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Abstract—Existing UAV vehicle-detection datasets, typically
captured under static and uniform illumination, fail to adequately
represent the variable lighting conditions, dense traffic, and
frequent occlusions observed in real-world transportation hubs.
To bridge this gap, a new dataset, UAV-HubSurveillance, is
introduced to capture complex vehicle interactions across urban
transportation nodes under diverse environmental scenarios.
Although UAV-HubSurveillance provides rich and multidimen-
sional interaction data, it still suffers from severe occlusions
and adverse weather conditions that hinder detection and
identification accuracy. To address these limitations, a novel
vehicle detection framework, termed bidirectional interactive
multi-scale aggregation-yolo (BIMSA-YOLO), is proposed, which
integrates bidirectional feature interaction with adaptive multi-
scale aggregation to enhance detection robustness. First, the
bidirectional shallow fusion module (BSFM) facilitates cross-
resolution information exchange through a lightweight gating
strategy, preserving fine-grained details of small objects. Sec-
ond, the interactive deep fusion module (IDFM) reinforces
contextual coherence via attention-guided cross-level seman-
tic fusion. Third, the multi-scale adaptive aggregation module
(MSAAM) dynamically aligns and integrates multi-scale fea-
tures to improve robustness against scale variation. Extensive
experiments conducted on the UAV-HubSurveillance dataset
demonstrate that BIMSA-YOLO significantly enhances detection
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performance under dynamic, occluded, and adverse-weather
conditions. Specifically, the proposed model achieves an mAP s
of 63.2%, surpassing the baseline by 5.3 percentage points.
Furthermore, BIMSA-YOLO also exhibits strong generaliza-
tion capabilities on VisDrone and CARPK datasets. Our code
and dataset are available at https://github.com/yikuizhai/BIMSA -
YOLO

Index Terms—Uncrewed aerial vehicle, bidirectional interac-
tive fusion, vehicle detection, multi-scale feature aggregation.

I. INTRODUCTION

N RECENT years, rapid advancements in uncrewed aerial

vehicle (UAV) hardware and communication technologies
have stimulated increasing interest in deploying camera-
equipped UAVs for a wide range of intelligent sensing tasks
[1], [2]. These UAVs, equipped with lightweight onboard pro-
cessors, are capable of real-time data acquisition and analysis,
supporting applications such as intelligent city governance
[3], security surveillance [4], [5], and large-scale panoramic
environmental monitoring [6], [7]. In practical deployments,
UAVs have demonstrated considerable value in traffic con-
gestion management by enabling fine-grained spatiotemporal
analysis of traffic density and facilitating real-time decision-
making for congestion mitigation [8]. Furthermore, UAVs play
an essential role in emergency response by rapidly assess-
ing disaster-affected areas, identifying damaged infrastructure,
and supporting coordinated rescue operations [9]. The high-
resolution aerial imagery provided by UAV platforms enables
real-time monitoring of urban development, detection of unau-
thorized construction activities, and optimization of traffic flow
in modern smart cities [10]. Recent studies have demonstrated
the effectiveness of panoramic semantic segmentation for com-
prehensive urban feature extraction [11], while also addressing
challenges in multi-scale object detection in dynamic environ-
ments with moving vehicles [12]. Among these applications,
vehicle detection based on UAV imagery is particularly
important for intelligent transportation systems, as it sup-
ports accurate estimation of vehicle counts, trajectories, and
motion patterns, which are essential for real-time congestion
analysis, traffic signal optimization, and road safety assess-
ment. For example, Li and Wu [13] proposed a UAV-based
detection and tracking framework combining YOLOv5-OBB
with DeepSORT-OBB, achieving 98.5% accuracy in estimat-
ing vehicle trajectories and speeds at highway interchanges,
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Fig. 1. The figure highlights key challenges in UAV-based vehicle detection: (a) scale variation due to differing vehicle sizes and perspectives, (b) motion
blur and low-light image degradation, (c) uneven spatial distribution with vehicle clustering in specific regions, and (d) multi-source feature degradation in

dense occlusion.

thereby facilitating refined traffic flow management. Simi-
larly, Ying et al. [14] introduced a pyramid dual-pooling
attention mechanism to enhance the detection performance of
small vehicles in complex urban environments, contributing
to more accurate congestion forecasting and faster emer-
gency response. Compared with ground-based sensors and
satellite imaging systems, UAVs provide unmatched deploy-
ment flexibility, high-resolution low-altitude perspectives, and
rapid maneuverability across key traffic infrastructures such
as freeway ramps, urban intersections, and bottleneck cor-
ridors. These advantages make UAVs particularly suitable
for dynamic traffic monitoring, anomaly detection, and the
implementation of adaptive control strategies in real-world
scenarios. Nevertheless, the benefits of higher spatial resolu-
tion also introduce new challenges. The high density of visual
content and the presence of numerous mobile objects increase
background complexity and inter-class interference, which can
significantly undermine detection robustness. Addressing these
challenges requires advanced preprocessing pipelines that
emphasize salient foreground targets, integrate anomaly-aware
perception models, and design high-performance real-time
object detectors capable of maintaining accuracy in densely
populated and visually cluttered environments. However, many
current approaches still rely heavily on precise model calibra-
tion and often require extensive manual validation, limiting
their scalability and applicability in mission-critical scenarios
such as large-scale traffic congestion monitoring and rapid-
response disaster management.

Vehicle detection has been extensively studied in both
aerial imagery and intelligent transportation research [15],
[16], [17], [18], [19], [20], [21], [22], [23], [24], [25], [26],
leading to the development of several representative UAV
datasets, such as UAVDT [27] and UAV123 [28]. Although
these datasets consider challenging conditions, including low
illumination and motion blur, they are usually collected in rel-
atively constrained environments, which limits their ability to
capture the complexity of real urban traffic. For high-precision
traffic surveillance, UAVs are required to monitor transition
zones between urban and rural areas over extended periods to
capture dynamic changes in land use and traffic flow. However,
existing datasets frequently emphasize static scenes, such as
parking lots and bus terminals, whereas practical deployments
demand robust perception in more complex environments,

including multi-level transportation hubs, waterfront logistics
areas, and congested ramp interchanges. These scenarios are
characterized by dense vehicle distributions, severe occlusions,
and significant background interference, all of which reduce
the robustness of detection algorithms. In addition, common
preprocessing procedures may modify image statistics, thereby
decreasing the generalizability of models trained on standard
datasets. In real UAV applications, vehicle detection plays
a vital role in traffic congestion management, emergency
incident response, and road surveillance under varying illu-
mination. For example, congestion monitoring is hindered by
dense occlusions and frequent scale variations; emergency
response, particularly during traffic accidents, is affected by
motion blur and strong background clutter [29]; and road
surveillance is challenged by sudden illumination changes or
low-visibility conditions that cause missed detections [30].
UAV-based vehicle detection has also shown promise in real-
time traffic management and public safety. For instance,
Ke et al. [31] demonstrated the effectiveness of UAV mon-
itoring for highway traffic and accident detection using both
RGB and thermal video streams, underscoring the importance
of diverse scene data for improving model robustness. Nev-
ertheless, limitations in existing datasets, such as insufficient
adaptation to poor lighting conditions and the lack of realistic
occlusion scenarios, frequently result in missed detections
and delayed responses, including ambulance dispatch and
traffic rerouting. To overcome these limitations, the UAV-
HubSurveillance dataset was constructed to capture a broad
spectrum of complex urban scenes with varying illumina-
tion and dense occlusion patterns, thereby supporting more
robust and practical UAV-based vehicle detection in real-world
applications.

As illustrated in Fig. 1, UAV-HubSurveillance captures
multiple detection challenges, including scale variation caused
by differing vehicle sizes and aerial perspectives, motion
blur combined with low-light degradation, spatial imbalance
resulting from clustered object distributions, and feature degra-
dation arising from dense occlusion and environmental clutter.
These factors make UAV-based vehicle detection particularly
challenging, especially for small targets whose visual fea-
tures are easily lost or suppressed by surrounding contextual
noise. Addressing these challenges requires detection models
with strong multi-scale representation, semantic consistency
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under occlusion, and resilience to visual degradation. The
feature pyramid network (FPN) [32] aggregates hierarchical
semantic information through lateral connections and top-
down fusion, thereby improving object perception across
varying scales. Building on this foundation, the path aggre-
gation network (PAN) [33] introduces bidirectional paths to
enhance spatial and semantic integration, while the high-
level semantic filtering pyramid network (HSFPN) [34] further
refines semantic selection for occluded objects. Similarly,
the global fusion pyramid network (GFPN) [35] dynamically
adjusts receptive fields to maintain detection performance
across heterogeneous scale distributions. Inspired by these
advances and tailored to UAV-specific requirements, the
bidirectional interaction and multi-scale adaptation path aggre-
gation network (BIMSA-PAN) is proposed, incorporating
dynamic receptive-field modulation and inter-layer feature
interaction to enhance robustness in small-object detection
under visually complex conditions. Although previous fusion
architectures such as FPN and PAN have contributed signif-
icantly to multi-scale detection, they are often integrated as
modular components within broader pipelines. In contrast,
recent frameworks such as YOLOvS [36] and RT-DETR
[37] emphasize real-time inference by simplifying detection
heads and employing transformer-based or decoupled designs.
YOLOVS introduces a reparameterized decoupled detection
head designed for anchor-free detection, whereas RT-DETR
eliminates non-maximum suppression through set predic-
tion enabled by transformer decoders. Nevertheless, these
approaches primarily emphasize speed and accuracy trade-offs
in general-purpose detection and lack specific adaptations for
UAV-based scenarios, where extreme scale variation, heavy
occlusion, and high spatitemporal density prevail. To address
these challenges, the proposed BIMSA-YOLO framework
integrates BIMSA-PAN into a YOLO-based detection pipeline,
combining bidirectional semantic aggregation with real-time
anchor-free inference. This design improves localization
sensitivity and precision for small objects while main-
taining deployment efficiency on resource-constrained UAV
platforms. Furthermore, BIMSA-YOLO explicitly mitigates
detection degradation under occluded and lowlight conditions
by enforcing interscale feature consistency and construct-
ing illumination-resilient representations, thereby achieving
superior performance on UAV-specific benchmarks such as
UAV-HubSurveillance and VisDrone2021.

