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Abstract—Unmanned Aerial Vehicles (UAVs) have gained sig-
nificant attention in various fields, including surveillance, search
and rescue, and monitoring applications. One important appli-
cation for UAVs is target tracking, which requires detecting and
tracking a specific object of interest in real time. This paper
surveys work done so far in the area of target-tracking in UAVs.
It then presents a comprehensive hardware-based framework for
target tracking in UAVs. This work utilizes the State-of-the-Art
YOLOv8 (You Only Look Once) algorithm for target detection,
an efficient high-speed target tracking model, and a Proportional
Derivative (PD) control algorithm for precise drone movement
control. YOLOv8 provides fast, accurate, and real-time detection
of the object of interest, allowing the UAV to detect and identify
the target object quickly and reliably. Subsequently, a robust
tracking algorithm tracks the identified object across consecutive
frames, ensuring accurate localization and trajectory estimation.
Furthermore, a PD control algorithm is integrated into the system
to enable precise and smooth drone movement. The proposed
framework is integrated and used for target tracking in UAVs.
Further, this framework is implemented on a UAV. The results
demonstrate the effectiveness and robustness of the proposed
framework, showcasing its potential for real-world applications.

Index Terms—UAVs, YOLOv8, Multimedia in UAV, Target
Tracking, Object tracking

I. INTRODUCTION

Unmanned Aerial Vehicles (UAVs), commonly referred to
as drones, have revolutionized numerous fields of technology
and science, providing unprecedented opportunities for appli-
cations spanning from aerial photography to search-and-rescue
missions. In recent years, using UAVs for target tracking has
attracted considerable interest due to its potential to transform
surveillance, security, and monitoring practices. Target track-
ing entails locating and perpetually monitoring an object of
interest as it moves within a specified environment, making
it a vital component in various fields, including military op-
erations, law enforcement, disaster management, and wildlife
conservation. Integrating UAVs into target tracking provides
several advantages over conventional methods. They provide
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an unrivaled advantage for real-time monitoring of targets due
to their adaptability, versatility, and ability to access remote
and hazardous locations. In addition, the development of
sophisticated imaging sensors, such as high-resolution cameras
and thermal sensors, enables UAVs to capture detailed infor-
mation and track targets with greater precision and accuracy.
This research paper intends to investigate the challenges and
possible future orientations of UAV-based target tracking.

The evolution of UAV technology has substantially con-
tributed to the enhancement of target-tracking capabilities. The
miniaturization of sensors, enhancements in computational
power, and advancements in autonomous flight algorithms
have enabled UAVs to operate autonomously, making them
ideal for target-tracking tasks. In addition, incorporating ar-
tificial intelligence and machine learning techniques enables
UAVs to actively monitor and predict the movements of
targets, making them more effective in complex and dynamic
environments. In general, the altitude and position of a UAV
are controlled by controlling the up and down movement,
forward and backward movement, and yaw, pitch, and roll
angle changes, but the current trends show the focus to be on
intelligent sensor technologies and autonomous control.

This paper investigates the cutting-edge methodologies,
algorithms, and technologies employed in UAV-based target
tracking. The paper will also discuss future directions and
additional research and development opportunities. The key
contributions of the paper are:

• Implementation of State-of-the-art algorithms: YOLOv8
for target detection and DroTrack for target tracking.

• Integration for a Proportional Derivative control algo-
rithm.

• Deployment of the above-proposed framework on a hard-
ware platform.

Finally, the results of our implementation are presented to-
wards the end and are intended to facilitate the widespread
adoption and deployment of unmanned aerial vehicles (UAVs)
in various domains where accurate and reliable target tracking
is crucial. The motivation for our work was based on develop-
ing a lightweight model for target-tracking and chasing, which979-8-3503-0511-1/23/$31.00 ©2023 IEEE
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can be deployed on low-cost UAVs with low computational
power.

II. RELATED WORKS

A notable amount of research work has been conducted
in the domain of UAVs in recent years. The problem of
target tracking in UAVs is generally divided into two parts:
Acquisition of Target Information and Information Processing
and Controlling Algorithms to keep the drone in the vicinity of
our object of interest. An Image-Based Visual Serving (IBVS)
system has been discussed in [1] to track a ground target from
a flying UAV. They implemented a tracking system consisting
of two deep neural networks: an approaching network, in
which the relative distance between the UAV and the target
is estimated, and the UAV is driven the required distance, and
a chasing network, in which the orientation of the tracked
target is used to resolve the ambiguity between the yawing
and lateral movements of the UAV and consecutively aligning
the UAV with the tracked target heading to ease the tracking
task. Deep detection networks formed their backbone.

