
Received 29 July 2026, accepted 8 September 2026, date of publication 21 September 2026, date of current version 2 October 2026.

Digital Object Identifier 10.1109/ACCESS.2026.3735919

Early Versus Late RGB–Infrared Fusion
for Counter-UAV Detection:
A Comparative Study
ALBERTO DE ZAN , DENIS TAVARIS , GIAN LUCA FORESTI , (Senior Member, IEEE),
AND IVAN SCAGNETTO
Department of Mathematics, Computer Science, and Physics, University of Udine, 33100 Udine, Italy

Corresponding author: Ivan Scagnetto (ivan.scagnetto@uniud.it)

ABSTRACT This paper presents a novel strategy for UAV detection through visible (RGB) and infrared
(IR) fusion, in order to improve accuracy and precision in harsh environments and weather conditions. In
this research, two opposite approaches have been studied and implemented: the first concerns image-level
(early) fusion, whichmerges two different spectra into a single image to which one detector is applied. On the
other hand, the second approach, called decision-level (late) fusion, focuses on blending together the output
bounding boxes of two different detection pipelines, aiming to create a common result that can be applied to
both spectra simultaneously. Both strategies have been extensively tested in a dedicated environment, which
included alternating low and high brightness scenes, different backgrounds (sky and ground), distances (5,
25 and 60 m), altitudes and zoom levels (1X, 2X and 4X). These tests allowed for the assessment of actual
detection capabilities and system reliability in real-world applications. Furthermore, the two fusion strategies
were evaluated and compared over a set of aligned images in order to highlight the better approach of the
two. The results indicate that early fusion achieves better raw performance, since it incorporates the thermal
information from the beginning of the training process. However, late fusion presents an innovative and
useful detection workflow that can be applied in cases of sensor or frame misalignment. Both positive
and negative aspects have also been pointed out and discussed, in order to give a more comprehensive
overview. Finally, the paper outlines implementation considerations and practical recommendations based
on operational priorities. Overall, the findings contribute to the research in RGB–IR fusion modalities, with
the goal of enhancing UAV detection capabilities.

INDEX TERMS Uncrewed aerial vehicles (UAVs), object detection, YOLO, early fusion, late fusion,
multimodality, infrared imaging.

I. INTRODUCTION
Uncrewed Aerial Vehicles (UAVs) are becoming increasingly
common in military and civilian applications. They can be
used in surveillance, mapping and transporting materials.
However, there are safety and security concerns which have
to be taken into consideration, since modern UAVs might be
able to operate in varied environments and evade traditional
surveillance methods. In order to reduce these weaknesses,
many advanced sensors are used in current scenarios. For
example, visible light (RGB) cameras are widely adopted, as
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they offer excellent spatial resolutions and reduced costs [1].
However, they have problems in low light, adverse weather
conditions [2] and crowded backgrounds. Concerning this
particular aspect, the terrain texture may be difficult to
separate from the drone’s surface, since UAVs are usually
made from composite and camouflaged materials. On the
other hand, infrared (IR) cameraswork effectively in low light
situations and night scenes. Nevertheless, they have reduced
thermal and spatial resolution and are expensive. Therefore,
this research focuses on fused solutions for UAV detection,
aiming to combine the strengths of both sensors [3].

There are some studies in Computer Vision which have
explored the capabilities of sensor fusion strategies in object
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detection systems [4]. However, the Counter-UAV setting still
remains an underexplored research area for fusion. Most of
the existing approaches require significant adjustments and
fixes to the sensors before fusion can be applied. In this paper,
the following innovative fusion pipelines for YOLO-based
Counter-UAV detection have been adopted and evaluated:

• An image-level (early) fusion that composes synchro-
nized and aligned RGB and IR inputs into a unified
representation for a single detector.

• A decision-level (late) fusion that processes RGB and IR
streams independently and merges their detections post-
inference.

This research presents two logical strategies and the
framework designed and applied for each fusion type.

Finally, in order to present a complete evaluation, extensive
performance analyses have been conducted, including quan-
titative metrics (such as average detection precision, recall
and F1-score) and qualitative visualizations through image
samples.
Synopsis:This work presents twoRGB–IR fusion architec-

tures for drone-to-drone detection using YOLO: an image-
level (early) fusion combining synchronized inputs into a
single stream, and a decision-level (late) fusion merging
outputs from separate detectors. Evaluated across varied
conditions, the study compares accuracy, efficiency, and
robustness, offering practical guidance for Counter-UAV
deployment.