The key contributions of this paper can be summarized as
follows:

1) The UAV-HubSurveillance dataset is proposed, com-
prising 8,790 images and 252,475 annotated vehicle
instances captured across diverse real-world scenarios.
Multi-level stereoscopic traffic hub environments are
featured in the dataset, offering significantly higher
scene complexity than existing UAV-based vehicle-
detection datasets.

2) BIMSA-YOLO is proposed, combining bidirectional
cross-layer interaction and multi-scale feature aggre-
gation, enhanced by a cross-stage multi-receptive field
pyramid pooling module to improve vehicle detection.

3) Three specialized modules are proposed for UAV-based
vehicle detection: BSFM, which addresses occluded
small targets through cross-resolution feature inter-
action; IDFM, which preserves semantic consistency
via attention-guided alignment; and MSAAM, which
enhances feature adaptability through deformable con-
volutions and dynamic multi-scale fusion.

4) We extensively evaluated our method on UAV-
HubSurveillance, VisDrone, and CarPK datasets,
demonstrating superior robustness and effectiveness
over existing approaches.

II. RELATED WORK

This section reviews publicly available UAV-based vehicle
detection datasets and state-of-the-art detection algorithms,
emphasizing their relevance to aerial imagery. In addition, rep-
resentative multi-scale feature fusion techniques are examined
to improve detection performance in complex urban traffic
environments.

A. Vehicle Detection Dataset From the UAV Perspective

In recent years, numerous UAV-based vehicle detection
datasets have been developed to address a range of real-
world challenges. For example, the AU-AIR dataset [38]
contains 29,647 annotated instances collected under eight
weather conditions, integrating 1920 x 1080 RGB imagery
with GPS and IMU data to support multimodal dynamic
monitoring. DroneSURF [39] focuses on urban traffic hubs
and includes 12,470 high-resolution (4000 x 3000) dual-view
images annotated for abnormal vehicle trajectories. Okutama-
Action [40] comprises 43 videos recorded at 30 fps, capturing
an average of 7.2 moving vehicles per frame with additional
motion blur annotations. UAV-DeOT [41] consists of 47 video
sequences collected in structurally complex environments such
as overpasses, annotated with continuous vehicle identities
and an average occlusion rate of 62%. UAVDT [42] provides
80,000 frames labeled with five levels of occlusion information
for traffic surveillance tasks. VisDrone [43] covers ten vehicle
categories with object sizes ranging from 5 to 400 pixels
across diverse urban scenes. DroneVehicle [44] offers 28,439
aligned RGB-infrared image pairs for vehicle detection under
low-light conditions. LH-UAV-Vehicle [45] contributes 18,663
images captured at altitudes between 250 and 400 meters,
annotated with 180,358 vehicle instances to support small-
object detection. CARPK [45] focuses on fixed-angle UAV
surveillance over parking lots, consisting of 1,448 images
densely annotated with cars.

Despite these contributions, existing datasets still exhibit
important limitations in modeling realistic urban traffic scenar-
ios [14]. Most benchmarks focus on planar road environments
and fail to represent the structural complexity of multi-level
traffic systems such as elevated highways and underpasses.
For instance, AU-AIR and DroneVehicle emphasize envi-
ronmental variability but do not account for vertical scene
diversity. DroneSURF facilitates trajectory-based studies but
lacks annotations for occlusion levels and localized microcli-
matic effects. Okutama-Action provides high frame rates yet
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TABLE I
COMPARISON OF AERIAL VEHICLE DETECTION DATASETS

Dataset Balanced Night UAV Complex Images Instances Resolution Scenes
Categories Scenes Platform Scenes Scenes 103) 103 (pixels) Types
AU-AIR [38] v v 29.6 8.0 1920x1080
DroneSURF [39] v v 12.5 5.0 4000x3000 2
Okutama [40] v v 4.5 324 1920x1080 1
UAV-DeOT [41] v v 14.1 94.3 1280720 3
UAVDT [42] v v 80.0 840.0 1080x540 2
VisDrone [43] v v v 10.2 179.0 20001500 4
DroneVehicle [44] v v v 28.4 452.5 840x712 2
LH-UAV-Vehicle [14] v v 18.6 180.3 640x640 4
CARPK [45] v 14 90.0 720x360 1
UAV-HubSurveillance (ours) v v v v 8.8 252.5 1280x1280 4
TABLE II B. Vehicle Detection

OCCLUSION, CLASS IMBALANCE AND ALTITUDE OF AERIAL DATASETS

Dataset Occlusion Class UAV
Imbalance Altitude (m)

AU-AIR [38] 0.23 1.09 255
DroneSURF [39] 0.31 1.25 30 + 10
Okutama [40] 0.18 1.02 15+3
UAV-DeOT [41] 0.40 1.35 40 = 12
UAVDT [42] 0.35 1.42 60 + 15
VisDrone [43] 0.28 1.18 45 £ 20
DroneVehicle [44] 0.22 1.05 50 £ 10
LH-UAV-Vehicle [14] 0.26 1.20 35+8
CARPK [45] 0.15 1.00 40+5
UAV-HS(ours) 0.37 1.09 45 + 20

offers limited viewpoints, making it insufficient for capturing
multi-angle traffic behavior. UAV-DeOT incorporates LiDAR
sensing but suffers from illumination instability ranging from
200 to 2000 lux. UAVDT and VisDrone consider object scale
variations but rely exclusively on bounding box annotations
without modeling dynamic motion or semantic behavior. LH-
UAV-Vehicle operates at a fixed resolution and lacks occlusion
and temporal information, which restricts its applicability
in cluttered or low-light environments. CARPK, although
densely annotated, includes only a single vehicle category
and lacks spatial diversity. These deficiencies highlight the
need for a more comprehensive dataset that incorporates struc-
tural diversity, altitude variation, occlusion information, and
class imbalance. To address this gap, UAV-HubSurveillance
is proposed as a benchmark specifically designed to capture
layered urban overpasses, varied vehicle densities, and motion-
induced degradation, while providing category-level balance
and detailed occlusion statistics. As summarized in Table I
and Table II, this dataset offers a more realistic foundation for
evaluating UAV-based vehicle detection algorithms.

The objective of vehicle detection is to accurately localize
vehicles within an image and classify them into predefined
categories. In recent years, the rapid advancement of deep
learning based object detection techniques has significantly
promoted aerial vehicle detection, establishing it as a funda-
mental task in remote sensing image analysis. Representative
methods, such as YOLOvV3 [46] and Faster R-CNN [47], have
demonstrated strong performance in both natural and aerial
domains. As a one stage anchor based detector, YOLOvV3
performs multi scale predictions through the integration of a
feature pyramid network (FPN), effectively addressing scale
variation. In contrast, Faster R-CNN employs a two stage
architecture, where a region proposal network (RPN) first
generates candidate bounding boxes, followed by region of
interest pooling and subsequent refinement through classifica-
tion and regression heads. To improve detection in dynamic
urban traffic conditions, PP-YOLO [48] extends YOLOv3
by incorporating a multi scale feature fusion layer together
with FPN and PAN structures, thereby enhancing semantic
alignment and enabling more effective detection of small and
densely distributed objects. YOLOX [49] further improves
coverage of small objects by directly predicting bounding
boxes from backbone features while integrating an adaptive
spatial feature fusion mechanism that leverages channel atten-
tion and spatial pyramid encoding to strengthen robustness
across scales. For oriented object detection in aerial imagery,
RolTransformer [50] aligns proposals with object orientation,
whereas Oriented R-CNN [51] refines rotated bounding box
prediction within Faster R-CNN, achieving higher accuracy
with reduced parameter complexity. Recent studies have also
investigated challenges including motion blur, background
clutter, and low visibility in UAV imagery. For instance, the
edge guided perceptual network for infrared small target detec-
tion (EGPNet) [52] enhances feature representation through
contour aware attention and multi scale spatial encoding,
which is particularly advantageous for detecting small and
low resolution vehicle targets in UAV imagery. Similarly, the
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multibranch mutual guiding network (MMGN) [53] improves
discriminability under cluttered backgrounds by applying inter
branch supervision. From the perspective of robustness, SNIS
[54] and FAMM [55], originally designed for forgery detec-
tion, employ noise resilient feature separation and channel
based muscle motion modeling respectively, thereby providing
inspiration for resilience against compression artifacts and
noise in UAV visual data. Although these frameworks have
achieved significant progress, complex environmental condi-
tions such as dense occlusion and dynamic scale transitions
continue to present challenges for traditional anchor based
methods.

