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Unmanned Aerial Vehicle (UAV) detection in urban environments is critical for airspace management and
emergency response. However, dynamic scale variations, complex backgrounds, and real-time requirements
hinder existing methods. This research proposes YOLOvS8-PSA, which integrates a Partial Self-Attention (PSA)
mechanism to capture global contextual dependencies and suppress background noise. A multi-scale feature
fusion module with alightweight C2fCIB block enhances detection accuracy across varying scales. CIoU loss is
adopted to optimize bounding box localization. Experiments on an urban UAV dataset demonstrate 97.8% pre-
cision, 92.5% recall, and 96.5% mAP50, with consistent improvements over the baseline YOLOv8n. Compara-
tive and ablation studies validate the effectiveness of the proposed modules for practical urban UAV detection.

KEYWORDS: urban UAV detection; YOLOVS; global attention mechanism; multi-scale feature fusion; Urban
UAV real-time detection



Information Technology and Control

1. Introduction

With the advancement of flight control technology,
Unmanned Aerial Vehicles (UAVs) have been widely
utilized in people’s daily life. The detection of UAV
is of great importance in optimizing the manage-
ment of airspace, ensuring enhanced aviation safe-
ty, and maintaining social order, and enhancing the
efficiency of emergency response systems [15,18].
UAV-based sensing and imaging technologies have
been extensively deployed for power system inspec-
tion and infrastructure monitoring, demonstrating
versatile applicability across industrial and disaster
scenarios [14, 26].

Existing UAV detection approaches encompass di-
verse sensing technologies, each tailored to specific
operational scenarios—including acoustic sensors,
visual imaging sensors, photoelectric detectors, ra-
dar systems, and radio frequency (RF) sensing tech-
nologies [27, 30]. Radar-based methods boast strong
anti-interference capabilities but come with high
costs. Infrared-based approaches perform well in
nighttime scenarios yet are not only expensive but
also susceptible to weather conditions [13]. Owing
to the unique characteristics of UAVs—including
low-altitude flight, diverse postures, small size, and
rapid movements—these methods have notable lim-
itations when it comes to UAV detection in complex
urban environments. In recent years, vision-driven
detection approaches have drawn substantial re-
search focus for UAV identification, primarily due
to their strengths in direct visual data parsing and
adaptability to dynamic operational environments.
In comparison to other methods, vision-based
techniques are more practical and efficient for tar-
get detection, as they can directly analyze videos to
detect UAVs [17, 43]. Comprehensive surveys have
systematically reviewed passive sensor-based UAV
detection and tracking methodologies specifically
tailored for urban environments [39].

Traditional vision-based detection methods use
manual operations such as sliding windows and op-
erators for feature extraction [2]. The deep learn-
ing approaches leverages convolutional neural net-
work (CNN) to learn feature extraction from large
amounts of data. They have demonstrated remark-
able efficacy in computer vision tasks. CNN-based
UAV detection approaches can mainly be primar-

2026/3/55

ily divided into two-stage approaches (such as the
R-CNN series) [6] and one-stage approaches (in-
cluding YOLO and SSD) [2, 25]. The former has been
shown to achieve high detection accuracy but with
high computational complexity]. In contrast, the lat-
ter has been demonstrated to be faster but has short-
comings in detecting small targets and dense targets.
Therefore, two-stage detection is more focused on
accuracy, complex environments and small things.
For achieving real-time UAV detection, single-stage
detection approaches estimate locations and classi-
fications directly from feature maps in one forward
pass, eliminating the intermediate region proposal
generation step that is integral to two-stage frame-
works. Furthermore, in conjunction with the YOLO
algorithm and multi-frame motion analysis method,
the real-time detection of small UAVs is achieved,
thereby enhancing the accuracy and efficiency of
detection [16]. Recent advances further integrate
YOLO with multi-frame motion analysis to achieve
robust real-time detection of small UAVs under dy-
namic flight conditions [23]. In addition, deformable
separation convolution blocks are used to perform
feature separation. This method has been shown to
significantly reduce the computational burden of
convolution operations. By incorporating a channel
weighting module, the extraction of feature infor-
mation is further enhanced. These studies provide
significant theoretical underpinnings and technical
references for the development of UAV target detec-
tion. To conclude, notable advancements have been
achieved in the field of UAV target detection over re-
cent years. Nevertheless, there remain several chal-
lenges that require further attention:

First, in emergency situations such as fires, earth-
quakes, floods, UAVs can serve as important tools for
rescue and monitoring. Real-time detection enables
rapid location and tracking of UAVs allows for timely
discovery and the taking of measures to ensure the
smooth progress of emergency rescue work. There-
fore, detection algorithms are required to have ex-
cellent real-time performance [22].

Second, UAVs in urban areas undergo dynamic scale
changes during flight due to variations in distance
and altitude [13]. Besides, the different flight attitudes
of UAVs (hovering, rising, falling, turning) result in
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different viewing angles and appearances in the im-
ages. For example, top-down and side views are very
significantly different. This requires detection algo-
rithms to detect targets with different scales and at-
titudes to avoid false detection or missing detection.

Third, urban environments pose significant chal-
lenges to UAV detection. Complex backgrounds with
buildings, vehicles and pedestrians, as well as fluc-
tuating lighting and weather, create noise and occlu-
sion. Lighting changes due to weather and shadows
distort UAV visibility, making feature extraction diffi-
cult and causing exposure problems. Adverse weather
degrades sensor data, while moving urban objects in-
crease false positive and false negative rates, signifi-
cantly reducing detection accuracy and efficiency [1].

Accordingly, the core objectives of this research are
summarized as follows:

1 Todesignconvolutional neural networks to achieve
real-time and accurate urban UAV detection.

2 Todevelop feature pyramid network to realize accu-
rate feature extraction of UAVs with different scales.

3 To propose attention mechanism to realize ac-
curate UAV detection in urban with complicated
background.

The subsequent structure of this manuscript is or-
ganized in the following manner: Section II delivers
a comprehensive literature review encompassing
UAV detection methodologies and attention mech-
anism advancements. This review not only synthe-
sizes state-of-the-art approaches - ranging from tra-
ditional vision-based techniques to emerging deep
learning frameworks — but also critically dissects
existing limitations, such as inadequate handling of
dynamic scales in urban clutter or inefficient inte-
gration of attention modules with lightweight detec-
tors, thereby laying a theoretical groundwork for the
innovations proposed in subsequent sections.

