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Highlights

What are the main findings?

• The study successfully developed an actively heated thermal helipad using resis-
tive heating elements and a high-emissivity black coating, ensuring uniform heat
distribution and high visibility for thermal cameras in degraded visual environments.

• Experimental results demonstrate that while single-mode detection models show
limited cross-domain generalisation, fusion-based learning—specifically using MPF
and HWTF techniques—significantly improves helipad detection robustness.

What are the implications of the main findings?

• The proposed thermal helipad and fusion-based detection framework enhance UAV
flight safety by providing reliable landing area visibility in low-light, night-time, and
foggy conditions without relying on GNSS.

• These findings provide a scalable and robust solution for autonomous UAV landing
systems, offering a technical foundation for AI-driven decision support in both civil
and search-and-rescue operations.

Abstract

For Unmanned Aerial Vehicles (UAVs), optical sensing for reliable landing and the detection
of the landing area is a crucial element. In low-light conditions, at night, and in foggy
weather, where optical sensing is not feasible, thermal imaging can be utilised. Although
this situation has been widely researched, most UAV landing approaches rely on GNSS
assistance or single-mode detection, which limits their robustness and scalability in real-
world operations. This study proposes an actively heated thermal helicopter landing
pad designed using electrically powered resistive heating elements and a high-emissivity
surface coating. Furthermore, optical and thermal images collected during actual UAV flight
experiments under daytime and night-time conditions were processed using image fusion
techniques with AVGF, DWTF, GPF, LPF, MPF, and HWTF fusions, and their performance
in deep learning models was compared. The obtained optical, thermal, and fused datasets
are used to train and evaluate deep learning-based helicopter landing pad detection models
based on the YOLOv8 architecture. Experimental results show that models trained with
single-mode data exhibit limited cross-domain generalisation, while fusion-based learning
significantly improves detection robustness in optical and thermal domains. Among
the evaluated methods, LPF, MPF and HWTF provide the most consistent performance
improvements. The findings indicate that electrically heated thermal helicopter landing
pads, when combined with image fusion and deep learning-based detection, can increase
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the landing detectability of UAVs at night and in low-visibility conditions. This detection-
focused approach contributes to UAV flight safety by enhancing the visibility of the landing
area without relying on active infrared markers or additional navigation infrastructure.

Keywords: thermal UAVs landing helipad; different view of landing; landing visibility in
extreme weather conditions

1. Introduction
The diversification and increased use of UAVs have raised new issues and concerns

regarding flight safety. Factors such as engine failures and collision risks are significant
problems that prevent the safe landing of UAVs [1–4]. With GPS-based controlled automa-
tion, UAVs can be safely guided to target landing areas in emergency landing situations [5].
GPS-based controlled automation systems are being developed to enhance the flight safety
of autonomous UAVs [6]. Advances in GNSS-based navigation and autonomous con-
trol systems have significantly improved global positioning accuracy. However, local
perception of the landing area is critical for the safety of UAV operations [7,8].

The integration of cameras and artificial intelligence algorithms into UAVs has di-
versified their applications [9]. Optical cameras and specialised cameras, utilising cam-
eras operating within embedded systems, enable UAVs to be directed towards specific
targets. Landing markers can serve as a solution-oriented method for these guidance
processes [10–14]. However, optical sensing is inherently limited at night and in adverse
weather conditions, such as smoky and foggy conditions, where lighting constraints signifi-
cantly reduce detection reliability. Thermal cameras offer an alternative sensing method
that provides detection independent of visible light by capturing infrared radiation emitted
from objects [15–18].

Existing studies on thermal-assisted UAV landing typically rely on active infrared bea-
cons, electrically heated markers, or GNSS-supported navigation frameworks. Moreover,
most prior work evaluates thermal perception in isolation, without addressing the domain
gap between optical and thermal sensing modalities that naturally arises in real-world UAV
operations [19–21].

This study systematically investigates how different fusion strategies affect deep
learning detection performance in optical and thermal domains, unlike previous studies
that focused on visual enhancement or single-mode detection. The study quantitatively
compares detection accuracy, generalisation capability, and robustness under varying
environmental conditions, demonstrating the practical applicability of thermal helipad
design as a safety aid at the detection level for UAVs and vertical take-off and landing
(VTOL) platforms, and aims to ensure that the thermal helipad design is clearly visible for
comfortable landing with thermal cameras under night conditions.

Within this framework, optical and thermal images captured during actual UAV
flights under daytime and night-time conditions were fused using multiple classical im-
age fusion techniques. The fused images were then utilised to train and evaluate deep
learning-based object detection models using the YOLOv8 architecture, with comparisons
subsequently made.

2. Related Works
2.1. Deep Learning Landing Systems

Wang et al. conducted a study to create landing stabilisation using a stabilisation
platform that enables the UAV to land on the ship’s deck platform. The UAV aimed to land
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on a stable landing plane on a swaying ship using a moving mechanism with an illuminated
H letter on the landing platform [10]. Mohammadi and colleagues conducted a study on
the autonomous landing of UAVs on moving landing target markers. With the model
they developed, they continued their work on predictive control, vision-based localisation,
and landing signal tracking [11]. Wubben and colleagues developed a solution using the
OpenCV library and low-cost, low-resolution cameras for ArUco landing markers placed
on the ground, to enable UAVs to land with high precision [12]. In their work, Badakis
and colleagues conducted landing studies using infrared sensors beyond GPS. When they
failed to achieve the desired results at this point, they focused on a camera-based landing
solution on a platform with an ArUCO landing marker [13]. Liu et al. presented a study
on the landing of UAVs on fixed landing markers using nested equilateral triangles as
landing markers [14]. Nguyen and colleagues tracked the landing marker on the ground
and planned its position using a Convolutional Neural Network (CNN) and algorithms
developed on the previously trained lightDenseYOLO [7].