II. RELATED WORK
A. DETECTION TECHNIQUES
The detection of small uncrewed aerial vehicles (UAVs) has
attracted increasing attention due to their rapid proliferation
and the associated security implications [5]. Early vision-
based UAV detection methods relied primarily on classical
image processing and handcrafted feature extraction tech-
niques. Background subtraction, motion-based segmentation
and orientation detection were commonly employed in
static-camera surveillance scenarios, leveraging temporal
consistency to isolate moving aerial targets [6]. Feature-
based approaches utilizing Histogram of Oriented Gradients
(HOG) [7], Haar-like features and Scale-Invariant Feature
Transform (SIFT) [8] descriptors were also explored for
detecting aerial objects against sky backgrounds. While
computationally efficient, such methods often suffer from
limited robustness under dynamic backgrounds, illumination
changes and cluttered scenes.

The emergence of deep learning has significantly advanced
object detection performance [9]. Two-stage detectors, such
as Faster R-CNN [10], achieve high detection accuracy
through region proposal mechanisms followed by classi-
fication and regression refinement. In addition, they offer
strong capabilities in feature extraction tasks. However, their
computational complexity can limit real-time applicability in
resource-constrained operational environments. In contrast,
one-stage detectors, including Single ShotMultiBoxDetector

(SSD) [11] and theYouOnly LookOnce (YOLO) [12] family,
directly predict bounding boxes and class probabilities in a
unified framework, enabling significantly higher inference
speeds [13].
Moreover, models based on transformers, such as Vision

Transformers (ViT) [14], [15], DEtection TRansformer
(DETR) [16] and Spatio-Temporal Transformer [17], have
increased overall robustness by capturing long-range depen-
dencies within images. Furthermore, advanced multimodal
deep learning models with hybrid CNN-transformer archi-
tectures enhance both feature extraction and decision making
through data obtained from numerous sensors. Additionally,
the integration of multi-sensor systems into embedded
platforms has substantially increased their value in practical
applications, including drone surveillance and search-and-
rescue operations, demonstrating the effectiveness of these
multi-sensor approaches.

Classification-and-regression-based detectors, such as
YOLO, have become particularly attractive for UAV detec-
tion due to their favorable trade-off between accuracy and
latency and wide compatibility with many devices. Several
studies have adapted YOLO architectures for small-object
detection, aerial surveillance and dronemonitoring tasks [18].
Modifications such as multi-scale feature aggregation and
anchor box optimization have been proposed to improve
sensitivity to small aerial targets. Nevertheless, most existing
UAV detection approaches rely solely on visible-spectrum
imagery, which inherently limits performance under low-
light, night-time or adverse weather conditions [19]. These
limitations motivate the exploration of complementary sens-
ing modalities to enhance robustness in real-world Counter-
UAV applications, potentially involving other drones in the
detection process [20].

B. FUSION TECHNIQUES
Overall, RGB and infrared modalities exhibit complementary
characteristics. Therefore, their integration represents a
promising direction for enhancing UAV detection perfor-
mance in operational Counter-UAV scenarios [21], [22].
Methods such as deep fusion networks and attention mech-
anisms have shown significant improvements in accuracy,
particularly in scenarios such as low-visibility conditions
and occlusions [23], but also in challenging cases such as
the resemblance between drones and birds. Furthermore,
several studies have shown interest in RGB and IR image
fusion methods, with the goal of creating highly informative
multi-modal images that integrate features from both spectra.
These techniques employ two-scale image decomposition
[24], contrast enhancement [25] and swin transformer [26].
However, they usually need aligned image pairs for achieving
fusion, which are not always available due to the sensors’
physical limitations. For this reason, some fusion methods
have been developed to also integrate image registration and
alignment [27], [28]. However, recent works have explored
approaches for fusing spatially misaligned yet temporally
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synchronized images [29]. Furthermore, multi-modal object
detection has already been explored by Cao et al. [30] and
Xu et al. [31]. Some studies also involve Bayesian fusion for
enhancing perception [32]. Modern approaches also integrate
additional data sources such as LiDAR and radar, in order
to enhance depth perception and robustness, although these
methods are mainly oriented toward pedestrian detection
[33]. In the UAV domain, RGB-T fusion detectors such as
SF-YOLO [34] have also been proposed for drone scenes.
Therefore, these reasons contribute to the innovation level of
this research, since publicly available UAVdetectionmethods
operating on fused data are still at an early stage.

