it should be reassociated with the same ID when it reappears);
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3) approximate the geolocations (latitude and longitude) of
detected objects. This work focuses on developing multialti-
tude, multimodal sensor platforms to support these key tasks
as part of an integrated maritime surveillance system.

IV. MULTIALTITUDE, MULTIMODAL MARITIME
SURVEILLANCE SYSTEM

This work explores four sensor platforms across different
altitudes and modalities: 1) AIT Smart Sensor platform, which
integrates visual RGB, thermal, SWIR, and UV sensors;
2) Thermal UAV platform, which integrates low-altitude ther-
mal imaging sensors; 3) RGB UAV platform, which integrates
visual RGB sensors operating at low altitude; and 4) Satellite-
based systems, which include Sentinel-1 (SAR interferometry)
and Sentinel-2 [only the visual bands (RGB)]. Each platform is
equipped with dedicated models/methods for object detection,
tracking, and geolocation approximation, tailored to its respec-
tive modality. Details of the individual platform are provided
in this section.

A. AIT Smart Sensor Platform
For ground-based sensors, this article presents an advanced

sensor platform designed for maritime and land-based surveil-
lance called the AIT Smart Sensor platform [see Fig. 2(a)].
This platform is a mast-mounted, steerable system with
AI-based detection and short-term tracking, and has been
enhanced to improve detection and tracking performance. The
system can identify and track individuals and vehicles up
to 200 m on land and vessels up to 800 m at sea. The
platform incorporates a ground-based visible RGB (GS-RGB),
UV (GS-UV), thermal (GS-Therm), and SWIR (GS-SWIR)
camera system mounted on a pan–tilt unit (PTU) for direc-
tional control, enabling comprehensive scanning of coastal and
open-sea areas. Video streams are transmitted via a proprietary
Gigabit Ethernet protocol to an algorithmic server, where
AI-based detection and tracking modules process the data.

1) Object Detection: Two detection modules are devel-
oped for this platform: one for land detection and another
for sea detection. Both are based on YOLO-X, modified
and configured for the maritime environment. In particular,
we conducted experiments on the collected data described
in Section V and fine-tuned the hyperparameters of the pre-
trained YOLO-X model (YOLOX-l) to perform person, vessel,
and vehicle detection in a maritime environment. The origi-
nal classification head of YOLO-X is retained. Nonrelevant
predictions are excluded, while those labeled as car, bus,
or truck are remapped to the vehicle class, and those labeled
as boat or vessel are remapped to the boat class. A REST
interface is provided for configuring and controlling the
module.

2) Object Tracking: The tracking algorithm follows the
detect-and-track approach. Instead of using manually initial-
ized bounding boxes, it relies on detection outputs from a
backbone detector, YOLO-X, in our case. In the first frame,
tracked objects are initialized based on the detector’s output.
In subsequent frames, the algorithm compares existing tracked
objects with new detections by computing a distance matrix,

where each element represents the Euclidean distance between
a tracked object and a new detection. The optimal matching is
then determined by solving a global assignment problem using
the Hungarian algorithm. The hyperparameters that can be
modified to adapt the algorithm’s behavior are 1) the maximum
number of consecutive frames in which an object may remain
unobserved before it is removed from the track, and 2) the
maximum distance between an existing tracked object and a
new detection to be considered a valid association to the track.
After empirical validation on selected training sequences (see
Section V), these two hyperparameters were set, respectively,
to 4 for the maximum number of consecutive frames and
0.6 for the distance.

3) Object Geolocation Approximation: The AIT Smart Sen-
sor platform also includes an integrated global navigation
satellite system (GNSS) receiver. It can be used to automat-
ically determine the position and elevation of the platform.
As the GNSS module contains several internal receiving
antennas and a magnetometer, the direction of view of the
sensors can also be determined accurately, in addition to their
position.

Nevertheless, there is a fundamental problem in determining
the exact position of an object with only one sensor position.
The installation height of the AIT Smart Sensor platform is
very low (2 and 3 m above the ground) compared to the
distance of the objects (100–500 m). If a triangle consisting of
the height of the mast, the angle of inclination of the sensors,
and the plane section were to be used to determine the position,
the flat angle would result in a very abrasive section. This
means that the smallest deviation of the detection location in
the image, or measurement errors in the sensor position and/or
angle, can lead to large errors in the calculated geo-position.
This, in turn, would lead to an unstable and “jumping” geo-
localization. For this reason, the specification of an exact
detection location is deliberately avoided, and it is instead
represented as a sector/area (polygon).

Taking into account the detections in the image and the FOV
of the sensors, a geo-localized triangular sector (polygon) can
be calculated in which the detected object is located. The apex
of the triangle corresponds to the camera’s position. The apex
angle, which defines the spread of the sector, is derived from
the angular width of the detection in the image. This angular
width is computed from the object’s bounding-box width and
the known horizontal field of view (HFOV) of the camera as
follows:

1θbox =
wbox

W
× HFOV (1)

where 1θbox is an angular width of the detection, wbox is
the bounding-box width, and W is the image width. The
height of the triangle, measured from the camera to the base,
is determined by a predefined depth according to the use
case. The base of the triangle is formed by extending the
two rays corresponding to the angular boundaries from the
camera position until they intersect this depth, producing two
vertices that define the polygon. In the maritime environment,
the simplified assumption that all relevant objects are located
on a single level (the water surface) is applied.
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Fig. 2. Ground-based and low-altitude sensors (a) AIT Smart Sensor. (b) Thermal UAV. (c) RGB UAV.

B. Thermal UAV Platform
For a thermal UAV sensor (UAV-Therm), a commercially

available DJI Mavic 3T [see Fig. 2(b)] is used with a cus-
tom Android application developed based on the DJI Mobile
Software Development Kit (DJI Mobile SDK) version 5.1 The
application is installed on the remote controller (DJI RC Pro)
and is designed to stream telemetry and imagery data from
the UAV to a ground-based server in real time. To transmit
telemetry data, the application uses socket communication for
real-time transmission of essential flight and aircraft teleme-
try, including altitude, GPS coordinates, gimbal orientation,
velocity, and battery level. For imagery data, the UAV provides
live thermal video feeds at a resolution of 640 × 480, which
are streamed through a real-time messaging protocol (RTMP)
server to a processing machine.

1) Object Detection: YOLOv11 [23], the state-of-the-art
YOLO model, is employed to develop an object detector
for thermal UAV imagery. A pretrained YOLOv11 model
(YOLO11s) is retrained using the data collected in this work
(see Section V). The original 80-class COCO classification
head in the model is retained, with our annotations mapped to
compatible classes: person, vessel, and vehicle are converted to
person, boat, and car. To retrain the model, the YOLO11s2 pre-
trained weights were adopted. The retraining was performed
for 50 epochs with a batch size of 16 and an input image size
of 640 × 640. The learning rate was set to 0.01 with a weight
decay of 0.0005. The loss function was weighted by 0.75 for
the box loss and 0.5 for the classification loss. The dropout
rate was set to 0. The default data augmentation strategy and
hyperparameters3 were adopted. As for inference, predictions
are filtered to five relevant classes: person, boat, car, bus, and
truck. Boats are converted back to vessels, while cars, buses,
and trucks are considered vehicles.

