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Tuning behavior-based robotics in mixed reality using unmanned aerial vehicles

Shao-Hsuan Huang
Fengxiang Xue
Department of Mechanics and Maritime Sciences
Division of Vehicle Engineering and Autonomous Systems
Chalmers University of Technology

Abstract
This thesis investigate a behavior-based robotics (BBR) approach for enabling au-
tonomous unmanned aerial vehicle (UAV) navigation and obstacle avoidance in
unknown environments without relying on global maps. The system leverages
lightweight reactive control architectures, finite state machine (FSM) and subsump-
tion architecture, to support real-time decision making based on local sensor feed-
back.
A hardware-in-the-loop (HIL) framework is employed to safely evaluate controller
performance under realistic conditions. The HIL setup integrates the Crazyflie UAV
platform, lighthouse-based state estimation, simulated sensor inputs, and a modular
software stack based on microservice architecture.
To further enhance navigation efficiently, genetic algorithm (GA) optimization is
applied to tune key controller parameters, including safe distances, tuning angles,
and behavior transition timings. Experimental results demonstrate that both FSM-
based and subsumption-based controllers enable robust mapless navigation and ef-
fective obstacle avoidance in complex indoor scenarios. The subsumption controller
exhibits superior performance in cluttered environments, while the FSM controller
performs better in open spaces.
The findings highlight the feasibility of behavior-based UAV control in GPS-denied,
mapless indoor settings, and demonstrate the value of modular HIL testing for rapid
prototyping and validation of autonomous navigation strategies.

Keywords: UAV, autonomous navigation, mapless navigation, FSM, subsumption
architecture, HIL, obstacle avoidance, GA, indoor navigation, BBR.
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CI/CD Continuous integration and continuous deployment
IMU Inertial measurement unit
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Nomenclature

Below is the nomenclature of parameters, and variables that have been used through-
out this thesis.

Parameters

Ttask Total time taken to complete the task.
Nstuck Number of times the UAV gets stuck during the task.
Noverlimit Number of times the UAV exceeds operational or safety limits.
Ntimeout Number of times the task is terminated due to timeout.

Variables

α, β, γ Penalty coefficients weighting the importance of each penalty term
in the fitness function.
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1
Introduction

This chapter introduces the concept of UAV, their common types of hardware and
software components, and the core technologies that enable autonomous behavior.
This chapter also outlines the motivation and focus of this thesis.

1.1 Overview of UAV Systems
An UAV, often referred to as a quadrotor, is an aircraft that operates without an
onboard human pilot. A common type of UAV consists of a flight control board,
four motors with propellers, a power source (battery), and supporting electrical
connections. The system is capable of stable flight by continuously adjusting motor
speeds to maintain balance and direction.
The autonomous system is suitable for UAV, since most UAV are designed to exe-
cute tasks are in the height and unknown environments, thus need to sense nearby
environment, and react to the environment inputs. In this project, an autonomous
UAV integrating multiple sensors and a controller architecture was implemented on
real hardware. Based on predefined rules and parameters, the UAV was able to
perform sequential tasks in a customized testing scenario.

1.2 Application and technology
UAVs have found widespread applications in surveillance, aerial inspection, envi-
ronmental monitoring, search and rescue, and military operations. To operate au-
tonomously, UAVs rely on a variety of sensors and perception systems, including
cameras for visual input, range sensors for obstacle detection, and localization sys-

Figure 1.1: An example of a UAV.
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1. Introduction

tems for estimating their position in space. These inputs allow the onboard control
software to perceive the environment, build a representation of its current state, and
make decisions to execute tasks such as navigation, tracking, and avoidance. The
control system must balance responsiveness, safety, and computational efficiency,
especially in dynamic or unknown environments.
Various approaches have been proposed to model and control UAV movement—from
classical control algorithms such as PID, to modern learning-based and behavior-
based methods. The implementation in this thesis is focus on lightweight, reactive
decision-making model enabling mapless navigation in an unknown environment.

1.3 Objective
The primary objective of this thesis is to explore a lightweight, modular behavior-
based control approach that enables UAVs to perform mapless navigation and obsta-
cle avoidance in unknown indoor environments. Instead of using advanced control
methods such as model predictive control (MPC) or deep learning, which require
significant computational resources, this study will emphasize local navigation and
reactive control to ensure real-time responsiveness and practicality. To achieve this,
the study implements and evaluates two distinct behavior-based controller architec-
tures: FSM and subsumption. These architectures are particularly well-suited for
reactive decision-making in dynamic, unmapped environments, where global path
planning is impractical or unavailable.
To further improve controller performance, the GA is employed to optimize key
behavior parameters in the FSM controller, such as safe distances, turning angles,
and execution timings. The optimized parameter set is then directly applied to the
controller without additional tuning, demonstrating the generalizability and effec-
tiveness of the GA-tuned behavior parameters across different control architectures.
Testing and validation are conducted within a HIL simulation framework. This setup
allows realistic interaction between simulated environments and physical UAV hard-
ware, enabling safe and effective evaluation of behavior-based navigation strategies.
CI/CD workflows are used to support modular software development and iterative
testing. The entire control system is implemented using a distributed, microservices-
based architecture built on OpenDLV, which facilitates flexible integration of per-
ception, decision-making, and actuation modules.

1.4 Research questions
Based on the objectives outlined above, this thesis addresses the following research
questions related to the use of BBR methods for autonomous UAV control in a
simulated and semi-physical (HIL) environment.

1. Given the structure of HIL-rig, is it possible to control a UAV in the real world
while its environment is simulated in the software? What performance can we
observe?

2. Given that there are no localization and global mapping, can we control the
Crazyflie with BBR, inside the HIL-rig process, to explore around without

2



1. Introduction

crashing into obstacles and also go back to the charging pad before running
out of the battery?

3. Giving the GA tuning on FSM, which controller architecture will have better
performance?

1.5 Limitations
This section outlines the predefined limitations to the thesis.

• To maintain system simplicity and to evaluate the mapless navigation capa-
bilities, this work does not generate a global map based on prior knowledge or
perform global path planning. Instead, the BBR approach is used to search
for locally valid paths, enabling obstacle avoidance and target reaching in real
time.

• As the Crazyflie platform includes a built-in PID controller capable of exe-
cuting basic motion commands (e.g., takeoff, landing, velocity control), this
thesis does not re-implement or modify the low-level PID control layer.

• The system assumes the use of a LPS system for indoor localization; accord-
ingly, all testing scenarios are conducted in indoor environments.

3
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2
Background

This chapter introduces the prior knowledge and topics related to the research ques-
tions and details in the implementation.

2.1 UAV navigation and sensing
This thesis focuses on enabling autonomous UAV flight in unknown environments
without prior maps. To achieve this, a reactive navigation approach is adopted.
Instead of building an explicit map or using a global planner, the UAV responds
directly to real-time sensor input such as infrared distance measurements and target
detections. This approach aligns with the BBR theory, where local observations di-
rectly drive state transitions and action selection. Obstacle avoidance, in particular,
is treated as a high-priority behavior that can override other tasks.

Autonomous In the context of autonomous, the perception and distance detec-
tor are vital for building the sensor input, Wang et al. [29] developed an indoor
navigation system for quadrotors that fuses monocular vision with inertial data to
achieve stable flight and obstacle avoidance in GPS-denied environments. This work
shares a similar motivation of combining the camera and rangefinder to build local
knowledge for navigation and obstacle avoidance in unknown indoor spaces.

Mapless navigation Mapless navigation allows UAVs to explore unknown or dy-
namic environments without relying on prior maps. Chang et al. [9] reviewed various
mapless strategies, highlighting both classical control methods and learning-based
approaches. Beyond UAVs, recent works have explored mapless navigation in other
indoor robotic applications. For example, Kamthe et al. [15] proposed a mapless
indoor navigation system for guiding visually impaired users, leveraging reactive ob-
stacle avoidance and local path planning without constructing a global map. Such
approaches further highlight the general applicability and effectiveness of reactive
mapless navigation strategies in complex, unstructured environments.
In this work, a reactive navigation approach is adopted. Instead of building a full
map, the UAV responds directly to real-time sensor input—such as infrared distance
measurements and target detections—to make immediate motion decisions based on
a dynamically updated local perception of the environment.

Sensor fusion for localization Sensor fusion remains a fundamental component
for UAV navigation in unknown environments. Typical fusion schemes combine IMU

5



2. Background

data with optical or visual sensors to estimate UAV state. Mac et al. [20] proposed a
position-estimation method by fusing IMU and optical sensor to get UAV’s position
and orientation in an partly unknown environment, which is a low-cost and effective
way to realize the unknown indoor localization. Huang et al. [12]integrated sensor
fusion within an RL-based navigation framework, highlighting its importance for
providing robust state estimation inputs to downstream decision-making modules.

