INTRODUCTION

The search for tools to address terrestrial vehicle
traffic problems is a common task in modern
society. The objective is to improve the quality of
life for citizens reducing congestion (Yaochen et
al. 2014) and traffic violations, mitigating vehicle
damage, and reducing pedestrian accidents.
Presently, security cameras are capable of
monitoring vehicles in designated locations
and at specified times, recording their general
speed, monitoring obstructions at crosswalks
caused by vehicles, and detecting violations of
traffic signals, among other functions (Patira
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Abstract: The detection and re-identification of vehicles in dynamic environments,
such as highways monitored by a swarm of drones, presents significant challenges,
particularly due to the variability of images captured from different angles and under
various conditions. This scenario necessitates the development of suitable methods
that integrate appropriate computational techniques, such as convolutional neural
networks (CNN) to address the diversity of drone captures and improve accuracy in
detection and re-identification. In this paper, a solution for vehicle detection and Re-
ID is proposed, combining CNN techniques VGG16, VGG19, ResNet50, InceptionV3 and
EfficientNetV2L. YOLOv4 was selected for detection, while the DeepSORT algorithm was
chosen for tracking. The proposed solution considers the generalization capabilities of
these techniques with varied images from different drones in different positions. Two
datasets were employed: the first is a public dataset from Mendeley used for method
evaluation, while the second consists of images and data collected by a swarm of
drones. In the first experiment, the best performing network was ResNet50, with an
average accuracy of 55%. In the second experiment, the highest accuracy CNN was VGG19,
with 91% accuracy. Overall, the techniques were able to distinguish vehicles of different
models and adapted to the data captured by drones.

Key words: Convolutional Neural Network, Detection, Tracking, Re-ID of Vehicles, Mul-
tiples UAVs.

2019, Mandal et al. 2020, Tak et al. 2021). These
measures remain constrained to regions
equipped with sensors, such as speed radars
or cameras, which necessitate the observation
of vehicles from the front or back to ascertain
their license plates. However, these traditional
methods present certain challenges due to
their static position and necessity for the
installation of multiple monitoring equipment
installations at the locations of interest. One of
the most notable innovations is the utilization
of unmanned aerial vehicles (UAVs), colloquially
referred to as drones.
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Theuseofdronesasasolutionformonitoring
road traffic is an attractive proposition due to
the mobility, low cost, and wide field of view
(Elloumi et al. 2018, Wu et al. 2021). In particular,
multiple drones can be used to provide more
comprehensive coverage and capture more
information than a single drone (Elloumi et
al. 2018, Wu et al. 2021). This approach can be
particularly useful for monitoring motorways,
where traffic problems are prevalent, and
traditional monitoring methods may not be
sufficient (National Academies of Sciences,
Engineering, and Medicine 2019). Among the
possible approaches, the use of drones can
offer significant advantages. These include the
ability to collect data at specific times, providing
real-time information (Nascimento 2021), the
ability to operate in specific and hard-to-reach
locations and collect from different perspectives
(Alves 2023), and the ability to provide greater
security through remote data collection (Marty
2022).

Vehicle re-identification has gained
significant popularity due to its applications
and importance in research. In Re-ID (Re
identification), uses the latent space to learn
vehicle representations, so that vehicles with
the same identity (e.g., the same car seen
in different cameras or at different times)
are mapped to nearby points in their latent
space, while vehicles with different identities
are mapped to distant points. This is useful
in applications such as vehicle tracking using
multiple UAVs, where the goal is to track the
same vehicle across different surveillance
cameras, or in security applications, where it is
necessary to identify suspicious vehicles based
on their characteristics (Khan 2019).

With the significant diversification of
image generation capabilities, a significant
amount of visual content has been produced
in vehicle traffic images, digital platforms, the
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medical field, and robotics. Advances in artificial
intelligence, particularly in deep learning,
have led to the emergence of various cutting-
edge technical applications as intelligent and
alternative solutions to these specific societal
problems (Castro & New 2016). Consequently,
several recent studies using deep learning
techniques and deep network architectures have
incorporated strategies to search for similar or
even identical scenarios and objects (Chen et
al. 2021, Sarker 2021). Therefore, it is imperative
to introduce advanced technology to address
these challenges (Ren et al. 2023, Deng et al.
2023, Wu et al. 2021), especially in the context of
using multiple UAVs.