2) Object Tracking: For the thermal UAV, BoT-SORT [24]
is used as a tracker. This method offers improvements over
previous SORT-based trackers by refining the Kalman Filter
state and incorporating camera motion compensation through
image registration. This makes it well-suited for UAV imagery,
where the sensor is often in motion. In this setup, detections
are provided by the proposed detection model (retrained

1https://github.com/dji-sdk/Mobile-SDK-Android-V5
2https://docs.ultralytics.com/models/yolo11/#supported-tasks-and-modes
3https://docs.ultralytics.com/modes/train/#augmentation-settings-and-

hyperparameters

Fig. 3. Geolocation approximation algorithm for the thermal UAV and
RGB UAV platforms.

YOLOv11) instead of the original YOLOX used in BoT-
SORT. The hyperparameters were tuned using the training
data for object tracking described in Section V. After tuning,
the adopted configuration used a high-confidence threshold
of 0.25 and a low-confidence threshold of 0.1. New tracks
were initiated when the detection confidence reached 0.25, and
existing tracks were retained for up to 30 frames in the absence
of matching detections. The association similarity threshold
was set to 0.8. Sparse optical flow was used for global motion
compensation, and the proximity and appearance thresholds
for identity matching were set to 0.5 and 0.8, respectively.

3) Object Geolocation Approximation: To approximate an
object’s real-world coordinates, the ground projection of the
UAV’s field of view (FOV) is first computed. Subsequently,
the geospatial coordinates of the four-corner points are deter-
mined. Finally, a homography transformation matrix is derived
using these points as reference points to transform pixel
coordinates into geospatial coordinates. Fig. 3 illustrates the
projection geometry.

To estimate the ground projection of the UAV’s FOV, the
ground distances corresponding to the image center (kc), front
(k f ), and back (kb) are first calculated. Given the UAV’s
altitude a, its camera pitch angle θp, and half of the vertical
FOV angle φv , the distances are derived using the tangent
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function as follows:

kc =
a

tan(|θp|)
, k f =

a
tan(|θp| + φv)

, kb =
a

tan(|θp| − φv)
.

(2)

These distances represent the projections of the image center,
front, and back onto the ground plane. The corresponding
hypotenuse distances, which account for the camera’s altitude,
are then computed as

rc =

√
a2 + k2

c , r f =

√
a2 + k2

f , rb =

√
a2 + k2

b . (3)

Using these values, the half-widths of the image frame in
ground coordinates at the center, front, and back are deter-
mined by

wc = rc · tan(φh), w f =
r f · tan(φh)

ccf
, wb =

rb · tan(φh)

ccf
(4)

respectively, where φh is half of the horizontal FOV angle,
and ccf is a corner correction factor due to sensor crop and
fisheye correction.

With these values, the center and four image corners in the
global coordinate (latitude–longitude) system, incorporating
the drone’s position (dlat , dlon) and yaw angle θy , are then
computed

c0,lat = dlat + wc cos(θy) + kc sin(θy)

c3,lat = dlat + wb cos(θy) + kb sin(θy)

c4,lat = dlat − wb cos(θy) + kb sin(θy)

c2,lat = dlat + w f cos(θy) + k f sin(θy)

c1,lat = dlat − w f cos(θy) + k f sin(θy). (5)

Similarly, the longitude coordinates are computed as

c0,lat = dlon + kc cos(θy) − (wc) sin(θy)

c3,lon = dlon + kb cos(θy) − (wb) sin(θy)

c4,lon = dlon + kb cos(θy) + (wb) sin(θy)

c2,lon = dlon + k f cos(θy) − (w f ) sin(θy)

c1,lon = dlon + k f cos(θy) + (w f ) sin(θy). (6)

To map any pixel coordinates from the image plane to geospa-
tial coordinates, a homography matrix H is computed using
the RANSAC-based robust method.4 This transformation is
derived by relating key reference points in the image (four-
corner points) to their corresponding locations in the ground
plane. After obtaining the transformation matrix, the bottom
center point of each bounding box is taken as the representative
point. Its pixel coordinate is then projected through H to obtain
the approximated geolocation.

However, it is common that the UAV may operate at a
low altitude and capture images from an oblique angle. This
reduces projection accuracy, as the upper image region may
include sky instead of ground. Consequently, the top corners
may no longer correspond to valid ground points, leading to
projection errors. To mitigate this, a horizon-aware ground
projection correction is applied. First, the minimum pitch
angle θp,min at which the horizon aligns with the top edge

4https://docs.opencv.org/4.x/d1/de0/tutorial_py_feature_homography.html

of the image is determined. If the actual pitch θp > θp,min,
a portion of the upper image is assumed to contain sky.
The horizon line yhorizon is then estimated as: yhorizon =

(h)/2
(
(θp − θp,min)/|θp,min|

)
+δ, where h is the image height,

and δ is an offset for fine-tuning the vertical placement
of the horizon. The ground projection is then recalculated
using only the ground-visible region of the image, defined
by the polygon:

[
(0, yhorizon), (w, yhorizon), (w, h), (0, h)

]
,

where w and h denote the width and height of the image,
respectively. Moreover, once θp > θp,min, any additional area
in the upper image corresponds to sky, regardless of further
pitch increases. As a result, the distance from the image center
to the top of the ground region (k f ) should remain constant.
This distance is therefore set to a predefined constant. In this
work, it is set to the maximum expected range of detection
model kmax

f .
In addition, homography transformation can suffer from

distortion when applied to oblique images [25]. This limita-
tion arises because the homography transformation does not
accurately account for true depth variations in oblique scenes.
To address this, vertical pixel scaling is applied to adjust
vertical pixel coordinates before applying the transformation,
using: y′

= yhorizon + ((y − yhorizon)/(h − yhorizon))
γ

· (h −

yhorizon) where y is a vertical pixel coordinate, y′ is the
adjusted vertical pixel coordinate of y, and γ > 1 controls
the degree of nonlinearity. The higher the γ , the higher the
compression near the horizon and the higher the stretching
near the bottom, enhancing the correction of depth variations
in oblique views. This transformation improves geolocation
accuracy near the horizon by reducing perspective distortion
before applying the projection.

a) Calibration procedure: The horizon-aware ground pro-
jection correction and vertical pixel scaling methods were
calibrated using the training data for the geolocation approx-
imation task in the dataset described in Section V. This
dataset contains several image sequences from the Thermal
UAV platform. Each frame in every sequence includes the
ground-truth geolocation of a designated target along with
the corresponding UAV telemetry. The parameters of the
geolocation approximation algorithm, including ccf, θp,min,
δ, kmax

f , and γ , were varied and systematically adjusted to
minimize geolocation errors between the ground-truth and
approximated geolocations. After calibration, the following
parameters were used ccf = 0.85, θp,min = −20, δ = 5,
kmax

f = 3000 (m), and γ = 1.5

C. RGB UAV Platform
The RGB UAV platform (UAV-RGB) is built on a drone

[see Fig. 2(c)] that has been extensively customized by
SKYLD Security and Defense, an ICT and consulting com-
pany specializing in Homeland Security. The customisation
includes designing and 3D-printing specialized components,
integrating multiple payloads, and implementing a tailored net-
working architecture. The drone is equipped with an onboard
NVIDIA Jetson Orin 64 and two main sensors: RGB and
thermal cameras. However, this platform only focuses on RGB
imagery.
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The RGB camera streams video over the real-time stream-
ing protocol (RTSP) through a dedicated onboard network
established within the drone, using H26 radio communication
to link the onboard systems with the ground station over
TCP/IP. Each video stream is transmitted independently to
the NVIDIA Jetson Orin 64 platform onboard the drone
at 30 frames per second (FPS). The onboard Jetson pro-
cesses the data and transmits detection, tracking, geolocation
approximation results, annotated video streams, and telemetry
data to the ground station. The camera operates at 30 FPS,
whereas our onboard system can process image inputs at rates
of up to 400 FPS, supporting multiple concurrent streams
and advanced post-processing computations in real time.
Overall, the RGB UAV platform provides high-frame-rate
RGB imaging with real-time onboard processing via Jetson
Orin, enabling flexible, robust detection and efficient data
transmission.