After this brief introduction, in the following subsections
we delve deeper into the three most important fusion methods
families: early-fusion, mid-fusion and late-fusion.

1) EARLY-FUSION (PIXEL-LEVEL)
It combines the information of the two modalities at the pixel
level. It is the most intuitive fusion approach, where IR and
RGB images are concatenated to generate a 4-channel image,
which is then fed into a regular object detection architecture.
Several image-level fusion networks have been proposed
in the literature, ranging from autoencoder-based methods
such as DenseFuse [35] to illumination-aware architectures
such as PIAFusion [36], IAIFNet [37] and FCDFusion [38].
These techniques rely on dedicated, relatively complex fusion
architectures to better merge the images in the two spectra.
However, as Wagner et al. show [39], pixel-level fusion was
outperformed by deeper fusion variants in their pedestrian
detection experiments, even though there are ways to improve
it, such as the ones presented by Zhao et al. [40]. Since
aligned RGB-Thermal datasets are not available, the method
developed by Yang et al. [41] has also been evaluated, which
uses a CycleGAN to create aligned synthetic RGB/IR data
[42], [43]. In fact, it is important that the image pairs are
perfectly aligned before performing early-fusion. In a more
simplified way, this architecture can be described as a neural
network composed of two different branches, dedicated
respectively to RGB and IR image processing. In addition,
this network presents a decision layer, which chooses how
much importance to give to which of the two sub-networks.

In order to merge RGB and IR images, it is possible to
use Python Imaging Library (PIL or Pillow) or dstack. The
approach that these two techniques follow is based on the
raw channel information overlapping. In fact, they take into
consideration the bit depth of RGB images, which refers to
the number of bits used to represent the color of a single
pixel. It is usually 24 bits (8 bits for each color channel) plus
other 8 bits for transparency (alpha channel). However, the
transparency channel is not always present and it depends on
the extension in which the image file is saved. In fact, if more
than 3 channels are needed, the .png format needs to be
considered, since .jpg supports a maximum of 3 channels.
For IR images, only their thermal information (8 bits) should
be considered, which will be added to the final fused image.
Therefore, the resulting merged image will be of 32 bits.

2) LATE-FUSION (DECISION-LEVEL)
This fusion type merges detection results from separate
models, improving robustness by leveraging complementary
sensor characteristics. Furthermore, the aligned inputs (RGB
and the respective IR counterpart) of the two modalities are
fed separately into two unimodal object detection models to
generate bounding boxes and the predicted boxes are fused
using statistical methods, such as weighted averaging of the
bounding box coordinates, which is based on the confidence
scores from each modality. This method gives more impor-
tance to the bounding boxes with higher confidence scores,
and this is a suitable option for the purpose of UAV detection.

This method works with both aligned and misaligned
images. For this reason, it could be considered more resilient
to sensor misalignment with respect to early fusion. However,
when the same object appears with different orientations or
in different positions across the two images, the resulting
bounding boxes may be less precise in terms of localization.
In practice, the bounding box tends to expand, and especially
in the case of unaligned images, the object is still correctly
identified while the box remains largely consistent across
both views. As a result, the final bounding box may show
slight variations in size and position.

In addition to the adopted strategy, there exist also
ensemble methods such as probabilistic ensembling [32], in
which a bounding box is considered valid if it is detected by
both modalities.

3) MID-FUSION (FEATURE-LEVEL)
This strategy, which falls between early and late fusion
techniques [44], might be the best and most balanced
option to choose when trying to develop a computer vision
system that exploits sensor fusion. Essentially, this fusion
integrates feature maps extracted separately from RGB and
IR modalities before applying detection networks. More
specifically, features are captured from each of the two
spectra using specific convolutional pipelines in the first
stages. Subsequently, feature maps are merged usingmethods
like concatenation or sum, which prepare information to be
used for the final layers of detection. Taking into account
these aspects, the mid-fusion idea has the ability to improve
the robustness of computer vision and object detection
systems in harsh environments with low light [45], [46].