Convolutional neural networks have
become a popular tool for object recognition
(Zou et al. 2019). However, recognizing an object
in an image can present many challenges, such
as variations in perspective (angle of the object
in the image), lighting conditions, and other
specific object characteristics (Hakim & Fadhil
2019). The advent of the ImageNet database
in 2009 precipitated a surge in performance,
particularly 2010s, commencing with the
AlexNet CNN (Convolutional Neural Network)
(Krizhevsky et al. 2012). This was followed by the
development of numerous CNN architectures
and methodologies, collectively enhancing
object classification and detection capabilities
(Alom et al. 2019).

The processes of object re-identification
have been employed in a number of different
applications, as documented in reference
(Alexander & Gunasekaran 2014, Nath & Wang
2021). Itis a well-researched area within the field
of computer vision. The fundamental principle
underlying the re-identification of objects
across disparate images is image retrieval. This
can be achieved by leveraging the similarity of
features between two or more images, with the
objective of associating a suitable metric. One
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of the primary applications of image retrieval is
its capacity to rapidly and accurately assemble
disparate image types based on their intrinsic
similarities (Sarker 2021).

The objective of this study is to develop a
methodology based on multiple CNNs for the
task of vehicle detection and Re-ID using drone
images and images available in public datasets.

THEORETICAL REVIEW
CNNs in Image Applications: YOLO Approach

The primary objective of object detection is to
identifyinformation ofinterestinimages.Another
possibility is to extract crops from the detection
bounding boxes, which can be transformed into
sub-images. In one of the approaches presented
in this work, the sub-images are utilized as
input forthe re-identification system. Currently,
traditional object detection methodologies have
been surpassed by deep learning solutions,
which have introduced groundbreaking
innovations in precision capabilities (Zou et al.
2019). Among the various CNNs, the YOLOV4 (You
Only Look Once) network has demonstrated
high processing performance. As an illustration,
when compared to EfficientDet, it achieves over
10% higher accuracy than its previous version,
thereby establishing itself as a benchmark for
real-time object detection applications (Ren et
al. 2016).

Although there are several object detection
techniques, such as Faster R-CNN (Ren et al. 2016)
and SSD (Liu et al. 2016a), YOLO (Bochkovskiy et
al. 2004) stands out for its real-time detection
capabilities. However, other techniques are
more appropriate for Re-ID tasks, as YOLO, like
other detection methods, focuses on identifying
objects within a single image rather than re-
identifying the same object across multiple
images. This is due to the fact that it was not
designed for such a task, and its detection and
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classification capabilities are arbitrary. In this
work, for the purpose of detection and tracking,
the YOLO network integrated with DeepSORT is
employed and applied to datasets collected by
multiple drones. Subsequently, five CNNs are
applied to the Re-ID task.

Re-ID Strategy

In the context of object Re-ID applications, the
methodologies can be conceptualized in two
stages: object detection and its re-identification
(Ming et al. 2021). The initial stage is typified by
the intensive use of algorithms that achieve a
high rate of precision and accuracy, such as Fast-
RCNN (Girshick 2015) and YOLO (Bochkovskiy et
al. 2004). In the Re-ID stage, the strategy utilizes
additional information with discriminatory
techniques.

A number of datasets that may prove useful
for the application and validation of detection
or re-identification approaches have been made
available, including Cars-196 (Krause et al. 2013),
Veri-776 (Liu et al. 2016b), KittiDataset (Geiger et
al. 2013), CityFlow (Tang et al. 2019), CIFAR-10, and
CIFAR-100 (Prabhu & Birhane 2020). Approaches
to vehicle re-identification have been developed
which utilize such as VeRi-776 and VehiclelD
(Krause et al. 2013). The technique focuses on
prospecting discriminative features of vehicles.
The selection of small, discriminative image
parts and their provision as a dataset for
discrimination, contributes to the efficiency
of vehicle re-identification. This technique is
empoyed to identify vehicles that are nearly
identical. The minor discrepancies that can
be used to distinguish them are regularized,
allowing for the identification of specific vehicles
among many similar ones (He et al. 2019).