To address above problems, this research adapts and
integrates the Partial Self-Attention (PSA) mech-
anism—originally introduced in recent YOLOVS8
variants for general object detection — into a dedi-
cated architecture for robust urban UAV detection
(YOLOVS-PSA). To the best of our knowledge, this is
the first work that systematically evaluates the effi-
cacy of PSA-enhanced YOLOvVS for UAV detection in
complex urban environments, where the PSA mod-
ule is strategically embedded to capture global con-
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textual dependencies, suppress background noise,
and enhance the discriminability of UAV features in
cluttered scenes.

2. Literature Review
2.1. UAV Detection

Vision-based methodologies excel in achieving pre-
cise UAV detection with superior speed and reduced
computational overhead, making them particular-
ly advantageous in resource-constrained scenarios
such as urban surveillance and low-latency mon-
itoring [19, 28, 33, 40]. These vision-driven ap-
proaches can be broadly categorized into two para-
digms: conventional detection techniques and deep
learning-enabled frameworks, each characterized
by distinct mechanisms for feature extraction and
target recognition.

Traditional detection approaches hinge on manually
crafted feature extraction operators to identify and
detect UAVS, relying heavily on domain expertise to
design discriminative features. For instance, Dalal et
al. [7] pioneered an object detection framework that
extracts Histogram of Oriented Gradients (HOG)
features fromtraining samples—capturinglocal edge
distributions and shape nuances—and subsequently
trains a Support Vector Machine (SVM) classifier
to recognize object patterns in images. While this
method demonstrated efficacy in controlled envi-
ronments, its performance is constrained by sen-
sitivity to variations in UAV poseand lighting con-
ditions, limiting its robustness in cluttered urban
settings. Liu et al. [24] proposed a fast aerial UAV de-
tection framework employing improved inter-frame
differencing and SVM classification, offering an
efficient alternative for resource-constrained sce-
narios. Similarly, Viola et al. [32] introduced the Ad-
aBoost algorithm for object categorization, whose
core innovation lies in cascading weak classifiers—
each derived from distinct feature subsets extracted
from samples - to forge a high-performance strong
classifier. Diao et al. [9] further demonstrated the
efficacy of modified local sliding window methods
for vision-based industrial inspection, highlighting
the adaptability of handcrafted feature extraction
in structured environments. This paradigm signifi-
cantly enhanced real-time detection capabilities,
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yetits reliance on hand-engineered features renders
it less adaptable to the diverse appearances and dy-
namic motions of UAVs in complex backgrounds.
Dong et al. [10] propose a UAV detection method
that combines adaptive inter-frame differencing
with morphological filtering for motion-based ROI
extraction. It extracts multi-scale HOG features
(using 64x128 windows and 8x8 cells), followed by
FLD dimension reduction, and employs a polyno-
mial-kernel SVM classifier. Unlu et al. [31] utilized
Generic Fourier Descriptors (GFD) to characterize
binary silhouettes of drones and birds, achieving
scale, rotation, and translation invariant feature
representation. Dong et al. [10] design online feature
classification module in which Sobel operators ex-
tract gradient strength and orientation information,
while HOG features quantify local edge distribution
characteristics. Then, the dual-threshold strategy
(gradient strength threshold and orientation vari-
ance threshold) is applied to filter candidate UAV
targets with distinct edge patterns.

Deep learning-based approaches build neural net-
works to learn from UAV image datasets under var-
ious conditions, thereby enabling UAV feature ex-
traction and detection. Du et al. [11] introduced the
Faster module for the original ELAN architecture
in YOLOv7, with the objective of acquiring rich and
informative feature representations while main-
taining a moderate parameter footprint. The model
utilizes partial convolution (PConv) [21, 22], a spe-
cialized convolutional mechanism engineered to dy-
namically select and process a subset of input chan-
nels rather than the entire feature map. Additionally,
Depth-wise separable convolution (DWConv) layer
facilitates inter-channel feature integration across
all channels. Recent architectures have designed
multi-branch modules for localized spatial feature
extraction, cross-channel semantic fusion, and
identity skip connections to preserve raw input
details [5]. During inference, all branches are rep-
arametrized into a single lightweight 3x3 convolu-
tional layer through linear parameter fusion, elimi-
nating multi-path computational redundancy while
retaining learned feature hierarchies. Ye et al. [35]
design a dual-branch CNN module with Ghost con-
volution [13] to extract shallow local features and
integrate with an Attention-Enhanced Transform-
er Block (AETB) for deep modeling. The left branch

2026/3/55

orchestrates the synthesis of semantic features via
an intricate computational pipeline, incorporating a
Ghost module—renowned for its lightweight design
that mitigates computational redundancy by gen-
erating intrinsic features through cheap operations
- alongside 3x3 depthwise convolution, and 1x1 con-
volution integrated with batch normalization (BN)
to stabilize training dynamics and prevent internal
covariate shift. In contrast, the middle branch de-
ploys 3x3 depthwise convolution in tandem with a
Ghost module, followed by SiLU activation to aug-
ment the model’s capacity for capturing complex,
non-linear patterns, thereby strengthening its ex-
pressive power in distinguishing subtle UAV fea-
tures amid cluttered urban backgrounds. Concur-
rently, attention-enhanced tracking algorithms have
been developed to mitigate occlusion challenges in
low-altitude complex backgrounds [34].

Fundamentally, while conventional detection meth-
odologies can attain precise UAV detection across
heterogeneous scenarios, they remain inherently
constrained by their heavy dependence on manual-
ly engineered feature extraction operators, thereby
exhibiting compromised generalization across un-
seen environments. In contrast, deep learning-based
paradigms demonstrate superior accuracy and ro-
bustness by leveraging large-scale UAV datasets for
knowledge induction, with their performance pre-
dominantly predicated on the architectural ingenui-
ty of neural network configurations.

2.2. Attention Mechanism

Empirically, attention mechanisms have been val-
idated to significantly bolster the accuracy and ro-
bustness of UAV detection, particularly in navigat-
ing complex scenarios characterized by cluttered
backgrounds and dynamic target scales. Rooted in
the analogy of human visual perception - wherein
the visual system inherently prioritizes salient re-
gions while suppressing irrelevant stimuli - these
mechanisms are transfiguring the landscape of com-
puter vision, with their transformative impact being
especially pronounced in UAV detection tasks.