An improved YOLOv5 algorithm combined with the Deep-
Sort Tracking algorithm was proposed in [2] to accurately
detect and track intruding UAVs for ‘black flight’ and ‘in-
discriminate flight.’ They added a convolutional block atten-
tion module (CBAM) to the Neck module of the YOLOv5s
network to enhance the extraction of network features. [3]
discussed the necessity of using fast object detection in vision
target tracking in UAVs and proposed the use of YOLOv3-
Tiny, which is an object detection method based on deep
learning. It optimizes the network structure based on YOLOv3
and reduces the output of one scale. They use a custom-trained
YOLOv3 Tiny model based on human images, and then the
trained model is followed by a control signal to the flight
controller for target tracking.

An implementation method of a quadrotor UAV target
tracking system based on OpenMV was proposed in [4] to
solve the problems with complex structure and low resource
utilization of traditional target tracking UAVs. The system
mainly depended on monocular vision. It includes a flight con-
trol system, a visual guidance system, a six-axis motion sensor,
and magnetometer serving as a pose measurement module, and
an ultrasonic sensor for the altitude measurement system. A
centroid-based tracking algorithm was used for calculating and
resolving the target. A model for faster object detection was
proposed in [5]. The model performs lightweight processing in
the YOLOv4 object detection model for faster detection speed.
They use the CA attention mechanism module to replace the
original SE attention mechanism to build a new model with
stronger object detection capabilities. With numerous target
tracking and processing applications, [6] studied the applica-
tions for a social cause and proposed a model, Ocularone,
to enhance the lifestyle of Visually Impaired People (VIP)
through navigational assistance and situation awareness. The
model enhanced the safety and autonomy of the user with
the help of onboard sensors, edge accelerators, and two-way
communication using gestures and audio prompts. They used

Tello Drones and Jetson Nano modules as early prototypes for
validation.

Due to the complex motion of drones, having multiple
degrees of freedom in a three-dimensional space causes high
uncertainty in target detection and tracking scenarios. Most
existing object-tracking frameworks have tackled common
challenges such as cluttered backgrounds and occlusion. Still,
the problem of complex motion in drones posed a problem
in tracking. To tackle this problem, [7] proposed a model,
DroTrack, a high-speed visual single-object tracking frame-
work for drone-captured video sequences. They discover the
dependency between the object’s representation and their mo-
tion geometry and nullify the uncertainty problem, leading to
inaccurate prediction in target location and fuzziness in scale
estimations. The greatest obstacle is the lack of data available
to train online deep neural networks to recognize objects that
have only been observed in a single example. Training a deep
CNN for object tracking is a potential solution [8] [9]. The
absence of annotated data, however, hinders the training of
deep CNN. By transferring the learned feature hierarchies to
online tracking, training an offline CNN using a large set of
videos with tracking ground truths can solve this problem.
Graph Convolutional Networks are additionally proposed for
object detection [10]. The primary challenge of these meth-
ods is executing stochastic gradient descent online to adjust
the network’s weights. This necessitates high computational
speed, which renders tracking unreliable, particularly in the
case of drones.

In recent decades, numerous studies have focused on the
collaborative framework, path computation efficiency, and
path quality. Typical algorithms include the Model Predicted
Control (MPC) method, the Voronoi method, intelligent al-
gorithms (such as Genetic Algorithms and Particle Swarm
Optimisation), the Rapidly-exploring Random Tree (RRT) [11]
method, and the Artificial Potential Field (APF) method. By
incorporating the feedback mechanism into the optimal fuzzy
reasoning method, the so-called Feedback Based Composi-
tional Rule of Inference (FBCRI) [12] is proposed to address
the cooperative path planning problem. Zhang et al. [13].
present the Cooperative and Geometric Learning Algorithm
(CGLA) to address collision avoidance and information shar-
ing issues. The scalability of these methods is a challenge
making deep learning-based approaches preferable for hard-
ware implementations on various levels. Inspired by these
works, we propose a model which integrates the state-of-
the-art YOLO model with the DroTrack model to achieve a
lightweight target-tracking system in UAVs.