2.2. Areas of Use of Thermal UAVs

Thermal UAVs are used in firefighting as an innovative technology for fire detection
and intervention management. During a fire, thermal imaging can detect hot spots within
smoke, which can determine the direction and intensity of the fire’s spread. Particularly
in forest fires, it is necessary to quickly scan large areas and make strategic interventions.
Identifying fire fronts through thermal imaging enables more effective deployment of
response teams. The ability of thermal UAVs to provide effective imaging in dark and
night-time conditions also allows for 24 h uninterrupted fire monitoring [15–17].

Thermal UAVs play a life-saving role in search and rescue operations. Their ability
to detect people when the heat emitted by the human body is higher than the ambient
energy makes thermal UAVs critical for locating people trapped under debris after natural
disasters, searching for missing persons, and finding people stranded in difficult terrain
conditions. Thanks to this technology, the chances of saving lives in rescue operations
where time is of the essence are significantly increased. For these reasons, thermal UAVs are
critical for rapid damage assessment and intervention planning in Disaster Management
and Emergency Services. Following natural disasters such as earthquakes and floods, they
are considered rapid assessment tools for quickly evaluating the safety status of buildings,
identifying hazardous areas, and understanding the scale of the crisis. However, if the
search and rescue area is very large, it is more effective and efficient to use thermal UAVs
based on their potential battery endurance, focusing on the pre-detection of the area and
the search and rescue operation management plan [18–20].

In wildlife monitoring and conservation studies, thermal UAVs are used as an effective
tool for observing and protecting wildlife [21]. In the monitoring of nocturnally active
animals, population counts and detection of poaching activities, thermal UAVs can detect
the thermal differences emitted by animals and animal behaviour [22]. Thermal UAVs
allow animals to be monitored in their natural habitats with minimal disturbance in
the surveillance of large natural habitats [23]. In studies that will make an important
contribution to the protection of endangered species and the maintenance of ecosystem
balance, studies are carried out for the detection and interpretation of thermal images with
thermal UAVs [24].

In the Construction and Building Inspection Sector, Thermal UAVs have the potential
to be used as rapid pre-assessment elements to assess the health status of buildings. It
is possible to increase energy efficiency by detecting heat leaks, moisture problems, and
structural deterioration in buildings. It is possible to quickly detect concrete delamination,
cracks, and structural damage at an early stage, thus preventing large repair costs [25].
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In high-rise buildings, it can analyse areas that are difficult to examine with traditional
methods, thus reducing rapid detections and occupational safety risks [26]. In road and
asphalt construction, Thermal UAVs can be pioneering in technological studies for the
control of asphalt casting quality and road maintenance by controlling the temperature
during asphalt casting. The ability to precisely measure the melting temperature and
cooling rate of the asphalt mixture improves the quality of road construction, while thermal
imaging makes it possible to analyse the temperature distribution on the surface and detect
potential problem areas early in this analysis [27]. Thermal UAVs have the potential to be
used as an initial pre-detection tool for detecting concrete delamination and damage in
hard-to-reach concrete structures such as bridges [28]. With the increasing use of thermal
UAVs in the civilian sector, it is possible to carry out more comprehensive and reliable
inspections in the construction sector.

In the energy sector and industrial facilities, Thermal UAVs can detect overheating
points in equipment, problems in electrical panels, and insulation deficiencies in terms of
facility safety and energy efficiency, both saving energy and predicting potential failures. In
the maintenance and fault detection of electricity transmission distribution lines, which can
be difficult to detect in large areas, Thermal UAVs can distinguish the fault from thermal
differences before the fault [29]. This technology, which allows periodic inspections to be
carried out faster and safer in large industrial plants, contributes to optimising operating
costs [30]. Thermal UAVs are likely to play an active role in the energy efficiency of solar
fields and the detection of defective panels [31].

In the agricultural sector, studies that will play a role in the monitoring of plant health
and the effectiveness of irrigation methods with thermal UAVs are carried out without
slowing down [32]. At the point of detecting water stress in plants, plant diseases, and pest
infestations at an early stage, the first areas of struggle can be determined with studies that
will benefit from thermal analyses [33]. In order to increase agricultural productivity, it is
very important to scan large areas of agricultural land quickly and in detail and to intervene
quickly in the affected area [34]. Fast scans with thermal IHAs offer significant advantages
in initial detection [35]. Thermal UAVs have great potential in the correct irrigation of lands
from a sustainability perspective, optimisation of irrigation systems and more efficient use
of water resources, and detection of irrigated areas in the land [36].

2.3. Thermal Camera for Landing Systems

Veneruso et al. utilised thermal cameras in addition to sensors during the landing
of UAVs. This was considered an effective solution for identifying the landing area and
estimating the UAV’s landing in low visibility conditions. Landing areas equipped with
specially designed thermal markers were used during the landing process. These areas
are geometric patterns equipped with materials that create heat contrast or electric heating
elements. Thermal cameras have been shown to provide safe and autonomous landing
support for UAVs even in low light or foggy conditions; it is noted that thermal imaging-
based systems demonstrate navigation performance, particularly in situations where radar
and GNSS systems are inadequate [37].

