
IEEE TRANSACTIONS ON INTELLIGENT TRANSPORTATION SYSTEMS 1

Large-Scale High-Altitude UAV-Based Vehicle
Detection via Pyramid Dual Pooling Attention

Path Aggregation Network
Zilu Ying , Jianhong Zhou , Yikui Zhai , Senior Member, IEEE, Hao Quan ,
Wenba Li, Student Member, IEEE, Angelo Genovese , Senior Member, IEEE,

Vincenzo Piuri , Fellow, IEEE, and Fabio Scotti , Senior Member, IEEE

Abstract— UAVs can collect vehicle data in high-altitude scenes,
playing a significant role in intelligent urban management due
to their wide of view. Nevertheless, the current datasets for
UAV-based vehicle detection are acquired at altitude below
150 meters. This contrasts with the data perspective obtained
from high-altitude scenes, potentially leading to incongruities
in data distribution. Consequently, it is challenging to apply
these datasets effectively in high-altitude scenes, and there is
an ongoing obstacle. To resolve this challenge, we developed
a comprehensive vehicle dataset named LH-UAV-Vehicle,
specifically collected at flight altitudes ranging from 250 to
400 meters. Collecting data at higher flight altitudes offers a
broader perspective, but it concurrently introduces complexity
and diversity in the background, which consequently impacts
vehicle localization and recognition accuracy. In response,
we proposed the pyramid dual pooling attention path aggregation
network (PDPA-PAN), an innovative framework that improves
detection performance in high-altitude scenes by combining
spatial and semantic information. Object attention integration
in both spatial and channel dimensions is aimed by the
pyramid dual pooling attention module (PDPAM), which is
achieved through the parallel integration of two distinct attention
mechanisms. Furthermore, we have individually developed the
pyramid pooling attention module (PPAM) and the dual pooling
attention module (DPAM). The PPAM emphasizes channel
attention, while the DPAM prioritizes spatial attention. This
design aims to enhance vehicle information and suppress
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background interference more effectively. Extensive experiments
conducted on the LH-UAV-Vehicle conclusively demonstrate the
efficacy of the proposed vehicle detection method. Our code and
dataset can be found at https://github.com/yikuizhai/PDPA-PAN.

Index Terms— UAV, high-altitude scenes, vehicle detection,
attention mechanism.

I. INTRODUCTION

IN RECENT years, the rapid advancements in unmanned
aerial vehicle (UAV) technology, as well as UAV com-

munication technologies [1], [2] have generated considerable
interest in camera-equipped UAVs. The capability to conduct
real-time data analysis is possessed by UAVs equipped
with embedded devices, making them applicable in a wide
range of practical scenarios, which include intelligent city
management [3], security monitoring [4], [5], panoramic
perception analysis [6], [7]. In intelligent city management,
orbital satellites can be substituted by UAVs for performing
real-time surveys of urban development progress. The high-
resolution imagery captured by UAV can be effectively
employed to oversee illegal construction activities within the
city and optimize smart city traffic management [8], among
other diverse applications.

In recent research, a comprehensive understanding of
urban structures and features has been attained through the
panoramic segmentation of UAV images [6]. Another study [7]
is dedicated to addressing the detection of UAV images
at varying flight altitudes. These endeavors showcase the
substantial potential of UAVs in practical applications, with
a specific emphasis on intelligent city management. During
the process of urban development survey, significantly higher
spatial resolution images can be provided by UAV imagery
compared to those captured by orbital satellites. Specifically,
the ability to easily distinguish objects that remain unidentified
in orbital satellite imagery is provided by UAV imagery,
which represents a key advantage over orbital satellites.
However, this advantage poses a challenge that requires the
use of techniques such as image similarity comparison [9]
or change detection [10] techniques to effectively monitor
urban development changes across different time periods
using UAV imagery. Nevertheless, the amplification of specific
mobile non-building objects, specifically vehicles, within
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the image can be resulted from the elevated resolution of
UAV imagery, which can potentially impact the performance
of the mentioned algorithms. To address this challenge,
various commonly employed strategies are included such
as object preprocessing, region filtering, anomaly detection,
and manual selection. However, accurate vehicle detectors
are relied upon by all of these strategies, excluding time-
consuming manual approaches. Moreover, precise and intricate
information about foreground objects is offered by the high-
resolution images captured by UAVs, while simultaneously
introducing heightened complexity to the background.

Extensive research has been conducted on vehicle detection
tasks [11], [12], [13], [14], [15], [16], [17], [18], [19],
[20], [21], [22], resulting in various aerial datasets suitable
for vehicle detection, such as UAVDT [23], UAV123 [24],
Stanford Drone [25], VisDrone [26], and DLR 3K [27].
Additionally, some studies are dedicated to exploring vehicle
detection in challenging low-light conditions, such as the
case of DroneVehicle [28]. Unfortunately, the mentioned
UAV-based datasets were collected at flight altitudes below
150 meters. However, for urban development survey tasks,
altitudes exceeding 350 meters must be operated by UAVs
to effectively monitor the progress of urbanization and
capture a sufficiently expansive field of view. Moreover, the
aforementioned datasets were collected in typical scenarios,
covering parking lots, bus stations, city streets, residential
areas, and highways. In contrast, for urban development survey
tasks, data collection is often performed by UAVs in specific
scenes, such as urban-rural intersections, construction sites,
and riverbank embankments. In these specific scenes, the
background is more complex, and a common problem is the
imbalance between foreground and background. Furthermore,
certain changes may be introduced to the original images
used for urban development survey projects during the
preprocessing, thereby impacting the transferability of other
vehicle detection datasets to this task. To address this gap,
a UAV-based vehicle detection dataset was assembled at
high flight altitudes, comprising 18,663 images and featuring
annotations for 180,358 rotated bounding boxes. Moreover,
a broader range of scenes, such as towns, construction
sites, riverbank embankments, and various common vehicle
detection scenarios, is encompassed by our LH-UAV-Vehicle
dataset. All images were captured at flight altitudes ranging
from 250 meters to 400 meters, and they are all aerial images.
In this work, vehicle detection in this specific UAV-based
high-altitude aerial scene is concentrated on, with the aim
of enhancing the localization accuracy of vehicle detection
to mitigate the influence of the vehicle’s random movement
attributes on UAV-based urban management.

Greater challenges are encountered in vehicle detection in
high-altitude scenes as demonstrated by our LH-UAV-Vehicle
images. Fig. 1 (a) reveals the imbalance between background
and foreground information in more complex scenes, further
exacerbating the difficulty of the vehicle detection task.
Moreover, some UAV images captured at a flight altitude of
400 meters are illustrated in Fig. 1 (b), showing smaller and
denser vehicles. In such cases, compared to UAV images taken

at flight altitudes below 150 meters as shown in Fig. 1 (c),
the information density of individual targets in the image is
higher, making it more difficult to discern fine-grained details
and accurately locate vehicle targets. Therefore, small object
detection in the high-altitude scenes of UAV poses a significant
challenge, often encountering issues such as low resolution
and ambiguous features. The pyramidal feature hierarchy,
introduced by [29], leverages feature maps with varying spatial
resolutions to concurrently attend to information at multiple
scales. This facilitates enhanced capture of targets across
different scales within the image, with a particular emphasis
on small targets. Furthermore, feature pyramid network (FPN)
[30] emerges as one of the most recommended techniques
to enhance vehicle detection accuracy. A set of feature
maps with diverse spatial resolutions is generated by the
method through a gradual fusion of high-level and shallow-
level features, thereby enabling effective vehicle detection at
various scales, particularly in UAV scenarios. Path aggregation
network (PAN) [31] is a significant improvement over FPN
in instance segmentation tasks. A combination of bottom-
up and top-down structures is utilized to integrate spatial
and semantic information from various feature layers, leading
to enhanced localization accuracy. Additionally, [32], [33],
and other researchers have further extension of PAN, leading
to improved performance of the object detection model.
In this investigation, we expand FPN to PAN by employing
appropriate upsampling and downsampling methods. The
model’s perception of objects across different scales can be
augmented, consequently enhancing the overall performance
of the vehicle detection model.