Along the dimension of feature processing, attention
mechanisms can be taxonomized into three prima-
ry paradigms: spatial attention, channel attention,
and hybrid attention. Spatial attention mechanisms
operate by adaptively weighting spatial locales, hon-
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ing in on critical regions such as UAV contours amid
urban clutter; channel attention, by contrast, recal-
ibrates feature channels to amplify discriminative
cues (e.g., texture or motion signatures) while atten-
uating redundant information; hybrid attention, as
an integrated framework, synergizes the strengths
of both, enabling simultaneous refinement of spatial
and channel-wise features to tackle the multifaceted
challenges of real-world UAV detection.

Channel attention mechanisms operate by model-
ing interdependencies between feature channels.
Through global context aggregation and chan-
nel-wise recalibration, these methods achieve effec-
tive feature selection with high parameter efficiency.
For instance, channel attention mechanisms have
been widely adopted to augment representational
capacity within the channel dimension [3]. The inte-
gration of such attention mechanism serves to aug-
ment the representational capacity of targets with-
in the channel dimension. Concurrently, through
accentuating target-related features, suppressing
background interference, and fine-tuning network
parameters, it demonstrates distinct superiority in
image classification tasks. While channel attention
mechanisms enhance feature discriminability by
weighing critical channels, their standalone use suf-
fers from inadequate spatial localization for small
targets like UAVs due to unmodeled positional rela-
tionships and feature dilution in deep layers.

Spatial attention mechanisms model inter-pixel
dependencies across spatial dimensions, enabling
adaptive weighting of critical regions. Following the
paradigm of Non-local Networks [36], spatial atten-
tion has been widely adopted to augment CNNs with
global context modeling capabilities. For instance,
SCINet [12] strategically embeds a spatial attention
module within its inaugural ResBlock, which is spe-
cifically engineered to zero in on the structural con-
tours and morphological details of UAVs in infrared
imagery - effectively mitigating interference from
cluttered backgrounds such as thermal noise, over-
lapping objects, or uneven radiation in complex ur-
ban or low-light scenarios. Despite such merits, spa-
tial attention mechanisms are inherently confined
to spatial-wise feature recalibration: they prioritize
refining pixel-level spatial distributions while over-
looking the saliency of channel-specific features,
which encode critical semantic cues like texture
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variations or spectral signatures unique to UAVs.
This inherent imbalance culminates in pronounced
constraints on detection accuracy, particularly when
tasked with identifying small-scale targets (e.g., mi-
cro-UAVs) in highly intricate environments - such
as dense urban canyons or foliage-rich areas — where
the dearth of channel-wise feature enhancement ex-
acerbates the ambiguity between faint target signals
and background clutter.

Hybrid attention frameworks—encompassing clas-
sical mechanisms such as CBAM [37] and recently
advanced variants like DynamicViT [29]—integrate
both channel and spatial attention mechanisms,
thereby demonstrating superior efficacy in intri-
cate vision tasks (e.g., dense multi-target detection,
low-visibility image parsing, or cluttered scene seg-
mentation). Unlike standalone channel or spatial
attention mechanisms, which operate in relative
isolation, hybrid attention frameworks excel by syn-
ergistically optimizing cross-modal interactions be-
tween channel-wise semantic cues (e.g., texture or
spectral signatures) and spatial-wise structural de-
tails (e.g., contours or positional relationships). This
joint enhancement markedly boosts the robustness
of UAV detection, particularly in scenarios plagued
by complex backgrounds (e.g., overlapping build-
ings, dynamic foliage) and diminutive targets (e.g.,
micro-UAVs), where the fused attention mechanism
effectively mitigates ambiguity between faint target
signals and environmental clutter.

Attention mechanisms augmentthe accuracy and ro-
bustness of UAV detection by dynamically adapting
to intricate UAV operational contexts — encompass-
ing not only forested regions but also urban canyons,
low-light environments, and scenarios with heavy
occlusion from dynamic objects like moving vehi-
cles or foliage. In forested areas, for instance, these
mechanisms can intelligently zero in on critical re-
gions or discriminative features (such as the UAV’s
propeller motion, thermal signatures, or unique sil-
houette edges) while suppressing irrelevant noise
from dense tree canopies, overlapping branches, or
fluctuating shadows.

2.3. Research Gaps and Motivations

Despite notable strides in deep learning-driven
UAV detection - encompassing breakthroughs in
lightweight model architectures, multi-scale fea-
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ture fusion, and real-time inference optimization -
persistent research lacunae endure, with particular
prominence in tackling challenges inherent to urban
UAV detection scenarios. While hybrid attention
mechanisms (e.g., CBAM) have shown promise in
enhancing feature representation, their effective in-
tegration with lightweight detection frameworks re-
mains underexplored. Although recent studies have
attempted to embed hybrid attention modules into
lightweight YOLO variants for UAV and remote sens-
ing tasks [20, 27, 38], these efforts primarily focus on
generic object detection scenarios without tailoring
the synergy between attention mechanisms and effi-
cient feature fusion modules to address urban-spe-
cific challenges such as dynamic scale variations and
severe background clutter. The critical importance
of domain-specific adaptation has been underscored
by the emergence of industrial foundation models
for intelligent manufacturing [42], yet analogous
principled adaptation remains underexplored in ur-
ban UAV detection. As a result, existing approaches
rarely optimize the joint deployment of attention
mechanisms and lightweight network structures for
urban UAV detection.

Future research ought to concentrate on develop-
ing more efficient attention mechanisms, aiming
to achieve precise detection of multi-scale UAVs
in complex environments. Specifically, leveraging
the strengths of channel attention (inter-channel
correlations), spatial attention (pixel-wise depen-
dencies), and hybrid attention (synergistically com-
bining multiple operational domains) to achieve
composite feature enhancement that aligns with the
demands of urban UAV detection.

3. Methodology

3.1. Yolov8 with Enhanced Partial Self-
attention

In this study, the YOLOvS8-PSA is designed for UAV
detection in urban environments, its detailed net-
work structure is shown Figure 1.