C. Multi-Scale Feature Aggregation

Multi scale feature aggregation plays a crucial role in
vehicle detection by integrating image features across multiple
resolutions. This strategy enables models to capture objects of
varying sizes while maintaining spatial and semantic consis-
tency, particularly in complex urban environments. Classical
designs such as PANet introduced bottom up pathways to
enhance the retention of low level details. GFPN further
advanced this concept by incorporating a gating mechanism to
adaptively recalibrate feature weights across scales, whereas
AFPN improved the recall of occluded vehicles through
direct interaction between non adjacent levels [56]. These
methods established the foundation for robust hierarchical
fusion in deep learning architectures. Subsequent research
has focused on structural refinements to enhance detection
accuracy. TridentNet [57] employed multi branch dilated con-
volutions within a unified backbone to learn scale adaptive
receptive fields. NAS FPN [58] utilized neural architecture
search to identify optimal cross scale connectivity, resulting in
asymmetric skip pathways and improved performance. M2Det
[59] adopted a U shaped encoder decoder architecture to
bridge low level and high level features, while BiFPN [60]
introduced a weighted bidirectional fusion mechanism with
efficient normalization. HRFPN [61] preserved high resolution
representations through parallel subnetworks, enabling full
scale interaction and minimizing feature loss. Attention based
modules such as CBAM [62], SE [63], and ECA [64] have
also been applied to enhance channel sensitivity; however,
they often lack adaptability to dynamic traffic scenarios and
demonstrate limited robustness under occlusion or variable
illumination. While state of the art methods such as BiFPN and
HRFPN emphasize efficient bidirectional fusion or hierarchical
interaction, the proposed bidirectional shallow fusion module
(BSFM), interactive deep fusion module (IDFM), and multi
scale adaptive aggregation module (MSAAM) are designed
to address fine grained spatial inconsistencies and semantic
misalignments across feature levels. Unlike BiFPN, which pri-
marily balances contribution weights through learned scalars,
BSFM introduces spatially aware gating with directional
refinement. In comparison with the staged pyramid interaction
in HRFPN, IDFM models inter level dependency using content
aware dynamic modulation, resulting in improved information
preservation across depth. MSAAM further captures fine scale
contextual cues through joint spatial channel reasoning, out-
performing generic fusion blocks in environments with heavy

occlusion. Furthermore, RS SE enhances conventional channel
attention by incorporating residual spatial encoding, which is
absent in SE, CBAM, and ECA. Essentially, it can be regarded
as a squeeze and excitation mechanism augmented with resid-
ual connections, allowing identity mapping to be preserved
while amplifying informative channels. Empirical evaluations
confirm that RS SE achieves superior robustness under illumi-
nation variation and dense object occlusion, thereby offering
stronger generalization in UAV based traffic scenarios. Despite
these advances, critical challenges remain in UAV based traffic
monitoring [65], including computational redundancy, weak
spatial interaction modeling across hierarchical layers, and
vulnerability to motion blur and visual noise.

III. UAV-HUBSURVEILLANCE DATASET

In this section, a comprehensive overview of the UAV-
HubSurveillance dataset is provided, including image pre-
processing, annotation methods, and dataset statistics and
properties.

A. Dataset Description

The UAV HubSurveillance dataset was specifically con-
structed to address the inherent limitations of existing aerial
traffic benchmarks, including VisDrone. As shown in the left
portion of Fig. 2, VisDrone presents several constraints in
terms of environmental diversity and observational flexibility.
These include a predominantly top down surveillance per-
spective confined to planar urban environments, simplified
low light scenes with limited visual complexity, homogeneous
traffic flows restricted to flat road surfaces, and a narrow field
of view resulting from monocular camera setups. In contrast,
the right panel of Fig. 2 illustrates the richer and more varied
scene compositions captured by UAV HubSurveillance. The
dataset includes multi view aerial footage from elevated high-
way networks, logistic zones influenced by complex shadow
occlusions, industrial freight corridors characterized by heavy
duty vehicular motion, and multi lane intersections integrated
with exclusive bus lanes. By systematically modeling per-
spective variations introduced by flight altitude, scene specific
illumination changes, and heterogeneous traffic compositions,
UAV HubSurveillance more accurately reflects the structural
and semantic variability of real world urban mobility systems.
In addition to enhanced scene diversity, UAV HubSurveillance
incorporates detailed quantitative annotations that address key
challenges in aerial vehicle detection. As summarized in
Table II, the dataset exhibits a high occlusion rate of 0.37,
reflecting the complexity of urban overpass environments with
frequent partial and heavy vehicle occlusions. The class imbal-
ance metric of 1.09 indicates a relatively balanced distribution
across four major vehicle categories: cars, vans, trucks, and
buses, which supports fairer evaluation and robust model
training. Furthermore, UAV flight altitudes range from 10
to 120 meters, with an average altitude of approximately
45 meters and a standard deviation of 20 meters, thereby
capturing multi scale perspectives that simulate realistic oper-
ational scenarios. This design philosophy is consistent with
recent dataset driven optimization strategies in other domains,
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Fig. 2. The left panel illustrates four key environmental challenges in urban aerial observation: altitude-dependent perspective shifts (a), low-light image
degradation (b), high-density vehicle clustering (c), and non-canonical viewpoint distortions (d). The right panel presents scenario-specific vehicle concentration
patterns, including passenger car predominance in parking areas (a), logistics van aggregation (b), industrial truck formations (c), and public transit bus
prioritization (d). This dual-panel visualization demonstrates the UAV-HubSurveillance dataset’s ability to capture real-world traffic dynamics through multi-
layer scene acquisition, integrating altitude-adaptive monitoring with class-balanced vehicle distributions to support robust urban mobility analysis.

such as the large scale benchmark and model improvements
introduced for optimized YOLOvVS in fallen person detec-
tion [66], where rich scene diversity and carefully curated
annotations directly enhance detector robustness. Collectively,
these characteristics establish UAV HubSurveillance as a
comprehensive and structurally diverse benchmark, enabling
thorough assessment of detection algorithms under varied and
challenging urban traffic conditions.

B. Images Preprocessing

In this study, three essential preprocessing steps were
applied to the UAV HubSurveillance dataset to optimize it for
vehicle detection. These steps included radiometric correction,
geometric correction, and image pruning. Radiometric correc-
tion was performed to standardize lighting conditions across
all images, thereby reducing environmental inconsistencies
such as variations in sunlight, shadow patterns, and glare, and
ensuring that the model focused on vehicle features rather
than illumination artifacts. Geometric correction was imple-
mented using ground control points and camera calibration
parameters to eliminate perspective distortions and preserve
accurate spatial relationships across all frames. Image pruning
involved the removal of irrelevant regions, including distant
background and sky areas, which reduced computational load
and directed model attention toward vehicle relevant content.
In combination with a fixed resolution of 1280 by 1280 pixels,
these steps improved image quality, reduced geometric and
radiometric distortion, and enhanced the signal to noise ratio.
Consequently, the training process converged more rapidly,
and detection accuracy and robustness were significantly

improved, making the dataset highly suitable for uncrewed
aerial vehicle based vehicle detection tasks.

C. Annotation Method

In this study, the UAV HubSurveillance dataset was metic-
ulously annotated to enhance vehicle detection in uncrewed
aerial vehicle imagery. Building on the VisDrone dataset, tar-
geted improvements were implemented to address challenges
encountered in dense urban scenes and low light conditions.
The PaddleLabel tool, an interactive annotation framework
with custom adaptations for aerial imagery, was employed
to enable efficient and precise labeling of complex traffic
scenarios characterized by occlusions and variable object
distances. Real time adjustments for low light conditions
further ensured annotation accuracy. A rigorous quality control
process resolved discrepancies through peer review, thereby
maintaining consistency and precision. Annotators followed
comprehensive guidelines to address challenging cases, includ-
ing partially visible or overlapping vehicles. These procedures
produced a high quality and reliable dataset for training robust
detection models capable of operating effectively in dynamic
urban environments.

D. Statistics and Attributes

To enable effective model training and rigorous performance
evaluation, the UAV HubSurveillance dataset was partitioned
into training, validation, and testing subsets with a ratio
of 75:5:20. In total, the dataset contains 252,475 annotated
vehicle instances distributed across four categories, namely
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Fig. 3. (a) The distribution of all vehicle instances. (b) The scatter plot of the width and height of all vehicle instances. (c) The proportion of pixels occupied

by different vehicle instances of an image in the foreground.

TABLE III
VEHICLE CATEGORY DISTRIBUTION ACROSS UAV-HUBSURVEILLANCE, VISDRONE, AND CARPK

Subset UAV-HubSurveillance VisDrone CARPK
Total Car Van Truck Bus Total Car Van Truck Bus Total Car In-
Images stances
Training 176,682 121,149 24,676 16,567 14,290 104,785 76,401 13,428 8,720 6,236 1,013 31,842
Validation 50,481 30,201 6,113 4,102 3,372 28,131 19,842 3,568 2,287 2,434 217 6,867
Testing 25,312 21,110 4,502 2,980 2,720 16,884 12,012 2,110 1,350 1,412 218 6,961

C4

Cs

Backbone

Head

Head

o

Head

Head

Fig. 4. Overall architecture of the proposed BIMSA-YOLO framework. The backbone extracts hierarchical feature maps from stages C» to Cs, where

Ho W . . . Hy W
C; € RT%7 %€ preserves fine-grained spatial details, C3 € R¥ X § X2C

. H o W . .
encodes mid-level structures, C4 € R16 % 16 x4c captures high-level semantics, and

Cs € R X 35 X8C provides the most abstract representations. The Cy4 feature is first processed by SPPFCSPC to expand the receptive field and integrate
multi-scale context, after which BSFM aggregates information from adjacent layers through resolution alignment and efficient fusion. The fused features are
then refined via IDFM, which enhances cross-scale interactions and semantic consistency, and further processed by MSAAM to adaptively align spatial and
semantic representations. The final outputs C are fed into three detection heads at % X %, ng X T“é, and % X %, enabling accurate object localization and

classification across multiple scales.

cars (173,259), vans (35,291), trucks (23,650), and buses
(20,275). Specifically, the training subset consists of 6,583
images with 176,682 instances, the validation subset includes
598 images with 50,481 instances, and the testing subset
comprises 1,526 images while preserving the overall category
distribution. The training subset covers diverse urban traffic
scenarios such as congested arterial roads, high density parking
zones, and mixed category traffic flows, thereby improving the

generalization ability of the model. The validation subset is
used for hyperparameter tuning, whereas the testing subset
is reserved for final benchmarking, both containing com-
plex scenes that reflect real world deployment conditions.
As summarized in Table III, this proportional partitioning
not only ensures a balanced representation of all categories
across subsets but also provides category level statistics of the
VisDrone and CARPK datasets. In addition, Fig. 3 illustrates
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Fig. 5. Overall architecture and functional details of the BSFM, IDFM, and SPPFCSPC components within the Broposed BIMSA-YOLO framework. The
BSEM receives multi-resolution feature maps from C,—1, Cp,, and C;, L1 which correspond to spatial resolutions of T % %, % X %, and % X %, respectively.
These inputs are first brought into spatial correspondence via resolution alignment, implemented through precise downsampling or upsampling operations,
ensuring that structural integrity and semantic consistency are preserved during transformation. Following alignment, depthwise separable convolutions are
employed to reduce computational overhead while maintaining feature diversity, and 1 X 1 convolutions are applied to adapt channel dimensions and facilitate
efficient information blending. The fused representation, denoted as Cj, is subsequently delivered to the IDFM, which integrates it with C;_,, C_,, and C,, Iy
All incoming features in the IDFM are uniformly rescaled to a common resolution of % X %, enabling direct element-wise correspondence across scales.
An attention weighting mechanism is applied to selectively emphasize regions with high task-relevance, thereby enhancing discriminative spatial focus. The
aggregated features are concatenated along the channel dimension and further refined via convolutional fusion, resulting in C;’ with significantly enriched
semantic representation and spatial granularity. The SPPFCSPC operates on high-level features by embedding cross-stage partial connections within a spatial
pyramid pooling structure, allowing the simultaneous capture of fine-to-coarse contextual cues across multiple receptive field sizes. This design improves
multi-scale feature aggregation without incurring excessive computational cost, ensuring that the final feature maps retain both strong global context and
localized detail, thereby providing robust inputs for the subsequent detection heads.

instance level characteristics of UAV HubSurveillance: (a)
distribution of vehicle categories, (b) scatter plot of object
width versus height, and (c) proportion of foreground pixels
per class.