Attention mechanisms have been extensively studied in
previous research [34], [35], [36], [37], [38], [39], [40],
[41], [42], [43], [44]. The purpose of highlighting crucial
feature positions and further enhancing their significance
is served by attention while suppressing redundant ones.
While [36], [38], [40], [42], [43], [44], and [53] have
the potential to improve the performance of the model,
optimal results can only be achieved by retraining the
adapted backbone network for each of these techniques.
This is because the inherent pre-trained weights of the
backbone network are often disrupted by methods that involve
embedding or substituting crucial components to facilitate
attention. To address this challenge, method called pyramid
dual pooling attention path aggregation network (PDPA-PAN)
is introduced. The impact of complex backgrounds on the
model is effectively mitigated by this innovative approach
without disrupting the original features, thereby improving the
model’s ability to accurately detect and prioritize small vehicle
targets. Refined features are extracted through attention by
comprehensively integrating spatial relationships and abstract
features from features of various sizes in this method.
Specifically, two distinct attention modules are designed in
this paper: pyramid pooling attention module (PPAM) and
dual pooling attention module (DPAM), which are combined
using pyramid dual pooling attention module (PDPAM).
Furthermore, FPN is extended by incorporating a PAN and
integrating it with PDPAM to emphasize the crucial features of
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Fig. 1. Challenges are encountered in high-altitude scenes by UAV-based vehicle detection. (a) Diverse and complex backgrounds. (b) Densely scenarios in
high-altitude scenes. (c) UAV images taken at flight altitudes below 150 meters. The images in both (a) and (b) are sourced from the LH-UAV-Vehicle dataset.

vehicle objects. The recognition and localization performance
of vehicle detection are significantly improved by this
integration.

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

1) The LH-UAV-Vehicle dataset for vehicle detection was
created by us, which includes 18,663 images containing
a total of 180,358 instances of vehicle objects captured
in various scenes. In contrast to other UAV datasets,
a significant number of high-altitude scene images are
encompassed by our dataset, thereby encompassing
more intricate scenarios.

2) A pyramid dual pooling attention path aggregation
network (PDPA-PAN) is introduced, allowing precise
vehicle localization through the seamless integration of
spatial and semantic information from diverse feature
layers. Furthermore, the vehicle detection performance
of our model is enhanced by employing a parallel
strategy to integrate a hybrid attention mechanism.

3) To address the information loss resulting from global
pooling, a novel pyramid pooling attention module
(PPAM) is presented. Through a sequential process of
fusing and computing attention, the model’s parameter
count is remarkably reduced, thereby enhancing detec-
tion performance. Moreover, a dual pooling attention

module (DPAM) specifically designed for aerial vehicle
detection is introduced by us. The extraction of finer
features with an expanded receptive field is enabled by
this module, which incorporates supplementary feature
maps and considers convolutional kernels of various
sizes.

4) Extensive experiments on the proposed LH-UAV-Vehicle
dataset were conducted, clearly demonstrating the
effectiveness of our approach. The baseline model was
outperformed by our method with a 1.35% improvement
in mAP50, and superior performance against state-of-
the-arts was achieved.

The structure of the remaining paper is outlined as
follows: A brief summary of related work is provided in
Sec. II. The LH-UAV-Vehicle dataset is introduced in Sec. III.
Sec. IV presents our proposed method (PDPA-PAN), and its
effectiveness is evaluated through extensive experiments in
Sec. V. Finally, conclusions are drawn in Sec. VI.

II. RELATED WORK

In this section, the currently available datasets capable
of supporting vehicle detection tasks are first examined.
Next, a concise overview of state-of-the-art vehicle detection
algorithms is provided. Finally, various attention mechanism
methods applicable for vehicle detection are reviewed.
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A. Aerial Scene Vehicle Detection Datasets

In recent years, several aerial scene datasets have been
proposed by researchers to advance the progress of aerial
view vehicle detection. Some datasets are collected through
orbital satellites, such as the DLR 3K [27] dataset, which
consists of 20 aerial images captured at a flight altitude of
1000 meters using the Canon Eos 1Ds Mark III camera,
with a resolution of 5816×3744 pixels. Urban and residential
areas are encompassed by the captured scenes, primarily
comprising two categories: cars with 9300 instances and trucks
with 160 instances. Other categories are often disregarded
due to their limited number of instances. The VEDAI [45]
dataset comprises 1200 small-sized images obtained through
the cropping of remote sensing images collected by orbital
satellites. A sparse distribution of vehicle objects is exhibited
by the dataset, which consists of nine distinct categories
of small vehicles, while encompassing a diverse range of
complex scenes. Additionally, two versions of the dataset are
comprised: 512×512 and 1024×1024, where VEDAI-512 is a
downscaled version of VEDAI-1024. The DOTA [46] dataset
is comprised of 2806 aerial images captured from platforms
in various cities, resulting in image sizes ranging from
800×800 pixels to 4000×4000 pixels. 15 object categories are
encompassed by it, consisting of vehicles of different scales
and orientations. However, due to the high shooting altitude,
fine-grained information about vehicles cannot be identified.
As a result, two vehicle categories, small vehicles and large
vehicles, are the only ones comprised in the dataset.

There are also efforts to gather datasets through UAVs
for capturing aerial images, such as the Stanford Drone [25]
dataset, which was captured by a 3DR Solo UAV equipped
with a 4K camera at a height of 80 meters, focusing on
eight distinct scenes within the Stanford University campus.
It comprises approximately 60 annotated videos with a video
resolution of 1400×1904 pixels and includes car and bus
categories. The CARPK [4] dataset was collected by a UAV in
four different parking lots at a flight altitude of approximately
40 meters. UAV123 [24] is a low-altitude UAV dataset with
flight heights ranging from 5 meters to 25 meters. It contains
123 video sequences and 110,000 fully annotated images,
including vehicle categories. The image resolutions vary from
1280×720 pixels to 3840×2160 pixels, primarily used for
single-object tracking tasks. The UAVDT [23] dataset was
collected by UAVs at flight altitudes ranging from 10 meters
to 70 meters in complex scenes. 100 videos and 8,000 images
with a resolution of 1080×5400 pixels are comprised in it.
In addition to axis-aligned bounding box annotations, useful
attribute information such as flight height, occlusion status,
and weather conditions is also included. VisDrone [26] was
collected by UAVs in different cities and under various weather
conditions using different UAV platforms. 263 videos with a
total of 179,000 frames and 10,209 images, with resolutions
ranging from 2000×1500 pixels to 3840×2160 pixels. Various
common car types, pedestrians, bicycles, and tricycles are
encompassed within the dataset, which contains 10 object
categories. The DroneVehicle [28] dataset is primarily used
for UAV-based vehicle detection under low-light conditions.

A total of 28,439 pairs of RGB-infrared cross-modal images
are contained within, with flight altitudes ranging from
50 meters to 150 meters. The dataset incorporates five common
vehicle categories and encompasses scenes featuring low-light
conditions such as heavy fog and nighttime.

Compared to the aforementioned aerial scene datasets, the
LH-UAV-Vehicle dataset we propose has been collected at
altitudes ranging from 250 meters to 400 meters. Complex
scenes with foreground-background imbalance and dense
small objects are involved in it, making it suitable for UAV-
based vehicle detection research.

