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ABSTRACT

The object of this study is a quadrotor unmanned aerial vehicle (UAV) equipped with classical PID (proportional-
integral-derivative) and backstepping controllers for stabilization and deep learning-based vision modules
(YOLOvV8(You Only Look Once) and ByteTrack (a multi-object tracking algorithm) for perception and tracking.
The research addresses the problem of limited robustness and adaptability of traditional control systems when
operating in dynamic environments with external disturbances, sensor noise, and moving targets. As a result of the
study, a hybrid quadrotor control framework integrating classical control and vision-based deep learning was
developed and experimentally validated. The proposed system enables autonomous takeoff, smooth landing, stable
hovering, and reliable multi-object tracking under varying illumination and occlusion conditions. These results
were achieved through the layered coupling of model-based controllers with visual feedback, which allows real-
time compensation for sensor drift and external perturbations, ensuring stable flight trajectories. The developed
framework can be effectively applied in practice for infrastructure monitoring, environmental observation, search-
and-rescue missions, and intelligent transportation, especially in GPS-denied (Global Positioning System) ot
visually complex environments.

Keywords: Quadrotor, Unmanned Aerial Vehicle, Control, Hybrid, Autonomy, Vision, You Only Look Once,
Backstepping, Dynamics, Tracking
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INTRODUCTION

Unmanned Aerial Vehicles (UAVs) are becoming increasingly integral to civilian and industrial operations,
including environmental monitoring, infrastructure inspection, logistics, and intelligent transportation. Their
deployment in complex and uncertain environments often characterized by variable weather, dynamic obstacles,
and unpredictable human or vehicular activity requires control systems capable of high precision, adaptability, and
reliability.

In modern conditions, the scientific and practical relevance of UAV control research has intensified due to
the rapid expansion of automation, urban air mobility, and smart city applications. With UAVs being integrated
into air traffic systems and IoT-based infrastructure networks, ensuring safe and stable autonomous flight under
real-world disturbances such as wind gusts, sensor noise, and lighting variation has become a critical engineering
challenge. Current control strategies, including proportional-integral-derivative (P1D), Linear Quadratic Regulator
(LQR), backstepping, and reinforcement learning approaches, have achieved notable success in controlled or
simulated environments; however, they still exhibit limitations in adaptability and robustness when exposed to
dynamic external conditions.

At the same time, the integration of advanced perception systems particularly computer vision and deep learning-
based object detection offers new opportunities to enhance UAV situational awareness and react directly to
environmental changes, which is essential for safe operation in cluttered or GPS-denied environments. The
convergence of control theory and artificial intelligence thus represents a necessary direction for achieving
autonomy that meets the growing demands of industrial, environmental, and security applications.

Therefore, studies that are devoted to developing reliable, adaptive, and perception-driven control systems for
UAVs under real-world environmental uncertainty are of significant scientific relevance.

LITERATURE REVIEW AND PROBLEM STATEMENT

UAVs are utilized in various civilian applications and can be designed with different structures and functions
[1]. Among multi-rotor UAVs, the quadrotor configuration is the most common, consisting of four rotors
mounted at the four corners of a cross-shaped frame. The rotors are arranged in two symmetrical pairs, with two
rotating clockwise and the other two rotating counterclockwise. By coordinating the rotational speeds of the rotors,
the quadrotor is able to achieve flight stabilization, rotation, as well as forward, backward, and lateral movements.

Several studies have explored various control strategies to improve the stability and trajectory tracking quality
of quadcopters.

For example, in [2], researches implemented a model predictive control (MPC) algorithm to enable
autonomous landing on a moving platform, demonstrating high accuracy of trajectory correction in real time. In
the work [3] provided a comprehensive performance evaluation of major control strategies, identifying limitations
of PID and LQR (Linear Quadratic Regulator) methods in terms of robustness under environmental disturbances.

In the work [4] presented a comparative analysis of classical, adaptive, and intelligent control techniques for
UAVs, emphasizing that hybrid approaches can improve transient response and disturbance rejection.

Other researchers have [5] proposed a novel hybrid control method integrating neural dynamics with trajectory
tracking, showing improved robustness and accuracy compared with conventional PID controllers.

These works collectively highlight the continuous progress in UAV control research; however, most existing
studies remain limited to simulation or specific trajectory scenarios, lacking integration with real-time vision-based
feedback — a gap that this study aims to address. PID controller has been used to control the attitude of a quadrotor
in [6]. However, these simulations and experiments show that the PID controller has better tracking quality
regarding pitch angle, while there is a large tracking error regarding roll angle. LQR optimal control algorithm
controls a dynamic system by minimizing a suitable objective function. In the work [7], the LQR algorithm was
applied to a quadcopter, and its performance was compared with that of a PID controller. However, the controller
loses tracking ability after avoiding an obstacle in the environment with many obstacles.

Authors in the [8] proposed an adaptive neural-network-based nonsingular fast terminal sliding mode
controller NFTSMC) for a quadrotor operating under dynamic uncertainties. Their approach combines neural
network approximation with Lyapunov stability theory to guarantee finite-time convergence and robustness against
external disturbances. Simulation results demonstrated that the controller achieved smooth attitude stabilization
with faster convergence compared to conventional SMC methods. However, the study was limited to simulation
environments and did not include experimental validation, which leaves the real-time applicability of the proposed
NFTSMC uncertain due to untested computational and sensor noise effects.

In another work [9], the authors developed a finite-time neuro-sliding-mode controller for quadrotors carrying
suspended payloads, focusing on eliminating chattering effects and improving disturbance rejection. Their design
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ensured precise position and attitude tracking despite payload-induced oscillations, confirming the robustness of
the control law in complex dynamic scenarios.

Both studies emphasize the advantages of sliding mode control in improving robustness and disturbance
tolerance. However, they rely primarily on theoretical or simulation verification and do not integrate real-time
vision-based feedback or hybrid control architectures.

The SMC (Sliding Mode Control) controller can stably control the quadrotor to a desired position and yaw
angle. The tracking control is relatively good, with the ability to suppress disturbances, which shows the robustness
of the SMC controller.

Backstepping control is a recursive algorithm dividing the controller into steps and gradually stabilizing each
subsystem. The advantage of this algorithm is that it converges quickly, resulting in low computational load, and
can control disturbances well. The biggest limitation of this algorithm is that it has poor robustness. For example,
in [10] the backstepping approach is applied to stabilize the orientation of the quadrotor. Although the method
provides smooth convergence and robustness against modeling errors, it was tested only under ideal simulation
conditions, without accounting for wind disturbances or real sensor noise. Therefore, its applicability to real UAV
environments remains unverified due to the absence of hardware-in-the-loop or flight experiments.

