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Abstract—Accurate vehicle detection in drone imagery remains
a critical challenge due to substantial object scale variation and
severe feature degradation arising from small target sizes and
complex urban environments. To address these challenges, a novel
detection framework, termed the structured integrated cascade
network (SICNet), is proposed to improve detection performance
in aerial scenes, particularly under dense traffic conditions and
small-object scenarios. The core methodological innovation of
SICNet lies in a structured attention-guided feature interaction
paradigm, which explicitly models the coordinated enhancement
of global semantic representations and local spatial details
across hierarchical features. Specifically, the proposed structured
integrated balanced attention path aggregation network (SIBA-
PAN) reformulates conventional feature fusion by introducing
an attention-guided mechanism for efficient semantic–spatial
information exchange. Within this architecture, a dual-branch
attention module, referred to as the structured integrated bal-
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anced attention module (SIBAM), is constructed, where the
structured grouped attention module and the integrated spatial
attention module operate in parallel to capture complementary
channel-wise dependencies and spatial responses, respectively,
thereby enhancing discriminative feature representation while
suppressing background interference. In addition, a spatial cross-
stage module (SCM) is integrated into the backbone to strengthen
multi-scale context modeling through the coordinated use of
cross-stage connections, ELAN-style aggregation, and depth-
wise separable convolutions, achieving efficient feature fusion
with minimal computational overhead. Extensive experiments
conducted on the VisDrone dataset demonstrate that SICNet
achieves a 3.6% improvement in mAP0.5 over the baseline,
with notable gains in detection accuracy for small and densely
distributed vehicles, thereby validating the effectiveness of the
proposed structured attention mechanism and multi-scale feature
interaction strategy. The code and dataset are available at https://
github.com/yikuizhai/SICNet

Index Terms—Drone, vehicle detection, feature fusion, atten-
tion mechanism.

I. INTRODUCTION

W ITH the rapid development of unmanned aerial vehi-
cle (UAV) technologies, camera-equipped UAVs have

been widely adopted in urban monitoring due to their high
mobility, flexible deployment, and real-time data acquisition
capabilities [1], [2]. When integrated with onboard computing,
UAVs enable efficient edge-level processing for applications
such as traffic surveillance, infrastructure inspection, crowd
monitoring, and public safety management [3]. Among these
tasks, vehicle detection in aerial imagery is essential for intel-
ligent transportation, urban planning, and emergency response
[4]. However, reliable detection remains challenging because
UAV imagery exhibits pronounced variations in object scale,
orientation, and spatial distribution [5]. Although modern
detectors, including two-stage frameworks represented by
Faster R-CNN [6], anchor-based one-stage models exemplified
by the YOLO series [7], anchor-free methods such as FCOS
[8], and Transformer-based detectors such as DETR [9] and
its variants [10], have achieved strong performance on natural
scene benchmarks [11], their effectiveness is often degraded
when applied to UAV scenarios. This degradation is primar-
ily caused by drastic scale variation, dense object layouts,
and complex urban backgrounds. As illustrated in Fig. 1,
UAV-based vehicle detection typically faces two fundamental
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Fig. 1. Challenges are encountered in urban aerial scenes by UAV-based vehicle detection. (a) Object scale change. (b) Object feature loss. Images are from
VisDrone dataset.

challenges. The first is severe scale variation, which produces
inconsistent feature representations and hinders the detection
of small vehicles, including car, van, bus, and truck. The
second is feature degradation induced by inter-class overlap
and background clutter, leading to inaccurate localization, mis-
classification, and missed detections, which ultimately affect
downstream tasks such as vehicle tracking and traffic flow
analysis.

To address the critical challenges illustrated in Fig. 1,
namely drastic object scale variation and feature degradation,
recent studies have focused on enhancing feature fusion and
contextual modeling. Among these efforts, various path aggre-
gation network (PAN) variants [12] have been proposed to
improve multi-scale feature fusion by optimizing the flow and
alignment of semantic and spatial information across hierar-
chical layers. Representative designs such as the bidirectional
feature pyramid network [13] and neural architecture search-
based feature pyramid network [14] incorporate bidirectional
fusion and adaptive weighting strategies to strengthen cross-
scale connectivity. Although these methods have demonstrated
promising results, they still suffer from increased architec-
tural complexity, redundant feature propagation, and limited
sensitivity to small and densely distributed vehicles in UAV
imagery. In addition, while PAN-based models partially alle-
viate the scale variation problem, feature degradation for
small or occluded vehicles remains a persistent challenge,
particularly in aerial perspectives where weak textures and
low contrast result in poor feature representations. Spatial
pyramid-based modules, such as Spatial Pyramid Pooling Fast
Cross Stage Partial Connections (SPPFCSPC) and Atrous
Spatial Pyramid Pooling (ASPP) [15], have been introduced
to enrich contextual information through multi-scale pooling
or dilated convolutions. However, these approaches remain

constrained by fixed receptive field configurations, pooling
redundancy, and limited adaptability to detection backbones.
More importantly, existing methods generally rely on homo-
geneous feature aggregation or loosely coupled attention
mechanisms, lacking explicit modeling of semantic–spatial
interactions, which restricts their ability to jointly address
scale variation and feature degradation in a unified
manner.

To overcome these limitations, a vehicle detection frame-
work tailored for UAV imagery, termed the structured
integrated cascade network (SICNet), is proposed to enhance
detection accuracy in scenarios involving dense traffic, small
objects, and complex urban backgrounds. As illustrated in
Fig. 1, UAV imagery is characterized by severe scale varia-
tion and feature degradation caused by cluttered backgrounds
and weak object responses. To address these issues, SICNet
introduces the structured integrated balanced attention path
aggregation network (SIBA-PAN) to improve the flow of
semantic and spatial information across hierarchical feature
layers through an attention-guided fusion strategy. At its core,
a structured integrated balanced attention module (SIBAM) is
embedded to jointly address scale variation and background-
induced feature degradation via coordinated channel–spatial
recalibration. Specifically, the structured grouped attention
module (SGAM) enhances multi-scale channel dependencies
by capturing discriminative responses across different spatial
resolutions, thereby improving robustness to scale variation,
while the integrated spatial attention module (ISAM) refines
spatially salient regions and suppresses background interfer-
ence, effectively mitigating feature degradation in complex
urban scenes. These two components operate in parallel,
forming a complementary attention mechanism that strength-
ens vehicle-relevant features while preserving structural



QIU et al.: SICNet: STRUCTURED INTEGRATED CASCADE NETWORK FOR UAV-BASED VEHICLE DETECTION

consistency. Meanwhile, SICNet leverages efficient design
principles, including grouped channel operations, depthwise
separable convolutions, and parameter-sharing mechanisms
within attention branches, which enhance computational orga-
nization and feature processing despite the introduction of
parallel structures. In addition, a multi-scale enhancement
module, referred to as the spatial cross-stage module (SCM),
is integrated into the backbone. SCM incorporates cross-stage
connections, ELAN-style feature aggregation, and depthwise
separable convolutions to extend the conventional spatial
pyramid pooling mechanism, thereby enhancing multi-scale
feature fusion and contextual representation capability. Exten-
sive experiments conducted on three public UAV-based vehicle
detection benchmarks, namely VisDrone [16], PUCPR [17],
and CARPK, demonstrate the effectiveness of SICNet. The
proposed framework achieves substantial improvements in
detection performance, particularly for small and densely
distributed vehicles, validating the capability of the structured
attention mechanisms and multi-scale feature fusion strategy
to address the inherent challenges in UAV-based vehicle detec-
tion. The key contributions of this paper can be summarized
as follows:

1) A structured integrated balanced attention path aggre-
gation network (SIBA-PAN) has been developed, in
which semantic and spatial features are integrated across
hierarchical levels to improve vehicle localization accu-
racy. In addition to architectural integration, the design
is grounded in an explicit feature interaction mecha-
nism that models the complementary roles of global
semantic abstraction and local spatial detail preservation,
providing a principled basis for enhanced multi-scale
representation.

