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Abstract
Drone detection in visually complex environments remains challenging due to background clutter, small object scale, and 
camouflage effects. While generic object detectors like YOLO exhibit strong performance in low-texture scenes, their 
effectiveness degrades in cluttered environments with low object-background separability. To address these limitations, 
this work presents an enhanced iteration of YOLO-FEDER FusionNet – a detection framework that integrates generic 
object detection with camouflage object detection techniques. Building upon the original architecture, the proposed itera-
tion introduces systematic advancements in training data composition, feature fusion strategies, and backbone design. 
Specifically, the training process leverages large-scale, photo-realistic synthetic data, complemented by a small set of 
real-world samples, to enhance robustness under visually complex conditions. The contribution of intermediate multi-scale 
FEDER features is systematically evaluated, and detection performance is comprehensively benchmarked across multiple 
YOLO-based backbone configurations. Empirical results indicate that integrating intermediate FEDER features, in com-
bination with backbone upgrades, contributes to notable performance improvements. In the most promising configuration 
– YOLO-FEDER FusionNet with a YOLOv8l backbone and FEDER features derived from the DWD module – these 
enhancements yield a reduction in FNR of up to 39.1 percentage points and an increase in mAP of up to 62.8 percentage 
points at an IoU threshold of 0.5, compared to the initial baseline.
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and maintaining regulatory compliance  [1, 2]. Among 
prevalent detection strategies, image-based drone detec-
tion has emerged as a highly promising and effective 
approach, exhibiting considerable potential for practical 
security applications. The growing adoption of image-based 
detection techniques is primarily driven by the economic 
viability, widespread availability, and inherent compatibil-
ity of camera sensors with existing surveillance infrastruc-
tures  [3]. By employing advanced computer vision (CV) 
algorithms, these techniques facilitate the timely identifi-
cation of potential aerial threats and the implementation of 
effective countermeasures.

In drone detection applications, image analysis is typi-
cally performed using generic object detection models 
– most commonly YOLO-based architectures  [4] such 
as YOLOv4  [5], YOLOv5  [6–8], YOLOv8  [9–12], or 
YOLOv11 [13–15]. The broad adoption of these models is 
largely driven by their favorable trade-off between real-time 
inference speed and detection accuracy (in contrast to trans-
former-based architectures, which are generally associated 

1  Introduction

The development of robust and reliable drone detection 
technologies has become essential for strengthening the 
security of infrastructures, protecting individual privacy, 
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with higher computational and latency overheads  [16]). 
Moreover, generic object detection models have shown 
strong performance in scenarios where drones are posi-
tioned against uniform or low-clutter backgrounds – such as 
clear blue skies – or in environments characterized by high 
visual contrast between the drone and its surroundings [17]. 
However, their performance often degrades in visually com-
plex scenarios with highly textured backgrounds  [17–19], 
particularly under strong chromatic and textural similarity 
between the drone and the surrounding environment [8].

In line with these observations, our prior work identified 
considerable challenges associated with drone detection in 
densely vegetated environments [18]. The irregular structure 
of vegetation-covered backgrounds, combined with com-
plex and dynamic lighting conditions, significantly impairs 
the visual detectability of drones (see Fig. 1). In addition, 
strong visual resemblance between drone components – 
such as rotor arms – and adjacent branches complicates 
reliable discrimination and facilitates the perceptual integra-
tion of drones into their surroundings. Consequently, these 
camouflage effects significantly degrade the performance of 
generic object detection models, adversely affecting both 
detection accuracy and operational robustness [8, 18]. This 
highlights a key limitation of generic drone detectors: their 
exclusive reliance on generic object-level features.

Beyond drone detection, camouflage effects also pose 
significant challenges in other domains – particularly in 
animal detection – where they have led to the develop-
ment of specialized camouflage object detection (COD) 
techniques  [20]. Despite their demonstrated effectiveness 
in animal detection and the close correspondence of chal-
lenges across both domains, the transfer of COD techniques 

to drone detection applications remains largely unexplored. 
This limited cross-domain transfer may be attributed, in 
part, to the inherently distinct problem formulations under-
lying the respective detection paradigms: While drone 
detection targets class-specific object localization via 
bounding box representations, COD focuses on category-
agnostic, pixel-level foreground-background segmentation 
under camouflage conditions (cf. Fig. 1). Nevertheless, the 
fine-grained discriminative cues encoded by COD models 
provide a crucial source of complementary information 
for drone detection, directly addressing the limitations of 
generic object detectors in visually complex, camouflage-
dominated scenes.

To leverage the potential of COD techniques and 
enhance the robustness of generic drone detection models, 
we introduced the initial version of YOLO-FEDER Fusion-
Net in our earlier conference publication [21]. To the best 
of our knowledge, YOLO-FEDER FusionNet represents the 
first end-to-end deep learning (DL) approach that actively 
couples generic object detection with COD. Specifically, 
the framework combines YOLO-based (generic) feature 
encoding with FEDER [22] for COD-specific feature rep-
resentation, enabling robust drone detection under both 
clear-visibility and camouflage conditions. This is crucial 
for real-world deployment in complex urban environments 
with high visual clutter.

Building upon our earlier work [21], this paper presents a 
substantially extended and refined version of YOLO-FEDER 
FusionNet. While the initial version of YOLO-FEDER Fusi-
onNet demonstrated strong performance – particularly com-
pared to generic drone detection models – it also highlighted 
opportunities for further improvement in feature utilization, 

Fig. 1  Qualitative detection comparison on every 5th frame. The top 
row presents detections from YOLOv5l (blue) alongside YOLO-
FEDER FusionNet predictions (red), while the bottom row shows 
FEDER (COD) outputs. YOLO-FEDER FusionNet is able to detect 

the drone across all evaluated frames, whereas YOLOv5l succeeds 
only in the final one (against a sky-dominated background). In con-
trast, FEDER performs well against tree-covered regions (first three 
frames) but degrades once the drone leaves this area
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architectural design, and training strategy. Accordingly, this 
work introduces targeted architectural and training enhance-
ments, including multi-scale feature fusion mechanisms (cf. 
Sec. 3.3), a redesigned detection head (cf. Sec. 3.4), and an 
improved training procedure (cf. Sec.  4.3). Beyond these 
refinements, we provide a comprehensive evaluation of 
YOLO-FEDER FusionNet and its components, leading to 
the following key contributions:

	● Training Data Optimization: To improve the detection 
capabilities of YOLO-FEDER FusionNet, we strategi-
cally optimize the underlying training data by integrat-
ing large-scale, high-fidelity synthetic RGB images with 
a small share of real-world samples. We demonstrate the 
effectiveness of the optimized dataset by highlighting its 
performance gains over the initial YOLO-FEDER Fusi-
onNet training strategy [21].

	● Impact Analysis of Intermediate FEDER Features: 
While the initial version of YOLO-FEDER FusionNet 
(cf.  [21]) relies exclusively on the final output of the 
FEDER module – specifically, the binary segmenta-
tion mask – the potential contribution of intermediate 
FEDER feature representations remains unexplored. 
Accordingly, we conduct a comprehensive analysis of 
integrating hierarchical FEDER feature representations 
within YOLO-FEDER FusionNet. We assess their infor-
mational value and quantify their impact on detection 
performance, with particular emphasis on the multi-
scale nature of FEDER’s feature hierarchy.

	● Evaluation of YOLO-Based Backbone Variations: We 
investigate the architectural adaptability of YOLO-
FEDER FusionNet by substituting its original generic 
feature encoder (YOLOv5l) with more recent YOLO-
based architectures, including YOLOv8, YOLOv9, and 
YOLOv11. A comparative analysis is performed to eval-
uate the resulting trade-offs between detection accuracy 
and computational efficiency.

	● Detection Error Assessment: To systematically assess 
current performance constraints and identify opportuni-
ties for further refinement of YOLO-FEDER FusionNet, 
we perform a comprehensive evaluation of detection in-
accuracies, explicitly focusing on the analysis and char-
acterization of false-positive detections generated by the 
network.

	● Comparison to Generic Drone Detection Models: To 
demonstrate the benefits of incorporating COD-inspired 
representations, we perform a systematic comparison 
between YOLO-FEDER FusionNet and state-of-the-
art generic drone detection models (e.g., YOLOv5 and 
YOLOv8) trained under identical data, augmentation, 
and optimization conditions. This analysis highlights 
the performance gains attributable to the proposed 

fusion strategy, particularly in camouflage-dominated 
scenarios.

The paper is organized as follows: Sec.  2 reviews recent 
work on drone detection, camouflaged object detection, and 
the simulation-reality gap. Sec.  3 details the architectural 
design of YOLO-FEDER FusionNet. The experimental 
setup is outlined in Sec.  4. Experimental results are pre-
sented in Sec. 5, followed by conclusions in Sec. 6. Addi-
tional details are provided in the supplementary material 
(Supp. Mat.).

2  Related work

This section offers a comprehensive overview of relevant 
research across three key domains: image-based drone 
detection, camouflage object detection, and the simulation-
reality gap.

2.1  Drone detection

Reliable image-based drone detection typically requires 
addressing a diverse set of (interconnected) challenges. 
These include accurately identifying small drones [6, 9, 10, 
23, 24], distinguishing them from visually similar aerial 
entities such as birds [6], and maintaining robust detection 
performance under sensor imperfections  [13] and in visu-
ally complex or dynamically changing environments [6, 18, 
21]. Despite progress in small-drone identification and aer-
ial object differentiation [6, 23], the development of meth-
ods explicitly designed to ensure robust performance under 
complex environmental conditions remains limited [6, 18]. 
Recent RGB-based strategies primarily focus on improv-
ing detection performance in complex scenes by system-
atically refining core components of established detection 
frameworks  [6, 11]. For instance, Lv et al.  [6] introduce 
SAG-YOLOv5s, a customized variant of YOLOv5s that 
integrates SimAM attention  [25] and Ghost modules  [26] 
into the bottleneck layers to improve target-specific feature 
representation and suppress irrelevant information during 
feature extraction. Building upon YOLOv8, Yu and Mo [11] 
introduce a GI-DGCST module – combining GSConv [27] 
with a dynamic group convolution shuffle transformer [28] 
– to strengthen fine-grained feature extraction, and a coordi-
nate-scale attention HSFPN [29] to optimize feature selec-
tion and multi-scale feature fusion.