1) Object Detection: A single-shot multibox detector
(SSD) [26] with a MobileNetV2 [27] backbone is used for
real-time object detection. This architecture offers a strong
balance between speed and accuracy, making it particu-
larly suitable for edge deployment on resource-constrained
platforms such as the NVIDIA Jetson Orin. The SSD-
MobileNetV2 model was initially pretrained on the COCO
dataset and then retrained on a custom annotated dataset of
RGB aerial imagery (see Section V), covering object classes
such as persons, vehicles, vessels, and oil spills. Fine-tuning
was performed in PyTorch using the following hyperparam-
eters: 200 training epochs, batch size of 20, 12 data loader
workers, and an initial learning rate of 0.01. The model
was optimized using SGD with a momentum of 0.9 and
a weight decay of 5e-4, with a Cosine Annealing learning
rate scheduler over 100 epochs per cycle. The IoU threshold
for the multibox loss function was set to 0.5. These set-
tings ensured stable convergence and high detection accuracy
on the aerial dataset. The model was then converted and
optimized with NVIDIA TensorRT for real-time deployment
on the Jetson Orin platform. This allowed for substantial
inference acceleration while maintaining detection accuracy,
achieving real-time performance of up to 400 FPS per
stream. The model is integrated through NVIDIA’s DetectNet
libraries, part of the Jetson JetPack software suite, which
provides a seamless pipeline for optimized inference. Notably,
no explicit preprocessing is required at runtime, as the data
pipeline is managed internally by the DetectNet framework,
simplifying integration and maximizing throughput. All infer-
ence is GPU-accelerated, with system CPU usage remaining
below 10%, even under continuous streaming and detection
workloads.

2) Object Tracking: The platform uses the built-in tracking
module of NVIDIA’s DetectNet framework, which provides
lightweight, real-time object association through intersection-
over-union (IoU)-based matching. Although DetectNet sup-
ports Kanade–Lucas–Tomasi (optical flow) tracking [28], the
IoU-based method was preferred for its simplicity, speed,
and suitability for sea-based aerial data. This IoU-based
tracker operates on bounding boxes produced by the SSD-
MobileNetV2 detector. Each frame is analyzed to determine

whether new detections sufficiently overlap with previously
tracked objects, based on configurable IoU thresholds. This
allows for consistent object identity across frames without the
need for deep feature reidentification or motion prediction.
Tracking is performed onboard the NVIDIA Jetson Orin, using
GPU-accelerated inference pipelines that ensure minimal over-
head. To determine suitable tracker parameters for maritime
scenarios involving boats and persons, an iterative empirical
tuning process was employed. Representative RGB UAV train-
ing sequences (see Section V) covering typical sea conditions,
including moving boats of varying sizes and human subjects,
were used in the tuning process. Based on this tuning, the
tracker was configured with a minimum of three consecutive
detections to validate a new track, a maximum of 15 missed
detections before dropping a track, and an IoU threshold of
0.5 for box association. These values ensure robust tracking
under the high background motion and small object sizes
typical of aerial maritime imagery while maintaining real-time
performance.

3) Object Geolocation Approximation: The RGB UAV plat-
form employs the same geolocation approximation algorithm
as used in the Therm UAV platform. However, to enhance
precision and operational relevance, the system filters out
detections estimated to be located more than 1 km away
from the drone. These distant detections are excluded from
the “object of interest” set to avoid error amplification and
reduce irrelevant data. This filtering, combined with object
tracking IDs, ensures that only nearby and relevant detections
are geotagged and transmitted downstream for mission-critical
decision-making.

D. Satellite-Based Systems
Satellite monitoring has an essential role in strengthening

maritime surveillance, particularly in vessel monitoring. In this
work, Sentinel-1 and Sentinel-2 images are used to achieve
vessel detection. Sentinel-1 operates in a C-band SAR sensor
in both ascending and descending orbits with a revisit time of
six days and a spatial resolution of up to 10 m. Sentinel-2,
which captures optical multispectral images, has an optimal
spatial resolution of 10 m and, depending on the spectral band,
it can have up to 60 m, while its revisiting time is five days.
The advantages of Sentinel-1 are that it can record images
regardless of weather conditions, day and night, making it
extremely reliable for continuous monitoring of the sea. Its
radar capabilities allow it to detect vessels even in cloudy or
low visibility conditions [29]. On the other hand, Sentinel-2
[30], with its high spatial resolution, provides data that can be
used to detect vessels, vessel waves, or oil spills. Although in
cloudy or poor light conditions, its effectiveness is reduced.
Another key advantage of these satellites over other com-
mercial ones is that their data are freely available, which
makes them an easy and cost-effective solution for large-
scale marine monitoring. These satellite images offer a ground
sample distance (GSD) of approximately 10 m. This allows
for the detection of medium to large vessels, but limits the
identification of smaller targets. In the case of Sentinel-2,
where only RGB bands with a spatial resolution of 10 m
were used, vessels must have a length and width of at least
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10 m (corresponding to one pixel) to be reliably detected in
the image. Objects smaller than the spatial resolution of the
sensor cannot be distinguished in the images. However, these
satellites are limited to recording data every five days, unlike
other commercial satellites that record data every day or more
frequently.

1) Object Detection: Recent advances in deep learning,
particularly in CNN architectures, have significantly improved
object detection. Early models such as R-CNN are not efficient
due to their two-step processing, while modern one-stage
models such as YOLO [31] achieve faster and more efficient
predictions. Previous studies [32], [33] have demonstrated that
YOLOv9 achieves higher accuracy and detection efficiency
compared to older versions, requiring fewer parameters and
lower computational cost. Based on these developments, this
study adopts the YOLOv9 model for near-real-time ves-
sel detection in satellite images for maritime surveillance
purposes.

To ensure the suitability of YOLOv9, a basic compar-
ison between the YOLOv7 (YOLOv7-E6E) and YOLOv9
(YOLOv9-E) models was performed using publicly available
datasets: 1) a combination of Google Earth, Baidu Map [34],
and PlanetScope [35] satellite imagery for optical imagery
processing and 2) the SAR-Ship-Dataset [36] for SAR imagery
processing. With these datasets, both YOLOv7 and YOLOv9
models were trained and tested under identical hyperparameter
configurations to ensure a fair evaluation. On the SAR dataset,
YOLOv7 achieved a precision of 0.894, while YOLOv9
demonstrated higher performance under the same conditions.
For the optical imagery, YOLOv9 consistently outperformed
YOLOv7, achieving a precision of 0.850 compared to 0.772.
Based on these results, YOLOv9 was selected for object
detection in the satellite-based systems.

As part of this work, two separate models were developed:
one trained on optical images in the newly created dataset
(see Section V) and the other on the SAR-Ship-Dataset.
The models were trained to detect only one object class,
namely “ship,” and the detected objects were identified using
bounding boxes, while the rest of the areas were considered
as background.