Skoczylas and Walendziuk have proposed a thermal camera system for the landing
system automation of UAVs. Their system is managed via three separate Raspberry Pi
3 units, each equipped with a different imaging system: an optical camera, an infrared
camera, and a thermal camera. Their work aims to achieve landing on a T-shaped symbol
within a square. The optical camera detects the T-shaped landing marker in daylight
conditions, while the thermal camera detects heat-emitting beacons placed on the platform
in low light, night-time, or adverse weather conditions to enable landing [38].
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Doer et al. conducted a study using the FLIR Boson 640 thermal camera and OpenCV-
based marker and blob detection methods to enable the UAV to land safely in situations
where GNSS is insufficient or visual conditions are impaired. On the landing platform,
the thermal contrast-based ArUco marker and blob detection system, designed using
Peltier modules to create a temperature difference, provides a strong visual reference
for the thermal camera. ArUco markers provide accurate position estimation at close
range, while blob markers increase the platform’s detectability at higher altitudes. The
image processing process is supported by Perspective-n-Point (PnP)-based pose estimation
and the combination of IMU and radar altimeter data using the Extended Kalman Filter
(EKF). Their system achieved thermal marker detection up to 15 m and demonstrated
high-accuracy landing performance with approximately 5 cm position and 0.6◦ heading
error [39].

Hao Han developed a visual navigation method for aircraft carrier-based aircraft
landing, which is a challenging task due to the limited landing area, sea conditions, and
low visibility. The method is based on an architecture that provides high-precision relative
navigation by using an airborne mid-wave infrared camera to track four rectangular heating
plates on the aircraft carrier’s runway. It is proposed that infrared target lines detected by
the camera could be generated using rectangular heating plates that emit infrared radiation
on the carrier runway. It was evaluated how relative position and attitude information
could be obtained using the Kernel Correlation Filter when images are distant and using
CNN and Pose estimation algorithms when approaching the carrier [40].

3. The Study’s Fundamental Concepts
3.1. Helipads

Helicopter landing areas (Helipads) are designed within specific standards to pro-
vide pilots with the necessary optical awareness, orientation information, and distance
perception during aircraft landing and take-off processes. These standards cover marking,
geometric ratios, dimensioning, and lighting components, aiming to support safe landing,
particularly in low visibility conditions [41].

Studies conducted by the FAA and Eurocontrol have revealed that the shape, ambient
lighting, and optical appearance of a helipad are critical for the pilot to accurately assess
their approach angle, speed, and position [42–44]. Authorities such as the International Civil
Aviation Organisation (ICAO), the Federal Aviation Administration (FAA), and Eurocontrol
have defined measurement and marking criteria that enhance visual perception in helipad
design. The “H” marking located at the centre of the helipad and the surrounding geometric
ratios, as defined in ICAO Annex 2, are standardised within certain limits, although they
can be applied at different scales [45].

Similarly, in the regulations established by the General Directorate of Civil Aviation
(SHGM) in Turkey, helipads, safety distances, and markings are defined in a way that
ensures the aircraft can be guided optically and clearly, depending on its length [46]. The
fundamental purpose of these standards is to enable the pilot to quickly and accurately
perceive the landing area during approach, align correctly, and complete the landing safely.

In this context, helipad designs not only provide a physical landing area but also
serve as reference structures that enhance optical awareness for aircraft. Therefore, the
preference for standardised geometries, such as helipads, particularly in image processing,
autonomous landing, and decision support systems, enables the reliable detection of the
landing area from greater distances and higher altitudes [47].

In our study, we used the helipad design shown in (Figure 1)., which was used in the
work of Lee et al. This design has a geometric helicopter landing pad shape defined in
accordance with international standards. Furthermore, successful results were obtained
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in image processing and deep learning models. In our study, the helicopter landing pad
was chosen as the landing symbol because it is easier and faster to recognise in optical
awareness and image processing algorithms, and to define as a sharp point at fusion points.

Figure 1. The ratios for a standard Helipad [47].

3.2. Thermal Radiation and Emissivity

A black body is known as a perfect radiator, emitting all the energy it absorbs. The
term “black body” was coined by Gustav Kirchhoff in 1860. In 1879, Josef Stefan found an
experimental relationship between the power emitted by the black body per unit area and the
temperature. A few years later, Ludwig Boltzmann derived this relationship theoretically.

Blackbody radiation realises the Planck Spectrum, a spectral energy distribution that
is characteristic and depends only on the temperature of the object. Every object with
energy radiates. Infrared radiation is part of the electromagnetic spectrum and is a type of
electromagnetic wave with wavelengths invisible to the human eye. Infrared radiation (IR)
is often associated with heat energy and is used in many applications to detect temperature
differences (Figure 2).

Figure 2. Normal waves and visible light.

With their technology, thermal camera sensors detect mainly infrared (IR) radiation
but focus on a specific region of the IR spectrum. Infrared radiation lies just beyond visible
light in the electromagnetic spectrum and has a wide range of wavelengths. From this
broad spectrum, thermal cameras usually imaging using the far infrared (FIR) range [48,49].

A key factor in the thermal camera’s image detection is emissivity. Emissivity is a
dimensionless parameter ranging from 0 to 1 that defines a surface’s ability to emit en-
ergy in the infrared spectrum based on its thermodynamic temperature, and it directly
determines the measurement accuracy of thermal imaging systems. Since thermal cam-
eras detect radiant energy emitted from a surface and convert this information into a
temperature value, the correct modelling of the surface’s actual emissivity value is of
critical importance. High-emissivity surfaces provide more reliable and repeatable tem-
perature measurements by minimising the effect of environmental reflections, while low-

https://doi.org/10.3390/drones10040266

https://doi.org/10.3390/drones10040266


Drones 2026, 10, 266 7 of 19

emissivity and reflective surfaces can negatively affect detection and classification perfor-
mance by increasing measurement uncertainty. This situation is illustrated in (Figure 3).
In this context, the use of high-emissivity materials and coatings is widely recommended
in the literature, particularly for aviation safety, night operations, and thermal-optical
detection applications.