2) To enhance contextual perception and spatial discrimi-
nation, a structured grouped attention module (SGAM)
and an integrated spatial attention module (ISAM) have
been incorporated. Long-range dependencies are cap-
tured through grouped channel-wise encoding, while
vehicle-relevant spatial regions are highlighted via spa-
tial processing. These modules are applied in parallel to
improve detection robustness without increasing model
complexity. This parallel formulation establishes a struc-
tured dual-branch attention paradigm, enabling adaptive
coordination between channel and spatial responses
rather than relying on conventional sequential attention
schemes.

3) A spatial cross-stage module (SCM) based on spatial
pyramid pooling was integrated into the backbone to
aggregate multi-scale context, improving detection of
small objects in UAV imagery. The module further
introduces a reformulated combination of cross-stage
connections, hierarchical aggregation, and progressive
context modeling, which enhances feature diversity and
stability under severe scale variation.

4) Experiments on VisDrone show a 3.6% mAP0.5 gain
over the baseline and competitive results with state-
of-the-art methods. Beyond empirical improvements,
the proposed framework demonstrates consistent gains
across multiple evaluation metrics, reflecting enhanced

feature discriminability and robustness in complex UAV
scenarios.

II. RELATED WORK

This section reviews UAV-based vehicle detection from
three perspectives, namely vehicle detection frameworks, fea-
ture fusion strategies, and attention mechanisms. In particular,
it focuses on the challenges of object scale variation and
object feature loss in aerial imagery, and analyzes how exist-
ing methods address these issues by improving multi-scale
perception, enhancing feature aggregation, and emphasizing
task-relevant representations while suppressing background
interference.

A. Vehicle Detection

In recent years, vehicle detection has become a crucial
component of intelligent traffic surveillance systems, par-
ticularly within UAV-based remote sensing. The primary
objective is to accurately localize and classify vehicles in aerial
imagery captured from diverse altitudes and viewpoints. With
continuous progress in deep learning, mainstream detectors
such as RetinaNet, YOLO, and Faster R-CNN have been
effectively adapted to remote sensing tasks. RetinaNet, a
single-stage detector, utilizes the feature pyramid network to
address object scale variation and incorporates Focal Loss to
mitigate foreground–background imbalance, enabling robust
performance in dense traffic scenes [18]. In contrast, Faster
R-CNN adopts a two-stage design: it first generates candidate
regions using a region proposal network and subsequently
performs region-wise classification and regression for accurate
object localization. These architectures have demonstrated
competitive performance on generic object detection bench-
marks and are widely employed as baselines in UAV-based
vehicle detection studies.

Despite these advances, vehicle detection in UAV imagery
remains highly challenging due to the small physical size
of vehicles, dense spatial layouts, and complex background
textures inherent to aerial perspectives. Two fundamental chal-
lenges, namely object scale variation and feature degradation,
have been identified as the primary factors limiting detection
accuracy. To address these issues, numerous improvements
over traditional detectors have been explored. For instance,
VFNet extends RetinaNet by introducing an IoU-aware clas-
sification strategy and varifocal loss to improve performance
in crowded scenes [19]. Within the YOLO family, YOLOv4-
CSP enhances feature reuse and gradient propagation through
cross stage partial connections, while YOLOX [20] introduces
decoupled detection heads and dynamic label assignment to
better accommodate variable object distributions [20]. More
recent advances, including YOLOv10 [21], YOLOv11 [22],
and YOLOv12 [23], further improve detection efficiency and
accuracy through optimized architectures and training strate-
gies. In parallel, RTMDet [24] introduces an efficient real-time
detection framework with improved label assignment and
optimized training pipelines, achieving strong performance in
dense and small-object detection scenarios. In the two-stage
domain, Libra R-CNN and Cascade R-CNN enhance accuracy
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through balanced feature sampling and progressive refinement 
strategies [25]. In addition, spatial pyramid pooling modules 
have been widely adopted to aggregate multi-scale contextual 
information, and attention mechanisms have been introduced 
to strengthen scale-invariant feature encoding. However, most 
existing methods address scale variation and feature degrada-
tion separately and often compromise either semantic richness 
or computational efficiency. To jointly resolve both challenges, 
this paper proposes SICNet, a structured vehicle detection 
framework tailored for UAV-based remote sensing. By inte-
grating spatial-semantic attention with efficient multi-scale 
fusion within a unified d esign, S ICNet e nhances feature 
discriminability while maintaining real-time inference capa-
bility. Consequently, more accurate detection of small and 
densely distributed vehicles in complex aerial environments 
is achieved.

B. Feature Fusion

Multi-scale feature aggregation has been widely recog-
nized as a key strategy in UAV-based vehicle detection for
addressing feature degradation, which is primarily caused
by small object sizes, densely packed layouts, and com-
plex urban backgrounds. Traditional convolutional detectors
often struggle to maintain discriminative representations for
small-scale objects due to their limited receptive fields and
inadequate scale adaptability [26]. To alleviate these issues,
Various detection frameworks have introduced spatial pyra-
mid pooling mechanisms to enhance multi-scale contextual
encoding. Classical SPP modules partition feature maps into
fixed spatial bins to capture hierarchical cues across scales,
improving robustness under scale variation [27]. Variants such
as Spatial Pyramid Pooling Fast (SPPF) and Simplified Spatial
Pyramid Pooling Fast (SimSPPF) simplify the pooling struc-
ture while preserving essential multi-resolution information.
Atrous spatial pyramid pooling expands the receptive field
via dilated convolutions, enabling richer contextual awareness
without increasing kernel size [28]. Meanwhile, Spatial Pyra-
mid Pooling Cross Stage Partial Connections (SPPCSPC) and
its improved variant SPPFCSPC incorporate cross-stage partial
connections to enhance feature reuse and fusion efficiency
across scales.

Although these SPP-based modules have proven effective
for detecting small and overlapping vehicles in UAV imagery
by mitigating feature degradation, several limitations persist.
Fixed spatial binning often fails to accommodate irregular
object shapes and varied distributions in aerial views, reduc-
ing spatial precision. While reducing computational burden,
semantic richness is often compromised. Modules like ASPP
may also introduce excessive parameters and struggle to retain
fine-grained details during scale transitions [29]. To address
such constraints, recent studies have explored adaptive or
compact pyramid pooling strategies—such as multi-kernel
parallel pooling and dynamic configuration schemes—that
aim to balance representational capacity and efficiency. For
example, designs like Lite-SPP and adaptive pyramid modules
attempt to modulate pooling behavior based on semantic
features within each layer. However, these methods still face
trade-offs between semantic abstraction and spatial accuracy,

limiting their ability to recover fine object cues under complex
UAV scenarios. To overcome these challenges, this paper
proposes a multi-scale enhancement module named SCM,
which integrates an expressive fusion mechanism. By com-
bining cross-stage connections, Efficient Layer Aggregation
Network (ELAN) style aggregation, and depthwise convolu-
tions, SCM extends traditional pyramid pooling designs to
improve semantic detail preservation while maintaining effi-
ciency. Integrated into the SICNet backbone, SCM enhances
the network’s capacity to recover fine-grained features across
scales, enabling more accurate vehicle detection in dense and
cluttered aerial scenes.