YOLOvVS8-PSA network utilizes 640x640x3 images as
input and outputs images with bounding boxes. The
attention-augmented feature extraction block pro-
gressively derives image feature maps that traverse a
hierarchical spectrum, ranging from low-level repre-
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Figure 1
The structure of the YOLOv8-PSA network.
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sentations — such as edge contours, texture gradients,
and pixel-level spatial correlations - to high-level se-
mantic features, including UAV structural patterns,
contextual attribute associations, and target-back-
ground discrimination cues. This incremental der-
ivation process, modulated by the embedded atten-
tion mechanism, ensures that critical features are
dynamically emphasized at each stage, avoiding in-
formation loss during the transition from primitive
visual cues to abstract semantic representations.
The shallower layers specialize in extracting features
such as edges and contours, whereas the deeper lay-
ers focus on capturing high-level semantic features
associated with object categories. The multi-scale
feature fusion module leverages the Feature Pyra-
mid Network (FPN) to integrate multi-scale feature
maps, consolidating semantic and detailed informa-
tion from diverse hierarchical levels. This integra-
tion enhances the network’s adaptability and robust-
ness when confronting targets of varying scales. The
UAV detection module forecasts the bounding boxes
and categories of targets based on these fused feature
maps. Specifically, the bounding box delineates the
spatial position and dimensional attributes of the
target, while the category probability quantifies the
confidence in the classification outcome. Together,
these components enable precise object detection.

The detailed architecture of the PSA module and
its integration into the feature extraction backbone
are elaborated in Section 3.2, while the multi-scale
feature fusion strategy and the lightweight C2fCIB
module are presented in Section 3.3.
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3.2. Attention-enhanced Feature Extraction
Module

The attention-enhanced feature extraction module
is tasked with deriving multi-scale feature maps
across three distinct spatial resolutions with 80x80,
40x40, 20x20. To enhance the feature representa-
tion of UAYV, the Partial Self-Attention (PSA) mech-
anism is incorporated into the YOLOv8-PSA archi-
tecture. The PSA embodies polarization strategy
to enable the network to focus on distinct feature
subspaces, thereby fostering a more comprehensive
feature representation. Unlike full self-attention,
which processes all spatial positions and incurs qua-
dratic computational overhead, the proposed Partial
Self-Attention (PSA) mechanism adopts a feature
segmentation strategy. It splits the feature map into
two branches along the channel dimension: one
branch is processed by Multi-Headed Self-Attention
(MHSA) and Feed-Forward Network (FFN), while
the other bypasses these operations via a residual
connection. This partial design preserves raw fea-
ture information, reduces redundant computations,
and improves efficiency without sacrificing global
contextual modeling. The PSA consists of three pri-
mary components including Feature Segmentation
(FS), Multi-Headed Self-Attention (MHSA), and
Feed-Forward Network (FFN), the network struc-
ture is shown Figure 2.

The FS processes the input feature maps x. Initially,
this feature map undergoes processing via a 1x1 con-
volutional layer to adjust its channel dimensionality,
perform feature transformation, generating trans-
formed feature map X. Then, this transformed feature
map is partitioned by the channel dimension into two
components. One part directly propagates feature
map X to the output referring to residual block. The
other part is processed by the subsequent MHSA and
FFN to obtain feature map F(X). In the end, the two
portions are concatenated to form ultimate output
feature map F(X)+X, as shown in Figure 2(a).

The MHSA is applied to capture long-range depen-
dencies within feature maps. It leverages self-at-
tention mechanism to realize projections of Que-
ry (Q), Key (K), and Value (V). The outputs from
all heads are subsequently concatenated along the
channel dimension and fused via a linear layer to
generate the final output. The attention weights are
computed as follows:
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Figure 2
The detailed diagram of PSA: (a) Structural diagram of
PSA, (b) Structural diagram of MHSA, and (¢) Structural
diagram of FFN.
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where d, represents dimensionality of key vectors.
The MHSA module consists of multiple parallel at-
tention heads, each processing different subspaces
to learn complex semantic features and capturing
diverse dependency patterns, Additionally, residual
connection is used to facilitate the preservation of
original feature information while integrating the
enhanced representations. The structure of MHSA
structure is shown as Figure 2.

The output of the MHSA module is then fed into a
FFN, see Fig.2(b). It comprises two fully connected
layers containing non-linear activation function, en-
abling further feature transformation and enhance-
ment, as shown in Fig.2(c).

FEN(x)=FCGy(a(FCi (1)), @)

where FC, and FC, denote the first and second ful-
ly connected layers, and o represents the activation
function (e.g., ReLU). The output of the FFN is com-
bined with the second component from Feature Seg-
mentation through element-wise summation, im-
plementing a residual connection:

Y= FFN(MHSA (X}) )+ X}, @

The entire PSA process, including Feature Segmen-
tation, MHSA, FFN, and Feature Fusion, can be re-
peated N times (denoted as “xN PSA” in Figure 3) to
iteratively refine the feature representation. Ulti-
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mately, a 1x1 convolutional layer is deployed to fuse
the aggregated features, calibrate channel dimen-
sions, and integrate the attention-refined feature
maps derived from preceding stages. This multi-fold
operation consolidates discriminative cues across
spatial scales and semantic levels, ultimately yield-
ing the PSA module’s final output

3.3. Multi-scale Feature Fusion and UAV
Detection Modules

The multi-scale feature fusion module is meticu-
lously designed to fully harness the potential of fea-
ture maps encompassing multi-level information,
aiming to address the challenge of detecting UAVs
across varying scales. Specifically, large-scale fea-
ture maps, which are rich in fine-grained details
such as subtle edges, texture variations, and local
contour information, are strategically employed for
the precise detection of small UAVs. These detailed
features play a critical role in distinguishing small
targets from complex backgrounds, ensuring that
even diminutive UAVs - often easily obscured or
overlooked - can be accurately identified.

In contrast, small-scale feature maps, characterized
by their abundance of high-level semantic informa-
tion, including category-related attributes and con-
textual associations, are dedicated to the detection
of large UAVs. Such semantic-rich features enable
the network to grasp the overall characteristics and
contextual relevance of larger targets, enhancing the
accuracy of classification and localization for these
relatively prominent UAVs. By rationally allocating
feature maps of different scales to corresponding
target sizes, the module effectively bridges the gap
in detection performance caused by scale discrep-
ancies, thereby significantly boosting the network’s
ability to detect UAVs of varying dimensions.

To achieve this multi-scale feature fusion, the net-
work integrates both FPN and PAN are adopted for
multi-scale feature fusion. Five scale feature maps
B1to B5 are extracted for UAV detection. Both FPN
and PAN work together to integrate B3, B4 and B5
feature maps and generate N5, N4 and N3 feature
maps for more precise UAV detection. The struc-
ture of feature pyramid network of YOLOVS is
shown in Figure 3.