 

Figure 3. Emission (ε), reflection (ρ), and transmission (τ).

• A measurement object with a high emissivity (ε ≥ 0.8)
• A measurement object with an average emissivity (0.6 < ε < 0.8)
• A measuring object with a low emissivity (ε ≤ 0.6)

3.3. Types of Thermal Camera

Thermal Cameras, depending on their type, can use part of the IR wave (Figure 4).

• Near Infrared (NIR) Wavelength: 0.7–1.3 micrometres
• Middle Infrared (MIR) Wavelength: 1.3–3 micrometres.
• Long Wave Infrared (LWIR) Wavelength: 8–14 micrometres
• Far Infrared (FIR) Wavelength: 14 micrometres and above (usually down to 1 mm)

Figure 4. The LWIR wavelength of the UAV.

These sensors measure the IR radiation emitted from objects at different temperatures
and convert it into electrical signals, which are then converted into a visual temperature
map. These sensors are LWIR-MIR and NIR [50].

Thermal UAVs have many positive effects on our lives. The fact that we can see
and detect in dark environments and detect heat radionuclides with the thermal camera,
without being dependent not only on natural or artificial light, gives us the opportunity
to produce integrated solutions in our lives in many minimum and civilian solutions and
detection [51].
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3.4. Computer Vision and YOLO

Computer vision systems (CVS) enable the automatic detection and classification
of objects in images and videos using machine learning and deep learning techniques,
most commonly convolutional neural networks (CNNs) [52–54]. Among object detection
algorithms, the YOLO (You Only Look Once) family stands out due to its real-time detection
capability, high processing speed, and end-to-end single-stage architecture. YOLO models
perform object detection by treating the task as a regression problem and predicting object
classes and bounding boxes directly from the entire image in a single forward pass [55].

Lee et al. demonstrated that YOLOv3 achieves superior detection speed compared
to Faster R-CNN and SSD while maintaining high accuracy, thanks to its multi-scale
detection capability, which enables effective detection of objects at different distances.
Based on these findings and considering recent developments in UAV-based image analysis,
this study utilises the YOLOv8 model, which offers improved mean average precision
(mAP), faster inference, and enhanced performance in complex, real-time aerial imaging
scenarios [47,52,53].

YOLOv8 was selected due to its real-time detection capability, superior accuracy–speed
trade-off, and proven effectiveness in UAV-based image analysis compared to alternative
single-stage and two-stage object detection models [56].

3.5. Image Fusions

Image fusion techniques can be used to provide rich environmental information by
combining data from thermal camera images with optical camera images. These fusion
methods have been tested to improve the effectiveness of deep learning models in thermal
image processing, such as detail enhancement, target detection, noise reduction, and
classification by processing thermal helipad images.

In this study, Averaging Fusion (AVGF), Discrete Wavelet Transform Fusion (DWTF),
Gradient Pyramid Fusion (GPF), Laplacian Pyramid Fusion (LPF), Morphological Pyramid
Fusion (MPF), and Haar Wavelet Transform Fusion (HWTF) methods were preferred.

The methods used in the fusion of thermal and optical images are differentiated ac-
cording to approaches that prioritise different types of information. While simple methods
such as AVGF offer computational advantages, they cannot sufficiently preserve the dis-
tinctiveness of thermal targets and optical details. Therefore, AVGF is generally used as a
reference method for comparison purposes. More advanced approaches perform the fusion
process by considering not only the intensity values of the images, but also their multi-scale
and structural components [57,58].

DWTF, HWTF, and LPF methods aim to enhance the clarity of thermal targets and
the continuity of optical textures by analysing images at different scales. In particular,
DWTF and LPF produce successful results in terms of visual quality by ensuring a balanced
transfer of both thermal contrast and optical details. Haar-based approaches are simpler and
faster versions of these methods and are preferred in real-time and hardware-constrained
systems [59–61]. GPF and MPF focus on the structural and object-based features of the
image. GPF provides advantages in applications where structural perception is critical,
such as navigation and landing areas, by bringing edges and geometric boundaries to
the foreground. MPF, on the other hand, preserves the shape integrity of thermal targets,
increasing object continuity and offering a fusion that is more resistant to noise. In this
respect, MPF is a prominent approach in object detection and thermal target-focused
applications [62,63].

In this study, the preferred fusion methods were selected from among approaches
that are widely accepted in the literature, suitable for comparative analysis, and capable
of representing the complementary physical properties of thermal and optical images at
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different levels. Thermal images provide target clarity based on temperature differences,
while optical images offer high spatial resolution and structural detail. The selected
methods—specifically AVGF at the pixel level, DWTF and HWTF in multi-scale frequency
analysis, GPF in structural and edge representation, LPF in detail–contrast balance, and
MPF in object integrity—highlight different types of information, enabling a multifaceted
evaluation of the effects of fusion. The combined use of these methods has made it
possible to comparatively examine different performance criteria, such as thermal target
emphasis, optical detail preservation, and structural continuity, rather than a singular
approach focused solely on visual quality. Furthermore, the vast majority of these methods
are classical fusion techniques that are parameter-independent, require no training, and
can deliver consistent results under different scene conditions. This reduces the risk of
overfitting the results to the dataset and increases their generalisability.