This type of fusion has also many advantages compared
with the other two. First of all, images do not need to be
merged into a single one as early-fusion does, but all their
channels are kept in the original form, preserving modality-
specific information. Nor are the final detection results
combined using statistical methods. Therefore, this strategy
appears to be more flexible with respect to the input data
type and the final detection goals that we may have. In fact,
it has already been studied and implemented in some feature
alignment methods for RGB and IR images [47]. However,
despite these positive aspects, only the other two strategies
have been implemented, as mid-fusion implies creating a
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custom detection architecture, markedly different from the
state-of-the-art YOLO one used for the tests. In addition,
early-fusion and late-fusion allowed us to obtain useful
metrics for comparing the strategies in several scenarios,
which were not possible with mid-fusion.

III. LOGICAL PROPOSED ARCHITECTURES
The architecture proposed is based on the YOLO framework,
since it represents the state-of-the-art in the real-time object
detection field. Moreover, two separate fusion pipelines have
been developed for enhancing detection performance and
accuracy. Finally, a multimodal dataset [48] of real-world
data on still and moving drones was built, for testing the
validity of the following fusion methods. This approach has
been preferred to the synthetic one because real acquired
data better reflect operational conditions and lead to superior
performance. In addition, the actual behaviour of a drone, that
is, its ability to rotate, shift and change pose over the three
axes (roll, pitch and yaw), has also been considered while
collecting data.

A. EARLY FUSION
The early fusion approach combines RGB and IR images
at the pixel level to create a single multimodal input. This
approach requires frames to be aligned. This process was
performed by applying transformation steps to each image,
such as interpolation, perspective distortion and rotation.
After this, an overlap of the channels was performed, while
removing the transparency level (also called ‘‘A’’ in RGBA
image format), which was present in .png images. However,
since the focus of this research strictly concerns the analysis
of fusion strategies, the reader is referred to the paper on
autonomous UAV detection architecture development [49], in
which all alignment steps are described.

Once spatial alignment between RGB and infrared frames
was achieved, the fusion was performed through overlap, by
stacking the image channels into a single array of 4 spectra.
The RGB image was split into three channels: Red, Green
and Blue. Each of them is represented by a two-dimensional
intensity map, where every pixel contains intensity values
for that particular channel. A visual interpretation is shown
in Figure 1. On the other hand, the IR image was converted
into a grayscale single-channel image. These channels were
then combined into a 4-channel image (RGBT), where the
fourth channel corresponded to the thermal information. The
operation result is shown in Figure 2.

FIGURE 1. From left to right: red, green and blue channel’s intensity maps.

For implementation simplicity, the Python Imaging
Library (PIL) was employed, as it allows independent access
to individual image channels. Initial experiments involved the
creation of four-channel RGBT images obtained by stacking
the red, green, blue, and thermal components into a single
tensor. In addition to direct channel stacking, pretrained
fusion models such as PIAFusion in Figure 3, FCDFusion in
Figure 4 and DenseFuse in Figure 5 were evaluated to assess
alternative image-level fusion strategies. These approaches
generated fused outputs without requiring manual channel
manipulation. However, Ultralytics introduced support for
multi-channel training only recently [50], subsequent to
the experiments reported here. Hence, although OpenCV2
library, commonly used within YOLO pipelines, allows
image loading with an arbitrary number of channels
using the cv2.IMREAD_UNCHANGED flag, in previous
versions of Ultralytics, in order to use 4-channel inputs,
extensive modifications to the YOLO architecture would be
required, including adaptation of the model’s input layer
and associated preprocessing routines. In order to preserve
architectural consistency and ensure fair comparison with
baseline experiments, modifications to the core framework
and alteration to the network structure were avoided.

FIGURE 2. Graphical representation of how layers are overlapped by
Pillow library in order to get the resulting image on the right.