B. Vehicle Detection

The aim of vehicle detection is to precisely locate each
vehicle within a given image and classify its category. In recent
years, with the rapid advancement of object detection, aerial
scene vehicle detection has been significantly benefited and
has emerged as a crucial subfield in target detection for remote
sensing images. Notably, extensive applications have been
found by vehicle detection algorithms such as RetinaNet [47]
and Faster R-CNN [48], regardless of the scene type, be it
natural or aerial. A one-stage anchor-based object detection
network called RetinaNet is used. Each vehicle object is
predicted by independently transferring the output feature
maps from the feature extractor to both the classification
subnet and the regression subnet. The severe imbalance issue
between foreground and background classes caused by dense
predictions directly on feature maps is mitigated by the
notable contribution of introducing focal loss. On the contrary,
Faster R-CNN is a two-stage detector. In the first stage,
proposals are generated using the region proposal network
(RPN). These proposals are then classified into foreground
and background regions and transferred to the second stage
for bounding box refinements. In the second stage, regions
of interest corresponding to the proposals are extracted from
the feature map using region of interest (RoI) pooling. The
final vehicle detection results are obtained by utilizing both
the classification subnet and the regression subnet.

In the context of aerial scenes, many objects exhibit
substantial variations in orientation and scale, making it
challenging to accurately locate them using axis-aligned
bounding boxes. To address this issue, the fine-grained
detection of rotated objects is enhanced by R3Det [49],
which transforms axis-aligned bounding boxes into oriented
bounding boxes, building on the foundation of RetinaNet.
Additionally, the feature refinement module is devised to
reconstruct the entire feature map pixel-by-pixel for precise
feature alignment in order to tackle the misalignment between
axis-aligned and oriented features. RoITransformer [50] is a
three-stage detector that extends Faster R-CNN by incorpo-
rating the RoITransformer module, responsible for converting
axis-aligned proposals generated by RPN into oriented
proposals. A novel approach to address the misalignment issue
between axis-aligned and oriented features is introduced by
S2ANet [51]. Oriented vehicle objects are directly predicted
based on the feature map output from the feature encoder,
followed by the transfer of the predicted position information
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to the feature alignment module, which utilizes alignConv
for precise feature alignment. Moreover, oriented detection
module is proposed to separate classification features from
regression features, ensuring sensitivity to rotation information
while maintaining high classification accuracy. In contrast
to RoITransformer, Oriented R-CNN [52] generates oriented
proposals by employing a straightforward center point offset
prediction for the proposal regions generated in the initial
stage of Faster R-CNN. In the second stage, rotated RoIAlign
is employed to extract corresponding regions of interest,
which are then transferred to the classification subnet and
the regression subnet to obtain the final results. Only 1/3000
of the parameter count of the RoITransformer module is
required by the oriented RPN of Oriented R-CNN, while better
detection results are achieved. Furthermore, intersection over
union (IOU) calculations are significantly impacted by even
slight variations in the oriented bounding box, especially for
vehicles with changing orientations. Thus, in order to achieve
precise oriented vehicle detection performance, a two-stage
anchor-based model is adopted for implementing UAV-based
vehicle detection in this paper.

C. Attention Mechanisms

Relevant regions within an image can effectively be
captured by attention mechanisms in computer vision, enabling
object regions of interest to be specifically concentrated
on by the model and attentional focus to be established
on the feature map [36]. Within the domain of vehicle
detection, a critical role is played by attention mechanisms
in effectively emphasizing vehicle objects amidst numerous
irrelevant background regions. Consequently, the precise
localization and recognition of vehicles are facilitated.
Channel attention, spatial attention, hybrid attention, and self-
attention are encompassed by notable attention mechanisms.
Channel attention, establishing correlations between channels
in the feature map using Squeeze and excitation operations,
is represented by SENet [36]. Subsequently, channel-wise
weights are applied to enhance critical features while
suppressing less significant ones. To tackle spatial information
loss caused by global average pooling in SENet, SPANet [40]
introduces spatial pyramid pooling to compensate for the
missing spatial information and obtain improved channel-wise
weights.

SKNet [42] investigates the correlations between convo-
lutional kernels and proposes selective kernel convolution.
Through parallel convolutions of varying sizes, SKNet obtains
feature maps with distinct receptive fields and fuses multi-scale
semantic information to learn channel correlations in different
feature maps. The resulting channel-wise weights are then
applied to the parallel feature maps, and the final feature map
is obtained through an add operation. LSKNet [43] combines
large convolutions and selective kernel convolution, leading
to large selective kernel convolution. Unlike SKNet, LSKNet
replaces parallel convolutions with sequential convolutions
and utilizes larger receptive field dilated convolution kernels
to capture larger receptive fields. LSKNet employs spatial
attention instead of channel attention.

scSE [37], BAM [39], and CBAM [38] are prominent
examples of hybrid attention mechanisms, effectively integrat-
ing both channel attention and spatial attention to optimize
feature maps. SENet is expanded upon by scSE through
the introduction of spatial attention and channel attention
modules. The final output is yielded by scSE through an add
operation, fusing feature maps extracted using both attention
mechanisms. Element-wise multiplication is utilized by BAM
to combine channel-wise weights and spatial-wise weights,
resulting in the generation of mixed attention weights. The
input feature map is then subjected to the application of the
mixed attention weights to emphasize key features. In contrast
to scSE and BAM, a sequential combination strategy is
adopted by CBAM to integrate both attention mechanisms.
Two sequential combinations and one parallel combination
are explored in [38], with experimental results indicating
that superior performance is achieved by channel attention
followed by spatial attention.

Computer vision tasks are addressed with remarkable
success by applying self-attention mechanisms to them by
Vision transformer [53]. In order to reduce reliance on external
information, inherent semantic information within the feature
map is leveraged by self-attention, which is a variant of
attention mechanisms. Spatial window multihead self-attention
and channel group self-attention are introduced by DaVit [44],
which combines self-attention with spatial attention and
channel attention. The two self-attention mechanisms are then
combined through serial strategy. These attention mechanisms
are typically embedded as plug-ins within the blocks of the
backbone network [36], [38], [40], or crucial components in
the backbone network are replaced with components featuring
attention mechanisms [42], [43], [44], [53].

However, the original pre-trained weights of the backbone
network may be disrupted by embedding attention mecha-
nisms, while the replacement approach necessitates that the
model be retrained to obtain the corresponding initial weights.
To tackle this issue, the pyramid dual pooling attention path
aggregation network (PDPA-PAN) is presented as a novel
approach that effectively integrates attention mechanisms and
NeckNet into a cohesive framework. This integration is
seamlessly accomplished without any disruption to the feature
extraction process in the backbone network.

III. LH-UAV-VEHICLE DATASET

In this section, we presents a comprehensive overview of
data split and preprocessing as well as information related to
the LH-UAV-Vehicle dataset. Table I presents a comprehensive
comparison between the provided dataset and other relevant
benchmark datasets in the field of vehicle detection.

A. Images Collection

The dataset LH-UAV-Vehicle consists of 18,663 optical
images, all of which were captured using DJ Mavic2
UAVs equipped with cameras. To obtain a diverse range
of remote sensing images, governmental permission was
obtained to capture images at altitudes ranging from 250 to
400 meters in various towns and urban areas located in
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TABLE I
COMPARISON OF THE STATE-OF-THE-ART BENCHMARKS AND DATASETS. NOTE THAT, THE OCCURRENCE OF ’-’ REPRESENTS INSTANCES

THAT ARE UNCOUNTABLE ACCURATELY DUE TO THE INCLUSION OF VIDEOS IN THE DATASET

Fig. 2. A structured sequence of steps is involved in the preprocessing procedure for the LH-UAV-Vehicle dataset.