PFM and Reactive obstacle avoidance strategy The PFM is widely used for
real-time obstacle avoidance in mobile robotics and UAVs. The core concept, first
introduced as artificial potential field by Khatib [16], models navigation using an
artificial potential field composed of two components: an attractive field pulling the
robot toward the goal, and a repulsive field pushing it away from obstacles. The
robot follows the resultant force vector derived from these fields.
Over the years, various enhancements to the original PFM have been proposed to
improve performance in complex environments and mitigate issues such as local
minima. Tang et al. [27] introduced a novel potential field formulation to address
unreachable goals and improve obstacle avoidance behavior. Zhou and Li [19] ex-
plored adaptive potential field methods to improve path planning flexibility. Li
et al. [18] proposed a hybrid approach combining artificial potential fields with Du-
bins path planning for coordinated multi-UAV obstacle avoidance. Vision-based
obstacle avoidance strategies have also drawn inspiration from PFM concepts. For
example, optical flow combined with fuzzy control has been used to implement reac-
tive obstacle avoidance behaviors in lightweight UAV platforms [30]. These methods
leverage the idea that increasing perceived motion or proximity triggers stronger eva-
sive actions, an approach conceptually similar to the repulsive component of artificial
potential fields.
In this work, the UAV’s obstacle avoidance logic is similarly inspired by the repulsive
field principle of PFM. The system uses a rangefinder to continuously monitor the
distance to obstacles in various directions. When an obstacle is detected within a
predefined safety threshold, the UAV immediately executes an evasive maneuver,
such as lateral movement, backward motion, or ascent, toward a direction with
greater clearance. Unlike classical PFM or its modern variants, our implementation
does not compute a continuous resultant force vector from combined attractive and
repulsive fields. Instead, it employs discrete, rule-based decision logic triggered by
sensor thresholds. This design choice prioritizes computational efficiency and real-
time responsiveness, making it particularly well-suited for embedded UAV platforms
with limited onboard processing resources. While this reactive approach may not
handle complex local minima scenarios as effectively as full PFM-based planners,
it offers a robust and lightweight solution for high-speed, mapless navigation in
cluttered indoor environments.

2.2 UAV control architectures
Decision-making in autonomous systems refers to the computational process by
which a robot or UAV selects actions based on sensor inputs, internal states, and
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2. Background

predefined goals. In unknown, dynamic environments, designing lightweight and
reactive decision logic is critical for ensuring robust navigation and obstacle avoid-
ance. Behavior-based architectures provide an effective framework for such decision-
making [8]. They enable modular and flexible control by dynamically switching
between behaviors in response to real-time sensor inputs. This section reviews two
commonly used behavior-based control architectures—FSM and ubsumption—that
are particularly suitable for mapless UAV navigation in indoor environments.

FSM FSMs are a widely adopted mechanism for implementing behavior-based
control [26]. In FSM-based systems, robot behaviors are encoded as discrete states,
with explicit transition rules dictating when and how the system switches between
behaviors. This structure offers clear logic flow, ease of debugging, and modularity,
making it well-suited for UAV applications requiring reliable navigation and colli-
sion avoidance. FSMs have been applied in diverse robotic domains, from legged
robots [26] to autonomous vehicles [14], demonstrating their flexibility and effective-
ness.

Subsumption architecture Subsumption architecture, introduced by Brooks
and later extended in various implementations [8], offers an alternative behavior-
based control model emphasizing prioritized behavior layers. In this framework,
high-priority behaviors (such as emergency obstacle avoidance) can preempt or sup-
press lower-priority behaviors (such as goal following), allowing the robot to react
appropriately to changing environmental conditions. Subsumption architecture has
been effectively applied to mobile robot navigation and is well-suited for UAVs op-
erating in complex, cluttered environments where rapid reactive control is critical.
Recent work by Xu [31] further explored behavior programming for UAV naviga-
tion, emphasizing modular behavior design and dynamic adjustment. These ap-
proaches validate the applicability of behavior-based control paradigms—including
both FSMs and Subsumption architectures—for autonomous UAV navigation in
indoor, mapless settings.
This thesis builds upon these principles by implementing and evaluating both FSM-
based and subsumption-based control architectures separately. The comparative
analysis of these two behavior-based strategies provides insights into their respective
strengths and suitability for indoor UAV navigation without global maps.

2.3 Evolutionary optimization in robotics
Optimizing controller parameters is crucial for improving the performance of au-
tonomous robotic systems. Various studies have demonstrated the effectiveness of
GA in this domain. Vincenzo et al. [10] proposed a hybrid control design using
GA to tune the weights of a robust linear quadratic regulator (RSLQR) controller
for UAV flight control. Meng et al. [21] applied GA to optimize PID controller
parameters for quadruped soft robots, while Vu et al. [28] formulated PID tuning
as a GA-based optimization problem.

7



2. Background

GA GA is widely used for optimization in robotics and control applications, par-
ticularly well-suited for tuning parameters in behavior-based control systems. In-
spired by natural selection, GAs evolve populations of candidate solutions through
selection, crossover, and mutation to progressively improve system performance.
In the context of behavior-based robotics, GAs have been successfully applied to
optimize controller parameters and behavior switching logic. Nantogma et al. [22]
proposed a behavior-based genetic fuzzy control system for cooperative unmanned
surface vehicles (USVs), demonstrating the adaptability of GA to behavior-layer op-
timization problems. Hristov and Stefanov [11] explored the use of GA for optimal
coding of FSM states, highlighting its effectiveness in improving state-based control
architectures. More broadly, evolutionary optimization techniques such as GA and
artificial bee colony algorithms have also been applied to path planning and naviga-
tion tasks. For example, Li and Wu [17] employed an artificial bee colony algorithm
for UAV path replanning under dynamic conditions, underscoring the versatility of
evolutionary methods in adaptive navigation.

2.4 HIL testing
Testing UAV control systems directly in physical environments is often costly and
prone to hardware failure, particularly when tuning reactive behaviors or testing in
complex indoor scenarios. To mitigate these risks, modular simulation frameworks
such as SIL or HIL testing have become standard practice in UAV development.

SIL Lepejit et al. [24] present a flexible simulation framework that supports both
SIL and HIL testing. In SIL setups, the UAV software, including navigation, plan-
ning, and control modules, executes entirely within a virtual environment, allowing
for rapid iteration and debugging without risk to physical hardware. Such frame-
works typically require minimal modification to localization and control interfaces,
enabling easy transition between simulation and real-world deployment. They are
particularly well-suited for testing complex mission logic and behavior tuning in
controlled conditions.

HIL HIL simulation provides a closer approximation of real-world performance by
integrating physical hardware components into the testing loop. In HIL setups, the
UAV control software interacts with actual hardware—such as flight controllers or
sensors—while the environment and dynamics are simulated. Modular HIL frame-
works enable safe and flexible testing of UAV control architectures [23]. HIL-based
simulation has been widely used for UAV behavior tuning and navigation algorithm
validation [25]. In particular, for complex exploration tasks in risky environments,
HIL tuning provides a critical step toward real-world deployment [1]. In this thesis,
a similar HIL-based setup is adopted to evaluate the performance of behaviour-based
UAV control architectures and optimize controller parameters via genetic algorithms.

8



3
Methods

This chapter describes the experimental setup and methodology, following the logic
illustrated in Figure 3.1. The structure outlines the implementation of Crazyflie
control within the HIL framework, covering the following key components:

• Hardware and sensors: The Crazyflie platform equipped with onboard sensors
and a state estimator (based on LPS) provides real-time state feedback.

• System architecture: Mircroservices used in this projects and virtual map
environment construction.

• Behavior-based controllers: Implementation of behavior-based control archi-
tectures—FSM and subsumption—for high-level decision making. These behavior-
based controllers perform high-level decision making, while interfacing with the
Crazyflie’s built-in PID controller for low-level motion execution.

• Parameter optimization: Use of GA to optimize controller parameters, im-
proving navigation efficiency and obstacle avoidance performance.

• The real world environment: A quick view of the experiment site and equip-
ments.

Figure 3.1: The structure description of HIL implemented in the thesis.

FSM or subsumption controller continuously receives the current state of Crazyflie
(including position, velocity, and yaw angle) from the onboard state estimator.

9



3. Methods

Based on the estimated state and virtual sensor input, FSM and subsumption con-
troller computes the next behavior to react, such as finding a new target, which needs
calculating the heading angle and distance to the desired target position(setpoint).
These data are then sent to Crazyflie via the wireless communication link. Crazyflie’s
onboard PID controller executes these setpoints, enabling the drone to perform com-
plex behaviors such as navigation and obstacle avoidance.