III. SYSTEM DESCRIPTION

Our proposed framework has been tested extensively to
find its limits and capability. The hardware used in the paper
is the DJI Tello drone (Fig. 2) featuring a 14-core Intel
Processor, a 5-megapixel 720p camera, and a feature for
backend programming with Python. Tello SDK and the built-
in APIs can make the drone perform various functions. A
MacBook Air equipped with M2 chip was used for processing
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Fig. 1. Workflow of the system

Fig. 2. DJI Tello drone

and to establish communication with the drone. The processing
for the whole system was performed locally on the M2 Air, and
instructions were sent to the Unmanned Aerial Vehicle (UAV).
The Tello SDK uses a local port to establish communication
over 2.4 GHz 802.11n Wi-Fi with the aircraft over User Data-
gram Protocol (UDP). The drone was calibrated by connecting
a smartphone to the Drone’s Wi-Fi and following the Tello
drone Application’s on-screen instructions. The system can be

Fig. 3. Calibration of Tello drone via Smartphone App

understood in three parts: a) Target Detection, b) Refinement
of parameters, c) An appropriate Control Algorithm. The
overall flow of the system can be understood from Fig. 1

A. Target Detection

We use the Ultralytics You-Only-Look-One Version
8(YOLOv8) [14], which forms the basis of the target detec-
tion module of our system. YOLOv8, a single-stage object
detection algorithm, is a cutting-edge, start-of-the-art (SOTA)
model that builds upon the success of the previous YOLO ver-
sions but with enhanced performance and flexibility. Partition
processing forms the basis of the YOLO algorithm. An input
image (or a frame from a video stream) is provided to the
algorithm which performs further processing. The working of
a YOLO object detection algorithm [15] can be explained as
follows :

1) Grid Division: Input frame is divided into grid cells
depending on image size and the last convolution layer
of the network and object detection is performed indi-
vidually.

2) Feature Extraction: A Convolutional Neural Network
(CNN) is used to derive features from each cell. A large
image dataset is used for pre-training the CNN to acquire
features that can be applied to object detection.

3) Objectness Score: The logistic regression function pre-
dicts the probability of the presence of an object of
interest in the cell, which is known as Objectness Score.

4) Class Probability: Each cell is assigned a class of object
and probability by YOLO. The conditional probability
of an object class is calculated using a SoftMax function.

5) Bounding Box: For each cell object prediction, a bound-
ing box is also predicted that encloses the object of
interest, which is anticipated in relation to the size of
the cell and is represented in the form of height, width,
and center coordinates.

6) Non-Maximum Suppression (NMS): After identifying
multiple objects in the image each with own bound-
ing box, YOLO performs Non-Maximum supression to
reduce redundancies. The final list of bounding boxes
with their related class and confidence score serve as
the output.

Fig. 4 portrays the architecture of YOLOv8 [17] . It contains
a series of updates and new convolutions compared to the
previous YOLO versions in the architecture. One of the
major upgrades includes the Anchor-free detection approach,
in which an object detection model can directly predict the
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Fig. 4. Yolov8 Architecture as proposed in [17]

center of the object instead of providing an offset from a
known anchor box. This makes the model more flexible and
efficient because it no longer requires manual specifications of
the anchor boxes, which are typically challenging to choose
and led to suboptimal results in previous YOLO models such
as v1 and v2. YOLO operates simultaneously on an entire
image, making it extremely quick and efficient. This distin-
guishes YOLO from other object detection algorithms, which
employ a computationally costly sliding window approach.
YOLOv8 employs a CNN with two major components: the
Backbone and the Head. The backbone is comprised of a
modified version of the CSPDarknet 53 architecture, which
consists of 53 convolutional layers and uses cross-stage partial
connections to enhance the flow of information between layers.
Multiple convolutional layers are followed by a succession of
fully connected layers that predict bounding boxes, objectness
scores, and class probabilities for the objects detected in an
image.

B. Refining parameters with DroTrack

The DroTrack model proposed in [7] has been thoroughly
analyzed to comprehend its operation. The model serves as a
framework for high-speed object tracking and tackles the prob-
lem of the complex motion of drones leading to uncertainty
very efficiently. The model performs the following processing
on the received frames: 1) Adaptive Center Detection, 2) Opti-
cal Flow Tracking, 3) Location Relative Correction, 4) Fuzzy
C Means Segmentation, 5) CNN-based Segment Selection,
6) Relative Angular Scaling followed by 7) Final Location
Prediction and scaling. These can also be seen in Fig. 5

Fig. 5. Process steps involved in DroTrack Model [7]

C. Control Algorithm

To achieve faster tracking times, the overall complexity of
the flight software needs to be optimized. By adding additional
headroom for hardware-intensive tasks such as detection and
tracking, we are limited to using light control algorithms with
some reduced maneuverability. One of the simplest control
algorithms we can use is a PD ( proportionate and derivative)
controller. Upon receiving the refined bounding box and center
coordinates, we incorporate a Proportional Derivative (PD)
control algorithm, which aims to keep the drone in the
vicinity of the target operation via further processing. By
incorporating feedback from the target tracking system, the
PD controller adjusts the drone’s control inputs based on the
error between the desired and actual target position, resulting
in improved tracking performance and enhanced stability. Due
to the simplicity of the control algorithm, the drone would not
perform complex aerial maneuvers but tries to trace the path
of the tracking object. The Drone is equipped with a safety
system that performs a self-landing of the drone in case of a
low battery.