FIGURE 6. Visible comparison between state-of-the-art fusion strategies,
exploiting IAN framework for multimodal image generation.
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Instead, the characteristics of RGB channels were taken
into consideration. RGB usually exhibits a high degree of
spectral correlation, since most objects in the environment
reflect light similarly across the visible spectrum. Both
limitations and contributions of each channel have been
summarized in Table 1. Due to these highlights reported,

TABLE 1. Summary of the characteristics of the RGB channels [51].

a modified 3-channel tensor was created by discarding
the blue channel, which turned out to be redundant in
several outdoor UAV scenes where red and green spectral
content are often predominant. The blue channel was then
replaced with the thermal component, mitigating some of
the atmospheric noise. This resulted in an RGT image (Red,
Green, Thermal), maintaining compatibility with YOLOv8
architecture while integrating complementary spectral infor-
mation. Consequently, a 3-channel fusion representation was
adopted. Therefore, the same channel-stacking principles
used in the 4-channel implementation were applied to
construct the 3-channel fused images. The methodological
workflow is summarized in the dedicated flowchart in
Figure 7. The process shown in Figure 8 can be summarized
as a shift on the left of all the image channels, in order to
include the thermal one inside the final image. Therefore,
the resulting fused image consisted of red, green and thermal
channels, forming an RGT representation. Some examples
are shown in Figure 9. The distinction between a CIR image
[52] and the proposed RGT one relies on the infrared type
chosen. In fact, the camera sensor used for the tests operates in
far-infrared (FIR) range, whereas CIR relies on near-infrared
(NIR) imagery.

This design enabled YOLOv8s model training without
architectural modification and allowed operation with the tra-
ditional YOLO detection pipeline while reducing potentially
redundant spectral information.

Formally, each spectral channel is defined as a function
over pixel coordinates (i, j):

R(i, j) : Red intensity at pixel (i, j) (1)

G(i, j) : Green intensity at pixel (i, j) (2)

T (i, j) : Thermal intensity at pixel (i, j) (3)

FIGURE 7. Early Fusion framework.

FIGURE 8. Channel shifting process. As it can be seen, there is a clear
difference between CIR and RGT representations. Color-infrared imagery
uses a portion of the electromagnetic spectrum known as near infrared,
which ranges from 0.70µm to 1.0µm. RGT uses instead far infrared. In
both cases, blue wavelengths are shifted out of the visible portion of the
spectrum. However, only 3 channels are considered part of the RGT
representation, without considering the non-visible part of the spectrum.

The fused image tensor is obtained by stacking these
channels:

IRGT (i, j) =

R(i, j)G(i, j)
T (i, j)

 (4)

Each pixel location (i, j) ∈ Z2 is therefore mapped to a three-
dimensional spectral vector in R3:

IRGT : Z2
→ R3, (i, j) 7→ (R(i, j),G(i, j),T (i, j)). (5)
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The complete fused image can thus be expressed as a tensor:

IRGT ∈ RH×W×3, (6)

where H andW denote image height and width, respectively.
The same pipeline was also adopted for the other two

channel combinations, respectively RBT and GBT, each
obtained by omitting one of the three RGB channels. This
enabled an ablation study on channel selection, providing a
formal justification for the choice of RGT in the proposed
testing scenario.

FIGURE 9. From the top: RGT, RBT and GBT fusion strategies. In all the
cases only 3 of the 4 channels are considered for creating the fusions. For
RGT the blue channel has been omitted in favour of the thermal one. A
similar type of image is usually called CIR or false-color image [53]. The
other types have only been considered for a technical comparison.

After generating and augmenting a substantial number of
fused images, the YOLOv8s detector was trained using the
standard (visible and infrared) and the fused datasets. All of
them contain a total of 300 images for the training part and
100 for the validation one, corresponding to a split of 75%
and 25% respectively. The results obtained after training and
validation processes were compared against models trained
exclusively on RGB and IR data.

These findings can be interpreted in light of the Data
Fusion Principle.1 Accordingly, a fusion-based system is
expected to outperform its unimodal counterparts if comple-
mentary information is effectively exploited.

The comparative performance metrics obtained on uni-
modal and multimodal datasets are summarized in Table 2.
While the standard RGB configuration achieved higher pre-
cision, the overall detection performance did not uniformly
surpass the fused models across all evaluation metrics. In
fact, the superiority of the three proposed fusion strategies
first emerges on mAP@50-95. The highest one is reached by
RGT with 56.2%. A similar improvement can be observed
on mAP@50, where the proposed fused approach achieves a
result of 97.8%, compared to 89.8% of Infrared. These are
indexes of good model performance, since mAP evaluates
it over all confidence thresholds, rather than at a single
operating point.