Other approaches address scene complexity by decom-
posing detection into sequential stages: background suppres-
sion [17, 19], moving-object extraction [30], and subsequent 
classification. Complementary strategies further extend 
this paradigm by integrating image-based detection into 
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multi-sensor fusion frameworks [31], or leveraging temporal 
cues via tracking to mitigate the limitations of purely cam-
era-based systems and improve frame-level robustness in 
visually complex or dynamic environments [32–35]. Within 
this context, tracking approaches range from drone-specific 
techniques [32–35] to general-purpose visual object track-
ers, such as DeAOT [36], HQTrack [37], SAMTrack [38], 
and SAMURAI [39]. However, real-world deployment still 
relies on robust object detection for both initialization and 
long-term tracking stability [32].

Despite these advances, camouflage effects induced by 
natural surroundings – such as vegetation and tree canopies 
– remain a significant challenge that has not been explicitly 
addressed in existing methodologies (with the exception of 
our prior work [21]).

2.2  Camouflage object detection

Camouflage object detection is an emerging research 
domain focused on developing advanced methodologies 
for identifying objects that closely replicate the intrinsic 
characteristics of their surroundings [20]. These techniques 
are specifically designed to handle scenarios where objects 
exhibit minimal visual contrast and ambiguous boundaries, 
making accurate detection particularly challenging.

Existing COD approaches follow several methodological 
directions. While early works rely on modeling human visual 
perception to emphasize contrast and saliency cues [20, 40], 
more recent methods increasingly leverage the representa-
tional capacity of transformer-based architectures [41–45]. 
This line of work includes designs with hierarchical graph-
based interaction mechanisms and dynamic token selection 
(e.g., HGINet [44], CTHINet [45]), as well as adaptations 
of large-scale foundation models (e.g., CamSAM [43]) that 
exploit pre-trained segmentation priors. In parallel, diffu-
sion-based formulations model COD as a progressive mask 
refinement process [41, 42]. Despite their effectiveness, the 
associated computational complexity and reliance on itera-
tive inference limit their suitability for latency-critical real-
time applications.

Alternative COD techniques explore representation-level 
modeling through frequency-domain feature learning  [22, 
46]. A particularly promising approach in this context is the 
feature decomposition and edge reconstruction (FEDER) 
model by He et al. [22], which leverages frequency-aware 
feature decomposition to capture subtle discriminative cues, 
enabling improved discriminability between camouflaged 
objects and their surroundings. In contrast to recent trans-
former- and diffusion-based COD approaches, FEDER 
exhibits a computationally efficient architectural design, 
more suitable for real-time deployment.While effective in 
animal detection scenarios involving naturally occurring 

camouflage, the cross-domain generalization of COD tech-
niques – particularly across disparate vision tasks – and 
their synergy with generic object detection models remain 
largely unexplored.

2.3  Simulation-reality gap

As real-world data collection remains resource-intensive 
and inherently limited in diversity, leveraging synthetically 
generated data has become a crucial strategy for training DL 
models in drone detection  [18, 47–49] and other applica-
tion domains [50]. The synthesis of comprehensive, appli-
cation-specific datasets is typically achieved by employing 
physically realistic, game engine-based simulations  [51] 
or advanced domain randomization techniques [48]. Com-
pared to manual labeling processes, automated annotation 
techniques offer superior pixel-level accuracy, substantially 
lower associated costs, and mitigate inherent biases pres-
ent in human-generated annotations. Moreover, these tech-
niques enhance data diversity by overcoming real-world 
constraints, such as adverse weather conditions and privacy 
regulations.

Despite the benefits, the transition of synthetic-data-
trained models to real-world applications remains challeng-
ing due to the simulation-reality gap. This discrepancy can 
lead to performance degradation, the severity of which is 
primarily determined by the quality and representativeness 
of both synthetic and real-world data. The gap between 
simulation and reality is commonly measured using perfor-
mance indicators such as mean average precision (mAP) 
across varying intersection over union (IoU) thresholds [47, 
48]. Common strategies for mitigating the simulation-real-
ity gap are mixed-data training  [30] and fine-tuning with 
real-world data [48].

3  Framework

YOLO-FEDER FusionNet effectively incorporates the 
capabilities of generic object detection algorithms with 
the distinctive strengths of COD techniques. To achieve 
reliable detection performance, YOLO-FEDER Fusion-
Net leverages two backbone components for extracting 
meaningful features: the state-of-the-art object detection 
model, YOLO  [4], and the camouflage object detector, 
FEDER [22]. Given their distinct focus and complementary 
outcomes (cf. Fig. 1), both backbone architectures function 
as an ensemble system. Thus, an input image X ∈ RW ×H×3 
is processed simultaneously by both backbone components 
(cf. Fig.  2). The extracted features are fused and refined 
within the network’s neck, which is designed based on the 
architectural principles of YOLO  [4]. The refined feature 
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maps are further processed by the network’s detection head 
to generate (anchor-free) predictions at three distinct scales. 
A comprehensive overview of all YOLO-FEDER Fusion-
Net components is provided in the subsequent sections.

3.1  YOLO backbone

A variety of pre-trained YOLO backbone architectures are 
employed to facilitate the extraction of generic features. 
Specifically, this study leverages the backbone architectures 
of YOLOv5, YOLOv8, YOLOv9, and YOLOv11 [4] (fre-
quently adopted models in image-based drone detection). 
These backbones build upon the architectural design of 
CSPDarkNet53, which combines DarkNet-53 [52] with an 
advanced CSPNet strategy [53].

The latest YOLO iterations – specifically YOLOv5, 
YOLOv8, and YOLOv11 – are defined by a sequential 
arrangement of CBS modules, comprising convolutional 
layers, batch normalization, and SiLU activation func-
tions. While variations in architectural depth and trainable 
parameters exist (cf. Table  1), the primary distinguishing 

features across these backbones are the specialized convo-
lutional blocks: C3, C2f, and C3K2 (cf. Fig. I, Supp. Mat.). 
Further architectural distinctions are observed in the final 
layers of the backbones. While YOLOv5 and YOLOv8 ter-
minate with a spatial pyramid pooling fusion (SPPF) mod-
ule, YOLOv11’s architecture incorporates both SPPF and a 
C2PSA module, which embeds two partial spatial attention 
(PSA) mechanisms. In contrast, YOLOv9 features a mark-
edly distinct backbone architecture, built around an advanced 
version of the CSP-ELAN module (RepNCSPELAN) [54]. 
RepNCSPELAN comprises a repeated normalized cross-
stage partial block (RepNCSP) and an efficient large kernel 
attention network (ELAN). Furthermore, YOLOv9 adopts 
an asymmetric downsampling technique and terminates 
with an SSPELAN module – a shared spatial pyramid block 
integrated with ELAN [55].

Regardless of variations in block design and network 
depth, all backbone architectures consistently output three 
feature maps FY

i , i ∈ {1, . . . , 3} with fixed dimensions of 
20 × 20 × 1024, 40 × 40 × 512, and 80 × 80 × 256 (cf. 
Fig. 2). These multi-scale feature maps are then processed 
by the YOLO-FEDER FusionNet neck for further aggrega-
tion and refinement (see Sec. 3.3).

3.2  FEDER backbone

The feature decomposition and edge reconstruction 
(FEDER) model, developed by He et al.  [22], comprises 
1,186 layers, 44.1M trainable parameters, and 200.1B (cf. 

Table 1  Technical overview of YOLO backbone architectures
YOLO model No. layers No. params (M) GFLOPs (B)
v5l 217 26.6 69.8
v8m 142 11.8 38.8
v8l 184 19.8 86.0
v9c 293 9.0 42.8
v9e 79 30.2 117.2
v11l 238 12.7 48.0
v11x 238 28.7 107.5

Fig. 2  Model architecture of YOLO-FEDER FusionNet. Components 
integrating and processing features from both backbones are high-
lighted in purple. Abbreviations: AFM – attention fusion module; 
C3CBAM – CSP bottleneck with three convolutional layers followed 
by channel attention; CAM – channel attention module; CBS – convo-

lution, batch normalization, and SiLU activation; CFE – camouflage 
feature encoder; DWD – deep wavelet-like decomposition module; 
and SED – segmentation-oriented edge-assisted decoder. Feature maps 
F Y

i , i ∈ {1, 2, 3} originate from the YOLO backbone, while the fea-
ture maps F N

i  are obtained from neck components
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Table  2). The model is built upon three key components: 
a camouflaged feature encoder (CFE), a deep wavelet-like 
decomposition (DWD) module, and a segmentation-ori-
ented edge-assisted decoder (SED). Details of these compo-
nents are provided in the following.

3.2.1  Camouflaged feature encoder

The CFE integrates a Res2Net50 architecture [56] alongside 
R-Net  [20] to extract multi-scale feature representations 
from an input image X ∈ RW ×H×3, where W = H . The 
extracted 64-channel feature maps are further refined by the 
efficient atrous spatial pyramid pooling (e-ASPP) [57] mod-
ule for multi-scale contextual aggregation and the DWD 
module (cf. Fig. 3).