Before applying detection algorithms on satellite images,
both Sentinel-1 and Sentinel-2 satellite images underwent
several preprocessing steps to ensure data quality during
the next steps. For Sentinel-1 (SAR) imagery, preprocessing
included subsetting to the area of interest, land masking to
remove nonrelevant sea or land areas, thermal noise removal,
radiometric calibration to convert pixel values into physically
meaningful backscatter coefficients, speckle filtering to reduce
inherent radar noise, applying precise orbit files for accu-
rate geolocation, and finally, terrain correction to compensate
for topographic distortions. These steps were implemented
using the SnapPy library. In the case of Sentinel-2 (optical)
data, Level-1 images were used, which already include basic
pixel-value correction, orthorectification, and radiometric cali-
bration. Additional preprocessing steps applied to these optical
images involved spatial and spectral subsetting to focus on
relevant bands and regions, as well as land masking to exclude
unwanted areas.

As for training, the optical images were split into 1280 ×

1280 pixel tiles. All tiles containing vessels were kept, while
for the rest, only 1% was kept to be used for the training
as background. The SAR images were cropped to 256 ×

256 pixels for the model’s training. During training, the batch
size was chosen equal to 6, and hyperparameter validation
was applied to 10% of the dataset. In addition, the models
were run for 300 epochs, while the first 32 layers of the
main YOLOv9-E model were frozen. Moreover, several data
augmentation methods were used, such as HSV augmentation,
image rotation, translation, scale, flip, shear, and perspective,
which contributed to increasing the diversity of training data,
enhancing the model’s ability to detect vessels under different
environmental conditions.

To evaluate the performance of both models, a check
every 100 epochs was applied, allowing continuous optimiza-
tion. This architecture ensures that this model is adequately
responsive to large-scale open-sea region observation. For
the model’s training, the hardware systems used include
the CPU AMD Ryzen 7 5800X 8-core processor, 32 GB
of DDR4 3200MHz RAM, and an NVIDIA GeForce RTX
3090 with 24 GB of GPU. Since the model was trained
on high-resolution images (Sentinel-2 with a pixel size of
approximately 10 m), it is expected to perform effectively on
datasets with similar spatial resolution, while its applicability
to very high-resolution images (a pixel size of smaller than
2 m) may be limited.

E. Sensor Platform Integration
All sensor platforms are configured to synchronize their

system clocks with a common network time protocol (NTP)
server to ensure consistent timestamping across platforms.
Results from each sensor, including object detections, tracking
outputs, and estimated geolocations of the detected objects,
are transmitted to the central system through a message
queuing telemetry transport (MQTT) broker. This broker acts
as a lightweight message-passing middleware, providing a
reliable and scalable mechanism for real-time communication
among sensor platforms. Each platform publishes its outputs to
designated topics, while the central system subscribes to these
topics to receive the incoming information from the sensors.

V. MAMMS DATASET

Due to the limited availability of datasets for maritime threat
detection using multialtitude and multimodal sensors, this
work introduces a novel dataset called MAMMS. This dataset
includes data from ground-based sensors, low-altitude UAVs,
and satellite-based systems. It is divided into two subsets.

1) Ground-Based and Low-Altitude Sensors (MAMMS-
GL): Contains data from the AIT Smart Sensor platform,
the RGB UAV platform, and the Thermal UAV platform,
supporting object detection, object tracking, and geolo-
cation approximation tasks.

2) Optical Satellite (MAMMS-OS): Contains optical (RGB)
satellite imagery data, supporting the task of vessel
detection.
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Fig. 4. Sample images from the MAMMS-GL dataset, showing
images from different sensors, including RGB, thermal, UV, and SWIR
AIT Smart Sensor platform, as well as RGB and thermal UAVs, with
examples of four object classes: person, vessel, vehicle, and oil spill
(a) GS-RGB. (b) GS-Therm. (c) GS-UV. (d) GS-SWIR. (e) UAV-RGB.
(f) UAV-Thermal.

A. Ground-Based and Low-Altitude Sensors Dataset
(MAMMS-GL)

This dataset comprises the data collected in simulated
real-world scenarios using the AIT Smart Sensor, RGB UAV,
and Thermal UAV platforms. The dataset can be divided
into three parts for three different tasks: object detection,
object tracking, and geolocation approximation. The follow-
ing paragraphs describe each task-specific dataset within the
MAMMS-GL dataset.

For the object detection task, the data collection was
conducted in two different locations to cover a range of envi-
ronmental conditions. The scenarios include various person,
vessel, and vehicle movements and interactions between them,
as well as simulated oil spills using an artificial, environmen-
tally safe substance [see Fig. 4(e)] instead of real oil. Written
informed consent was obtained from all actors in the scenarios.
Annotations were made for all visible objects, whether fully or
partially within the sensor’s FOV, using axis-aligned bounding
boxes. Each box was labeled with the object class (either
person, vessel, vehicle, or oil spill). Examples of annotations
are shown in Fig. 4. Tables I and II detailed the training and
test sets.

The object-tracking dataset consists of GS-RGB, GS-UV,
GS-SWIR, GS-Thermal, and UAV-Thermal sequences from
the detection task, following the same training and testing
split. Details on both training and test sets for object tracking
are provided in Tables I and II. Track IDs are consistently

TABLE I
TRAINING DATA FROM THE MAMMS-GL DATASET FOR

GROUND-BASED AND LOW-ALTITUDE OBJECT

DETECTION AND TRACKING

preserved throughout each sequence, even when the objects
were occluded or temporarily disappeared from the FOV,
to support long-term tracking evaluation.

For the geolocation approximation task, 13 thermal
UAV sequences were collected. Such sequences cover both
parameter-constrained scenarios and unconstrained scenar-
ios. The parameter-constrained scenarios were designed with
specific variations in three parameters: UAV ground pro-
jection position, altitude, and pitch angle, as shown in
Table III. The unconstrained scenarios correspond to the
previously described data collection settings for object detec-
tion and tracking. In these scenarios, the UAV telemetry
values were not restricted during data collection. Across
all parameter-constrained and unconstrained scenarios, each
sequence contains a series of images capturing a specific
target object (either a vessel or a person). Each image
includes a bounding box around the target object, the target’s
GNSS ground-truth coordinates (from a GNSS tracker), and
UAV telemetry data (e.g., focal length, zoom level, position,
altitude, gimbal angles, and timestamp). This enables frame-
by-frame geolocation estimates to be compared with ground
truth. Details of all training and test sequences for this task,
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TABLE II
TEST DATA FROM THE MAMMS-GL DATASET FOR GROUND-BASED

AND LOW-ALTITUDE OBJECT DETECTION AND TRACKING

Fig. 5. Samples from the MAMMS-OS dataset, showing RGB Sentinel-
2 images with “ship” annotation.

including the number of images and GNSS ground-truth coor-
dinates available in each sequence, are provided in Tables IV
and V, respectively. Eight sequences were used for cali-
bration and hyperparameter tuning; the remaining five were
used for testing. Sequences “rd1”–“rd7” are from parameter-
constrained scenarios, while sequences “bg7,” “cy1,” “cy2,”
and “cy4”–“cy6” are unconstrained scenarios.