4. Materials and Methods
The overall workflow of the proposed system consists of three main stages: (1) thermal

helipad generation using resistive heating, (2) optical and thermal dataset acquisition, and
(3) YOLO-based detection using optical, thermal, and fused images.

Thermal UAVs have become frequently preferred in both minimum and civilian
operations and problem-solving projects. Development of thermal helipads is considered
important for thermal UAVs and vertical take-off and landing aircraft equipped with
thermal cameras. It is crucial to provide pilots with meaningful and rapid data during
landing to easily identify landing spots, especially under conditions of smoke, fog, pitch
darkness, and overseas operations. Thermal imaging has been widely reported in the
literature to provide improved scene perception under certain visibility-reducing conditions
such as haze, smoke, and low illumination. With advancing technologies, it is possible
for thermal helipads to be detected by thermal cameras and interpreted using computer
vision algorithms. This development can be used in landing decision support systems.
The combined use of thermal helipads and thermal cameras can provide effective visibility
against potential accidents and risks.

4.1. Thermal Helipad Generation Using Resistive Heating

In this study conducted for a thermal helipad, the H and O symbols were shaped
from 1 × 1 m–2 × 2 m metal aluminium sheets according to the specified dimensions and
emissivity factor (Figures 5 and 6). The helicopter landing pad-shaped plates were adjusted
with special silicone resistors to reach specific temperature values. Thermal conductors
were preferred for thermal heat distribution at the bonding points of the aluminium
components and bonding silicone resistors. However, aluminium is a material with low
emissivity and is therefore invisible to thermal cameras. To ensure that the aluminium
plates are not directly visible on the thermal camera, they have been painted with black
paint, which has a high emissivity value. This way, a helipad symbol has been obtained
that has both uniform heat distribution and is easily visible on the thermal camera.

The thermal helipad heating time, temperature uniformity, power consumption, and
environmental robustness can be further improved through engineering techniques. In
our study, our helipad reaches 50 ◦C within 3 min and 70 ◦C within 5 min. There is a
250 Watt resistive silicon heater in the letter H and a 550 Watt resistive silicon heater in the
letter O. Our Helipad is made of aluminium, a material that radiates heat evenly within
itself. Aluminium has a low emissivity value. Even hot aluminium is not clearly visible
on a thermal camera. Helipad surface coated with a black, plastic-based paint with a heat
emissivity value of 0.95 or higher. This method creates a sharp clarity visible on the thermal
camera on the Helipad symbol.
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Figure 5. The first tests of a 1 × 1 m thermal plate design with a thermal camera.

Optical image Thermal image 
Thermal uncoated 

surface image 

   

Figure 6. The emissivity factor, Optical and Thermal Images for the Helipad at 70 ◦C.

A basic measurement software that can be controlled and monitored on the DS18B20
microprocessor base with a temperature sensor on the landing plates on the helipads has
been written. The temperature of the Helipad plates can be adjusted so that the software
can gradually keep the Helipad between 20 and 70 ◦C.

4.2. Optical and Thermal Dataset Acquisition

In this study, the DJI Mavic 3T was used as the thermal UAV. After calibrating the
thermal and optical lenses with the thermal UAV, exposures were collected at different
angles and directions with vertical flights of 3–120 m and horizontal flights of up to
100 m. The DJI Mavic 3T’s dual sensor architecture ensures stable relative alignment
between optical and thermal images during data acquisition. These exposure angles were
captured in 10-s automatic photo mode while the thermal UAV was in motion. The dataset
split was performed at the scene level to avoid potential data leakage between training,
validation, and test subsets.

The dataset was collected across six different environments representing distinct scene
backgrounds. Daytime, twilight, and night-time shots were taken separately, and the
thermal camera’s night-time performance visibility on the helicopter landing pad was
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optimised. For our study, flights were conducted at six different locations and times to
collect data. However, in our study, we proceeded by separating optical, thermal, and
fusion images into their own categories rather than by spatial and temporal differences.
Thermal, optical, and fusion images are uniquely distinct from one another during night,
day, and twilight. Helipads constructed during the day, at night, and under night lighting
have been tested with optical and thermal cameras (Figure 7).

Figure 7. Examples of images taken on the Thermal Helipad with Thermal UAV.

Additionally, to enhance the clarity of deep learning models on the thermal landing
helicopter pad, the thermal landing area has been optimised to provide a more stable and
clear image in terms of temperature and emissivity. Heat dissipation on the helipad has
been ensured, particularly with the visible heat emission of the helipad sections. This has
been achieved through the selection of materials that provide thermal conductivity and
coating. Particularly in night-time footage, a clearly distinguishable helipad shape has
emerged in the thermal camera compared to the optical camera.

In this study, the preferred fusion methods were selected from among approaches
that are widely accepted in the literature, suitable for comparative analysis, and capable
of representing the complementary physical properties of thermal and optical images at
different levels. Thermal images provide target clarity based on temperature differences,
while optical images offer high spatial resolution and structural detail. Data were acquired
using the DJI Mavic 3T platform, which integrates optical and thermal sensors within a
rigid dual-camera system. This integrated architecture ensures stable geometric alignment
during flight. Minor spatial variations due to resolution and field-of-view differences were
controlled through alignment verification and refinement prior to fusion. Paired optical
and thermal frames were preserved at the flight-session level during dataset preparation to
maintain modality consistency.