Another proposed approach for vehicle Re-
ID incorporates vehicle orientation classification
method. The VANet (Viewpoint-Aware Network)
is employed, and the data obtained from the
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vehicles are represented as images, with the
front and rear parts of the vehicles highlighted.
If the image pairs are captured with the same
orientation, they are classified as S-view;
otherwise, they are classified as D-view. The
considerable variation in viewpoint, reaching up
to 180 degrees, presents significant challenges
for existing approaches. A viewpoint-aware
metric learning approach is proposed, which
learns two distinct metrics for similar and
different viewpoints, in two distinct feature
spaces (VANet) (Chu et al. 2019). Similarly, using
the Ai City Challenge 2020 (AICITY20) Track 2
dataset, both synthetic and real datasets were
employed to examine the efficacy of vehicle
re-identification from different viewpoints,
incorporating both synthetic and real datasets
(He et al. 2020). A model for the vehicle Re-ID
task is also proposed and applied to the Track 2
dataset of the fifth Ai City Challenge competition
(Huynh et al. 2021). The methodology is based
on the ResNet architectural framework and
employes multiple feature storage mechanisms.
The algorithm captures frames of vehicles in
different positions and discriminates them
into a set of 2048 characteristic points for each
position. This information is then fed into the
network, presenting a cost metric based on
the distance of the vectors. The algorithm also
defines which vector is considered for vehicle
discrimination in comparison (Huynh et al. 2021).

In this study, the utilization of five
convolutional neural networks (CNNs) is
proposed for image feature extraction. These
networks include VGG16 (Simonyan & Zisserman
2014), VGG19 (Simonyan & Zisserman 2014),
ResNet50 (He et al. 2015), InceptionV3 (Szegedy
et al. 2015), and EfficientNetV2L (Tan & Le 2021).
Their selection was based on their widespread
use in similar research endeavors (Lin et al. 2020,
Shen et al. 2022). The extraction is performed by
generating an attribute vector. Subsequently, a
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metric based on normalized distance is applied
to the aforementioned vector, and the five most
favorable results from this comparison are then
displayed

This work presents a differential analysis of
a scenario that considers the use of multiple
drones for the detection and re-identification of
vehicles in an integrated manner. This approach
offers enhanced flexibility and coverage in
dynamic traffic monitoring scenarios. Similar
challenges are encountered in other contexts,
as evidenced by the Veri-776 dataset (Liu et
al. 2016b), which was collected from multiple
cameras to address Re-ID problems. However,
these datasets are static.

The objective of this approach is to evaluate
the potential of the proposed convolutional
neural networks (CNNs) to outperform the
residual network (ResNet) architecture utilized
in the referenced works (Chu et al. 2019) and
(Huynh et al. 2021). Another analysis proposed
in these architectures is the size of the input
image, which varies from one architecture to
another. For this work, simpler techniques were
selected, but when combined, they can provide
results for the proposed problem of detecting
and re-identifying vehicles, as well as other more
sophisticated techniques. While other more
sophisticated techniques could be employed, it
should be noted that each would only address a
portion of the proposed problem.

MATERIALS AND METHODS

This work proposes a method for vehicle
detection and re-identification using artificial
neural networks, with a particular focus on
convolutional neural networks (CNNs). Figure
1 presents the proposed methodology of
an integrated system for vehicle detection,
extraction, and re-identification.
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Data Acquisition

Detection and Extraction
—> Task
(YOLOv4 + DeepSORT)

A 4

Re-ID Task
(5 CNNs)

Figure 1. Flowchart of the Proposed Methodology with Integrated Multiple CNNs.

The flowchart presented in Figure 1 outlines
the proposed method for vehicle detection and
re-identification (Re-ID), organized into three
main phases: data acquisition, vehicle detection
and extraction, and re-identification using
convolutional neural networks (CNNs). These
phases are detailed below.

Data acquisition

The process begins with the acquisition of the
images to be analyzed. These images may come
from different sources, such as surveillance
cameras or drones. The first step of the method
consists of determining whether the provided
images already contain the detected vehicles. If
the objects are already identified, the method
allows the user to proceed directly to the Re-
Identification task by defining the path of the
vehicle sub-images.

Detection and extraction task

In the event that vehicle detection has not yet
been carried out, the system uses a combination
of object detection and tracking algorithms. In

such instances, the YOLOv4 algorithm, which is
a CNN, is used for object detection in images,
in conjunction with the algorithm for tracking
these objects throughout video sequences; in
this work, DeepSORT was utilized (Wojke et al.
2017).

The selection of DeepSORT in this study
was made based on its effectiveness in
complex scenarios (Zhang et al. 2023), such as
those captured by multiple drones operating
in demanding operational conditions. There
are recent comparisons where DeepSORT was
evaluated alongside other multiple objects
tracking methods, and the results showed that it
maintains robust and competitive performance
compared to other algorithms (Wang et al. 2020).