The top-down pathway starts with B5 (P5), which
is upsampled and concatenated with B4 to form
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Figure 3
The multi-scale feature pyramid network of YOLOvVS across
different object scales (Large, Medium, and Small UAVs).
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P4, merging high-level semantics with mid-lev-
el details. P4 is further concatenated with B3 to
generate P3, optimized for small-object detection
by retaining fine-grained spatial information. The
bottom-up pathway in YOLOv8 uses downsam-
pling from P3 (N3), concatenating with P4/P5 to
generate N4/N5. N4 fuses mid-level semantics for
large-object detection, while N5 emphasizes deep
semantics for medium objects. Bidirectional FPN-
PANet fusion ensures detection layers (P3-N5) in-
tegrate spatial and semantic features, enhancing
scale adaptability.

The C2fCIB (Cross-Scale Feature Fusion and Chan-
nel Information Bottleneck) module integrates
pointwise convolution and depthwise convolution
to realize a lightweight design. This integration en-
ables efficient processing of high-dimensional data
while preserving semantic information through in-
ter-channel information interaction and local spa-
tial information extraction. By doing so, it optimizes
the quality of feature maps and empowers the net-
work to more accurately capture key details of tar-
gets. The processing workflow of e C2fCIB module
is illustrated in Fig. 4. To quantitatively evaluate
the efficiency of the proposed C2fCIB module, we
compared its computational cost with the standard
C2f module under identical input conditions (384
channels, 20x20 feature map, n=1). The standard
C2f module in YOLOvVS8n requires 0.493M parame-
ters and 0.198G FLOPs, whereas the proposed C2f-
CIBreduces these to 0.283M parameters and 0.114G
FLOPs, achieving a 42.7% reduction in parameters
and a 42.2% reduction in FLOPs. This significant re-
duction is primarily attributed to the depthwise sep-
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arable convolutions and channel splitting strategies
within the CIB sub-modules, enabling a lightweight
design that preserves semantic integrity while main-
taining real-time detection capability.

The module initially employs a 1x1 convolutional
layer to refine semantic features while preserving
the spatial information. Subsequently, feature map
is partitioned along channel dimension into two
equal segments, each with dimensions HxWx(C/2).
One segment is then processed sequentially by
two CIB (Channel-wise Information Bottleneck)
sub-modules. Each CIB module outputs a feature
map of size HxWx(C/2). The output of the second
CIB module is concatenated with the unprocessed
feature segment, resulting in a feature map of size
HxWx[C/2x(n+2)]. Finally, a 1x1 convolutional layer
is applied to this concatenated feature map to proj-
ect it back to the original channel dimension, pro-
ducing the final output feature map of size HxWxC.
Within the CIB sub-modules, diverse convolutional
operations are employed, including 3x3 convolu-
tions, 1x1 convolutions, and RepVGGDW, enabling
flexible feature extraction and adaptation based on
specific parameter configurations. Each convolu-
tional operation is succeeded by Batch Normaliza-
tion (BatchNorm2d) and the SiLU activation func-
tion. This sequential processing not only facilitates
stable training by mitigating internal covariate shift
and accelerating convergence but also strengthens
the module’s non-linear representation capabili-
ties—enabling it to model complex feature relation-
ships and capture intricate patterns within the input
data more effectively.

Figure 4
C2FCIB detailed diagram. (a) Structural diagram of
C2FCIB, and (b)Structural diagram of CIB.
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3.4. Loss Function

While YOLOv8n originally adopts a combination of
Distribution Focal Loss (DFL) and CIoU loss, this
study employs CIoU as the sole bounding box re-
gression loss to simplify optimization and enhance
convergence stability. Compared to EIoU and SIoU,
CIoU balances overlap area, center distance, and
aspect ratio without introducing additional hyper-
parameters, which is critical for maintaining gen-
eralization across diverse UAV scales. Furthermore,
experiments showed that adding DFL did not yield
significant gains on our dataset, motivating our
streamlined design.

CIoU holistically incorporates multiple critical fac-
tors: the overlapping ratio of bounding boxes, dis-
crepancies in central coordinates, and aspect ratio
harmony. This comprehensive consideration not
only elevates the precision of target detection by
refining the localization accuracy of predicted box-
es but also expedites the convergence rate of model
training through more effective gradient propaga-
tion. The mathematical formulations for CIoU Loss
and its associated parameters are presented below:

2(b,.b,
Ly =1—10U+[¥+(w @
2 _ 2 2 -
P, b)) =(x, —x,)" + (v, = /) ()
_ [

a= 1-IoU+v ©
— 4 aretan () = arctan(22) ) ;
v== (arc an(ht> arcan(hp>> %)
c= \/(xmax - xmin)z + (.Vmax - ymin)2 . ®

where w, and /4, are the width and height of predic-
tion boxes, and w,and 4, are width and height of real
boxes.

The coordinates of bounding box’s center point
are denoted as (x,,), while those of ground-truth
bounding box's center point are (x,,,). X, X,.;, F€PrE-
sent the maximum and minimum coordinate values
on the x-axis. y,,,., ,., correspond to the maximum
and minimum coordinate values on the y-axis. These
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parameters collectively define the spatial boundar-
ies and positional relationships between the pre-
dicted and real bounding boxes, serving as founda-
tional metrics for calculating geometric constraints
in loss functions such as CIoU.

4. Experiment
4.1. Experiment Setting

The detailed experimental environment, encom-
passing both hardware and software specifications,
are listed in Table 1. Regarding the training setup,
the total number of training iterations was config-
ured to 450, with each iteration processing a pre-de-
fined mini-batch of annotated UAV images to update
model parameters. Concurrently, an early stopping
mechanism was incorporated to prevent overfitting,
featuring a patience parameter set to 100 epochs.
Validation is performed after every training epoch.
The patience of 100 epochs is intentionally set to al-
low sufficient room for performance plateaus, given
the total of 450 epochs. This configuration ensures
that early stopping does not interrupt training pre-
maturely unless no improvement is observed over an
extended period (approximately 22% of total itera-
tions), which is considered indicative of convergence
saturation. During the training process, the batch size
was fixed at 16, and the input images were resized to
an initial resolution of 640x640. The initial learning
rate was set to 0.01. These hyperparameters follow
the default training configuration recommended by
the Ultralytics YOLOvS8 framework [16], which has
been widely adopted in recent object detection stud-
ies [41]. The epoch number was extended to 450 to
ensure full convergence on the UAV dataset, while
the patience of 100 was set to prevent overfitting giv-
en the dataset size. To monitor the generalization ca-
pability of model in the real time, validation was per-
formed iteratively during training. For each round of
validation, the segmentation strategy adhered to the
default split of the validation set.