IV. METHODS

A novel framework, termed bidirectional interactive multi-
scale aggregation-yolo (BIMSA-YOLO), is proposed, which
integrates the BIMSA module with the spatial pyramid
pooling-fast module combined with cross stage partial con-
volution (SPPFCSPC). The BIMSA module consists of three
components: BSFM, IDFM, and MSAAM. Information is
fused across all layers to strengthen the network’s ability
to focus on vehicle objects. The overall architecture of the
proposed method is illustrated in Fig. 4.

A. BIMSA Frame Structure

Fig. 4 presents the overall BIMSA YOLO architecture. The
backbone extracts hierarchical features by progressively reduc-
ing spatial resolution and increasing channel depth, beginning

with a convolutional layer at C; that halves the resolution
and expands the channels to 64. Stages C, to Cs follow this
pattern, increasing the channel depth from 128 to 512. To
preserve spatial detail while enriching semantic information,
intermediate C,y modules refine the feature maps. The deepest
stage Cs incorporates the SPPFCSPC module to capture multi
scale representations through pooling and cross stage connec-
tions. These hierarchical features are then forwarded to BSFM
(Fig. 5), which performs bottom up multi scale fusion across
1/4, 1/8, and 1/16 resolutions. Each fusion block consists of
an inverted residual unit composed of a 1 x 1 convolution
for channel expansion, a depthwise separable convolution to
capture spatial patterns with low computational cost, and a
final 1x 1 convolution to project back to the desired dimension,
with shortcut paths facilitating information preservation [67].
Formally, given input features C,_;, C,,, C,11 € RF>*WXC from
the backbone, BSFM computes the enhanced representation
C), through a sequence of up sampling U(-), down sampling
via 3 x 3 strided convolutions (denoted as Down), channel
adjustment with 1 x 1 convolution (denoted C), and non linear
activation using the SiLU function §. This design ensures
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that semantic and spatial cues are effectively integrated before
being transmitted to subsequent modules. The output after the
BSFM operation is expressed as follows:

6 (C(Down(Cy-1))),
DepthwiseConv (PointConv(C,)), (D

U(Chs1)

These operations generate feature maps optimized for
detecting objects of varying sizes and orientations, which is
essential for multi scale detection in UAV based scenarios.
After refinement by BSFM and MSAAM, the features are
forwarded to IDFM (Fig. 5), which applies a cross scale fusion
strategy to aggregate multi level information and enhance
the detection of small and overlapping objects. Specifically,
IDFM fuses the shallow high resolution feature map C;_,
(1/4 resolution), the shallow low resolution feature C; L1 (1/16
resolution), the current layer feature C, (1/8 resolution), and
the previous low resolution feature C;_, (1/16 resolution),
thereby enriching the output C4 with both spatial precision and
semantic consistency. Dense inter layer connections preserve
critical structural information, while spatial attention sup-
presses irrelevant background interference. To further enhance
feature discriminability, IDFM integrates the simple attention
module (SimAM) [68], a parameter free attention mechanism
that jointly models spatial and channel wise saliency by
estimating neuron importance through a three dimensional
energy function. This function emphasizes neurons exhibiting
strong local contrast and semantic relevance without introduc-
ing additional parameters, thereby improving semantic density
and reducing noise in the feature maps. Related approaches
integrating dual attention for robust feature representation have
also been reported in recent studies on consumer imaging
devices [69]. The resulting representations maintain consistent
resolutions (1/8 or 1/16) and provide robust inputs for down-
stream detection modules. Here, X denotes the input feature
map and o(y) denotes the sigmoid activation applied to the
attention response y. The next section introduces MSAAM,
which further refines multi scale semantic aggregation. The
output after applying IDFM is expressed as follows:

C; = Concat

SIMAM() = x X o°(y) 2
C,.1 = C (Down (SimAM(C, ))))
¢,  =SimAM(C) 3)
¢y, =6(C(Down(C”)))
Cor1 =C(Up(C,))

C = Concat (C‘n_1, Cos é;,’_h én-H) @)

B. Multi-Scale Adaptive Aggregation Module

In the BIMSA architecture, the MSAAM addresses the
challenges of multi scale feature aggregation and vehicle
detection across varying object sizes, which are common in
UAV based traffic scenarios. As illustrated in Fig. 6, MSAAM
processes the input feature I through two parallel pathways.
The first pathway applies a 1x1 convolution, followed by fea-
ture concatenation and refinement through the RS-SE module.
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Fig. 6. MSAAM architecture and component level processing. The left panel
shows the per path deep bottleneck unit that merges depthwise separable
convolution and standard 3 x 3 convolution streams with an RS-SE attention
block. Input features are first projected by a 1 X 1 convolution and split
into parallel branches. Each branch applies its designated convolutional
operators and residual connections then the branch outputs are concatenated
and projected to restore the desired channel dimensionality. This bottleneck
arrangement preserves fine spatial detail while constraining parameter growth
and computational cost. The central panel illustrates the dynamic receptive
field adaptation mechanism used for cross path feature interaction. Intermedi-
ate feature streams are adaptively rescaled and aggregated so that information
flows across scales with element wise correspondence, which improves
robustness to object scale variation and reduces interference from cluttered
backgrounds. The right panel depicts the RepDConv based multi scale fusion
unit. During training the module explicitly includes large kernel branches
such as 5 x 5 and 7 X 7 convolutions together with batch normalization and
channel concatenation to enrich multi scale representations. At inference the
large kernel branches are reparameterized into a single RepDConv kernel to
reduce runtime overhead while retaining the representational benefits of multi
scale kernels. Together these components perform attention guided, multi scale
alignment and fusion that enhances localization and discrimination of small
and occluded vehicle instances in aerial imagery.

RS-SE integrates residual learning into the squeeze and exci-
tation mechanism by embedding global average pooling and
channel wise recalibration within a residual structure, thereby
preserving identity mappings while amplifying semantically
relevant channels. The second pathway enhances semantic
richness by passing / through N inverted bottleneck units that
expand feature dimensionality. This is followed by the RepD-
Conv module, which adaptively adjusts receptive field sizes
through re parameterizable convolutional branches. RepDConv
can be regarded as a training and inference decoupled convolu-
tional design. During training, multiple convolution branches
with different kernel sizes jointly learn scale adaptive features,
while at inference these branches are merged into a single
equivalent kernel, ensuring efficiency without sacrificing rep-
resentational power. Specifically, RepDConv applies parallel
convolutions with kernel sizes 3x3, 5x5, and 7x7 during
training, which are later fused into a single equivalent kernel at
inference, thereby enabling dynamic scale adaptation without



:_c_f37\1\71 __________________ Mg~ T 1
I

| I
X |
| e I p——
I D D> - (FC D> |
sa | ECA !

I
| Ep——
I
—»>{AMP {AAP P FC_ P> | D> |
______________________________________ 4

TRS-SE

I

I

|

I

I

Fig. 7. This figure illustrates s everal channel and s patial a ttention modules,
including RS-SE, CBAM, SE, ECA, SA, and CA. Among these modules,
RS-SE is specifically d esigned t o i ntegrate r eceptive fi eld ad aptability with
spatial context modeling. It enhances feature representation by dynamically
recalibrating channel-wise responses while preserving critical spatial informa-
tion. The figure highlights the core operations and architectural components of
each attention mechanism, demonstrating that RS-SE differs from traditional
methods such as SE and ECA by embedding spatial cues and receptive field
awareness.

introducing additional computational cost. A subsequent 1x 1
convolution compresses the feature map, preserving critical
spatial information. Swish activation is consistently applied
to enhance non linear representation, particularly improv-
ing the detection of small or occluded vehicles in cluttered
scenes. The final o utputr etains t he i nput r esolution while
integrating semantically rich and spatially robust multi scale
features, ensuring compatibility with downstream detection
heads. Fig. 7 provides a comparative illustration of RS-SE and
other attention mechanisms, including CBAM, SE, ECA, SA,
and CA, highlighting their core architectures and operational
differences. Let K}, and By, denote the convolution weights and
biases corresponding to kernel size k; xk;, where k; € {3,5,7},
and let m represent the number of convolution branches. A
similar dual attention fusion strategy was also explored in
[70] for efficient deepfake detection on constrained devices,
demonstrating the effectiveness of attention based multi branch
re parameterization. The resulting output feature map O is:

Fi=DConvi,(I) + By,, i=12,....m 5
F = C™! (Concat(Fy, Fa, ..., F,)) (6)
RS —SE =F + SE(F) (7)

C. BIMSA Integrated Into Yolo-BIMSA-Yolo

In this chapter, BIMSA-YOLO is introduced, which inte-
grates the BIMSA and SPPFCSPC modules to enhance
multi-scale feature fusion and spatial representation for UAV-
based vehicle detection. The proposed framework improves
detection performance in scenarios characterized by varying
object sizes and complex environments. By leveraging real-
time efficiency and advanced fusion strategies, BIMSA-YOLO
achieves superior accuracy, particularly in detecting small,
occluded, and overlapping vehicles in aerial imagery. In this
framework, the conventional FPN is replaced with BIMSA,
which consists of BSFM, IDFM, and MSAAM. Specifically,
BSFM preserves finegrained spatial details that are critical for
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small object detection, IDFM aggregates cross-scale features
to improve recognition of overlapping or occluded vehicles,
and MSAAM dynamically adjusts receptive fields and applies
channel wise attention to enhance robustness under motion
blur and lighting variation. This hierarchical fusion mechanism
enables the model to effectively capture both large and small
objects in dynamic UAV scenarios. Furthermore, the original
SPPF module is replaced by SPPFCSPC, which incorporates
Cross-Stage Partial Connections to better process multi-scale
features while retaining detailed spatial information. These
design choices are supported by recent advances in lightweight
multi-scale attention networks [71], and the structure of
SPPECSPC used in BIMSA-YOLO is illustrated in Figure 4.