During the training of YOLOv4, a dataset with
avariety of vehicles models was used to enhance
the generalization capability in recognizing
different types of vehicles. Additionally, during
data collection, there were variations in the
scenarios in which the images were obtained. A
variety of techniques can be employed to assess
whether the data has undergone any form of
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specialization. A holdout training strategy was
adopted, where 80% was used for the training
set and 20% for the validation set. The loss is
monitored to prevent the network from over-
specializing in the data and to maintain its
generalization ability.

When an object is detected, the coordinates
of the vehicles are used to extract and store the
corresponding sub images in a user-defined
directory. This is achieved through the use of
rectangles and bounding boxes. These sub-
images are labeled according to the detection
performed and prepared for the re-identification
phase. These coordinates are defined based on
the example presented in Figure 2.

VEHICLE DETECTION AND RE-ID USING MULTIPLE DRONES

The objective of the DeepSORT algorithm
(Wojke et al. 2017). is to ensure the consistency
of the labels assigned to objects across the
iterations of each frame. In the absence of this
approach, the YOLOv4 network would identify
each object in a new frame as a new instance,
resulting in different labels for the same vehicle.
In Figure 3, a vehicle detection is exemplified,
which begins with the input of data, object
detection, and extraction of the object in the
form of a sub image.

Re-ID task

In order to generalize, the Re-ID process
is carried out using five CNNs, which are
responsible for extracting the attribute vector

Is there an object?

Bounding box

Class labels

Figure 2. Process of object detection with YOLOv4 (Fritz 2023).

Input Data

YOLOv4 Detection+ DeepSORT Tracking

Object Extraction

T GO

Carl.jpg

== = -

Motorcycled.jpg

Figure 3. Process to extraction sub images from the object detection.

An Acad Bras Cienc (2025) 97(2) €20240623 6 | 19



FELIPE PA. EUPHRASIO et al.

captured from the layer prior to classification.
The CNN employed in this study included VGG16
(Simonyan & Zisserman 2014), VGG19 (Simonyan
& Zisserman 2014), ResNet50 (He et al. 2015,
InceptionV3 (Szegedy et al. 2015), EfficientNetV2L
(Tan & Le 2021). Prior to this study, an attention
mechanism was employed in previous analyses.
However, the basic attention mechanism, which
employed ResNet50 as a feature extractor with
positional encoding to preserve the sequential
structure of the features, Multi-Head Attention
layers based on transformers, and a sigmoid
activation function for classification, did not
yield superior results compared to the selected
CNNs.

The input image size for the Re-ID task is
determined by the architectural specifications of
the CNNs and must conform to their standards,
which include length, width, and number of color
channels (image resolution). These parameters
are delineated in the “Input image size” column
of Table I. The third and fourth columns of Table
IV present the name of the layer containing the
feature vector and the size of the generated
vector (number of points in the attribute vector).

Next, a similarity metric is applied between
two vectors using the Euclidean norm distance
or L2-norm distance for a one-dimensional
vector (Frobenius norm distance).

The Frobenius norm in 1D is a generalization
of the Euclidean distance for one-dimensional
vectors, that is, an ordered sequence of values

Table I. Details of the Architectures Used in the Re-ID Task.

Input image size

VGG16 2242243
VGG19 224,224,3
ResNet50 224,224,3
IncepionV3 299,299,3
EfficientNetV2L 480,480,3

VEHICLE DETECTION AND RE-ID USING MULTIPLE DRONES

along a single dimension. Considering a one-
dimensional vector v = [u,,U,,U,..,U, ], the
Frobenius norm is defined by the following
equation (Golub & Van 1996, 1985):

Norma Frobenius (1D) =
Jultul+vle su? (1)

or
HAIT = \[[Z;abs (a;)’] (2)

Where the Frobenius norm distance
(I1All) can be defined as the square root of the
sum of the squares of the elements of a matrix
a. (i xj).

A diagram of the Re-ID process in the
proposed methodology is presented in Figure 4.

The system executes queries on the
database, which contains vehicle images
(Figure 4a), using images captured by drones
as an example. Subsequently, these images
are submitted to the CNNs for resizing (Figure
4b). Prior to the extraction of attributes, the
input images are resized according to the
requirements of each CNN. After this step, the
images are processed, and the attribute vectors
of these vehicles (Figure 4c) are generated and
stored (Figure 4d) for each proposed network
architecture.