C. Attention Mechanisms

Attention mechanisms have been widely adopted in
UAV-based vehicle detection to mitigate object scale variations
and enhance discriminative feature representation across mul-
tiple spatial resolutions. Channel attention modules, such as
squeeze-and-excitation (SE) [30] and efficient channel atten-
tion (ECA) [11], recalibrate feature responses by emphasizing
informative channels; however, they generally lack explicit
spatial modeling and thus fail to capture rich contextual depen-
dencies. Spatial attention modules focus on salient regions
within feature maps, yet their limited receptive fields and
fixed kernel designs restrict their adaptability in complex aerial
scenes. Hybrid approaches, such as the convolutional block
attention module (CBAM) [31], sequentially integrate channel
and spatial attention to model both channel-wise importance
and spatial relevance. However, their rigid sequential formu-
lation limits flexibility in capturing diverse object geometries
and irregular spatial distributions. Coordinate attention incor-
porates directional encoding into channel attention to enhance
orientation-aware representation, yet it remains less effective
in modeling highly irregular layouts commonly observed in
UAV imagery. Transformer-based self-attention mechanisms,
as exemplified by the vision transformer [32], enable global
dependency modeling through full token interaction and have
demonstrated strong representational capacity in various vision
tasks. Recent advances, such as the real-time detection trans-
former (RT-DETR) [33], further improve efficiency through
optimized architecture design and training strategies, making
transformer-based detectors more practical for real-time appli-
cations. However, in UAV-based vehicle detection scenarios,
these methods still incur significantly higher computational
overhead, posing challenges for deployment on resource-
constrained edge devices. Moreover, their performance in
small-object and densely distributed scenarios remains sen-
sitive to feature degradation and scale variation, as further
discussed in the experimental analysis.

Although these attention-based techniques enhance feature
discrimination and scale awareness, significant challenges
remain in balancing representational capacity, spatial adapt-
ability, and computational efficiency under highly variable
and cluttered UAV imagery. To address these limitations,
this paper introduces SIBAM, a structured dual-branch atten-
tion module comprising SGAM and ISAM. SGAM refines
semantic channel dependencies through structured group-
ing and multi-scale encoding, while ISAM enhances spatial
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Fig. 2. The overall framework of our proposed vehicle detection method. The SIBA-PAN model comprises two components: PAN and SIBAM. To begin, the
feature maps (C3-C5) produced by the backbone are processed by SIBAM to extract specific information from the corresponding feature layers. Subsequently,
the hierarchical architecture of the PAN component, which incorporates both bottom-up and top-down pathways, is utilized to comprehensively fuse semantic
and spatial information from distinct feature layers. Lastly, after undergoing extensive fusion, the feature maps are subjected to another round of processing
by SIBAM in order to extract finer features. These refined feature maps are then directed to their respective detection heads.

responses via multi-statistical spatial reweighting and pro-
gressive refinement. Operating in parallel, these two branches
capture complementary attention cues and establish a coor-
dinated channel–spatial interaction mechanism. Embedded
within the SIBA-PAN architecture, SIBAM enables more
effective semantic–spatial fusion across hierarchical features,
thereby improving robustness and discriminability in multi-
scale vehicle detection for complex UAV scenarios.

III. METHODS

In this section, the proposed SICNet for UAV-based vehicle
detection is introduced. SICNet is constructed by integrating
the SCM and the SIBA-PAN. Specifically, SIBA-PAN is
composed of the SGAM and the ISAM, which collaboratively
enhance feature representation by modeling both channel-wise
and spatial dependencies. Through this hierarchical design,
the proposed framework effectively alleviates the challenges
of object scale variation and object feature loss, thereby
improving detection performance in complex UAV scenes. The
overall architecture of SICNet is illustrated in Fig. 2.

A. Structured Integrated Balanced Attention Path
Aggregation Network

To address the critical challenges of object scale varia-
tion and feature degradation in UAV-based vehicle detection,
an enhanced feature interaction framework is proposed to
improve multi-scale representation and robustness. In vehicle
detection, conventional feature pyramid network (FPN) and
PAN frameworks perform multi-scale fusion through direct
feature aggregation, implicitly treating semantic and spatial
information as homogeneous components. Although effective,
such designs lack an explicit mechanism to regulate the
interaction between global semantic responses and local spatial
details, particularly under severe object scale variations and
feature degradation in UAV imagery. As illustrated in Fig. 5,
existing attention mechanisms typically adopt simplified or

sequential designs, which are insufficient for explicitly mod-
eling the complementary relationship between channel and
spatial representations.

To address this limitation, the proposed SIBA-PAN intro-
duces an attention-guided feature interaction framework, in
which feature aggregation is reformulated via structured atten-
tion modeling. Specifically, the Structured Integrated Balanced
Attention Module (SIBAM) is constructed by jointly adapting
channel and spatial attention mechanisms within a parallel
architecture. Unlike conventional sequential designs, the chan-
nel branch incorporates structured multi-scale encoding to
capture long-range semantic dependencies, while the spatial
branch leverages multi-statistical aggregation to emphasize
fine-grained local patterns. This parallel formulation trans-
forms channel and spatial attention from isolated recalibration
operations into mutually complementary components within a
unified interaction framework, thereby enabling more effective
coordination between semantic abstraction and spatial detail
preservation. From a theoretical perspective, this design can be
interpreted as a decomposition of feature representations into
complementary subspaces, where channel attention captures
global semantic distributions and spatial attention models
localized structural variations, resulting in a more expressive
joint representation for complex aerial scenes. Furthermore,
the integration of the two attention branches is formulated
as an adaptive balancing process rather than a fixed fusion
operation. The fusion coefficient λ is explicitly defined as
a learnable parameter and is jointly optimized with the
network weights during training, enabling dynamic adjust-
ment of the relative contributions of channel-enhanced and
spatial-enhanced features. This design avoids the limitations
of manually predefined fusion ratios and allows the model
to adaptively emphasize global semantic responses or local
spatial details according to input characteristics. From an opti-
mization perspective, the introduction of λ can be interpreted
as a data-driven weighting mechanism that approximates opti-
mal feature selection under varying input distributions, thereby
improving gradient flow stability and enhancing convergence



IEEE TRANSACTIONS ON INTELLIGENT TRANSPORTATION SYSTEMS

Fig. 3. Conceptual illustration of the proposed attention modules. (a) The SGAM extracts multi-scale channel-wise context using three adaptive pooling
branches: AAP at 1 × 1 and 2 × 2 resolutions, and AMP at 1 × 1 resolution. Pooling outputs with the same spatial size are fused by element-wise addition,
flattened, and grouped before being concatenated into a unified descriptor. This descriptor is passed through a MLP to compute the channel attention weights,
which are then applied to the input feature via a residual connection. (b) The ISAM captures spatial dependencies by applying average and max pooling along
the channel axis, followed by element-wise addition. The resulting three spatial maps are concatenated and processed by a 3 × 3 depthwise convolution and
sigmoid activation to generate spatial attention weights, which are likewise applied with a residual connection. (c) The SIBAM integrates SGAM and ISAM
in parallel. The outputs of both attention branches are fused to produce a refined feature representation, enabling balanced enhancement in both channel and
spatial dimensions.