1The integration of multiple information sources should yield perfor-
mance superior to that of each individual modality considered separately.

TABLE 2. Performance comparison of YOLOv8s model over standard
spectra (RGB, IR), literature fusions (FCD, PIA, Dense) and proposed early
fusion approaches (RGT, RBT, GBT). The model has been trained for
300 epochs over the same dataset, only changing the color channels and
the fusion strategies for the images inside it.

Another important point regards F1-Score, which penal-
izes models with unbalanced precision and recall values.

All these results highlight the guaranteed improvements of
RGT fusion in comparison to the other strategies reported.
In fact, the metrics suggest that the proposed multimodal
approach has gained the capability to enrich the scope and
improve the stability of the model in object detection tasks. In
addition, the comparison between fusion strategies enriches
the study, highlighting the importance of a dedicated fusion
approach with respect to the use-case scenario.

Another interesting point regards the results obtained from
literature fusion strategies. All of them cannot be considered
for real-time purposes, since they rely on dedicated fusion
networks (illumination-aware or autoencoder-based) whose
computational cost is unsuitable for real-time processing.
Thus, even though the FCD approach gives promising results,
it is not usable in real-time scenarios.

According to the results obtained, the RGT fusion strategy
was also better than the other two presented (RBT and
GBT). For this reason, it was selected for tests in real-world
scenarios. Nevertheless, it should be pointed out that this is
a preliminary evaluation step for the topic. It could surely be
enriched and extended with a larger fused dataset and other
object detection models, in order to carry on the research in
the field.

B. LATE FUSION
In the late fusion approach aligned RGB and IR images
are processed separately by two object detection models.
The resulting bounding boxes are then fused using a
weighted average method. For each pair of boxes, the center
coordinates are averaged based on their confidence scores,
while the maximum width and height are kept to avoid
box shrinking. A distance threshold of 50 pixels is used to
decide whether two boxes should be fused. In particular,
if the centers of two boxes are within this range, they are
fused, otherwise they are left as they are. More in detail, the
Euclidean distance between the center points of two bounding
boxes in the two spectra is computed. If this distance falls in
the threshold set, weighted average is performed. Otherwise,
the original box created by the model is preserved. This
approach has been designed to avoid discarding detections
that may only exist in one modality and to work in case of
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misaligned frames. In fact, if the centers of the two bounding
boxes are near, the system fuses them. Alternatively, it
preserves what each model has decided during detection.

In the decision-level fusion strategy, two spatially aligned
images, one RGB and its corresponding infrared (IR)
counterpart, are processed independently by their respective
detection models. Each detector produces a set of bounding
boxes with associated confidence scores. Fusion is subse-
quently performed at the bounding box level using a weighted
averaging method.

FIGURE 10. The bounding box is unique for both images. As it was seen
in the experiments, it could work even with misaligned frames.

The weighted average approach computes the fused
bounding box coordinates based on the confidence scores of
the individual detections. This method can be applied to both
perfectly aligned and moderately misaligned image pairs.
However, if the same object appears with slight positional
or orientational discrepancies across the two modalities,
the resulting fused bounding box may exhibit reduced
localization precision. In such cases, the fused bounding
box may become enlarged, encompassing the object regions
identified in both modalities within a single unified box.

The fusion procedure begins with the computation of
the center coordinates of the new bounding box using
confidence-weighted averaging. The width and height of the
fused bounding box are then defined as the maximum of the
corresponding dimensions from the RGB and IR detections.
This design choice prevents the fused bounding box from
shrinking excessively and ensures that the spatial extent of
the detected object is fully preserved.

A dedicated fusion function was implemented to manage
all detection scenarios. Since decision-level fusion requires
detections from bothmodalities, situationsmay arise inwhich
a UAV is detected by only one of the two models. In such
cases, the bounding boxes generated by the detecting model
are retained without modification.

In order to regulate the fusion process, a heuristic distance
threshold (δ) was introduced. In particular, the sensor we used
offers two non-coaxial lenses, which are physically separated
and present a parallax error. Therefore, the offset between the
two images varies depending on the distance of the sensor
from the drone and on frame resolution.