Shantou City and Jiangmen City, Guangdong Province,
China. A diverse range of environments is included in
the captured scenes, such as townships, construction sites,
riverbank embankments, urban roads, residential areas, parking
lots, and highways. The specific instance categories are
comprised of cars, vans, buses, and trucks. It is important
to note that this dataset was collected across various scenes
and flight altitudes using DJ Mavic2 UAVs. The collection
process entailed determining the UAV’s flight altitude and
global positioning system (GPS) location, capturing multiple
remote sensing images from various directions at designated
locations, and generating panoramic images using a synthesis
algorithm. Using this method, we obtained over 400 panoramic

images. Additionally, We have enriched LH-UAV-Vehicle from
additional datasets. As a result, our dataset comprises 180,358
manually annotated bounding boxes.

B. Images Preprocessing

Due to the images being captured at a flight altitude
of 250-400 meters, the collection process is susceptible
to various factors, including scene illumination, camera
angle, and wind velocity. Consequently, it is essential to
apply suitable data processing techniques to mitigate the
influence of external factors. The specific procedure for
data preprocessing is depicted in Fig. 2. Initially, potential
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interference stemming from variations in illumination and
atmospheric conditions, affecting images acquired by UAV,
is effectively mitigated through precise radiation correction
techniques. Subsequently, seamless panoramic compositions
are generated via sophisticated image stitching algorithms.
After creating panoramic representations, a rigorous geometric
correction process is applied to rectify distortions and
stretching artifacts caused by misalignment of the images.
The derivation of meticulously pseudo-orthorectified images
is resulted in, laying the foundation for subsequent analyses.
For the purpose of spatial consistency and facilitating future
assessments, the previously captured images are systematically
divided into standardized patches that measure 1024×1024
pixels. A comprehensive evaluation of the segmented image
patches is entailed in the ultimate step of the preprocessing.
Images of insufficient quality and those lacking discernible
objects are effectively identified and removed through this
assessment. In addition, a specialized recropping process
is applied to images that exhibit significant boundary
deformation, resulting in the generation of 640×640 pixel
image patches.

1) Radiation Correction: The implementation of radiomet-
ric calibration is deemed imperative in order to enhance
image quality and minimize variations in pixel grayscale
resulting from lighting and atmospheric conditions. Prominent
techniques for radiometric calibration encompass empirical
calibration, physical model construction, horizontal plane
projection, spectral matching, and radiometric calibration
based on pseudo-invariant features. Radiometric calibration
discrepancies are caused by variations in shooting angles
during the UAV image stitching process. However, consistent
spectral characteristics are exhibited by pseudo-invariant
features across varying times and conditions. Therefore, the
calibration of image radiometric values is facilitated through
the adoption of a pseudo-invariant feature-based approach,
leading to enhanced uniformity in brightness and color,
as well as seamless stitching. Furthermore, the practicality of
employing radiometric calibration based on pseudo-invariant
features is achieved by eliminating the requirement for
additional radiometric data acquisition devices. Therefore,
a radiometric calibration method based on pseudo-invariant
features was employed. Initially, representative buildings
and roads were selected for feature matching, from which
radiometric calibration coefficients were computed. Subse-
quently, these coefficients were applied to conduct radiometric
calibration on the UAV images. Prior to subsequent processing,
radiometric calibration was performed on the pre-stitched
images using this method.

2) Geometric Correction: Misalignment of the relative
positions of the captured objects is often experienced due
to a multitude of factors, including systematic and non-
systematic influences like camera azimuth parameters, UAV
flight altitude, and variations in terrain. Pixel distortion and
stretching are caused by this misalignment relative to their
true positions. Therefore, during the data acquisition process,
the camera’s attitude information is concurrently captured by
the UAV along with the images. Subsequently, alignment
of the captured images with the recorded UAV’s attitude

information is carried out, followed by the execution of
the necessary operations to achieve geometric correction.
As a result, pseudo-orthorectified images with dimensions of
8192×8192 pixels are generated.

3) Images Pruning: The direct utilization of remotely
sensed images, which have undergone both radiation and
geometric correction, for annotation or model training is
deemed impractical. Firstly, images with a resolution as
high as 8192×8192 pixels are found to be challenging for
models to handle. Secondly, significant challenges are posed
by the manual annotation of large images containing densely
distributed small objects. Therefore, the additional processing
of pseudo-orthorectified images is deemed necessary. A crucial
role is played by data pruning in dataset construction.
In the initial stage, the 8192×8192 pseudo-orthorectified
images are cropped into 1024×1024 image patchs. Next,
a manual inspection is conducted on all image patchs to
eliminate images with poor quality (e.g., excessively blurry
and indistinguishable) and those lacking objects. Additionally,
images exhibiting severe boundary deformation are recropped
into 640×640 image patchs. Ultimately, after additional
selection, the original unannotated data is obtained.

C. Semi-Automatic Annotation Method

In the field of object detection, the prevailing method
for data annotation involves annotating image objects using
rectangular bounding boxes. There are three common
annotation formats for bounding boxes: (xc, yc, w, h), (x le f t ,
yle f t , w, h), and (x le f t , yle f t , xright , yright ). Here, (xc,
yc) denotes the center position, (x le f t , yle f t ) represents the
top-left corner position, (xright , yright ) denotes the bottom-
right corner position, while w and h correspond to the
width and height, respectively. These annotation methods are
commonly used in typical object detection scenarios, including
autonomous driving and security monitoring. However, the
accurate calibration of objects using standard rectangular
boxes is challenged by the presence of object orientation
uncertainty in pseudo-orthorectified images. Therefore, during
the annotation process, the object contours are precisely and
compactly outlined using arbitrary quadrilaterals, and their
minimum bounding rectangles are subsequently calculated to
obtain the final annotation information. Reference [46] is
utilized to store annotation information for rotated bounding
boxes of vehicles. The horizontal and vertical coordinates of
four points are recorded in a clockwise order in this process.
Stringent annotation criteria are employed when addressing
noisy data. Our approach involves excluding vehicles with
truncation rates or occlusion rates surpassing 75% from
annotation. The rationale behind this choice is to uphold the
dataset’s visual data integrity, achieved by omitting vehicles
with significant truncation or occlusion. This enhances the
dependability of resources for diverse applications.

Semi-automatic annotation refers to the process of pseudo-
annotating images using a pre-trained model prior to manual
annotation. Our dataset was collected over multiple intervals,
and the utilization of the semi-automatic annotation method
can greatly improve annotation efficiency while also mitigating
the risk of missing annotations often encountered with manual
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Fig. 3. The processing procedure of the semi-automatic annotation method. Step 1: Semi-automatic annotation modeling. Step 2: Semi-automatic annotation
process. (a) Pseudo-annotated image. (b) Manually fine-tune annotated image.

Fig. 4. The visualization of the LH-UAV-Vehicle attributes. (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.

annotation alone. The specific process is depicted in Fig. 3.
Before the initiation of the semi-automatic annotation, the
model was initially fine-tuned using a limited amount of
annotated data to adapt it for the task of semi-automatic
annotation, as illustrated in step 1 of Fig. 3. Subsequently,
the semi-automatic annotation model was utilized to create
pseudo-annotations on the images. Naturally, not all pre-
generated annotations are precise; certain inaccuracies are
present, encompassing erroneous and omitted annotations,
as depicted in step 2 of Fig. 3. These discrepancies,
visually marked with red solid circles in Fig. 3 (a),
necessitate careful adjustment and rectification. Following
this, discrepancies present in the pseudo-annotated images are
meticulously rectified and refined through manual intervention.
Additionally, any overlooked annotations are meticulously
introduced to produce the annotated images, as depicted in
Fig. 3 (b). Finally, the annotated images were integrated into
the fine-tuning data to optimize the semi-automatic annotation
model. This iterative process continued until all images

were annotated. It is essential to note that the annotations
are performed in batches rather than optimizing the semi-
automatic annotation model after annotating each individual
image. The recently acquired data is partitioned into multiple
batches. Following batch-wise semi-automatic annotation and
manual refinement, the data is employed for the optimization
of the semi-automatic annotation model. Moreover, labelImg
is utilized for both manual annotation and fine-tune annotation
tasks.