3.2.2  Deep wavelet-like decomposition module

In COD, discriminative features predominantly arise from 
high-frequency (HF) and low-frequency (LF) compo-
nents [58]. From a signal analysis point of view, this corre-
sponds to a spectral decomposition of visual representations, 
in which different frequency bands encode different seman-
tically distinct information. While HF components encode 
fine-grained structural details and local discontinuities, 
such as texture and edge variations, LF components cap-
ture globally coherent image characteristics, including color 
distribution and illumination patterns. The DWD module 
exploits this inherent spectral distinction by applying learn-
able HF and LF filters, coupled with adaptive wavelet distil-
lation  [59], to systematically decompose the feature maps 
extracted from the CFE. By leveraging HF and LF atten-
tion modules in conjunction with a guidance-based feature 
aggregation technique, the DWD enhances the refinement 
of decomposed features, fosters inter-feature interaction, 
and ensures a semantically meaningful fusion strategy. The 
feature maps F D

i , i ∈ {1, . . . , 4} extracted by the DWD 
module serve as the primary input for the segmentation-
oriented edge-assisted decoder (see Fig. 3).

3.2.3  Segmentation-oriented edge-assisted decoder

The SED consists of two principal components for refined 
feature learning and auxiliary edge reconstruction: a revers-
ible re-calibration segmentation (RRS) module and an 
ordinary differential equation (ODE)-inspired edge recon-
struction (OER) module. While the RRS module seeks to 
amplify discriminative features in low-confidence regions 
via an inverse attention mechanism, the OER module 
focuses on enhancing edge-aware feature representation. 
Inspired by the dynamical systems perspective on deep neu-
ral networks (DNNs) [60], the OER module builds on the 
interpretation of feature propagation in residual networks as 
discrete approximation of a non-linear ODE. Specifically, 
the evolution of feature states yt through residual layers 
t ∈ {0, 1, . . . , T} is described by

yt+1 = yt + ∆t σ(K(wt)yt + bt) ,� (1)

which corresponds to the first-order (forward) Euler discret-
ization of the continuous ODE:

dy

dt
= σ(w(t) ∗ y(t) + b(t)), y(0) = Lx ,� (2)

t ∈ [0, T ]. Here, K(wt) denotes the convolutional matrix 
parameterized by learnable weights wt, bt is the associ-
ated bias term, and σ(·) represents a non-linear activation 

Table 2  Technical overview of FEDER components
Module No. layers No. params (M) GFLOPs (B)
CFE 255 32.8 74.8
DWD 734 6.8 73.1
SED 197 4.5 52.2
Total 1,186 44.1 200.1

Fig. 3  FEDER backbone architecture  [22], emphasizing the propa-
gation of feature maps F D

i , i ∈ {1, . . . , 4} and F S
j , j ∈ {1, . . . , 5} 

across successive layers
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function. The functions w(t) and b(t) in Eq.  2 correspond 
to the continuous analogs of wt and bt, with ∗ denoting 
the continuous convolution operator. The learnable projec-
tion operator L maps the input x into the latent ODE state 
space. The step size ∆t > 0 is fixed to one in standard DNN 
implementations.

To mitigate truncation errors inherent in first-order Euler 
discretization  [22, 60], the OER module adopts a second-
order, explicit Runge-Kutta (RK)-inspired scheme for more 
accurate feature propagation. In contrast to the standard RK 
formulation, which requires a manually specified trade-off 
parameter, the OER module incorporates a learnable gat-
ing mechanism that adaptively modulates the contribution 
of intermediate feature states. To further enhance stability, 
the module also integrates propagation techniques inspired 
by Hamiltonian systems [61]. 

The feature maps extracted by the SED are denoted by 

FS
j , j ∈ {1, . . . , 4} (see Fig. 3). A comprehensive overview 

of the architectural design and mathematical formulation of 
both the OER and RSS modules can be found in [22].

3.3  Neck

YOLO-FEDER FusionNet employs a neck architecture 
designed to facilitate the integration of multi-scale feature 
representations from both backbones across various hierar-
chical layers. Building upon the architectural principles of 
YOLOv5 [4], the neck structure incorporates fundamental 
components such as CBS blocks, C3 modules, and upsam-
pling layers. To enhance cross-backbone feature fusion, a 
modified concatenation module – referred to as attention 
fusion module (AFM) – is introduced (cf. Fig. 2). The AFM 
combines feature concatenation with a subsequent channel 
attention mechanism to capture inter-channel dependencies 
within the aggregated feature space. The AFM-based fusion 
of, for instance, an intermediate YOLO-based feature map 
FY

i ∈ RW ×H×C , i ∈ {1, . . . , 3}, and the FEDER-derived 
binary segmentation map OS ∈ RW ×H×1 can be formu-
lated as follows:

AFM(FY
i , OS) = MC(FC) ⊗ FC .� (3)

Here, FC = Concat(FY
i , OS) denotes the concatenated 

feature map, while MC(FC) ∈ R1×1×(C+1) represents the 
corresponding channel attention map. Adopting the formu-
lation of [62], the attention map is defined as:

MC(FC) = σ
(
fθ(AvgPool(FC))

+ fθ(MaxPool(FC))
)

,
� (4)

where AvgPool(·) and MaxPool(·) perform global average 
and max pooling to generate channel descriptors, followed 
by a shared MLP fθ(·) and sigmoid activation σ(·) to obtain 
channel-wise attention coefficients. The operator ⊗ (Eq. 3) 
denotes element-wise multiplication, where MC(FC) is 
broadcast along the spatial dimensions to match the size 
of FC  [62]. This attention-based refinement is particularly 
effective for integrating information from heterogeneous 
sources, enabling the network to selectively emphasize the 
most informative features from each input.

To further enhance feature representation, the neck archi-
tecture also includes convolutional block attention modules 
(CBAM). CBAM – originally introduced by Woo et al. [62] 
– is a widely employed attention mechanism that concur-
rently captures both spatial and channel-wise feature depen-
dencies. Building upon the integration strategy presented 
in  [62], where CBAM is embedded within the residual 
blocks of ResNet50, a comparable approach is adopted in 
YOLO-FEDER FusionNet. In fact, CBAM is embedded 
within the CSP bottleneck of the C3 module (see Fig.  2, 
C3CBAM) to selectively emphasize informative regions 
and suppress less relevant features. Given an intermediate 
feature map F ∈ RW ×H×C  derived from a preceding CBS 
block, the overall attention process initiated by CBAM can 
be described as follows:

CBAM(F) = MS(F′) ⊗ F′� (5)

with

F′ = MC(F) ⊗ F .� (6)

Here, the tensor MS(F) ∈ RW ×H×1 denotes the two-
dimensional spatial attention map which is broadcast along 
the channel dimension to enable element-wise multiplica-
tion ⊗ with the input tensor F.

3.4  Head

YOLO-FEDER FusionNet adopts a detection head inspired 
by YOLOv8, integrating two stacked CBS blocks, followed 
by a convolutional layer and a distribution focal loss (DFL) 
module for enhanced bounding box regression. Classifica-
tion is performed via a parallel prediction branch. The head 
follows an anchor-free design, eliminating the need for pre-
defined anchors and improving generalization to objects of 
varying shapes and sizes. To support multi-scale detection, 
predictions are made at three spatial resolutions: 80×80 for 
small objects, 40×40 for medium objects, and 20×20 for 
large objects (cf. Fig. 2).
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4  Experimental setup

The following sections detail the experimental setup, includ-
ing the training and validation data, data pre-processing, 
training and evaluation protocols, and the overall experi-
mental procedure.

4.1  Data

Given the limited availability of publicly accessible datasets 
and the lack of a standardized benchmark for image-based 
drone detection, this study integrates multiple data sources 
to enhance both training and evaluation. Specifically, we 
utilize a combination of real-world datasets – comprising 
self-collected and publicly available data – and syntheti-
cally generated datasets. While synthetic data is leveraged 
exclusively for training, real-world data constitutes the pri-
mary evaluation benchmark. Both dataset types have been 
introduced in our previous works [64] and [32]. Dataset sta-
tistics are summarized in Table 3, with further details pro-
vided in subsequent sections.

4.1.1  Self-captured real-world data

A ground-mounted Basler acA200-165c camera system, fea-
turing 25 mm and 8 mm lenses, is used for real-world data 
collection. This configuration facilitates the acquisition of 
two distinct camera field-of-view from each vantage point. 
To ensure realistic data collection, the designated recording 
site closely resembles the architectural and environmental 
characteristics of a potential urban deployment location 
for drone detection systems (refer to [18] for details). The 
recorded RGB images are organized into two distinct datas-
ets, R1 and R2 (cf. Table 3). Dataset R1 is characterized by 
urban infrastructure, with buildings comprising the majority 
of the background. Conversely, R2 exhibits a higher con-
centration of complex, highly textured elements (predomi-
nantly trees), contributing to an increased visual complexity. 
Both datasets are captured at a uniform resolution of 2040×
1086 pixels. Data annotations are manually generated via 
CVAT [65]. To support reproducibility, the dataset is pub-
licly available at [63] as part of [32].

4.1.2  Public real-world data

One of the most representative publicly accessible dataset 
for drone detection in a surveillance setup is the Dalian 
University of Technology (DUT) Anti-UAV dataset  [35]. 
Designed for both drone detection and tracking, this data-
set features a broad range of image resolutions (from 240×
160 to 5616×3744 pixels) and encompasses diverse drone 
models, environments, lighting conditions, and weather sce-
narios (see [35] for details).

4.1.3  Synthetic data

The creation of synthetic training data relies on a game 
engine-based data generation pipeline. By leveraging the 
advanced capabilities of Unreal Engine (4.27 and 5.0, 
respectively) [66] and Colosseum [67] – a successor of Air-
Sim [68] – the pipeline enables the systematic acquisition of 
automatically annotated RGB images. The pipeline’s tech-
nical specifications are comprehensively detailed in [51].

Using this pipeline, two distinct synthetic datasets are 
generated (cf. Table 3): S1, a smaller and simpler dataset, 
and SynDroneVision  [64], a large-scale dataset character-
ized by a wide variety of drone models, environments, and 
illumination conditions. While the generation of SynDron-
eVision prioritizes scalability and data diversity to reflect 
real-world complexities, S1 is specifically designed to cap-
ture the essential attributes of R1 and R2. The data in S1 
is provided at a resolution of 2040×1080 pixels, whereas 
SynDroneVision features a higher resolution of 2560×1489 
pixels. In addition to drone images, both datasets include a 
small share of background images (7-8%). For a detailed 
description of SynDroneVision, refer to [64]. For further 
information on S1, see [18]. 