For each pair of RGB and IR bounding boxes, the
Euclidean distance between their center coordinates has also
been computed. If this distance is below the threshold,

FIGURE 11. Late Fusion logic.

weighted averaging is applied. Otherwise, the bounding
boxes are preserved independently. This strategy enables
the method to operate effectively under moderate sensor
misalignment. When detections are spatially consistent
across modalities, fusion is performed; when they differ
significantly, each model’s decision is maintained.

Formally, consider two bounding boxes

B1 = (x1, y1,w1, h1), B2 = (x2, y2,w2, h2),

with associated confidence scores s1 and s2. The center
coordinates of the fused bounding box are computed as
confidence-weighted averages:

xc =
s1x1 + s2x2
s1 + s2

(7)

yc =
s1y1 + s2y2
s1 + s2

(8)

The width w and height h of the fused bounding box are
defined as the maximum between the values of the two
original boxes.

The resulting fused bounding box is therefore represented
as:

Bf = (xc, yc,w, h) (9)

To determine whether fusion should be applied, the Euclidean
distance between the centers C1 = (x1, y1) and C2 = (x2, y2)
is computed as:

D(C1,C2) =

√
(x1 − x2)2 + (y1 − y2)2 (10)
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Fusion is performed if:

D(C1,C2) < δ (11)

where δ is the empirical distance threshold. The final
confidence score of the fused bounding box is the maximum
of the two score values.

If the distance condition is not satisfied, the original bound-
ing boxes are preserved. This formulation ensures robustness
to moderate spatial discrepancies between modalities while
maintaining reliable detection outputs in the presence of
partial or asymmetric detections.

IV. EXPERIMENTAL TESTS
After computing the performance metrics of each model, the
results gained from tests in real-world scenarios are analyzed
and compared, both visually and empirically. The analysis
will cover all the phases with both strategies: Early and Late
Fusion.

A. ACQUISITION SCENARIOS
After recording all data in the two modalities, some results
are presented as frames of the collected videos, discussing
both benefits and limitations of the two systems in all the
conditions tested.

FIGURE 12. The outdoor testing field ˙ Google Earth Pro. The takeoff field
is highlighted in green. Inside it, in the red area, the master drone used
for detection takes off. In the rest of the yellow scenario, a target drone
flies at different altitudes, in order to test the capabilities of the detection
models.

The metric considered in external tests is the confidence
score calculated by the model during detection. This value
indicates the probability of an unidentified flying object
belonging to the UAV class and it has allowed us to
perform an early qualitative review of the system in different
environmental conditions. In the final part of the section,
some quantitative results are also presented in a dedicated
table, in which other metrics are considered and analyzed, in
order to give a review of the two frameworks as complete
as possible. Different lighting scenarios were faced during
the experiments. For safety reasons, a maximum distance
of 60 meters and an altitude of 20 m were set for all the
tests. Zooming in was also used in borderline cases, where
the background was wooded and the drone was camouflaged

TABLE 3. Summary of the experimental evaluation conducted at different
hours of the day, under different environmental conditions. The target
drone was moving at different altitudes and distances from the master
drone, while covering two main backgrounds: trees and sky. In the same
way, three zoom levels have been tested.

among the leaves, thus difficult to detect. Confidence scores
were increasing when zooming in and the drone was still
detected with all degrees of zoom and at great distances.
However, detection at 1X is sometimes intermittent, whereas
2X and 4X work reliably, making the system more stable.
Furthermore, the score drops when the target flies in front of
an obstacle. At those hours, temperatures were lower, which
prevented disturbances from light and heat. On the other
hand, the sky background greatly improved the confidence
score, even with clouds. In fact, the cloud formation let light
pass through and the environment was at least sufficiently
illuminated, enhancing the contrast between the target UAV
and the sky color.

Late-fusion technique was more challenging due to the
management of two independent models. As can be seen,
the stream was aligned during detection, in order to have
both frames in the same plane with a horizontal sync. This
method proves particularly useful in environments in which
one of the two modalities is less reliable. In fact, the best
of the two helps the other to perform detection, thanks to
the weighted average strategy developed. As before, sky
offers higher confidence scores, due to the better contrast
between the UAV and the background. However, some small
issues have been discovered with trees and terrain setup,
as they generate clutter, a phenomenon that challenges the
optical sensors. In addition, leaves make detection even more
difficult due to the openings inside the trees, which let light
in, reducing the possibility of detection. Moreover, since we
recorded on summer days, the heat and brightness affected
the infrared sensors, generating noise. Another aspect which
should be taken into consideration regards UAV movements.
If the drone is stationary or changes direction quickly, it can
be lost. However, if the drone is in the air, it is much better
identified, even at great distances.