3.1 Crazyflie
This thesis work is implemented using Crazyflie platform, which provides an ac-
cessible and modular development environment, and can simplify development by
allowing high-level commands to be executed with minimal effort. With integrated
components such as onboard sensors and mounted decks, it offers a complete hard-
ware stack for autonomous flight experiments.

Figure 3.2: Illustration of the Crazyflie drone.

IMU The IMU consists of a gyroscope that measures the angular velocities of roll,
pitch, yaw direction, and an accelerometer to provide linear acceleration along x,y,z
directions. These sensor readings are fused using a complementary filter to estimate
the drone’s roll, pitch, and yaw angles. In our experiment, only yaw is used, as
the heading direction of Crazyflie, while roll and pitch are primarily used for flight
stabilization.

LPS The lighthouse positioning system provides high-precision, GPS-free indoor
localization for Crazyflie. It utilizes multiple SteamVR Base Stations as optical bea-
cons, each emitting rotating laser sweeps. Crazyflie is equipped with a dedicated
LPS deck, which detects these laser signals and calculates its global 3D position
(x, y, z) using triangulation algorithms. With centimeter-level accuracy, LPS en-
ables robust autonomous navigation and real-time localization in complex indoor
environments.

State estimator Crazyflie uses an onboard EKF to output higher precision state
estimation. The EKF fuses high-frequency IMU data with absolute position mea-
surements from the LPS,which removes drift from IMU and improves the positioning

10



3. Methods

accuracy by LPS position corrections. The output of this EKF is global positions
x,y,z, and orientation angles:yaw , roll and pitch. In this experiment, only the x,y,z
coordinates and the yaw angle are used to control Crazyflie’s 2D movements in the
3D simulation environment.

Crazyflie real-time protocol The Crazyflie real-time protocol (CRTP)[7] is a
wireless communication protocol specifically developed for Crazyflie platform. CRTP
enables real-time bidirectional communication between Crazyflie and the host com-
puter by Crazyflie Dongle. The reference link could be found on GitHub[13] repos-
itory.

3.2 System architecture
The software experiments in this thesis were conducted on OpenDLV [5] platform, a
microservice-based framework originally developed for autonomous vehicle research.
The system was implemented as a set of containerized microservices running un-
der Docker, enabling modular development, flexible deployment, and reproducible
experiments.
This section first introduces the OpenDLV architecture and the role of the message
interface and middleware. Then, it details the microservices designed and imple-
mented for this work, explaining how they interact to form the complete control
loop for Crazyflie navigation and obstacle avoidance in the HIL framework.

OpenDLV and Libcluon OpenDLV[5] is a modern software framework, de-
signed specifically for cyber-physical systems, robots and the Internet of Things
(IoT). It is the first microservice-based software architecture specifically for the de-
velopment of autonomous vehicles originating from 2015, and it is free and open
source. Inter-service communication within the microservice architecture is han-
dled by Libcluon[6], a single-file, header-only C++ library allowing lightweight mes-
sage exchange between microservices via UDP, TCP, or shared memory. Libcluon
adopts a publish/subscribe model, where data serialization and message definitions
are specified in the OpenDLV Standard Message Set [2]. For communication be-
tween Crazyflie hardware and host computer, the system relies on CRTP, while
Libcluon remains the backbone for inter-process communication in the simulation
and software-in-the-loop environment.

Message interface The system employs the OpenDLV standard message set, a
standardized message definition file used in the OpenDLV framework. It defines
a comprehensive set of message types for exchanging data between distributed mi-
croservices, covering vehicle state, sensor data, control commands, and simulation in-
terfaces. The .odvd file defines a unified set of messages for inter-service communica-
tion. In this thesis, key messages include opendlv::logic.action.CrazyFlieCommand
for UAV control commands, opendlv::proxy::DistanceReading for range sensor
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outputs, and opendlv::logic.sensation.CrazyFlieState for state estimation.
This standardization ensures interoperability between independently developed mi-
croservices and enables modular system integration across simulation and real-world
environments. By adhering to the OpenDLV standard message set, the system en-
sures interoperability and modularity: each microservice can be developed, tested,
and replaced independently while maintaining seamless integration with the rest of
the system.

Microservices in this project In this work , different sensor modules are im-
plemented as individual microservices. Each microservice is packaged as a Docker
image and run as a container with its dependencies and configuration. The modu-
larity of microservices makes them well-suited for use with BBR controllers, as each
function can be developed, deployed, and scaled independently.

Figure 3.3: The microservice system architecture.

Virtual rangefinder service The rangefinder microservice is responsible for sim-
ulating distance measurements between Crazyflie and static obstacles (such as walls)
in the environment. Its core computational steps are as follows:

• Loading the environment map: The service loads a map file specified by the
map-file parameter, where obstacles (e.g., walls) are defined as a set of line
segments.

• Receiving Crazyflie pose: The rangefinder subscribes to opendlv::sim::Frame
messages to obtain the current position and orientation of the Crazyflie in real
time.

• Ray casting and geometric computation: At each simulation cycle (with a
typical frequency specified by the freq parameter, e.g., 10 Hz), the rangefinder
emits a virtual ray from the Crazyflie’s current position in the direction of the
sensor’s orientation. It then computes the intersection points between this ray

12



3. Methods

and all obstacle line segments in the map, selecting the shortest intersection
distance as the current sensor reading.

• Outputting distance measurements: The computed distance is published as
an opendlv::proxy::DistanceReading message, which can be consumed by
other microservices such as the control service and the state estimator.

This process enables the rangefinder to provide realistic, real-time distance measure-
ments between the Crazyflie and environmental obstacles, supporting tasks such as
obstacle avoidance and navigation.

Camera simulation service The Camera simulation service [4] emulates an on-
board camera for Crazyflie, generating visual data for perception and navigation
tasks. Visual output is rendered efficiently using OpenGL and made accessible via
shared memory, enabling other services to perform operations such as target recog-
nition or scene mapping. The camera’s position and orientation are continuously
synchronized with the drone state through the communication service, ensuring re-
alistic and up-to-date visual input throughout the simulation.

Target and dynamic obstacle simulation service This service generates a
moving obstacles in each map, assigns it a predefined horizontal trajectory, and
broadcasts its real-time position to other components using Libcluon messages. The
dynamic object moves back and forth at a constant speed of 0.1 m/s, providing a
repeatable scenario for testing perception and obstacle avoidance algorithms. The
simulator performs the following operations:

• Crazyflie state reception: The service subscribes to opendlv::sim::Frame
messages to obtain the Crazyflie’s current position (xcf , ycf ), which is used to
evaluate proximity to targets.

• Target generation and switching: Depending on the map type (rooms or
maze), one or more target positions (xt, yt) are initialized. During runtime,
the Crazyflie-to-target distance is computed as:

dist =
√

(xcf − xt)2 + (ycf − yt)2

When the distance falls below a predefined threshold (e.g., 0.3m), the simulator
triggers a target switching logic, updating the target’s location to simulate its
disappearance, relocation, or progression to the next goal. The number of
successfully reached targets is recorded via a counter (nT F ) for task statistics
and simulation completion checks.

• Dynamic obstacle / target motion: To simulate moving obstacles or dy-
namic targets, the simulator updates their positions in real time. For example,
a simple linear motion along the x-axis is implemented using a velocity param-
eter and current position, optionally adapting the motion based on proximity
to the Crazyflie or other conditions.

• Output signals: The current positions of both static and dynamic obsta-
cles and targets are broadcast via opendlv::sim::Frame messages, which are
consumed by the rangefinder service, camera service, and control service. Ad-
ditionally, the simulator publishes opendlv::TargetFoundState messages to
communicate task progress (i.e., number of targets found).
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State estimator service This service uses the OpenCV library to process camera
images, detecting targets and obstacles, and calculates relative distance and direc-
tion to the targets within the visual field. The calculation of distance and angle in
the image space is performed using the pixel coordinates of the target and the image
center are extracted from the processed camera frame.

dimg =
√

(xi,c − xi,t)2 + (yi,c − yi,t)2 (3.1)

θimg = arctan
(

xi,c − xi,t

yi,c − yi,t

)
(3.2)

where (xi,c, yi,c) represents the pixel coordinates of the image center, and (xi,t, yi,t)
denotes the pixel coordinates of the target in the image. These measurements rep-
resent the perceived position and angle on the camera view, not the true metric
distance, and are transmitted via Libcluon messages for use by the control service
in navigation and obstacle avoidance.

Figure 3.4: An example of measured pixel distance and direction of charging pad.