The selected methods—specifically AVGF at the pixel level, DWTF and HWTF in multi-
scale frequency analysis, GPF in structural and edge representation, LPF in detail–contrast
balance, and MPF in object integrity—highlight different types of information, enabling a
multifaceted evaluation of the effects of fusion. The combined use of these methods has
made it possible to comparatively examine different performance criteria, such as thermal
target emphasis, optical detail preservation, and structural continuity, rather than a singular
approach focused solely on visual quality. Furthermore, the vast majority of these methods
are classical fusion techniques that are parameter-independent, require no training, and
can deliver consistent results under different scene conditions. This reduces the risk of
overfitting the results to the dataset and increases their generalisability. Different images
were created using fusion techniques with optically and thermally matched images, which
were then categorised and named (Figure 8).
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Figure 8. Thermal and optical images, after fusion with fusion methods, and dataset examples.

Optical and thermal data were combined using specified fusion methods. During
fusion, shifts on the photogrammes were minimised by paying attention to image capture
angles and lens optimisation.

4.3. YOLO-Based Detection Using Optical, Thermal, and Fused Images

Optical, thermal, and fusion images and labels were applied to 6968 images using the
YOLO deep learning model. Firstly, to prevent potential data leakage, separate datasets
were created using optical, thermal, and fusion images belonging to the same scene. Thus,
the matched images obtained from the same acquisition session were not distributed across
the training, validation, and test sets. To evaluate the YOLOv8 deep learning architecture,
nine separate datasets comprising 6968 manually labelled images covering optical, thermal,
and six different combined modalities were organised. When images were labelled for
YOLO, images that could be considered overly similar and exposures that were very similar
to each other were deleted to prevent overfitting during training. Optical and thermal
datasets were split into 80% training, 10% validation, and 10% test data, and various
learning studies were conducted on YOLOv8. We based the iteration count on 200 epochs,
which was deemed sufficient for learning in tests conducted with validation data on the
initial models created. This training depth was optimised to capture the complex spatial
and thermal characteristics of helipad markers without risking overfitting, ensuring that the
performance metrics (mAP, precision, and recall) accurately reflect the model’s robustness
across diverse operational environments.

Training was conducted on the YOLOv8 Large model for our optical, thermal, fusion,
and ALL (all of included) datasets, using batch_size: 8, imgsz: 640, dropout = 0.05. The
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models created afterwards have been named with the same names as the dataset clusters
for comparison purposes.

Although thermal cameras have advanced in recent times, they produce lower resolu-
tion images compared to optical cameras. Fusion images created from the paired images of
thermal and optical cameras can yield different and meaningful results. Processing ther-
mal and optical data independently to learn the resulting difference using deep learning
methods has enabled us to produce more stable results in terms of deep learning.

(Figure 9) shows the number of images in the optical, thermal, and fusion datasets
and the model training names. Tested the learned models with optically and thermally %10
validated data.

Figure 9. Representative examples of model predictions across different fusion methods.
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5. Results and Discussion
The results demonstrate that the nine models (O.pt, T.pt, AVGF.pt, GPF.pt, DWTF.pt,

LPF.pt, MPF.pt, HWTF.pt, and ALL.pt) achieved high performance when evaluated on
their respective validation datasets across optical, thermal, and fusion images (Table 1),
reflecting in-domain evaluation conditions.

Table 1. Validation performance of each model evaluated on its respective 10% validation dataset.

Model IoU mAP@0.5:0.95 mAP@0.5 mAP@0.75 mAP@0.90 mAP@0.95 Processing Time Precision@0.5 Recall@0.5 F1-Score@0.5

O.pt 0.9349 0.9206 1.0000 1.0000 0.7477 0.5981 0.5202 s/image 1.0000 1.0000 1.0000
T.pt 0.9361 0.9095 0.9876 0.9876 0.8967 0.3140 0.4148 s/image 0.9876 1.0000 0.9917

AVGF.pt 0.9390 0.9278 1.0000 1.0000 0.7778 0.5833 0.5291 s/image 1.0000 1.0000 1.0000
GPF.pt 0.9352 0.9284 0.9915 0.9895 0.8421 0.5684 0.5229 s/image 0.9895 0.9895 0.9895

DWTF.pt 0.9262 0.9009 1.0000 0.9722 0.7315 0.4259 0.4019 s/image 1.0000 1.0000 1.0000
LPF.pt 0.9385 0.9222 1.0000 1.0000 0.7963 0.5278 0.5629 s/image 1.0000 1.0000 1.0000
MPF.pt 0.9316 0.9108 1.0000 1.0000 0.7353 0.5000 0.5516 s/image 1.0000 1.0000 1.0000

HWTF.pt 0.9428 0.9281 0.9952 0.9952 0.8048 0.5619 0.5586 s/image 0.9952 1.0000 0.9968
ALL.pt 0.9494 0.9423 0.9995 0.9973 0.8511 0.6351 0.5779 s/image 0.9995 1.0000 0.9996

The relatively high metrics observed in the validation results can partly be attributed
to the distinctive geometric structure of the helipad marker and the relatively consistent
background conditions in the dataset. In addition, images captured within the same en-
vironment may allow the model to learn certain scene characteristics, which reduces the
likelihood of false positive detections. As a result, the detection task becomes more struc-
tured compared to general object detection problems involving cluttered environments or
multiple object classes. The learned models were run on optically and thermally separated
data, and the success of the learning model using only fusion techniques was compared
with optical and thermal data. It is shown in (Figure 10).

Figure 10. Model tests on optical and thermal samples.