In this experiment, a UAV detection dataset is estab-
lished for model training and testing. This dataset is
collected from the public dataset 'Urban-UAV-De-
tection’ (or alternative name) released on the Robo-
flow platform (https://github.com/mugheessarwar-
awan/UETT4K-Anti-UAV?tab=readme-ov-file),
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Table 1
Model training environment.
Environment to confisure
Name gu
CPU 16 vCPU Intel(R) Xeon(R)
Platinum 8481C
GPU RTX 4090D(24GB) *1
Python Python 3.12(ubuntu22.04)
PyTorch PyTorch2.5.1
CUDA CUDA 124

which is organized to be used primarily for the task
of UAV detection in complex environments. The im-
ages in the dataset include urban UAV under differ-
ent angles, altitudes and lighting conditions, which
effectively ensures the applicability of UAV detec-
tion. The dataset encompasses a cumulative total
of 5,275 annotated images, which are stratified into
training, validation, and testing subsets adopting a
7:2:1 split ratio.

To conduct an objective and comprehensive assess-
ment of the model’s performance, three core met-
rics — Precision (P), Recall (R), and Mean Average
Precision (mAP) - are employed. These metrics ef-
fectively quantify the model’s accuracy and compre-
hensiveness in handling classification tasks, thereby
furnishing a critical foundation for evaluating its
overall performance. A detailed elaboration of each
metric is as follows:

Precision connotes the fraction of model-predicted
positive-class instances that are truly positive. This
metric encapsulates the model’s capability to min-
imize false alarms within its positive predictions,
serving as a critical indicator of discriminative rigor
in distinguishing genuine targets from background or
irrelevant classes. It is computed using the formula:

_ TP
pP= TP+FP’ ©)

where, TP denotes the quantity of positive-class
samples that are accurately recognized and appro-
priately categorized by the model, whereas FP desig-
nates the number of negative-class samples that are
erroneously predicated as positive. Mathematically,
Precision is calculated as:
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Recall, also known as sensitivity, quantifies the mod-
el’s capacity to identify all actual positive samples
within the dataset. It reflects the completeness of
the model in capturing true positive instances, mea-
suring how many of the real positive cases are suc-
cessfully retrieved by the model. Mathematically, it
is calculated as:

__1P
R=Trr (10)

FN specifically refers to the count of positive sam-
ples that are erroneously categorized as negative,
representing instances where the model fails to rec-
ognize actual targets. A higher recall value directly
signifies that the model can detect positive samples
more comprehensively, minimizing the number of
missed true positives—an attribute of particular sig-
nificance in UAV detection, where overlooking tar-
gets may lead to critical oversights.

mAP serves as a holistic metric to evaluate the mod-
el’s capacity to sustain high precision across vary-
ing recall thresholds. Unlike single-point precision
or recall, mAP integrates performance across the
entire spectrum of recall values, offering a more ro-
bust assessment of the model’s overall effectiveness.
A higher mAP value indicates that the model can
maintain elevated precision even as recall increases,
reflecting superior balance between accuracy and
completeness in target detection. Its calculation for-
mula is as follows:

mAP =235 (R,~R,_)P(R,). an

4.2. Performance Evaluation

This section shows the experiment results including
the loss and mAP during the model training, model
performance evaluation and detection results, and
comparison between the YOLOvV8-PSA and the orig-
inal YOLOvS8n.

4.2.1. Model Training

The loss values of the baseline YOLOvS8n (including
box loss, classification loss, and distribution focal
loss) and the proposed YOLOv8-PSA (including only
box loss and classification loss, as DFL was omitted)
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Figure 5
Loss curve during the model training,.
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were calculated to monitor the training process; de-
tailed results are shown in Fig. 5. For YOLOvV8-PSA,
the box_loss decreases from about 4.0 to about 1.5
after 300 iterations, and the cls_loss decreases from
about 12.5 to about 2.0. Comparitively, for YOLOvS8n,
the box_loss decreases from about 4.5 to about 2.5 af-
ter 400 iterations, the cls_loss decreases from about
13.5 to about 3.5, the dfl_loss decreases from about
4.5 to about 2.5. It demonstrates that YOLOv8-PSA
outperforms the original YOLOv8n model in terms
of bounding-box regression generalization, classifi-
cation performance.

The mAP results of YOLOv8-PSA and YOLOvS8n
are also evaluated, as shown in Fig. 6. In terms of
mAP50, the initial value of the original model is
about 0.6, and it rises to about 0.8 after 300 itera-
tions; the initial value of YOLOv8-PSA is about 0.65,
and it reaches about 0.85 after 200 iterations, and is
close to 0.9 after 300 iterations, which rises faster
and converges to a higher value in the end. This in-
dicates that YOLOvV8-PSA is better than the original
model in terms of detection accuracy. In summary,
the YOLOV8-PSA is better in terms of both the rise
speed and the final convergence value, which indi-
cates that the improvement measures effectively
enhance the detection accuracy and generalization,
making it adaptable to target detection under differ-
ent IoU thresholds, and more accurately identifying
and localizing the target objects.
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Figure 6
mAP50 curve during the model training.
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4.2.2. Model Evaluation

The detection performance of proposed YOLOvVS-
PSA is also quantitative evaluated across different
UAV sizes: small, medium, and large, as well as over-
all. The metrics used for this analysis are precision,
recall, mAP50 (mAP at an IoU threshold of 0.5). The
results of multi-scale UAV detection metrics are
shown in Table 2.

Table 2
Detection performance of YOLOvVS8-PSA for multi-scale UAV.
precision Recall mAP50
small 0.974 0.891 0.935
Medium 0.968 0.946 0.969
Large 0.966 0.966 0.985
overall 0.978 0.925 0.965

The relatively lower recall for small UAVs (0.891)
compared to large ones (0.966) can be attributed
to their limited pixel footprint in the input images
(640x640), which reduces the spatial details avail-
able for feature extraction. Small UAVs are also
more susceptible to occlusion and background clut-
ter in urban scenes, leading to occasional missed
detections. In contrast, large UAVSs occupy more pix-
els, providing richer semantic and structural cues,
thereby improving recall. A more detailed analysis
of each scale is provided below.