In addition to perception, the state estimator also monitors overall system perfor-
mance. It collects Crazyflie’s true position from the communication service and
receives dynamic obstacle positions from the obstacle simulation service.

d =
√

(xcf − xobs)2 + (ycf − yobs)2 (3.3)

θ = arctan
(

yobs − ycf

xobs − xcf

)
(3.4)

where (xcf, ycf) denotes the true position of the Crazyflie, and (xobs, yobs) denotes the
position of the obstacle. By comparing these positions, it can determine whether
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a collision has occurred and thus evaluate the effectiveness of the BBR control
algorithm.

Crazyflie communication service This service manages all communication be-
tween Crazyflie and other microservices using the CRTP protocol. It receives motion
commands from the control service (via Libcluon messages) and transmits them to
the drone, while also retrieving state information such as position, altitude, and yaw.
These states are made available to the camera simulation service for visual synchro-
nization and to the control service for behavior selection based on the current yaw
angle. In this setup, only the yaw angle is accessed by the control logic, reflecting the
focus on reactive behavior rather than global optimization. Additionally, battery
status information is also communicated, allowing the system to determine when
the drone should return to the charging pad before the battery is depleted.

Control service The control service acts as the central behavior arbitrator, im-
plementing FSM and subsumption controllers to map sensor inputs to appropriate
drone actions. It receives real-time data from the virtual rangefinder (distances to
walls and obstacles), the state estimator (distance and direction to targets, charging
pad, and dynamic obstacles), and the Crazyflie communication service (current yaw
angle and battery status). Based on these inputs and a predefined priority structure,
the controller dynamically selects the most suitable behavior for Crazyflie.

Simulated Environment
The camera service supports customizable simulation environments, including walls,
floors, ceilings, charging pads, fixed targets, and static obstacles of varying sizes.
Simulation experiments were conducted in two maps, each measuring three by three
by two meters. A four-room layout and a maze with indirect corridors (see Figure 3.5
and Figure 3.6). In both maps, the drone must visit all targets (green triangles) and
return to the charging pad (blue triangle) while avoiding dynamic obstacles (purple
sphere) and preventing collisions. Target locations appear sequentially in the four-
room map and are distributed throughout the corridors in the maze, resulting in
different levels of navigation complexity.

Figure 3.5: Map of four rooms. Figure 3.6: Map of a maze.
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3.3 Behavior-based controller

This section introduces the controller architecture,and the detailed behavior blocks
forming the architectures.The high-level BBR controllers are developed above the
PID low-level controller. Virtual sensors and layered control logic interact with
the real Crazyflie hardware through the CRTP protocol, enabling simulation and
real-time HIL operation.

PID controller The onboard PID controller computes errors between the current
state and the setpoints, then generates actuator commands for the four motors to
maintain stable flight and follow high-level commands. Altitude, position, and atti-
tude information can be provided by any sensor source fused by the estimator, ensur-
ing modularity and hardware flexibility. This onboard controller enables developers
to issue high-level commands—such as “go to position” or “change yaw”—without
interacting directly with motor-level control. Its robust and modular design makes
it suitable for both real hardware and simulation environments.

3.3.1 BBR controller structure

The high-level controller in this work adopts a reactive, hierarchical structure based
on FSM and subsumption architecture. Both approaches implement a set of modular
atomic behaviors, directly mapping sensory inputs to actions without the need for
global environment modeling. The FSM controller consists of discrete states, with
transitions determined by sensor-triggered conditions. At any given time, the system
occupies a single state, and transitions occur when specific criteria are met based
on current sensor readings. In implementation, the FSM decision logic monitors
sensor inputs and executes the corresponding behavior for the active state. When
transition conditions are satisfied, the system exits the current state and enters a
new behavior module.
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Figure 3.7: The FSM controller structure.

In contrast, the subsumption controller organizes behaviors in parallel, each capable
of responding to relevant sensory inputs. An arbitrator enforces a strict priority
scheme: higher-priority behaviors can suppress or override lower-priority behaviors,
ensuring that safety-critical or survival-related actions (such as obstacle avoidance)
always take precedence. This approach provides greater flexibility and robustness
compared to the strictly sequential nature of FSMs.

Figure 3.8: The Subsumption controller structure.

Both architectures utilize the following sensor inputs:
• Virtual rangefinder (distances to walls and static obstacles)
• Target detection and valid path checking
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• State estimator (locations of the charging pad and dynamic obstacles)

• Crazyflie communication service (current yaw angle and battery state)

3.3.2 Behavior blocks

This part presents the atomic behaviors used in the FSM and Subsumption con-
trollers, including behaviors: take off, check valid path, escape stuck state, avoid
static obstacle, avoid dynamic obstacle, find target, reach front, and look around.

Take off behavior Before any mission can begin, the Crazyflie must take off. This
behavior performs a simple takeoff maneuver and notifies the rest of the system that
the drone has taken-off.

Algorithm 1 Take off behavior
1: if Battery state≥3.8V then
2: Take off to 1.5 meter upon the floor.
3: end if

Check valid path behavior This behavior traverses all possible heading angles
to determine whether there exist accessible paths that are free of obstacles. If such
paths are found, the algorithm selects the optimal one—typically the direction with
the longest clear distance. If no valid path is available, Crazyflie will re-enter the look
around behavior to search for new possibilities. The valid path check is activated
after the target finding and look around behaviors, and it determines whether the
Crazyflie can proceed to the reach target behavior. To assess whether a path is
obstacle-free, the algorithm ensures that no obstacle detected at any other angle
projects into the candidate direction within a threshold distance of 0.1 meters. In
other words, as illustrated in figure 3.9, a path is considered clear and safe only if
the perpendicular distance from any obstacle to the intended flight line exceeds 0.1
meters. By comparing all possible directions, the algorithm selects the one with the
maximum clear distance as the best candidate for subsequent maneuvers, such as
dodging to the left, right, or rear.
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Figure 3.9: The explanation of a valid path.

Algorithm 2 Check valid path behavior
1: if Direction ranges are available then
2: for each candidate direction (rear, left, right) do
3: Evaluate the clear distance in this direction
4: Ensure no obstacle projects into this direction within the safety threshold
5: Record the clear distance for this direction
6: end for
7: Select the direction with the maximum clear distance as the best path
8: else
9: No valid path found; trigger Look Around behavior

10: end if

Escape stuck behavior During experiments, the drone occasionally becomes
stuck while executing behaviors such as reach front, find target, or look around. The
escape stuck behavior is designed to detect such situations, that is, when forward
distance does not change for over 10 seconds, this behavior will interrupt the current
state and reenter the reach front, find target, or look around behaviors. Stuck
conditions typically arise when the sensor update rate fails to keep pace with the
controller’s action rate.
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Algorithm 3 Escape stuck behavior
1: if No significant forward movement detected then
2: Increment stuck counter by one time step
3: else
4: Reset stuck counter to zero
5: end if
6: if Stuck counter ≥ 10 seconds then
7: Interrupt current behavior
8: Trigger a restart of find target, reach front, or look around behavior as ap-

propriate
9: Reset stuck counter to zero

10: end if

Avoid Static obstacle behavior The static obstacle avoidance behavior is de-
signed to ensure the safety of the Crazyflie when encountering stationary obstacles
such as walls or columns. This behavior continuously monitors the distance to
obstacles in all directions using onboard range sensors. If an obstacle is detected
within a predefined safety threshold (e.g., 0.08 m for critical proximity, 0.25 m for
the front, and 0.1 m for the sides), Crazyflie immediately interrupts its current ac-
tion and executes an avoidance maneuver. Specifically, when a static obstacle is
detected within the critical distance in the front, left, right, or rear direction, the
drone will either stop its current motion or perform a lateral or backward movement
to evade the obstacle, depending on the available free space. The avoidance action is
maintained until the drone is no longer within the unsafe proximity of the obstacle.
Once Crazyflie has successfully avoided the obstacle, it resumes its previous behav-
ior, such as find target or follow path. This behavior module operates with high
priority in the control architecture, ensuring that obstacle avoidance actions pre-
empt other behaviors to prevent collisions and maintain safe operation in cluttered
environments.
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Algorithm 4 Avoid static obstacle behavior
1: if Front valid path ≤ danger distance then
2: Interrupt and trigger a restart of find target, reach front, and look around

behaviors
3: if Rear valid path ≥ dodge distance then
4: Move rearward by the predefined dodge distance
5: else
6: Stop all current motion commands
7: end if
8: else if Front valid path ≤ safe distance then
9: Stop all current motion commands