It is also worth noting that a subset of this MAMMS-GL
has been part of the PETS 2025 Challenge [37] and is publicly
available at http://pets2025.net

B. Optical Satellite Dataset (MAMMS-OS)
This dataset contains Sentinel-2 images obtained from the

Copernicus website [38] for two areas of interest in Cyprus and
Bulgaria. For these areas, all available images were collected
for nine months in total. Thus, 111 satellite images were anno-
tated, and all vessels within them were classified as “ship.” An
important advantage of this dataset is that it includes images in
different light and weather conditions, supporting the model to
detect vessels even in unclear sky conditions (see Fig. 5). Only
the RGB bands of the satellite images were used for vessel
detection, as these bands offer the highest spatial resolution of
10 m in Sentinel-2 images. The 10-m spatial resolution allows
for the identification of vessels of comparable or larger size,

while lower resolution bands (20 or 60 m) would not allow for
reliable detection of smaller vessels. From the data annotation
procedure, 3708 vessels in total were detected. To proceed with
the model’s implementation, the dataset was split into training,
testing, and validation sets in percentages of 80%–10%–10%,
respectively. In particular, the objects used for training were
2929 “ships,” while for the testing and validation were 365 and
414 “ships,” respectively.

VI. EXPERIMENTAL SETUP

A. Experimental Datasets
Extensive experiments were conducted to evaluate and

benchmark the performance of the proposed sensor platforms
across tasks relevant to each platform. The experiments were
performed on the proposed benchmarking dataset MAMMS
(see Section V) and on an external dataset for complete-
ness. Overall, three datasets were used for evaluation and
benchmarking.

1) MAMMS-GL dataset for object detection, tracking,
and geolocation approximation on the AIT Smart Sen-
sor and the two UAV platforms. The details of the
training and testing splits are provided in Section V.

2) MAMMS-OS dataset for object detection on optical
(RGB) satellite imagery in the satellite-based systems.
The data split is described in Section V.

3) SAR-Ship-Dataset [36] for object detection on SAR
satellite imagery in the satellite-based systems. The
SAR-Ship-Dataset is an existing open dataset, con-
taining images from the Chinese Gaofen-3 and
Sentinel-1 satellites. It comprises 102 Gaofen-3 images
and 108 Sentinel-1 images. These images were cropped,
resulting in 39,729 image chips. From this dataset, 80%
was used for training, 10% for testing, and 10% for
validation.

B. Evaluation Methods
1) Object Detection Evaluation: To benchmark object detec-

tion performance on the AIT Smart Sensor (GS-RGB, GS-UV,
GS-SWIR, and GS-Therm), RGB UAV (UAV-RGB), and Ther-
mal UAV platforms (UAV-Therm), 5 state-of-the-art models
were selected to compare with object detectors developed for
each sensor. These models are as follows.

1) YOLOv5 [39], YOLOX [40], YOLOv8 [41], and
YOLOv11 [23]: Four pretrained models in the YOLO
family were used as baselines, particularly the YOLOv5s,
YOLOv8s, YOLOX-l, and YOLO11s variants. For all
of these models, inference was performed using the
following settings: 640 × 640 input size, confidence
threshold 0.25, IoU threshold 0.45; and the maximum
number of detections 300.

2) RTDETR [42]: This model is real-time detection trans-
former. The pretrained RT-DETR Large was used
without fine-tuning. Inference was performed with the
same parameters as the YOLO baselines.

3) DET-GS: the proposed detection model for GS-RGB,
GS-UV, GS-SWIR, and GS-Therm. The training hyper-
parameters are described in Section IV-A1. For infer-
ence, the input size was set to 640 × 640, and the
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TABLE III
DESCRIPTIONS OF PARAMETER-CONSTRAINED SCENARIOS USED TO COLLECT DATA FOR THE UAV

GEOLOCATION APPROXIMATION TASK IN THE MAMMS-GL DATASET

TABLE IV
TRAINING DATA FROM THE MAMMS-GL DATASET FOR THE

GEOLOCATION APPROXIMATION TASK ON GROUND-BASED

AND LOW-ALTITUDE SENSORS

TABLE V
TEST DATA FROM THE MAMMS-GL DATASET FOR THE GEOLOCATION

APPROXIMATION TASK ON GROUND-BASED AND

LOW-ALTITUDE SENSORS

confidence threshold was set to 0.3. All other parameters
were kept the same as in the YOLOX baseline.

4) DET-UAVT: the proposed detection model for UAV-
Therm. The training hyperparameters are provided in
Section IV-B1. For inference, the same hyperparameters
as those used in the YOLO baselines were applied.

5) DET-UAVR: the proposed detection model for UAV-
RGB. Details on the training process can be found in
Section IV-C1. An input size of 3840 × 2160 pixels and
a confidence threshold of 0.5 were used. The maximum
number of detections was not limited.

Note that for GS-RGB and GS-UV, only vessel detection
was evaluated; persons and vehicles were ignored. This is
because, in real-world operation, both sensors were intended
to focus solely on vessel detection. Moreover, for GS-RGB,
all models were tested on only two (“bg2” and “bg6”) of the
three available test sequences due to computational resource
limitations.

For ground-based and low-altitude sensor platforms, the
number of true positives (TPs), false positives (FPs), false
negatives (FNs), false negative rate (FNR), precision, recall,

F1-score, and average precision (AP) were used. The IoU
threshold was set to 0.5.

As for the satellite-based systems, no baseline comparisons
were performed due to the absence of suitable open-source
models for vessel detection in optical and SAR satellite
imagery. The evaluation was therefore conducted on two
object detection models: the proposed YOLOv9 models, one
trained on Sentinel-2 optical (RGB) images and the other on
Sentinel-1 SAR images. The training details are described in
Section IV-D1. For inference, the confidence threshold was set
to 0.01 for optical images and 0.1 for SAR images. The IoU
threshold was fixed at 0.45, and the number of detections was
capped at 1,000. Regarding the evaluation metrics, the accu-
racy, precision, recall, mAP@0.5, and mAP@0.5:0.95 metrics
were used.

2) Object Tracking Evaluation: Three state-of-the-art track-
ing methods are evaluated alongside the proposed trackers
developed for each sensor.

1) DeepSORT [43]: The DeepSort tracker was configured
with a maximum overlap distance of 0.7 for matching
detections to existing tracks and retained tracks for up
to 30 frames without updates (track buffer). The number
of frames that a track remains in the initialization phase
was set to 3.

2) ByteTrack [44]: The ByteTrack tracker was config-
ured with a high-confidence threshold of 0.25 and a
low-confidence threshold of 0.1. New tracks were ini-
tiated when detection confidence reached 0.25, and the
track buffer was 30 frames. The association similarity
threshold was set to 0.8.

3) BoT-SORT [24]: The BoT-SORT tracker used the same
high-confidence threshold, low-confidence threshold,
new-track threshold, track buffer, and matching thresh-
old as in ByteTrack. In addition, BoT-SORT applied
sparse optical flow for global motion compensation and
set the proximity and appearance thresholds for identity
matching to 0.5 and 0.8.

4) TRK-GS: The proposed tracker for GS-SWIR and
GS-Therm. The hyperparameters used are described in
Section IV-A2.

5) TRK-UAVT: The proposed tracker for UAV-Therm). The
hyperparameters used are described in Section IV-B2.

Each of the baseline tracking methods is paired with all five
detection models: YOLOv5, YOLOX, YOLOv8, YOLOv11,
and RTDETR for comprehensive comparisons.
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The metrics used in MOTChallenge [45] are adopted to
assess both target localization accuracy and target redetection
capability. These include ID switches (IDSWs), ID F1-Score
(IDF1) [46], multiple object tracking accuracy (MOTA) [45],
multiple object tracking precision (MOTP) [45], and higher
order tracking accuracy (HOTA) [47]. The IoU threshold was
set to 0.5.

3) Geolocation Approximation Evaluation: For this task, the
evaluation was conducted using the test data described in
Section V-A. As test data for geolocation estimation is only
available for UAV-Therm, the evaluation was conducted solely
on this platform. The proposed geolocation approximation
method for UAV-Therm was compared against its variations
as follows.