IV. RESULTS AND DISCUSSION

The proposed system was tested first on a laptop webcam.
and then deployed on a Tello drone which came with success-
ful results. The working of the proposed system is as follows:

A. Detection of a single person via drone camera

The performance of various YOLO versions and models
was tested on the host computer, and the latest, state-of-the-
art YOLO version 8 was used for our system based on the
performance and flexibility encountered. Fig. 6 portray the
difference in performance among different model sizes on
the COCO dataset of YOLOv8 [14]. The most commonly
used metrics for comparison are: mean Average Precision
(mAP), Inferencing speed (in fps), and the compute cost based
on the model size in FLOPs and params. YOLOv8 comes
with 5 pre-trained models, namely, nano (v8n), small(v8s),
medium(v8m), large(v8l) and extra large(v8x), which can be
used with great flexibility. After running and testing all the
above models, we achieved better performance and response in
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Fig. 6. Comparison of YOLO models of different sizes [14]

Fig. 7. Person being detected in the frame

the nano model of YOLOv8, even with some reduced accuracy,
because in high-speed target-tracking systems, it is essential
for the algorithms to respond faster. We use a pre-trained
YOLOv8n model with PyTorch and feed it with the live drone
video stream using OpenCV libraries and DJITelloPy APIs.
The object detection classes were restricted to 1, i.e., person,
which is our object of interest in this scenario.

Initially, if the model encounters zero detections, the drone
is made to perform a 360-degree sweep at a fixed altitude
iteratively until a detection takes place. Upon receiving detec-
tions, we obtain the bounding box and center coordinates of
the highest confidence detection, which is then used for further
processing in the next steps.

B. Parameter refining with DroTrack

The bounding box and center coordinates of the detection
with the highest confidence scores obtained in the previous
step are now passed as parameters in the DroTrack model,
which performs extensive processing on them to obtain refined
bounding box and center coordinates. These values are then
passed on to the next step.

C. Controlling the drone with a control algorithm

We implement a custom Proportional Derivative (PD) al-
gorithm to maintain the drone’s proximity to the target by
keeping the bounding box’s area within a specified range.
At the beginning of the operation, the drone’s altitude is set
at an optimal value. Constants for the PD algorithm have
been fine-tuned and set following iterative testing on Tello.
An error variable is employed to calculate the error in the
current detection by determining the displacement in center

Fig. 8. Drone moved towards the person successfully

coordinates from the screen’s center. Consequently, the pace
is transmitted to the drone.

In the first frame, i.e., Fig. 7, the drone detects a person
in the frame, and with the help of the control algorithm, the
drone is provided with some yaw and forward velocity. In the
second frame, i.e., Fig. 8 the drone has successfully moved
toward the person. Similarly, the system is tested in a different
environment with changed listing conditions, as seen in Fig. 9
and Fig. 10. The drone performed optimally in bright and
normal lighting conditions but had some difficulties in dark
lighting conditions because the drone is equipped with a Visual
Positioning System (VPS), which looks for patterns on the
ground to help position the drone, which could not be done in
low-light conditions. The range in which the drone performed
target tracking optimally was 20 meters, after which the data
transmission over Wi-Fi posed a problem, and the drone could
not respond to the control algorithm as efficiently as when the
drone was near the host computer.

The inference time for person detection obtained from the
YOLOv8n model during the execution of code was plotted
against the code running time and can be seen in Fig. 11. It
was found to be 45ms. The execution time from the DroTrack
model to process each frame received was plotted against the
code running time and can be seen in Fig. 12.

V. CONCLUSIONS AND FUTURE WORK

This paper uses YOLOV8 for object detection using UAVs.
YOLOv8 algorithm proved to be an accurate and efficient
method for target detection from aerial footage of the UAVs.

Fig. 9. Person being detected in the frame
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Fig. 10. Drone moved towards the person successfully

Fig. 11. Run Time vs Inference Time

Fig. 12. Run Time vs DroTrack execution Time

Further DroTrack algorithm was used for target tracking in the
UAV. A PD algorithm is used to control the movement of the
UAV to keep the UAV in the vicinity of the target. This paper
integrates these three algorithms and presents their hardware
implementation for the target tracking application in a UAV. It
also presents the detection time while tracking the target using
the above-mentioned algorithms.

Future work in this domain includes the development of

a robust obstacle avoidance system that prevents the UAV
from collision with unknown objects. Another direction for
further research includes modifying this system to incorporate
functionality to deal effectively with cases when multiple
individuals come together in the UAV’s frame. This can be
achieved by training the model on a custom dataset that
highlights the characteristics of our object of interest.
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