10: Instruct Crazyflie to exit reach front behavior
11: end if
12: if Left valid path ≤ danger distance then
13: Interrupt and trigger a restart of relevant behaviors
14: if Right valid path ≥ dodge distance then
15: Move rightward by the predefined dodge distance
16: else
17: Stop all current motion commands
18: end if
19: else if Left valid path ≤ safe distance then
20: Compare current and previous left wall distance
21: Notify relevant behaviors of the interruption
22: if Getting closer to the left wall and right valid path ≥ dodge distance then
23: Move rightward by the predefined dodge distance
24: else
25: Stop all current motion commands
26: end if
27: end if
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Algorithm 5 Avoid static obstacle behavior (continued)
1: if Right valid path ≤ danger distance then
2: Interrupt and trigger a restart of relevant behaviors
3: if Left valid path ≥ dodge distance then
4: Move leftward by the predefined dodge distance
5: else
6: Stop all current motion commands
7: end if
8: else if Right valid path ≤ safe distance then
9: Compare current and previous right wall distance

10: Notify relevant behaviors of the interruption
11: if Getting closer to the right wall and left valid path ≥ dodge distance then
12: Move leftward by the predefined dodge distance
13: else
14: Stop all current motion commands
15: end if
16: end if
17: if Rear valid path ≤ danger distance then
18: Interrupt and trigger a restart of relevant behaviors
19: if Front valid path ≥ dodge distance then
20: Move forward by the predefined dodge distance
21: else
22: Stop all current motion commands
23: end if
24: else if Rear valid path ≤ safe distance and currently dodging dynamic obstacles

then
25: Stop all current motion commands
26: Instruct Crazyflie to stop rearward dodging in avoid dynamic obstacle be-

havior
27: end if
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Avoid dynamic obstacle behavior The avoid dynamic obstacle behavior is de-
signed to enable the drone to safely navigate in environments containing moving
obstacles. In this experiment, the dynamic obstacle is represented by a moving
purple ball in the map. This behavior continuously monitors the relative position
and velocity of dynamic obstacles using state estimator, virtual camera and range
finder. When a dynamic obstacle is detected within a predefined safety threshold
and is on a potential collision course with Crazyflie, the system evaluates possible
evasive maneuvers. Depending on the direction and proximity of the approaching
obstacle, the drone may execute lateral (left or right), rearward, or upward dodging
maneuvers to avoid collision. The selection of the evasive direction is based on the
valid path of Crazyflie. During the avoidance maneuver, the drone temporarily sus-
pends its current task and prioritizes collision avoidance. Once the dynamic obstacle
is no longer within the critical range, Crazyflie resumes its previous behavior, such
as reach target or follow path. This behavior module operates with high priority
in the control architecture, ensuring that avoid dynamic obstacle actions preempt
other behaviors to maintain safe and robust operation in dynamic and unpredictable
environments.

Algorithm 6 Avoid dynamic obstacle behavior
1: if Obstacle distance ≤ danger distance then
2: if Obstacle is on the left then
3: if Left valid path ≥ dodge distance then
4: Execute leftward evasive maneuver (dodge distance)
5: else if Rear valid path ≥ dodge distance then
6: Execute rearward evasive maneuver (dodge distance)
7: else
8: Halt current action
9: end if

10: else ▷ Obstacle is on the right
11: if Right valid path ≥ dodge distance then
12: Execute rightward evasive maneuver (dodge distance)
13: else if Rear valid path ≥ dodge distance then
14: Execute rearward evasive maneuver (dodge distance)
15: else
16: Halt current action
17: end if
18: end if
19: Interrupt and trigger a restart of find target, reach front, and look around

behaviors
20: else if Obstacle distance ≤ safe distance then
21: Halt current action
22: Interrupt and trigger a restart of affected behaviors
23: else
24: If previously dodged, return to original position
25: Resume previous behavior
26: end if
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Find target behavior The find target behavior is responsible for orienting the
Crazyflie towards a designated target, such as a green ball or a charging pad, and
determining a clear path for approach. This process begins by checking if a valid
target exists and whether Crazyflie has a direct, unobstructed path to it. If a target
is detected and the path is not clear, Crazyflie initiates a turning maneuver to align
itself with the target direction. During this maneuver, Crazyflie records distance
measurements at various angles to map the surrounding environment. The drone
then analyzes these measurements to identify an angle with sufficient clearance,
ensuring that no obstacles block the path to the target. If such a direction is found,
Crazyflie turns to face it and prepares to move forward. If the direct path remains
obstructed, Crazyflie continues to search for alternative directions by further turning
and re-evaluating the environment. This iterative process continues until a viable
path is found or the Crazyflie determines that no safe route is available, in which
case it may initiate a look-around or obstacle avoidance behavior. Throughout
the target finding process, Crazyflie maintains robust handling of interruptions,
such as dynamic obstacles or unexpected environmental changes, by resetting its
state and reattempting the alignment and path-finding steps as necessary. This
ensures reliable and adaptive navigation towards the target in complex and dynamic
environments.

Algorithm 7 Find target behavior
1: if Need to redo then
2: Escape any action in finding the target and redo the finding process.
3: else if An interruption occurs then
4: Try to continue the interrupted action.
5: end if
6: if A target appears in sight then
7: Try to turn to the target for set finding angle, and record angle in the mean

time.
8: Use the aim direction of the target to record target’s true direction angle.
9: Stop the turning after Crazyflie has pointed to the target or the set finding

angle has been reached.
10: Find the valid path direction closed to the target direction angle the most.
11: Turn to the target direction angle.
12: Tell reach front behavior that Crazyflie is ready to go to that path.
13: end if

Reach front behavior The reach front behavior enables the Crazyflie to perform
a controlled forward movement while continuously ensuring flight safety. When the
behavior is initiated, the system first checks whether the previous front reaching
process has been interrupted or needs to restart. In such cases, any ongoing forward
motion is aborted, and the reaching process is reinitialized. Before proceeding, the
front range sensor is evaluated to ensure that no obstacle exists within a predefined
safety threshold; if an obstacle is detected, Crazyflie halts its movement to prevent
collision. If a valid path toward the target is available, the system determines the
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appropriate forward distance based on the source of the path. When the path is
derived from the target finding behavior, the forward distance is set to a predefined
distance, whereas if it originates from the look around behavior, a different distance
for look around is applied. After the distance is determined, the Crazyflie begins
moving forward along the specified path. During the forward motion, the system
continuously monitors the front range sensor to detect any obstacles in real time.
The motion continues until either the specified forward distance is reached or an
obstacle is detected ahead. Once either condition is met, the drone halts its forward
motion and terminates the behavior, allowing for a smooth transition to subsequent
actions or decision processes.

Algorithm 8 Reach front behavior
1: if Reach front is interrupted or needs to restart then
2: Abort current forward motion and reinitialize reaching process
3: else if Front range sensor detects obstacle within safety threshold then
4: Halt current flying action
5: end if
6: if A valid path to the target is available then
7: if Path is obtained from Target Finding then
8: Set forward distance to predefined target finding distance
9: else if Path is obtained from Look Around then

10: Set forward distance to predefined look around distance
11: end if
12: Start moving forward along the path
13: while Moving forward do
14: Continuously monitor front range sensor
15: if Specified forward distance is reached or front obstacle is detected then
16: Halt forward motion
17: Exit loop
18: end if
19: end while
20: end if

Look around behavior The look around behavior is a crucial component of the
Crazyflie’s navigation system. When the drone needs to explore its environment
or find a new path, this behavior enables it to systematically scan the surround-
ings while searching for viable navigation routes. The behavior is designed to be
both efficient and safe, allowing Crazyflie to gather environmental information while
maintaining stable operation.
During the look around process, the drone maintains several state indicators to track
its scanning progress. These include flags for path checking initiation and turning
states, as well as angle records for movement control. The drone keeps track of its
previous angle, current angle, and target angle to ensure precise orientation control
during the scanning process. The scanning process begins with the Crazyflie clearing
any previous scanning data and recording its initial orientation. It then executes a
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systematic 120-degree turn while continuously monitoring the environment. During
this rotation, the Crazyflie records distance measurements in multiple directions,
checking for obstacles and evaluating path feasibility. The behavior is designed to
identify the longest clear path available, taking into account both the distance to
obstacles and the angular proximity to the current orientation. To ensure safe op-
eration, the behavior includes several safety features. It can dynamically handle
interruptions, such as when obstacles are detected, and automatically adjusts its
scanning process accordingly. The angle control is precise, with a 5-degree tolerance
to ensure accurate orientation. The behavior also continuously monitors environ-
mental changes and can revalidate paths when conditions change. Throughout the
scanning process, the behavior tracks various performance metrics. This includes
the duration of each scanning operation, how successfully it finds viable paths, and
how quickly it responds to environmental changes. These metrics help in evaluating
the behavior’s effectiveness and identifying areas for improvement.
The look around behavior has proven effective in various scenarios. It can sys-
tematically explore unknown environments, identify and validate navigation paths,
and adapt to dynamic changes in the surroundings. The behavior maintains pre-
cise control over the drone’s orientation while providing reliable path information
for subsequent navigation behaviors. This makes it an essential component of the
drone’s navigation system, enabling safe and efficient exploration of the environ-
ment. The implementation of this behavior has been tested extensively in different
environments. It has demonstrated reliable performance in maintaining safety mar-
gins while gathering essential environmental data. The behavior’s ability to provide
accurate path information has been crucial for the overall success of the navigation
system.
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Algorithm 9 Look around behavior
1: if Need to redo (has_InterruptNeedToReDo) then
2: if Currently turning or checking paths (turnStarted or clearPathCheck-