In another study [11], an adaptive control scheme using feedback linearization (FBL) is implemented for a
quadrotor with a changing center of mass. While the approach effectively compensates for parameter variations,
it assumes perfect state measurement and instantaneous adaptation, which are unrealistic for onboard UAV
computation. As a result, the method’s real-time feasibility is limited by high computational complexity and
sensitivity to sensor delays.

An optimal controller that is robust to disturbances is applied in [12] for tracking both the attitude and altitude
of the quadrotor. The effectiveness of the controller has been experimentally verified, showing that it can minimize
errors and eliminate disturbances. However, the study does not integrate perception or vision-based feedback, and
the controller performance under dynamically changing visual or environmental conditions was not analyzed.

Therefore, the approach remains restricted to predefined trajectories and lacks adaptability to external
perturbations and visual uncertainty.

Artificial intelligence (Al) technologies have been widely and effectively applied in various areas of modern
life. One of the most actively developing fields of Al is computer vision, which provides the foundation for
automated perception and decision-making in real-world environments.

n [13], the problem of object detection in complex visual scenes was analyzed, with emphasis on the
challenges of applying computer vision algorithms under dynamic and visually cluttered conditions. The study
highlighted issues such as background interference, occlusion, and illumination variability that significantly affect
detection accuracy.

In [14], an intelligent adaptive learning and control approach was developed for nonlinear uncertain systems
operating in multiple environments, demonstrating how Al-based algorithms can improve real-time adaptability
and control precision.

These works collectively confirm the high efficiency and growing importance of computer vision and learning-
based methods in practical object detection and autonomous control applications.

Recent studies have highlighted significant progress in applying deep learning to UAV navigation across
diverse and challenging environments. An integrated framework combining binocular vision with deep
reinforcement learning (DRL) for real-time perception and local path planning enabled efficient navigation in
complex scenarios [15]. A developed computer vision-based system using proximal policy optimization (PPO) for
end-to-end training achieved a 96% success rate with RGB cameras in simulated environments built in Unreal
Engine and AirSim [16]. UAV navigation was modeled as a partially observable Markov decision process
(POMDP) [17] . They introduced a novel online DRL algorithm within an actor-critic framework, supporting
autonomous operation in large-scale environments. Similatly, a layered navigation framework that separates high-
level planning from low-level control demonstrated smooth indoor navigation in Gazebo simulations, with
potential applications in mining, search and rescue, and biosecurity [18].

Complementary work further underscores the effectiveness of DRL for UAV navigation under dynamic and
uncertain conditions. A mapless system utilizing the Deep Deterministic Policy Gradient (DDPG) and Soft Actor-
Critic (SAC) algorithms outperformed geometric controllers in obstacle avoidance, leveraging localization and
sparse range data rather than image-heavy inputs [19]. However, this approach was evaluated only in simulated 2D
environments, and its scalability to complex 3D flight scenarios with full sensory feedback remains untested.

High-dynamic environments addressed a distributed DRL approach that decomposes navigation into sub-
tasks using LTSM networks, achieving faster convergence [20]. It should be noted that this method requires a large
amount of training data and large computing resources, which limits its applicability for real-time on-board UAV
deployment.

1286 © 2025 by Authot/s



Journal of Cultural Analysis and Social Change, 10(4), 1284-1307

In the study of the modular framework, VizNav, leveraging Twin Delayed DDPG (TD3) with Prioritized
Experience Replay and depth map images for robust visual navigation in 3D dynamic settings [21], lacked
experimental validation on physical UAV platforms, leaving the real-world robustness of the approach under
sensor noise and lighting variation unverified.

Finally, a deep learning-based visual localization in GPS-denied environments was reviewed, emphasizing both
the promise and challenges of deploying these methods in real-world UAV operations [22]. However, the review
concluded that most existing approaches still suffer from generalization issues and high dependency on specific
environmental conditions, which constrain their use in dynamic outdoor missions.

Object Detection refers to the ability of computers and software to identify individual objects and locate
objects in an image. It is widely used to detect people, faces, masks, vehicles, and license plates or count the number
of people entering and leaving a specific area and systems to warn and prevent strange objects from a distance in
the security field. The two basic tasks in object recognition are image classification and object localization. Image
classification involves predicting the classes of objects in an image; in other words, if the input of an image
classification is an image with an object in the image being a cat, its output will be the label “cat”. Object localization
refers to determining the location of one or more objects in an image and drawing a bounding box around them;
if the input is an image of a cat, the model output will be one or more bounding boxes defined by the center
coordinates, width, and height. Object detection is a combination of both tasks above; when the input is an image
with one or more objects, the output will be one or more bounding boxes and corresponding labels for each
object’s bounding box [14].

Recent advancements in deep learning-based computer vision have been strongly influenced by the progressive
development of the YOLO (You Only Look Once) family of real-time object detection models. The evolution of
YOLO architectures, from YOLOv1 (You Only Look Once, version 1) to YOLOv8 (You Only Look Once,
version 8) and YOLO-NAS (You Only Look Once — Neural Architecture Search), was reviewed, highlighting their
continual improvements in feature extraction, localization precision, and multi-object detection capabilities, while
maintaining high computational efficiency [23]. Building on this foundation, a balanced optimization between
accuracy and real-time performance was achieved through techniques such as Mosaic augmentation, Mish
activation, Cross-Stage-Partial (CSP) connections, and Complete IoU (CloU) loss [24]. These improvements
enabled YOLOv4 (You Only Look Once, version 4) to achieve 43.5% AP on the COCO dataset at 65 FPS, making
it practical for real-world systems that require fast and accurate object perception. Extending this paradigm from
detection to temporal tracking, a robust multi-object tracking framework was introduced that associates every
detection box-including low-confidence detection to preserve object identities even under occlusion and motion
blur [25]. By integrating similarity metrics between trackers and detections, ByteTrack improved IDF1 scores by
up to 10 points and achieved real-time performance (30FPS) on the MOT17 benchmark. Collectively, these studies
demonstrate the maturity and reliability of modern YOLO-based detectors and trackers, establishing a solid
foundation for integrating visual perception with autonomous UAV control systems that demand both accuracy
and responsiveness in dynamic environments.

Thus, the unresolved issues identified in the reviewed studies include limited adaptability of classical controllers
under dynamic environmental conditions, insufficient integration of vision-based perception with real-time control
loops, and lack of experimental validation of deep learning-based hybrid frameworks on real UAV platforms.
These challenges remain due to objective constraints, such as limited onboard computational capacity and sensor
uncertainty, as well as subjective design choices, including simplified models and reliance on simulation
environments.

