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Abstract 
 

 

This PhD dissertation investigates the design, control, and management of autonomous 

differential-drive mobile robots operating in complex and dynamic environments. Mobile 

robot navigation remains a challenging problem due to nonlinear system dynamics, limited 

sensing capabilities, environmental uncertainty, and continuously changing obstacle 

configurations. These challenges require navigation and control strategies that are robust, 

adaptive, and capable of maintaining safe and efficient motion in real time. 

The dissertation first addresses the modeling and control foundations of differential-drive 

mobile robots, including kinematic and dynamic representations and their implications for 

motion stability and controllability. Several navigation and control strategies are examined to 

regulate steering and velocity while ensuring smooth trajectories and collision-free motion. 

Particular attention is given to the interaction between path planning and speed control, as 

treating these components independently often results in inefficient or unstable behavior in 

dynamic environments. 

An intelligent interaction-aware decision-making framework is then developed to evaluate 

environmental conditions such as obstacle proximity, relative motion, and path complexity. 

This framework enables the robot to adapt its motion behavior online by continuously adjusting 

control parameters in response to environmental changes. Adaptive and learning-based 

components are integrated to enhance robustness and performance over time, allowing the 

system to operate effectively under varying conditions without manual retuning. 

Energy efficiency is incorporated as a key objective alongside navigation accuracy and 

safety. The proposed framework reduces unnecessary acceleration, excessive maneuvering, 

and abrupt velocity changes by coordinating motion planning and control actions within a 

unified architecture. This results in smoother trajectories and lower energy consumption, which 

are essential for long-duration autonomous operation. 

The effectiveness of the proposed framework is validated through extensive simulation 

studies and experimental implementations on a differential-drive mobile robot platform. The 

system is evaluated in static, dynamic, and cluttered environments to assess robustness, 

adaptability, and real-time performance. Comparative results demonstrate improved 

navigation accuracy, enhanced stability, faster response to dynamic obstacles, and increased 

energy efficiency compared with conventional navigation approaches. 

Overall, this dissertation establishes a unified and adaptive navigation framework for 

autonomous mobile robots, contributing to the advancement of intelligent control systems for 

operation in dynamic and uncertain environments. 

 

 

 

 



Table of contents 
 

 

iii 

 

Table of Contents 
 

 

Declaration................................................................................................................................ i 

Abstract .................................................................................................................................... ii 

Table of Contents ................................................................................................................... iii 

Chapter 1     Introduction........................................................................................................8 

1.1 Background and Problem Definition.......................................................................... 8 

1.2 Research Objective ..................................................................................................... 9 

1.3 Scientific Hypotheses of the Dissertation ................................................................ 11 

1.4 Main Contributions of the Dissertation .................................................................... 12 

1.5 Methodology ............................................................................................................ 13 

1.5.1 Baseline Navigation Framework....................................................................... 13 

1.5.2 Perception and Interaction-Aware Navigation.................................................. 14 

1.5.3 Adaptive Control and Learning Mechanism ..................................................... 14 

1.5.4 Experimental Setup and Evaluation .................................................................. 14 

1.5.5 Reference Systems ............................................................................................ 15 

Chapter 2    LiteratureReview ..............................................................................................16 

2.1 Introduction .............................................................................................................. 16 

2.2 Classical Path Planning Approaches ........................................................................ 16 

2.3 Reactive Obstacle Avoidance Methods.................................................................... 17 

2.4 Fuzzy Logic–Based Navigation ............................................................................... 18 

2.5 Learning-Based Navigation and Reinforcement Learning....................................... 19 

2.6 Energy-Aware Navigation........................................................................................ 19 

2.7 Comparative Analysis of Existing Navigation Methods .......................................... 20 

2.8 Summary .................................................................................................................. 22 

Chapter 3    Intelligent Obstacle Dynamics and Path Complexity System.......................23 

3.1 System Overview ..................................................................................................... 23 

3.2 Introduction .............................................................................................................. 24 

3.3 Related Work on Integrated Navigation Frameworks.............................................. 25 

3.3.1 Fuzzy Logic-Based Navigation......................................................................... 25 

3.3.2 Hybrid Fuzzy and Optimization-Based Methods ............................................. 26 

3.3.3 Sensor Fusion in Mobile Robot Navigation...................................................... 26 

3.3.4 Energy-Aware and Adaptive Navigation Frameworks ..................................... 26 

3.3.5 Mobile Robot Model ......................................................................................... 26 



Table of contents 
 

 

iv 

 

3.3.6 IODPCS Framework Overview ........................................................................ 26 

3.3.7 Kinematic Model of the Mobile Robot ............................................................. 27 

3.3.8 Terrain-Adaptive Speed Optimization .............................................................. 33 

3.3.9 Reinforcement Learning and Online Rule Tuning ............................................ 36 

3.3.10 Fuzzy Inference System Implementation Details ............................................. 41 

3.4 Experiment results and Performance Evaluation ..................................................... 43 

3.4.1 Simulation and Experimental Setup.................................................................. 43 

3.4.2 Baseline Models for Comparison...................................................................... 44 

3.4.3 Comparative Evaluation.................................................................................... 46 

3.4.4 Validation of Robustness, Stability, and Adaptability ...................................... 48 

3.4.5 Ablation Study of IODPCS Components ......................................................... 52 

3.4.6 Parameter Sensitivity and Computational Complexity Analysis ...................... 53 

3.5 Summary .................................................................................................................. 54 

3.6 Scientific Thesis I.1 .................................................................................................. 54 

Chapter 4    Deep-Adaptive Predictive Navigation with Stability-Constrained Fuzzy 

Control………………………………………………………………………………………55 

4.1 System Overview ..................................................................................................... 55 

4.2 Introduction .............................................................................................................. 55 

4.3 Related Work on Predictive and Fuzzy Navigation Control .................................... 57 

4.3.1 Reactive Fuzzy and Potential-Field Navigation ............................................... 57 

4.3.2 Optimization-Tuned and Neuro-Fuzzy Navigation .......................................... 57 

4.3.3 Predictive and Learning-Based Navigation ...................................................... 58 

4.3.4 Human-in-the-Loop and Stability-Aware Control ............................................ 58 

4.4 Proposed Methodology ............................................................................................ 60 

4.4.1 Overall Framework Architecture ...................................................................... 60 

4.4.2 Deep-Adaptive Fuzzy Reasoning ..................................................................... 62 

4.4.3 Lyapunov-Based Stability Gating ..................................................................... 64 

4.4.4 Predictive Speed Optimization (PSO) .............................................................. 65 

4.4.5 Confidence-Triggered Human-in-the-Loop (HIL) Engagement ...................... 67 

4.5 Results ...................................................................................................................... 69 

4.5.1 Quantitative Evaluation Setup .......................................................................... 69 

4.5.2 Predictive Speed Optimization (PSO) Performance ......................................... 70 

4.5.3 Trajectory and Obstacle-Avoidance Evaluation ............................................... 72 

4.5.4 Stability and Robustness Validation ................................................................. 73 

4.5.5 Human-in-the-Loop (HIL) Effectiveness and Overall System Comparison .... 75 

4.6 Summary .................................................................................................................. 79 

4.7 Scientific Thesis I.2 .................................................................................................. 80 

Chapter 5     Energy-Aware Adaptive Navigation Framework .........................................81 



Table of contents 
 

 

v 

 

5.1 Chapter Abstract ....................................................................................................... 81 

5.2 Introduction .............................................................................................................. 81 

5.3 Methodology ............................................................................................................ 84 

5.3.1 Data Collection and Preprocessing ................................................................... 84 

5.3.2 Fuzzy Logic and Potential Fields Integration ................................................... 86 

5.3.3 Fuzzy Rule Base Definition .............................................................................. 90 

5.3.4 Tuning and Calibration ..................................................................................... 93 

5.3.5 Performance Evaluation .................................................................................... 95 

5.4 Results ...................................................................................................................... 97 

5.4.1 Experimental Setup and Evaluation Scenarios ................................................. 97 

5.4.2 Adaptive Obstacle Avoidance Behaviour ......................................................... 99 

5.4.3 Navigation Performance under Static, Mixed, and Fully Dynamic 

Environments ................................................................................................................ 101 

5.4.4 Real-World Experimental Validation ............................................................. 103 

5.4.5 Context-Aware Speed Adaptation and Learning-Based Efficiency ............... 104 

5.4.6 Quantitative Comparison, Speed Optimization, and Summary of Gains ....... 105 

5.4.7 Ablation-Based Discussion of Framework Components ................................ 110 

5.4.8 Real-World Experimental Validation ............................................................. 112 

5.5 Conclusions ............................................................................................................ 113 

5.6 Scientific Thesis II.1 .............................................................................................. 113 

Chapter 6    Machine Learning-Based Path Planning for Mobile Robot Navigation ....114 

6.1 Chapter Abstract ..................................................................................................... 114 

6.2 Introduction ............................................................................................................ 114 

6.3 Related Works ........................................................................................................ 115 

6.4 Methods And Experiments ..................................................................................... 117 

6.4.1 Supervised and Unsupervised Learning.......................................................... 118 

6.4.2 MPNet: Neural Navigator ............................................................................... 123 

6.5 Comprehensive Experimental Analysis ................................................................. 127 

6.6 Conclusion .............................................................................................................. 133 

6.7 Scientific Thesis II.2 .............................................................................................. 133 

Chapter 7     Optimizing Path Planning in Mobile Robot Systems Using Motion Capture 

Technology… ………………………………………………………………………………134 

7.1 Chapter Abstract ..................................................................................................... 134 

7.2 Introduction ............................................................................................................ 134 

7.3 Related work .......................................................................................................... 135 

7.4 Methodology .......................................................................................................... 137 

7.4.1 Model of a differential-drive mobile robot ..................................................... 137 

7.4.2 PRM algorithm................................................................................................ 140 



Table of contents 
 

 

vi 

 

7.4.3 Proposed path planning system ....................................................................... 143 

7.4.4 Experimental results and evaluation ............................................................... 144 

7.5 Conclusion .............................................................................................................. 149 

7.6 Scientific Thesis III.1 ............................................................................................. 149 

Chapter 8    Hierarchical Conditional Variational Autoencoder for Mobile Robot Path 

Planning…………………………………………………………………………………… 150 

8.1 Chapter abstract ...................................................................................................... 150 

8.2 Introduction ............................................................................................................ 151 

8.3 Related Work.......................................................................................................... 152 

8.4 Methods and Experiments ...................................................................................... 153 

8.4.1 Path Planning with HCVAE Integration and Optimization ............................ 153 

8.4.2 Non-uniform Sampling Distribution Generation and Optimization ............... 155 

8.5 Results Analysis and Validation ............................................................................ 156 

8.6 Conclusion .............................................................................................................. 159 

8.7 Scientific Thesis IV.1 ............................................................................................. 159 

Chapter 9 Conclusion and Future Work .......................................................................160 

9.1 Summary of New Scientific Results ...................................................................... 160 

9.2 Applicability of New Results ................................................................................. 163 

9.3 Future Research Directions .................................................................................... 164 

Acknowledgements ..............................................................................................................166 

Figures ...................................................................................................................................167 

Tables ....................................................................................................................................170 

Publications ..........................................................................................................................171 

Bibliography .........................................................................................................................174 



  Chapter 1: Introduction 

 

 

   8 

 

Chapter 1 Introduction 
 

Introduction 

 

 

1.1 Background and Problem Definition 

With the rapid development of robotics and intelligent control technologies, autonomous 

mobile robots have emerged as a central research focus for enabling safe and efficient operation 

in complex and dynamic environments. These systems now play a key role in modern 

engineering applications, including industrial automation, logistics, service robotics, 

surveillance, and intelligent transportation systems [1] [2]. Recent advances in sensing 

technologies, computational power, and control strategies have significantly enhanced the 

autonomy and decision-making capabilities of robotic platforms, allowing them to operate in 

increasingly complex environments [3]. Nevertheless, despite these technological 

improvements, achieving reliable and efficient navigation in real-world conditions remains one 

of the most challenging problems in mobile robotics [4]. 
Among various robotic platforms, differential-drive mobile robots are widely used due to 

their mechanical simplicity, compact design, and maneuverability [5]. These robots are 

particularly suitable for indoor and structured environments; however, their navigation and 

control are strongly affected by nonlinear kinematics, non-holonomic constraints, wheel–

ground interactions, sensor uncertainty, and environmental disturbances [6] [7]. When 

operating in real-world environments, robots must continuously perceive their surroundings, 

make decisions in real time, and execute control actions while ensuring stability, safety, and 

efficiency. 

Traditional navigation approaches often rely on predefined paths or static representations 

of the environment [8]. Such methods may perform adequately in controlled or predictable 

settings, but their effectiveness degrades significantly in dynamic environments containing 

moving obstacles or changing configurations [9]. Furthermore, many existing systems treat 

path planning and speed control as separate processes, which can lead to abrupt maneuvers, 

inefficient motion, and increased energy consumption [10]. The lack of coordination between 

navigation planning and control execution limits the robot’s ability to adapt smoothly to 

environmental changes. 

Another important challenge is adaptability. Fixed control parameters and rule-based 

strategies are typically designed for specific operating conditions and may fail when the 

environment changes or when the robot encounters unforeseen situations [11]. As a result, 

autonomous systems require adaptive mechanisms that allow navigation and control behavior 

to evolve based on real-time feedback and interaction with the environment [12]. In addition, 

energy efficiency has become an increasingly important consideration, particularly for long-
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duration autonomous operation, yet it is often treated as a secondary performance metric rather 

than an integral part of the navigation process [13]. 

These challenges highlight the necessity for an integrated and intelligent navigation and 

control framework that can simultaneously address motion planning, control execution, 

adaptability, and energy efficiency. Such a framework must be capable of responding to 

dynamic obstacles, handling uncertainty, and regulating both steering and velocity in a 

coordinated manner [14]. Addressing these issues forms the central motivation of this doctoral 

research, which aims to develop a novel, interaction-aware navigation and control system for 

autonomous differential-drive mobile robots operating in dynamic environments. 

In this context, interaction-awareness is defined as the continuous coupling between the 

robot’s motion states and environmental dynamics, quantified through contextual variables 

such as obstacle density, relative motion, and path complexity. These factors are directly 

integrated into the control decision process, enabling adaptive and responsive navigation 

behavior under uncertainty. 

1.2 Research Objective 

The primary objective of this doctoral dissertation is to develop a unified interaction-aware 

navigation framework for mobile robots operating in complex, dynamic, and uncertain 

environments. The proposed research addresses the limitations of conventional navigation 

approaches that treat environment perception, path planning, speed regulation, energy 

management, and learning as isolated components. Instead, this dissertation introduces an 

integrated framework in which these functionalities are jointly considered within a single 

interaction-aware decision structure. The overall structure of the research objectives is visually 

summarized in Figure 1. 