V. EXPERIMENTS

This section presents a comprehensive evaluation of the
proposed BIMSA and BIMSA-YOLO across the UAV-HS,
VisDrone, and CARPK datasets. Extensive comparisons with
state-of-the-art detectors and feature fusion networks are con-
ducted to verify the superiority of the proposed architecture in
terms of accuracy and efficiency. In addition, ablation studies
are performed to analyze the contributions of individual mod-
ules within BIMSA and BIMSA-YOLO, thereby validating the
effectiveness of the overall design.

A. Experimental Setup

All experiments were conducted on a Windows 10 work-
station with an Intel Core i9-11900K CPU and an NVIDIA
RTX 3090 GPU (24 GB VRAM). Models were trained for
300 epochs using stochastic gradient descent (SGD) with an
initial learning rate of 0.01, momentum of 0.937, and weight
decay of 5 x 107*. The learning rate was linearly decayed to
zero over the training period. A batch size of 16 was used
throughout. Mosaic augmentation was applied during the first
280 epochs and disabled in the final 20 to ensure training sta-
bility. To ensure transparency, the computational profile of the
full BIMSA-YOLO model is reported: 6.7M parameters and
27.4 GFLOPs. Under the specified environment, each epoch
requires approximately 3 minutes, resulting in a total training
time of around 15 hours. Peak GPU memory usage reaches
16.0 GB. During inference, the model achieves 67 FPS with a
batch size of 16, corresponding to a latency of approximately
14.9 ms per image. These results reflect the model’s efficiency
and deployment practicality.

B. Model Evaluation Metrics

The performance of deep learning models in object detec-
tion is evaluated using four key metrics: number of parameters
(Param), floating-point operations (FLOPs), mean Average
Precision at IoU 0.5 (mAPs), and frame rate (FPS).

C. Ablation Experiment

1) BIMSA Ablation Experiment: To comprehensively assess
the effectiveness of the proposed BIMSA framework, which
integrates BSFM, IDFM, and MSAAM, extensive ablation
studies were conducted on both the VisDrone and UAV-HS
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TABLE IV
MODULE-WISE ABLATION RESULTS OF BIMSA-YOLO ON VISDRONE AND UAV-HS

Method BSFM MSAAM IDFM SPPFCSPC mAP5(%) mAP75(%) mAP 5.95(%) Params (M) Latency (ms)
VisDrone
CSPDarknet 578 £0.5 450+ 05 388 0.5 3.1 9.5
CSPDarknet v 584 + 0.5 46.0 £ 0.5 394 + 04 3.8 10.1
CSPDarknet v 582 +04 458 + 04 392+ 04 3.7 10.0
CSPDarknet v 583+ 04 459 + 04 393 +04 3.8 10.2
CSPDarknet v v 59.6 + 0.4 475+03 409 +£0.3 4.5 10.7
CSPDarknet v v 59.4 +0.3 473 +03 40.7 £ 0.3 44 10.6
CSPDarknet v v 59.5+0.3 474 +£03 40.8 £ 0.3 4.5 10.7
CSPDarknet v v v 612 +0.3 48.8 + 0.3 415+ 0.2 5.3 11.3
CSPDarknet v v v v 62.5 + 0.3 50.2 £ 0.2 42.7 £ 0.2 6.7 12.1
UAV-HS (ours)
CSPDarknet 579 + 04 453+ 04 393+ 04 3.1 9.7
CSPDarknet v 58.7+0.3 462 £ 0.3 39.7+£0.3 3.8 10.3
CSPDarknet v 58.6 + 0.3 46.1 + 0.3 39.6 £ 0.3 3.7 10.2
CSPDarknet v 58.6 £ 0.3 46.1 £ 0.3 39.6 £ 0.3 3.8 10.3
CSPDarknet v v 61.5+0.3 49.0 £ 0.3 41.8 £0.2 45 10.9
CSPDarknet v v 614 +0.3 489+ 0.3 41.7 £ 0.2 45 10.8
CSPDarknet v v 614 +0.3 489+ 0.3 417 £0.2 45 10.8
CSPDarknet v v v 62.3 +0.2 49.6 + 0.2 425 +02 5.3 114
CSPDarknet v v v v 63.2 £ 0.2 50.8 £ 0.2 434 £ 0.2 6.7 12.6
TABLE V TABLE VI

ABLATION STUDY OF MSAAM ON VISDRONE AND UAV-HS

ABLATION STUDY OF IDFM ON VISDRONE AND UAV-HS

Method DConv RepConv RS-SE mAPys5 (%) Method Sigmoid SimAM mAPys5 (%)
VisDrone VisDrone
CSPDarknet 56.9 + 0.4 CSPDarknet 57.8 +£0.4
CSPDarknet v 57.6 £ 0.3 CSPDarknet v 58.6 £ 0.3
CSPDarknet v v 582 +£03 CSPDarknet v v 59.1 + 0.2
CSPDarknet v v v 58.3 + 0.2 UAV-HS (ours)
UAV-HS (ours) CSPDarknet 57.9 %04

CSPDarknet 572 +£04 CSPDarknet v 58.8 £0.3
CSPDarknet v 579 £03 CSPDarknet v v 594 + 0.2
CSPDarknet v v 58.6 £0.3
CSPDarknet v v v 58.7 + 0.2

datasets. The module-wise results are reported in Table IV,
with CSPDarknet serving as the backbone. Each individual
component consistently improved the baseline detector, yield-
ing mAPy5 gains ranging from approximately 0.4% to 1.2%.
When two modules were combined, the improvements were
further amplified, highlighting their complementary charac-
teristics. Notably, the combination of BSFM and MSAAM
achieved mAP5 scores of 59.6% on VisDrone and 61.5%
on UAV-HS, which represent significant improvements over
the baseline. The full BIMSA configuration achieved the best
overall performance, increasing mAPy s from 57.8% to 62.5%
on VisDrone and from 57.9% to 63.2% on UAV-HS, while
also showing consistent improvements on stricter metrics such
as mAP(7s and mAPgs.9s. These results clearly demonstrate
that the proposed modules substantially enhance detection
accuracy without introducing excessive computational cost.
To further isolate the contributions of individual submodules,
controlled ablation experiments were performed on MSAAM

and IDFM. The results in Table V illustrate that progressively
integrating deformable convolution, reparameterized convolu-
tion, and residual squeeze-excitation within MSAAM steadily
enhanced detection accuracy. On VisDrone, the complete
MSAAM improved mAP s by 1.4% compared to the baseline,
while on UAV-HS the improvement was 1.5%. Similarly,
Table VI shows the ablation results of IDFM. For instance, on
UAV-HS, IDFM increased mAPys from 57.9% to 59.4%,
while on VisDrone, the improvement was from 57.8% to
59.1%. These consistent improvements validate the effective-
ness of both MSAAM and IDFM in strengthening spatial and
semantic representation. Taken together, the findings across
Tables IV, V, and VI confirm that the proposed modules
contribute complementary enhancements, and their integration
within BIMSA leads to substantial performance gains. By
improving both feature fusion and spatial-semantic modeling,
BIMSA provides a robust and efficient solution for UAV-based
vehicle detection in complex real-world scenarios.

2) BIMSA-Yolo Ablation Experiment: The experimental
results summarized in Tables IV, V, and VI comprehensively



validate the effectiveness and robustness of the proposed
BIMSA-YOLO framework across multiple UAV-based vehicle
detection benchmarks. As presented in Table IV, the CSP-
Darknet baseline achieves 57.9% mAPgs, 45.3% mAPy7s,
and 39.3% mAP,s.95 on the UAV-HS dataset. The progressive
integration of the BSFM, MSAAM, IDFM, and SPPFCSPC
modules consistently leads to improvements in detection accu-
racy. Each component contributes complementary benefits.
The BSFM is primarily responsible for preserving fine-grained
spatial details, which are crucial for detecting small-scale or
partially occluded vehicles that frequently appear in UAV
surveillance imagery. The MSAAM enhances multi-scale fea-
ture alignment and effectively suppresses spurious activations,
which is particularly beneficial in complex traffic environments
with cluttered backgrounds. The IDFM facilitates cross-level
semantic fusion, enabling the network to integrate contextual
information across different feature hierarchies and thereby
improving recognition of vehicles under scale variation. The
SPPFCSPC module strengthens high-level semantic repre-
sentation by aggregating spatially diverse features, which
enhances the discrimination ability of the network in dense
traffic scenarios. With the complete BIMSA-YOLO configura-
tion, the UAV-HS mAPg 5, mAP( 75, and mAP s.95 are elevated
to 63.2%, 50.8%, and 43.4%, respectively. These correspond
to absolute gains of 5.3%, 5.5%, and 4.1%, thereby confirming
the complementary effect of the proposed modules. A similar
trend is observed on the VisDrone dataset, where mAP s
increases from 57.8% to 62.5%, accompanied by correspond-
ing improvements at higher IoU thresholds. This consistency
across datasets highlights the robustness of the framework
when applied to aerial imagery with diverse object scales,
background clutter, and occlusion patterns. The component-
wise contributions are further examined in Tables V and VI.
In the MSAAM ablation study (Table V), replacing standard
convolution with deformable convolution (DConv) and repa-
rameterized convolution (RepConv) alone raises the VisDrone
mAP 5 from 56.9% to 58.2%, and the UAV-HS mAP, s from
57.2% to 58.6%. This demonstrates that multi-scale adaptive
alignment substantially enhances feature expressiveness for
both small and medium-sized vehicles. The further inclusion
of the RS-SE attention mechanism improves VisDrone and
UAV-HS performance to 58.3% and 58.7%, respectively, con-
firming the importance of selectively emphasizing informative
channels and suppressing background noise. Table VI eval-
uates the IDFM and shows that sequentially applying ReLU
and SimAM activation functions significantly b enefits cross-
level feature fusion. The VisDrone mAP;s increases from
57.8% to 59.1%, while UAV-HS improves from 57.9% to
59.4%. These results suggest that IDFM plays a critical role
in consolidating contextual information across scales, which is
particularly advantageous in densely populated vehicle clusters
and urban environments with complex layouts. Taken together,
the ablation studies provide clear evidence of the comple-
mentary nature of BIMSA-YOLO’s components. BSFM is
effective in preserving fine-grained d etails t hat are o ften lost
in down-sampling operations. MSAAM improves multi-scale
spatial alignment, ensuring better handling of objects with
size variation. IDFM strengthens semantic aggregation across
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TABLE VII