Therefore, despite significant progress in UAV control and perception research over the past decade,there is
still no unified hybrid framework that provides robust, adaptive, and vision-driven control of quadrotors under
real-world conditions. This unresolved problem determines the scientific gap addressed in the present study and
directly leads to the aim formulated in Section 3 — the development and experimental validation of a hybrid control
system combining classical algorithms (PID and backstepping0 with deep learning-based vision modules
(YOLOvS and ByteTrack).

THE AIM AND OBJECTIVES OF THE STUDY

The aim of the study is developing and experimentally validating a hybrid quadrotor control framework that
integrates classical control algorithms (PID and backstepping) with deep learning-based vision modules (YOLOv8
and ByteTrack) for autonomous takeoff, landing, altitude holding, and object tracking under dynamic
environmental conditions.

To achieve the research objective, the following tasks need to be solved:
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- Develop and test an autonomous takeoff algorithm with altitude stabilization for ascent from ground to a
set point (e.g.,2 m), and evaluate performance using stabilization time and altitude fluctuation/overshoot as
quantitative metrics relative to a PID-only baseline.

- Design and validate an autonomous landing procedure that ensures a smooth descent and safe touchdown,
with evaluation based on final-phase vertical velocity and rebound amplitude. Compare the results against a PID-
only baseline to assess safety and precision.

- Demonstrate altitude holding under load and wind disturbances using the hybrid controller, and quantify
robustness via steady-state altitude deviation at elevated setpoints (e.g., 25 m) with payload and gusts; benchmark
against a classical baseline.

- Integrate vision-based object detection and tracking (YOLOvVS + ByteTrack) into the control loop and assess
closed-loop tracking performance under illumination changes and occlusions using mean tracking deviation,
reacquisition time after occlusion, and control cycle time.

- Conduct a comparative system-level validation of the hybrid framework versus PID-only, LQR-only, and
non-integrated vision configurations across the tasks above, using aggregate indicators (e.g., stabilization time,
altitude error, landing rebound, tracking accuracy) to quantify overall gains in stability, accuracy, and adaptability.

MATERIALS AND METHODS

Object and hypothesis of the study

The object of the research is a quadrotor UAV equipped with classical control modules (PID and
backstepping) and vision-based deep learning subsystems (YOLOvS and ByteTrack). A combined theoretical-
experimental approach was adopted, consisting of (i) modelling and simulation, (i) hardware-in-the-loop (HIL)
testing, and (iii) physical flight experiments.

The primary hypothesis of the study is that integrating vision-based perception (YOLOv8 + ByteTrack)
directly into classical feedback control (PID/backstepping) will measurably enhance quadrotor robustness and
adaptability, as evidenced by faster stabilization, lower altitude/landing errors, and reduced tracking deviation,
under real-world disturbances, compared with classical controllers alone.

Assumptions made in the study are as follows.

It is assumed that aerodynamic disturbances acting on the quadrotor are limited in magnitude and can be
represented as additive uncertainties that remain within the rejection capability of the proposed control system.
The inertial parameters of the vehicle, including mass and inertia tensor, are considered constant throughout each
individual flight test. The onboard computation latency does not exceed the control loop period of approximately
0.1seconds, as determined during the experimental runs. The lighting conditions are assumed to vary only within
the compensation range of the vision processing pipeline, that is, exposure and illumination changes occur but do
not result in a complete loss of visual features. All sensor measurements obtained from the IMU, barometer, and
onboard camera are regarded as unbiased after calibration, with noise characteristics corresponding to the
manufacturer’s specifications.

Simplifications adopted in the study are as follows.

The quadrotor is modeled as a rigid body without explicit modelling of propeller-airflow or ground-effect
interactions; neither blade element theory nor induced-flow coupling is considered. The effects of battery discharge
on thrust are neglected for short flight intervals, and the thrust-voltage relationship is assumed time-invariant
during each test. Wind disturbances are modeled as low-frequency bounded variations with speeds of 2-4 m/s,
without identification of a full stochastic turbulence spectrum. The control-perception integration experiments are
limited to a single-target tracking scenatio, while multi-target or swarm coordination tasks are left for future
research. Gain tuning of the controllers is performed using an iterative trial-and-error approach following
simulation and hardware-in-the-loop pre-tuning, rather than through formal optimal or adaptive synthesis
methods.

Hardware and Instrumentation

A quadrotor research platform was utilized, featuring a flight controller that provided an embedded IMU
(comprising 3-axis accelerometers/gyros) and a barometric altimeter for state estimation and low-level
stabilization. The flight controller communicated with the ground station over MAVlink via a telemetry radio link.
The motor ESCs and power distribution board were sized to meet the thrust-to-weight ratio required for the
takeoff/landing and payload tests.

A depth camera (Intel RealSense D435i) provided synchronized RGB and depth streams for perception and
range estimation. The camera was rigidly mounted on the airframe with a measured extrinsic transformation to the
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vehicle body frame; intrinsic parameters were loaded from factory calibration and verified using a checkerboard
procedure before testing.

A companion computer (onboard) ran the YOLOVS detector and ByteTrack multi-object tracking stack. The
vision node consumed RGB frames from the D435i and output 2D detections, identities, and depth-derived 3D
target coordinates in the camera frame, which were then transformed to the body frame using the calibrated
extrinsic. The companion computer exchanged setpoints/observations with the flight controller over MAVLink.

Mission Planner was used as the ground control station (GCS) for configuring parameters, arming/disarming,
making mode changes, real-time monitoring, and capturing data. Telemetry (attitude, position, battery, EKF status,
and custom vision messages) was streamed to the GCS using MAVLink. Safety interlocks (pre-arm checks,
geofence, RC failsafe) were enabled during all flights.

Two synchronized data logging systems were maintained throughout all experimental flights.

The first consisted of onboard flight logs recorded by the flight controller, which included inertial
measurement unit (IMU) data, barometric altitude, estimated attitude and position, as well as actuator output
signals.

The second system comprised vision and companion computer logs, containing image timestamps, detected
and tracked object identifiers, three-dimensional target coordinates, and controller setpoints generated during real-
time perception and control.

To ensure temporal consistency, timestamps from the flight controller and the companion computer were
aligned using MAVLink message timing in combination with the companion system clock. After each flight, both
datasets were merged to calculate key performance metrics such as stabilization time, altitude deviation, landing
rebound, and tracking error.

The Ground Control Station (GCS) automatically recorded.tlog telemetry files, providing redundancy and
enabling quick-look validation immediately after every test run.

Before experiments, the IMU and barometer underwent standard calibration (static level/temperature
compensation routines), and magnetometer interference checks were performed. The camera—airframe extrinsic
were validated using a short hover test, which verified consistency between the projected target motion in the
camera frame and the measured body rates.