 
 

Figure 1: Overview of the Research Objectives within the Unified Interaction-Aware Framework for 

Mobile Robots. 

The proposed framework is structured around six interrelated research objectives, 

encompassing interaction-aware environment perception, interaction-aware path planning, 

interaction-aware speed control, energy-aware navigation, learning-based adaptation, and 
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experimental validation. Together, these objectives define a coherent and adaptive navigation 

system that enables mobile robots to respond effectively to dynamic obstacles, environmental 

interactions, and operational constraints while maintaining safe, efficient, and robust motion 

behavior. 

 

The first research objective focuses on interaction-aware environment perception and 

contextual awareness. This objective addresses the challenge of accurately interpreting 

dynamic surroundings that include static obstacles, moving obstacles, narrow corridors, and 

changing environmental conditions. To achieve this, the research develops an interaction-

aware perception mechanism that integrates sensor information with contextual reasoning, 

enabling the robot to assess obstacle dynamics, interaction risk, and path complexity in real 

time. This contributes to more reliable navigation decisions under uncertainty and 

environmental variability. 

The second research objective is concerned with interaction-aware path planning under 

dynamic constraints. Unlike traditional methods that rely on predefined trajectories or static 

potential fields, this work aims to construct adaptive paths that continuously deform in 

response to environmental interactions. The proposed framework incorporates artificial 

potential fields enhanced with fuzzy logic–based reasoning to regulate both direction and 

curvature of the robot’s motion. This enables smooth navigation through cluttered 

environments while avoiding local minima and unstable oscillatory behavior commonly 

observed in classical approaches. 

The third research objective addresses interaction-aware speed control and motion 

regulation. In real-world navigation scenarios, speed selection has a direct impact on safety, 

energy consumption, and trajectory accuracy. This dissertation proposes an interaction-aware 

velocity adaptation strategy in which the robot dynamically adjusts its speed based on obstacle 

proximity, interaction intensity, path curvature, and environmental complexity. The objective 

is to achieve a balanced trade-off between fast navigation, collision avoidance, and energy 

efficiency without relying on heuristic switching rules. 

The fourth research objective focuses on energy-aware navigation and efficiency 

optimization. Mobile robots operating over extended periods are constrained by limited 

onboard energy resources. This research introduces an energy-aware cost formulation that 

explicitly links motion decisions to energy consumption. By embedding energy considerations 

directly into the navigation decision process, the proposed system aims to reduce unnecessary 

acceleration, abrupt maneuvers, and inefficient detours, thereby extending operational lifetime 

while maintaining navigation performance. 

The fifth research objective is the integration of learning-based adaptation mechanisms 

within the navigation framework. To enhance robustness and long-term autonomy, this 

dissertation incorporates learning strategies that allow the robot to refine its decision-making 

behavior over time. Through adaptive tuning of fuzzy membership functions and control 

parameters, the system is capable of improving performance in previously encountered 

environments and adjusting to new operational conditions. This objective ensures that the 

navigation framework is not static but evolves through experience. 

The sixth research objective focuses on the experimental validation of the proposed unified 

navigation framework through extensive simulation and experimental investigations. The 

performance of the developed system is evaluated across a wide range of scenarios, including 

straight and non-straight paths, narrow passages, and environments with dynamic obstacles. 

Comparative analyses against established baseline navigation methods are conducted to 

demonstrate improvements in path accuracy, motion smoothness, energy efficiency, and 
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adaptability. These results confirm the practical applicability and novelty of the proposed 

approach for real-world mobile robot navigation. 

As a final point, this dissertation provides a detailed and comprehensive study of intelligent, 

interaction-aware navigation for autonomous mobile robots. 
Unlike existing navigation approaches that treat perception, planning, and control as loosely 

coupled modules, this dissertation introduces a unified interaction-aware framework in which 

environmental perception, trajectory generation, velocity regulation, and energy optimization 

are jointly modelled within a single adaptive decision structure. The key novelty lies in the 

continuous coupling between environmental interaction dynamics and motion control, 

enabling coordinated trajectory deformation and speed adaptation in real time. This integrated 

formulation addresses the limitations of conventional decoupled systems and provides a 

scalable solution for robust navigation in dynamic environments. 

In addition to the core interaction-aware navigation framework, the research further extends 

its scope by investigating complementary data-driven and learning-based approaches for 

mobile robot navigation. These extensions include machine learning–based path planning, 

motion capture–assisted trajectory optimization, and deep generative models for efficient path 

generation. Collectively, these components broaden the applicability of the proposed 

framework and provide a more comprehensive perspective on intelligent navigation in 

complex operational scenarios. 

The research presented in this dissertation is based on a set of scientific hypotheses that aim 

to address the limitations of conventional mobile robot navigation systems. These hypotheses 

define the expected improvements in adaptability, efficiency, and robustness through the 

proposed intelligent navigation framework. 

1.3 Scientific Hypotheses of the Dissertation 

The research presented in this dissertation is based on the following scientific hypotheses, 

which are formulated to address the limitations of conventional mobile robot navigation 

systems and are validated through theoretical analysis, simulation, and experimental 

evaluation. 

 

H1: A unified interaction-aware navigation framework that integrates environmental 

perception, trajectory generation, and motion control within a single adaptive architecture 

results in statistically significant improvements in navigation performance, including trajectory 

accuracy, stability, and energy efficiency, compared with conventional decoupled approaches. 

 

H2: The integration of a dual-layer fuzzy logic controller with artificial potential fields 

enhances obstacle avoidance capability and reduces the occurrence of local minima conditions 

and oscillatory behaviors in cluttered and dynamic environments compared with classical 

potential field methods. 

 

H3: The incorporation of reinforcement learning for adaptive parameter tuning enables 

continuous performance improvement over time, resulting in improved navigation robustness 

and adaptability in dynamic and previously unseen environments. 
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H4: Embedding an actuator-level energy model directly into the control loop leads to 

measurable improvements in energy efficiency while maintaining or improving navigation 

accuracy and safety compared with non-energy-aware control strategies. 

 

H5: The use of data-driven and generative models, specifically a Hierarchical Conditional 

Variational Autoencoder (HCVAE), improves path planning efficiency by guiding sampling-

based algorithms toward more informative regions of the state space, resulting in reduced 

computational cost and improved trajectory quality. 

 

H6: The proposed integrated navigation framework achieves statistically significant 

improvements in overall performance in real-time scenarios, including reduced path length, 

improved trajectory smoothness, enhanced obstacle avoidance reliability, and lower energy 

consumption compared with conventional baseline methods. 

1.4 Main Contributions of the Dissertation 

The main contributions of this dissertation are summarized as follows 

1. Unified Interaction-Aware Navigation Framework (IODPCS) 

A novel framework that couples trajectory generation and velocity control through a 

context-dependent control law, enabling real-time adaptation to obstacle dynamics 

and terrain complexity.  

2. Dual-Layer Fuzzy–Potential Field Integration 

A context-blended dual-layer fuzzy architecture that unifies global speed regulation 

and local obstacle avoidance, effectively mitigating APF limitations such as local 

minima and oscillations.  

3. Embedded Energy-Aware Control Formulation 

An actuator-level energy model based on torque–velocity dynamics integrated 

directly into the control loop for real-time optimization of safety, efficiency, and 

motion smoothness.  

4. Reinforcement–Fuzzy Adaptive Learning Mechanism 

A hybrid learning strategy where Q-learning refines control policies while preserving 

fuzzy rule structure, ensuring stable and interpretable real-time adaptation.  

5. Data-Driven and Generative Path Planning Extensions 

Integration of machine learning, motion capture–based optimization, and a 

hierarchical variational autoencoder for scalable and data-driven trajectory 

generation.  

6. Comprehensive Real-Time Experimental Validation 

Validation through MATLAB–CoppeliaSim co-simulation and hardware-in-the-loop 

experiments, achieving up to 35% path reduction and 28% energy improvement under 

dynamic conditions. 
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1.5 Methodology 

The proposed navigation framework is formulated as a multi-objective optimization 

problem, in which trajectory safety, energy efficiency, and motion smoothness are jointly 

optimized through an interaction-aware control strategy. This formulation enables the explicit 

integration of environmental interaction dynamics into the decision-making process, allowing 

coordinated adaptation of both trajectory and velocity in real time. 

The proposed research is validated through a combination of analytical formulation, 

simulation-based evaluation, and experimental investigation. Within this framework, a novel 

intelligent and interaction-aware navigation and control system for differential-drive mobile 

robots is developed, implemented, and systematically improved. The applied methodology of 

this dissertation follows internationally accepted research practices in mobile robotics, 

ensuring reproducibility, consistency, and objective performance assessment. 
The methodological process is structured to reflect the logical progression from system 

modeling and environment representation to intelligent decision-making, adaptive control, and 

experimental validation. In the following subsections, the mobile robot model, navigation 

environment design, reference systems, evaluation conditions, and performance assessment 

methods are described in detail. 

1.5.1 Baseline Navigation Framework  

The initial version of the navigation framework adopted in this research is based on classical 

potential field–driven motion planning combined with kinematic control of a differential-drive 

mobile robot. Robot motion is governed by linear and angular velocity commands derived from 

attractive forces toward the goal and repulsive forces generated by surrounding obstacles, 

following well-established formulations in mobile robot navigation [15] [16]. 

Environmental perception is performed using distance-based sensing, where obstacle 

proximity and relative position are estimated at discrete time intervals. These measurements 

are processed to generate repulsive potential components, while the goal position defines the 
attractive component of the navigation field. The resulting force vectors are mapped to robot 

velocity commands through a kinematic transformation consistent with the non-holonomic 

constraints of the differential-drive platform [17]. In all navigation steps, a fixed control update 

period is used to ensure consistent motion execution. 

During motion execution, the robot follows the resulting velocity commands while 

continuously updating its position and orientation based on odometry feedback. In regions 

where obstacle influence exceeds a predefined threshold, the robot’s speed is reduced to 

maintain stability and collision safety. When obstacle influence falls below this threshold, 

nominal forward motion is restored. This baseline strategy enables basic obstacle avoidance 

and goal-directed navigation but does not explicitly account for interaction dynamics or energy 

efficiency. 

To handle regions with limited obstacle influence or high uncertainty, stochastic 

perturbations in the form of bounded noise are introduced into the control input to prevent 

stagnation and local minima entrapment [18]. The baseline navigation behavior serves as a 

reference system for evaluating the proposed interaction-aware framework. Its limitations in 

terms of adaptability, smoothness, and energy efficiency motivate the development of the 

enhanced intelligent navigation approach presented in this dissertation. 
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1.5.2 Perception and Interaction-Aware Navigation 

In order to ensure reliable navigation in dynamic environments, the proposed system 

incorporates an environmental perception module that continuously monitors the surrounding 

space of the robot. Environmental perception is performed using distance- and proximity-based 

sensing mechanisms that detect nearby obstacles and estimate their relative positions with 

respect to the robot [19]. The acquired sensor measurements are processed at discrete control 

intervals to construct a unified representation of the environment, including obstacle proximity, 

relative motion characteristics, and local environmental complexity. This representation 

provides the information required for continuous environment awareness and supports real-

time decision making under uncertain conditions. 

Based on the perceived environmental information, an interaction-aware navigation strategy 

is applied to generate adaptive motion commands. In this framework, trajectory planning and 

velocity regulation are treated as interdependent processes rather than separate modules. The 

navigation algorithm evaluates the interaction between the robot and its surroundings in order 

to determine appropriate steering and speed adjustments [20]. As a result, the robot is able to 

modify its trajectory smoothly when approaching obstacles or navigating through constrained 

areas. 

Furthermore, the interaction-aware formulation enables the system to respond effectively to 

dynamic changes in the environment. By integrating perception feedback with motion control 

decisions, the navigation framework reduces abrupt control variations and improves the 

stability of the robot’s movement. This coordinated strategy contributes to safer navigation 

behavior and enhances the overall robustness of the mobile robot when operating in highly 

interactive scenarios. 

1.5.3  Adaptive Control and Learning Mechanism  

An adaptive control mechanism regulates the robot’s linear and angular velocities according 

to environmental conditions and interaction intensity. The robot automatically reduces speed 

in constrained or high-risk regions while maintaining higher speeds in safe areas to improve 

navigation efficiency, motion stability, and overall safety [21]. This adaptive velocity 

regulation enables the robot to react smoothly to environmental variations while preventing 

abrupt control actions that may lead to instability or inefficient motion. 

This adaptive behavior minimizes collision risk while preserving trajectory smoothness and 

control stability during navigation. To support long-term autonomy and improved system 

performance, a learning-based adaptation mechanism is integrated into the control framework 

[22]. Navigation performance is continuously monitored using feedback obtained during robot 

motion, including trajectory deviation, obstacle interaction, and control response. 

Based on this feedback, selected control parameters are gradually adjusted over time to 

improve navigation accuracy and system responsiveness. This adaptive learning process 

enables the robot to refine its control behavior without manual parameter tuning and allows 

the system to generalize more effectively when operating in previously unseen or dynamically 

changing environments. 

1.5.4 Experimental Setup and Evaluation 

The proposed interaction-aware navigation framework is validated through a series of 

simulation experiments conducted under controlled and repeatable conditions. All experiments 

utilize identical differential-drive robot parameters, sensing configurations, and environmental 

definitions to ensure experimental consistency and enable fair comparison between the 
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proposed system and the reference navigation strategies. The simulation environment provides 

precise control over environmental variables, allowing systematic investigation of robot 

behavior under different levels of obstacle density, interaction complexity, and environmental 

uncertainty. 

To evaluate the robustness and adaptability of the proposed framework, multiple navigation 

scenarios are constructed, including straight trajectories, curved paths, narrow corridors, 

cluttered environments, and environments containing dynamic obstacles. These scenarios 

represent common operational conditions encountered in autonomous mobile robot navigation 

and provide a comprehensive basis for assessing the system’s ability to maintain stable and 

safe motion while responding to changing environmental conditions. 

The performance of the proposed navigation and control system is assessed using several 

quantitative evaluation metrics, including trajectory tracking accuracy, obstacle avoidance 

success rate, navigation completion time, motion smoothness, and energy efficiency. Together, 

these metrics provide a comprehensive evaluation of both safety-related and efficiency-related 

aspects of autonomous navigation. The results obtained from these experiments demonstrate 

the advantages of the proposed adaptive and interaction-aware control strategy in achieving 

stable, efficient, and reliable robot navigation in complex environments. 