Fig. 4. Structural comparison of different spatial feature aggregation modules. (a) Spatial Pyramid Pooling Fast (SPPF) leverages sequential max pooling
and concatenation. (b) Efficient Layer Aggregation Network (ELAN) splits features into parallel paths with partial fusion. (c) Cross Stage Partial (CSP)
introduces a split-transform-merge strategy. (d) The proposed SCM integrates CSP and ELAN principles with cascaded depthwise convolutions to achieve
efficient multi-scale feature extraction.

behavior. Given an input feature map f ∈ RC×H×W , two
parallel attention transformations are first applied to generate
complementary representations. The channel attention trans-
formation is denoted as Ac(·), corresponding to the SGAM
branch, while the spatial attention transformation is denoted
as As(·), corresponding to the ISAM branch. These operations
produce intermediate features fSGAM and fISAM, both of which
retain the same dimensionality as the input feature map. To
ensure stable optimization and balanced feature contributions,

both feature maps are normalized using the `2-norm, denoted
as ‖ · ‖2, which computes the Euclidean norm across channel
and spatial dimensions. A small constant ε is introduced to
prevent numerical instability. The normalized features are rep-
resented as f̂SGAM and f̂ISAM. The fusion coefficient λ ∈ [0, 1]
is generated through a learnable projection mechanism, where
GAP(·) denotes global average pooling that aggregates spatial
information into a channel descriptor, w ∈ RC is a learnable
weight vector, and σ(·) denotes the sigmoid activation function
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Fig. 5. This figure illustrates the structural layouts of representative attention
mechanisms, namely CBAM, SE, ECA, SA, and CA, with the essential
operations and components of each module clearly depicted.

that constrains the output within a bounded range. In terms
of computational complexity, the proposed parallel attention
design introduces only marginal overhead. Specifically, SGAM
relies on multi-scale pooling and grouped one-dimensional
convolution, while ISAM employs depthwise and pointwise
convolutions with linear complexity with respect to spatial res-
olution. Consequently, the overall time and space complexity
remains comparable to conventional attention modules while
providing enhanced representational capacity.

fSGAM = Ac( f ),
fISAM = As( f ),

f̂SGAM =
fSGAM

‖ fSGAM‖2 + ε
, f̂ISAM =

fISAM

‖ fISAM‖2 + ε
,

λ = σ
�
w> · GAP( f )

�
,

f ′ = f + λ · f̂SGAM + (1 − λ) · f̂ISAM (1)

B. Structured Grouped Attention Module

To address the critical challenge of object scale variation in
UAV-based vehicle detection, a multi-scale channel attention
mechanism is introduced to enhance feature representation
across different spatial resolutions. In UAV-based vehicle
detection, conventional single-scale channel attention mech-
anisms often fail to capture multi-resolution dependencies
and fine-grained structural details, thereby limiting feature
discriminability under significant scale variation and complex
background conditions. To overcome these limitations, SGAM
introduces a multi-scale adaptive pooling framework that
generates channel descriptors at multiple spatial resolutions,
enabling the network to simultaneously encode global seman-
tic context and localized structural information. This design is
particularly effective for handling scale variation, as features
corresponding to small and large objects are jointly modeled
across diverse receptive fields.

From a theoretical perspective, multi-scale adaptive pooling
can be interpreted as a hierarchical feature decomposition pro-
cess, where low-resolution pooling captures global semantic
distributions, while higher-resolution pooling preserves local-
ized structural responses. This complementary representation
alleviates feature degradation for small objects by preventing
excessive spatial information loss during global aggregation
and retaining discriminative local cues that are critical for
small-scale target recognition. Specifically, average pooling
stabilizes feature responses and suppresses background inter-
ference, whereas max pooling emphasizes salient foreground

activations. By hierarchically fusing these complementary
descriptors through element-wise addition, SGAM constructs
structured multi-scale channel representations that capture
subtle variations in object appearance and enhance the discrim-
ination of overlapping targets. Compared with conventional
attention mechanisms that rely on single-path global descrip-
tors or simple channel weighting, SGAM explicitly integrates
multi-scale feature interactions and complementary pooling
strategies, resulting in more discriminative, context-aware,
and computationally efficient representations tailored for UAV
imagery. Formally, given an input feature map f ∈ RC×H×W ,
SGAM constructs multi-scale channel descriptors by applying
global average pooling and global max pooling, denoted
as GAP(·) and GMP(·), respectively, where both operations
aggregate spatial information into channel-wise statistics. The
resulting descriptors f c

1 ∈ R
C×1×1 and f c

2 ∈ R
C×1×1 encode

complementary statistical properties. These descriptors are
reshaped into vectors z1, z2 ∈ R

C via the flatten(·) operation,
which maps spatially aggregated tensors into one-dimensional
channel representations. To introduce structured channel inter-
action, the max-pooled descriptor z2 is processed by a grouped
one-dimensional convolution operator Conv1Dg(·), where g
denotes the number of channel groups controlling the granular-
ity of local channel dependency modeling, producing z̃2 ∈ R

C .
The vectors z1 and z̃2 are concatenated via concat(·) to form
a unified representation z ∈ R2C , integrating multi-scale and
multi-statistical information. A bottleneck multi-layer percep-
tron is then applied, where W1 ∈ R

C
r ×2C and W2 ∈ R

C× C
r

are learnable weight matrices, and r is the channel reduction
ratio controlling feature compression. The nonlinear activation
function δ(·) denotes the ReLU function, while the sigmoid
function σ(·) maps the output to the range [0, 1], producing
channel attention weights s ∈ RC . Finally, the refined feature
map f ′c ∈ R

C×H×W is obtained by channel-wise modulation of
the input feature f with attention weights s through element-
wise multiplication ⊗, where s is broadcast along the spatial
dimensions.

f c
1 = GAP( f ), f c

2 = GMP( f ),
z1 = flatten( f c

1 ), z2 = flatten( f c
2 ),

z̃2 = Conv1Dg(z2),
z = concat(z1, z̃2),
s = σ (W2 · δ (W1 · z)) ,

f ′c = f ⊗ s (2)

C. Integrated Spatial Attention Module

To explicitly address the problem of object feature loss in
UAV-based vehicle detection, spatial attention plays a critical
role in modeling positional dependencies within feature maps,
particularly in UAV imagery where complex backgrounds,
small targets, and densely distributed objects pose significant
challenges. Conventional spatial attention mechanisms, such
as CBAM, typically rely on aggregating channel-wise statistics
through a single global descriptor to generate attention maps.
This approach compresses rich spatial information into a
limited representation and fails to adequately discriminate
fine-grained structures, leading to insufficient sensitivity to
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object boundaries and contextually important regions, espe-
cially under severe feature degradation caused by background 
clutter and low-contrast targets. To address these limitations, 
ISAM introduces a multi-statistical spatial encoding frame-
work that fundamentally differs from traditional single-path 
designs. By jointly exploiting average-pooled and max-pooled 
spatial descriptors, ISAM simultaneously captures globally 
smooth contextual information and locally salient features, 
enabling more reliable recovery of degraded object cues. From 
a theoretical perspective, this design can be interpreted as 
a complementary statistical decomposition of spatial infor-
mation, where average pooling approximates low-frequency 
background distributions while max pooling preserves high-
frequency salient responses. Their joint modeling effectively 
mitigates feature degradation by enhancing signal-to-noise 
separation, allowing discriminative foreground structures to 
be preserved even under complex background interference. In 
addition, a mixed descriptor is constructed through element-
wise interaction, enabling cross-statistical coupling that further 
enriches spatial representation and improves robustness to 
degraded feature conditions.