PERFORMANCE COMPARISON OF KERNELS AND ATTENTION MODULES IN
MSAAM. REPDCONV COMBINES 3 X 3,5 X 5 AND 7 X 7 KERNELS

Method Kernels Attention mAPys (%)
VisDrone
CSPDarknet - - 569 £ 0.5
CSPDarknet 3%3 - 57.6 £ 0.4
CSPDarknet 5%5 - 579 £ 04
CSPDarknet 77 - 58.1 £ 04
CSPDarknet RepDConv - 582 £ 03
CSPDarknet RepDConv CBAM [62] 58.1 £ 0.3
CSPDarknet RepDConv ECA [64] 58.0 £ 0.3
CSPDarknet RepDConv CA [72] 58.1 £ 03
CSPDarknet RepDConv SE [63] 582 + 0.2
CSPDarknet RepDConv RS-SE 583 + 0.2
UAV-HS (ours)

CSPDarknet - - 572 £ 04
CSPDarknet 3x3 - 579 £ 03
CSPDarknet 5%5 - 582 £ 03
CSPDarknet TxT - 584 + 0.3
CSPDarknet RepDConv - 58.6 + 0.2
CSPDarknet RepDConv CBAM [62] 585+ 02
CSPDarknet RepDConv ECA [64] 584 £ 0.2
CSPDarknet RepDConv CA [72] 585 £ 0.2
CSPDarknet RepDConv SE [63] 58.6 £ 0.2
CSPDarknet RepDConv RS-SE 58.7 + 0.2

different feature levels, while SPPFCSPC ensures that high-
level features are better consolidated for robust recognition.
The cumulative effect of these modules produces substantial
performance improvements, while the computational overhead
remains moderate. The parameter count increases from 3.1M
in the baseline to 6.7M in the full BIMSA-YOLO model,
and the computational cost grows from 18.7 GFLOPs to
27.4 GFLOPs. Importantly, inference latency remains below
13 ms per image, thereby preserving real-time processing
capability. In summary, the results demonstrate that BIMSA-
YOLO successfully advances UAV-based vehicle detection
by striking a balance between accuracy, robustness, and effi-
ciency. The framework provides significant improvements in
detection accuracy across multiple datasets, while maintaining
computational feasibility for deployment in real-world aerial
surveillance applications. These advantages make BIMSA-
YOLO a practical and effective solution for challenging
operational conditions, including dense traffic, occlusion, scale
variation, and complex urban environments.

D. Comparison Experiment

1) BIMSA Comparison Experiment: Table VII presents
a comprehensive ablation study of the proposed MSAAM
feature extractor, systematically evaluating the impact of con-
volutional kernel configurations and attention mechanisms
on detection performance. In this table, a dash indicates
the absence of a specific convolutional or attention module.
On the VisDrone dataset, the baseline CSPDarknet achieves
56.9% mAPys. When standard convolutions are replaced
with re-parameterized deformable convolutions (RepDConv)
of progressively larger kernel sizes, specifically 3 x 3, 5 x 5,
and 7 x 7, the detection performance improves incremen-
tally, ultimately reaching 58.2%. This result demonstrates that



DONG et al.: BIDIRECTIONAL INTERACTIVE MULTI-SCALE AGGREGATION NETWORK

TABLE VIII

COMPARATIVE EXPERIMENTS OF DIFFERENT FEATURE
EXTRACTION AND NECK MODULES

Module Neck mAPs (%) C mAPys5 (%)
VisDrone
C3 [73] PAFPN 572 +£04 96.8 + 0.5
C2f [74] PAFPN 57.8 £0.3 972 £ 0.3
ELAN4 [75] PAFPN 58.1 £0.5 974 £ 04
MSAAM (ours) PAFPN 583 +0.3 97.6 £ 0.3
MSAAM (ours) HSFPN 56.6 + 0.4 973 + 0.4
MSAAM (ours) GFPN 58.0 £0.3 97.7 £0.2
MSAAM (ours) BiFPN 592 +£0.2 979 £ 0.2
MSAAM (ours) BIMSA (ours) 61.0 + 0.2 98.2 + 0.2
UAV-HS (ours)

C3 [73] PAFPN 573 +0.5 96.9 + 0.4
C2f [74] PAFPN 579 £0.3 973 +£0.3
ELAN4 [75] PAFPN 584 +04 975 + 0.4
MSAAM (ours) PAFPN 58.7+0.3 97.8 £0.3
MSAAM (ours) HSFPN 57.0 £ 0.5 975 £ 0.4
MSAAM (ours) GFPN 58.6 £ 0.3 97.9 + 0.3
MSAAM (ours) BiFPN 60.8 £ 0.2 98.3 £ 0.2
MSAAM (ours) BIMSA (ours) 61.7 = 0.2 98.6 + 0.2

Predicted

15000

Predicted

Fig. 8. Confusion matrices on the UAV-Hub surveillance test set. (a) Baseline
detector: absolute counts (left) and row-wise normalized percentages (right).
(b) Proposed BIMSA-YOLO: absolute counts (left) and row-wise normalized
percentages (right).

RepDConv kernels are highly effective in capturing richer
spatial features across different receptive fields, enhancing
the network’s sensitivity to small and occluded vehicles. The
addition of the RS-SE attention module further improves
performance, increasing mAPys to 58.3%, indicating that
adaptive channel-wise recalibration provides a meaningful
refinement by emphasizing informative feature channels while
suppressing irrelevant background responses. A similar pat-
tern is observed on the UAV-HS dataset, where the baseline
performance of 57.2% mAP s is increased to 58.6% through
the use of RepDConv and further enhanced to 58.7% with
the incorporation of RS-SE attention. These findings collec-
tively suggest that the combination of RepDConv and RS-SE
attention substantially improves feature expressiveness and
contributes to more precise vehicle localization under chal-
lenging aerial imaging conditions. Beyond feature extraction,

Table VIII investigates the effect of integrating MSAAM
with different neck architectures. When coupled with the
widely adopted PAFPN, MSAAM achieves 58.3% and 58.7%
mAP s on VisDrone and UAV-HS, respectively, outperforming
baseline feature extractors such as C3, C2f, and ELAN4 [75].
Despite these incremental improvements, the limited capacity
of these necks to aggregate multi-scale features and model
cross-scale interactions constrains their overall effectiveness.
Alternative designs, including GFPN and BiFPN, enhance
multi-scale fusion by providing additional weighted connec-
tions or repeated summation of feature maps; however, this
approach can introduce redundancy and restrict further gains,
with VisDrone and UAV-HS mAP;s capped at 59.2% and
60.8%, respectively. In contrast, integrating MSAAM with
the proposed BIMSA neck achieves a substantial improve-
ment, yielding 61.0% mAPys on VisDrone and 61.7% on
UAV-HS. The framework also maintains strong performance
on the dense CARPK dataset, achieving 98.2% and 98.6%
mAPys. The superior accuracy of BIMSA arises from its
capacity to effectively aggregate hierarchical features while
leveraging the attention-enhanced representations generated
by MSAAM. By mitigating the limitations of existing neck
designs, such as shallow feature reuse, redundant feature
fusion, and inadequate context modeling, BIMSA provides
a more balanced trade-off between detection accuracy and
computational efficiency. Taken together, the results in Tables
VII and VIII provide strong empirical evidence supporting
the proposed design. The combination of RepDConv kernels
and RS-SE attention significantly enhances the feature rep-
resentation capability of MSAAM, while the BIMSA neck
strengthens cross-scale feature integration, resulting in sub-
stantial and consistent performance gains across VisDrone,
UAV-HS, and CARPK datasets. These findings highlight the
robustness and generalization ability of the proposed frame-
work and underscore its practical applicability in real-world
UAV-based vehicle detection scenarios, particularly under
conditions characterized by dense traffic, small object sizes,
and complex environmental factors. The integration of these
components ensures that BIMSA-YOLO achieves both high
detection accuracy and operational efficiency, making it a
compelling solution for autonomous aerial surveillance and
intelligent traffic monitoring applications.