1.5.5 Reference Systems 

To evaluate the effectiveness of the proposed intelligent adaptive navigation framework, its 

performance is compared with several established baseline navigation and control approaches 

commonly used in mobile robotics. These reference systems are selected to represent 

conventional navigation strategies that treat path planning and motion control as separate 

processes and do not incorporate interaction-aware decision mechanisms. 

The primary reference systems include classical artificial potential field–based navigation 

[23] [24] rule-based reactive obstacle avoidance strategies, and fixed-parameter speed control 

approaches commonly adopted in traditional mobile robot navigation systems [25]. These 

methods are widely used in mobile robot navigation research and provide representative 

benchmarks for evaluating improvements in adaptability, navigation safety, trajectory 

smoothness, and energy efficiency. 

To ensure fairness and experimental consistency, all reference systems are implemented 

using identical robot parameters, sensing configurations, and environmental conditions within 

the simulation framework. This controlled setup enables objective performance comparison 

between the proposed framework and the conventional navigation methods. 

The comparative analysis highlights the advantages of the proposed unified interaction-

aware navigation framework in terms of improved adaptability to dynamic environments, 

enhanced motion stability, and more efficient navigation behavior. 
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Chapter 2 Temporal Envelopes 
 

Literature Review 

 

 

 

2.1 Introduction 

Autonomous mobile robot navigation has become a central research topic in modern 

robotics due to its importance in industrial automation, service robotics, intelligent 

transportation systems, and surveillance applications. Mobile robots operating in real-world 

environments must be capable of navigating safely while avoiding obstacles, maintaining 

trajectory stability, and optimizing energy consumption. These objectives require robust 

perception systems, efficient path planning algorithms, and adaptive motion control strategies. 

Traditional navigation systems often separate path planning and motion control into 

independent modules. Although such approaches perform adequately in structured 

environments, they often struggle in complex or dynamic scenarios where robots must 

continuously adapt to environmental changes. Consequently, numerous navigation approaches 

have been proposed to improve robot autonomy, adaptability, and navigation efficiency [26], 

[27]. This chapter reviews major approaches in mobile robot navigation, including classical 

path planning algorithms, reactive obstacle avoidance strategies, fuzzy logic–based navigation 

methods, reinforcement learning approaches, and energy-aware navigation frameworks. 

Several navigation strategies have been proposed in the literature to address the challenges 

of autonomous mobile robot navigation. These approaches include classical path planning 

methods, reactive obstacle avoidance techniques, fuzzy logic controllers, and learning-based 

navigation frameworks. However, each method presents certain limitations in terms of 

adaptability, computational efficiency, or robustness in dynamic environments. 

2.2 Classical Path Planning Approaches 

Path planning is a fundamental component of autonomous mobile robot navigation systems. 

The objective of path planning is to determine a feasible and collision-free trajectory that 

allows a robot to move from its current position to a specified goal location while satisfying 

environmental constraints and robot kinematic limitations. 

One of the earliest and most widely studied path planning techniques is the Artificial 

Potential Field (APF) method. In this approach, the goal generates an attractive potential that 



  Chapter 2: Literature Review 

 

 

   17 

 

pulls the robot toward the target position, while obstacles produce repulsive potentials that 

push the robot away from collision regions [28]. The resulting potential field guides the robot 

along the direction of the negative gradient of the combined potential. APF-based methods are 

computationally efficient and relatively easy to implement, making them attractive for real-

time robotic navigation. However, classical APF approaches suffer from several well-known 

limitations, including local minima, where the robot becomes trapped in a position that is not 

the goal, as well as oscillatory behavior when navigating in narrow passages or near closely 

spaced obstacles. 

To overcome these limitations, sampling-based path planning algorithms such as the 

Probabilistic Roadmap (PRM) and Rapidly Exploring Random Tree (RRT) were introduced. 

These algorithms construct a graph or tree representation of the robot's configuration space by 

randomly sampling feasible robot configurations and connecting them using collision-free 

paths [29]. Sampling-based planners are particularly effective in high-dimensional 

configuration spaces and are widely used in robotics and autonomous vehicle applications. 

Despite their advantages, sampling-based planning methods often assume static or slowly 

changing environments, which limits their effectiveness in highly dynamic scenarios where 

obstacles move unpredictably. In such cases, frequent replanning may be required, increasing 

computational cost and potentially affecting navigation stability [30]. 

To improve navigation performance in dynamic environments, reactive navigation 

approaches such as the Dynamic Window Approach (DWA) have been proposed to enable 

real-time obstacle avoidance during robot motion [31]. These approaches allow robots to 

consider velocity constraints and dynamic feasibility while avoiding obstacles during 

navigation. 

However, classical path planning methods generally assume static or slowly varying 

environments and do not explicitly integrate velocity control, which limits their effectiveness 

in dynamic and highly interactive navigation scenarios. 

2.3 Reactive Obstacle Avoidance Methods 

Reactive obstacle avoidance methods enable mobile robots to respond dynamically to 

changes in their surrounding environment. Unlike global path planning algorithms that rely on 

precomputed maps or environmental models, reactive approaches generate motion commands 

directly from real-time sensor measurements. These methods allow robots to adjust their 

motion continuously in response to nearby obstacles while progressing toward the target 

location. 

One of the earliest and widely used reactive navigation algorithms is the Vector Field 

Histogram (VFH) method. The VFH algorithm constructs a histogram representation of 

obstacle density around the robot using range sensor data and determines safe steering 

directions based on obstacle-free sectors [32]. This method enables fast obstacle avoidance and 

has been successfully applied in real-time robotic navigation systems. 

Another widely used reactive navigation technique is the Dynamic Window Approach 

(DWA). Unlike purely geometric methods, DWA considers the robot's kinematic and dynamic 

constraints when selecting feasible velocity commands. By evaluating possible translational 

and rotational velocities within the robot's dynamic limits, DWA identifies motion commands 

that ensure collision-free navigation while maintaining progress toward the goal [33]. 

Reactive navigation methods provide several advantages, including fast response to 

environmental changes and relatively low computational complexity. These properties make 

them suitable for real-time navigation in dynamic environments where obstacles may move 
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unpredictably. However, reactive approaches generally lack long-term planning capabilities 

and may produce trajectories that are locally optimal but globally inefficient. As a result, robots 

may experience oscillatory motion or follow unnecessarily long paths when navigating through 

cluttered environments. 

To overcome these limitations, recent research has explored hybrid navigation frameworks 

that integrate global path planning strategies with reactive obstacle avoidance mechanisms. 

Such approaches aim to combine the global optimality of path planning algorithms with the 

responsiveness of reactive control methods, thereby improving navigation robustness and 

efficiency in complex dynamic environments [34]. 

Despite their real-time responsiveness, reactive methods often suffer from local optimality 

and lack global planning capability, which may result in inefficient or unstable trajectories in 

complex environments. 
 

2.4 Fuzzy Logic–Based Navigation 

Fuzzy logic control has been widely applied in mobile robot navigation due to its ability to 

handle uncertainty, imprecise sensor measurements, and nonlinear system dynamics. Unlike 

traditional control approaches that rely on precise mathematical models, fuzzy logic controllers 

represent control decisions using linguistic rules and membership functions. This allows the 

controller to mimic human reasoning and handle complex decision-making processes in 

uncertain environments. 

In mobile robot navigation systems, fuzzy controllers are commonly used to regulate robot 

velocity, steering angle, and obstacle avoidance behavior based on sensory inputs such as 

obstacle distance, relative orientation, and goal direction. By mapping sensor inputs into fuzzy 

linguistic variables, the controller can generate smooth navigation commands that guide the 

robot toward the goal while maintaining safe distances from obstacles [35]. 

One of the major advantages of fuzzy logic–based navigation is its robustness to sensor 

noise and environmental uncertainty. Fuzzy controllers can integrate multiple navigation 

objectives, including goal seeking, obstacle avoidance, and motion stability, within a unified 

rule-based framework. These characteristics make fuzzy logic particularly suitable for 

autonomous navigation tasks in unstructured or partially known environments. 

However, conventional fuzzy controllers typically require manual design of rule bases and 

membership functions. The tuning process often depends on expert knowledge and extensive 

trial-and-error experimentation. As a result, traditional fuzzy systems may have limited 

adaptability when environmental conditions change significantly. 

To overcome these limitations, researchers have proposed adaptive fuzzy control 

techniques, where controller parameters are adjusted automatically based on environmental 

feedback or learning mechanisms. These adaptive approaches improve navigation performance 

by enabling robots to adjust their control strategies dynamically in response to environmental 

changes. Such developments highlight the potential of fuzzy logic as a flexible and powerful 

tool for intelligent mobile robot navigation systems. 

Although fuzzy logic controllers provide robustness under uncertainty, their performance is 

typically dependent on manually designed rule bases, limiting adaptability in dynamic and 

previously unseen environments. 
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2.5  Learning-Based Navigation and Reinforcement Learning 

Recent advances in artificial intelligence have introduced learning-based navigation 

techniques that allow autonomous robots to adapt their behavior through interaction with the 

environment. Among these approaches, reinforcement learning (RL) has emerged as one of 

the most promising techniques for robotic navigation due to its ability to learn optimal control 

policies without requiring explicit system models. 

In reinforcement learning frameworks, a robot interacts with the environment by observing 

its current state, selecting an action, and receiving feedback in the form of a reward signal. 

Through repeated exploration and learning, the robot gradually improves its navigation 

strategy in order to maximize cumulative rewards. Classical reinforcement learning algorithms 

such as Q-learning have been widely applied to navigation tasks including obstacle avoidance, 

path planning, and autonomous exploration [36]. 

More recently, deep reinforcement learning techniques have been developed to enable 

robots to learn complex navigation policies directly from high-dimensional sensory inputs such 

as camera images or LiDAR data. These approaches combine reinforcement learning with deep 

neural networks to approximate optimal decision policies in complex environments [37]. 

Despite these advantages, reinforcement learning–based navigation approaches also present 

several challenges. Training RL models often requires extensive data and computational 

resources, and the learning process may involve unsafe exploratory actions that are difficult to 

implement in real robotic systems. Furthermore, reinforcement learning algorithms may 

exhibit unstable behavior when operating in highly dynamic environments. 

To address these limitations, recent research has explored hybrid navigation frameworks 

that integrate reinforcement learning with classical control strategies such as fuzzy logic 

control and potential field–based navigation. These hybrid approaches aim to combine the 

adaptability of learning-based methods with the stability of traditional control techniques, 

thereby improving navigation robustness in complex environments. 

While reinforcement learning enhances adaptability, it often introduces instability, high 

computational cost, and safety concerns during exploration, making real-time deployment 

challenging in dynamic robotic systems. 

2.6 Energy-Aware Navigation 

Energy efficiency has become an increasingly important consideration in autonomous 

mobile robot navigation, particularly for long-duration missions and battery-powered robotic 

platforms. Traditional navigation algorithms often focus on minimizing path length or travel 

time while neglecting the energy consumption associated with robot motion and control 

actions. However, in practical robotic systems, energy usage directly affects operational time, 

system reliability, and overall mission efficiency. 

Energy-aware navigation frameworks aim to incorporate energy consumption models into 

the path planning and motion control processes. By considering the relationship between robot 

motion, actuator effort, and power consumption, these methods allow robots to select 

trajectories that minimize energy usage while maintaining safe navigation performance [38]. 

In many cases, energy-aware navigation problems are formulated as multi-objective 

optimization problems, where the navigation system must balance several performance criteria 

simultaneously. These criteria may include path length, travel time, obstacle avoidance safety, 

and energy consumption. Multi-objective optimization techniques enable robots to generate 

navigation strategies that achieve a compromise between efficiency and safety. 
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Recent research has explored the integration of energy-aware motion planning with 

intelligent navigation techniques such as reinforcement learning and adaptive control. These 

approaches aim to improve the overall efficiency of robotic navigation systems by dynamically 

adjusting control strategies according to environmental conditions and system performance. 

Energy-aware navigation is particularly important in industrial and service robotics 

applications, where robots are expected to operate continuously with limited energy resources. 

However, most existing energy-aware approaches treat energy consumption as a secondary 

objective and do not integrate it directly into real-time control decisions, limiting their 

effectiveness in dynamic navigation tasks. 

2.7 Comparative Analysis of Existing Navigation Methods 

A wide range of navigation strategies has been proposed in the literature to address the 

challenges of autonomous mobile robot navigation [3] [13]. Recent advances have been 

largely driven by research published in high-impact journals such as Robotics and Autonomous 

Systems [13], Neurocomputing [11] [12], Applied Soft Computing, and Control Engineering 

Practice, which have contributed significantly to the development of intelligent and adaptive 

navigation systems. 

To provide a structured evaluation of these approaches, Table 1 presents a comparative 

analysis of representative navigation methods, including classical path planning techniques, 

reactive obstacle avoidance strategies, fuzzy logic–based controllers, reinforcement learning 

approaches, and energy-aware navigation frameworks. The comparison considers key aspects 

such as adaptability, computational efficiency, robustness to environmental uncertainty, and 

applicability to dynamic environments. 

As shown in Table 1, classical path planning methods such as APF [3] and PRM [4] provide 

efficient solutions for global path generation but exhibit limited adaptability in dynamic and 

uncertain environments. Reactive methods such as the Dynamic Window Approach [8] 
improve real-time responsiveness but are often constrained by local optimality, which may 

lead to inefficient trajectories. 

Fuzzy logic–based navigation approaches [10] have demonstrated robustness in handling 

uncertainty and noisy sensor data, as widely reported in control-oriented studies. However, 

their performance is often dependent on manually designed rule sets, which may not generalize 

well across different environments. In contrast, reinforcement learning–based navigation 

methods [9] [13], particularly those reported in recent journal publications, provide improved 

adaptability through data-driven learning. However, these approaches typically require 

significant training effort and may exhibit instability during the learning process. 

Energy-aware navigation has emerged as an important research direction, particularly in 

recent Elsevier publications, where multi-objective optimization techniques are used to balance 

navigation efficiency and energy consumption [14]. Despite these advances, most existing 

methods address individual aspects of navigation in isolation and lack a unified framework 

capable of integrating perception, decision-making, and control in an interaction-aware 

manner. 

These observations highlight a critical gap in the current literature: the absence of an 

integrated navigation framework that simultaneously addresses adaptability, interaction 

awareness, and energy efficiency in dynamic environments. To overcome these limitations, 

this research proposes the Intelligent Obstacle Dynamics and Path Complexity System 

(IODPCS), which combines artificial potential fields, dual-layer fuzzy logic control, 
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reinforcement learning, sensor fusion, and energy-aware optimization within a unified 

navigation architecture.  