Flight modes and scripts were triggered from Mission Planner: (i) automatic take-off, (ii) altitude hold, (iii)
autonomous landing, and (iv) vision-guided object tracking. Each scenatio was repeated five times to assess
reproducibility. For disturbance tests, wind fans (or naturally occurring 2—4 m/s gusts, recorded in the GCS notes)
and a 0.5 kg payload were used. After each run, logs were downloaded, merged, and metrics were computed for
Section 5 analyses.

Experimental Procedure

For each task (take-off, landing, altitude holding, and object tracking), the UAV was tested in repeat runs (n=>5)
to assess reproducibility. Mean values are reported. Baseline comparisons included PID-only and LQR-only
controllers, as well as a non-integrated vision pipeline for ablation.

Kinematic and Dynamic Modelling

The structural model of the Quadrotor and the coordinate systems used in the constructing the Quadrotor’s
dynamic model are shown in Fig. 1. The reference system attached to the earth is OExEyEzE; the reference system
attached to the quadrotor is OBxByBzB; the coordinates’ origin is chosen to coincide with the center of gravity of
the Quadrotor. Fi, Mi, Q1 are the rotors’ forces, moments, and speeds, respectively.
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Figure 1. Quadrotor dynamics model

Modified by the authors based on: Lépez, J., Vargas, L., & Valente, J. (2018). A Novel UAV Cooperative
Approach for Industrial Inspection and Monitoring, Available at:
https:/ /www.researchgate.net/publication/329589320

The Quadrotor's translational motion dynamics equation is given [20]
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The Quadrotor rotational dynamics equation is given [9]
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Quadrotor Control System

Building on the established kinematic and dynamic models, the control system was designed to regulate the

quadrotor’s motion through layered control loops that ensure stability, responsiveness, and adaptability under
varying conditions.

The Quadrotor system connection diagram is shown in Fig. 2.
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Figure 2. System architecture of the quadrotor UAV.

The figure illustrates the hardware configuration and data flow of the UAV platform. The Pixhawk 2.4.8 flight
controller receives inputs from a stereo camera and a gimbal-mounted camera via an onboard Jetson Nano
computer. Motor commands are transmitted via PWM to ESCs controlling motors M1-M4. Communication with
the ground control station (GCS) is established through JDR telemetry modules. Dual 3S 2200 mAh LiPo batteries
power the system.

This figure was created by the authors.

The quadrotor control system is divided according to the motion, including the main control loops: The
innermost loop is the control loop and stabilizes the state of the Euler angles, and the second loop is the linear
speed control loop of the coordinate displacements X, Y, Z, and the outermost loop is the position control loop
X, Y, Z. The control loops are shown in Fig. 3.

Trajectory »  Motor Commands
Reference
g L4 2 A 4 =

Error Perception

Calculation Algorithm
Y 5 Y

Hybrid YOLOvVS

controller ByteTrack

Y

‘ Quadrotor }e— Quadrotor

Fusion Module
Figure 3. Block diagram of the hybrid control system for a vision-assisted quadrotor UAV.

The algorithms used in the quadrotor control loops include the proportional controller (P) for the position
tracking control loop, the PID controller for the speed control loop, and Euler angle stabilization. In addition, the
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controllers have additional low-pass filter (LPF) parameters to increase controller stability. The filters used FLTE
(Filter for Error — Low-pass filter applied to the input error signal in PID); FLTD (Filter for Derivative — Low-
pass filter applied to the Derivative component of PID); FLTT (Filter for Target - Low-pass filter applied to the
set signal). The parameters of the Quadrotor controller are selected by trial-and-error method to achieve the best
response of the quadrotor system.

Object Recognition and Tracking Algorithm

The object tracking problem can be divided into single object tracking (SOT) and multiple object tracking
(MOT). This study used the ByteTrack algorithm to solve the object-tracking problem, a modern multiple object
tracking (MOT) algorithm that uses neural networks to track objects in real-time. ByteTrack can track objects more
accurately, even when obscured or disappear from the frame. It operates based on three neural network models:
The detection model using YOLOX, the Representation model that extracts features of detected objects,
Association model that connects features of detected objects in consecutive frames to create tracking paths.
Compared with the multiple objects tracking algorithms evaluated in Fig. 4, ByteTrack optimizes between speed
(FPS — Frames Per Second) and accuracy (MOTA — Multiple Object Tracking Accuracy).

| | ; | ByteTrack

e s St S S s - B

ReMOT |  TransMOT 4 Tracker i |
77.5 788 mmr - - 2 - -2 HAICES Hommmee pommmm e
[ER FTransTrack | o /ESTRACK —ooome oo

< TransCenter ! : : FairMOT

R R L e e

2 I . N
et T naDeso LQuasiDense |
67.5 1 -~~~ Chained-Tracker ~~ Centerfrack pommmm=- pommmm=-
65.0 -~~~ F----—- F--——- F----—- F-----—- F-—-— -

Tube_TK | | i i i
T ——

0 5 10 15 20 25 30 35
FPS

Figure 4. Processing speed and accuracy of object tracking algorithms [27]

The integration of YOLOVS for detection and ByteTrack for multi-object tracking represents a significant
advancement over traditional vision-based approaches. Unlike color- or feature-based methods, which are often
sensitive to illumination changes or occlusion, the combined deep learning models provide robust detection
accuracy and continuity of tracking even under challenging visual conditions. Embedding these algorithms directly
into the control loop allows the quadrotor to make real-time trajectory corrections, thereby enhancing both stability
and responsiveness. This capability is essential for mission scenarios such as search and rescue or infrastructure
inspection, where targets may move unpredictably or become temporarily obscured. Thus, the proposed algorithm
ensures reliable object recognition and tracking performance, creating the basis for a scalable and intelligent UAV
control framework.

Table 1. Summary of key input parameters and experimental conditions used in controller tuning, simulation, and flight tests.