1) GEO-UAVT: The proposed method without
horizon-aware ground projection correction and without
vertical pixel scaling for geolocation stabilization

2) GEO-UAVT+: The proposed method with horizon-aware
ground projection correction but without vertical pixel
scaling for Geolocation Stabilization

3) GEO-UAVT++: The complete proposed method with
both horizon-aware ground projection correction and
vertical pixel scaling for geolocation stabilization

The same method as [48] was adopted to compare the
performance of each method. The Haversine distance between
the estimated and ground-truth geolocations in the test set was
measured and treated as the distance error. The minimum,
maximum, mean absolute error (MAE), and root mean square
error (RMSE) of the computed distance errors were then
calculated to compare the performance of each method.

VII. RESULTS AND DISCUSSION

A. Object Detection Results
1) Ground-Based and Low-Altitude Sensors: Table VI

shows the object detection benchmarking results on the
MAMMS-GL dataset for all ground-based (GS-RGB, GS-UV,
GS-SWIR, and GS-Therm) and low-altitude sensors (UAV-
RGB and UAV-Therm).

Across GS-RGB, GS-UV, GS-SWIR, and GS-Therm,
DET-GS outperformed the YOLO baselines in both vessel
and person detection in most cases. The only exceptions
were vessel detection on GS-SWIR, where YOLOv11 slightly
outperformed DET-GS, and person detection on GS-SWIR and
GS-Therm, where YOLOX performed better than DET-GS .
This indicates that the proposed DET-GS is effective for vessel
detection, which is the main focus of the platform, whereas
person detection still requires improvement, although it is not
the primary priority.

Compared to RTDETR, although DET-GS performed worse
overall, the results reveal distinctive advantages of DET-
GS in vessel detection. In particular, on average across all
ground-based sensors, DET-GS achieved a substantial 65.2%
reduction in FP with decreases of 40.5% in AP and 24.6%
in F1-score relative to RTDETR. This demonstrates that DET-
GS generated significantly fewer false detections, outweighing
the moderate decreases in overall accuracy metrics. Although
some real-world surveillance systems prioritize minimizing

TABLE VI
OBJECT DETECTION BENCHMARKING RESULTS ON THE MAMMS-GL

DATASET FOR GROUND-BASED AND LOW-ALTITUDE SENSORS

FNs to maximize detections, this often increases false alarms.
Reducing false alarms is crucial because excessive alerts can
cause unnecessary resource deployment and disrupt multi-
sensor fusion and tracking processes that depend on reliable
detections [49]. Therefore, in scenarios where minimizing
false alarms is a priority, DET-GS can be a more suitable
choice.



7112 IEEE SENSORS JOURNAL, VOL. 26, NO. 5, 1 MARCH 2026

TABLE VII
OBJECT DETECTION BENCHMARKING RESULTS ON THE MAMMS-OS

DATASET (OPTICAL) AND THE SAR-SHIP-DATASET (SAR)
FOR THE SATELLITE-BASED SYSTEMS

For UAV-Therm, DET-UAVT consistently outperformed its
baseline counterpart YOLOv11 across all classes. However,
it produced more FPs than the original YOLOv11, resulting
in lower precision for person and vessel detection. Despite
this, DET-UAVT generally achieved better performance than
all YOLO-based models in terms of F1-score and AP. Com-
pared to the strong baseline RTDETR, DET-UAVT showed
superior overall performance in person and vehicle detection.
For vessel detection, however, RTDETR achieved the best
results, with DET-UAVT ranking second among all models.
This highlights both the strong performance of RTDETR
and the competitive capability of DET-UAVT in vessel
detection.

For UAV-RGB, the proposed DET-UAVR achieved the
best overall performance in person and vessel detection, out-
performing all baselines. RTDETR generally ranked second.
Although no baseline is available for oil spill detection,
DET-UAVR demonstrated strong results, with an F1 score of
0.934 and an AP of 0.887, highlighting its effectiveness for
this task.

2) Satellite Sensors: The object detection performance of
the satellite-based system on the MAMMS-OS dataset and
the SAR-Ship-Dataset is presented in Table VII. For the
MAMMS-OS dataset, the model achieved an accuracy of
0.70, a precision of 0.735, and a recall of 0.652, sug-
gesting a moderate ability to correctly detect the vessels.
A mAP@0.5 of 0.692 indicates accurate detection results,
while a mAP@0.5:0.95 of 0.260 means that at tighter thresh-
olds, the model shows lower accuracy. These results highlight
the difficulties in detecting vessels in high-resolution optical
images, as weather conditions, such as clouds, can affect the
results.

On the other hand, the results on the SAR-Ship-Dataset
indicate the high performance of the YOLOv9 model in
detecting ships in SAR images with an accuracy of 0.95.
Precision was found to be equal to 0.923, indicating that the
majority of detections were correct, and recall was found to be
equal to 0.837, meaning that the model successfully detected
most of the existing ships. The average accuracy mAP@50
reached 0.922, highlighting the excellent performance of the
model, while mAP@0.5:0.95 was equal to 0.619, meaning
that the model is also accurate in more strict conditions of
evaluation. The detection results of SAR images indicate the
ability of the model to have a high performance in maritime
surveillance using SAR imagery.

Figs. 6 and 7 present the detection results on the Sentinel-
2 and Sentinel-1 images in the testing phase. The figures
show the ground truth of the vessels on Figs. 6(a) and 7(a),
while Figs. 6(b) and 7(b) indicate the detection results of the
models.

Fig. 6. Detection results on the MAMMS-OS dataset. (a) Ground-truth.
(b) Models detections.

Fig. 7. Detection results on the SAR-Ship-Dataset. (a) Ground-truth.
(b) Models detections.

B. Tracking Results
Fig. 8 shows the object tracking benchmarking results on

the MAMMS-GL dataset for ground-based and low-altitude
sensors. For GS-RGB, TRK-GS, RTDETR+ByteTrack, and
RTDETR+BoT-SORT achieved comparable MOTA scores,
significantly outperforming other baselines. However, TRK-
GS showed lower IDF1 compared to the other two, though
still surpassing the remaining baselines. The reduced IDF1
also contributed to a lower HOTA score. Nevertheless, TRK-
GS showed superior performance with significantly fewer
IDSWs compared to trackers with higher IDF1. This demon-
strates the strong performance of TRK-GS in maintaining
accurate ID associations and tracking continuity. MOTP
scores were similar across all methods, indicating comparable
localization accuracy. Overall, the results indicate that, for
GS-RGB, TRK-GS is effective at maintaining long tracks but
may miss some due to FNs in detection or the exclusion of
low-confidence tracks.

For GS-UV and GS-SWIR, the results differed from those
for GS-RGB. TRK-GS achieved high IDF1 scores, comparable
to top-performing methods, including RTDETR+ByteTrack
and RTDETR+BoT-SORT. However, it exhibited lower
MOTA than these two methods. This suggests strong identity
preservation but poorer detection accuracy with higher FP and
FN (see Table VI). Another strong method is YOLOX+BoT-
SORT, which achieved higher IDF1 than TRK-GS for GS-UV.
This is likely because YOLOX+BoT-SORT generated substan-
tially fewer detections, including fewer FPs, than TRK-GS .
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Fig. 8. Object tracking benchmarking results on the MAMMS-GL dataset for ground-based and low-altitude sensors. (a) GS-RGB. (b) GS-UV.
(c) GS-SWIR. (d) GS-Therm. (e) UAV-Therm.