Table 1 : Comparison of Existing Mobile Robot Navigation Approaches 

Navigation 

Method 

Key Techniques Adaptability Advantages Limitations Ref. 

Artificial 

Potential Field 

(APF) 

Gradient-based 

attractive and 

repulsive forces 

Low Simple, 

computationally 

efficient 

Local 

minima, 

oscillations 

[3] 

Probabilistic 

Roadmap 

(PRM) 

Sampling-based 

global planning 

Moderate Effective global 

path generation 

Limited 

dynamic 

adaptability 

[4] 

Dynamic 

Window 

Approach 

(DWA) 

Velocity-space 

obstacle 

avoidance 

Moderate Real-time 

feasible motion 

control 

Locally 

optimal 

solutions 

[8] 

Fuzzy Logic 

Navigation 

Rule-based 

inference using 

linguistic 

variables 

Moderate Robust under 

uncertainty and 

noise 

Manual 

tuning 

required 

[10] 

Reinforcement 

Learning 

Navigation 

Learning-based 

policy 

optimization 

High Adaptive 

behavior in 

dynamic 

environments 

High training 

cost 
[9] [13] 

Energy-Aware 

Navigation 

Multi-objective 

optimization with 

energy models 

Moderate Improved energy 

efficiency 

Trade-off 

with 

computation 

and 

performance 

[6] [10] 

Proposed 

Framework 

(IODPCS) 

APF + Dual-layer 

Fuzzy Logic + 

Reinforcement 

Learning + 

Sensor Fusion + 

Energy-aware 

optimization 

High Interaction-

aware, adaptive, 

and energy-

efficient 

navigation 

— This 

research 

 

Despite considerable progress in mobile robot navigation, existing approaches largely 

address perception, planning, control, and energy efficiency as separate or loosely coupled 

components. Classical methods lack adaptability, reactive approaches suffer from local 

optimality, fuzzy systems depend on manual tuning, and learning-based methods often 

introduce instability, safety concerns during exploration, and high computational demands. 
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These limitations reveal a critical gap: the absence of a unified, interaction-aware 

framework that integrates environmental perception, trajectory generation, velocity regulation, 

and energy optimization within a coherent control structure. 

To address these challenges, this research proposes IODPCS, which integrates artificial 

potential fields, fuzzy logic control, reinforcement learning, and energy-aware optimization to 

enhance mobile robot navigation performance. 

2.8 Summary 

This chapter reviewed the major approaches used in autonomous mobile robot navigation, 

including classical path planning methods, reactive obstacle avoidance techniques, fuzzy 

logic–based navigation systems, reinforcement learning approaches, and energy-aware 

optimization strategies. These methods provide effective solutions for specific navigation 

tasks; however, each approach presents certain limitations in terms of adaptability, robustness, 

and integration in dynamic environments. In particular, most existing frameworks address 

individual aspects of navigation without considering interaction-aware decision-making and 

energy efficiency in a unified manner. These limitations highlight the need for an integrated 

navigation framework capable of combining multiple control and learning strategies. To 

address these challenges, this research proposes the Intelligent Obstacle Dynamics and Path 

Complexity System (IODPCS), which integrates artificial potential fields, fuzzy logic control, 

reinforcement learning, and energy-aware optimization to enhance mobile robot navigation 

performance. The proposed methodology is presented in the following chapter. 

 

 

 

 



Chapter 3: IODPCS Framework 

 

 

   23 

 

Chapter 3 Continuous Noise Masking 

 

Intelligent Obstacle Dynamics and 

Path Complexity System  

 

 

 

 

3.1 System Overview 

This chapter presents an integrated adaptive mobile robot navigation framework, termed the 

Intelligent Obstacle Dynamics and Path Complexity System (IODPCS). The proposed 

framework combines dual-layer fuzzy logic, artificial potential fields, reinforcement learning, 

and human-in-the-loop tuning within a unified adaptive control architecture. Unlike 

conventional fuzzy–potential field approaches, IODPCS employs a two-level fuzzy reasoning 

structure, consisting of a global layer responsible for terrain-aware speed regulation and safety 

management, and a local layer dedicated to dynamic obstacle avoidance. Both layers are 

continuously refined through real-time learning mechanisms to improve navigation 

performance in complex environments. In addition, a terrain-adaptive speed optimization 

strategy, integrated with an actuator torque–velocity energy model, enables effective trade-offs 

between traversal speed and energy efficiency. Human operator demonstrations are utilized to 

initialize structured fuzzy rules, while reinforcement learning enables long-term adaptation and 

self-improvement of the navigation strategy. The proposed framework is validated through 

MATLAB/Simulink simulations and hardware-in-the-loop experiments. Experimental results 

demonstrate that IODPCS achieves up to 35% reduction in path length, 28% improvement in 

energy efficiency, and reliable collision-free navigation in both static and dynamic 

environments. These results indicate that the proposed IODPCS framework provides a robust, 

adaptive, and scalable solution for autonomous mobile robot navigation in complex and 

dynamic environments. 
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3.2  Introduction 

     Mobile robots have become an important component of modern robotics, enabling 

autonomy in industry [39] [40] [41], healthcare [42] [43] [44], military [45] [46] [47], and 

education [48] [49] [50], providing innovative solutions tailored to specific applications. In 

healthcare, these robots are particularly valuable for tasks like delivering medicine and 

assisting with patient care, as demonstrated by recent advancements in fleet management 

systems for mobile robots in healthcare environments [51]. Recent advances in AI and sensing 

have improved navigation [52], yet efficient obstacle avoidance in dynamic, uncertain 

environments remain a key challenge. Navigation systems must adapt to complex terrains, 

unpredictable obstacles, and sensor noise while maintaining precise performance. Speed 

optimization is particularly critical, as traditional systems rely on fixed profiles that neglect 

real-time feedback, leading to inefficiency in complex scenarios. 

    Fuzzy logic (FL), a computational approach inspired by human reasoning, has been widely 

adopted as an effective method for addressing these challenges [53]. Unlike traditional binary 

logic, fuzzy logic operates on the continuum of "truth" values, enabling systems to handle 

imprecise and uncertain data effectively [54]. This capability makes fuzzy logic particularly 

suitable for real-world applications, where robots must make decisions based on noisy sensor 

inputs and incomplete information. In the context of mobile robot navigation, fuzzy logic is 

well suited for processing sensory data, such as distance and speed [55], and generating 

appropriate control signals for obstacle avoidance, path planning, and speed adjustment [56]. 

A key advantage of fuzzy logic is its adaptability, allowing robots to respond with varying 

levels of caution and speed based on environmental conditions [57]. This flexibility is achieved 

through fuzzy inference systems (FIS), particularly the Mamdani FIS model, which uses 

human-readable rule-based reasoning to mimic expert decision-making [58] [59]. By 

leveraging fuzzy logic, mobile robots can autonomously navigate complex environments, 

including densely populated urban areas and rugged terrains, where traditional algorithms 

often struggle to deliver reliable results. 

     While other soft computing techniques, such as neural networks, neuro-fuzzy systems, and 

nature-inspired algorithms, have been explored for mobile robot navigation, fuzzy logic 

remains one of the most widely adopted methods due to its simplicity, robustness, and real-

time decision-making capabilities [60]. 

     Despite these advances, existing fuzzy logic–based navigation systems still face limitations 

in adaptability, energy efficiency, and integration with learning-based control. To highlight 

these gaps, Table 2 compares prior works with the proposed IODPCS, highlighting its 

structural contributions and measurable performance differences. 
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Table 2: Comparative novelty of the proposed IODPCS framework versus existing fuzzy logic–based 

navigation systems. 

Feature Existing Works Proposed IODPCS Improvement / Novelty 

Fuzzy + Potential 

Field Navigation 

Static rules; no 

contextual 

adaptation [61] 

[62] 

Dual-layer fuzzy logic integrated 

with APF (global + local) 

Avoids local minima; 

adapts to complexity → 

~22% shorter paths, 

improved safety 

Energy Efficiency Rarely modeled; 

reactive [63] 

Real-time energy model (torque + 

velocity) embedded in control 

Enables proactive energy–

speed trade-offs → ~28% 

higher efficiency 

Human-in-the-

Loop Training 

Minimal; mostly 

offline [64]  

Operator demonstrations initialize 

rules & cost function, refined 

online 

Reduces tuning effort → 

~15% accuracy gain 

Reinforcement 

Learning 

Used in isolation; 

no fuzzy 

integration [65]  

Fuzzy–Q learning updates policy 

+ membership parameters in real 

time 

Improves adaptability, 

>50% faster convergence 

Terrain-Adaptive 

Speed Optimization 

Fixed / threshold-

based [66] 

Continuous, sigmoid-modulated 

speed based on terrain & obstacle 

density 

40% smoother motion; 

reduced actuator stress 

     As shown in Table 2, IODPCS presents an integrated adaptive navigation framework that 

unifies dual-layer fuzzy logic, artificial potential fields, reinforcement learning, and energy-

aware regulation within a mathematically coherent architecture. The experimental results 

indicate consistent performance improvements under simulation and hardware-in-the-loop 

evaluation, suggesting that IODPCS may serve as a promising candidate for extended 

benchmarking and real-world validation 

3.3 Related Work on Integrated Navigation Frameworks 

3.3.1 Fuzzy Logic-Based Navigation 

Fuzzy Logic (FL) has been widely adopted in mobile robot navigation due to its ability to 

manage uncertainty and imprecision in sensory inputs [67]. Unlike model-based controllers 

that require precise system dynamics, fuzzy inference systems (FIS) translate linguistic rules 

into adaptive control actions for obstacle avoidance and motion regulation. Among various FIS 

structures, the Mamdani approach remains popular because of its interpretability and 

transparent rule base [68]. Although computational cost may increase with rule complexity, 

several studies have demonstrated its feasibility for real-time navigation in dynamic 

environments [69]. 
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3.3.2 Hybrid Fuzzy and Optimization-Based Methods 

To improve adaptability and parameter tuning, numerous hybrid frameworks combine fuzzy 

logic with optimization or learning techniques. Evolutionary algorithms such as Genetic 

Algorithms (GA), Particle Swarm Optimization (PSO), Ant Colony Optimization (ACO), and 

Bacterial Foraging Optimization (BFO) have been widely used to optimize membership 

functions and rule parameters [70] [71]. Neuro-fuzzy systems, including ANFIS-based 

approaches, have also been proposed for adaptive navigation under uncertain conditions [72] 

[73]. While these methods enhance tuning flexibility, most employ single-layer fuzzy 

architectures and rely on heuristic performance measures rather than integrated cost 

formulations that explicitly consider actuator-level dynamics or energy consumption. 

3.3.3 Sensor Fusion in Mobile Robot Navigation 

The effectiveness of FL-based navigation is strongly tied to the quality of sensory inputs. 

Ultrasonic sensors are reliable and cost-effective for short- to medium-range detection [74], 

while LiDAR provides high-resolution environmental mapping [75] [76] . Integrating these 

sensors enables multi-modal data fusion, improving obstacle detection and navigation 

accuracy in complex environments. Recent studies emphasize adaptive sensor fusion strategies 

to enhance robustness, reliability weighting, and contextual awareness in dynamic 

environments. However, many fusion schemes increase computational complexity and are not 

tightly integrated with higher-level adaptive control policies. 

3.3.4 Energy-Aware and Adaptive Navigation Frameworks 

Despite the significant progress in fuzzy-based and hybrid navigation methods, energy 

efficiency and long-term adaptability remain comparatively underexplored. Most reactive or 

hybrid controllers prioritize path tracking and obstacle avoidance performance without 

explicitly incorporating actuator-level energy modeling into their objective functions. 

Frameworks that integrate hierarchical fuzzy reasoning with reinforcement learning and 

energy-aware optimization are limited. In particular, few studies combine contextual sensor 

fusion, terrain-adaptive speed regulation, and actuator-level energy modeling within a unified 

closed-loop navigation architecture. In this context, the proposed IODPCS framework 

integrates dual-layer fuzzy reasoning, adaptive blending with potential fields, reinforcement 

learning-based tuning, and explicit energy modeling within a structured architecture. The 

objective is to enhance hybrid reactive navigation systems through coherent component 

integration and multi-objective formulation, rather than to replace global planners. 

Collectively, prior studies demonstrate the effectiveness of fuzzy-based and hybrid 

navigation methods; however, unified frameworks that integrate hierarchical fuzzy reasoning, 

adaptive blending, actuator-level energy modeling, and reinforcement learning within a 

coherent multi-objective structure remain limited in current literature. 

 

3.3.5 Mobile Robot Model  

3.3.6 IODPCS Framework Overview 

The proposed (IODPCS) introduces a unified adaptive architecture that integrates sensor 

fusion, dual-layer fuzzy logic, terrain-adaptive speed optimization, and reinforcement 

learning–based tuning. Unlike conventional rule-based or purely reactive systems, IODPCS 

continuously adapts to dynamic and uncertain environments through closed-loop feedback and  
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incremental learning. As illustrated in Figure 2, the mobile robot platform is equipped with 

LiDAR, camera, GPS/SLAM, ultrasonic sensors, and an IMU, providing multimodal inputs 

for robust perception. Raw sensor data are processed by dynamic obstacle detection and path 

complexity evaluation modules, which generate environment-aware descriptors subsequently 

fed into a dual-layer fuzzy controller. The global fuzzy layer governs terrain-aware decision-

making and velocity regulation, while the local layer enables real-time obstacle avoidance in 

dense or uncertain environments. 

 
Figure 2: Proposed IODPCS framework integrating mobile robot platform, system architecture, and 

comparative navigation performance (optimal vs. baseline path). 

The adaptive path-planning module generates context-aware trajectories that regulate wheel 

speeds and heading until the goal is reached or a reroute is required. As illustrated in Figure 2 

(right), IODPCS achieves smooth and efficient trajectories (green path), outperforming 

baseline controllers (purple path) that produce longer and less efficient routes. 

A central contribution of IODPCS lies in its structured integration of global trajectory 

optimization and local reactivity within a unified adaptive architecture. In this formulation, 

fuzzy reasoning provides immediate responsiveness, while reinforcement learning supports 

gradual policy refinement over time. The framework combines sensing, planning, and control 

within a closed-loop structure designed to balance safety, energy efficiency, and motion 

performance under varying environmental conditions. 

3.3.7 Kinematic Model of the Mobile Robot 

To provide a mathematical basis for navigation, the robot is modeled as a four-wheeled car-

like system, reflecting the kinematic and dynamic constraints of real autonomous vehicles [77] 

[78]. The robot’s configuration is defined by its position (x, y) in the global coordinate system 

and its orientation angle (θ), which defines the heading direction relative to the reference axis. 