Finally, formula (2) is applied to two attribute
vectors, thereby generating the distance between
these vectors on a scale from 0 to 1 (Figure

Features Layer name Amount of feature points
Fc 4096
Fcl 4096
Avg_pool 2048
Avg_pool 2048
Avg_pool 1280
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4e). The closer to 0, the higher the similarity
between the images. Once all comparisons
in the database have been completed, each
network generates a ranking of the best results
and displays the top five responses in image
form. Figure 4, detail f, presents an example of
the rank formed with the top five results of a
CNN, while detail g presents the rank of the five
networks.

Proposal for experiments

In order to evaluate the methodology, two
experiments are proposed for the analysis of the
method’s performance: the first experiment uses
images of vehicles from a public dataset, which
the second experiment utilizes images acquired
by multiple drones. The first experiment uses
images from the publicly accessible Mendeley
Dataset (Ali 2022), which have been classified
by a specialist, containing similar vehicles
(near duplicates) with little variation in image

VEHICLE DETECTION AND RE-ID USING MULTIPLE DRONES

perspectives (minor variation in the angle of
vehicle image pairs).

In this experiment, it is proposed to analyze
how the networks used in the Re-ID task behave
with data containing vehicles of the same model,
and with some type of perspective variation
including data that encompasses scenarios with
different types of highways and urban traffic.

The second experiment, which employed
the use of unmanned aerial vehicles (UAVs), was
designed with the objective of capturing images
of vehicles on a highway. In this experiment,
a CNN (Detection System) is applied to detect
and extract vehicles to construct the dataset.
Subsequently, a vehicle present in the images
captured by the initial drone is identified and
matched the other two drones through the Re-
ID process. The purpose of this Identification is
to track the vehicle from different viewpoints
captured by the UAVs.

Feature Extraction

(c)

Number for Features
for each CNN:

VGG16 (4096)
VGG19(4096)
ResNet50 (2048)
Inception (2048)
EfficientNet (1280)

v

Normalize Vectors Compiled
Database of Vehicles

(d)

Vehicle Image Database Resize Image
(@) (b)
- Dimensions of Resize
for each CNN:
VGG16 (224,224)
VGG19(224,224)
- W ResNet50 (224,224)
Inception (224,224)
| EfficientNet (224,224)
Results Query to Five Shorter Distances
® 0 L2 - Norm Distance Between
Query to Database Vectors
VGG16 Query Second Minor Fourth Minor
\'ci)‘lcln: l)i:k‘mcc l*stancc (e)
VGGI9 [0.031543, -0.01355677,...]
ResNet50 s
InceptionV3
L
-y * ' ' ' '
EfficientNet Fist Minor Third Minor Fifth Minog [0.070301, -0.02379044,...]
V2L Distance Distance  Distance

Carl.npy
Car8.npy
Car15.npy
Car17.npy
Car26.npy

Figure 4. Attribute Vector Extraction Process for Vehicles Using Multiple CNNs.
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Experiments

Mendeley Dataset

Multiples Drones

Y

\ 4

Analysis of Slight
Perspective
Variations and Similar
Vehicles Models

Low-Resolution Data

Analysis from Multiple

Drones with Different
Cameras

Figure 5. Diagram of the Two Experiment Models for
Performance Analysis.

This experiment examines, the automated
methodology for data extraction using CNNs is
analyzed, and the use of low-resolution images
captured by different optical sensors.

Experiment with the Mendeley dataset

In the initial experiment, the dataset used
contains 3,847 different vehicles with 48
annotated vehicle models. From this dataset,
170 vehicles of six distinct different models were
separated into two directories. Each vehicle
is paired with a corresponding vehicle in the
second directory. It was decided to utilize the
dataset without data augmentation, as initial
testsinvolving mirroring did notyield substantial
improvements. In Figure 6, a diagram of the
steps performed in Experiment A is presented.
The data in the directories with vehicles of
the same model exhibit similar characteristics
with prospective variations not exceeding 30°.

VEHICLE DETECTION AND RE-ID USING MULTIPLE DRONES

Figure 7 presents an example of two vehicles of
the same model with differences in perspective.
The comparison is made between Car2 from
Folder 1 with Car2 from Folder 2, and Car4 from
Folder 1 with Car4 from Folder 2.