4.2  Data pre-processing

A two-stage cropping methodology is employed to meet the 
model’s requirement for square input images. The initial 
stage involves a coarse cropping strategy, guided by the pre-
cise localization of the drone’s ground-truth bounding box 
and predefined cropping dimensions. This step ensures the 

Table 3  Overview of employed synthetic and real-world datasets
Dataset Type Pub.

Avail.
Image Count Resolution

(px)
Camera Param. Drone

Modelstrain val test total pos. focal length
R1 [63] real ✓ 7,524 2,508 2,508 12,540 2040×1086 2 8 mm 1
R2 [63] real ✓ 3,834 1,279 1,278 6,391 2040×1086 2 25 mm 1
S1 synth. ✗ 10,446 3,483 3,483 17,412 2040×1080 5 – 3
DUT Anti-UAV [35] real ✓ 5,200 2,600 2,200 10,000 –⋆ –▲ – 35
SynDroneVision [64] synth. ✓ 131,238 8,800 4,000 140,038 2560×1489 58 – 13
⋆ No uniform image resolution, variations between 240×160 to 5616×3744 pixels
▲ Variations included, but no explicit specifications



1 3

Page 9 of 21    138 Performance optimization of YOLO-FEDER FusionNet for robust drone detection in visually complex…

drone’s retention in the subsequent cropping phase, irrespec-
tive of the cropping parameters. To enhance data variability, 
the second stage leverages a random cropping mechanism 
using distinct dimensions: 640×640 (default input size 
for YOLO), 1080×1080, and a dynamically determined 
size based on the smallest image dimension. The dynamic 
adaptation of cropping sizes optimizes the preservation of 
informational content, while maintaining flexibility across 
varying image resolutions. This cropping strategy generates 
diverse dataset representations (see Table 4).

4.3  Training specifications

YOLO-FEDER FusionNet is trained based on the following 
selection of augmentation techniques, hyperparameters, and 
a tailored loss function.

4.3.1  Augmentation techniques

To enhance data diversity and improve model robustness, 
we employ a combination of standard augmentation tech-
niques. This includes random horizontal flipping with a 
probability of 0.5 and HSV augmentation, where hue, satu-
ration, and brightness are dynamically adjusted within nor-
malized ranges of ±0.015, ±0.7, and ±0.4, respectively. 
Additionally, we incorporate a refined adaptation of mosaic 
augmentation, inspired by [4]. To mitigate biases in YOLO-
based detection and prevent distortions in COD, we delib-
erately exclude letterboxing – i.e., artificial padding used 
to maintain aspect ratios – from mosaic augmentation. No 
additional blurring is applied, as the SynDroneVision data-
set inherently includes blurred images, making further mod-
ifications unnecessary.

4.3.2  Hyperparameter settings

The training process is conducted over 100 epochs with a 
batch size of 64 and an input image size of 640×640, uti-
lizing four Nvidia A100 GPUs. Optimization is performed 
using stochastic gradient descent (SGD) with an initial 
learning rate of 0.01 and a momentum coefficient of 0.937. 
To further enhance convergence efficiency, an exponential 

moving average is applied. All other hyperparameter set-
tings remain consistent with those used in [4]. 

4.3.3  Loss function

The loss function employed in the training process follows 
the structure of YOLOv8 and consists of three key compo-
nents: the bounding box regression loss Lbox, the classifica-
tion loss Lcls, and the distribution focal loss Ldfl. While Lcls, 
formulated using binary cross-entropy (BCE), ensures pre-
cise and robust classification, both Lbox and Ldfl contribute 
to bounding box localization. Specifically, the CIoU-based 
loss Lbox enhances localization accuracy by optimizing 
spatial alignment, aspect ratio consistency, and proximity 
to ground truth. In contrast, Ldfl models a probability dis-
tribution over bounding box coordinates rather than directly 
regressing them. This is particularly effective in scenarios 
involving both synthetic and real-world data, where the 
pixel-level precision of synthetic annotations contrasts with 
the inherent variability and uncertainty of manually anno-
tated real-world data. The total loss L is expressed as

L = w1Lbox + w2Lcls + w3Ldfl ,� (7)

where the non-negative weighting coefficients w1, w2 
and w3 significantly influence the optimization dynamics 
and overall model performance. While YOLOv8’s default 
weight configuration is empirically tuned for the COCO 
benchmark dataset, these values may not generalize effec-
tively across varying data domains. To ensure optimal 
performance for our specific application, we conducted a 
comprehensive ablation study, leading to the selection of 
w1 = 0.1, w2 = 0.5, and w3 = 1.5. Details of the ablation 
study are provided in Tables I and II (Supp. Mat.).

4.4  Evaluation details

The evaluation of all trained iterations of YOLO-FEDER 
FusionNet (cf. Sec. 4.5) is based upon the following datas-
ets and performance indicators.

4.4.1  Data

Performance evaluation relies exclusively on real-world 
data, using the datasets R1 and R2 across both cropping 
dimensions (cf. Tables  3 and 4), as well as the publicly 
available DUT Anti-UAV test set [35].

4.4.2  Metrics

Effective mitigation of unauthorized drone intrusions 
requires timely and accurate detection, making the 

Table 4  Overview of datasets and cropping resolutions. ”dyn.“ denotes 
a dynamically adjusted cropping size
Dataset (DS) Cropping Resolution DS

Vers.640×640 1080×1080 dyn.
R1 [63] ✓ ✓ – 2
R2 [63] ✓ ✓ – 2
S1 ✓ ✓ – 1
DUT Anti-UAV [35] – – ✓ 1
SynDroneVision [64] – – ✓ 1
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reduction of false negatives (FN) a critical factor for opera-
tional robustness. However, in practical surveillance appli-
cations, detecting a drone in every individual frame of an 
image sequence is not imperative, as undetected instances 
can often be inferred from adjacent frames, enabling a par-
tial reconstruction of the drone’s presence. Within a broader 
security framework, minimizing false positives (FP) is 
nearly as important as reducing false negatives to maintain 
system credibility and operational efficiency.

To provide a holistic evaluation of detection perfor-
mance, we assess YOLO-FEDER FusionNet using the false 
negative rate (FNR) and the false discovery rate (FDR), 
alongside mAP at an IoU threshold of 0.5 – a standard met-
ric in object detection. The false negative rate is defined as 
FNR = FN/(FN + TP), representing the proportion of 
missed detections among all ground-truth objects, while the 
false discovery rate, defined as FDR = FP/(FP + TP), 
measures the proportion of false detections among all pre-
dicted objects. Here, TP denotes true positives, i.e., correctly 
detected objects. Since precise bounding box localization is 
less critical in our context and manually generated anno-
tations often exhibit positional variability, we additionally 
consider mAP at an IoU threshold of 0.25.

To unify multiple performance indicators into a single 
evaluation criterion, we build upon the model fitness con-
cept introduced in [4, 69]. While [4] defines model fitness 
as an equally weighted mAP objective used for training 
optimization, we extend this concept by integrating FNR 
and FDR. Furthermore, we adapt the weighting scheme to 
our application context, defining the contribution of each 
component according to the aforementioned prioritization. 
Consequently, we formulate the model fitness as follows:

fitness = 0.45 × (1 − FNR)
+ 0.35 × (1 − FDR)
+ 0.10 × mAP0.25
+ 0.10 × mAP0.5 .

� (8)

Empirical evaluations show that variations in the absolute 
weight values have negligible impact, as long as their rela-
tive prioritization is maintained (cf. Table III, Supp. Mat.).

4.5  Experimental procedure

To assess the effectiveness of the proposed enhancements 
to YOLO-FEDER FusionNet, we conduct four structured 
experiments, each addressing a distinct focus area: training 
data optimization, feature integration, architectural modi-
fications, and false positive mitigation. In addition, a final 
experiment benchmarks YOLO-FEDER FusionNet against 
state-of-the-art YOLO-based drone detection models and 
evaluates its cross-dataset generalization capabilities. To 

ensure comparability, a consistent training configuration is 
applied across all DL models (see Sec. 4.3). Evaluation is 
performed on the real-world datasets R1 and R2, following 
the evaluation protocol outlined in Sec.  4.4. The method-
ological approach for each experiment is presented in the 
following sections.

4.5.1  Exp. 1 – Training data optimization

To evaluate the impact of an optimized training dataset 
on the detection performance of YOLO-FEDER Fusion-
Net, we build upon our previous findings presented in [64]. 
Specifically, we adopt a training dataset that combines a 
large-scale, photo-realistic synthetic dataset (SynDroneVi-
sion, see Sec. 4.1.3) with a small share of real-world data 
from the publicly available DUT Anti-UAV dataset (see 
Sec.  4.1.2). The resulting model is compared against the 
baseline YOLO-FEDER FusionNet, originally trained on 
the simpler synthetic dataset S1 (cf. Table 3), as introduced 
in [21]. For further comparison, we also include a generic 
YOLOv5 architecture trained using the same hybrid dataset 
configuration.

4.5.2  Exp. 2 – Impact analysis of intermediate FEDER 
features

By leveraging only FEDER’s final output OS  (cf. Fig. 3), 
the original YOLO-FEDER FusionNet architecture over-
looks potentially valuable intermediate features generated 
by internal components of the FEDER branch (e.g., the 
DWD module or the SED, cf. Fig. 3). To evaluate the con-
tribution of intermediate FEDER feature representations, 
we extract feature maps from selected layers of the DWD 
module and the SED. These modules are designed to gen-
erate semantically rich hierarchical features, comparable to 
those obtained by the YOLO backbone. More specifically, 
we consider the feature maps OS , FD

i  for i ∈ {2, . . . , 4} 
(from the DWD module), and FS

j  for j ∈ {1, . . . , 4} (from 
the SED) across six distinct fusion scenarios.