Motion is governed by the linear velocity (v), describing the rate of forward displacement, and 

the angular velocity (ω), which characterizes the rate of rotational change in heading as 

illustrated in Fig. 3. Steering dynamics are controlled through the front-wheel steering angle 

(δ), which directly influences the curvature of the robot’s trajectory, while the wheelbase (L), 

defined as the distance between the front and rear axles, determines maneuverability and 

turning radius. 

The corresponding kinematic relations for this car-like robot are: 

 

𝒙̇(𝒕)= 𝒗(𝒕) 𝒄𝒐𝒔𝜽(𝒕)   ,  𝒚(𝒕)̇ = 𝒗(𝒕) 𝒔𝒊𝒏𝜽(𝒕)     ,       𝜽(𝒕)̇ =  
𝒗(𝒕)

𝑳
 𝒕𝒂𝒏 𝜹(𝒕)              (1) 
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As illustrated in Fig. 2, 𝑥(𝑡)and 𝑦(𝑡)denote the robot position in the global coordinate frame 

(m), 𝜃(𝑡)represents the heading angle (rad), 𝑣(𝑡)is the linear velocity (m/s), 𝛿(𝑡)is the front-

wheel steering angle (rad), and 𝐿(m) denotes the wheelbase (distance between front and rear 

axles). The variables 𝑥̇(𝑡), 𝑦̇(𝑡), and 𝜃̇(𝑡)represent the time derivatives of position and 

orientation. 

 

 
Figure 3: Kinematic model of a car-like mobile robot navigating static and dynamic obstacles. 

These obstacles reflect real-world navigation challenges and necessitate adaptive trajectory 

correction. Collectively, these parameters and equations form the foundation of the kinematic 

model integrated into IODPCS, enabling precise control of navigation, speed optimization, and 

real-time obstacle avoidance. 

To support robust perception, the robot is modeled in MATLAB/Simulink as a four-wheeled, 

car-like system equipped with a multi-modal sensor suite for intelligent navigation in dynamic 

and semi-structured environments (Figure 4). To enable reliable obstacle detection and 

environmental mapping, the system integrates an RPLIDAR A2M8 laser scanner, providing 

360° scanning coverage with a 12-meter range and sufficient angular resolution for real-time 

2D SLAM applications [79]. To enhance vertical perception and compensate for the horizontal 

limitations of the LiDAR beam, eight HC-SR04 ultrasonic sensors are strategically mounted 

around the chassis to provide full-spectrum obstacle detection. Two are positioned on the front 

and two on the rear to detect obstacles at mid- and low-height levels, while four additional 

sensors are mounted on the top of the chassis to monitor front, side, and rear sectors. This 

configuration improves the detection of overhanging, low-lying, and occluded obstacles 

compared to conventional placements. 

 

Motion dynamics and orientation feedback are captured using an MPU-6050 Inertial 

Measurement Unit (IMU), which supplies high-frequency accelerometer and gyroscope data 

for pitch/roll estimation, dead-reckoning, and dynamic stability control. Visual input is 

acquired via a Raspberry Pi Camera Module V2, which provides high-resolution color imagery 

essential for terrain classification, edge detection, and object recognition under varied lighting 

conditions. For localization, outdoor environments are supported by a NEO-6M GPS module, 

while indoor and hybrid settings are handled using LiDAR-based SLAM algorithms (e.g., 

Gmapping) to ensure continuous, map-consistent localization. 
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Each sensor type complements others by addressing different perception challenges: LiDAR 

offers geometric precision, ultrasonic sensors improve detection in cluttered or occluded areas, 

IMUs handle inertial drift during movement, and camera input supports semantic 

understanding of the terrain. 

To unify these multi-modal inputs into a coherent perception model, a context-aware, 

temporally adaptive sensor fusion framework is employed. Unlike traditional sensor fusion 

techniques that rely on static weighting or simple averaging, this framework incorporates 

temporal prediction and environmental awareness for context-adaptive integration. The fusion 

process is mathematically defined as: 

               𝑺𝑭𝒖𝒔𝒆𝒅(𝒕) = ∑ 𝜸𝒊(𝒕)
𝒏
𝒋=𝟏 [𝝀𝒊 𝒔𝒊(𝒕) + (𝟏 − 𝝀𝒊) 𝒔̂𝒊(𝒕 − 𝜟𝒕)]                                        (2) 

 

Here, Si(t) is the real-time reading of sensor i, while 𝑠̂𝑖(𝑡 − 𝛥𝑡) denotes its smoothed or 

predicted reading from the previous time step Δt. The blending factor λi ∈ [0,1] regulates the 

trade-off between real-time reactivity and predictive smoothing for each sensor. The sensor 

reliability measure 𝑟𝑖(𝑡)denotes the context-dependent reliability of sensor 𝑖. The reliability is 

computed as a function of signal-to-noise ratio (SNR), estimated occlusion probability, and 

surface reflectivity characteristics (for LiDAR sensors). Reliability decreases under high noise 

variance or increased occlusion likelihood and is clipped to the interval [0.1,1] to ensure 

numerical stability. 

To enhance robustness and sensitivity to reliability variations, a bounded exponential 

mapping is applied: 

𝒘𝒊(𝒕) =
𝐞𝐱𝐩(𝒌𝒓𝒊(𝒕))

∑ 𝐞𝐱𝐩𝒋 (𝒌𝒓𝒋(𝒕))
                                                           (3) 

 

where 𝜅 > 0controls the sensitivity to reliability changes. This formulation preserves 

positivity and unit-sum normalization, supporting probabilistic consistency within the fusion 

process. 

The overall fusion pipeline is optimized for real-time execution, enabling rapid adaptation 

to environmental changes while maintaining stability and safety. By incorporating both 

instantaneous and short-term reliability variations, the framework enables anticipatory 

navigation behavior and smoother motion planning. This adaptive weighting strategy is 

consistent with established reliability-aware sensor fusion and fuzzy inference control 

methodologies [80]. 

In the early training phase, supervised demonstrations from expert operators are incorporated 

to capture corrective behaviors in complex environments. These serve as references for fuzzy 

rule design and parameter tuning. Before integration, all data undergo preprocessing including 

Gaussian noise filtering, normalization, and timestamp alignment to ensure consistency across 

modalities. This high-quality input stream supports downstream modules for fuzzy inference, 

reinforcement learning, and adaptive motion control. Figure 4 presents the hardware layout of 

the mobile robot and its integrated perception-control system. The robot includes a top-

mounted LiDAR for 360-degree environmental scanning, a GPS/SLAM module for outdoor 

localization and mapping, and an IMU for real-time motion tracking. A front-facing camera 

captures terrain features, while ultrasonic sensors provide short-range obstacle detection. The 

fuzzy-logic controller, embedded within the software architecture, manages object avoidance, 

while steerable front wheels execute trajectory adjustments based on fused and interpreted 

sensory data. 
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Figure 4: Integrated hardware configuration of the mobile robot platform. 

Navigation control is achieved by combining fuzzy inference with artificial potential fields 

(APF) in a unified hybrid strategy [81] . Environmental complexity is represented through the 

context vector: 

 

𝝐(𝒕) = [𝝆(𝒕), 𝒗̅𝑶𝒃𝒔(𝒕), 𝝉(𝒕), 𝜼(𝒕)]                                                        (4) 

 

Here, ρ(t) denotes the local obstacle density computed as the number of detected obstacles 

within a 1.5 m radius of the robot and normalized by the maximum observable obstacle count 

during training. The mean obstacle velocity 𝑣̄𝑜𝑏𝑠(𝑡)is estimated using LiDAR-based cluster 

tracking across three consecutive frames. The terrain complexity index τ(t) is derived from the 

variance of IMU slope measurements (σ²) combined with image gradient entropy. The goal 

distance η(t) represents the Euclidean distance to the goal and is normalized to the interval 

[0,1] by dividing by the maximum considered range of 10 m. 

This environmental descriptor is input into a rule modulation function, producing an adapted 

rule matrix as follows: 

 

𝑹𝒎𝒐𝒅(𝒕) = 𝑹𝒃𝒂𝒔𝒆 ⋅ 𝝈 (𝑪𝒄𝒐𝒏𝒕𝒆𝒙𝒕(𝒕))                                                     (5) 

 

Here, 𝜎(. ) is a sigmoid-normalized vector-valued function that scales the activation strength 

of individual fuzzy rules to a bounded range [0,1], based on contextual stressors. This approach 

preserves rule interpretability while introducing adaptability across dynamic environments 

[82]. For instance, higher obstacle velocity or proximity automatically amplifies avoidance-

related rules, while lower complexity emphasizes smoother goal tracking. 

The contextually modulated rules are then evaluated by the fuzzy inference engine to yield 

a reactive avoidance force: 

 

                                                         𝑭𝒇𝒖𝒛𝒛𝒚(𝒕) = 𝑭𝑰𝑺 (𝑹𝒎𝒐𝒅(𝒕))                                                      (6) 

 

This force component plays a critical role in local behavior shaping, actively steering the 

robot away from emerging risks or unstable zones. Unlike conventional fuzzy controllers with 

static rule sets, this formulation empowers the system to perform uncertainty-aware reasoning 
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and dynamically adapt its behavior, yielding significantly improved responsiveness and 

collision avoidance performance in cluttered or dynamically changing environments. When 

combined with global trajectory planning components, this reactive module provides the 

foundation for hybrid deliberative–reactive navigation across diverse scenarios. 

 

                   𝑭𝑨𝑷𝑭 (𝒕) = 𝑭𝒂𝒕𝒕(𝒕) + ∑ 𝑭𝒓𝒆𝒑,𝒊(𝒕)
𝑵

𝒊=𝟏
                                               (7) 

 

where, 𝐹𝑎𝑡𝑡 is the attractive force toward the goal, and each 𝐹𝑟𝑒𝑝,𝑖(𝑡) is the repulsive 

component from the i-th obstacle. The APF ensures efficient long-range goal pursuit, while 

fuzzy logic ensures local safety and responsiveness. 

To select optimal paths, candidate trajectories are evaluated through a multi-objective cost 

function. The cost components 𝐶𝑎𝑣𝑜𝑖𝑑, 𝐶𝑒𝑛𝑒𝑟𝑔𝑦, and 𝐶𝑡𝑖𝑚𝑒 are individually normalized to the 

interval [0,1] prior to weighting to ensure consistent scaling across heterogeneous terms. The 

total cost is computed as: 

𝑪𝒕𝒐𝒕𝒂𝒍(𝒕) = 𝝀𝟏 𝑪𝒂𝒗𝒐𝒊𝒅 + 𝝀𝟐 𝑪𝒆𝒏𝒆𝒓𝒈𝒚 + 𝝀𝟑 𝑪𝒕𝒊𝒎𝒆                                       (8) 

where 𝜆1 = 0.5, 𝜆2 = 0.3, and 𝜆3 = 0.2. Here, 𝐶𝑎𝑣𝑜𝑖𝑑 quantifies the safety margin with 

respect to obstacle proximity, 𝐶𝑒𝑛𝑒𝑟𝑔𝑦 estimates energy expenditure based on wheel torque and 

actuator demands, and 𝐶𝑡𝑖𝑚𝑒 represents temporal efficiency in reaching the destination. 

The selected weighting coefficients reflect a prioritization of safety, followed by energy 

efficiency and temporal performance. The normalization procedure ensures that no individual 

cost component dominates due to magnitude differences, thereby maintaining balanced multi-

objective optimization. 

This cost function operates in tandem with the fuzzy reasoning and artificial potential field 

modules to guide the selection of trajectories that satisfy both global path efficiency and local 

reactive safety requirements. By embedding this evaluation directly into the decision-making 

loop, the IODPCS system maintains robustness across diverse terrain and task conditions while 

aligning navigation behavior with mission objectives. 

The individual cost terms reflect local clearance, energy usage from wheel actuation, and 

time-to-target estimations respectively. A key innovation of the IODPCS architecture is the 

introduction of its Novel Context-Blended Control Model, which adaptively fuses local fuzzy 

logic-based reactivity with global potential field guidance through a dynamic control law. This 

model is designed to maintain decision stability while ensuring adaptability to fluctuating 

environmental conditions. The blended control force is formulated as: 

 

𝑭𝒄𝒕𝒓𝒍(𝒕) = 𝜶(𝒕) 𝑭𝒇𝒖𝒛𝒛𝒚(𝒕) + [𝟏 − 𝜶(𝒕)] 𝑭𝑨𝑷𝑭(𝒕)                                         (9) 

 
Here, 𝛼(𝑡) . 𝐹fuzzy(𝑡) represents the locally reactive avoidance force derived from the fuzzy 

inference system, while 𝐹𝐴𝑃𝐹(𝑡) provides the smooth, goal-directed trajectory suggested by the 

potential field method [83]. The blending coefficient 𝛼(𝑡) ∈ [0,1] governs the relative 

influence of these components and is computed via a nonlinear exponential mapping based on 

contextual complexity: 

 

 

𝜶(𝒕) =
𝒆𝒙𝒑(𝒌‖𝒄𝒄𝒐𝒏𝒕𝒆𝒙𝒕(𝒕)‖)

𝒆𝒙𝒑(𝒌‖𝒄𝒄𝒐𝒏𝒕𝒆𝒙𝒕(𝒕)‖+𝝍𝟎)
                                                                  (10) 
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In this formulation, ‖𝐶𝑐𝑜𝑛𝑡𝑒𝑥𝑡(𝑡)‖ denotes the norm of the environmental context vector, 

encapsulating dynamic factors such as obstacle density, velocity, terrain roughness, and goal 

proximity. The sensitivity parameter k > 0 adjusts responsiveness to context shifts, while 𝜓0 
serves as a normalization constant to ensure smooth blending behavior. As a result, when 

navigating through densely cluttered or highly dynamic environments, 𝛼(𝑡)→1, favoring 

fuzzy reasoning for agile, short-term collision avoidance. Conversely, in open and predictable 

regions, 𝛼(𝑡)→ 0, allowing the robot to follow efficient, potential field-guided paths. This 

adaptive interpolation mechanism facilitates smooth transitions between deliberative and 

reactive strategies [84], supporting navigation robustness and anticipatory behavior under 

varying environmental conditions 

Unlike conventional hybrid fuzzy-RL navigation systems that employ a single fuzzy 

controller updated by reinforcement learning, the proposed architecture explicitly separates 

terrain-aware velocity regulation and obstacle avoidance into two hierarchical fuzzy layers. 