In implementation, ISAM constructs a structured multi-
statistical spatial representation by jointly leveraging three 
complementary descriptors derived from the input feature map
f ∈ RC×H×W . Specifically, f a

s
vg ∈ R 1×H×W a nd f smax ∈ R1×H×W 

are obtained via channel-wise average pooling AvgPoolc(·) 
and max pooling MaxPoolc(·), respectively, where the pooling 
operations aggregate channel information while preserving
spatial structure. The mixed descriptor f smix ∈ R1×H×W is
defined through an element-wise interaction operator ⊕, which
denotes adaptive fusion between fa

s
vg and f smax to encode 

complementary statistical characteristics. These descriptors are 
concatenated along the channel dimension using concat(·) 
to form a unified r epresentation F s ∈  R3×H×W .  T o refine 
spatial representations while maintaining computational effi-
ciency, a factorized convolutional structure is employed, where 
DWConv(·; Wd) denotes depthwise convolution with learnable 
parameters Wd, performing independent spatial filtering per 
channel, and PWConv(·; Wp) denotes pointwise convolution 
with parameters Wp, enabling cross-channel interaction and 
feature recombination. The refined f eature F̃ s i s then mapped 
to a spatial attention map Ms ∈ R1×H×W via the sigmoid 
activation function σ(·), which constrains values to the range 
[0, 1]. The attention map is broadcast along the channel dimen-
sion and applied to the input feature f through element-wise 
multiplication ⊗, enabling spatially adaptive feature recalibra-
tion. A residual connection is further introduced to preserve 
the original feature distribution and stabilize gradient prop-
agation. From an optimization perspective, this formulation 
enhances gradient flow by maintaining identity mapping while 
selectively amplifying informative spatial regions, thereby 
improving convergence stability and robustness under feature 
degradation conditions.

f s
avg = AvgPoolc( f ), f s

max = MaxPoolc( f ),

f s
mix = f s

avg ⊕ f s
max,

Fs = concat( f s
avg, f s

max, f s
mix),

F̃s = PWConv
�
DWConv(Fs; Wd); Wp

�
,

Ms = σ(F̃s),
f ′s = f ⊗ Ms + f (3)

D. Spatial Cross-Stage Module

To explicitly address the challenges of object scale variation
and object feature loss in UAV-based vehicle detection, the
representational capacity of the backbone network is enhanced
through the proposed SCM. The SCM is constructed by
reinterpreting and adapting the core principles of cross stage
partial (CSP), efficient layer aggregation network (ELAN),
and spatial pyramid pooling within a unified framework.
Rather than directly inheriting their original formulations, each
component is structurally redesigned to better facilitate multi-
scale feature interaction in drone imagery. This integrated
design is motivated by the need to simultaneously preserve
fine-grained details and expand contextual perception, which
are critical for accurately detecting small objects under com-
plex aerial perspectives. From a theoretical perspective, the
fusion of CSP, ELAN, and SPPF can be interpreted as a
structured decomposition of feature propagation and aggre-
gation, where CSP preserves gradient flow and low-frequency
structural information through partial identity mapping, ELAN
enhances feature diversity via multi-path transformations that
approximate higher-order feature interactions, and SPPF cap-
tures multi-scale contextual dependencies through hierarchical
receptive field expansion. This complementary design allevi-
ates feature degradation for small objects by maintaining local
detail fidelity while progressively enriching global contextual
cues, forming a balanced representation between spatial pre-
cision and semantic abstraction.

In implementation, the input feature map f ∈ RC×H×W

is first compressed via a 1 × 1 convolution, denoted as
Conv1×1(·), to reduce channel redundancy and facilitate effi-
cient branch decomposition. The compressed feature f̃ is
then partitioned into multiple branches, where one branch f0
preserves low-level information through identity mapping, and
the remaining branches { fi}Ni=1 perform depthwise separable
convolutions DWConv(·) followed by hierarchical pooling
operations {Pk(·)}Kk=1 to capture multi-scale contextual features.
Here, Pk(·) denotes pooling with increasing receptive fields,
enabling progressive context aggregation. The intermediate
features are then aggregated through ELAN-style hierarchi-
cal concatenation, denoted as H(·), which fuses multi-path
representations while preserving intermediate diversity. Sub-
sequently, SPPF operations, denoted as SPPF(·), are applied
to selected branches to further enhance contextual encoding.
Let Concat(·) denote channel-wise concatenation, and let F(·)
represent the final feature fusion via 1× 1 convolution. From
an optimization perspective, this formulation enables iterative
refinement of spatial context while maintaining stable gradient
propagation across branches, resulting in improved robustness
for small and densely distributed object detection.

f̃ = Conv1×1( f ),

f0 = f̃ ,

fi = Pk
�
DWConv( f̃ )

�
, i = 1, . . .,N,
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FELAN = H( f0, f1, . . ., fN),

FSPP = Concat
�
SPPF( f0), SPPF(FELAN)

�
,

fout = F(FSPP) (4)

IV. EXPERIMENTAL AND RESULTS

In this section, the proposed vehicle detection network is
systematically evaluated under a comprehensive experimental
setting. Specifically, ablation experiments are first conducted
to investigate the contribution of each component in addressing
object scale variation and object feature loss. Subsequently, a
detailed analysis is performed to examine the key operations
that influence detection performance. Finally, comparative
experiments are carried out against state-of-the-art methods
using multiple evaluation metrics, and the corresponding visual
results are analyzed to further validate the effectiveness and
robustness of the proposed approach.

A. Experimental Setting

1) Implementation Details: All experiments were con-
ducted on a Windows 10 platform equipped with an Intel Core
i9-11900K CPU and an NVIDIA RTX 3090 GPU with 24 GB
of memory. The models were trained for 300 epochs using
stochastic gradient descent (SGD) with an initial learning rate
of 0.01 and a batch size of 16. Mosaic data augmentation
was applied during the first 280 epochs and disabled in the
final 20 epochs to stabilize convergence. To ensure a fair com-
parison, all models were trained under a unified experimental
protocol, including consistent input resolutions, training sched-
ules, and data augmentation strategies. Specifically, identical
input sizes were adopted across all experiments, and all
compared methods were retrained under the same settings
rather than relying on reported results. In addition, training
configurations, including optimizer parameters, learning rate
schedules, and augmentation pipelines, were strictly aligned
to eliminate potential sources of bias. To further enhance
experimental transparency, both training and validation loss
curves were continuously monitored throughout the training
process to assess convergence behavior and mitigate potential
overfitting during extended training.

2) Experimental Data: Most experiments were conducted
on the VisDrone dataset, focusing on four vehicle cate-
gories: car, van, bus, and truck. All images were resized
to 1280 × 1280 pixels for training and evaluation. To
further evaluate the generalization ability of the proposed
method, additional comparative experiments were performed
on the PUCPR and CARPK datasets, which represent diverse
UAV-based scenarios. It should be noted that both CARPK and
PUCPR contain only the car category. The dataset splits and
experimental settings for VisDrone are summarized in Table I,
while the partitioning statistics for the car category in CARPK
and PUCPR are presented in Table II.