Feature fusion is performed at spatially aligned stages 
within the neck of YOLO-FEDER FusionNet, leveraging 
the hierarchical structure of FEDER features. By ensur-
ing spatial compatibility, this alignment eliminates the 
need for resizing operations. This mitigates interpolation 
artifacts and preserves feature integrity. The integration 
process is facilitated by four attention-based fusion mod-
ules (AFM 1-4, Fig.  2), each implementing a two-stage 
mechanism consisting of feature concatenation followed by 
channel-wise attention. The adopted fusion strategy remains 
consistent with the approach originally proposed in YOLO-
FEDER FusionNet [21]. An overview of the distinct fusion 
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configurations and their associated FEDER features is pro-
vided in Table 5.

4.5.3  Exp. 3 – Evaluation of YOLO- based backbone 
variations

YOLO-FEDER FusionNet’s initial iteration employs 
YOLOv5l as backbone for generic, multi-scale feature 
extraction [21]. While this configuration has proven effec-
tive, more recent YOLO iterations (e.g., YOLOv8) have 
demonstrated enhanced detection accuracy on established 
benchmark datasets. To evaluate the architectural adaptabil-
ity of YOLO-FEDER FusionNet and explore the potential 
benefits of incorporating more advanced feature extractors, 
we systematically replace the original YOLOv5l backbone 
with successor YOLO variants. To ensure methodological 
consistency, we select YOLO backbone architectures with 
trainable parameter counts closely aligned with that of 
YOLOv5l (cf. Table 1). Specifically, we include the back-
bone components of YOLOv8 (m and l), YOLOv9 (c and e), 
and YOLOv11 (l and x). The overall network architecture 
(cf. Fig. 2), the fusion strategy – specifically Config 4 (cf. 
Table 5) – as well as the training and evaluation conditions 
remain unchanged.

4.5.4  Exp. 4 – Detection error assessment

Building upon the trained models and insights from Exp. 3 
(Sec.  4.5.3), this experiment provides a systematic evalu-
ation of detection errors – focusing specifically on false 
positives and false negatives across distinct camera field-
of-views (FOVs). The analysis combines quantitative sta-
tistical indicators – specifically, distribution patterns and 
average dimensions – with qualitative visual inspection to 
provide a comprehensive understanding of the network’s 
detection behavior. Particular emphasis is placed on the 
architectural design of YOLO-FEDER FusionNet, char-
acterized by a fixed input resolution of 640×640 pixels, 
a hierarchical downsampling technique, and a multi-scale 

detection head (cf. Sec. 3.4). The interplay of these archi-
tectural components introduces scale sensitivity, which can 
adversely affect the detection of small objects – particularly 
in wide FOV configurations. To further quantify the impact 
of this architectural constraint, we perform an additional 
analysis to investigate how the exclusion of small-scale 
objects – both from ground-truth annotations and model 
predictions – affects the overall detection performance. 
Following the categorization in [70], we adopt a minimum 
object size threshold of 16×16 pixels with respect to the 
original image resolution, representing extra-small objects. 
Instances below this threshold are excluded from evaluation.

4.5.5  Exp. 5 – Comparison to generic detectors & cross-
dataset generalization

To evaluate the contribution of COD-based feature repre-
sentations, YOLO-FEDER FusionNet is systematically 
benchmarked against representative generic YOLO-based 
detection architectures. In particular, the comparison includes 
YOLO configurations commonly adopted for image-based 
drone detection, namely YOLOv5, YOLOv8, and YOLOv9 
(cf. Sec. 1). The models’ architectural scales are aligned with 
those considered in the context of Exp. 3 (cf. Sec. 4.5.3).

To ensure consistency and comparability, all generic 
YOLO models are trained under experimental conditions 
directly comparable to those of YOLO-FEDER FusionNet. 
Beyond identical hyperparameter settings and data augmen-
tation strategies (Secs. 4.3.1-4.3.2), the same data composi-
tion – combining real-world samples from DUT Anti-UAV 
with synthetic images from SynDroneVision (train/val 
splits; cf. Table 3) – is adopted as training foundation. As 
standard YOLO models natively operate on rectangular 
input images and do not impose square-input constraints 
– unlike YOLO-FEDER FusionNet – training (and evalua-
tion) is performed on uncropped data.

Performance evaluation is conducted on R1 and R2 and 
further extended to DUT Anti-UAV (test split) to investi-
gate generalization beyond the custom acquisition domain. 
Within this evaluation framework, all generic YOLO-based 
models are compared against the best-performing YOLO-
FEDER FusionNet configuration identified in Exp. 1-3.

5  Results

This section provides a comprehensive evaluation and dis-
cussion of Exps. 1-5 (cf. Secs. 4.5.1-4.5.5), including quan-
titative performance assessment, systematic component 
ablation, and and cross-dataset generalization analysis with 
comparisons to generic drone detection models.

Table 5  Overview of feature fusion configurations. Each configuration 
specifies the FEDER features integrated at the attention fusion mod-
ules (AFM 1-4, cf. Fig. 2), using the final segmentation output (OS), 
as well as the intermediate feature maps FD  (DWD) and FS  (SED)

Fusion Modules
AFM 1 AFM 2 AFM 3 AFM 4

Feature 
Integration

Config 1 OS OS OS OS

Config 2 FS
1 FS

1 FS
1 FS

1

Config 3 – FS
2 FS

3 FS
4

Config 4 – FD
2 FD

3 FD
4

Config 5 – FS
2 , FD

2 FS
3 , FD

3 FS
4 , FD

4

Config 6 OS
OS , FD

2 OS , FD
3 OS , FD

4



1 3

  138   Page 12 of 21 T. R. Lenhard et al.

5.1  Training data optimization

The comparative analysis in Table  6 highlights the clear 
benefit of an optimized training dataset that combines large-
scale, photo-realistic synthetic data (SynDroneVision [64]) 
with limited real-world samples (DUT Anti-UAV  [35]). 
Models trained on the optimized dataset consistently achieve 
superior performance compared to those trained exclusively 
on the synthetic dataset S1 across all evaluation metrics.

YOLO-FEDER FusionNet demonstrates the high-
est overall performance when trained on the combination 
of SynDroneVision and DUT Anti-UAV, particularly at a 
cropping resolution of 640×640. In this configuration, the 
model achieves mAP values of 0.879 (R1) and 0.946 (R2) 
at an IoU threshold of 0.25 (cf. mAP@0.25, Table 6), along 
with notably low FNRs of 0.197 and 0.146, respectively. 
Most configurations also exhibit a decline in FDRs. How-
ever, an exception is observed on Dataset R2 at a cropping 
resolution of 1080×1080, where YOLO-FEDER FusionNet 
yields a comparatively higher FDR.

In comparison to the generic YOLOv5l detection model 
trained under identical conditions, YOLO-FEDER Fusion-
Net consistently yields improved performance across key 
performance indicators. While YOLOv5l benefits from the 
enhanced training data, YOLO-FEDER FusionNet matches 
or exceeds this performance. Simultaneously, YOLO-
FEDER FusionNet, trained on the optimized dataset, offers 
substantially lower FNRs and FDRs – most notably on the 
more challenging dataset R2.

5.2  Impact of intermediate FEDER feature 
representations

A systematic evaluation of the integration of diverse FEDER 
feature representations (cf. Sec. 4.5.2) across multiple data-
sets and cropping resolutions reveals notable variations in 
performance (see Table 7). These differences appear to be 

primarily driven by the characteristics of the extracted fea-
tures, the stage of their integration, and the associated com-
putational complexity (cf. Tables 8 and V, Supp. Mat.).

Among all evaluated fusion configurations, Con-
fig 4 – which leverages intermediate DWD features FD

i , 
i ∈ {2, . . . , 4} – demonstrates the most favorable perfor-
mance across all evaluation metrics. At a cropping resolution 
of 1080×1080, it achieves the highest mAP values at both 
IoU thresholds (0.25 and 0.5) and obtains the highest overall 
fitness scores across both datasets. Despite a marginal drop 
in fitness at 640×640 compared to the best-performing con-
figuration (e.g., by 0.044 on Dataset R2), it remains highly 
competitive – ranking second across most key metrics. With 
an average score of 0.882, Config 4 achieves the highest 
overall fitness across all dataset-resolution combinations, 
indicating a strong overall trade-off between detection pre-
cision and generalization capability. At the same time, it 
maintains one of the lowest overall neck-head complexities 
(cf. Table V, Supp. Mat.), despite higher cost at AFM 2-4 
due to increased input dimensionality (cf. Table 8).

In comparison, Config 1 – which exclusively incorpo-
rates the final FEDER output OS  at each AFM block (cf. 
Table 5) – exhibits competitive performance, particularly at 
the lower cropping resolution of 640×640. At this resolu-
tion, it yields the highest scores across all evaluation met-
rics on Dataset R1. Furthermore, it ranks second in fitness 
when averaged across all datasets and cropping resolutions, 
with an overall score of 0.873. The integration of interme-
diate SED features FS

j , j ∈ {1, . . . , 4} (Configs. 2 and 3), 
demonstrates strong detection performance on Dataset R2, 
with low FDRs (0.011 and 0.009) and competitive mAP 
values. However, both configurations exhibit notably higher 
FDRs on Dataset R1, with values reaching up to 0.221 (cf. 
Table 7). Hence, neither configuration surpasses the average 
fitness score achieved by the integration of DWD features 
(Config 4). 

