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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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(a) Object scale change

(b) Image degradation due to motion (c) Unbalance of spatial distribution

(d) Object feature loss

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 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 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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(e) Car dense scene (f) Van dense scene

(g) Truck dense scene (h) Bus-intensive scene

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



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

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 6,367
Testing 25,312 21,110 4,502 2,980 2,720 16,884 12,012 2,110 1,350 1,412 218 6,961
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Fig. 4. Overall architecture of the proposed BIMSA-YOLO framework. The backbone extracts hierarchical feature maps from stages C» to Cs, where
Cy 2 RT ¥ ¢ preserves fine-grained spatial details, C3 2 R¥ ¥ 2C encodes mid-level structures, Cy4 2 RTs 16 4C captures high-level semantics, and
Cs 2 R% w1 &€ 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 %

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

H w . . . .
316 16 and 3 enabling accurate object localization and

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 Cg 1 which correspond to spatial resolutions of 7 %, % %, and % %, 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 1 convolutions are applied to adapt channel dimensions and facilitate
efficient information blending. The fused representation, denoted as CPI, is subsequently delivered to the IDFM, which integrates it with Cg 1 CEP 1» and CEL +1
All incoming features in the IDFM are uniformly rescaled to a common resolution of % %, 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?,O 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 1 convolution
for channel expansion, a depthwise separable convolution to
capture spatial patterns with low computational cost, and a
final 1 1 convolution to project back to the desired dimension,
with shortcut paths facilitating information preservation [67].
Formally, given input features C, 1;Cy; Cps1 2 R W € from
the backbone, BSFM computes the enhanced representation
C° through a sequence of up sampling U( ), down sampling
via 3 3 strided convolutions (denoted as Down), channel
adjustment with 1 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:

(C(Down(C,, 1)));
CBL = Concat @ DepthwiseConv (PointConv(C,)) ; A (D)
v c,,

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 Cg 4+ (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 (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:

Séi;mAM(x) =x 2)
C,1 =C Down SimAM(C" |)

<¢,  =SimAM(C)

CY, = C Down(CY)) ®)
“Ch1 =C Up(Cl,))

CY = Concat C, 1; Cu; C) 15 Con 4)

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 1 1 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 3 convolution streams with an RS-SE attention
block. Input features are first projected by a 1 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 stream