Started) then
3: Stop current turning/checking action
4: Reset flags: turnStarted, clearPathCheckStarted
5: Reset timer: nTimer = 0
6: Set on_TURNING_MODE to false
7: Record interruption time
8: end if
9: else if Interruption occurs (has_possibleInterrupt) then

10: Record interruption time
11: Restart look around timer
12: Continue current action with adjusted angle
13: end if
14: if Not started path checking (clearPathCheckStarted is false) then
15: if First time (nTimer is 0) then
16: Increment look around counter
17: Record start time
18: Clear previous angle records
19: Set preAngle = current_yaw + π
20: end if
21: Record startAngle = current_yaw
22: Turn 120° (2 π/3 radians)
23: Set clearPathCheckStarted to true
24: Set on_TURNING_MODE to true
25: else if Not started turning (turnStarted is false) then
26: if Not reached look around angle (|angleDifference| < 110°) then
27: if Interrupted by target or obstacle then
28: Adjust turn angle and continue
29: Record interruption time
30: end if
31: Record angles and distances in four directions
32: for each recorded angle do
33: if Path is clear (no obstacles) then
34: Set targetAngle
35: Calculate turn angle with 5° tolerance
36: Turn to target angle
37: Set turnStarted to true
38: Break loop
39: end if
40: end for
41: if No clear path found then
42: Turn back to preAngle
43: Set turnStarted to true
44: end if
45: end if
46: end if
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Algorithm 10 Look around behavior(continued)
1: if Successfully found path then
2: Set pathReadyToGo to true
3: Record original front distance
4: Update target range records
5: Reset look around flags
6: Set on_TURNING_MODE to false
7: Record completion time
8: end if

3.4 Parameters tuning by GA
GA is an optimization method inspired by natural selection and biological evolution
processes. The algorithm mimics how nature selects the fittest individuals to pro-
duce offspring for the next generation. The individual means a chromosome that
could generate a behavior model or a control module. Each generation, pairs of
individuals are selected for crossover and mutation, producing new candidates for
evaluation. The quality of each individual is assessed using a fitness function. The
evaluation is through the fitness function, which is designed to quantify system per-
formance. GA is particularly suitable for optimizing non-differentiable functions or
systems that are difficult to model analytically. For example, in a robot navigation
task, the fitness function may evaluate how efficiently the robot reaches a target
while avoiding obstacles. Relevant metrics could include navigation time, the num-
ber of collisions, or the frequency of proximity to obstacles.A sample fitness function
is as follows:
Each time two individuals are selected. The fitness could be

F (gi1, gi2) = −k1 · num_collision − k2 · navigation_cost_time (3.5)

where k1 and k2 are positive integers.
The overall GA workflow is illustrated in Figure 3.10.

Figure 3.10: The workflow of GA optimization process.
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It begins with an initial population of randomly generated individuals. After evalua-
tion, the fittest individuals are selected to generate the next generation via crossover
(which combines traits from parents) and mutation (which introduces random vari-
ations). This evolutionary loop continues for a fixed number of generations or until
the convergence criteria are met.

GA implementation In this thesis, GA is leveraged to optimize the behavior
parameters of the FSM-based UAV controller, including safe distances, the num-
ber of times being disconnected or stuck, and execution timings. The optimized
parameter set is then directly applied to both the subsumption-based and the FSM-
based controllers without additional tuning. Interestingly, this transfer also resulted
in improved performance for the subsumption controller, demonstrating the gener-
alizability and effectiveness of the GA-tuned behavior parameters across different
control architectures. The fitness function is designed to evaluate both the overall
mission efficiency and individual behavior performance. The fitness function used
for GA tuning is defined as follows:

FGA = 1
Ttask + αNstuck + βNoverlimit + γNtimeout

(3.6)

where:
• Ttask is the total time taken to complete the task,
• Nstuck is the number of times Crazyflie gets stuck during the task,
• Noverlimit is the number of times Crazyflie exceeds operational or safety limits,
• Ntimeout is the number of times the task is terminated due to timeout,
• α, β, γ are penalty coefficients that weight the importance of each penalty

term.
A higher fitness value indicates better performance, i.e., faster task completion with
fewer failures or unsafe events. The penalty coefficients can be adjusted to emphasize
safety or efficiency according to the requirements of the application. For the im-
plementation, this thesis uses a header-only library[3] for efficient training in C++.
The configuration parameters are as follows: population size of 30, 100 generations,
a tournament selection method with size two, a crossover rate of 30 percent, a mu-
tation rate of 10 percent, and elitism preserving the best individual per generation.
Training is performed in a simulation-based environment built in Webots, running
in headless mode. This not only accelerates training but also protects the physical
Crazyflie hardware from unstable parameter sets during the optimization process.
The GA tuning with the FSM controller allows the GA to directly optimize the
state transitions and behavior parameters within the FSM framework. This results
in significant performance improvements for the FSM-based controller. However, its
effect is less pronounced in the subsumption architecture, where behavior arbitration
is inherently more adaptive.

3.5 The real-world environment
The real-world experiments were carried out in a laboratory space that was adapted
for indoor drone testing. The available flying area is roughly three meters wide, two
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meters long, and three meters high, which provides just enough room for Crazyflie
to perform takeoff, landing, and a variety of autonomous maneuvers.

Figure 3.11: The real-world environment.
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Results

This chapter analyzes the task performance of the two controllers before and after
GA tuning. The results are presented using data tables, histogram graphs, and pie
charts. The data table provides an overall comparison between the two controllers,
with and without GA tuning, and illustrates the time consumption differences for
both the overall task and each individual behavior. The histogram graph com-
pares the GA optimization effects based on the variants defined in the fitness func-
tion—cost–time and count–time—across two map scenarios. Finally, the pie chart
presents the cost–time distribution of each controller, with and without GA tuning,
revealing which parts of the task contribute most to the total execution time and
where further improvements can be made.

4.1 Result analysis

Each controller was tested in ten flights per map. With two maps, two controller ar-
chitectures, and two configurations (with and without GA tuning), a total of 80 flight
experiments were conducted. Each experiment involved the same tasks—finding
paths, navigation, avoid obstacles, find targets, and homing—performed in both
environments. The controllers were evaluated based on four performance metrics:
total task completion time, time spent in each behavior state (e.g., reach front or
avoid static obstacle), the number of transitions between behaviors indicating sta-
bility, and safety-related durations such as the time spent being stuck or remaining
close to dynamic obstacles like the ball.

4.1.1 General performance

Here is the overall performance comparison in simpler(four-room map) and com-
plex(maze map) scenario.
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Figure 4.1: Result for the map of four rooms.

Performance analysis: four-room map The figure above illustrates the over-
all performance on the four-room map. Among all configurations, the original FSM
controller required the longest time to complete the task, with a total duration of
120.1 seconds. In comparison, the GA-tuned FSM completed the task in 85.6 sec-
onds. Before GA tuning, both FSM and subsumption controllers showed similar
performance, with comparable execution times across individual behaviors. After
tuning, however, both architectures demonstrated clear improvements in efficiency.
Specifically, the FSM controller achieved an average 34.3% reduction in behavior ex-
ecution time and a 28.7% decrease in total mission duration, while the subsumption
controller showed a 26.7% average reduction in behavior time and a 15.3% shorter
total duration. These results indicate that GA-based parameter tuning improves
overall control efficiency, with the FSM architecture showing a greater benefit than
subsumption.

Figure 4.2: Result for the map of maze.

Performance analysis: maze map Figure 4.2 presents the performance statis-
tics for the maze map. Among all configurations, the original FSM controller re-
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quired the longest time to complete the task, with a total duration of 221.4 seconds.
In comparison, the GA-tuned subsumption controller achieved the shortest comple-
tion time of 119.2 seconds, representing an improvement of approximately 46% over
the original FSM. These results are particularly noteworthy given that Crazyflie op-
erated without access to a global map, relying solely on local sensing and iterative
exploration to navigate the environment. Regarding safety performance, the stuck
count remained close to zero in all cases, with a maximum average of only 0.1 per
trial. This indicates that both controllers were able to robustly avoid dead ends
and unresolvable situations. Similarly, no unsafe proximity events to moving obsta-
cles were observed, resulting in a consistently zero “close encounter” metric, which
was therefore omitted from the table. These findings confirm that both tuned and
untuned controllers maintained appropriate safety margins throughout the experi-
ments. Detailed analysis of behavior-wise execution of the impact of GA tuning on
the performance of both controller architectures will be discussed in the following
section.