Table 6  Performance comparison between YOLOv5l and YOLO-FEDER FusionNet, trained on S1 and a combination of SynDroneVision 
(SDV) [64] and DUT Anti-UAV (DUT) [35]. Best results across are highlighted in bold, while the second-best are underlined
Model Training Data Img Size Dataset R1 Dataset R2

S1 SDV+DUT mAP ↑ FNR ↓ FDR ↓ mAP ↑ FNR ↓ FDR ↓
@0.25 @0.5 @0.25 @0.5

YOLOv5l ✓ – 2040×1086 0.572 0.551 0.463 0.500 0.571 0.432 0.745 0.290
– ✓ 0.847 0.826 0.241 0.025 0.829 0.692 0.376 0.025
✓ – 1080×1080 0.568 0.548 0.457 0.261 0.685 0.270 0.473 0.029
– ✓ 0.861 0.819 0.199 0.073 0.805 0.645 0.440 0.038
✓ – 640×640 0.433 0.401 0.601 0.311 0.102 0.047 0.858 0.638
– ✓ 0.747 0.684 0.345 0.040 0.574 0.408 0.647 0.047

YOLO-FEDER ✓ – 1080×1080 0.708 0.636 0.449 0.066 0.816 0.423 0.335 0.007
– ✓ 0.848 0.832 0.205 0.166 0.946 0.774 0.139 0.011
✓ – 640×640 0.729 0.669 0.372 0.114 0.685 0.270 0.473 0.029
– ✓ 0.879 0.852 0.197 0.045 0.946 0.762 0.146 0.018



1 3

Page 13 of 21    138 Performance optimization of YOLO-FEDER FusionNet for robust drone detection in visually complex…

The joint integration of DWD and SED features (Con-
fig 5) does not yield significant performance improvements 
over the exclusive use of DWD-derived features. Despite 
achieving the lowest FNR and FDR on Dataset R2 at a crop-
ping resolution of 640×640, these improvements do not 
translate into enhanced overall performance. The limited 
effectiveness of incorporating additional SED features is 
also reflected in the lower average fitness score of 0.861. A 
similar observation can be made for Config 6, which incor-
porates the final binary segmentation output OS  alongside 
DWD features. Among all fusion configurations, Config 
6 demonstrates the weakest overall performance, with an 
average fitness score of 0.845, while also exhibiting the 
highest computational complexity (cf. Table V, Supp. Mat.).

Overall, these findings indicate that leveraging inter-
mediate DWD features (according to Config 4) offers the 
most substantial contribution to enhancing the performance 
of YOLO-FEDER FusionNet, especially under complex 
environmental conditions. Accordingly, this configuration 
is adopted as the default feature fusion strategy for all sub-
sequent experiments (see Secs. 5.3 and 5.4).

5.3  Effectiveness of YOLO-based backbone 
variations

Among all YOLO backbone configurations evaluated within 
the YOLO-FEDER FusionNet architecture, the incorpo-
ration of YOLOv8l demonstrates the highest and most 
consistent detection performance across all experimental 
conditions (cf. Table  9). The YOLOv8l-enhanced YOLO-
FEDER FusionNet achieves consistently high mAP values 
at an IoU threshold of 0.25 across all cropping resolutions 
and datasets. It also leads in mAP at an IoU threshold of 
0.5 on Dataset R1. In addition, it exhibits strong overall fit-
ness – with an average score of 0.894 – while maintaining 
low FNRs and FDRs. Specifically, it ranks among the top 
two configurations in terms FNR, with values ranging from 
0.082 (R2, 640×640) to 0.192 (R1, 1080×1080). Impor-
tantly, these gains come without a measurable increase in 
inference time relative to the baseline (cf. Table 10).

Despite the clear performance advantages provided by 
the YOLOv8l backbone, the original YOLO-FEDER Fusi-
onNet configuration – featuring YOLOv5l – remains a 
strong and reliable baseline. It achieves the second-highest 

Table 7  Evaluation of FEDER backbone features and fusion configurations in YOLO-FEDER FusionNet, using a YOLOv5l backbone trained on 
SynDroneVision (SDV) [64] and DUT Anti-UAV (DUT) [35]. Best results are in bold, second-best are underlined. Fitness scores are given as 
absolute values and relative differences (percentage points) w.r.t. the baseline (Config 1). Configurations follow Table 5: 1 – OS ; 2 – F S

1 ; 3 – SED 
features F S

i , i ∈ {2, 3, 4}; 4 – DWD features F D
i , i ∈ {2, 3, 4}; 5 – F S

i  and F D
i , i ∈ {2, 3, 4}; 6 – OS  and F D

i , i ∈ {2, 3, 4}
Img Size Feat. Int.

Config
Dataset R1 Dataset R2
mAP ↑ FNR ↓ FDR ↓ fitness ↑ mAP ↑ FNR ↓ FDR ↓ fitness ↑
@0.25 @0.5 @0.25 @0.5

1080×1080 1 0.848 0.832 0.205 0.166 0.818 0.946 0.774 0.139 0.011 0.906
2 0.837 0.819 0.210 0.221 0.794 (−2.4) 0.953 0.790 0.143 0.011 0.906 (+0.0)
3 0.839 0.821 0.228 0.179 0.801 (−1.7) 0.946 0.788 0.148 0.009 0.904 (−0.2)
4 0.853 0.835 0.220 0.094 0.837 (+1.9) 0.962 0.828 0.092 0.013 0.933 (+2.7)
5 0.816 0.800 0.225 0.294 0.758 (−6.0) 0.937 0.755 0.155 0.012 0.895 (−1.1)
6 0.834 0.819 0.224 0.219 0.788 (−3.0) 0.935 0.750 0.162 0.015 0.890 (−1.6)

640×640 1 0.879 0.852 0.197 0.045 0.869 0.946 0.762 0.146 0.018 0.899
2 0.858 0.832 0.213 0.112 0.834 (−3.5) 0.953 0.798 0.156 0.007 0.903 (+0.4)
3 0.838 0.813 0.244 0.068 0.832 (−3.7) 0.948 0.788 0.154 0.009 0.901 (+0.5)
4 0.853 0.830 0.229 0.055 0.846 (−2.3) 0.944 0.804 0.121 0.026 0.911 (+1.2)
5 0.851 0.830 0.233 0.077 0.836 (−3.3) 0.921 0.759 0.025 0.005 0.955 (+5.6)
6 0.853 0.832 0.220 0.089 0.838 (−3.1) 0.912 0.730 0.166 0.070 0.865 (−3.4)

Table 8  AFM-level comparison of FEDER feature fusion configurations in terms of input channels (Ch.) and trainable parameters (Params)
Feat. Int.
Config

AFM 1 AFM 2 AFM 3 AFM 4
Ch. Params Ch. Params Ch. Params Ch. Params

1 1025 1.05 513 0.264 513 0.264 1025 1.052
2 1025 1.05 513 0.264 513 0.264 1025 1.052
3 1024 –⋆ 513 0.264 513 0.264 1025 1.052
4 1024 –⋆ 608 0.370 608 0.370 1120 1.256
5 1024 –⋆ 609 0.371 609 0.371 1121 1.258
6 1025 1.02 609 0.371 609 0.371 1121 1.258
⋆ Concatenation only (no channel attention due to absent FEDER features)
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average fitness score (0.882) and continues to perform com-
petitively across other performance indicators. Neverthe-
less, it exhibits slightly elevated FNRs and FDRs than the 
YOLOv8l-based variant across the majority of evaluation 
scenarios. Additionally, it entails a higher model complex-
ity, with a parameter count of 26.6M (cf. Table 1).

Similarly, the YOLOv9e-based configuration of YOLO-
FEDER FusionNet achieves competitive results, particu-
larly in terms of mAP and FNR, with the lowest observed 
FNR on Dataset R1. However, the strong localized perfor-
mance fails to generalize into comprehensive performance 
improvements across all indicators and datasets (average 
fitness score: 0.875). Furthermore, the relatively high model 
complexity of the YOLOv9e backbone (30.2M param-
eters, 117.2B GFLOPs) adversely affects the computational 
efficiency of YOLO-FEDER FusionNet – especially in 

comparison to more balanced alternatives such as YOLOv8l. 
This effect is also reflected in the increased inference time 
(16.1 ms, cf. Table 10).

In contrast, the YOLOv8m-based configuration of 
YOLO-FEDER FusionNet constitutes the most computa-
tionally efficient variant, characterized by the lowest param-
eter count (11.8M), reduced computational cost (38.8B 
GFLOPs), and the shortest inference time (11.7 ms). How-
ever, these efficiency gains come at the cost of reduced 
detection performance, particularly in comparison to larger-
backbone configurations. This reduction in performance is 
most pronounced in terms of FDR, reaching values of 0.173 
and 0.258, respectively (cf. Dataset R1, Table 9). The lower 
average fitness score of 0.855 further reflects this underper-
formance, ranking it among the bottom three configurations. 
A comparable trend is observed for YOLO-FEDER Fusion-
Net configured with a YOLOv9c backbone (cf. Table 9).

The integration of YOLOv11l and YOLOv11x back-
bones into YOLO-FEDER FusionNet yields the weakest 
performance across most evaluation metrics, with average 
fitness scores of 0.840 and 0.854, respectively. Despite com-
parable inference times (12.0 ms and 12.9 ms, cf. Table 10), 
the lack of performance gains limits their suitability within 
YOLO-FEDER FusionNet.