For small UAVs, it achieves a high precision of 0.974,
arecall of 0.891 and mAP50 score was 0.935. In the
detection of medium UAVs, the model demonstrat-
ed a precision of 0.968, a strong recall of 0.946 and
mAP50 score was 0.969. This suggests a balanced
and robust performance for medium-sized tar-
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gets. For large UAVs, the model yielded a precision
of 0.966 and a recall of 0.966, indicating consistent
identification and capture of these targets. The
mAP50 score was the highest among the categories
at 0.985. This highlights the effectiveness of model
in detecting larger, more prominent UAVs.

Collectively, the model attained a precision of 0.978,
a recall of 0.925, and an overall mean Average Pre-
cision at 50% IoU (mAP50) of 0.965. These consoli-
dated metrics underscore the model’s superior accu-
racy and robust efficacy in detecting UAVs spanning
diverse scales within the dataset. The consistently
high precision across all categories underscores the
model’s reliability in its positive predictions.

4.2.3. Detection Results

This section evaluates the performance of the
YOLOvS8-PSA model in detecting multi-scale UAVs
against complex urban scenarios through visual-
ized detection results. Sample images were selected
from the test set to visually compare the efficacy of
YOLOvS8-PSA model against the original model, as
illustrated in Figure 7.

As illustrated in Figure 7, key differences between
YOLOvV8-PSA and the original YOLOv8n are annotat-
ed with colored boxes and arrows. Red boxes indicate
the ground-truth UAV positions. For the detection of
small UAV in complex urban background, the origi-
nal model fails to detect the target, whereas YOLOvS-
PSA correctly identifies it. For medium UAV with
partial occlusion, both models detect the target, but

Figure 7

Detection Results of proposed YOLOv8-PSA for multi-
scale UAVs.
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YOLOvS8-PSA achieves a higher confidence score
compared to the original model. For large UAV with
90 rotation, the original model misses the target,
while YOLOvS8-PSA successfully localizes it. These
comparisons demonstrate that the proposed model
is more robust to scale variation, occlusion, and ori-
entation changes in urban UAV detection.

By capturing long-distance dependencies and solv-
ing the deficiencies of traditional convolution in
capturing detailed features, the PSA attention
mechanism enables the model to filter out irrelevant
background information and locate the target object
more accurately. This leads to a reduction in both
false positives and false negatives, even in visually
cluttered environments. Furthermore, the integra-
tion of the C2fCIB module contributes to a light-
weight design and efficient processing of high-di-
mensional data, preserving semantic information
and optimizing feature map quality to better capture
key target details. The CIoU loss function also plays
arole by improving target localization accuracy.

In summary, the proposed enhancements, particular-
ly the global attention mechanism, allow our model
to achieve more accurate and reliable UAV detection
in complex urban environments. It can successfully
identify targets that the original model might miss or
misclassify, demonstrating superior performance in
handling variations in UAV scale, pose, and challeng-
ing background conditions. This lays a solid founda-
tion for practical application in real-world urban sur-
veillance and airspace management.

4 3. Comparative Study

In order to verify the superiority of the improved
YOLOvVS8-PSA in the UAV detection performance,

Table 3
Comparative experiments with other detection approaches.
Method P
YOLOv8n 0.949
YOLOv8n+CloU+GAM 0.954
YOLOv8n+DIoU+GAM 0.968
YOLOv8n+DIoU+SE 0.969

YOLOv8n+GIoU+ShuffleAttention 0.974

Modified model 0.978
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YOLOvVS8n and its various improved algorithms are
selected to be compared and analyzed on the data-
set used in this experiment. The experiment results
are shown in Table 3.

After comparative analysis, the improved mod-
el achieves competitive performance gains across
the three key metrics of P, R, and mAP50, with
consistent margins over the baseline YOLOv8n
and other variants, which are 0.04, 2.7, and 2.1 per-
centage points higher than the optimal values of
the suboptimal algorithm (YOLOv8n+GIoU+Shuf-
fleAttention), respectively. Compared with the
base YOLOv8n model and the other three models
(YOLOv8n+CIoU+GAM, YOLOv8n+DIoU+GAM,
YOLOv8n+DIoU+SE), the improved model im-
proves by 2.9,2.4,1,and 0.9 percentage points on the
P metric, 2.5, 2.3, 2.6, and 3 percentage points on the
R metric, and 2.6, 2.7, 2.6, and 1.8 percentage points
on the mAP50 index, respectively.

Itis worth noting that the current comparative study
focuses on YOLOv8-based variants to isolate the ef-
fect of our proposed modules. However, recent state-
of-the-art detectors such as YOLOv9 and RT-DETR
have demonstrated strong performance in object de-
tection tasks. Future work will include these models
as benchmarks to further validate the superiority
and generalizability of YOLOv8-PSA.

4 4. Ablation Study

A total of 8 different module combinations is de-
signed in the experiment, and each module and its
combination is gradually introduced based on the
base model (Model 1), and their effects on precision
(P), recall (R) and mAP50 are analyzed, as shown in
Table 4.

R mAP50
0.9 0.939
0.902 0.938
0.899 0.939
0.895 0.947
0.898 0.944
0.925 0.965
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Table 4
Ablation experiment.
model CIoU PSA C2fCIB

1 — _ —
2 v — -
3 —_ _
4 v -
5 — v —
6 4 v —
7 - \4
8 v v

Model 1 is the baseline YOLOv8n with default set-
tings, achieving 0.949 precision, 0.900 recall, 0.939
mAP50, and an inference latency of 2.0ms on an
NVIDIA RTX 4090 GPU with batch size 1 and
640x640 input resolution.

Model 2 introduces only the CIoU loss. Compared
to the baseline, precision improves to 0.973, recall to
0.908, and mAP50 to 0.944, while latency is signifi-
cantly reduced to 0.8ms. This demonstrates that CIoU
not only enhances localization accuracy but also ac-
celerates convergence and reduces inference time.

Model 3 adds only the C2fCIB module. Precision slight-
ly drops to 0.943, whereas recall increases to 0.904 and
mAP50 to 0.949. The latency increases to 3.1ms due
to the additional depthwise separable convolutions
and channel splitting operations. The improved recall
suggests that C2fCIB enhances sensitivity to low-level
and mid-level features, but the increased feature diver-
sity may introduce false positives from background el-
ements, causing a marginal precision drop.