(Table 2) presents evaluation results on an independent daytime flight dataset collected
in a separate session and excluded from both training and validation. (Table 3) presents
evaluation results on an independent night-time flight dataset collected under different
environmental conditions.
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Table 2. Performance of trained models evaluated on independent daytime optical and thermal
flight data.

Model Valid IoU mAP@0.5:0.95 mAP@0.5 mAP@0.75 mAP@0.90 mAP@0.95 Processing Time Precision@0.5 Recall@0.5 F1-Score@0.5

O.pt Optical 0.8623 0.8626 1.0000 0.9313 0.7557 0.2366 0.6820 s/image 0.9493 0.9493 0.9493
Thermal 0.5001 0.5313 0.5972 0.5664 0.5062 0.1682 0.6903 s/image 0.4674 0.5507 0.4940

T.pt Optical 0.1737 0.4630 0.6259 0.4259 0.0000 0.0000 0.8219 s/image 0.3099 0.3099 0.3099
Thermal 0.8071 0.6587 0.9917 0.9421 0.4248 0.2200 0.8188 s/image 0.9917 1.0000 0.9945

AVGF.pt Optical 0.8348 0.8570 0.9462 0.8990 0.7808 0.3110 0.6838 s/image 0.8708 0.9130 0.8841
Thermal 0.8155 0.6131 0.9022 0.8526 0.2455 0.1520 0.8045 s/image 0.9022 1.0000 0.9339

DWTF.pt Optical 0.9047 0.8820 0.9696 0.9331 0.7652 0.2409 0.6789 s/image 0.9626 0.9928 0.9722
Thermal 0.8235 0.6131 0.8773 0.8360 0.3809 0.1750 0.8043 s/image 0.8773 1.0000 0.9121

GPF.pt Optical 0.8456 0.9105 0.9861 0.9702 0.8234 0.3988 0.6813 s/image 0.9004 0.9130 0.9039
Thermal 0.7138 0.6643 0.8790 0.8598 0.3250 0.2144 0.8036 s/image 0.7555 0.8347 0.7788

LPF.pt Optical 0.8460 0.8928 0.9803 0.9331 0.8071 0.4173 0.7067 s/image 0.9022 0.9203 0.9082
Thermal 0.8190 0.7303 0.9656 0.9118 0.2523 0.1600 0.8101 s/image 0.9656 1.0000 0.9766

MPF.pt Optical 0.9244 0.9151 0.9891 0.9672 0.8540 0.4489 0.6839 s/image 0.9819 0.9928 0.9855
Thermal 0.8360 0.7117 0.9421 0.9091 0.1757 0.1541 0.8442 s/image 0.9421 1.0000 0.9601

HWTF.pt Optical 0.9171 0.8867 0.9783 0.9420 0.7609 0.3116 0.6756 s/image 0.9783 1.0000 0.9855
Thermal 0.7412 0.6674 0.9188 0.8362 0.3290 0.1830 0.8068 s/image 0.8733 0.9174 0.8871

ALL.pt Optical 0.9040 0.9076 0.9963 0.9779 0.7941 0.1838 0.6912 s/image 0.9819 0.9855 0.9831
Thermal 0.7992 0.7788 0.9959 0.8884 0.4165 0.2020 0.8084 s/image 0.9959 1.0000 0.9972

Table 3. Performance of trained models evaluated on independent nighttime optical and thermal
flight data.

Model Valid IoU mAP@0.5:0.95 mAP@0.5 mAP@0.75 mAP@0.90 mAP@0.95 Processing Time Precision@0.5 Recall@0.5 F1-Score@0.5

O.pt Optical 0.3452 0.6581 0.8605 0.8300 0.7357 0.3286 0.6560 s/image 0.3655 0.3655 0.3655
Thermal 0.4116 0.3488 0.5431 0.3410 0.1181 0.0400 0.7948 s/image 0.4299 0.5221 0.4585

T.pt Optical 0.7867 0.8280 1.0000 0.9056 0.6165 0.1829 0.6513 s/image 0.8851 0.8851 0.8851
Thermal 0.8034 0.5233 0.8600 0.5201 0.2015 0.1178 0.7823 s/image 0.8495 0.9510 0.8798

AVGF.pt Optical 0.8910 0.8664 0.9906 0.9505 0.7193 0.3289 0.6525 s/image 0.9674 0.9765 0.9704
Thermal 0.7336 0.4259 0.7775 0.4791 0.1949 0.1334 0.7934 s/image 0.7775 0.9559 0.8292

DWTF.pt Optical 0.8045 0.8708 1.0000 0.9351 0.7050 0.3717 0.6415 s/image 0.8851 0.8851 0.8851
Thermal 0.7316 0.3688 0.6512 0.4258 0.1861 0.1420 0.8015 s/image 0.6512 0.9461 0.7298

GPF.pt Optical 0.7884 0.7144 0.8808 0.8676 0.3624 0.0185 0.6316 s/image 0.8716 0.8956 0.8795
Thermal 0.7255 0.4642 0.8391 0.5615 0.2225 0.1600 0.8216 s/image 0.8329 0.9387 0.8654

LPF.pt Optical 0.9072 0.8909 0.9960 0.9563 0.7421 0.4841 0.6477 s/image 0.9830 0.9869 0.9843
Thermal 0.7877 0.4817 0.7873 0.5230 0.1233 0.0600 0.8838 s/image 0.7873 0.9289 0.8297

MPF.pt Optical 0.9320 0.8980 0.9734 0.9577 0.8242 0.4839 0.6636 s/image 0.9708 0.9974 0.9786
Thermal 0.7982 0.5786 0.8817 0.6458 0.1481 0.0644 0.8070 s/image 0.8817 0.9779 0.9102