D. Statistics and Attributes

Four vehicle categories that are commonly of interest in
UAV applications, namely cars, buses, trucks, and vans, have
been selected for the LH-UAV-Vehicle dataset. Calculations
were conducted within the LH-UAV-Vehicle dataset to
determine the total number of annotated bounding boxes for
each category. The corresponding statistical results can be
found in Table II, and the detailed visualization of the LH-
UAV-Vehicle attributes are illustrated in Fig. 4. The dataset
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Fig. 5. The overall framework of our proposed vehicle detection method. The PDPA-PAN model comprises two components: PAN and PDPAM. To begin, the
feature maps (C2-C5) produced by the backbone are processed by PDPAM to extract specific information from the corresponding feature layers. Subsequently,
the hierarchical architecture of the PAN component, which incorporates both bottom-up and top-down pathways, is utilized to comprehensively fuse semantic
and spatial information from distinct feature layers. Lastly, after undergoing extensive fusion, the feature maps are subjected to another round of processing
by PDPAM in order to extract finer features. These refined feature maps are then directed to their respective detection heads.

TABLE II
STATISTICAL ANALYSIS OF THE OBJECT NUMBER FOLLOWING

THE PARTITIONING OF THE LH-UAV-VEHICLE DATASET

consists of 18,663 optical images that were captured by UAVs.
Comprehensive annotations using arbitrary quadrilaterals have
been provided for these four categories. Specifically, there
are 156,549 instances of cars, 15,476 instances of trucks,
4,182 instances of buses, and 4,151 instances of vans. The
images were captured during daylight and encompass a wide
range of scenes, including parking lots, residential areas, urban
roads and streets, construction sites, and rural environments.
Moreover, within the LH-UAV-Vehicle dataset, an average of
9.66 vehicles are contained in each image, with a maximum
count of 126 vehicles. In summary, a diverse range of complex
scenes and high flight altitudes are covered by the LH-UAV-
Vehicle dataset. A significant number of finely annotated
vehicle objects are included, addressing the gap in detecting
vehicles in remote sensing images captured by UAVs at
altitudes of 250 meters and above.

E. Data Split

In order to achieve a more balanced distribution match
between the training and testing data and to effectively assess
the model’s performance on the validation and testing sets,
the data will be partitioned based on the time of collection.
Our dataset was collected during two distinct time periods.
The images from one period will be exclusively used as the
training set, comprising approximately 65% of the original
images. The images from the other period will be utilized to
create the validation and testing sets, with the validation set
accounting for 17% of the original images and the testing
set accounting for 18% of the original images. Moreover,

the training set, validation set, and testing set collectively
cover a diverse range of complex scenes, comprising weather
influences, low resolution, dense vehicular distribution, and
scenarios where vehicles are predominantly occluded. This
approach is undertaken to precisely evaluate the model’s
holistic performance across different intricate scenarios. All
original images and annotation information for the training,
validation and testing sets will be publicly released.

IV. METHODS

The introduction of a novel vehicle detection method
named pyramid dual pooling attention path aggregation
network (PDPA-PAN) is presented in this paper. PDPA-PAN
is comprised of two pyramid dual pooling attention module
(PDPAM) and a path aggregation network (PAN) that is an
extension of feature pyramid network (FPN). Each PDPAM
consists of a pyramid pooling attention module (PPAM) and a
dual pooling attention module (DPAM). Essential information
from all layers is integrated by the network, enabling improved
focus on vehicle objects. The overall framework of the
proposed method is illustrated in Fig. 5.

A. Pyramid Pooling Attention Module

In order to address the spatial information bias in channel
attention maps that arises from the direct application of
global pooling for channel information extraction, multiple
adaptive pooling operations with varying output sizes are
utilized. Channel attention maps encompassing diverse spatial
information can be aggregated using this approach. Both
max pooling and average pooling have been explored in
recent studies on attention. The extraction of critical features
associated with the foreground objects is enhanced by
max pooling, facilitating a more detailed channel attention
mechanism. In contrast, background interference is effectively
mitigated and information redundancy is reduced by average
pooling. As a result, the simultaneous utilization of max
pooling and average pooling with varying dimensions is
proposed. Nonetheless, escalated computational complexity
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Fig. 6. The conceptual illustration of the proposed modules. (a) The proposed channel attention mechanism, PPAM, integrates dual pooling stages of varying
sizes for four pooling layers. Initially, input feature maps are aggregated using four distinct pooling strategies to capture spatial information comprehensively.
Subsequently, outputs with identical dimensions are fused through summation, flattened into feature vectors, and concatenated. The merged feature vectors
undergo MLP processing to compute channel-wise weights. Finally, the derived channel-wise weights are applied to input feature maps, generating refined
feature maps through channel attention. (b) The proposed spatial attention mechanism, DPAM, utilizes the distinctive strengths of both maximum pooling and
average pooling. Initially, the input feature maps undergo channel-axis pooling, employing these methods to capture channel-related information. The results
from both pooling approaches are additively fused, generating supplementary feature maps. Subsequently, the three resulting feature maps are concatenated and
subjected to a convolutional operation for computing spatial-wise weights. Lastly, the spatial-wise weights derived are applied to the input feature maps. (c) The
proposed structure that integrates two distinct attention mechanisms is denoted as PDPAM. PDPAM combines the PPAM and DPAM attention mechanisms
using a parallel approach.

may be caused by larger channel attention maps. Therefore,
the addition operation is employed to fuse features and reduce
subsequent computations by merging pooling outputs of the
same size but different types. Experimental results reveal
that the integration of channel attention modules with diverse
spatial information sizes substantially enhances the network’s
representational capacity. The effectiveness of this design
choice is highlighted when compared to a channel attention
module with a single size (refer to Table III).

In the beginning, the spatial information from feature map
f is aggregated by employing both average pooling and max
pooling operations with different sizes. Four distinct spatial
contextual representations are generated by this process: f c

avg1,
f c
avg2, f c

max1, and f c
max2. These representations correspond

to adaptive average pooling outputs with dimensions of 1×1
and 2×2, as well as adaptive maximum pooling outputs
with dimensions of 1×1 and 2×2, respectively. Subsequently,
we perform addition operations between f c

avg1 and f c
max1

to obtain the fused feature f c
1 , and between f c

avg2 and
f c
max2 to obtain the fused feature f c

2 . Afterwards, we flatten
f c
2 and concatenate it with f c

1 using a concatenation operation.
The channel attention map Mc is generated by feeding the
concatenated result into a multi-layer perceptron (MLP). Two
fully connected layers are comprised by the MLP. The number
of hidden nodes is reduced to one-sixteenth of the original size,
as suggested by [36], in order to mitigate parameter overhead.