The vehicle data were organized by
constructing a template as presented in Figure
8 and Table Il

After the data separation, the images are
processed in the Re-ID Task stage, wherein
multiple CNNs are used to transform the
information into vectors corresponding to each
CNN. Next, these vectors are normalized, and
equation (2) is applied to calculate the cost-to-
distance ratio. The best result is used to analyze
the performance of the five CNNs employed in
Re-ID.

Experiment with multiples drones

The diagram of the multiple drone experiment is
presented in Figure 9, showing the steps carried
out up to the final analysis of the results.

The initial stage of the process flight
planning, during which the altitude, destination,
and technical specifications are determined.
This information is then passed on to the
authorities that authorize the flight.

In order to conduct drone flights in Brazil,
it is necessary to undertake a normative flight
step, which involves submitting a request to the
Department of Airspace Control (DECEA). This is
the agency responsible for flight authorizations
within the Brazilian territory.

To conduct this experiment, videos obtained
by three drones flying in parallel with the
camera in a horizontal view were used, capturing
moving vehicles on the highway (Figure 10). The
data from these videos require pre-processing
through the application of detection (YOLOv4)
and tracking (DeepSORT) algorithms.

After the data collection was completed,
it was observed that there was a lack of
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Best Result
Evaluation

Figure 6. Diagram of the Mendeley Dataset experiment for Performance Analysis.

Folder 1

S

i
r—

VEHICLE DETECTION AND RE-ID USING MULTIPLE DRONES

Data split with same
vehicle models and
slight perspective
variation

Cost-to-Distance
Ratio

Car 2 = Car 2

Card = Card

Figure 7. Categorization of Data from the Mendeley Dataset.
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-

. 3 3

Figure 8. Example of the Template for Mendeley Data.

synchronization between the videos captured
by each drone. To address this issue, the videos
were edited in order to synchronize the start of
data capture, aiming to preserve its integrity for
the Re-ID process. This was done to guarantee
that no data pertaining to vehicles captured in a
single video would be omitted from the others.
Once synchronization was achieved, a video
sequence was used for processing the vehicles
in YOLOv4 and DeepSORT, with 1 minute deemed
sufficient for the tests. Table Il presents the
number of vehicles detected by each drone in
two moments of the experiments.

Subsequently, a template was manually
created for each experiment to identify the
name assigned to the vehicle by the detection
system and relate this name to the same vehicle
recorded as a sub-image in the other two drones.
Table IV shows an example of the rows of the
table represent instances of the same vehicle,
each identified by a different name assigned by
the CNN of each drone.

Following the extraction of features, the
vectors are normalized and subsequently
applied to equation (2) of cost by distance.

The results of the performance analysis
of the Re-ID system for the dataset in Table V,
VI and VII are presented in the “Results and
Discussions” section.

RESULTS AND DISCUSSION
Mendeley dataset experiment

Table Il. Template Constructed for the Mendeley Data.

Ground Truth - Mendeley Dataset

Folder 1 Folder 2
Car1 Car1
Car2 Car2
Car3 Car3

Car85 Car85
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A 4

Experiments Flight Planning

Feature Extraction

Flight Authorization
Request (DECEA)

—» Data Acquisition

v

(5CNNs)

Compiled Data Base

Detection. Tracking

and Extraction Task |€—

(YOLO + DeepSORT)

Pos process data
sincronization

Normalized Vectors Cost-to-Distance

Ratio

Best Result
Evaluation

Figure 9. Diagram of the Multiple Drones experiment for Performance Analysis.

In Experiment 1, the Re-ID system was applied
to the dataset comprising 170 vehicles in
Experiment 1. Table Il was used as a template
for calculating the main accuracy of the five

Figure 10. Drone
Flight Configuration
for Experiment 2.

networks, and the result of the Re-ID task on the
Mendeley dataset is presented in Table V.

Table V shows the results of each network
used, with the ResNet50 network exhibiting the
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Table Ill. Number of Objects Detected by YOLOv4 with Synchronized Videos in One Minute.

Amount of Detections in Drone Amount of Detections in Drone
Imagery 1 Imagery 2
Drone 1 43 76
Drone 2 54 82
Drone 3 43 64

Table IV. Example of the Template Used for Captured Data.

Ground Truth
Vehicle Detection Drone 2 Drone 1 Drone 3
19. Car2 Carl Car3
20. Car48 Car17 Car28
39. Car60 Car26 Car34
49, Car93 Car75 Car134
430, Carm Car84 Car108

Table V. Results of the CNN for the Mendeley Dataset.