4.2 GA algorithm tuning result

The GA was executed for 100 generations to optimize behavior parameters. The
best-performing individuals for maze and four-room are summarized in Figure 4.3.
The fitness values achieved were 0.00931 (maze) and 0.01579 (rooms), where fitness
is defined as the inverse of mission time with penalties.
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Figure 4.3: Parameters comparison before and after GA tuning.

The optimized parameters indicate that the GA-tuned controllers adopted more
dynamic and less conservative control strategies. The safe distance was notably re-
duced in both maps (for example, from approximately 0.6 meters to 0.09 meters in
the four-room map), suggesting that the UAV operated with a smaller safety margin
when approaching obstacles. The dodging distance and duration showed only mi-
nor adjustments, implying that the original settings were already close to optimal;
however, the overall dodging duration decreased, particularly in the room map, im-
proving responsiveness during avoidance maneuvers. The reach front behaviors also
became more efficient. When used for exploration, the movement time was reduced
from four seconds to two seconds in both maps, with travel distance correspondingly
decreased—indicating a faster local exploration strategy. When used for target ap-
proach, the travel distance slightly increased in the maze map but decreased in the
room map, reflecting adaptive motion based on target proximity. Turning angles and
durations were likewise refined: yaw angles were generally reduced—especially dur-
ing find target behavior in the four-room map—while the rotation time was short-
ened to approximately one second, enabling quicker reorientation. These results
suggest that the GA favored faster, more responsive behaviors, effectively trading
some safety margin for improved task efficiency. The detailed behavior-wise time
consumption and execution counts after GA tuning are presented in the following
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figures, which compare each optimized controller to its original version.

Comparison before and after GA tuning

In this section, we compare the performance of both FSM-based and subsumption-
based controllers before and after GA tuning.

(a) Time spent in each behavior for
FSM.

(b) Behavior activation count for FSM.

Figure 4.4: FSM controller performance on the four-room map.

(a) Time spent in each behavior for sub-
sumption.

(b) Behavior activation count for sub-
sumption.

Figure 4.5: Subsumption controller performance on the four-room map.
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(a) Time spent in each behavior for
FSM.

(b) Behavior activation count for FSM.

Figure 4.6: FSM controller performance on the maze map.

(a) Time spent in each behavior for sub-
sumption.

(b) Behavior activation count for sub-
sumption.

Figure 4.7: Subsumption controller performance on the maze map.
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Summary of observations The experimental results highlight several consistent
patterns across controllers and environments. First, the FSM controller benefited
the most from GA tuning. Its untuned version was less reactive and prone to re-
dundant actions, which left more room for improvement. After optimization, both
total execution time and the frequency of wall-avoidance behaviors decreased notice-
ably, particularly in the maze map. In contrast, improvements in the subsumption
controller were more modest but stable. The original design already minimized
unnecessary activations, so tuning mainly refined timing and responsiveness. The
tuned version adopted slightly more aggressive strategies—using shorter safety dis-
tances and faster turns—which led to more frequent triggering of higher-priority
behaviors such as avoid obstacles. The impact of GA tuning also depended on the
map complexity. The maze environment, with its narrow corridors and dead ends,
revealed larger efficiency gaps between original and tuned parameters, while the sim-
pler four-room map offered less opportunity for improvement. Finally, after tuning,
the FSM controller outperformed the Subsumption architecture in the four-room
map, mainly due to its enhanced performance in avoid static obstacles and look
around behaviors.

Comparison between FSM and subsumption structures
In this section, we evaluate the structural efficiency of two behavior-based control
architectures—the FSM and subsumption—in both their original and GA-optimized
versions.

(a) Time spent in each behavior for FSM
and subsumption.

(b) Behavior activation count for FSM
and subsumption.

Figure 4.8: Comparison between FSM and subsumption of the original version on
the four-room map.
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(a) Time spent in each behavior for FSM
and subsumption.

(b) Behavior activation count for FSM
and subsumption.

Figure 4.9: Comparison between FSM and subsumption of the original version on
the maze map.

(a) Time spent in each behavior for FSM
and subsumption.

(b) Behavior activation count for FSM
and subsumption.

Figure 4.10: Comparison between FSM and subsumption of the GA version on
the maze map.

(a) Time spent in each behavior for FSM
and subsumption.

(b) Behavior activation count for FSM
and subsumption.

Figure 4.11: Comparison between FSM and subsumption of the GA version on
the maze map.
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Discussion of behavior-wise performance comparison Firstly, figure 4.8 and
4.9 summarize the performance of the FSM and subsumption controllers in both the
four-room and maze maps without tuned by GA. In the four-room map, the untuned
FSM showed longer average durations in behaviors such as find target (2.8 s vs. 1.9
s) and look around (2.2 s vs. 1.8 s) and triggered behaviors more frequently, for
example, reach front occurred 14 times in FSM compared to 12 in subsumption. In
contrast, the subsumption controller inherently avoided redundant behavior calls,
resulting in shorter durations and fewer activations. In the more complex maze map,
these differences were more pronounced. The FSM exhibited higher look around
durations (4.2 s vs. 3.1 s) and overall higher behavior invocation counts, such as
avoid static obstacle (18 vs. 10), reflecting inefficiencies in dense environments.
Subsumption maintained more consistent and reactive behavior activation, avoiding
unnecessary repetitions.
In figure 4.10 and 4.11, after GA tuning, the performance gap between the two ar-
chitectures narrowed considerably. In the four-room map, FSM execution times for
avoid static obstacle behavior dropped near zero, while look around remained stable
at 1.9 s, and behavior counts became comparable to subsumption. In the maze
map, FSM also reduced its avoid static obstacle duration from 3.1 s to 0.7 s, slightly
outperforming subsumption, while counts for reach front and look around remained
somewhat higher but with better time efficiency. Overall, these observations indi-
cate that GA tuning allowed FSM to achieve major improvements, particularly in
behaviors that were previously inefficient. In the simpler four-room map, the tuned
FSM even surpassed subsumption in overall behavior efficiency. However, in the
maze map, subsumption retained an advantage in robustness, benefiting from fewer
interruptions and more responsive task-switching in complex paths.

Distribution among behaviors

Figures 4.12–4.19 present the percentage of time each controller spent in different
behavior states across maps and tuning conditions.

Figure 4.12: FSM in four-room map.
Figure 4.13: FSM after GA training
in four-room map.
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Figure 4.14: Subsumption in four-
room map.

Figure 4.15: Subsumption after GA
training in four-room map.

Figure 4.16: FSM in maze map.
Figure 4.17: FSM after GA training
in maze map.

Figure 4.18: Subsumption in maze
map.

Figure 4.19: Subsumption after GA
training in maze map.

Four-room map (Figures 4.12–4.15) In the four-room environment, the orig-
inal FSM controller allocated most of its time to target-oriented behaviors (find
target and reach front), which together accounted for about 58% of total execu-
tion. Avoid obstacle represented 17%, divided between 10% avoid static obstacle
and 7% avoid dynamic obstacles. After GA tuning, the share of obstacle avoidance
dropped sharply to 12%, with static avoidance nearly eliminated. The time devoted
to mission-related behaviors remained around 58%, indicating improved efficiency
in obstacle handling without altering overall task focus. The original subsumption
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controller showed a similar pattern, with 61% of time spent on target behaviors and
only 15% on avoiding obstacle (11% static and 4% dynamic), reflecting its naturally
reactive design. After GA tuning, subsumption exhibited a slightly more conser-
vative strategy: time spent on target behaviors decreased to 52%, while obstacle
avoidance rose modestly to 18%.

Maze map (Figures 4.16–4.19) In the maze map, the FSM controller initially
spent most of its time on the look around behavior (54%), while target-related
behaviors made up 36%. Avoiding obstacles was relatively low at 13%. After GA
optimization, the look around proportion further increased to 61%, while time for
target-oriented actions decreased to 29%, suggesting a more cautious exploration
strategy adapted to narrow corridors. The original subsumption controller displayed
a better balance between exploration and goal seeking, with 45% of time in look
around, 38% in target behaviors, and 17% in avoiding obstacles. After GA tuning,
subsumption slightly increased its target behavior share to 39% while maintaining
49% for look around, indicating that tuning reinforced its goal-directed behavior
while preserving stable exploration.