This lowered the chance of assigning IDs to incorrect objects
or FPs, which in turn increased IDF1. This also affected
HOTA, making TRK-GS underperform YOLOX+BoT-SORT
in terms of HOTA. The IDSW results also indicate the strong
identity preservation of TRK-GS, as its IDSW is lower than
most baselines.

For GS-Therm, TRK-GS outperformed all other meth-
ods in IDF1 and achieved a relatively high MOTA score,
indicating strong performance in consistent identity preser-
vation and overall tracking accuracy. RTDETR+BoT-SORT
and RTDETR+ByteTrack also performed well in both
IDF1 and MOTA. However, TRK-GS demonstrated stronger

performance in minimizing IDSW. This suggests that it main-
tained more consistent tracks than BoT-SORT and ByteTrack.
As in the previous sensors, all methods showed similar per-
formance in MOTP and HOTA.

For UAV-Therm, RTDETR+BoT-SORT achieved the high-
est scores in IDF1, MOTA, and HOTA. Close behind are
ByteTrack+BoT-SORT and ByteTrack+RTDETR, and TRK-
UAVT, which also showed competitive results across these
metrics. Although RTDETR+BoT-SORT achieved the best
overall performance, it exhibited substantially higher IDSW
than TRK-UAVT. This suggests that TRK-UAVT maintains
superior identity consistency, despite its lower IDF1, MOTA,
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TABLE VIII
HAVERSINE DISTANCE ERRORS BETWEEN GROUND-TRUTH AND

PREDICTED OBJECT GEOLOCATIONS ON THE MAMMS-GL DATASET

and HOTA scores. The lower IDF1, MOTA, and HOTA scores
can be attributed to reduced vessel detection accuracy (see
Table VI), as these metrics are influenced by detection accu-
racy. For MOTP, all methods achieved similarly high scores,
suggesting that localization precision is consistent across all
methods.

Overall, the relatively low scores across all metrics suggest
inherent limitations of image-based tracking in this context.
Relying on short-term appearance cues and spatial proximity,
these methods struggle with appearance changes, reentries, and
prolonged occlusions. These are common challenges in our
data due to constant sensor motion.

C. Geolocation Approximation Results
Table VIII shows the Haversine distance errors between

the ground-truth and predicted object geolocations on the
UAV-Therm data from the MAMMS-GL dataset. In scenarios
“bg7,” “cy6,” and “rd7,” as the method progressed from
GEO-UAVT to GEO-UAVT+ and finally to GEO-UAVT++,
both MAE and RMSE values decreased, indicating enhanced
geolocation accuracy at each correction step. In scenario
“cy4,” all three methods performed similarly. This is because
most images in this scenario were captured with low pitch
angles and without a visible sky area, as illustrated in
Fig. 9(a). Therefore, the proposed horizon-aware ground pro-
jection correction and vertical pixel scaling for geolocation
stabilization were not fully utilized. Scenario “cy5” clearly
shows the performance of the proposed method. In this sce-
nario, the vessel was captured from a great distance with
high pitch angles (close to zero), as illustrated in Fig. 9(b),
making geolocation approximation particularly challenging.
GEO-UAVT produced an extremely high MAE (730.88 m)
and RMSE (731.32 m). The application of horizon-aware
correction in GEO-UAVT+ substantially reduced these errors.
GEO-UAVT++ made further significant improvements, reduc-
ing the MAE to 42.93 m and RMSE to 44.83 m. This
underscores the critical role of the vertical scaling step in
scenarios where the pitch angle causes severe distortion near
the horizon.

Fig. 9. Examples of the majority of images in scenarios (a) “cy4” (where
the vessel was captured at a low pitch angle without the sky in view) and
(b) “cy5” (where the vessel was captured at a significant distance).

Fig. 10. Effect of UAV pitch angle on Haversine distance error between
the ground-truth coordinates and the estimated coordinates from each
method.

Fig. 10 illustrates the effect of UAV pitch angle on the
Haversine distance error between the ground-truth coordinates
and the estimated coordinates produced by each method.
Across all methods, the errors clearly increased as pitch
angles increased. The errors also escalated rapidly as the
pitch angles approached 0. This emphasizes the effect of
pitch angle on the approximation algorithms, particularly when
it is close to 0 (nearly horizontal to the ground), and the
captured image includes a portion of the sky. Comparing all
three methods, for pitch angles less than −20◦, the errors
from all methods were equivalent, suggesting no impact from
the horizon-aware ground projection correction and vertical
pixel scaling. However, when the pitch angle exceeded −20◦,
the differences between the methods became apparent. GEO-
UAVT++ showed the lowest errors, followed by GEO-UAVT+
and GEO-UAVT, respectively. This indicates the effectiveness
of the proposed components in mitigating the effect of pitch
angle in the original geolocation approximation algorithm.
Moreover, GEO-UAVT++ produced errors lower than 10 m
when the pitch angle was below −10◦. For pitch angles higher
than this, the error increased beyond 10 m and reached up to
approximately 45 m. This suggests that lower pitch angles,
particularly below −10◦, are more effective for accurate
geolocation.

D. Case Study
After evaluating the performance of individual sensor plat-

forms across different tasks, a case study was conducted. The
goal is to assess the effectiveness of the proposed sensor
platforms when operating jointly within a multisensor fusion
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Fig. 11. Illustration of the scenarios conducted in the case study:
(a) Scenario 1 and (b) Scenario 2.

system. The case study was performed in simulated scenar-
ios within real-world environments. For each scenario, the
AIT Smart Sensor, RGB UAV, and Thermal UAV platforms
(GS-SWIR, GS-Therm, UAV-RGB, and UAV-Therm) were
deployed to perform real-time surveillance tasks, including
object detection, tracking, and geolocation approximation. The
results produced by each platform were then fed into two
systems: a nonfusion system and a fusion system. The non-
fusion system used all detections from the individual sensor
platforms without applying fusion, while the fusion system
systematically combined detections across platforms using the
multimodal data fusion method described in [50]. More details
about this fusion method are provided below. The performance
of the fusion system was then compared with the nonfusion
system to assess whether combining multiple sensors offers
advantages over using them separately.

1) Setup and Execution: Two scenarios were considered in
the case study. They were designed to reflect maritime and
coastal surveillance operations as follows.

1) Scenario 1: This scenario involves two vessels (one large
and one small), multiple people, and several vehicles
[see Fig. 11(a)]. The large vessel, transporting a group
of people, rendezvouses with the small vessel, after
which some individuals transfer to the small vessel
(1). The small vessel subsequently returns to the shore,
while the large vessel departs. Upon reaching a pontoon
connected to the shore, the individuals on the small
vessel disembark (2) and proceed toward nearby vehicles
on the road (3).

2) Scenario 2: This scenario is similar to Scenario 1, except
that the small vessel navigates toward and stops at a
breakwater instead of the pontoon [see Fig. 11(b)]. The
individuals disembark and remain on the breakwater (2).

TABLE IX
PARAMETERS OF FUSION FOR GRAPH G

During the scenario execution, GS-SWIR and GS-Therm
were statically installed at different locations, as shown in
Fig. 11. However, both sensors were able to pan, tilt, and
zoom to track vessels. UAV-RGB and UAV-Therm oper-
ated dynamically, moving to track specific vessels or people
depending on the scenario. For Scenario 1, GS-SWIR focused
on the small vessel, while GS-Therm followed the large vessel.
Both UAVs maintained focus on the small vessel. As for
Scenario 2, GS-SWIR and UAV-Therm focused on the large
vessel, while GS-Therm and UAV-RGB tracked the small
vessel.