Lastly, the input feature map f is applied with the channel
attention map Mc. In summary, the detailed process is shown
in Fig. 6 (a), the computation process of pyramid pooling
attention module (PPAM) can be summarized as follows:

f ′
c = f × M L P (concat (AM P1 ( f )

+AAP1 ( f ) , AM P2 ( f ) + AAP2 ( f )))

= f × M L P
(

concat
(

f c
avg1 + f c

max1, f c
avg2 + f c

max2

))
= f × M L P

(
concat

(
f c
1 + f c

2
))

= f × Mc (1)

where AM P denotes adaptive maximum pooling, AAP
denotes adaptive average pooling, and the numbers 1 and 2 fol-
lowing each pooling method correspond to the output sizes
of the adaptive pooling. Concat signifies the concatenation
operation.

B. Dual Pooling Attention Module

Likewise, a spatial attention map is generated by con-
sidering the positional relationships within the feature map.
When processing images, the relationships between different
positions are essential for visual comprehension, particularly
in scenarios where images feature intricate scenes or objects
at specific locations. Solely relying on channel attention
might not adequately capture the relationships between
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positions. This limitation could introduce bias in the model’s
overall scene understanding due to inadequate attention across
different positions. Hence, we introduce spatial attention as
a complementary technique, modulating feature responses
at each position based on their computed significance.
Presently, [34] and [35] concurrently employ average pooling
and max pooling for spatial attention modeling. This is
attributed to the fact that average pooling mitigates background
interference, whereas max pooling accentuates crucial features
of foreground objefcts. This combination facilitates a more
comprehensive evaluation of information importance across
various positions, resulting in a more accurate generation of
spatial attention maps. For further enhancement of spatial
attention quality, we introduce an additional feature map while
concurrently considering max pooling and average pooling.
The goal is to capture comprehensive information influenced
by both average and max pooling operations, consequently
improving attention quality at specific positions. Following this
step, the two pooled feature maps and the additional feature
map are concatenated to extract spatial attention. Subsequently,
a convolutional layer is applied to generate the spatial
attention map, effectively modulating spatial information by
enhancing or suppressing. The specific operations will be
further explained in the subsequent sections.

Firstly, the channel information from the input feature
map is aggregated utilizing two distinct pooling operations,
resulting in two feature maps: f s

a and f s
m . Subsequently,

an additional feature, f s
e , is obtained by summing the two

feature maps. The three feature maps are concatenated to form
f s
mae. Afterwards, the spatial attention map, Ms , is computed

by applying a convolutional layer to the f s
mae feature map.

In summary, the detailed process is depicted in Fig. 6 (b). The
computation process of dual pooling attention module (DPAM)
can be summarized as follows:

f ′
s = f × Conv7×7 (concat (M P( f ), AP( f ), AP( f )

+M P( f )))

= f × Conv7×7
(
concat

(
f s
m, f s

a , f s
e
))

= f × Conv7×7
(

f s
mae

)
= f × Ms (2)

where M P represents maximum pooling, AP represents
average pooling, Conv7×7 denotes a convolution operation
using a 7×7 filter size, and concat indicates the concatenation
operation.

C. Pyramid Dual Pooling Attention Path Aggregation
Network

In the context of vehicle detection, the extraction of seman-
tic information from deep features through shallow features
is allowed by the bottom-up structure of feature pyramid
network (FPN). Multi-scale reasoning is facilitated by this,
which in turn results in the enhancement of the performance of
the detector. Furthermore, extensive interactions between deep
semantic information and shallow spatial information across
different feature layers are facilitated by the combined bottom-
up and top-down structures of path aggregation network

(PAN). Enhanced performance in vehicle detection tasks
is led by this. The PAN paradigm has been extended by
previous works [33], [36]. Therefore, PAN and pyramid dual
pooling attention module (PDPAM) are combined in our
approach, and deep semantic and shallow spatial information
are integrated through a mixed attention mechanism, resulting
in the extraction of refined features for accurate vehicle
detection. The comprehensive framework diagram of pyramid
dual pooling attention path aggregation networ (PDPA-PAN) is
illustrated in Fig. 6 (c) The detailed description of PDPA-PAN
will be provided below.

The nearest-neighbor interpolation upsampling, utilized in
FPN, was substituted with bilinear interpolation upsampling,
and a top-down pathway was simultaneously incorporated,
thereby extending FPN to the PAN architecture. Within
the downsampling process, resolution was diminished by
implementing a 3×3 pure convolution operation. In contrast
to contemporary methodologies, the adoption of concatenation
operation, frequently utilized in their feature fusion, was
refrained from; instead, the original addition operation
employed in both PAN and FPN for feature fusion was
preserved. Two types of attention modules proposed by us
are integrated in PDPAM, which can be deployed in either
parallel or sequential fashion. It was demonstrated by our
experiments that superior results were yielded when parallel
placement of PDPAM was employed in necknet, as depicted
in Fig. 5. The specific workflow of PDPA-PAN can be
described as follows: firstly, the feature maps generated by
the backbone at each layer undergo attention extraction using
PDPAM, followed by dimension adjustment through 1×1
convolution. Subsequently, the proposed PAN is utilized to
comprehensively fuse spatial and semantic information, which
is followed by feature refinement through 3×3 convolution.
Finally, attention is applied using PDPAM to obtain refined
feature maps, which are then separately fed into the shared
detection head.

V. EXPERIMENTAL AND RESULTS

The proposed network for vehicle detection will be exam-
ined in this section. First, ablation studies were performed on
the LA-UAV-Vehicle dataset to assess the effectiveness of the
proposed method. Next, an in-depth analysis of the operations
that impact the method’s performance was conducted. Lastly,
the method’s performance was compared with state-of-the-art
techniques, utilizing various detection metrics, and the visual
detection results were discussed in detail.

A. Experimental Setting

1) Implementation Details: ResNet50-PAN, initialized with
a pre-trained ResNet50 [59] model on the ImageNet [57]
dataset, was chosen as the backbone network for this study.
To enhance diversity, random rotations with a probability of
0.5 at 90/180/270 degrees, and random horizontal/vertical flips
with a probability of 0.5 were applied to each input image.
The complete network was trained using the SGD+Momentum
optimizer for a single schedule (12 epochs). Learning rate
decay is incorporated during the 7th and 10th epochs,
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employing a decay factor of 0.1. An initial learning rate was
utilized by the baseline of the ablation study, with a batch-size
of 2. The chosen values for weight decay and momentum were
0.0001 and 0.9, respectively. All experiments were performed
utilizing the Jittor framework on a workstation that featured
an NVIDIA RTX3090 GPU.

2) Baselines: Our proposed method was compared with
8 state-of-the-art approaches: R3Det [49], RsDet [54],
ATSS [55], S2ANet [51], Faster R-CNN(OBB) [48], RoITrans-
former [50], Gliding [56], and Oriented RCNN [52]. To ensure
a fair comparison, detection results for both our method
and the baselines were acquired using identical experimental
settings, with the exception of the initial learning rate. This is
because performance bias in different detectors may be caused
by variations in the initial learning rate.

3) Experimental Data: The experiments in this paper were
conducted using the LH-UAV-Vehicle dataset. Training was
conducted using the training set, and evaluation was performed
on the test set. Moreover, the LH-UAV-Vehicle dataset consists
of images in two sizes: 640×640 and 1024×1024. Images with
a size of 1024×1024 undergo cropping to 640×640 with an
overlap ratio of 128. Importantly, all training and validation
sets within the LH-UAV-Vehicle dataset will be accessible as
open-source data.

4) Evaluation Metric: Multiple evaluation metrics were
adopted, comprising mean average precision 50 (mAP50),
mean average precision 75 (mAP75), and mean average
precision 50:95 (mAP50:95). Specifically, a prediction is
considered correct by mAP50 when the intersection over union
(IOU) between the prediction and the ground-truth is higher
than 0.5. A prediction is considered correct by mAP75 when
the IOU is greater than 0.75. The mean value of all metrics
ranging from mAP50 to mAP95, with a sampling interval of
0.05, is calculated to obtain mAP50:95. Among these metrics,
the model’s recognition capability is gauged by mAP50, the
model’s localization capability is assessed by mAP75, and the
model’s overall performance is evaluated by mAP50:95.