These layers are mathematically coupled through the context-blended control law in Eq. (10), 

enabling dynamic weighting between global and local objectives. This structural separation 

constitutes a key distinction from prior unified fuzzy-RL schemes. 

 
Figure 5: Adaptive Fuzzy Navigation through Contextual Obstacle Variability. 

Fig. 5 illustrates the system's effectiveness: the blue trajectory demonstrates adaptation 

around moving obstacles using the proposed control strategy, while the red baseline path 

exhibits inefficient detours due to lack of contextual adaptation. Decision points at t0, t1, and 

t2 highlight the robot's real-time shift between reactive and deliberative behaviors. 
 

This context-driven fusion of fuzzy logic and potential fields represents a structured and 

adaptive integration strategy for mobile robot navigation, enabling robust and goal-aware 

motion planning across complex operational scenarios. This hybrid reasoning module 

produces context-sensitive motion directives but must also ensure that velocity remains safe, 

smooth, and energy-efficient under varying terrain and obstacle density.  
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3.3.8 Terrain-Adaptive Speed Optimization 

 

To ensure safe, smooth, and energy-efficient motion across varying environmental 

complexities, the IODPCS framework implements a terrain-aware velocity regulation 

mechanism. This mechanism dynamically adjusts the robot’s speed based on real-time obstacle 

proximity, terrain difficulty, and local obstacle density. The speed control law is defined as: 

 

              𝑽𝒏𝒆𝒘(𝒕) = 𝑽𝒎𝒂𝒙  (𝟏 − 𝝈(𝑫𝒐𝒃𝒔(𝒕) 𝑫𝒔𝒂𝒇𝒆(𝒕)⁄ )) 𝒇𝒕𝒆𝒓𝒓𝒂𝒊𝒏(𝒕) ⋅ 𝒈𝒅𝒆𝒏𝒔𝒊𝒕𝒚(𝒕)              (11) 

 

Here, Vnew (t) is the adjusted speed at time t, and Vmax is the maximum allowable velocity 

under optimal navigation conditions. Dobs (t) denotes the distance to the nearest detected 

obstacle, measured using fused LiDAR and ultrasonic data. Dsafe  (t) is a dynamic safety 

margin computed by the fuzzy reasoning system, considering obstacle velocity, terrain type, 

and stopping distance to prevent collisions. The ratio 𝐷𝑜𝑏𝑠(𝑡) 𝐷𝑠𝑎𝑓𝑒(𝑡)⁄  is passed through a 

sigmoid function σ(⋅)enabling continuous, bounded deceleration without abrupt transitions, 

which is especially beneficial near critical proximity thresholds [85]. 

 

𝝈(𝒛) =
𝟏

𝟏+𝒆−𝒌(𝒛−𝟏)                                                       (12) 

 

where 𝑘controls the steepness of the deceleration transition. In this work, 𝑘 = 5. The 

inflection point is centered at 𝑧 = 1, corresponding to the safety boundary 𝐷𝑜𝑏𝑠(𝑡) = 𝐷𝑠𝑎𝑓𝑒(𝑡). 

If terrain modulation is derived from the fuzzy output, the terrain scaling term is defined as: 

 

𝒇𝒕𝒆𝒓𝒓𝒂𝒊𝒏(𝒕) = 𝟏 − 𝑹𝒕𝒆𝒓𝒓𝒂𝒊𝒏                                                (13) 

 

Where Rterrain(t) ∈ [0,1]denotes the normalized terrain risk index obtained from the 
fuzzy inference system using slope angle, vibration amplitude, and surface roughness as 
inputs. 

The obstacle density modulation term is defined as: 
 

𝒈𝒅𝒆𝒏𝒔𝒊𝒕𝒚(𝒕) = 𝒆−𝝀𝝆(𝒕)                                                       (14) 

 

 where 𝜌(𝑡) =
𝑁(𝑡)

𝜋𝑟𝑑
2  represents the normalized local obstacle density, computed from the 

number of detected obstacles 𝑁(𝑡)within a radius 𝑟𝑑 = 1.5 m, and 𝜆 = 0.8controls the 

attenuation strength. 

The modulation components 𝑓𝑡𝑒𝑟𝑟𝑎𝑖𝑛(𝑡) ∈ [0,1]and 𝑔𝑑𝑒𝑛𝑠𝑖𝑡𝑦(𝑡) ∈ [0,1]provide additional 

contextual refinements. The terrain term adjusts speed based on IMU- and vision-derived 

surface characteristics (roughness, slope, traction), while the density term reduces speed in 

crowded regions and allows higher velocity in open spaces. This predictive modulation 

integrates real-time terrain classification with fuzzy regulation and energy-aware feedback to 

ensure smooth and sustainable navigation. 
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The execution workflow is formalized in Algorithm 1. 

 

Algorithm 1: Context-Aware Terrain-Adaptive Speed Control (TASC)  

Input: Multi-modal sensor streams (LiDAR, IMU, camera), obstacle proximity data, terrain 

features ; parameters 𝑉max , optional 𝑉min , small  𝜺 > 0  

Output: Adaptively regulated robot velocity Vnew(t) 

1: Acquire real-time sensory inputs 

2: 𝐷obs (t) ← nearest-obstacle distance from LiDAR/ultrasonic data  

3:  Terrain class ← IMU + camera fusion  

4: Compute dynamic safety margin 

5:  𝐷safe (t) ← fuzzy logic 

6: Compute normalized proximity ratio 

7:  r ← 
𝐷obs (t)

max (𝐷safe (t)∈)
;  𝜎 ← sigmoid(r) ∈ (0,1); (see Eq.13)  

8: Determine terrain modulation 

 9: 𝑓terrain(t) ∈ [0,1] 

10: Estimate obstacle density 

11: 𝑔𝑑𝑒𝑛𝑠𝑖𝑡𝑦(𝑡)  ∈ [0,1] 

12: Compute adaptive speed 

13: 𝑉cmd(t) = 𝑉max × (1 − 𝜎) × 𝑓terrain(t) × gdensity(t)                     

14: 𝑉new (t) ← saturate (𝑉cmd(t), [𝑉min(t), 𝑉max(t)]); apply 𝑉new (t) to motion controller 

(see Eq. 12) 

Auxiliary functions for Algorithm 1                                

Saturate (𝑥;  𝑎, b) ≜  min (max(𝑥, 𝑎), 𝑏)                                                          (15) 

𝜎(𝑟) =
1

1+𝑒𝑥𝑝[−𝑘(𝑟−𝑟0)]
                                                                   (16) 

Unless otherwise stated, we set k=5, 𝑟0=1 (transition centered at the safety margin),  
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Vmin =0 m/s, and ε=0.05m. Figure 6 visualizes the influence of obstacle proximity (via the ratio 
Dobs (t)

Dsafe (t)
 ) on the robot's speed through a sigmoid-based control curve. The curves are adapted 

to different contexts such as open terrain, dense obstacles, and slippery slopes, highlighting 

how the controller modulates responsiveness based on environmental conditions. Speed is 

smoothly reduced as robots near obstacles and increases in safer, more navigable areas. The 

terrain and density modulation layers provide fine-tuning, reflecting slope and obstacle 

crowding. This diagram validates the mathematical formulation and highlights the practical 

safety-efficiency trade-off achieved by the model. 

 
Figure 6: Terrain-Adaptive Speed Control Optimization for Mobile Robot Navigation. 

This novel speed control formulation surpasses traditional threshold-based methods by 

incorporating a continuous, context-driven interpolation mechanism. Embedded within the 

IODPCS closed-loop architecture, it supports real-time adaptation, reduced actuator strain, and 

energy-optimized navigation. Its integration with the learning framework ensures long-term 

performance improvement, contributing significantly to the system’s robustness, safety, and 

operational efficiency across complex terrain scenarios. 

To quantitatively evaluate energy efficiency, the IODPCS framework introduces a dynamic 

energy consumption model based on wheel torque and angular velocity, which reflects the 

actual mechanical work performed by the robot’s actuators. The total energy expenditure over 

a navigation episode is computed as: 

 

𝑬 = ∑ ∑ 𝑻𝒊(𝒌)
𝒏

𝒊=𝟏

𝟐

𝒌=𝟏
⋅ 𝝎𝒊(𝒌) ⋅ 𝜟𝒕                                              (17) 

where 𝑇𝑖(𝑘)and 𝜔𝑖(𝑘)denote the torque and angular velocity of wheel 𝑖at control step 𝑘, 

Δ𝑡 = 0.05s is the sampling interval, and 𝑁is the total number of control steps in the navigation 

episode. 

In both simulation and hardware-in-the-loop experiments, the wheel torques 𝑇𝑖(𝑘)and 

angular velocities 𝜔𝑖(𝑘)are directly extracted from the CoppeliaSim physics-based motor 

dynamics model. The simulator computes actuator torque based on applied control signals and 

physical interaction forces, including contact dynamics and friction effects, ensuring 

physically consistent energy estimation. 
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This formulation captures instantaneous mechanical effort rather than relying on path-length  

or time approximations, creating a direct link between terrain difficulty, obstacle density, and 

real-time velocity modulation [86]. By embedding the energy model into the multi-objective 

cost function, the proposed framework minimizes unnecessary energy spikes and actuator 

strain, thereby improving both energy efficiency and trajectory smoothness. 

In contrast to heuristic energy penalties commonly used in hybrid navigation frameworks, 

the proposed energy formulation derives consumption directly from actuator torque and 

angular velocity, providing a physically grounded integration into the multi-objective cost 

function. 

The fuzzy inference system is implemented as a Mamdani-type controller using triangular 

and trapezoidal membership functions with centroid (center-of-gravity) defuzzification. Each 

input variable is partitioned into multiple overlapping linguistic terms to ensure smooth 

decision transitions. The obstacle-avoidance layer consists of a 45-rule combinatorial rule base 

derived from the Cartesian product of the input linguistic partitions (distance × density × terrain 

complexity). The terrain-aware speed layer applies structured rule modulation based on 

environmental complexity. Initial membership parameters were optimized using Tunefis, 

which refers to the MATLAB Fuzzy Logic Toolbox parameter optimization module used for 

automated tuning of membership function parameters and rule weights. The optimization 

combines gradient-based and heuristic search strategies to minimize the defined multi-

objective cost function while preserving bounded parameter constraints and rule consistency. 

During optimization, Tunefis adjusts membership function parameters while preserving rule 

structure and bounded parameter ranges to maintain stability and interpretability. 

Subsequently, reinforcement learning applies bounded scaling updates to output gains rather 

than directly altering membership function shapes, thereby preserving rule interpretability and 

numerical stability. 

3.3.9 Reinforcement Learning and Online Rule Tuning 

To complement the predictive speed control, the system incorporates a reinforcement 
learning (Q-learning) module that enables experience-driven policy refinement. The Q-
value update rule is: 
State and action definitions.  

The Q-learning agent operates on a discrete state–action formulation derived from real-time 

fused sensor perception. At each control step t, the state vector is defined as: 

 

𝒔(𝒕) = [𝒅𝒎𝒊𝒏(𝒕), 𝝆(𝒕), 𝝉(𝒕), 𝜼(𝒕), 𝒗(𝒕)                                                 (18) 

where 𝑑min(𝑡)is the distance to the nearest obstacle, 𝜌(𝑡)is local obstacle density, 𝜏(𝑡)is 

terrain complexity level, 𝜂(𝑡)is the Euclidean distance to the goal, and 𝑣(𝑡)is the current robot 

speed. 

The discrete action space is defined as: 

𝑨 = {𝒂𝟏, 𝒂𝟐, 𝒂𝟑, 𝒂𝟒, 𝒂𝟓}                                                            (19) 

where actions correspond to bounded velocity/steering commands applied to the low-level 

controller: (i) accelerate, (ii) decelerate, (iii) maintain speed, (iv) steer left, and (v) steer right. 

Each action is mapped to fixed increments Δ𝑣and Δ𝛿(reported in Table 3) and then saturated 

to respect kinematic constraints. 
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Reward function: 

The scalar reward function is defined to balance safety, efficiency, navigation performance, 

and progress toward the goal. 

𝒓(𝒕) = 𝒘𝒈 𝜟𝜼(𝒕) − 𝒘𝒄 𝑰collision(𝒕) − 𝒘𝒆 𝑬(𝒕) − 𝒘𝒅𝜟𝒕𝒓𝒂𝒋(𝒕)                      (20) 

Where Δ𝜂(𝑡) = 𝜂(𝑡 − 1) − 𝜂(𝑡)denotes goal progress (positive when the robot moves 

toward the goal), 𝐼𝑐𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛(𝑡) ∈ {0,1}is a binary collision indicator, 𝐸(𝑡)is the normalized 

instantaneous energy cost derived from the actuator model (Eq. 17), and Δ𝑡𝑟𝑎𝑗(𝑡)represents 

normalized trajectory deviation (e.g., lateral deviation or path smoothness penalty). 

All reward components are normalized to the interval [0,1] prior to aggregation. The reward 

weights are set to: 

𝑤𝑔 = 1.0,𝑤𝑐 = 5.0,𝑤𝑒 = 0.5,𝑤𝑑 = 0.3 

These values strongly penalize collisions while encouraging goal progress and energy-aware 

motion. 

 

Q-learning discretization: 

Each continuous state variable is discretized into a finite number of bins to construct a tabular 

Q-function with bounded dimensionality. The discretization ranges and bin counts for 𝑑min, 

𝜌, 𝜏, 𝜂, and 𝐯 are summarized in Table 3. This structured binning strategy limits state-space 

explosion, ensures numerical stability of Q-updates, and maintains real-time feasibility for 

embedded execution at a 20 Hz control rate.          
 

𝑸(𝒔𝒕, 𝒂𝒕) ← 𝑸(𝒔𝒕, 𝒂𝒕) + 𝜶[𝒓𝒕 + 𝜸 ⋅ 𝒎𝒂𝒙
𝒂′

𝑸(𝒔𝒕+𝟏, 𝒂
′) − 𝑸(𝒔𝒕, 𝒂𝒕)]                  (21) 

The reinforcement learning reward is directly derived from the multi-objective cost function 

defined in Eq. (8), i.e., 𝑅(𝑡) = −𝐶𝑡𝑜𝑡𝑎𝑙(𝑡), ensuring alignment between safety, energy 

efficiency, and trajectory optimization objectives. 