3) Evaluation Metric: Multiple evaluation metrics were
employed, including mean Average Precision at an IoU thresh-
old of 0.5, denoted as mAP0.5, at an IoU threshold of 0.75,
denoted as mAP0.75, and the average over IoU thresholds
ranging from 0.5 to 0.95 with a step size of 0.05, denoted
as mAP0.5:0.95. A prediction was considered correct for mAP0.5

TABLE I
STATISTICAL ANALYSIS OF THE OBJECT NUMBER FOLLOWING

THE PARTITIONING OF THE VISDRONE DATASET

TABLE II
STATISTICAL ANALYSIS OF CAR OBJECTS IN CARPK
AND PUCPR DATASETS FOLLOWING PARTITIONING

if the Intersection over Union (IoU) between the predicted
and ground-truth bounding boxes exceeded 0.5, and for
mAP0.75 if it exceeded 0.75. The metric mAP0.5:0.95 reflects
the average precision across ten IoU thresholds, providing a
comprehensive evaluation of detection performance. Among
these metrics, mAP0.5 primarily reflects classification capabil-
ity, mAP0.75 emphasizes localization accuracy, and mAP0.5:0.95
represents the overall detection quality. All mAP values are
reported in percentage %. In addition to accuracy metrics,
computational efficiency and model complexity were evaluated
using the number of parameters (Params (M)) and floating-
point operations (GFLOPs), which respectively measure model
size and computational cost. Furthermore, training and infer-
ence behaviors were analyzed through the loss value, recall
rate, and confidence score, which reflect optimization con-
vergence, detection completeness, and prediction reliability,
respectively. The inference latency, measured in milliseconds
(ms), was also reported to assess real-time performance.

B. Comparative Experiment

In this section, we conduct a series of ablation studies
to verify the effectiveness of each proposed component,
including the SCM, dual-branch attention strategies, and
the complete SIBA-PAN architecture. All experiments are
performed on the VisDrone dataset using CSPNeXt as the
backbone and CSPNeXt-PAN as the baseline neck unless
otherwise specified. To ensure fair comparison, each mod-
ule is evaluated under identical training settings, and the
results are averaged over multiple runs to guarantee statistical
robustness. The goal is to isolate the contribution of each
component and validate its impact on both detection accuracy
and computational efficiency in UAV-based vehicle detection
scenarios.

1) Structured Integrated Cascade Network: In order to
validate the effectiveness of SICNet for UAV-based vehicle
detection, comprehensive comparative experiments were con-
ducted on three challenging benchmarks, namely VisDrone,
PUCPR, and CARPK. These datasets are characterized by
densely distributed vehicles and complex urban environments,
thereby providing a rigorous testbed for evaluating detection
robustness. As reported in Table III, Table IV, and Table V,
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TABLE III
COMPARATIVE RESULTS ON THE VISDRONE DATASET IN TERMS OF DETECTION ACCURACY AND SCALE-WISE PERFORMANCE

SICNet consistently achieves superior performance across
all datasets while maintaining competitive model efficiency.
Specifically, it attains the highest mAP0.5 scores of 68.2%,
96.5%, and 99.0% on VisDrone, PUCPR, and CARPK, respec-
tively, while also achieving superior mAP0.5:0.95 results of
44.0%, 64.1%, and 67.3%.

Compared with recent strong baselines, including RTMDet,
YOLOv10, YOLOv11, and YOLOv12, SICNet consistently
demonstrates enhanced detection performance, particularly
in challenging scenarios involving small-scale and densely
distributed vehicles. Notably, SICNet surpasses RTMDet by
3.6, 0.9, and 0.8 percentage points in mAP0.5 on VisDrone,
PUCPR, and CARPK, respectively. This consistent improve-
ment can be attributed to the structured integration of semantic
and spatial attention within SIBA-PAN, which enables more
effective feature recalibration across hierarchical levels. By
jointly modeling global channel dependencies and local spatial
saliency, the proposed framework enhances the discriminabil-
ity of small objects while suppressing background interference,
thereby improving detection robustness in complex aerial

scenes. Furthermore, the ablation results of attention combina-
tion strategies in Table VI and Table VII demonstrate that the
weighted parallel design consistently achieves the best perfor-
mance across all evaluation metrics. Compared with serial or
naive parallel configurations, the weighted fusion mechanism
enables dynamic balancing between channel-enhanced and
spatial-enhanced features. From a theoretical perspective, this
formulation can be interpreted as a soft selection mechanism
over complementary feature subspaces, where the learnable
coefficient adaptively modulates the contribution of global
semantic information and local spatial details. Such a design
avoids the information bottleneck introduced by sequential
processing and mitigates feature redundancy in standard par-
allel fusion, resulting in a more stable and expressive feature
representation. Consequently, the network is better equipped
to capture complex contextual dependencies inherent in UAV
imagery. Despite a moderate increase in computational com-
plexity, SICNet maintains competitive inference efficiency, as
evidenced in Table V, where it achieves a favorable trade-
off between model size, computational cost, and inference
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TABLE IV

COMPARATIVE RESULTS ON PUCPR AND CARPK DATASETS IN TERMS OF MAP0.5 , MAP0.75 , AND MAP0.5:0.95 (%)

speed. This balance makes SICNet suitable for real-world UAV
deployment scenarios.

2) Structured Integrated Balanced Attention Path Aggrega-
tion Network: To evaluate the effectiveness of the proposed
SIBA-PAN, comprehensive comparisons were conducted
against Various attention integration strategies and mainstream
feature pyramid network designs. Table VI summarizes the
results of four attention combination strategies implemented
under the same CSPNeXt backbone [24]. Among these,
the weighted parallel configuration employed by SIBA-PAN
achieved the highest detection performance, reaching 67.7%
mAP0.5, 60.6% mAP0.75, and 48.6% mAP0.5:0.95. In contrast,
conventional serial and basic parallel strategies exhibited lower
accuracy, indicating that naı̈ve stacking or merging of attention
modules does not sufficiently capture the complex spatial
and semantic dependencies present in UAV imagery. The
effectiveness of SIBA-PAN is further supported by comple-
mentary feature response metrics, as reported in Table VII.
The weighted parallel configuration demonstrates the highest
Precision(B), P/R ratio, and lowest training loss among the
four strategies, highlighting its ability to produce stronger

feature activation in foreground regions while maintaining
effective suppression of background responses. These metrics
illustrate how the weighted parallel design enhances both
discriminability and feature robustness across hierarchical fea-
tures. Additional evaluations across different feature pyramid
networks, shown in Table VIII, further validate the superiority
of SIBA-PAN. Despite sharing the same CSPNeXt backbone
[24], SIBA-PAN surpasses CSPNeXt-PAN and PDPA-PAN
[44] by 3.1% and 0.9% mAP0.5, respectively, and outperforms
HSFPN [42] and GFPN [43]. These results confirm that SIBA-
PAN effectively strengthens cross-scale feature interaction and
achieves state-of-the-art detection of small, densely distributed
vehicles in complex urban UAV imagery.