B. Ablation Study

In this section, the effectiveness of our proposed pyramid
dual pooling attention path aggregation network (PDPA-
PAN) is validated by using Oriented RCNN as the baseline
and conducting relevant experiments on the LH-UAV-Vehicle
dataset. Additionally, three distinct backbones were taken
into consideration: ResNet18 [59], ResNet50 [59], ResNet101
[59], and SwinTransformer-Tiny [60]. For brevity in the
table, ResNet18 is abbreviated as R-18, ResNet50 as R-50,
ResNet101 as R-101, and SwinTransformer-Tiny as Swin-T.
Notably, the average of multiple experiments is represented by
all our experimental results.

1) Pyramid Pooling Attention Module: The effectiveness of
the designed pyramid pooling attention module (PPAM) for
vehicle detection was validated by conducting experiments
utilizing various channel attention mechanisms illustrated in
Fig. 7, and their impact on the detection performance was
assessed. In this experiment, channel attention was exclusively
incorporated before the 1×1 convolutional layer of the PAN,

Fig. 7. The various channel attention modules are presented in the following
sequence: (a) CA1 module, (b) CA2 module, (c) CA3 module, (d) CM1
module, (e) CM2 module, (f) CM3 module, (g) CMix1 module, (h) CMix2
module, (i) CMix3 module, (j) Proposed PPAM2 module, and (k) Proposed
PPAM3 module.

and the results of the experiments are presented in Table III.
It is suggested by the results that the model’s vehicle
detection performance is enhanced by utilizing spatial pyramid
pooling of various sizes for spatial information compensation.
As illustrated in (a), (b) and (c) in Fig. 7,and (d), (e),
and (f), the performance improves as more stacked pyramid
pooling of different sizes is introduced. Furthermore, it is
shown by the introduction of channel attention in PAN with
a single pooling type that max pooling slightly outperforms
average pooling. Notably, it is depicted in Fig. 7 that the
combination of both max and average pooling yields better
performance than using a single pooling type alone, as shown
in (h), (i), and (j). However, performance can be improved
by combining pooling operations of different sizes and types,
but it comes at the expense of an increased number of
model parameters. To tackle this issue, the fusion of features
obtained from different pooling types of the same size
was investigated by employing an additive operation before
computing channel attention weights. Subsequently, these
features were concatenated to extract attention, as illustrated
in (j) and (k) in Fig. 7. Interestingly, this approach of
fusing before calculating channel attention weights is adopted,
which not only reduces the model’s parameter count to
some extent but also slightly improves its performance.
After carefully balancing the model’s parameter count and
performance, we selected PPAM2 as our channel attention
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TABLE III
THE COMPARISON OF DIFFERENT CHANNEL ATTENTION METHODS

Fig. 8. The different spatial attention modules are presented in the following
sequence: (a) Savg module, (b) Smax module, (c) Sadd module, (d) Sconcat
module, (e) Proposed DPAM module, (f) GEAM module, and (g) GEAMmix .

module. Compared to CMix2, PPAM2 reduces the parameter
count by 32.31% while increasing mAP50 by 0.13%, mAP75
by 0.01%, and mAP50:95 by 0.05%.

2) Dual Pooling Attention Module: Channel attention is
often complemented by spatial attention to achieve better
performance [37], [38], [39]. When focusing on spatial
attention, model performance may be enhanced through the
utilization of larger convolutional kernels, drawing inspiration
from [38]. Therefore, when designing our spatial attention
module, the impact of larger convolutions is also taken
into consideration by us. Prior to that, pertinent ablation
experiments were performed on various spatial attention
mechanisms illustrated in Fig. 8, employing 3×3 convolutions
to identify the architecture yielding superior performance.
The experimental results are presented in Table IV. It is
suggested by the findings that improved performance can
be achieved by combining both max-pooling and average-
pooling. Specifically, the addition operation is outperformed
by the concatenation operation in terms of information fusion.

Furthermore, an alternative spatial attention method named
gather-excite attention module (GEAM) [41] is introduced,
and its superior performance compared to using a single
pooling spatial attention module is demonstrated. Moreover,
GEAM is extended to GEAMmix , incorporating both max-
pooling and average-pooling. In comparison to GEAM,
mAP50 is enhanced by 0.3%, mAP75 is enhanced by 0.19%,
and mAP50:95 is enhanced by 0.1% by GEAMmix , illustrating
the beneficial impact of pooling on computing attention
weights. Lastly, drawing inspiration from our proposed dual
pooling attention module (DPAM), a simple add operation
is employed to append additional feature maps to Sconcat
for attention calculation. Surprisingly, improved localization
performance is shown by our proposed DPAM with the
addition of a simple feature map, resulting in a 0.17%
improvement in mAP75.

Based on various evaluation metrics, we conducted ablation
experiments using DPAM, an extension of Sconcat with
supplementary feature maps, involving different convolutional
kernel sizes: 3×3, 5×5, 7×7, and 9×9. The results
indicate that larger convolutions, particularly the 7×7 kernel,
generally result in improved performance, exhibiting the best
performance. Compared to the 3×3 convolution, the 7×7
convolution improves mAP50 by 0.56%, mAP75 by 0.20%,
and mAP50:95 by 0.09%. Therefore, we choose the 7×7
kernel size for DPAM, serving as the spatial attention module
for our model.

3) Pyramid Dual Pooling Attention Path Aggregation
Network: Three distinct combination strategies for integrating
two types of attention were investigated by us: serial channel-
spatial, serial spatial-channel, and parallel. A summary of
the comparative results for the three distinct implementations
is presented in Table V. It has been verified by our
experiments that the optimal performance is yielded by
the parallel combination of diverse attentions. Regarding
information transmission, irrelevant and redundant information
is primarily suppressed by attention, with a weight between
0 and 1 assigned to each channel/pixel, favoring values
closer to 1 for the attended objects and closer to 0 for

This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination. 

Authorized licensed use limited to: UNIVERSITA DEGLI STUDI DI MILANO. Downloaded on May 20,2024 at 10:01:31 UTC from IEEE Xplore.  Restrictions apply. 



14 IEEE TRANSACTIONS ON INTELLIGENT TRANSPORTATION SYSTEMS

TABLE IV
THE COMPARISON OF DIFFERENT SPATIAL ATTENTION METHODS

TABLE V
THE COMPARISON OF DIFFERENT ATTENTION COMBINATION STRATEGIES

TABLE VI
THE COMPARISON OF DIFFERENT HYBRID ATTENTION METHODS

TABLE VII
THE COMPARISON OF DIFFERENT BACKBONE

the background. When a serial strategy is employed, certain
features may be activated in the channel dimension but
suppressed in the spatial dimension, resulting in the further
suppression of the additional information due to the nature
of the Sigmoid function. Other hybrid attention mechanisms,
such as BAM [39], CBAM [38], and scSE [37], have been
additionally tested, as indicated in Table VI. Among them,
parallel strategies are adopted by both BAM and scSE, and
their performance surpasses that of the serial strategy used in
CBAM. Interestingly, in the serial strategy, results contrary
to those in [38] were obtained. It is postulated that the

performance of attention mechanisms will differ based on
their positions within the model and the adopted combination
strategies.