Here, 𝑄(𝑠𝑡, 𝑎𝑡) represents the estimated utility of acting 𝑎𝑡 in state 𝑠𝑡, 𝛼 denotes the learning 

rate that governs the extent of policy adjustment at each iteration, and γ is the discount factor 

that prioritizes long-term rewards over immediate outcomes. The reward signal [𝑟𝑡 is 

dynamically computed based on a combination of multi-objective metrics including energy 

efficiency, trajectory deviation, and collision minimization. The term 𝑚𝑎𝑥
𝑎′

𝑄(𝑠𝑡+1, 𝑎
′) captures 

the optimal expected future reward obtainable from the next state, thereby guiding the learning 

agent toward actions that are not only immediately beneficial but also strategically 

advantageous over time [87] . 

 

The Q-learning algorithm was implemented using a tabular formulation with learning rate α 

= 0.1 and discount factor γ = 0.95. An ε-greedy exploration strategy was adopted with initial 

ε₀ = 0.20 and exponential decay according to εₖ₊₁ = 0.98εₖ. Q-values were updated at a control 

frequency of 20 Hz during navigation. The state space was discretized according to Table 3,  
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resulting in 2,250 discrete states (6 distance bins × 5 density bins × 3 terrain levels × 5 goal- 

distance bins × 5 speed bins). The action space consists of five discrete incremental control  

actions that adjust linear velocity and steering angle through bounded updates. The resulting 

Q-table therefore contains 11,250 state–action pairs, which remain computationally feasible 

for real-time execution on the embedded platform. 

 

 To ensure stability, convergence thresholds are applied to Q-value updates and fuzzy rule 

modifications, avoiding oscillations during runtime. This reinforcement-driven layer enables 

safe, real-time policy refinement, allowing the robot to autonomously improve over long-term 

missions. 

Simultaneously, the fuzzy logic controller undergoes adaptive tuning through a dual-

feedback mechanism that continuously adjusts membership functions and rule strengths. The 

fuzzy parameters θ are updated as follows:  

 

  𝜽𝒏𝒆𝒘 = 𝜽𝒐𝒍𝒅 + 𝜶 .𝑭𝒆𝒆𝒅𝒃𝒂𝒄𝒌𝒇𝒖𝒛𝒛𝒚 + 𝜷 .  𝑭𝒆𝒆𝒅𝒃𝒂𝒄𝒌𝒇𝒊𝒆𝒍𝒅𝒔                                                (22) 

Here, θ denotes the set of fuzzy rule parameters and membership function values. The term 

Feedbackfuzzy represents the local error gradient derived from the fuzzy logic inference layer, 

capturing deviations such as rule misfires or actuation delays. Meanwhile, Feedbackfields 

reflects global performance feedback based on potential field behavior, identifying 

inefficiencies such as energy spikes or path detours. Learning coefficients α and β modulate 

the relative influence of local and global feedback, ensuring balanced adaptation [88]. 

This hybrid design allows dynamic prioritization of effective rules, selective activation of 

terrain-specific rule sets, and restricted updates to critical transitions, enabling computational 

efficiency on embedded robotic platforms. Sensor fusion (LiDAR, IMU, GPS, camera) 

enhances reliability in both Q-learning and fuzzy adaptation. 

 

The initial fuzzy rule base was manually constructed from expert knowledge and domain 

experience. No recorded human demonstration trajectories were used. The human-in-the-loop 

contribution is limited to the initial rule design phase. During reinforcement learning, no 

human intervention occurs. The Q-learning mechanism updates bounded output gains while 

preserving the original rule structure, ensuring that learned adaptations refine rather than 

overwrite the expert-defined knowledge. 
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Algorithm 2: Adaptive Q-Learning with Dual-Feedback Fuzzy Tuning 

Input: Environment states S, actions A (discrete), fuzzy parameters θ, learning rates 𝛼𝑞, 

𝛼𝑓 , 𝛽𝑓   discount factor γ , exploration rate 𝜀 

Output: Updated Q(𝑠, 𝑎) table and optimized fuzzy parameters θ 

1. Initialize: 

      𝑄(𝑠, 𝑎) ← 0 ∀s ∈ S, a ∈ A 

      θ ← θinitial  

2. For each episode do: 

a. Observe initial state 𝑠0 from sensor fusion (LiDAR, IMU, GPS, camera) 

b. Set 𝑠𝑡 ← 𝑠0 

      While goal not reached and 𝑠𝑡 not terminal do: 

1. Propose fuzzy action: 

                                                                 𝑎𝑡
𝐹𝐼𝑆 ← fuzzy_inference(θ, 𝑠𝑡) 

           (map to nearest a ∈ A if needed) 

2. Action selection (ε -greedy with preference for fuzzy output): 

• with prob. 1 − ε: 𝑎𝑡 ← argmaxa∈A 𝑄(𝑠𝑡 , 𝑎) 

• with prob. ε: 𝑎𝑡 ← random(A)  

• If sampled as fuzzy action → 𝑎𝑡 = 𝑎𝑡
𝐹𝐼𝑆 

3. Execute action: 

             Perform 𝑎𝑡;  𝑜𝑏𝑠𝑒𝑟𝑣𝑒 𝑛𝑒𝑥𝑡 𝑠𝑡𝑎𝑡𝑒 𝑠𝑡+1 

             compute reward 

                                 𝑟𝑡 ←reward from energy–safety–time cost function 

4. Q-update: 

 𝑄(𝑠𝑡 , 𝑎𝑡) ←  𝑄(𝑠𝑡 , 𝑎𝑡) +  𝛼𝑞  [ 𝑟𝑡  +  𝛾 ·  𝑚𝑎𝑥
𝑎′∈A

 𝑄(𝑠𝑡+1, 𝑎
′ ) −  𝑄(𝑠𝑡 , 𝑎𝑡)] 

5. Compute dual feedback signals (novelty): 

• Local feedback: 𝑒𝑙𝑜𝑐𝑎𝑙← fuzzy-error (inference misfit, delay, rule misfire); 

• Global feedback: 𝑒𝑔𝑙𝑜𝑏𝑎𝑙← field/path deviation (trajectory detour, energy spike) 

6. Fuzzy adaptation:                

• 𝜃 ←  𝑝𝑟𝑜𝑗(𝜃 + 𝛼𝑓  ·   𝑒𝑙𝑜𝑐𝑎𝑙  +  𝛽𝑓  ·  𝑒𝑔𝑙𝑜𝑏𝑎𝑙) 

• (Projection step: enforce ordered membership functions and clip rule weights within bounds) 

7. Update state: 𝑠𝑡← 𝑠𝑡+1     

  End While 

       c. Optionally decay ε between episodes 

End for 

Parameter configuration: 

 

      The Q-learning hyperparameters were set to α_q = 0.1 (learning rate) and γ = 0.95. An ε-

greedy exploration strategy was used with ε₀ = 0.3 exponentially decayed to ε_min = 0.05 over 

the first 200 episodes. Q-values were updated at 20 Hz during navigation. Training was 

conducted for 500 simulation episodes prior to hardware-in-the-loop validation. 
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The complete reinforcement learning configuration, including state discretization ranges, 

action mapping, and learning hyperparameters, is summarized in Table 3 to ensure 

reproducibility. 

 
Table 3: Reinforcement Learning Configuration and State–Action Discretization Parameters. 

Category Item Specification 

State Variables (s) Nearest obstacle distance 𝑑min 0–3 m; 6 bins 

 

Obstacle density ρ 0–1 (normalized); 5 bins 

 

Terrain complexity τ {low, medium, high}; 3 levels 
 

Goal distance η 0–10 m; 5 bins 
 

Current speed v  0–1.0 m/s; 5 bins 

Action Space (A) Accelerate Δ𝑣 = +0.1 m/s 
 

Decelerate Δ𝑣 = −0.1 m/s 
 

Maintain speed Δ𝑣 = 0  
 

Turn left Δ𝛿 = +5 ͦ 
 

Turn right Δ𝛿 = −5 ͦ 
 

Saturation limits    𝑣 ∈ [0,1.0] m/s,   δ ∈ [−25 ͦ, 25 ͦ]   

Learning 

Hyperparameters 

Learning rate 𝛼 0.10 

 

Discount factor  𝛾 0.95 
 

Initial exploration rate 𝜀0  0.20 
 

Exploration decay  𝜀𝑘+1 = 0.98 𝜀𝑘 (per episode) 
 

Update frequency Every control step (20 Hz) 

Terminal Conditions Goal reached η < 0.2 m 
 

Collision 𝑑min < 0.05 m  
 

Timeout 300 control steps 

Convergence Criterion Q-value stabilization Convergence observed within 30 ± 3 

episodes. 

 

Although convergence stabilization was typically observed within 30 ± 3 episodes under the 

evaluated discretized formulation, training was extended to 500 episodes to ensure robustness,  
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statistical consistency across runs, and stability prior to hardware-in-the-loop validation. 

This convergence behavior corresponds to the bounded state–action discretization and 

moderate environment complexity adopted in the evaluated simulation scenarios; more 

complex or higher-dimensional environments may require additional training iterations. 

Figure 7 shows that the adaptive fuzzy–Q learning module progressively improves 

navigation performance across training episodes. The increasing Q-value trend reflects stable 

policy convergence, while decreasing trajectory deviation and rising energy efficiency confirm 

balanced accuracy and sustainability. In contrast, static baselines remain flat across all metrics, 

demonstrating their lack of adaptability.  
 

 

 

Figure 7: Adaptive Fuzzy–Q Learning vs. static baselines. 

Solid lines denote the adaptive model, which achieves continuous improvements in Q-value, 

trajectory deviation, and energy efficiency, while baselines (dashed/dotted) remain unchanged, 

underscoring the novelty and robustness of IODPCS.  

The reinforcement learning framework operates over a finite discretized state space defined 

by 𝑑𝑚𝑖𝑛, 𝜌, 𝜏, 𝜂,and 𝑣, where the discretization ranges and bin counts are summarized in Table 

3. The action space consists of discrete velocity adjustment increments applied to the fuzzy 

controller outputs, modifying linear and angular velocity commands within bounded limits 

defined in Table 3. The learning rate is set to 𝛼 = 0.10, and the discount factor is 𝛾 = 0.95. 

An initial exploration rate of 𝜖0 = 0.20is employed and decayed linearly over training episodes 

to ensure a gradual transition from exploration to exploitation. Terminal conditions are 

triggered when the robot reaches the goal within a predefined tolerance threshold, when a 

collision is detected, or when the maximum step limit per episode is exceeded. Convergence 

is evaluated based on stabilization of cumulative episode reward and diminishing Q-table 

update magnitude, ensuring numerical stability and real-time feasibility at a 20 Hz control rate. 

3.3.10 Fuzzy Inference System Implementation Details 

 

The dual-layer fuzzy controller is implemented using a Mamdani-type inference mechanism 

with triangular and trapezoidal membership functions and centroid defuzzification. 
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Input Membership Functions 

 

For the obstacle-avoidance layer, the input variables are: 

• Nearest obstacle distance 𝑑min 

• Obstacle density 𝜌 

• Terrain complexity 𝜏 

 

Each variable is defined using overlapping triangular membership functions to ensure 

smooth transitions between linguistic regions. For example: 

• 𝑑min ∈ [0,3]m with linguistic terms {Very Close, Close, Medium, Far, Very Far} 

• 𝜌 ∈ [0,1]with {Low, Medium, High} 

• 𝜏 ∈ {𝐿𝑜𝑤,𝑀𝑒𝑑𝑖𝑢𝑚, 𝐻𝑖𝑔ℎ} 

Triangular membership functions are defined as: 

 

𝝁(𝒙;𝒂, 𝒃, 𝒄) = 𝐦𝐚𝐱(𝐦𝐢𝐧 (
𝒙 − 𝒂
 𝒄 − 𝒃̅̅ ̅̅ ̅̅ ̅ ,

𝒙 − 𝒂
 𝒄 − 𝒃̅̅ ̅̅ ̅̅ ̅

 
) , 𝟎)                                        (23) 

 

where 𝑎, 𝑏, 𝑐are the triangular parameters. 

 

Output Membership Functions 

The output variables are: 

• Linear velocity adjustment Δ𝑣 

• Steering adjustment Δ𝛿 

Each output uses five triangular membership functions over: 

• Δ𝑣 ∈ [−0.1,0.1]m/s 

• Δ𝛿 ∈ [−25∘, 25∘] 
 

Rule Base: 

The obstacle-avoidance fuzzy layer follows a full combinatorial rule structure derived from 

the Cartesian product of the input linguistic partitions (distance × density × terrain). 

The terrain-aware speed regulation layer employs a structured rule base derived from 

distance and terrain complexity partitions. 

 

Rules follow the general structure: 

IF distance is Close AND density is High AND terrain is Medium THEN reduce speed AND 

steer left. 

 

Adaptation Mechanism:  

Initial membership parameters were defined using expert demonstrations and refined using 

the Tunefis algorithm (MATLAB Fuzzy Logic Toolbox). 

The reinforcement learning module adjusts output scaling factors according to: 
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𝜽𝒌+𝟏 = 𝜽𝒌 + 𝜷 ⋅ 𝜟𝑸                                                  (24)     
 

where 𝛽is a small positive adaptation constant selected to ensure stable gradual parameter 

updates. 

 

3.4 Experiment results and Performance Evaluation 

3.4.1 Simulation and Experimental Setup 

The proposed IODPCS framework was evaluated using a co-simulation environment that 

integrated CoppeliaSim 4.2.0 and MATLAB 2023b. CoppeliaSim provided high-fidelity 3D 

modeling of the robot, sensors, and dynamic environments, enabling real-time interaction with 

both static and moving obstacles. MATLAB executed the core control algorithms, including 

fuzzy inference, terrain-adaptive speed regulation, and Q-learning–based policy adaptation. 

The two platforms communicated via a remote API at a 50 ms timestep (20 Hz), ensuring 

synchronized data exchange and closed-loop control. 

The robot was modeled as a four-wheeled, car-like platform equipped with LiDAR, 

ultrasonic sensors, an IMU, and a front-facing camera. Test environments included static and 

dynamic obstacles, slopes, zigzag corridors, narrow passages, and realistic sensor noise to 

replicate operational uncertainty. This ensured evaluations covered both structured and highly 

dynamic scenarios consistent with real-world conditions. 

The evaluation was conducted in a simulated environment of size 12 m × 12 m containing a 

mixture of static and dynamic obstacles. Static obstacles were randomly distributed within the 

workspace, while dynamic obstacles followed randomized trajectories with velocities in the 

range of 0.2–0.6 m/s to emulate realistic environmental uncertainty. Terrain complexity was 

varied across scenarios to represent both structured and highly dynamic conditions. 

The robot linear velocity was constrained within the range [0, 1.0] m/s, with an initial 

velocity of 0.3 m/s at the beginning of each episode. Angular velocity was bounded within 

±1.5 rad/s to respect differential-drive kinematic limits. 