Seven GNSS trackers were used to collect ground-truth
coordinates of the objects of interest for subsequent fusion
evaluation. One tracker was placed on the large vessel, one on
the small vessel, and five on the individuals who transferred
from the large vessel to the small vessel and later disembarked
on shore. Scenario 1 was repeated for seven trials, and
Scenario 2 was repeated for five trials to ensure the reliability
of the results.

2) Fusion Method: For the data fusion, we used a hier-
archical fusion graph (HFG) G (see Fig. 12) as introduced
in [51]. The information from each sensor is accumulated
in sensor nodes, with the representation used being proba-
bilistic occupancy maps (POMs). Particularly, a grid-based
representation of the area of interest is used to accumulate
sensor information by performing Bayesian filtering with a
prior p and a temporal decay τ as first described in [50].
The POMs from individual sensors are then fused by per-
forming a LogicalAND (∧) fusion, described in [52], between
one UAV sensor (either UAV-RGB or UAV-Therm) and one
ground-based sensor (either GS-SWIR or GS-Therm), yielding
four different fused maps. These four maps are then fused with
a Bayesian fusion [50] to produce one fused map (B). After
that, we used thresholding with a threshold θ to define regions
and image processing techniques to identify connected com-
ponents, which serve as the fused detections. The final outputs
from the fusion system are polygons of detected objects with
classes and confidence scores, based on the information from
multiple sensors. The parameters (see Table IX) and fusion
graph (see Fig. 12) used are the same as in [52].

3) Evaluation Approach: We compared the performance of
the nonfusion and fusion systems using the false positive rate
(FPR), F1 Score, and the average center-to-center distance
error between the estimated geolocations (either points or
polygons) and the ground-truth coordinates. These metrics
were calculated for detections produced by both systems.

4) Results: Table X presents the results of the nonfusion
system compared with the fusion system. For Scenario 1, the
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Fig. 12. Composition of fusion graph G.

TABLE X
FPR, F1-SCORE, AND ERROR DISTANCE (DIST.) FOR BOTH

NONFUSION (N) AND FUSION (F) DETECTIONS ACROSS THE

DIFFERENT TRIALS OF THE TWO SCENARIOS

FPR of the fused detections was higher than that of the nonfu-
sion detections, and the F1-score also decreased. This is due to
the sensor executions not aligning with the fusion method con-
figuration. In particular, as aforementioned, the fusion method
requires detections from one UAV and one ground-based
sensor to perform data fusion. However, in Scenario 1, only
the ground-based sensor (GS-Therm) tracked the large vessel,
while the other three sensors (GS-SWIR, UAV-RGB, and UAV-
Therm) followed the small vessel. As a result, the fusion
system did not produce improved results. However, in terms
of distance error, the geolocations of fused detections were
more accurate compared to the detections produced separately
by individual sensor platforms. This indicates that combining
estimations from multiple sensors reduces individual errors
and leverages complementary information. This demonstrates
the benefit of jointly using multiple sensors and the fusion
method to refine the geolocation of detected objects.

For Scenario 2, the sensor execution was more closely
aligned with the configuration of the fusion method; therefore,
the improvement in detection accuracy from using multiple
sensors can be observed. Using the fusion system, the FPR
decreased from 39.20% to 13.19%. This corresponds to a
66.35% relative reduction of false alarms. The F1-Score,
however, decreased from 44.79% to 36.99% (17.4% relative
reduction), because some TPs were filtered out during fusion.
Nonetheless, the reduction in FPR is much larger than the
decrease in F1-Score. This demonstrates that multisensor
fusion improves reliability by reducing false alarms with
limited impact on true positive detections.

Moreover, the results in Table X show the difficulties of
deploying sensor and fusion systems in real-world environ-
ments. In particular, the results of Scenarios 1 and 2 are
largely different, despite using the same sensors and similar
playbooks. The FPR was 4.88% in the first scenario but about
eight times higher in the second, at 39.20%. The reason is that
the trials were not performed in a controlled lab environment
but on a coast, which can lead to other vessels being present
in the area. We have observed that the ground-based sensors
often detected vessels on the horizon, which can skew the
results drastically. A vessel that is not part of the trial and
that is correctly detected by the ground-based sensor will
have no corresponding ground truth and therefore be classified
as a false positive. The fusion methodology used tries to
circumvent this problem by requiring detections from both
ground-based and UAV platforms to classify a valid fused
detection. This highlights both the importance as well as the
difficulty in performing data fusion. A more detailed analysis
of the difficulties in performing data fusion in maritime
applications has been done in [52].

VIII. CONCLUSION

This work presents a comprehensive maritime surveillance
system integrating four sensor platforms across multiple alti-
tudes and sensing modalities: the AIT Smart Sensor platform
(RGB, thermal, SWIR, and UV), the RGB UAV platform,
the thermal UAV platform, and the satellite-based systems
using Sentinel-1 (SAR) and Sentinel-2 (optical). Each was
equipped with dedicated modules for object detection, track-
ing, and geolocation approximation, tailored to sensor-specific
characteristics.

Performance was evaluated on newly acquired datasets
across three tasks: object detection (covering persons, vessels,
vehicles, and oil spills, where oil spill detection is exclusive
to the RGB UAV platform), tracking, and geolocation approx-
imation. In object detection, the AIT Smart Sensor platform
consistently ranked among the top performers on ground-based
imagery, particularly excelling in reducing FPs. The RGB UAV
platform outperformed all baselines on aerial RGB imagery
and showed strong results in oil spill detection. The thermal
UAV platform performed well for detecting persons and vehi-
cles, but showed some limitations in vessel detection compared
to a state-of-the-art transformer-based detector; nonetheless,
it remained effective across all classes. For the satellite-
based systems, the SAR model demonstrated high precision
and robustness under strict IoU thresholds, confirming its
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suitability for maritime surveillance. In contrast, detection
with optical satellite imagery proved more challenging due
to resolution limits and environmental factors.

For object tracking, the AIT Smart Sensor platform demon-
strated strong identity preservation and localization accuracy,
performing better or comparably to state-of-the-art baselines,
especially with challenging imagery data such as thermal
and SWIR. The thermal UAV tracker showed competitive
performance in balancing detection and association, though
identity consistency remained weaker than state-of-the-art
trackers such as BoT-SORT and ByteTrack coupled with a
transformer-based detection model.

The geolocation algorithm for the thermal UAV platform
achieved high accuracy, with errors under 11 m with opti-
mal UAV camera pitch angles (lower than −10◦) and under
45 m with near-horizontal pitch angles (higher than −10◦).
Incorporating horizon-aware projection and vertical scaling
substantially reduced error, underscoring the importance of
geometric corrections for reliable geolocation in thermal UAV
imagery.

A case study was also conducted to examine the perfor-
mance of the combined multisensor system with data fusion
compared to individual sensor platforms. The results show
that the multisensor system can leverage complementary infor-
mation from different platforms, reducing false alarms and
refining the geolocations of detected objects.

Overall, the results validate the effectiveness and highlight
the unique advantages and limitations of each sensor platform.
This work not only provides practical guidance for deploying
multialtitude, multimodal sensor platforms in maritime envi-
ronments but also lays the foundation for future research in
multimodal data fusion and robust cross-platform surveillance
systems.

Future work should expand scenario coverage to include
broader maritime and land environments for richer annotations
and explore multisensor fusion to capitalize on data from
different platforms.
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