Parameter Value Unit Note

UAV total mass 1.75 kg Including payload and batteries

Arm length (motor to center) 0.23 m Measured between opposite motors

Control loop frequency 100 Hz Loop running on flight controller (Pixhawk)

IMU sampling rate 200 Hz Integrated on Pixhawk

Barometer update rate 10 Hz For altitude estimation

Vision inference rate 20-30 FPS Depends on Jetson Nano processing of YOLOvS

Onboatd processing latency ~90 ms Average delay from image to detection to control command
Camera resolution 640480 pixels RGB stream from Intel RealSense D4351
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Wind disturbance (during tests) | 2—4 m/s From fan or natural gusts

Battery voltage 11.1 V (3S LiPo) Constant across all test runs

Max flight duration (per test) ~5 minutes Each test limited to short intervals to avoid battery drift
Vision integration delay <100 ms Vision-to-control loop latency within acceptable bounds
Logging sync error <10 ms Time alignment error between controller and companion logs

The integration of YOLOvVS detection with ByteTrack multi-object tracking provides higher robustness
compared to traditional color- or feature-based methods, particularly under conditions of occlusion and
illumination variation. Embedding the algorithms within the control loop enables the quadrotor to adjust its
trajectory in real time, improving stability and responsiveness during dynamic tracking tasks. This approach ensures
reliable performance in practical applications such as search and rescue, surveillance, and infrastructure inspection.

RESULTS OF QUADROTOR CONTROL EXPERIMENTS

Automatic take-off

The first objective was to develop and test an algorithm for autonomous takeoff with altitude stabilization.

This subsection evaluates the autonomous takeoff algorithm from the ground to a fixed setpoint altitude (2
m), focusing on stabilization time, overshoot, and steady-state error under repeatable conditions.

The altitude channel is organized as a three-layer loop (outer—middle—inner) (Fig.1):

. .o . . . re .
- Outer loop (altitude position): generates a vertical velocity setpoint v, T from altitude error Zyef — 2.

- Middle loop (vertical velocity): PID on e, = v, ef v, outputs the commanded total thrust uy.

- Inner attitude loop: backstepping stabilizes (¢,0,¢) and aligns the thrust vector with the body g-axis to
realize Ur in the inertial vertical direction while rejecting fast perturbations.

A low-pass filter is applied to the derivative term (PID) and to the altitude error (anti-noise).

The automatic take-off algorithm for Quadrotor consists of three main phases: take—off, stable flight, and

landing (Fig. 5).

Take off
check

Save
desired altitude

/

[

y

Control
lift force

Desired altitude = 1
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Figure 5. Automatic take-off algorithm flow chart

Let g be altitude (up positive), v, = Z be vertical speed (Fig.1).
Outer loop (P control):

v;ef = kp,z(zref - Z) =kpz € ©)
Middle loop (PID velocity control):

Ur = kp veyz + ki,v f evzdt + kd velggF )
Whete e,,, = v, ref — v, and é5PF is the LPF-filtered derivative.

Inner loop (backsteppmg attitude stabilization):
The desired attitude (¢p"%, 87¢/, Yrel) is computed from the required thrust direction. Backstepping
synthesizes virtual controls for angular rates ¢, 8,1 and actual motor torques so that the Lyapunov error in

attitude decays monotonically while tracking (. )7l . Practically, this makes the thrust vector follow the altitude
controllet’s request despite small disturbances.

A coupled P-PID-backstepping altitude stack with explicit derivative and error filtering is proposed for
takeoff, as it yields a fast, well-damped ascent while protecting against sensor noise (baro/IMU). This is the altitude-
specific slice of the overall hybrid framework; vision is not used in the takeoff loop (to avoid unnecessary latency)
but is integrated in other tasks.

Model-based pre-tuning:

Using the identified mass », nominal thrust curve, and a vertical channel model mv, = ur —mg +d,
(bounded disturbance &), gains (&, &y £in #4,) Were pre-tuned in MATLAB/Simulink for: <15% overshoot,
<12 s to 2 m, and <0.2 m steady ripple with barro noise injection.

HIL refinement:

Gains were adjusted to accommodate actuator latency and discretization effects (same criteria).

Flight fine-tuning:

Minor increments to 44, and LPF cutoff to suppress derivative noise observed in logs.

Final gains satisfied the convergence criteria in Sec. 5.1.7 and were fixed for all takeoff runs.

Environment: flat pad, no ceiling drafts; temperature noted; no GPS used for altitude.

Setpoint schedule: command g, = 2.0 m at # = 0 (armed & ready).

Repetitions: # = 5 runs for reproducibility.

Safety: pre-arm checks (MAVLink), RC failsafe, soft geofence.

For each experimental run, two synchronized data logs were recorded to ensure complete measurement
coverage. The first log, generated by the flight controller (.bin file), included the inertial measurement unit (IMU)
data (accelerometer and gyroscope), barometric altitude, Extended Kalman Filter (EKF) state estimates (attitude,
vertical position g, and vertical velocity »3), actuator output commands, and precise timestamps. The second log,
recorded through the Ground Control Station (GCS) telemetry (.tlog) and the companion computer, contained
redundant altitude () and velocity (#3) data, flight mode changes, and command timing records.

All flight controller logs were automatically stored on the onboard SD card and downloaded after each flight,
while telemetry logs were saved on the GCS laptop for further processing and verification.

The post-processing of the experimental data was performed in MATLAB.

First, synchronization of the flight controller (.bin) and telemetry (.tlog) logs was achieved by aligning message
timestamps, with the flight controller clock taken as the master time reference.

Barometric altitude readings () were smoothed using a second-order low-pass filter, with the cutoff frequency
selected to be higher than the attitude control bandwidth but lower than the barometric noise threshold.

The following performance metrics were computed:

- Stabilization time (%) - the first time instant #at which the altitude deviation |z(#) —2.0| < 0.2 m and remained
within this band for at least 3 s;

- Overshoot - the maximum altitude deviation above the 2 m setpoint within the first 15 s;

- Ripple - the standard deviation of altitude within the steady-state interval [, #5 + 5 s];

- Control effort - the mean and peak values of the total thrust command (#1) during the ascent phase.

For baseline comparison, the same metrics were computed for the PID-only configuration, in which the
middle-loop PID controller operated with a unity outer gain and without backstepping coupling.

For the altitude double-integrator With bounded disturbance 4, the composite Lyapunov candidate

V= —eZ +2 evz 5)
Yield V < —aye? — aye?, + Ievzlldzl/m.
Choosing gains so that @1, @; > 0 makes the origin input-to-state stable (ISS); with |d,| bounded, errors
converge to a small residual set (noise and disturbance limited).
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Experimental check (run-time):

Convergence is accepted if:

@) #=12s,

(i) overshoot < 0.2 m,

(iif) band invariance (< 0.2 m) holds for 23 s,

(iv) no limit cycling in ur (checked by spectral content of thrust command).

All five runs satisfied these critetia.
Based on five repeated test runs (n = 5), the mean stabilization time was 10.3 & 0.6 s, with an overshoot of

less than 0.2 m and a post-stabilization ripple amplitude of about 0.06 m. Compared with the baseline PID-only
configuration, the proposed hybrid controller achieved approximately 30% faster stabilization and visibly reduced
oscillations, as confirmed by the analysis of the thrust command spectrum.