 

5.4  Detection error assessment

As previously noted (Sec. 5.3), YOLO-FEDER FusionNet 
configurations with YOLOv8m and YOLOv9c backbones 
exhibit elevated FDRs, with the highest rates observed 
on Dataset R1 (cf. Table 9). A visual analysis of the FPs, 

Table 9  Performance evaluation of different YOLO backbones within the YOLO-FEDER FusionNet framework. The evaluated architectures 
follow the neck and head design depicted in Fig. 2, leveraging FEDER features F D

i , i ∈ {2, . . . , 4} according to feature fusion configuration 4 
(cf. Table 5). Best results are in bold, second-best are underlined. Fitness scores are given as absolute values and relative differences (percentage 
points) to the baseline (YOLOv5l backbone)
Img Size YOLO

Bckbn
Dataset R1 Dataset R2
mAP ↑ FNR ↓ FDR ↓ fitness ↑ mAP ↑ FNR ↓ FDR ↓ fitness ↑
@0.25 @0.5 @0.25 @0.5

1080×1080 v5l 0.853 0.835 0.220 0.094 0.837 0.962 0.828 0.092 0.013 0.933
 v8m 0.838 0.824 0.208 0.258 0.783 (−5.4) 0.959 0.817 0.112 0.008 0.924 (−0.9)
 v8l 0.872 0.852 0.192 0.049 0.869 (+3.2) 0.967 0.810 0.107 0.012 0.925 (−0.8)
 v9c 0.815 0.795 0.235 0.184 0.791 (−4.6) 0.953 0.802 0.092 0.020 0.927 (−0.6)
 v9e 0.852 0.838 0.215 0.086 0.842 (+0.5) 0.940 0.800 0.109 0.024 0.917 (−1.6)
 v11l 0.828 0.808 0.293 0.029 0.822 (−1.5) 0.896 0.760 0.138 0.163 0.847 (−8.6)
 v11x 0.803 0.777 0.333 0.013 0.804 (−3.3) 0.938 0.784 0.110 0.071 0.898 (−3.5)

640×640  v5l 0.853 0.830 0.229 0.055 0.846 0.944 0.804 0.121 0.026 0.911
 v8m 0.836 0.813 0.211 0.173 0.809 (−3.7) 0.949 0.710 0.113 0.039 0.901 (−1.0)
 v8l 0.876 0.848 0.188 0.116 0.847 (+0.1) 0.967 0.798 0.082 0.019 0.933 (+2.2)
 v9c 0.830 0.806 0.242 0.095 0.822 (−2.4) 0.959 0.806 0.111 0.007 0.924 (+1.3)
 v9e 0.863 0.842 0.179 0.173 0.829 (−1.7) 0.943 0.770 0.105 0.040 0.910 (−0.1)
 v11l 0.847 0.822 0.250 0.040 0.840 (−0.6) 0.883 0.723 0.166 0.097 0.852 (−5.9)
 v11x 0.819 0.794 0.268 0.064 0.818 (−2.8) 0.935 0.754 0.102 0.078 0.896 (−1.5)

Table 10  Inference time comparison between YOLO-FEDER Fusion-
Net and standard YOLO detectors across different YOLO variants. 
For each variant, YOLO-FEDER FusionNet is instantiated using the 
corresponding YOLO backbone, while YOLO denotes the standard 
end-to-end detection architecture. Values indicate average per-image 
inference time in milliseconds on an NVIDIA A100 GPU
Variant YOLO-FEDER FusionNet⋆

(ms)
YOLO
(ms)

v5l 12.5 2.6
v8m 11.7 1.9
v8l 12.4 2.9
v9c 12.4 3.1
v9e 16.1 7.0
v11l 12.0 2.7
v11x 12.9 4.5
⋆ DWD-based FEDER feature fusion (Config. 4)
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conducted separately for each camera FOV, reveals sys-
tematic clustering of FPs within specific image regions 
(cf. Fig. 4). These regions primarily align with image areas 
affected by visual artifacts, including reflections, irregular 
texture patterns, or fine structural background details, which 
can create drone-like signatures.

A pixel-level semantic attribution of FP regions, mapping 
pixels associated with incorrect predictions to their under-
lying background categories, quantitatively supports this 
observation. In one camera FOV (cf. Fig. 4, right), FPs are 
predominantly associated with spatially dominant, visually 
complex semantic classes – namely buildings and vegeta-
tion – which jointly account for ∼90% of FP pixels. In the 
other camera FOV (cf. Fig. 4, left), FPs are more concen-
trated, with window regions contributing ∼75–80% of all 
FPs, indicating a pronounced sensitivity to reflective sur-
faces. Minor classes (e.g., localized structural primitives 
such as streetlights) contribute negligibly in terms of overall 
FP share (<5%), yet can exhibit elevated local FP densities, 
suggesting a disproportionate sensitivity to fine-grained 
structures.

Complementing this semantic analysis, the geometric 
characteristics of FPs provide additional insight. Further 
analysis of the bounding box dimensions indicates that FPs 
primarily correspond to small-scale artifacts, character-
ized by reduced width and height (see Fig. 5). For instance, 
YOLO-FEDER FusionNet configured with a YOLOv8m 
backbone produces FP bounding boxes with average dimen-
sions of 21.2 pixels in width and 10.97 pixels in height. In 
contrast, TP detections exhibit mean width and height val-
ues of 44.28 and 21.51 pixels. A similar pattern is observed 
for the YOLOv9c-based backbone configuration.

Motivated by these observations, we introduce a size-
based filtering strategy to mitigate erroneous detections, 
particularly those caused by small-scale artifacts. Applying 
a minimum object size threshold during post-processing – 
on both predictions and ground truth – leads to substantial 
improvements in error reduction. For instance, the FDR 
of the YOLOv8m-based YOLO-FEDER FusionNet drops 
from 0.258 to 0.067 on Dataset R1 (1080×1080 resolution; 

Fig. 5  Bounding box width vs. height for YOLO-FEDER FusionNet 
(YOLOv8m backbone) on R1 (1080×1080). FPs seem to be well-
separable from TPs based on their smaller spatial dimensions. FNs 
overlap substantially with TPs, indicating that FNs arise from factors 
beyond object scale

 

Fig. 4  Spatial distribution of false positives generated by YOLO-
FEDER FusionNet (YOLOv8m backbone + DWD-based FEDER fea-
tures). The distribution is visualized across both camera FOVs of Data-
set R1, using cropped regions of the full scenes. Zoomed-in regions 

highlight areas with high concentrations of recurring false positives 
across the majority of test samples. Color intensity encodes detection 
frequency, ranging from low (blue) to high (red)
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cf. Tables 9 and 11). Similarly, the FDR of the YOLOv9c-
based variant decreases significantly from 0.184 to 0.018. 
Excluding small-scale detections and corresponding 
ground-truth instances also improves detection performance 
in terms of mAP across all configurations. For instance, the 
YOLOv8l-based YOLO-FEDER FusionNet achieves mAP 
values of 0.914 (R1) and 0.942 (R2) at a cropping resolu-
tion of 1080×1080, while simultaneously reducing FNRs 
to 0.159 and 0.111, respectively. Furthermore, fitness scores 
improve substantially, reaching values up to 0.936 (R2, 
640×640), surpassing previous bests (cf. Exp. 3, Table 9). 
Despite consistent improvements across all backbone con-
figurations, the YOLOv8l-based YOLO-FEDER FusionNet 
maintains the highest average fitness score of 0.912.

5.5  Comparison to generic detectors & cross-
dataset generalization

Under cross-domain evaluation, YOLO-FEDER FusionNet 
(YOLOv8l backbone + DWD-based FEDER features) dem-
onstrates systematic performance improvements over con-
ventional generic YOLO-based detection models across the 
majority of evaluation settings, while remaining competi-
tive elsewhere (cf. Tables 12 and 13). The most pronounced 
gains are observed in the reduction of FNRs – a fundamen-
tal requirement for safety-critical applications. Even under 
the more heterogeneous visual conditions of dataset R1, 
which include both camouflage-prone backgrounds (e.g., 
vegetation) and visually favorable regions (e.g., sky and 
homogeneous building facades), YOLO-FEDER FusionNet 
achieves competitive values for mAP@0.25, mAP@0.5, 
and fitness (Table 12). Simultaneously, it maintains a con-
siderably lower FNR than all YOLO variants.

Table 11  Performance evaluation of YOLO-FEDER FusionNet configurations (distinguished by backbone variations), considering only objects 
exceeding 16 × 16 pixels in size. The network architecture follows the design shown in Fig. 2, integrating FEDER features according to Config 4. 
Best results are highlighted in bold, second-best are underlined
Img Size YOLO

Bckbn
Dataset R1 Dataset R2
mAP ↑ FNR ↓ FDR ↓ fitness ↑ mAP ↑ FNR ↓ FDR ↓ fitness ↑
@0.25 @0.5 @0.25 @0.5

1080×1080 v5l 0.881 0.877 0.223 0.016 0.870 0.927 0.798 0.139 0.010 0.906
v8m 0.896 0.889 0.184 0.067 0.872 0.940 0.825 0.118 0.008 0.921
v8l 0.914 0.905 0.159 0.017 0.904 0.942 0.811 0.111 0.012 0.921
v9c 0.875 0.868 0.235 0.018 0.862 0.946 0.839 0.103 0.009 0.929
v9e 0.890 0.887 0.186 0.075 0.868 0.937 0.838 0.115 0.024 0.917
v11l 0.876 0.864 0.220 0.028 0.865 0.890 0.786 0.138 0.163 0.849
v11x 0.852 0.842 0.272 0.011 0.843 0.929 0.821 0.117 0.070 0.898

640×640 v5l 0.882 0.876 0.227 0.009 0.870 0.911 0.770 0.111 0.012 0.914
v8m 0.936 0.761 0.115 0.028 0.908 0.936 0.761 0.115 0.029 0.908
v8l 0.896 0.884 0.202 0.009 0.884 0.955 0.822 0.085 0.009 0.936
v9c 0.871 0.863 0.252 0.005 0.858 0.942 0.834 0.113 0.007 0.924
v9e 0.911 0.902 0.164 0.028 0.898 0.941 0.810 0.106 0.039 0.914
v11l 0.893 0.883 0.196 0.014 0.885 0.874 0.760 0.165 0.090 0.858
v11x 0.880 0.870 0.227 0.015 0.868 0.936 0.809 0.103 0.061 0.907