HWTF.pt Optical 0.9190 0.8492 0.9582 0.9399 0.7507 0.2937 0.6359 s/image 0.9582 1.0000 0.9717
Thermal 0.7662 0.5621 0.8661 0.6131 0.2033 0.0700 0.8001 s/image 0.8321 0.9044 0.8545

ALL.pt Optical 0.8954 0.8272 0.9582 0.9295 0.7023 0.2932 0.6517 s/image 0.9582 1.0000 0.9721
Thermal 0.7087 0.5041 0.9454 0.5682 0.1030 0.0623 0.7923 s/image 0.9338 0.9387 0.9355

6. Conclusions
This study presents a deep learning-based detection framework for UAV landing

assistance using an actively heated thermal helicopter landing pad designed with resistant
heating elements and a high-emission surface treatment. Experimental results show that
optical and thermal data are affected by domain-specific limitations. Accordingly, it has
been revealed that learning based on optical data is insufficient for evaluating thermal
data, and similarly, learning based on thermal data does not sufficiently complete optical
data with adequate accuracy. The objective of this study is to comparatively evaluate
different trained models under identical experimental conditions rather than to claim
absolute real-world generalisation performance. Therefore, the high in-domain metrics
should be interpreted within the context of controlled validation scenarios and relative
model comparison. The results presented in (Table 3) highlight the detection performance
obtained under night-time conditions, revealing the differences between optical, thermal,
and fusion-based sensing approaches. In particular, optical-based detection becomes
more challenging in night-time scenarios due to limited visible illumination. In contrast,
fusion-based learning demonstrates improved robustness by leveraging complementary
information from both thermal and optical modalities.

The findings show that the proposed thermally enhanced helipad can be reliably
detected by UAV-mounted thermal cameras without relying on active infrared beacons
or modulated IR sources. Fusion-based models, particularly those utilising LPF, HWTF,
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and MPF techniques, exhibited improved cross-domain generalisation, highlighting the
effectiveness of multi-modal perception in degraded visual environments.

The findings indicate that thermal helipads can be reliably detected by thermal cam-
eras mounted on UAVs. Fusion-based models, particularly those using LPF, HWTF, and
MPF techniques, have shown improvement in generalisation between optical and ther-
mal domains and emphasised the effectiveness of multi-modal detection in degraded
visual environments.

Among the fusion methods LPF, HWTF, and MPF are relatively successful in both
optical and thermal learning, whereas GPF is slightly weaker than the others. However,
the fusion methods are quite successful at the threshold of these results.

Detection reliability decreases as altitude increases due to reduced pixel coverage of
the helipad. The optical camera maintains sufficient spatial resolution at higher altitudes,
while the thermal sensor resolution limits the number of pixels representing the target object.
Nevertheless, larger helipad structures defined in national and international standards
(e.g., helipad sizes of approximately 5 × 5 m within landing areas of about 10 × 10 m)
may be detectable from significantly greater distances when higher-resolution thermal
cameras are used. As thermal cameras become smaller, cheaper, and capable of producing
relatively more meaningful data over time, they will be able to produce more meaningful
and clearer results in night-time and pitch-dark environments and conditions. Furthermore,
the development of computer vision and deep learning techniques and the increase in
their application areas are enhancing both thermal camera solutions and the opportunities
they bring.

The current study focuses on landing marker detection rather than a full precision
landing control framework. Bounding box detection provides the initial localization of
the landing marker and can serve as a precursor for downstream modules such as pose
estimation or visual servoing in autonomous landing systems. In future UAV platforms,
the integration of such detection systems with onboard navigation and control algorithms
could enable more reliable autonomous landing assistance, particularly in low-visibility
operational environments. However, the proposed method is validated under daytime,
twilight, and night-time conditions. Its applicability to degraded visual environments
such as fog or smoke is not experimentally evaluated in this study and remains part of
future work.

Among the measures to be taken and applications to be developed for flight safety,
thermal camera solutions may emerge as essential for future aeroplanes and helicopters. In
this context, it is anticipated that the improvement of thermal data and the development of
automatic detection systems equipped with artificial intelligence algorithms will reduce
potential accidents and errors by giving pilots confidence in understanding and recognising
airport runways and images of aircraft in the air. In adverse weather conditions such as fog,
smoke, and pitch darkness, expanding pilots’ field of vision and obtaining clearer images
by combining thermal and optical images may find its place among vision techniques that
reduce the risk of accidents. The situation is similar for thermal UAVs. The development of
thermal landing areas to quickly locate and identify landing areas for thermal UAVs, which
are used in many projects and military operations, is considered crucial for the operational
flight times and safe landings of thermal UAVs.
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Abbreviations
The following abbreviations are used in this manuscript:

UAV Unmanned Aerial Vehicle
VTOL Vertical Take-Off and Landing
EKF Extended Kalman Filter
CNNs Convolutional Neural Networks
YOLO You Only Look Once
CVS Computer vision systems
R-CNN Region-based Convolutional Neural Network
SSD Single Shot MultiBox Detector
GPS Global Positioning System
GNSS Global Navigation Satellite System
APAS Advanced Pilot Assistance System
AVGF Averaging Fusion
DWTF Discrete Wavelet Transform Fusion
GPF Gradient Pyramid Fusion
LPF Laplacian Pyramid Fusion
MPF Morphological Pyramid Fusion
HWTF Haar Wavelet Transform Fusion
mAP Mean Average Precision
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