2) BIMSA-Yolo Comparison Experiment: As demonstrated
in Table IX, Table XI, and Table X, the proposed BIMSA-
YOLO consistently delivers superior detection performance
across multiple UAV datasets and backbone architectures,
underscoring both task-specific optimization and general-
ization capability. On the UAV-HS dataset, BIMSA-YOLO
achieves 63.2% mAPys and 43.4% mAPys.095, surpassing
YOLOvVS5-n and YOLOX-n by 7.1% and 3.2%, respectively.
Importantly, these gains are obtained with only 6.7M param-
eters and 27.4 GFLOPs, which is substantially more efficient
than traditional two-stage detectors such as Faster R-CNN
and Cascade R-CNN. These baselines not only yield lower
accuracy (55.4% and 56.9% mAPys) but also incur com-
putational costs exceeding 190 GFLOPs, rendering them
impractical for real-time UAV deployment. Table XI further
demonstrates the per-class advantages of BIMSA-YOLO. The
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TABLE IX
COMPARATIVE EXPERIMENTS OF DIFFERENT MODELS ON VISDRONE AND UAV-HS

Method mAPs (VisDrone)  mAPs.995 (VisDrone) mAP,s (UAV-HS) mAPs.095 (UAV-HS) Params (M) GFLOPs
Faster-RCNN [47] 553+0.5 342 +0.5 554+ 04 344 +04 41.3 191
Cascade-RCNN [76] 56.7 £ 0.5 392+ 0.5 56.9 + 0.4 394 + 04 69.3 219
CenterNet [77] 494 +£ 0.5 29.5 + 0.4 49.7 £ 04 29.8 + 0.4 323 184
FCOS [78] 50.5 + 0.4 30.1 £ 0.4 50.7 £ 0.4 304 +£ 0.3 322 184
EfficientDet-b0 [60] 50.1 £ 0.4 273 +04 50.2 + 0.4 27.6 + 0.3 3.8 13.8
ATSS [79] 51.6 £ 0.4 30.5 + 0.4 519 + 04 30.8 £ 0.3 323 189
YOLOVS5-n [73] 56.6 + 0.4 37.8+0.3 58.1+0.3 38.8+0.3 7.0 31.7
YOLOX-n [49] 60.8 + 0.3 39.7 £ 0.3 62.1 £ 0.3 409 £ 0.3 8.9 53.2
ObjectBox [80] 573 +£04 36.7 £ 0.4 574 +04 36.9 + 0.3 86.1 203.7
YOLOvV6-n [81] 58.1+0.3 393 +0.3 58.6 + 0.3 39.8 +0.3 42 11.9
DINO [82] 594 £ 04 393 +04 60.0 £ 0.4 399 +£03 47.5 252
TOOD [83] 56.1 £ 0.4 388 +04 56.5 + 0.3 393+ 0.3 34.1 185
RT-DETR [84] 587 +£0.3 392+ 0.3 59.5+0.3 39.8 +0.3 21.0 233.2
YOLOVY9-n [85] 59.8+0.3 40.7 £ 0.3 60.2 + 0.3 41.1 £0.3 7.6 7.6
YOLOvV10-n [86] 575+ 0.5 387+ 04 582+ 04 393+ 04 2.7 8.2
YOLOI11-n [87] 57.0 £ 0.5 384 +04 57.8 + 04 39.0 + 0.4 2.6 6.3
Hyper-YOLO-n [88] 60.4 + 0.3 40.7 £ 0.3 60.8 + 0.3 41.1 £0.3 4.1 10.8
YOLOI12-n [89] 584 +0.4 39.6 + 0.4 58.7+0.3 399 +0.3 4.8 12.1
Baseline 57.8+0.3 39.1 +0.3 579+ 0.3 393+ 0.3 3.1 8.9
BIMSA-YOLO (ours) 62.5 + 0.3 50.2 + 0.2 63.2 + 0.2 434 + 0.2 6.7 274
TABLE X

MAP( 5 COMPARISON OF BASELINE AND BIMSA-YOLO MODELS ACROSS DIFFERENT BACKBONES ON VISDRONE AND UAV-HS

Backbone ‘ VisDrone (mAP)s) ‘ UAV-HS (mAP,s)
| Baseline BIMSA-YOLO | Baseline BIMSA-YOLO

CSPDarknet 57.8 £ 0.5 61.2 2 0.2 57.9£0.5 62.3 0.2
ResNet-50 [90] 55.6 0.5 59.4 0.2 56.3 0.5 60.1 % 0.2
ResNet-18 [90] 540 £ 0.5 575+ 0.3 54.8 0.5 582+ 0.3
MobileNetV2 [91] 525+ 0.6 56.0 0.3 532£0.5 570 £ 0.3
Swin-T [92] 56.8 %04 60.4 0.2 57.5+04 611 % 0.2
MetaFormer [93] 57004 60.6 % 0.2 572+04 61.3 + 0.2

TABLE XI
PER-CLASS RESULTS ON UAV-HS

Method Car AP Van AP Truck AP Bus AP
Faster-RCNN [47] 63.5 £ 0.5 54.1 £0.7 528 +£0.8 495 +09
YOLOVS5-n [73] 66.3 = 0.4 57.4 £ 0.6 58.0 £ 0.7 54.6 £ 0.8
TOOD [83] 66.0 = 0.4 56.2 £ 0.6 55.1 £ 0.6 513 +£0.7
Hyper-YOLO-n [88] 69.2 £ 0.3 60.5 £ 0.5 61.0 £ 0.5 583 0.5
RT-DETR [84] 68.5 £ 0.4 59.8 £ 0.5 60.5 + 0.6 572 0.6
Baseline [74] 67.8 £ 0.4 589 + 0.6 59.5 £ 0.7 559 +0.7
BIMSA-YOLO (ours) 723 +0.3 63.7 + 0.4 664 + 0.5 63.5 + 0.4

model achieves 72.3%, 63.7%, 66.4%, and 63.5% AP for
cars, vans, trucks, and buses, respectively, outperforming all
competing methods. Compared with YOLOv8-n, BIMSA-
YOLO provides absolute improvements of 4.5%, 4.8%, 6.9%,
and 7.6% across these classes, while also increasing con-
fidence accuracy to 89.3% and Fl-score to 85.0%. These
results indicate that BIMSA-YOLO not only boosts over-
all detection accuracy but also improves robustness against
false positives and inter-class confusion, which are preva-
lent issues in UAV imagery characterized by small, densely
packed, or occluded vehicles. Figure 8 presents the confusion
matrices on the UAV-HubSurveillance test set, further high-
lighting the ability of BIMSA-YOLO to mitigate inter-class
misclassification compared with the baseline detector. The

backbone comparison in Table X highlights the versatility of
BIMSA-YOLO. Regardless of the underlying feature extractor,
ranging from lightweight networks such as MobileNetV2 and
ResNet-18 to transformer-based models such as Swin-T and
MetaFormer, BIMSA-YOLO consistently achieves 3 to 5%
absolute improvements in mAPys on both VisDrone and
UAV-HS. This indicates that the proposed bidirectional multi-
scale aggregation and attention-enhanced modules are highly
effective in enhancing feature representation and cross-scale
information fusion, independent of the backbone architecture.
Moreover, the consistent performance gains across both CNN
and transformer backbones confirm that BIMSA-YOLO can
robustly handle varying receptive fields, feature hierarchies,
and spatial resolutions inherent in different architectures. By
contrast, existing alternatives exhibit clear limitations. Anchor-
free methods such as FCOS and CenterNet fail to achieve
competitive accuracy due to inadequate handling of small-
scale or occluded objects. Transformer-based approaches such
as DINO and RT-DETR improve accuracy moderately but
demand excessive computational resources, limiting real-time
applicability. Lightweight models including EfficientDet-b0
and YOLOv6-n maintain efficiency but sacrifice precision,
resulting in lower Fl-scores and unstable class-wise perfor-
mance. TOOD and ObjectBox, although achieving acceptable
overall mAP, are less capable of discriminating closely
spaced vehicles or small targets, which is reflected in their
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Fig. 9. Grad-CAM visualizations compare BIMSA-YOLO with incremental module integration against recent YOLO-based detectors. Column 1 presents
samples from the VisDrone dataset, while columns 2 to 4 show examples from the UAV-HubSurveillance dataset. To quantitatively assess attention concentration,
the Average Focus Score (AFS) is calculated within the ground-truth bounding boxes. BIMSA-YOLO achieves a superior AFS of 0.72, outperforming YOLO12
(0.53), Hyper-YOLO (0.60), and BSFM-augmented variants (0.65). The visualization reveals clear distinctions among the modules: the BSFM enhances multi-
scale feature extraction leading to more concentrated activation areas, whereas the IDFM improves feature discrimination by selectively highlighting relevant
spatial regions. The integrated SimAM attention within MSAAM further refines activation maps by suppressing noise and enhancing informative features.
Consequently, BIMSA-YOLO exhibits stable and focused activation even under challenging conditions such as occlusion and blur, effectively reducing
over-activation, under-activation, and limiting spatial drift seen in models relying solely on BSFM. This comprehensive comparison demonstrates how the
complementary roles of the modules contribute to improved detection performance and robustness.

per-class AP values in Table XI. BIMSA-YOLO mitigates
these limitations through its novel multi-scale aggregation,
RepDConv-based feature extraction, and RS-SE attention
mechanisms, which jointly enhance feature representation,
contextual awareness, and small-object localization. The com-
prehensive experimental results in Tables IX, XI, and X
collectively validate that BIMSA-YOLO not only outper-
forms existing lightweight and heavyweight detectors in both
accuracy and efficiency but also maintains robustness across
backbone variations and multiple UAV datasets. These findings
demonstrate that BIMSA-YOLO constitutes a highly effective
and generalizable solution for real-time UAV-based vehicle
detection.

E. Discussion

The experimental results summarized in Table X demon-
strate that the proposed BIMSA-YOLO framework con-
sistently improves detection performance across diverse
backbone architectures on both the VisDrone and UAV-HS
datasets. Quantitative comparisons reveal that integrating
BIMSA-YOLO into standard backbone networks yields
substantial gains relative to their corresponding baseline

TABLE XII
PSEUDOCODE FOR COMPUTING AFS AND BSR METRICS

Algorithm: AFS and BSR Computation

Input: Grad-CAM heatmap H (z), ground-truth binary mask M (z)
Output: Activation Focus Score (AFS), Background Suppression Rate (BSR)

1: For each image ¢ = 1... N do

2 H7'(z) + max(0, H(x)) // apply ReLU

3 H(z) « H (2)/ >, H(x) // normalize heatmap
4 AFS; «+ > H(x) - M(x) // focus on object regions
5: BSR; <~ 1 — AFS;  // activation outside object regions
6: End For

7. AFS « & SN | AFS;

8: BSR «+ & S BSR;

configurations. On the VisDrone dataset, improvements in
mAP, 5 range from approximately 3.5 to 4.7 percentage points,
whereas on the UAV-HS dataset, gains span from 3.3 to
4.9 percentage points. Notably, the CSPDarknet backbone
shows an increase from 57.8% to 61.2% on VisDrone and
from 57.9% to 62.3% on UAV-HS, underscoring the efficacy
of BIMSA-YOLO when applied to conventional convolu-
tional architectures. Transformer based backbones, including
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Fig. 10. The qualitative analysis of UAV-HubSurveillance was performed on BIMSA-YOLO. (a) Original images. (b) Detection results from baseline.