The experimental altitude data shown in Fig. 6 demonstrate the quadrotor’s vertical response during the
autonomous take-off sequence. Starting from ground level (0 m), the UAV accelerated smoothly and reached the
target altitude of 2.0 m within approximately 10 seconds. The maximum transient overshoot did not exceed 0.18
m, and the steady-state fluctuation around the setpoint remained within £0.1 m. The mean altitude deviation over
the final 5 seconds of each run was 0.06 m, confirming stable hovering after convergence. Across all five trials, the
stabilization time averaged 10.3 & 0.6 s, while the baseline PID-only controller required about 13 s to reach the
same altitude. These quantitative results verify that the proposed hybrid control system achieved faster and

smoother altitude convergence with minimal oscillations.
Quantitative results are summarized in Table 1, showing consistent altitude stabilization within approximately

10 s and minimal overshoot (< 0.2 m) across all trials (table 2)

Table 2. Experimental results of autonomous take-off performance (n = 5)
Test No. Stabilization time (s) Overshoot (m) | Steady-state ripple (m) Mean altitude error (m) Notes / Conditions
1 10.2 0.18 0.07 0.06 Calm air, baseline setup
2 10.5 0.15 0.05 0.05 Slight wind (=2 m/s)
3 9.8 0.17 0.06 0.07 Nominal payload
4 10.9 0.19 0.06 0.06 Increased sensor noise
5 10.1 0.16 0.05 0.06 Reference test
Mean £ SD 10.3 £ 0.6 0.17 £ 0.02 0.06 + 0.01 0.06 + 0.01 —
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Figure 6. Quadrotor altitude during takeoff

These results confirm the successful fulfillment of Objective 1 — development and testing of a robust
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autonomous takeoff algorithm.

Autonomous Landing Accuracy
The second objective focused on design and validate an autonomous landing procedure that ensures a
smooth descent and safe touchdown, with evaluation based on final-phase vertical velocity and rebound amplitude.
The authors have revised the objectives in section 3.

Landing
check

Landing = 1

Control lift force
Euler angle stabilization

Desired altitude
for landing = 1

{ Turn off engines ]

End

Figure 7. Automatic landing algorithm flow chart

Landing is the most complex phase, requiring precision to avoid damage to the Quadrotor and ensure safety.
After receiving the landing signal from the Ground Control Station (GCS), the Quadrotor needs to slowly decrease
its altitude, using the atmospheric pressure sensor to compare the initial take-off altitude and the current altitude
above the ground. During the approach to the ground, the Quadrotor uses the Euler angle stabilization control
system to maintain a vertical landing direction. When the Quadrotor touches the ground, the propellers gradually
slow down to ensure a smooth landing, and finally, the engine system will turn off completely after a successful
landing.

The quadrotor’s altitude profile during descent was monitored using the barometric pressure sensor and visual

alignment feedback (Fig. 8).
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Figure 8. Quadrotor altitude during auto-landing process

The experimental results of the landing control basically meet the algorithm's goal. The results show that
the Quadrotor quickly reduces its altitude to 0.3 m and then slowly reduces it to land, avoiding major damage to
the Quadrotor. However, during the landing process, the Quadrotor bounces 0.1 m off the ground before
completely landing. The reason may be due to the low accuracy of the pressure sensor, and the algorithm has not
been optimized, which leads to the algorithm determining the time to turn off the engine too eatly, leading to an
increase in landing velocity, causing the phenomenon of bouncing before completely landing.

Landing experiments showed that the quadrotor successfully reduced its altitude with a smooth profile,
avoiding abrupt descent. While a baseline PID-only controller exhibited bouncing of up to 0.25 m, the hybrid
control scheme limited rebound to approximately 0.1 m, improving landing safety. The integration of vision
feedback helped compensate for pressure sensor inaccuracies by providing an auxiliary vertical alighment reference.

Therefore, the hybrid control framework enabled a smooth landing trajectory, gradually reducing vertical
velocity below 0.05 m/s in the final phase. The rebound amplitude was limited to 0.10 £ 0.02 m, while the PID-
only baseline exhibited rebounds up to 0.25 m. The visual feedback from the onboard camera improved altitude
estimation accuracy by compensating for pressure sensor drift, ensuring vertical alignment before touchdown.

The obtained results validate Objective 2 — creation of an autonomous landing algorithm with enhanced
precision and safety.

Altitude Holding under Load and Disturbances

To address Objective 3, the hybrid controller’s ability to maintain stable altitude under varying conditions was
analyzed.
The quadrotor was tested at an altitude of 25 m while carrying a payload of 0.5 kg. Wind disturbances of 2—4
m/s were introduced to evaluate robustness (Fig. 9).
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Figure 9. Quadrotor take-off and hold altitude at 25 m

Based on the experimental results, it can be seen that the quadrotor's position tracking error at a height of
25 m is less than 0.44 m. This error may occur due to the accuracy of the pressure sensor, turbulence in strong
winds at an altitude of 25 m, and unoptimized control parameters. The quadrotot's experiment reaching an altitude
of 25 m when carrying a load of 0.5 kg shows that the selection of modules for the model is accurate and meets
the requirements.

Compared with the baseline controller, which showed deviations exceeding 0.65 m under wind gusts, the
proposed system improved stability by nearly 32%. These results confirm that the control architecture is robust to
load variations and environmental disturbances and verify Objective 3 — development of a stable control method
accounting for external and internal disturbances.

Vision-Based Object Tracking Performance

The fourth objective concerned the integration of deep learning—based object detection and tracking
algorithms into the quadrotor’s control loop.

a) Quadrotor control to track objects based on image processing

In addition to altitude and position stabilization, modern UAV applications increasingly demand the

capability to autonomously recognize and track moving objects in dynamic environments [27, 28]. Such
functionality is essential for missions including search-and-rescue, intelligent transportation, infrastructure
inspection, and surveillance. Traditional color- based or feature-based tracking algorithms often fail under
challenging conditions such as partial occlusions, illumination changes, or the presence of multiple similar targets.
To overcome these limitations, our approach integrates deep learning-based object detection and multi-object
tracking directly into the quadrotor control system. By coupling visual feedback with control loops, the UAV can
not only maintain stable flight but also continuously adjust its trajectory in real time to follow targets with higher
precision and robustness.

The object tracking controller is constructed with three stabilization control loops and the object tracking
control loop (Fig. 10). The parameters of the object tracking controller are selected based on the trial-and-error
method as KP = 0.2; KI = 0.05; KD = 0.001.
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Figure 10. Object tracking control system diagram

The flow chart of the algorithm for controlling the quadrotor to take off, land, and track the object
automatically is shown in Fig. 11.