CNNs Folder 1 Folder 2 Average
VGG16 55.29% 52.94% 5412%
VGG19 57.65% 48.24% 52.94%
ResNet50 57.65% 52.94% 55.29%
InceptionV3 L4.71% 4118% 42.94%
EfficientNetV2L 44.71% 37.65% 4118%

Table VI. Results of the CNN for Drone Imagery 1 experiment.

CNNs Dronel Drone2 Drone3 Average
VGG16 81.87% 81.59% 84.52% 82.66%
VGG19 92.86% 92.32% 8810% 91.09%

ResNet50 89.29% 70.60% 8810% 82.66%
InceptionV3 62.91% 7418% 73.81% 70.30%
EfficientNetV2L 85.71% 48.35% 5714% 63.74%

An Acad Bras Cienc (2025) 97(2) 20240623 13 | 19



FELIPE PA. EUPHRASIO et al.

VEHICLE DETECTION AND RE-ID USING MULTIPLE DRONES

Table VIL. Results of the CNN for Drone Imagery 2 experiment.

CNNs Drone1l Drone2 Drone3 Average
VGG16 78.81% 76.77% 78.52% 78.04%
VGG19 79.45% 77.88% 82.78% 80.04%

ResNet50 76.89% 68.60% 78.96% 74.82%
InceptionV3 61.84% 67.38% 59.40% 62.87%
EfficientNetV2L 63.73% 68.04% 61.41% 64.39%

most favorable performance, with an average
accuracy of 55.29%. This is followed by the VGG16
and VGG19 networks, which demonstrate average
accuracy of 5412% and 52.94%, respectively.
The network with the lowest performance was
EfficientNetV2L, with an accuracy of 41.18%.

Drones imagery experiment

Table VI and Table VII present the accuracy
percentage of the Re-ID method based on the
distance cost of the five networks used in the
proposed method. The columns represent the
drones whose images were used as targets for
the Re-ID task. The rows with the CNNs represent
the average accuracy of the vehicles identified in
the other two directories (images from the other
two drones). For example, when the data source
is the images acquired from drone 1, these
vehicles serve as targets to be re-identified, and
comparisons are made with the data from drone
2 and drone 3.

The results shown in Table VI considered the
optimal response from the networks rather than
the top five ranked vehicles. The last column of
Table VI presents the average accuracy of the
three CNN datasets. The CNN with the highest
accuracy in this experiment was VGG19 with
91.09%, followed by ResNet50 and VGG16 with
mean accuracies of 82.66%. The network with
the worst performance was EfficientNetV2L with
63.74%.

InTable VIIthe CNN with the highestaccuracy
in this experiment was VGG19 with 80.04%,
followed by VGG16 with mean accuracies of
78.04%. The network with the worst performance
was InceptionV3 with 62.87%.

Although the images from Experiment
1 had superior quality and size to those
from Experiment 2, the vehicle identification
performed with these data yielded inferior
results to those obtained with the data from
Experiment 2. This result indicates that neither
the size nor the quality of the images constituted
barriers to the network’s effectiveness in the Re-
ID task.

The results of Experiment 1, presented in
Table V, demonstrate a decline in Re-ID accuracy
when compared to the results of Experiment
2 (Table VI, VII). A possible explanation for
decline in performance is the challenge of
differentiating between vehicles of the same
model that exhibit highly similar characteristics,
creating a situation akin to that of nearly-
duplicate vehicles. Additionally, the discrepancy
in perspective between each vehicle, though
slight, may contribute to the outcomes observed
in Experiment 2.

In general, the responses incorporating
drone datayielded superior outcomes compared
to those utilizing public dataset, and the Re-ID
techniques demonstrated enhanced capacity
to differentiate vehicles of different models
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Figure 11. Summary of
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Convolutional Neural Networks (CNNs)

yet exhibited greater difficulty in differentiating
vehicles of the same model.

A final analysis is presented in Figure 11,
which depicts the standard deviation of the
results is calculated for both experiments. It can
be observed that the VGG16 network presented
the lowest standard deviation in both datasets,
with a value of 1.6%.

In the case of drone dataset, in the Drone
Imagery 1 experiment, the network with the
highest standard deviation was EfficientNetV2L,
with a value of 19.5%, followed by ResNet50,
with a value of 10.4%. For the Drone Imagery 2
experiment, the highest standard deviation was
ResNet50 with 5.5%, followed by InceptionV3
with 41%. For the Mendeley Experiment data, the
network with the highest standard deviation was
VGG19, with 6.6%, followed by EfficientNetV2L,
with 5.0%.