3) Structured Grouped Attention Module and Integrated
Spatial Attention Module: To evaluate the effectiveness of
different attention mechanisms for UAV-based vehicle detec-
tion, a comprehensive comparison was conducted involving
both widely adopted modules and the proposed designs.
As shown in Table IX, Table X, and Fig. 5, conven-
tional mechanisms such as SE, ECA, CA, and CBAM
[31] provide only marginal improvements over the baseline
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TABLE V

COMPARISON OF DIFFERENT METHODS ON THE VISDRONE
DATASET IN TERMS OF MODEL EFFICIENCY

CSPNeXt-PAN. Notably, SE and CBAM even lead to per-
formance degradation, with mAP0.5 decreasing to 64.2% and
64.5%, respectively. These results suggest that general-purpose
attention mechanisms are not sufficiently tailored to the unique
challenges of UAV imagery, such as small object scales and
dense spatial distributions. In contrast, the proposed attention
modules yield significant performance gains. SGAM enhances
channel-wise feature discrimination, while ISAM improves
spatial localization accuracy. As further evidenced in Table X,
different convolutional structure designs within SGAM exhibit
varying effectiveness, where the proposed combination of 1×1
and 2 × 2 convolutions achieves the best trade-off between
representation capability and computational efficiency. When
integrated into the unified SIBAM, the network achieves the
best overall performance, with 67.7% mAP0.5, 60.6% mAP0.75,
and 48.6% mAP0.5:0.95. These improvements are obtained with
only minimal additional computational overhead while main-
taining real-time inference speed. Overall, the results validate
both the effectiveness and practicality of the proposed attention
designs for addressing dense object detection challenges in
UAV-based scenarios.

4) Spatial Cross-Stage Module: To evaluate the effective-
ness of the proposed SCM, a comprehensive comparison was
conducted against several widely used SPP variants, including
SPP, SPPF, ASPP, SPPCSPC, and SPPFCSPC. As shown in
Table XI, all experiments utilized the CSPNeXt backbone with
a consistent neck configuration to ensure a fair comparison.
The proposed SCM achieves the highest mAP0.5 of 65.2%,
surpassing the conventional SPP and SPPF by 0.6% and
1.5%, respectively. Moreover, SCM outperforms advanced
variants such as ASPP, SPPCSPC, and SPPFCSPC, demon-
strating superior multi-scale feature aggregation capabilities.
Furthermore, SCM attains the best mAP0.75 and mAP0.5:0.95
scores of 57.8% and 46.4%, respectively, indicating enhanced
localization accuracy and overall detection performance. These
results confirm SCM’s practicality as a robust enhancement
for spatial feature representation in dense UAV-based vehicle
detection scenarios.

C. Ablation Experiments

In this section, a series of ablation studies are conducted to
verify the effectiveness of each proposed component, including
the SGAM, ISAM, weighted fusion, and SCMs. All experi-
ments are performed on the VisDrone dataset using CSPNeXt
as the backbone. To ensure a fair comparison, each module
is evaluated incrementally under identical training settings,
with performance measured by mAP0.5 and mAP0.5:0.95. The
results demonstrate the individual and combined contributions
of these components to detection accuracy while maintain-
ing reasonable computational efficiency in UAV-based object
detection scenarios.

1) Structured Integrated Cascade Network: Table XII
presents the ablation study results of SICNet on the VisDrone,
PUCPR, and CARPK datasets, highlighting the individual
contributions of each component. By progressively inte-
grating SGAM, ISAM, the weighted fusion strategy, and
the SCM, consistent improvements in detection performance
are observed across all datasets. Specifically, for the Vis-
Drone dataset, mAP0.5 increases from 64.6% to 68.2%, with
mAP0.5:0.95 rising from 41.2% to 49.1%. On the PUCPR
dataset, mAP0.5 improves from 95.6% to 96.5%, while
mAP0.5:0.95 increases from 62.9% to 64.1%. Similarly, on
the CARPK dataset, mAP0.5 rises from 98.2% to 99.0%
and mAP0.5:0.95 from 64.8% to 67.3%. The corresponding
parameter counts also increase gradually, reaching 6.7M for
the full SICNet, with a moderate GFLOPs growth from 4.7 to
16.1. These results validate the effectiveness of each proposed
module in enhancing detection accuracy, while maintaining
a computational cost that remains feasible for UAV-assisted
edge processing. The ablation analysis demonstrates that the
inclusion of SGAM and ISAM provides the largest marginal
gains in feature representation, the weighted fusion further
optimizes the integration of channel and spatial cues, and SCM
contributes to multi-scale context aggregation, collectively
enabling robust performance across diverse UAV imagery
scenarios. This comprehensive evaluation confirms the design
rationale and practical efficiency of SICNet in real-world aerial
vehicle detection tasks.
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TABLE VI

COMPARISON OF DIFFERENT ATTENTION COMBINATION STRATEGIES

TABLE VII

EVALUATION OF ATTENTION COMBINATION STRATEGIES WITH COMPLEMENTARY FEATURE RESPONSE METRICS

TABLE VIII

COMPARISON OF DIFFERENT FEATURE PYRAMID NETWORKS
ON UAV-BASED VEHICLE DETECTION

TABLE IX
COMPARISON OF DIFFERENT ATTENTION MECHANISMS

ON UAV-BASED VEHICLE DETECTION

2) Structured Grouped Attention Module and Integrated
Spatial Attention Module: The effectiveness of the proposed
SGAM module was thoroughly evaluated through an ablation
study, as shown in Table XIII. By progressively incorporating
global pooling, local context pooling, and group convolu-
tion, consistent improvements in detection performance were
achieved. Specifically, mAP0.5 increased from 64.6% to 66.8%,
and mAP0.5:0.95 rose from 45.6% to 47.4%, with the parameter

TABLE X
COMPARISON OF DIFFERENT CONVOLUTIONAL STRUCTURES

IN SGAM FOR UAV-BASED VEHICLE DETECTION

TABLE XI
COMPARISON OF DIFFERENT SPP MODULES ON

UAV-BASED VEHICLE DETECTION

count increasing moderately from 4.1M to 4.8M and GFLOPs
from 15.4 to 16.8. These results demonstrate that SGAM effec-
tively enhances multi-scale spatial feature aggregation while
introducing minimal computational overhead. Similarly, the
performance contribution of the ISAM module was assessed
in Table XIV. Introducing the average pooling stream led
to noticeable gains, and further adding the max pooling
stream provided additional improvements. The full ISAM
configuration, which integrates both streams through com-
bined pooling fusion, achieved the highest detection scores,
with mAP0.5 reaching 66.1% and mAP0.5:0.95 reaching 47.3%,
while the parameter count increased from 4.1M to 4.5M
and GFLOPs rose only marginally to 15.9. These findings
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TABLE XII
ABLATION STUDY OF SICNET ON THE VISDRONE, PUCPR, AND CARPK DATASETS

TABLE XIII
ABLATION STUDY OF SGAM ON THE VISDRONE DATASET

TABLE XIV

ABLATION STUDY OF ISAM ON THE VISDRONE DATASET

TABLE XV

ABLATION STUDY OF SCM ON THE VISDRONE DATASET WITH EXTENDED METRICS

highlight ISAM’s effectiveness in refining spatial attention and
capturing complementary contextual information. Overall, the
ablation studies of SGAM and ISAM confirm that each module
contributes positively to the detection performance, with con-
trolled increases in computational cost and parameters. SGAM
primarily enhances multi-scale feature representation, whereas
ISAM effectively captures complementary spatial context,
together providing a robust improvement in UAV-based vehicle
detection accuracy while maintaining practical efficiency. This

analysis underscores the rationale for the module designs and
supports their inclusion in the full SICNet architecture.