Model 4 combines CIoU and C2fCIB. It achieves the
same accuracy as Model 2, with a latency of 1.1ms.
The feature extraction advantage of C2fCIB may not
be fully exploited when paired with CIoU, possibly
due to mutual constraints.

Model 5 introduces only the PSA mechanism. Preci-
sion decreases to 0.971, recall to 0.897, and mAP50 to
0.941, with alatency of 2.6ms. PSA focuses on global
contextual dependencies but may over emphasize
certain features, leading to slight bias in localization
and identification.
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P R mAP50 Latency(ms)
0.949 0.9 0.939 2
0.973 0.908 0.944 0.8
0.943 0.904 0.949 31
0.973 0.908 0.944 11
0.971 0.897 0.941 2.6
0.969 0.913 0.948 17
0.966 0.912 0.95 12
0.978 0.925 0.965 14

Model 6 combines CIoU and PSA. Precision is 0.969,
recall increases to 0.913, mAP50 to 0.948, and laten-
cy is 1.7ms. This combination balances localization
precision and feature selection, improving recall
without significantly harming precision.

Model 7 combines PSA and C2fCIB. Precision is
0.966, recall 0.912, mAP50 0.950, and latency 1.2ms.
PSA and C2fCIB synergistically enhance feature ex-
traction and selection, effectively mining target fea-
tures and boosting recall, though the altered feature
representation causes a slight precision decrease.

Model 8 integrates all three modules. It achieves
the best overall performance: precision 0.978, recall
0.925, mAP50 0.965, with a latency of 1.4ms. This la-
tency is lower than the baseline (2.0ms) and remains
well within real time requirements. The synergy of
CloU, PSA, and C2fCIB enables significant gains in
both precision and recall, confirming the effective-
ness of the proposed enhancements for practical ur-
ban UAV detection.

While statistical significance testing was not per-
formed due to computational constraints, the con-
sistent margin of improvement across precision, re-
call, and mAP50 suggests robust performance gains
attributable to the proposed modules.

4.5. Limitations and Failure Cases

Although YOLOvV8-PSA demonstrates superior per-
formance in most urban UAV detection scenarios,
several limitations remain. First, under extreme
low-light conditions (e.g., nighttime or heavy shad-
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ow), the model suffers from degraded recall due to in-
sufficient texture details and low signal-to-noise ra-
tio, occasionally missing small UAVs that are barely
visible. Second, in cases of severe occlusion—where
UAVs are partially or fully hidden behind buildings,
vehicles, or dense foliage—the detection rate drops
significantly, as the PSA mechanism may fail to cap-
ture adequate global cues when the target is largely
invisible. Third, adverse weather conditions such
as rain, fog, or haze degrade image quality and in-
troduce scattering noise, leading to increased false
negatives. These failure cases are exemplified in the
test set by the relatively lower recall for small UAVs
(0.891) compared to large ones (0.966), indicating
that extremely small or heavily obscured targets
remain challenging. Future work will address these
limitations through multi-modal sensor fusion and
low-light image enhancement.

5. Conclusion

In this study, a partial self-attention mecha-
nism-enhanced YOLOvVS8 is proposed to address the
challenges of UAV detection in complex urban en-
vironments. The key contributions and findings are
summarized as follows:

1 PSA mechanism. We integrate the Partial
Self-Attention (PSA) mechanism into YOLOVS to
enhance the model’s ability to capture global con-
textual dependencies and suppress background
noise. By partitioning feature maps, applying
multi-headed self-attention, and fusing features
via residual connections, PSA effectively focuses
on critical UAV features (e.g., shape, contours) in
cluttered urban scenes, reducing false positives
and missed detections.

2 C2fCIB multi-scale fusion. We design a multi-
scale feature fusion module combining FPN and
PAN with the C2fCIB block, which strengthens
adaptability to dynamic UAV scales. C2fCIB,
through lightweight design and cross-channel in-
formation exchange, optimizes feature extraction
efficiency while preserving fine-grained details,
enabling accurate detection of small, medium,
and large UAVs.

3 CloU loss optimization. We adopt the CIoU loss
function to improve bounding box localization by

2026/3/55

jointly considering the overlapping ratio, center
distance, and aspect ratio harmony. This acceler-
ates model convergence and enhances position-
ing precision during training.
Experimental results on a urban UAV dataset
demonstrate that YOLOv8-PSA demonstrates mea-
surable and consistent improvements over the origi-
nal YOLOvS8n and other variants. It achieves an over-
all precision of 0.978, recall of 0.925, and mAP50 of
0.965, with exceptional performance on small UAVs
(mAP50 = 0.935) and large UAVs (mAP50 = 0.985).
Ablation studies confirm that the synergistic effect
of PSA, C2fCIB, and CIoU is critical: their combina-
tion yields a 2.6% improvement in mAP50 compared
to the baseline YOLOvS8n.

In summary, the YOLOvV8-PSA model achieves a
favorable detection accuracy and real-time perfor-
mance, rendering it well-suited for practical appli-
cations such as urban UAV surveillance, airspace
management, and emergency response scenarios.
Its ability to efficiently capture key target details
while maintaining rapid inference speeds ensures
reliable operation in dynamic and complex environ-
ments, addressing the core demands of real-world
UAV monitoring tasks.

For future work, two primary directions will be
prioritized: First, to reduce the computational
overhead of the PSA module while maintaining de-
tection accuracy, we will investigate efficient at-
tention variants that replace dense self-attention
with sparse or linear-complexity approximations.
Specifically, sparse attention patterns with fixed
local-global factorization (e.g., Sparse Transform-
ers [4]) and low-rank projection methods (e.g.,
Linformer [35]) will be explored to reduce the qua-
dratic complexity of self-attention. Additionally,
I0-aware exact attention kernels (e.g., FlashAtten-
tion [8]) will be considered to accelerate inference
on resource-constrained edge devices deployed in
urban surveillance systems. Second, the dataset
will be expanded to include more samples captured
under different weathers. By incorporating such
challenging scenarios, the model’s robustness and
generalization capability will be strengthened, en-
abling it to maintain stable performance across a
wider range of practical environments and thus ex-
tending its applicability to more complex real-world
scenarios. Furthermore, the complete source code
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and pre-trained weights of the proposed YOLOvVS-
PSA model will be released and made open-source
on GitHub to facilitate reproducibility and future
collaborative research.
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