V. RESULTS
This section presents a qualitative and quantitative compar-
ison between the two proposed fusion approaches. Table 4
summarizes the validation metrics computed from both
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FIGURE 13. Ground and sky comparisons at different times and resolutions. From the top left corner of the image, it is possible to see the first line,
regarding Early Fusion RGT process on the ground at different zoom levels (1X, 2X, 4X) in different times of day (9:00, 12:00, 15:00). Following it, there is a
second line showing the same fusion techniques applied for detecting over a sky background. Finally, the third and fourth lines contain images of tests
conducted in the same conditions presented before while using Late Fusion instead.

modalities. The evaluation process for both modalities

TABLE 4. Comparison of mean metrics between Late-Fusion (RGB-IR) and
Early-Fusion (RGT) strategies (where mR is mean Recall and mF1 is mean
F1).

follows a common series of steps. In particular, validationwas
conducted on a pool of N = 100 spatially aligned images,
while inference was performed using a default Intersection-
over-Union (IoU) threshold of 0.5.

For the Early-Fusion (RGT) approach, predictions gen-
erated by the detector for each image were compared with
the corresponding ground-truth annotations using an overlap
mechanism. This step allowed the computation of global True
Positive, False Positive and False Negatives in the entire pool
of images.

TP =

N∑
i=1

TPi FP =

N∑
i=1

FPi FN =

N∑
i=1

FNi (12)

These quantities were then used to compute average preci-
sion, recall and F1-score.

In contrast, the Late-Fusion approach performs inference
independently over each RGB-IR image pair. Then, a set of
fused bounding boxes is produced by the weighted average
algorithm described in Equation 9. These fused detections are
defined as:

D̂i =

{
B(1)f ,B(2)f , . . . ,B(Mi)

f

}
, (13)

This set was then compared with the set of ground-truth
annotations Gi.

Gi =

{
G(1)
i ,G(2)

i , . . . ,G(Ni)
i

}
, (14)

Since the image pair is composed of geometrically aligned
RGB and IR frames, they share a single annotation file.

Therefore, the label file is unique across both spectra. This
allows the comparison between fused boxes and ground-truth.

From the results shown in Table 4, Early-Fusion turned
out to be the better of the two, achieving the best overall
performance. This point also reinforces the results obtained
from previous trainings in Table 2. Despite the final
outcome, Late-Fusion strategy still provides competitive
results, demonstrating the effectiveness of combining com-
plementary information for aerial target detection.

Finally, some detection results showing the overlapping
step performed by the validation process are visible in
Figure 14.

FIGURE 14. Comparison between blue ground truth boxes and models
predicted boxes (red for Late-Fusion and green for Early-Fusion).

VI. CONCLUSION AND FUTURE WORK
It has been quite difficult to identify the best strategy of
the two fusion techniques. In fact, both early and late
fusions gave promising outputs. However, they could be
exploited in different contexts. For example, late fusionmight
be advantageous at night, when the RGB counterpart is
completely lost, whereas IR offers better performance and
could support it. On the other hand, early fusion is the best
for general use, as it improves detection by adopting channel
blending, considering the tests conducted and the results
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acquired. Despite this advantage, early fusion is harder to
implement and run, due to the need to train a dedicated model
over a fused dataset and its dependence on an accurate pre-
alignment process.

Although the system reached good overall results, both
mathematically and empirically, the need for more multi-
modal data for future research remains crucial. In particular,
the proposed solution was specifically designed for drone-to-
drone detection architectures. For this reason, it is necessary
to integrate this work with more data, in order to adapt this
strategy to different detection pipelines.

Some future improvements to the project will surely
involve an upgrade to the drone platform, enabling the use
of newer and more accurate sensors for detection. This is
indeed linked to the exploitation of different and complex
image types, such as multispectral or hyperspectral images.
However, the use of other sensor data should also be taken
into consideration, since radar platforms are widely used for
developing sensor fusion paradigms in modern aviation.
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