Table 12  Comparison of YOLO-FEDER FusionNet (YOLOv8l backbone + DWD-based FEDER features) against generic YOLO-based detection 
models on the custom datasets R1 and R2 [63], where R2 is explicitly designed to represent almost exclusively camouflage-induced detection 
scenarios. Bold, underline, and italic denote the best, second-best, and third-best results per metric
Model Crop Size Dataset R1 Dataset R2

mAP ↑ FNR ↓ FDR ↓ fitness ↑ mAP ↑ FNR ↓ FDR ↓ fitness ↑
@0.25 @0.5 @0.25 @0.5

YOLOv5l – 0.848 0.827 0.241 0.038 0.846 0.864 0.704 0.345 0.014 0.797
YOLOv8m – 0.893 0.872 0.241 0.000 0.868 0.905 0.734 0.330 0.005 0.814
YOLOv8l – 0.868 0.847 0.215 0.008 0.872 0.936 0.688 0.166 0.006 0.886
YOLOv9c – 0.868 0.847 0.239 0.003 0.863 0.928 0.695 0.406 0.009 0.776
YOLOv9e – 0.866 0.847 0.233 0.001 0.866 0.866 0.616 0.351 0.005 0.789
YOLO-FEDER 
(v8l)

1080×1080 0.872 0.852 0.192 0.049 0.869 0.967 0.810 0.107 0.012 0.925
640×640 0.876 0.848 0.188 0.116 0.847 0.955 0.822 0.085 0.009 0.936
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However, the advantages of integrating COD-based cues 
alongside generic YOLO-derived feature representations 
become most evident on the camouflage-dominated dataset 
R2. Under these conditions, conventional YOLO detectors 
exhibit a substantial degradation in detection performance, 
reflected in markedly reduced mAP values (cf. mAP@0.5, 
Table 12) and sharply increased FNRs. Relative to the stron-
gest generic baseline (YOLOv8l), YOLO-FEDER Fusion-
Net increases mAP values by up to 0.134 and reduces the 
FNR by a factor of two (from 0.166 to 0.085). Overall, 
YOLO-FEDER FusionNet achieves the highest mAP scores 
and the best overall fitness among all evaluated models. The 
primary trade-off is a slight increase in FDR.

The promising performance of YOLO-FEDER Fusion-
Net also extends to the public DUT Anti-UAV dataset, even 
though it represents more general drone detection scenarios 

without deliberate camouflage. Despite a reduced perfor-
mance gap to generic YOLO models, YOLO-FEDER Fusi-
onNet continues to achieve the highest mAP values, the best 
overall fitness, and the lowest FNR. Figure 6 highlights the 
improved detection capability of YOLO-FEDER Fusion-
Net compared to the leading generic baseline on DUT Anti-
UAV. (Additional visual examples are provided in the Supp. 
Mat..)

Overall, YOLO-FEDER FusionNet seems to maintain 
a stable accuracy-robustness trade-off across all evaluated 
datasets, while the strongest generic YOLO baseline var-
ies with the underlying data domain (YOLOv8m on R1, 
YOLOv8l on R2, YOLOv9e on DUT Anti-UAV).

Table 13  Comparison of YOLO-FEDER FusionNet (YOLOv8l backbone + DWD-based FEDER features) against generic YOLO-based detection 
models on the publicly available DUT Anti-UAV dataset [35], which targets general-purpose drone detection in urban environments. Bold and 
underline denote the best and second-best results per metric
Model Crop Size mAP ↑ FNR ↓ FDR ↓ fitness ↑

@0.25 @0.5
YOLOv5l – 0.957 0.937 0.102 0.035 0.933
YOLOv8m – 0.960 0.938 0.117 0.025 0.928
YOLOv8l – 0.963 0.944 0.105 0.015 0.938
YOLOv9c – 0.961 0.941 0.107 0.022 0.934
YOLOv9e – 0.969 0.955 0.095 0.009 0.947
YOLO-FEDER (v8l) dyn. 0.979 0.967 0.045 0.032 0.963

Fig. 6  Representative DUT Anti-UAV samples illustrating scenarios in 
which YOLOv9e (the strongest generic baseline on DUT Anti-UAV) 
fails to detect the drone, while YOLO-FEDER FusionNet (YOLOv8l 
backbone + DWD-based FEDER features) successfully localizes 

the target (magenta bounding boxes). Images are shown as cropped 
regions of the original frames, with slight brightness enhancement to 
improve small drone target visibility
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5.6  Discussion

The results presented in Secs.  5.1-5.5 demonstrate that 
systematic optimization of both training data and network 
architecture substantially improves detection accuracy (cf. 
Table IV, Supp. Mat.). The combination of large-scale syn-
thetic data with a limited amount of real-world samples (i.e., 
SynDroneVision  [64] and DUT Anti-UAV  [35]) signifi-
cantly enhances the performance of YOLO-FEDER Fusion-
Net, underscoring the importance of dataset diversity and 
realism (Sec. 5.1). These findings are consistent with prior 
work [64].

Systematic evaluation of FEDER feature representations 
shows that integrating intermediate DWD features yields 
the most consistent performance gains under our evaluation 
setup (Sec. 5.2). This highlights the importance of leverag-
ing deeper, multi-scale feature information rather than rely-
ing solely on final outputs or auxiliary segmentation cues 
– as previously done in [21]. It also indicates that intermedi-
ate DWD features seem to offer more robust discriminative 
cues for detecting camouflaged drones compared to later-
stage feature representations.

When considering backbone variations, the YOLOv8l-
enhanced YOLO-FEDER FusionNet consistently achieves 
the most favorable trade-off between detection accuracy 
and computational efficiency (Sec. 5.3). While larger back-
bones such as YOLOv9e offer competitive accuracy, their 
increased complexity can hinder deployment in resource-
constrained environments. Conversely, lightweight variants 
like YOLOv8m and YOLOv9c incur higher FDRs, reflect-
ing a trade-off between model efficiency and detection reli-
ability. Despite supporting a variety of YOLO backbones, 
YOLO-FEDER FusionNet does not necessarily benefit 
from the superior benchmark performance of newer archi-
tectures (e.g., YOLOv8l vs. YOLOv11l) and from the scal-
ing gains typically achieved with larger model variants 
(e.g., YOLOv8m vs. YOLOv8l) on large-scale benchmark 
datasets. This behavior may stem from the decoupled use 
of backbone components, which potentially limits the net-
work’s ability to fully exploit the representational and opti-
mization advantages of YOLO’s end-to-end architecture 
– advantages that are specifically tuned to maximize per-
formance on benchmark data (e.g., COCO  [71]). Further-
more, the present application domain explicitly focuses on 
drone detection, where camouflage effects pose significant 
challenges for conventional generic object detection models 
– in contrast to COCO [71], where the primary challenge 
lies in distinguishing a large variety of object classes across 
diverse visual contexts. Consequently, the additional rep-
resentational capacity of larger backbones may offer only 
limited performance gains in this domain.

A detailed analysis of FPs reveals an increased sensitivity 
to fine-grained background structures, particularly within 
visually complex regions, such as vegetation and reflective 
surfaces (cf. Sec.  5.4). These small-scale artifacts consti-
tute a primary source of detection errors, frequently induc-
ing drone-like activations. This behavior likely arises from 
YOLO-FEDER FusionNet’s multi-scale detection strategy, 
which predicts drone instances at three spatial resolutions 
– 20×20, 40×40, and 80×80 – for an input size of 640×
640. Due to successive downsampling, the detection of 
objects smaller than 8×8 pixels becomes unreliable, while 
feature discriminability is reduced for regions below ∼16×
16 pixels [72]. This seems to lead to erroneous activations 
triggered by background noise and visual artifacts. Incorpo-
rating a size-filtering post-processing step mitigates these 
effects by suppressing small-scale false activations, leading 
to reduced FDRs – particularly in lightweight backbone con-
figurations – while also improving mAP and overall fitness.

These findings further emphasize the adverse impact of 
small-scale background structures and small drone instances 
on detection performance  [6, 9, 10, 23, 24], reaffirming 
that detecting small drones remains a persistent challenge. 
Addressing these limitations may require targeted archi-
tectural adaptations, such as incorporating an additional 
detection scale (e.g., 160×160  [10]), increasing the input 
resolution, or leveraging feature-space super-resolution 
techniques during training [73] to enhance fine-grained spa-
tial representations.

When benchmarked against generic YOLO-based drone 
detection models, YOLO-FEDER FusionNet demonstrates 
superior performance in camouflage-dominated scenes, 
achieving substantially lower FNRs and high mAP values 
(Sec.  5.5) – occasionally at the cost of a slight increase 
in FDR. Moreover, the strong performance on more gen-
eral datasets (e.g., DUT Anti-UAV) indicates that YOLO-
FEDER FusionNet is able to learn camouflage-aware feature 
representations without compromising generic detection 
performance.

Finally, it should be emphasized that the most favorable 
configuration of YOLO-FEDER FusionNet identified in this 
work reflect the adopted metric priorities. Alternative appli-
cation scenarios may impose different priorities, which in 
turn may require a task-specific re-evaluation of the model 
configuration.

6  Conclusion

In this work, we presented an enhanced version of YOLO-
FEDER FusionNet for robust drone detection in visu-
ally complex environments. By systematically optimizing 
training data, FEDER feature integration, and the YOLO 
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backbone architecture, we achieved notable improvements 
in detection accuracy and robustness. Our findings highlight 
the importance of combining large-scale, photo-realistic 
synthetic training data with real-world samples, leverag-
ing intermediate multi-scale FEDER features, and aligning 
post-processing strategies with architectural constraints. 
For our target application, YOLO-FEDER FusionNet con-
figured with a YOLOv8l backbone and intermediate DWD 
features demonstrated the most favorable performance, par-
ticularly in comparison to generic YOLO-based models.

Future work will focus on targeted architectural refine-
ments, such as higher-resolution detection heads and 
enhanced multi-scale feature aggregation, to further 
improve performance in visually complex environments. 
Moreover, incorporating complementary sensing modalities 
(e.g., infrared) represents a promising step toward enabling 
reliable drone detection across day and night.
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