Summary In the four-room scenario, the GA-tuned FSM achieved the lowest
proportion of time in obstacle avoidance (12%) and matched subsumption in target-
behavior emphasis, confirming its efficiency in simpler, open layouts. In contrast,
within the maze map, subsumption with GA tuning devoted more time to target-
oriented behaviors (39%) than FSM (29%), maintaining its advantage in complex
environments. Across all experiments, the reach front behavior remained consis-
tently stable (22–30%), highlighting its central role in trajectory execution. Overall,
the pie chart analysis aligns with the histogram results, showing that GA tuning pri-
marily enhances efficiency by reducing obstacle-related overhead rather than altering
the underlying task structure.
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This chapter discusses the findings in relation to the three research questions (RQs)
introduced in Section 1.4. Specifically, it examines: (1) the feasibility of controlling a
UAV using a HIL setup, (2) the effectiveness of BBR without access to a global map,
and (3) the impact of genetic algorithm GA-based parameter tuning on controller
performance. Each of the following subsections addresses one of these research
questions in detail.

5.1 Feasibility of the HIL-rig

The goal of employing the HIL framework is to enable real-time feedback, component
decoupling, and system-level integration validation. These objectives were success-
fully achieved through three key design aspects: real-time communication, modular
decoupling, and system validation. Real-time interaction between the Crazyflie and
the simulation environment was established via the CRTP protocol, ensuring syn-
chronized control loops and sensor feedback identical to those of the physical drone.
System-level validation was achieved through containerization using Docker, where
multiple services operated cohesively via the docker-compose.yml configuration.
Modular decoupling was further supported by the microservice architecture and
the BBR, whose individual behavior blocks could be independently developed and
tested. The modular design also enhanced maintainability and resilience. For in-
stance, hardware issues such as motor imbalance—caused by uneven battery place-
ment—were resolved through minor manual adjustments, followed by a complete
system restart using a single docker compose up command. Software updates were
equally efficient; algorithm logic could be modified, recompiled into containers, and
redeployed without any hardware reconfiguration. Even after relocating the system
to a different laboratory, all experiments were completed within a week, demonstrat-
ing the flexibility and robustness of the architecture. The same modular structure
facilitated seamless integration with GA-based tuning. For safety reasons, GA it-
erations were conducted in a SIL setup, where the control stack connected directly
to the Webots simulator. This required only redirecting the control service, with
all other modules remaining unchanged. The setup enabled continuous parame-
ter optimization under realistic feedback while ensuring the safety of the physical
hardware.
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5.2 Behavior-based navigation without global map
This section evaluates whether reliable UAV navigation can be achieved using a
behavior-based controller without relying on localization or a global map. The con-
troller successfully completed all core exploring tasks, avoiding obstacles, localizing
target, and returning to the charging pad—across all trials. Failures occurred only
at take-off due to occasional hardware malfunctions, not controller design. Once in
the air, the Crazyflie consistently completed its missions, confirming the robustness
of the proposed behavior-based architecture. Behavior execution was stable and
efficient. Stuck occurrences were negligible, and no behavior exceeded an average of
four seconds per activation, demonstrating smooth transitions and responsive con-
trol even in complex environments. Task completion times ranged from 90 to 221
seconds across the two map configurations. Despite the lack of localization or prior
map knowledge, this performance is considered highly efficient. The four-room map
yielded faster completion due to its open structure, whereas the maze required more
time in visually constrained corridors. Time distribution analysis further supports
this conclusion: most execution time was devoted to goal-directed behaviors such
as find target and reach front, while avoid obstacles accounted for less than 18% of
total runtime, indicating that the controller primarily focused on mission progress
rather than excessive reactivity.
Performance differences between the two architectures emerged clearly after GA tun-
ing. In the four-room map, FSM+GA demonstrated superior efficiency, achieving
shorter durations in key behaviors including avoid static and dynamic obstacles, find
target, and look around actions. Although its phase of reach front lasted slightly
longer, the difference was negligible, suggesting that FSM+GA performs best in
structured, open environments where rapid state transitions enhance agility. Con-
versely, Subsumption+GA achieved faster task completion in the maze, particularly
in find target and look around behaviors, outperforming FSM+GA by 8 and 30 sec-
onds, respectively. While it spent marginally more time on avoiding obstacles, this
trade-off was offset by improved consistency in confined, cluttered spaces. These
results highlight the fundamental architectural difference between FSM and sub-
sumption control. Subsumption triggers behaviors less frequently and maintains
higher-priority actions for longer durations due to its suppression mechanism, mini-
mizing unnecessary state transitions and improving focus in complex settings. How-
ever, this persistence can also lead to slightly longer individual behavior durations
when the environment changes unexpectedly. In contrast, FSM switches behaviors
more frequently in response to sensor input, offering agile adaptation that benefits
open environments but may cause redundant switching in dense ones. Together,
these findings confirm that both architectures are reliable for navigation without
localization, each excelling under different environmental constraints.

5.3 GA tuning performance
This section examines whether GA tuning improves the performance of behavior-
based controllers. The experimental results demonstrate that GA optimization sub-
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stantially enhances controller efficiency. Both the FSM and subsumption architec-
tures exhibited faster overall task completion and shorter average behavior durations
after tuning, confirming that evolutionary parameter adjustment effectively refines
behavioral responses. In the four-room map, the GA-tuned FSM achieved a 28.7%
reduction in total task time compared to its original version, while the tuned sub-
sumption controller improved by 15.3%. In the more complex maze map, FSM im-
proved by 21.5%, whereas subsumption achieved the highest overall gain at 28.1%.
These outcomes indicate that both architectures benefit from GA optimization, with
each showing strengths in different spatial contexts. Behavior execution also be-
came more consistent after tuning. Average durations of most behaviors decreased,
transitions stabilized, and redundant activations or “stuck” conditions were notably
reduced. These trends suggest that GA tuning effectively calibrates timing and dis-
tance parameters, enabling smoother and more adaptive control dynamics. In open
environments, FSM benefited more due to its rapid switching capability, whereas
subsumption gained greater stability and efficiency in dense or cluttered settings
where reactive suppression offers an advantage. Overall, GA tuning proves to be
a reliable and effective strategy for optimizing behavior-based robotic controllers,
enhancing both efficiency and robustness across diverse environmental conditions.
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Conclusion

This thesis investigated the design, implementation, and evaluation of two behavior-
based control architectures—FSM and subsumption—within a HIL framework. GA
tuning was applied to both structures to optimize their performance in indoor nav-
igation tasks. The central research objective was to determine whether UAVs can
navigate autonomously in complex environments without relying on global maps or
localization. Experimental results demonstrated that both controllers enabled the
drone to complete key tasks: exploration, obstacle avoidance, target localization,
and return to a designated endpoint. The HIL system proved to be a realistic,
rapid, and flexible testing environment, successfully replicating real-world control
dynamics and enabling fast iteration. This was particularly evident in the low-
latency control response and stable behavior switching observed during different
simulation environments. Comparative analysis revealed that FSM+GA controller
was more efficient in open, structured environments such as the four-room map,
while subsumption+GA excelled in complex, enclosed layouts like the maze. Over-
all, subsumption+GA achieved the best average performance, particularly in en-
vironments requiring adaptive prioritization of behaviors. These findings confirm
that behavior-based controller, when enhanced through GA tuning, offers a robust
and generalizable approach to autonomous UAV navigation. The method requires
minimal prior knowledge of the environment, and its modular structure supports
safe and scalable development within simulated or semi-physical systems.

6.1 Future work
Several directions can extend the contributions of this thesis. Firstly, GA tuning
is currently designed based on an FSM-style parameter structure. Developing a
GA logic specifically tailored to the subsumption architecture could unlock higher
performance through more effective parameter discovery. Although navigation oc-
curs in a three-dimensional space, most decisions are confined to a two-dimensional
plane; implementing true 3D avoidance would require extending the control service
to interpret vertical sensor data and generate full 3D motion vectors. The current
testing environment is limited to a three by three by two meters area, which restricts
the study of long-range behaviors such as energy-efficient flight, corridor traversal,
or memory-based exploration. Moreover, only two static maps were used in the
experiments; incorporating procedurally generated or more cluttered environments
could better assess generalization and robustness in unfamiliar spatial arrangements.
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Dynamic obstacles in the current simulation followed predefined paths, which limits
realism. Future work should consider erratic or probabilistic movement patterns to
test the adaptability of the dynamic obstacle avoidance logic. In addition, all experi-
ments involved a single drone. Extending the framework to multi-agent systems may
reveal emergent group behaviors, such as cooperative exploration and distributed
sensing. Finally, although the HIL setup closely approximates real-world physics,
no physical obstacle tests were performed. Integrating real hardware with tangible
obstacles would be the ultimate step toward validating the proposed architecture
under realistic operating conditions.
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