Figure 11. Quadrotor control algorithm flow diagram

The activities presented in the algorithm flowchart include the following specific activities [29]:

— start: turning on the power switches for the system (including the power supply for the computer system,
flight control circuit, safety switch, and power circuit);
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— take-off check: checking all parameters before take-off including signals from sensors, safety switches, and
power;

— take-off: a variable with a value of 0 or 1 that allows the quadrotor to start taking off or maintain the
correct state waiting for take-off;

— reach set altitude: a variable containing the altitude value taken from the pressure sensor that allows the
quadrotor to determine the error between the current and set altitudes;

— landing: is a variable with a value of 0 or 1 to check the landing signal from the ground station, thereby
starting the automatic landing program;

— the programs to control take-off, landing, and automatic object tracking are presented in detail in the
following sections.

The program is an infinite loop with the termination condition being when a landing signal is received from
the ground station and the quadrotor will perform landing,.

b) Algorithm for determining 3D coordinates and tracking objects

Determining the object coordinates is an important input of the object tracking problem; the object
coordinates are calculated and converted to the coordinate system attached to the quadrotor. Fig. 12 describes how
to determine the object coordinates from the coordinates of the object point on the camera's screen.

Pixel (x; yi) Point coordinates (X5, ¥s, Zr)

Focal length

Y Screen
Figure 12. Object coordinates in the camera coordinate system

Based on Fig. 12, we give the relationship between the actual point coordinates, the point coordinates on
the frame, and the camera focal length as follows:

X
X; = Z_j

v (©)
Vi = Z

The coordinates of the target point relative to the origin associated with the image angle are represented as
follows:

X,
u= x; +cx=fz—j+cx

)

Y )
v=y; +cy=fz—z+ Cy

Where ¢, and ¢y, are determined as Fig. 13.
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Figure 13. Coordinates of the object point

The object point coordinates are determined by Equation (7) with parameters obtained from the depth image

of the Realsense D4351 depth camera.
Xs = Zg

U— Cy
f
v—cy ©)
Y.,=Z -
s s
Where X, Y5, Zs [m] are coordinates of the object in the camera coordinate system;
u, v, ¢x, ¢y [m] are coordinates of the object in the screen coordinate;

f[m] is the camera focal length.
The object tracking algorithm (Fig. 14) is built based on the combination of the recognition ability of the

trained YoloV8n model and the ByteTrack object tracking algorithm. After the first image passes through the deep
learning model, the type of object to be tracked is detected, a bounding box is created, and an ID label is assigned.
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Figure 14. Object recognition and tracking diagram

At this time, the object with an ID equal to 1 will be selected as the object to track, and the coordinates of
the frame surrounding the object will be entered into the ByteTrack algorithm to track an object in the next frames
or cases of occlusion.

The algorithm for determining the object in the captured image is the premise for locating the object's center
in the coordinate system attached to the quadrotor. The algorithm begins by controlling the quadrotor to take off
vertically to the desired altitude, then launching the program to identify the object to be tracked. If no object is to
be tracked in the frame, the quadrotor will rotate to search for a certain period before landing. Conversely, if there
is an object to be tracked, the program will automatically lock the first detected object. The object's coordinates
are entered into the program to track the object in the following frames. After locking the object, the algorithm
continues to determine the position of the object relative to the quadrotor to calculate and provide flight control
parameters. The process is repeated until receiving the end command from the GCS, at which point the landing
control program is launched. When the landing is successful, the object tracking control program ends and is ready
to receive the next command from the GCS.

The YOLOv8 model was used for object recognition, and ByteTrack was employed for multi-object tracking.
The experiment involved a moving target within the UAV’s camera field of view under variable illumination (Fig.
15-16).

Before starting, the quadrotor is connected to the ground station via a wireless communication system. The
ground station uses Mission Planner software to monitor the quadrotor during the flight. At the same time, the
experiment is carried out in sufficient light conditions, ensuring that the image sensors and cameras on the
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quadrotor can operate most effectively. In this test scenario, an object is in the quadrotot's camera frame. This test
aims to evaluate the quadrotot's ability to recognize the object and control the quadrotor to track the object when
the object moves and maintain a constant distance. The object deviation during object tracking is shown in Fig.
15. The image representing the object tracking process taken from the camera on the UAV is shown in Fig. 16.

0.20 -

0.15

(903, -810, 4)

Figure 16. The object tracking process taken from the camera

After experimenting with the combination of automatic take-off and landing algorithms and object tracking
on the quadrotor, it was found that the quadrotor moved following the original goal of the algorithm. However,
the algorithm is still limited in processing speed, only stopping at the threshold of each calculation cycle of 0.1 s
(due to the limitation of high-level processing hardware). To overcome this, it is necessary to optimize the object
detection and recognition algorithm further or upgrade the processing hardware to be more powerful to meet the
ability to track faster-moving objects.

Thus, the quadrotor's ability to track a moving object was validated using YOLOVS for detection and
ByteTrack for tracking. Experiments showed consistent detection and tracking with low deviation values even
under partial occlusion. Fig. 15 and 16 illustrate the deviation trajectory and onboard visual feedback. Relative to
baseline methods (e. g., PID with color-based tracking), the hybrid approach reduced tracking error by over 40%
and maintained a cycle time of 0.1 s, limited only by onboard processing hardware.
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The results fully satisfy Objective 4 — design of a hybrid vision-based object tracking algorithm integrated with
UAYV control.

Comparative Validation of the Hybrid Control System

The final objective was to experimentally validate the overall hybrid control framework and benchmark its
performance against classical methods. The compatison criteria included stability margin, altitude tracking
accuracy, landing smoothness, and object tracking error. To evaluate the effectiveness of the proposed hybrid
control framework, a comparative analysis was conducted against three baseline configurations:

(1) PID-only control,

(2) LQR-only control, and

(3) YOLOv8-based vision detection without integration into control loops.

Each configuration was tested under identical experimental conditions for takeoff, landing, hovering, and
object tracking tasks.

Three configurations were compared:

(1) PID-only control,

(2) LQR-only control, and

(3) the proposed hybrid vision-integrated system.

Each was evaluated across identical tasks takeoff, landing, altitude holding, and object tracking.

Analysis of research results showed that the hybrid framework outperformed all baselines across every
criterion. Stabilization time improved by 30%, altitude error decreased by 35%, rebound height during landing was
reduced by 60%, and object tracking accuracy increased by > 40%. These improvements confirm that embedding
vision-based feedback directly into control loops significantly enhances robustness, responsiveness, and
adaptability in real-time conditions.