Comparing the five applied CNNs,
EfficientNetV2L, which has the most complex
architecture (120 million parameters), exhibited
the lowest efficiency in both experiments. The
InceptionV3 network, with the second most
complex architecture, showed the second lowest

An Acad Bras Cienc (2025) 97(2)

performance in both experiments. This outcome
is attributed to the generation of more complex
networks, which inturn produce generating more
abstract and challenging-to-interpret features,
resulting in a less discriminative descriptor
vector, which is unsuitable for similarity metric
applications.

It was observed that the networks, which
achieved the best results had input images
with smaller dimensions (224x224) for both
experiments. The dimensions of the image are a
requirement of the network architecture. VGG19
presented the best performance with the drone
imagery dataset, consistently outperforming
the other networks in both experiments.
Specifically, it achieved an average accuracy of
91.09% in Experiment 1. To choose the technique
without data leakage, a second experiment was
conducted, yielding an accuracy of 80.04%. This
experiment underscored its robustness and
adaptability to this type of data, making it more
suitable for the re-identification task compared
to deeper or more complex architectures like
InceptionV3 and EfficientNetV2L.
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Better results were obtained with the dataset
collected from drones, with a greater diversity
of vehicles, even when using low-resolution
images. Experiment 1 demonstrated a notable
decline in performance when using vehicles
of the same model in the second dataset. This
suggests that it is challenging to differentiate
between vehicles based on their specific details.

CONCLUSIONS

This work presents a methodology based on
multiple CNNs for the task of detection and
Re-ID, which indicated promising results in
identifying vehicles. A comprehensive analysis
of different CNN architectures for the Re-ID task,
offering insights into their performance under
diverse datasets, including controlled public
datasets and dynamic drone-acquired data.

The evaluation of object re-identification
in the first experiment indicated that the best-
performing network between the 5 CNNs has
been ResNet50, while the worst-performing
network has been EfficientNetV2L.

The vehicle re-identification analysis in
the second experiment presented promising
results for the CNNs, with VGG19 having the best
performance and EfficientNetV2L showing the
lowest performance, indicating that the analysis
of different neural networks was relevant, as the
majority of studies in the literature suggested
thatResNet50was superior (Chuetal.2019, Huynh
et al. 2021). Contrary to some previous studies
that highlighted the superiority of ResNet50,
this work demonstrates the competitiveness
of VGG19, particularly in scenarios involving
UAV-acquired images, suggesting that network
selection should be context-specific.

In both experiments, the Re-ID process
utilized five CNNs, with Experiment 2 achieving
better results than Experiment 1. Possible
explanations for this outcome include:

VEHICLE DETECTION AND RE-ID USING MULTIPLE DRONES

|. The challenge of distinguishing between
vehicles of the same model with very similar
characteristics, and

II. The presence of slight angular variation
(difference in perspective) between vehicles,
which was exclusive to Experiment 1.

The more complex network architecture
used in the experiments (InceptionV3
and EfficientNetV2L) exhibited the worst
performance, indicating that this relationship
may be linked to the resizing of sub-images and
the volume of descriptor points used.

The experiments demonstrated that
YOLOv4 is an effective method for detecting
and classifying vehicle images. The proposed
methodology has been promising with the data
used, and it is expected that future work will
implement an approach for applications with
real-time transmitted images.

For future work, include an analysis in
complex scenarios of DeepSORT with other
tracking algorithms, such as FatirMOT (Zhang et
al. 2020), ByteTrack (Zhang et al. 2021), among
others. Such an investigation will permit an
evaluation of the relative merits and drawbacks
of the algorithms in diverse operational
scenarios, identifying specific instances where
one may gain or lose advantage. Additionally,
a more comprehensive investigation is
recommended to examine the efficacy of data
augmentation techniques, varying perspectives,
rotation, brightness, contrast, and noise. Further
scenarios could be explored, considering
potential variations in climate conditions,
road types, and urban traffic. Furthermore, an
investigation into the attention mechanism
in re-identification models is recommended,
as it may enhance the ability to focus on the
distinctive features of vehicles.

Although in this work the data
synchronization has been done manually, in
practice this synchronization should be carried
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out automatically by leveraging real-time data
fusion techniques. This would entail taking into
account the position and capture time of the
drone and the vehicles.
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