3) Spatial Cross-Stage Module: Table XV presents the
ablation results of the proposed SCM on the VisDrone dataset.
To evaluate the contribution of each structural component,
CSP connections, the ELAN structure, and DWConv were
progressively integrated into the baseline CSPNeXt backbone.
The baseline model achieved a mAP0.5 of 64.3%, a precision
of 0.61, a P/R ratio of 0.88, a training response of 0.046,
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Fig. 6. Heatmap visualization of detection performance across different model variants on the VisDrone dataset, including Baseline, SCM, SGAM, ISAM,
Serial (S+I), Serial (I+S), Parallel, Weighted Parallel, SIBA-PAN, and the final SICNet. The figure illustrates the progressive enhancement in spatial focus
and activation quality as each proposed component is integrated. Notably, SICNet demonstrates the most concentrated and accurate responses over vehicle
regions, highlighting the effectiveness and synergy of the full architecture.

with 4.1M parameters and 15.4 GFLOPs. Introducing CSP
connections increased mAP0.5 to 64.7%, improved precision
to 0.63, and reduced the training response to 0.044, indicating
enhanced feature reuse and better foreground–background dis-
crimination. Subsequently, adding the ELAN structure further
improved mAP0.5 to 64.9%, increased the P/R ratio to 0.89,
and decreased the training response to 0.042, demonstrating
the effectiveness of hierarchical multi-branch aggregation for
enriching multi-scale feature representations. Finally, incor-
porating DWConv achieved the highest performance, with
mAP0.5 reaching 65.2%, precision increasing to 0.70, P/R
ratio to 0.91, and training response decreasing to 0.038.
The total parameter count and GFLOPs increased moderately
to 5.0M and 16.8, respectively, maintaining computational
efficiency while consistently improving detection accuracy.

These results validate the effectiveness of the integrated SCM
design. Specifically, CSP preserves low-level spatial infor-
mation through partial feature propagation, which is critical
for small-object representation. ELAN enhances feature diver-
sity and stabilizes gradient flow via hierarchical multi-branch
aggregation, improving intermediate feature representations
across scales. DWConv strengthens local feature extraction
while maintaining efficiency, enabling more discriminative
responses under complex background conditions. The coordi-
nated integration of these components forms a complementary
mechanism in which fine-grained detail retention, multi-scale
feature diversification, and hierarchical context modeling are
jointly optimized. Consequently, SCM effectively mitigates
feature degradation in UAV imagery and enhances robustness
for detecting small and densely distributed vehicles.
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Fig. 7. The qualitative analysis of VisDrone was performed on SICNet. (a) Original images. (b) Detection results from baseline. (c) Detection results from
our proposed SICNet.

Fig. 8. Qualitative analysis on the VisDrone dataset under challenging UAV scenarios. (a) Raw images of extreme scenes, including severe occlusion
under nighttime conditions, strong illumination interference in daytime, feature degradation in low-light environments, and feature ambiguity caused by haze.
(b) Representative failure cases of the baseline detector, illustrating false detections and missed detections. (c) Manually corrected annotations based on
(b), where yellow bounding boxes denote false positives and red bounding boxes indicate missed detections.

4) Discussion: To comprehensively evaluate the contribu-
tion and practical effectiveness of each proposed component,
both quantitative and qualitative analyses are conducted. As
illustrated in Fig. 6, heatmap-based comparisons among differ-
ent model variants, including Baseline, SCM, SGAM, ISAM,

Serial (S+I), Serial (I+S), Parallel, Weighted Parallel, SIBA-
PAN, and the final SICNet, demonstrate that progressive
module integration leads to consistent performance improve-
ments. Specifically, early-stage components such as SCM
and SGAM yield notable gains by enhancing multi-scale
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feature aggregation and structured channel discrimination. The
introduction of ISAM further refines spatial responses through
multi-statistical pooling and efficient convolutional operations,
enabling more accurate localization under feature degradation.
Furthermore, different attention combination strategies exhibit
varying effectiveness. Serial configurations provide limited
improvements due to constrained information flow, whereas
parallel designs facilitate complementary feature learning. In
particular, the weighted parallel formulation achieves superior
performance by enabling adaptive balancing between channel
and spatial attention, resulting in more discriminative and
robust feature representations. When integrated within the
SIBA-PAN framework, this design further enhances feature
interaction across hierarchical levels. The final integration of
all components into SICNet achieves the highest accuracy,
confirming the complementary effectiveness and synergistic
interaction of the proposed modules. To further assess practical
applicability, Fig. 7 presents qualitative comparisons across
six representative UAV scenarios, including partial occlusion
by buildings, nighttime intersections, elevated highways under
low illumination, daytime overpasses, mixed urban traffic, and
densely structured old-town environments. Across all scenar-
ios, SICNet demonstrates superior robustness by producing
more accurate localization of small and partially occluded
vehicles, reducing false positives in cluttered backgrounds,
and maintaining stable performance under varying illumination
conditions. In addition, Fig. 8 provides a detailed analysis
of typical failure cases, including both false detections and
missed detections under challenging conditions such as severe
occlusion, illumination interference, low-light environments,
and haze. By comparing baseline predictions with manu-
ally corrected annotations, it can be observed that SICNet
significantly alleviates these issues, particularly in densely
distributed and visually ambiguous regions. This improvement
is primarily attributed to enhanced feature discrimination and
contextual modeling enabled by the structured attention mech-
anisms. Overall, these results indicate that SICNet not only
achieves high detection accuracy but also generalizes effec-
tively across complex UAV scenarios, demonstrating strong
potential for reliable aerial vehicle detection in real-world
applications.

V. CONCLUSION AND FUTURE WORK

In this study, a novel detection framework, SICNet, was
proposed to address the challenges of vehicle detection in
low-altitude UAV imagery. Multiple attention-driven com-
ponents, including the structured grouped attention module
(SGAM), the integrated spatial attention module (ISAM), and
their parallel combination, the structured-integrated balanced
attention module (SIBAM), were integrated into the struc-
tured integrated balanced attention path aggregation network
(SIBA-PAN) to enhance the feature aggregation process. In
addition, a spatial cross-stage module (SCM) was introduced
into the backbone to efficiently capture multi-scale contex-
tual information. The effectiveness of SICNet was validated
through extensive experiments conducted on the VisDrone
dataset, where superior performance in detecting small and
densely distributed vehicles under complex urban backgrounds

was demonstrated. These results confirmed that both fea-
ture expressiveness and detection accuracy were significantly
improved by the proposed modules while maintaining compu-
tational efficiency.

In future work, several directions will be pursued to fur-
ther enhance the practical value of the proposed framework.
Although SICNet achieves competitive accuracy, the atten-
tion structures still introduce non-negligible inference delays.
Consequently, efforts will focus on optimizing the frame-
work toward hardware-efficient and lightweight architectures
to enable real-time performance on resource-constrained UAV
platforms. Additionally, the long-tail distribution problem
commonly observed in UAV datasets, such as VisDrone,
will be addressed through class-balanced learning strategies,
data augmentation, and dynamic reweighting mechanisms to
improve detection robustness for underrepresented vehicle
categories. The framework will also be extended to handle
video-based inputs, enabling temporal reasoning for tasks
such as vehicle tracking and traffic flow analysis in dynamic
scenes. Finally, the incorporation of fine-grained scenario
annotations within datasets will be explored to facilitate more
comprehensive performance evaluations across diverse urban
environments. Collectively, these directions are expected to
further improve the reliability, efficiency, and applicability of
UAV-based vehicle detection systems in intelligent transporta-
tion and urban monitoring applications.
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Italy, in 2019.

From 2019 to 2022, he was a Post-Doctoral
Researcher with the Universitá degli Studi di Padova.
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