The results demonstrate the successful achievement of Objective 5 — experimental validation of the integrated
hybrid control system.

Collectively, the experiments confirm that the developed architecture meets all design objectives, ensuring
stable and intelligent UAV operation in dynamic and partially uncertain environments.

Therefore, the experimental results presented in this section confirm that each subsystem autonomous takeof,
landing, altitude stabilization, and visual object tracking operates coherently within the hybrid control framework.

The integration of classical PID/backstepping algorithms with YOLOv8-ByteTrack vision feedback provides
measurable gains in flight stability, safety, and perception-driven adaptability.

These outcomes directly address and fulfill all research objectives and serve as the foundation for further
optimization of UAV autonomy under GPS-denied or visually complex conditions.

DISCUSSION ON THE EFFECTIVENESS AND CHALLENGES OF VISION-BASED
QUADROTOR CONTROL

The experimental results confirm that the proposed hybrid control system significantly improves quadrotor
autonomy in terms of takeoff, landing, and object tracking. For instance, the altitude response during takeoff (Fig.
6) demonstrates convergence to the target altitude of 2 m with fluctuations below 0.2 m, which can be explained
by the stabilizing role of the inner PID and backstepping controllers derived from the quadrotor’s dynamic model
(Equations 1 and 2). Similatly, the landing experiments (Fig. 8) reveal smoother descent and reduced rebound
(=0.1 m), attributable to the integration of vision-based feedback that compensates for barometric sensor
inaccuracies. At higher altitudes, the quadrotor maintained stability under wind disturbances (Fig. 9), validating the
robustness of the layered control structure. Finally, object tracking experiments (Fig. 15 and 16) demonstrate
reduced deviation and faster recovery from occlusion, which is attributed to the combined use of YOLOvS for
detection and ByteTrack for multi-object association.

In comparison with existing approaches, the proposed method demonstrates several distinctive features.
Previous studies have shown that PID controllers [6] offer good attitude stabilization but limited robustness under
disturbances, while LQR methods [7] and sliding mode controllers [8, 9] improve robustness at the cost of
complexity or degraded performance after obstacle avoidance. Vision-based navigation frameworks such as
VizNav [21] and reinforcement learning-based systems [15—20] emphasize adaptability but often lack direct
integration with low-level control loops. Unlike these approaches, our framework explicitly embeds deep learning-
based object recognition into the control architecture, enabling real-time corrections and stable performance
during both flight stabilization and target tracking. This layered integration of classical controllers with modern
vision feedback, therefore, constitutes the principal novelty of the study.

However, the applicability of the proposed framework is currently limited by hardware processing speed, as
the object detection and tracking loop operates at a cycle time of 0.1 seconds, which may not be sufficient for very
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fast-moving targets. Furthermore, altitude control accuracy is limited by the precision of the barometric sensor,
particularly at higher altitudes or under turbulence, where deviations of up to 0.44 m were observed (Fig. 9). The
reproducibility of results may also depend on calibration of sensor fusion parameters and environmental lighting
conditions that affect visual detection quality.

Besides, the system still exhibits residual bounce during landing due to premature motor shutdown, as shown
in Fig. 8. Furthermore, the current framework is limited to single-target tracking, which restricts its application in
swarm coordination or multi-agent missions. These disadvantages can be mitigated in future work by optimizing
descent profiles through adaptive or learning-based strategies and extending the vision module to support multi-
target tracking.

The further development of this study will focus on enhancing sensor fusion by combining data from the
barometer, IMU, depth camera, and GPS for more accurate state estimation, as suggested by similar works [26,
27]. Methodologically, computational optimization of YOLOvVS and ByteTrack or migration to lightweight neural
network architectures will be required to reduce cycle time and enable deployment on embedded UAV hardware.
Experimentally, expanding tests to outdoor GPS-denied environments will help evaluate system reliability under
real-world conditions. Potential difficulties include the mathematical complexity of designing adaptive control laws
for uncertain environments, the methodological challenge of integrating multi-sensor fusion with deep learning in
real-time, and the experimental difficulty of ensuring robustness under highly dynamic scenarios, such as strong
wind gusts or multiple moving targets.

CONCLUSION

This study presented the development, implementation, and experimental validation of a hybrid quadrotor
control framework that integrates classical control algorithms (PID and backstepping) with deep learning—based
vision modules (YOLOvS and ByteTrack).

Standalone PID/LQR controllers and traditional tracking proved insufficiently robust under dynamic
conditions; this motivated the integration of perception with control, as evidenced by gains of 30—40% over
baselines.

An analysis of existing control and vision-based systems for quadrotors was conducted, identitying the
limitations of classical PID and LQR controllers in terms of robustness and adaptability, as well as the restricted
perception capabilities of traditional vision systems. This analysis justified the need for an integrated hybrid control
framework combining model-based and Al-based approaches.

Verified kinematic and dynamic models supported controller tuning and explained measured responses:
takeoff stability and altitude holding under wind disturbances.

Mathematical models of the quadrotor’s kinematics and dynamics were developed and experimentally verified.
The models accounted for internal disturbances and environmental effects, predicting altitude and attitude
dynamics with deviations not exceeding 0.2 m during takeoff and 0.44 m at 25 m altitude under wind
disturbances.

The PID/Backstepping + YOLOv8-ByteTrack architecture reduced oscillations and improved resilience to
occlusion and sensor drift, maintaining target lock within ~0.3 s after temporary loss of visual data.

A hybrid control architecture integrating classical feedback loops and vision-based perception was designed
and implemented. The resulting structure ensured enhanced stability, reduced oscillations, and adaptive
responsiveness of the quadrotor to environmental variations.

Algorithms for autonomous takeoff, landing, and visual object tracking were developed and optimized through
the integration of YOLOvS and ByteTrack. The quadrotor reached an altitude of 2 m within 10.3 & 0.6 s, achieved
a smooth landing with a rebound amplitude of 0.10 * 0.02 m, and maintained tracking error below 0.15 m, even
under occlusion and illumination changes.

Comprehensive experimental validation of the hybrid control framework was performed on a real quadrotor
platform and compared with baseline PID and LQR methods. The proposed system demonstrated up to 32%
higher flight stability and over 40% greater tracking accuracy, confirming significant improvements in robustness,
precision, and real-time adaptability.

The practical significance consists in the possibility of applying the developed system to infrastructure
inspection, environmental monitoring, and search-and-rescue operations, including in GPS-denied environments.

Future work will focus on optimizing onboard computation through lightweight neural networks, integrating
multi-sensor fusion (including IMU, barometer, depth camera, and GPS), and extending the system to support
multi-UAV cooperative missions that require adaptive perception and coordination.
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