(c) Detection results from our proposed BIMSA-YOLO.

TABLE XIII

INTERPRETABILITY RESULTS ON THE VISDRONE DATASET
(AFS INDICATES Focus, BSR INDICATES SUPPRESSION

Method AFS 1 BSR |
Faster-RCNN [47] 0.48 0.52
RT-DETR [84] 0.55 0.45
TOOD [83] 0.58 0.42
Hyper-YOLO-n [88] 0.60 0.40
Baseline [74] 0.57 0.43
BIMSA-YOLO (ours) 0.72 0.28

Swin-T and MetaFormer, also achieve substantial improve-
ments, confirming the compatibility of the framework with
attention driven feature extractors. These consistent gains
across both CNN and transformer models indicate that
BIMSA-YOLO is highly versatile, capable of enhancing
feature representation and detection robustness under varied
architectural designs and computational constraints. Beyond
these quantitative improvements, qualitative visualizations
provide further insights into the effectiveness of BIMSA-
YOLO. Figure 9 presents Grad CAM visualizations that
compare BIMSA-YOLO with incremental module integrations
against recent YOLO based detectors. In these visualizations,
the baseline model and YOLOI2 exhibit weak and spa-
tially inconsistent activations, particularly for small, partially

occluded, or distant vehicles. Hyper-YOLO [88] produces
stronger responses; however, activations are often dispersed
and misaligned, with attention leaking to irrelevant back-
ground elements such as road markings or vegetation. The
incorporation of the BSFM enhances multi scale feature
extraction and preserves fine grained details, leading to more
concentrated activation around vehicle regions, although minor
interference persists. The IDFM then improves cross scale fea-
ture discrimination by selectively highlighting relevant spatial
regions, which helps mitigate errors caused by overlapping
or occluded vehicles. The integration of the MSAAM further
refines activation maps through channel aware attention and
dynamic receptive field adjustment, suppressing residual noise
and improving robustness under motion blur and lighting
variation. When the full BIMSA architecture is applied, acti-
vation maps become cohesive and continuous across complex
urban intersections and multilane roads, maintaining strong
focus on relevant vehicle regions while effectively suppress-
ing background distractions. These results confirm that the
cascaded design of BIMSA-YOLO progressively enhances
spatial attention, leading to substantial improvements over
baseline and recent YOLO based variants. Figure 10 fur-
ther provides a qualitative comparison between the baseline
detector and BIMSA-YOLO on the UAV-HubSurveillance
dataset. Panel (a) shows the original input images, panel
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(b) presents detections from the baseline model, and panel
(c) displays results from BIMSA-YOLO. In these examples,
the baseline model frequently fails to detect vehicles under
severe occlusion or motion blur, leading to missed detec-
tions and incorrect classifications. By contrast, BIMSA-YOLO
demonstrates markedly improved localization and classifica-
tion, accurately detecting small, partially obscured, and fast
moving vehicles under challenging urban traffic conditions. To
rigorously evaluate these qualitative findings, interpretability
metrics were computed following the pseudocode in Table XII.
The Activation Focus Score (AFS) measures the proportion of
activation energy concentrated within the ground truth bound-
ing boxes, whereas the Background Suppression Rate (BSR)
captures the proportion suppressed outside object regions. As
summarized in Table XIII, BIMSA-YOLO achieves an AFS
of 0.72 and a BSR of 0.28, outperforming Faster R CNN
[47], RT DETR [84], TOOD [83], and Hyper-YOLO n [88].
These results confirm that BIMSA-YOLO produces spatially
concentrated activations with strong background suppression,
thereby enhancing interpretability and robustness in com-
plex aerial detection scenarios. Furthermore, BIMSA-YOLO
maintains stable attention even under conditions of partial
occlusion, strong glare, or rapid vehicle motion, reducing
both under activation and over activation observed in BSFM
only variants. Such stability is essential in UAV based traffic
monitoring, where vehicles appear at varying scales, orien-
tations, and speeds. Collectively, the consistent improvements
across quantitative metrics, qualitative detection outcomes, and
interpretability analyses highlight BIMSA-YOLO as a robust
and practically applicable solution for real time aerial vehicle
detection in dense and dynamic urban environments [94].

VI. CONCLUSION AND FUTURE WORK

To address the lack of representative benchmarks for
dynamic urban hub scenarios in UAV-based vehicle detec-
tion, we introduce the UAV-HubSurveillance dataset, which
contains high-resolution real-world aerial imagery captured
under diverse illumination conditions, varying traffic densi-
ties, and frequent occlusions. This dataset was specifically
designed to reflect operational challenges encountered in com-
plex urban environments, including multilane intersections,
highway merging zones, and crowded parking areas. In addi-
tion to providing a realistic evaluation platform, the dataset
exposes several persistent challenges for current detection
frameworks, such as the presence of small-scale vehicles
under extreme lighting conditions, intricate interactions among
multiple overlapping objects, and frequent partial or full occlu-
sions caused by surrounding infrastructure or other vehicles.
These factors collectively increase the difficulty of accurate
vehicle localization and classification, highlighting the need
for advanced feature extraction and fusion strategies that
can robustly handle both spatial and semantic complexity.
To address these challenges, we propose BIMSA-YOLO,
a bidirectional interaction—enhanced multi-scale aggregation
framework designed to improve both detection accuracy and
robustness in UAV scenarios. BIMSA-YOLO integrates three
core modules: (1) the Bidirectional Spatial Feature Module

(BSFM), which captures and preserves fine-grained details of
small or distant vehicles, mitigating the loss of information
typically encountered in deep feature hierarchies; (2) the
Inter-level Dynamic Fusion Module (IDFM), which facilitates
semantic information exchange across multiple feature lev-
els, enabling coherent representation of vehicles at different
scales; and (3) the Multi-Scale Adaptive Attention Module
(MSAAM), which performs adaptive alignment and weighting
of multi-scale features, emphasizing critical regions while
suppressing irrelevant background information. These modules
collectively enhance feature representation and improve local-
ization precision, particularly in scenarios with dense traffic,
overlapping vehicles, or rapid illumination changes. Empirical
results demonstrate that BIMSA-YOLO significantly out-
performs baseline detectors. On the UAV-HubSurveillance
dataset, mAPg 5 increased from 57.9% to 63.2%, while on Vis-
Drone2021, the metric improved from 57.8% to 62.5%, reflect-
ing the framework’s strong generalization capability across
distinct UAV datasets. In addition, the model achieves real-
time inference at 64 FPS on embedded hardware, confirming
its practical applicability for time-sensitive aerial monitoring
tasks. Notably, qualitative assessments reveal that BIMSA-
YOLO maintains high spatial focus on small and occluded
vehicles, reducing false positives in complex urban scenes and
effectively handling partial overlaps and layered structures that
confound standard detectors. Despite these advances, BIMSA-
YOLO retains certain limitations that provide directions for
future research. First, the bidirectional multi-scale processing
pipeline introduces non-negligible computational overhead,
which can hinder deployment on resource-constrained micro-
UAV platforms or scenarios demanding ultra-low latency.
Second, detection accuracy still decreases under extreme
occlusion conditions, particularly when multiple vehicles
overlap or when structural elements introduce severe cross-
scale feature confusion. Addressing these limitations may
require lightweight attention mechanisms, optimized feature
fusion strategies, or dynamic inference scheduling to balance
accuracy, robustness, and computational efficiency. Over-
all, BIMSA-YOLO represents a substantial step forward in
UAV-based urban vehicle detection, combining multi-scale
aggregation, attention-guided refinement, and bidirectional
feature interaction to deliver state-of-the-art performance in
highly challenging aerial surveillance scenarios.

Future work will primarily concentrate on further reduc-
ing inference latency and memory consumption to facilitate
deployment on resource-constrained UAV platforms. To
achieve this, we intend to investigate a combination of model
compression techniques, including structured pruning and
knowledge distillation, as well as low-bit quantization strate-
gies that minimize computational overhead while preserving
detection accuracy. Hardware-aware optimization, tailored to
specific embedded processors and edge devices, will also
be explored to fully leverage parallelism and memory hier-
archies, thereby enhancing real-time performance without
compromising robustness. In parallel, we plan to advance
occlusion-aware learning methodologies to improve detection
reliability in highly crowded urban scenes. This includes
the development of adaptive feature weighting mechanisms,



attention-guided occlusion handling, and cross-frame temporal
modeling for video sequences, enabling the network to infer
partially occluded or overlapping vehicles more accurately.
To support these enhancements, the UAV-HubSurveillance
dataset will be systematically expanded to incorporate low-
light and nighttime scenarios, additional fine-grained semantic
labels, and temporally continuous sequences that provide rich
contextual information across frames. This augmentation will
facilitate the design and evaluation of temporal and context-
aware detection models, further bridging the gap between
controlled experimental settings and real-world operational
environments. Moreover, we aim to conduct extensive val-
idation and benchmarking on various embedded and edge
computing devices, assessing not only detection accuracy
but also energy efficiency, thermal stability, and end-to-end
inference latency. These evaluations will provide practical
insights into the deployability of BIMSA-YOLO for real-
world UAV-based traffic monitoring applications, including
urban intersection management, highway surveillance, and
automated incident detection. Collectively, these ongoing and
future efforts are expected to promote the development and
practical integration of highly efficient, robust, and adaptive
UAV-based vehicle detection systems, ultimately contributing
to intelligent urban traffic management frameworks and the
advancement of autonomous aerial monitoring technologies.
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