4) Discussion: Visualization examples of Grad-CAM [58]
are depicted in Fig. 9. This underscores the ability of
PDPA-PAN to concentrate on information pertinent to the
foreground object, consequently enhancing performance in
diverse challenging scenarios. Individual attention methods
struggle to effectively concentrate on foreground objects.
For instance, the proposed channel attention method PPAM
exclusively addresses the contours of the foreground, whereas
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TABLE VIII
DETECTION RESULTS OF DIFFERENT METHODS FOR THE LH-UAV-VEHICLE DATASET

Fig. 9. Grad-CAM visualization is performed on the Oriented RCNN detector, employing PDPA-PAN along with several other hybrid attention methods.
The PDPA-PAN proposed in our study has the capability to model contextual information that emphasizes the foreground, resulting in enhanced performance
across diverse challenging scenarios.

the proposed spatial attention method DPAM singularly
emphasizes the center of the foreground. Both are crucial
in object detection tasks, where contour features aid in

localization and central features contribute to classification.
Furthermore, we have visually compared various hybrid atten-
tion combination methods along with related hybrid attention
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Fig. 10. The qualitative analysis of LH-UAV-Vehicle was performed on PDPA-PAN. (a) Detection results from baseline. (b) Detection results from our
proposed PDPA-PAN. The error detection are represented by the area that was selected by the yellow solid box in the figure.

methods. In Fig. 9, SC denotes the use of spatial attention
DPAM followed by channel attention PPAM, CS denotes
the use of channel attention PPAM followed by spatial
attention DPAM, and PA denotes the parallel combination of
two different attentions. PDPA-PAN* represents our proposed
method, while CBAM*, scSE*, and BAM* denote alternative
hybrid attention methods subjected to ablation experiments
replacing our proposed PDPAM. Hybrid attention enables a
concentration on pertinent information of the detection object,
resulting from the synergy between suitable attention modules
and combination methods. Additionally, we compared various
hybrid attention methods, some of which may not effectively
concentrate on foreground objects. Moreover, vsiualization
results demonstrated that combining our proposed PPAM
and DPAM in parallel yields improved highlighting of fore-
ground features and suppression of background interference.
Additionally, we explored various backbone networks for
PDPA-PAN, such as ResNet18 [59], ResNet101 [59] and
SwinTransformer-Tiny [60]. The specific results are shown in
Table VII. Employing ResNet50 as the primary network led
to optimal performance. However, backbone networks with
either higher or lower computational complexities exhibited
slightly inferior performance, potentially attributed to issues
of model overfitting or underfitting. While larger backbone
networks are typically anticipated to improve performance,
excessively intricate architectures might capture subtle features
and noise from the training set, compromising their ability
to generalize to the test set. Conversely, smaller backbone
networks, due to their simplicity, struggle to capture the
essential data representations, making them unable to adapt
to the intricacies of the data. In conclusion, the choice of
backbone should align with the task’s complexity. In our
specific task, ResNet50 proves to be well-suited, effectively
avoiding both overfitting and underfitting.

C. Overall Performance

An mAP50 of 85.43% on the LH-UAV-Vehicle dataset
is achieved by our designed PDPA-PAN framework, which
integrates attention, deep semantic information, and spatial

details. Additionally, a comparison is performed between
excellent single-stage detection methods (including both
anchor-based and anchor-free methods) and two-stage high-
precision detection methods, utilizing evaluation metrics such
as mAP75 and mAP50:95. The specific results are presented
in Table VIII. Moreover, superior performance is achieved
by embedding our proposed PDPAM on both sides of
PAN. Additionally, similar hybrid attention methods, including
BAM, CBAM, and scSE, are incorporated in a manner
consistent with Table VI. The best performance is achieved
when our proposed PDPA-PAN is combined with the top-
performing two-stage detector, Oriented RCNN [52], which is
noteworthy. All methods are trained under identical conditions,
ensuring the reliability of the experimental results. The hybrid
attention methods, namely BAM∗, CBAM∗, and scSE∗, are
incorporated in a similar manner for the best baseline. The
addition of attention to both the input and output features of
PAN is indicated by the * symbol, and it should be noted.
Our method outperforms the baseline, BAM∗, CBAM∗, and
scSE∗ by 1.35%, 0.36%, 0.93%, and 1.45% in mAP50, and
by 1.34%, 0.15%, 0.45%, and 1.26% in mAP75, as well as
by 1.34%, 0.41%, 0.46%, and 1.3% in mAP50:95.

The detection results on the LH-UAV-Vehicle dataset
using our proposed method are displayed in Fig. 10. It is
worth noting that all vehicles from an aerial perspective
are covered by our LH-UAV-Vehicle dataset, encompassing
various complex backgrounds and densely scenarios.

VI. CONCLUSION AND FUTURE WORK

The LH-UAV-Vehicle dataset for vehicle detection using
UAVs flying at 250-400 meters was created in this paper,
addressing the lack of vehicle detection data from UAVs
at high-altitude. The pyramid dual pooling attention path
aggregation network (PDPA-PAN) architecture was introduced
by us to enhance vehicle localization. This architecture
combines attention and path aggregation network (PAN),
considering the high-altitude scenes that result in increased
information density of vehicle objects and a wider field of
view with more complex backgrounds. The spatial attention

This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination. 

Authorized licensed use limited to: UNIVERSITA DEGLI STUDI DI MILANO. Downloaded on May 20,2024 at 10:01:31 UTC from IEEE Xplore.  Restrictions apply. 



YING et al.: LARGE-SCALE HIGH-ALTITUDE UAV-BASED VEHICLE DETECTION 17

and channel attention mechanisms have been extended in this
study by introducing two distinct modules: pyramid pooling
attention module (PPAM) and dual pooling attention module
(DPAM). Additionally, a pyramid dual pooling attention
module (PDPAM) was designed to combine these two different
attention mechanisms. Moreover, PAN based on feature
pyramid network (FPN) extension was employed to fuse deep
semantic and spatial information from feature maps at different
levels, resulting in more refined features. The effectiveness
of the proposed framework (PDPA-PAN) and its internal
modules has been validated through extensive experiments.
State-of-the-art performance on the LH-UAV-Vehicle dataset
was achieved by our proposed framework. While our PDPA-
PAN is indeed deemed lightweight and efficient in terms
of FLOPs, its influence on inference speed and parameter
count is noteworthy. Future research will emphasize hardware
optimization and the refinement of a more lightweight design
for the proposed framework.

In this work, the main focus was on improving the
accuracy of vehicle detection at high-altitude. As LH-
UAV-Vehicle is collected from the real world, vehicle
detection performance can be impacted by persisting long-
tail problems. Furthermore, precise vehicle localization is
essential for urbanization surveying. However, the method
of erasing vehicle objects without disrupting the original
image distribution has not yet been addressed by this paper.
Moving forward, addressing the long-tail distribution problem
in the data will be prioritized, and more effective methods
to enhance robustness to tail data will be investigated.
Secondly, the task of erasing vehicle objects is equally
significant. Solving the challenge of enhancing the accuracy
of urbanization survey tasks by mitigating the influence of
vehicles is yet to be addressed. Moreover, video modal
data can be utilized in diverse detection tasks, including
dynamic traffic flow analysis and vehicle tracking. In our
forthcoming endeavors, we will also explore the amalgamation
of video modal data and its application in dynamic traffic flow
analysis, a task of significance in intelligent city management.
Furthermore, The meticulous partitioning of diverse scenarios
significantly contributes to augmenting the comprehensiveness
and universality of the dataset. This process aids in evaluating
the model’s performance in specific scenarios with greater
precision. We intend to enhance the LH-UAV-Vehicle dataset
in our future research, developing a vehicle detection dataset
with fine-grained scenario distinctions. Ultimately, it is
genuinely believed by us that valuable assistance will be
offered to researchers in this field by the LH-UAV-Vehicle
dataset, fostering the advancement of UAV-based vehicle
detection in intelligent urban management.
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