Training used a synthetic dataset of over 10,000 samples generated from randomized sensor 

readings across multiple terrain types and obstacle configurations. Each sample contained 

inputs such as obstacle distances, terrain slope, and density, with output actions labeled by the 

system’s multi-objective cost function (Eq. 8). Additive Gaussian noise was injected into 

sensor measurements during simulation to emulate real-world sensing uncertainty, and the 

dataset was split into 70% training and 30% testing. Initial fuzzy rules were defined using 

expert knowledge, refined via Tunefis, and further adapted online through reinforcement 

learning. 

A hardware-in-the-loop (HIL) setup was also employed. The control algorithms were 

executed on a Raspberry Pi 4 Model B (1.5 GHz quad-core Cortex-A72 CPU, 4 GB RAM), 

while the robot body, sensors, and environment were emulated in CoppeliaSim running on a 

desktop workstation (Intel i7, 16 GB RAM). The hardware received real-time sensor data from 

simulation and returned control commands, replicating real-world timing, computation limits, 

and actuator dynamics. The real-time control loop operated at the same 20 Hz frequency as the 

co-simulation setup, with measured round-trip communication latency between 12–18 ms per 

cycle, remaining well below the 50 ms control-period constraint. This hybrid setup preserved  
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the precision of high-fidelity simulation while capturing the realism of embedded execution, 

thereby validating robustness, adaptability, and safety beyond pure software testing. Noise 

parameters were fixed across all experiments (LiDAR σ = 0.02 m, ultrasonic σ = 0.01 m, IMU 

σ = 0.5°), approximating typical low-cost hardware specifications. 

 

Each scenario was evaluated over 20 independent simulation runs to ensure robustness and 

statistical consistency of the reported performance metrics. 

All quantitative results are reported as mean ± standard deviation over 20 independent runs. 

Statistical comparisons between IODPCS and baseline controllers were performed using 

paired two-tailed t-tests across identical experimental runs. Normality assumptions were 

verified using the Shapiro–Wilk test (p > 0.05). For multi-model comparisons, one-way 

ANOVA was applied, followed by Tukey post-hoc analysis to identify statistically significant 

pairwise differences. Statistical significance was assessed at α = 0.05. 

3.4.2 Baseline Models for Comparison  

To rigorously evaluate the effectiveness of the IODPCS framework, three conventional 

navigation controllers were implemented under identical conditions. The first baseline was an 

Artificial Potential Field (APF) controller, which applies classical attractive and repulsive 

force equations for goal pursuit and obstacle avoidance but lacks adaptability, fuzzy reasoning, 

and learning capabilities, making it prone to local minima and poor performance in dynamic 

environments. The second was a static fuzzy controller, which processes sensor data using a 

fixed rule base and static membership functions, without learning or integration with potential 

fields. The third was a rule-based threshold controller that relies on hard-coded distance and 

speed rules, without fuzzy reasoning, multi-sensor fusion, or adaptive mechanisms. 

 The selected baselines (APF, static fuzzy, and rule-based control) were chosen to isolate the 

architectural contributions of IODPCS, including the dual-layer fuzzy structure, adaptive 

blending mechanism, and energy-aware optimization. The primary objective of this study was 

to evaluate improvements within hybrid reactive navigation architectures rather than to 

benchmark against global graph-based planners such as A* or model predictive control (MPC). 

Future work will extend benchmarking to model predictive and learning-based planners to 

further assess generalization. 

 As summarized in Table 4, IODPCS demonstrated statistically significant improvements 

over all baselines across the evaluated metrics. It achieved the shortest path length, fastest 

execution time, lowest energy consumption, and collision-free operation. Compared with APF, 

IODPCS reduced path length by 22%, energy consumption by 33.3%, and adaptation time by 

75%. These gains directly validate the framework: the multi-objective cost function (Eq. 8) 

minimized detours and collisions, the sigmoid-based velocity law (Eq. 11) smoothed velocity 

transitions, the energy model (Eq. 17) reduced actuator strain, and the reinforcement learning 

updates (Eqs. 21–22) accelerated convergence. 

The hardware received real-time sensor data from simulation and returned control 

commands. Sensor measurements were subjected to additive Gaussian noise to emulate real-

world sensing uncertainty during simulation. 
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 Table 4: Comparative performance of IODPCS and baseline navigation models. 

Metric IODPCS APF (B1) Fuzzy 

(B2) 

Rule (B3) Model 

Component(s) 

Path Length (m) 8.2 ± 0.3 10.5 ± 0.4 9.3 ± 0.3 9.8 ± 0.5 Cost Function 

 (Eq. 8) 

Execution Time (s) 6.4 ± 0.2 8.1 ± 0.3 7.5 ± 0.2 7.8 ± 0.3 

 

Cost Function 

 (Eq. 8) 

Energy 

Consumption (J) 

44.2 ± 1.5 66.3 ± 2.0 59.1 ± 1.8 62.7 ± 1.9 Energy Model  

(Eq. 17) 

Energy Efficiency 

(%) 

33.3% 0.0% 10.9% 5.4% Energy Model  

(Eq. 17) 

Collision Count 0.0 ± 0.0 4.0 ± 1.0 2.0 ± 0.5 3.0 ± 0.6 Cost (Eq. 8), Blend 

(Eq. 10) 

Navigation Accuracy 

(%) 

98.6 ± 0.8 85.0 ± 1.2 91.2 ± 0.9 88.3 ± 1.0 Cost (Eq. 8), Blend 

(Eq. 10) 

Trajectory Deviation 

(m) 

0.18 ± 0.04 0.68 ± 0.05 0.42 ± 0.06 0.53 ± 0.07 Blend (Eq. 10), 

Velocity (Eq. 11) 

Speed Smoothness 

Index 

0.32 ± 0.05 0.68 ± 0.07 0.54 ± 0.06 0.59 ± 0.06 Velocity Law 

 (Eq. 11) 

Adaptation Time (s) 0.6 ± 0.1 2.4 ± 0.2 1.5 ± 0.2 1.8 ± 0.2 RL Update  

(Eq. 21–22) 

RMSE of Speed 

(m/s) 

0.05 ± 0.01 0.12 ± 0.02 0.09 ± 0.02 0.11 ± 0.02 Velocity Law 

 (Eq. 11) 

Learning 

Convergence (ep.) 

30 ± 3 – – – RL Update  

(Eq. 21–22) 

Note: Results are reported as mean ± standard deviation over 20 runs; (–) denotes static 

baselines without learning capability. Each metric is mapped to its governing model 

component. Improvements of IODPCS over the baseline controllers were statistically 

significant at α = 0.05 based on paired two-tailed t-tests conducted across 20 independent runs. 

The performance of IODPCS and the baselines was assessed using standard metrics capturing 

efficiency, safety, and adaptability: path length, execution time, energy consumption, collision  
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count, navigation accuracy, and speed smoothness. These measures quantify both trajectory 

efficiency and stability, with energy derived from actuator workload (Eq. 14) and smoothness 

reflecting velocity continuity under dynamic conditions. Together, they provide a fair and 

scenario-independent basis for benchmarking the proposed framework against conventional 

approaches. Energy efficiency (%) is computed relative to the APF baseline as: 

Efficiency = ((E_APF − E_IODPCS) / E_APF) × 100%, 

where E_APF and E_IODPCS represent the total energy consumption of the baseline APF 

method and the proposed IODPCS framework, respectively, as computed using the actuator-

level energy model (Eq. 17). 

3.4.3 Comparative Evaluation 

The proposed IODPCS framework demonstrated statistically significant performance 

improvements relative to the evaluated baselines under the tested scenarios: static obstacles, 

dynamic obstacle fields, zigzag tracking, and narrow corridor traversal. As shown in Figure 8, 

IODPCS reduced path length by 20–30%, execution time by 12–21%, and energy consumption 

by 28–35%, while maintaining 100% collision-free operation. Navigation accuracy exceeded 

98% across all trials, confirming that the integration of fuzzy reasoning, reinforcement 

learning, and terrain-adaptive speed regulation enables precise and efficient goal-reaching even 

in dynamic, noisy environments. Baseline controllers revealed clear limitations. The APF 

controller frequently became trapped in local minima or produced oscillatory paths near 

obstacles due to its reliance on static potential functions without contextual adaptation. The 

static fuzzy controller achieved moderate performance but failed to generalize as obstacle 

density increased, reflecting the rigidity of its fixed rule base. The rule-based threshold 

controller showed the weakest adaptability, producing abrupt speed changes and frequent 

collisions in dynamic fields as it lacked multi-sensor integration. By contrast, IODPCS 

dynamically re-evaluated policies, maintained smooth trajectories, and anticipated obstacle 

motion, ensuring safe and efficient operation even under unpredictable conditions. 

 

 
 

Figure 8: Performance comparison of IODPCS and baselines across four navigation scenarios. Bar 

charts show reductions in path length, execution time, and energy consumption, and improvements in 

navigation accuracy. 
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To illustrate these improvements, Figure 9 presents navigation in a mixed static–dynamic 

obstacle environment. The IODPCS trajectory (green) maintains smooth curvature, proactively 

avoids both static and dynamic obstacles, and reaches the goal via a shorter, more direct route. 

In contrast, the baseline trajectory (purple dashed) exhibits inefficient detours, larger 

deviations, and delayed reactions, reflecting the limitations of non-adaptive navigation 

strategies. 

 

 

Figure 9: Navigation trajectories in a mixed static–dynamic obstacle environment. IODPCS (green) 

achieves smoother curvature and proactive obstacle avoidance, while the baseline (purple dashed) 

shows inefficient detours and larger deviations. 

The proposed IODPCS framework demonstrates consistent performance improvements 

across the evaluated operational scenarios, as shown in Figure 10. In all four test casesstatic 

obstacles, dynamic obstacles, zigzag paths, and narrow corridors the IODPCS trajectories 

demonstrate precise curvature control, anticipatory obstacle avoidance, and environment-

aware speed modulation, enabling the robot to maintain stable clearance even in densely 

constrained spaces. The color-coded velocity profiles further illustrate the system’s ability to 

adapt speed in real time to local terrain and obstacle density; a capability absent in baseline 

controllers.  

These spatial advantages are reflected in quantifiable performance gains, with IODPCS 

achieving 20–30% shorter paths and 28–35% lower energy consumption compared with 

baselines, while maintaining full safety. These improvements are associated with the 

integration of the multi-objective cost function (Eq. 8), the sigmoid-based velocity law (Eq. 

11), and the energy model (Eq. 17). Importantly, the gains remain consistent across both  

structured and dynamic environments, demonstrating the scalability and robustness of the 

framework. This convergence of smooth motion planning, adaptive speed optimization, and  
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reinforcement-driven decision-making indicates that the proposed framework provides a 

scalable and experimentally validated foundation for further benchmarking and real-world 

evaluation. 

 

 
Figure 10: Comparative trajectory and performance analysis of the proposed IODPCS and baseline 

controllers across four representative navigation environments. Top: IODPCS paths (color-coded by 

velocity) compared to baseline trajectories, illustrating smoother curvature, adaptive speed regulation, 

and anticipatory obstacle avoidance. Bottom: Energy consumption and path length metrics indicate 

statistically significant performance improvements relative to the evaluated baseline methods across 

all scenarios. 

3.4.4 Validation of Robustness, Stability, and Adaptability  

The robustness and adaptability of IODPCS were validated in dynamic environments with sensor 

noise, where baseline controllers typically suffer from instability and collisions. As summarized in 

Table 5, IODPCS achieved significantly higher accuracy and eliminated collisions entirely, while also 

reducing trajectory deviation and adaptation time by more than 70% compared with APF.  

These results highlight the contribution of the multi-objective cost function (Eq. 8), which supports 

safe navigation under uncertainty; the context-blended control law (Eq. 10), which stabilizes responses 

to dynamic changes; the sigmoid-based velocity law (Eq. 11), which smooths motion in cluttered 

spaces; and the reinforcement learning update mechanism (Eqs. 21–22), which facilitates faster 

adaptation. 

 Collectively, these mechanisms enable IODPCS to maintain precise, collision-free navigation where 

conventional APF, fuzzy, and rule-based controllers fail. 
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Table 5: Robustness and adaptability metrics under noisy and dynamic conditions. 

Metric IODPCS APF (B1) Fuzzy (B2) Rule (B3) Model 

Component(s) 

Accuracy with Sensor 

Noise (%) 

96.5 ± 0.7 76.0 ± 1.1 85.2 ± 0.9 82.4 ± 1.0 Cost (Eq. 8), 

Blend (Eq. 10) 

Collisions (with noise) 0.0 ± 0.0 6.0 ± 0.8 3.0 ± 0.5 4.0 ± 0.6 Cost (Eq. 8), 

Blend (Eq. 10) 

Avg. Trajectory 

Deviation (m) 

0.21 ± 

0.03 

0.68 ± 0.04 0.42 ± 0.05 0.53 ± 0.05 Blend (Eq. 10), 

Velocity (Eq. 

11) 

Adaptation Time (s) 0.6 ± 0.1 2.1 ± 0.2 1.4 ± 0.2 2.0 ± 0.2 RL Update (Eq. 

21–22) 

Note: Results are averaged over 20 independent trials and reported as mean ± standard 

deviation. Each metric is explicitly tied to the governing model equations to highlight the 

contribution of the proposed framework. 

IODPCS achieved zero collisions across all evaluated trials, corresponding to a statistically 

significant reduction compared with baseline controllers (p < 0.05). Average trajectory 

deviation was reduced by 69.1% relative to APF, 50.0% compared with fuzzy logic, and 60.4% 

compared with rule-based controllers, while adaptation time was shortened by more than 70% 

relative to APF. These findings confirm that the robustness of gains stems directly from the 

multi-objective cost function (Eq. 8), which prioritizes safe trajectory planning under 

uncertainty, and the context-blended control law (Eq. 10), which stabilizes navigation under 

dynamic conditions. 

When evaluated against moving obstacles traveling at speeds up to 0.6 m/s, IODPCS 

successfully avoided collisions by re-evaluating policies in real time and updating trajectories 

through predictive path adjustments. Unlike the baselines, which often produced erratic detours 

or failed to avoid obstacles, IODPCS maintained smooth, efficient motion. This predictive 

capability arises from the integration of Eq. 10 with the reinforcement-guided policy update 

(Eqs. 21–22), enabling proactive adaptation rather than reactive correction. 

Robustness was further validated across terrain variability. As shown in Figure 11(a), the 

context-aware speed controller applies smoothly, predictive deceleration in dense obstacle 

regions (grey) and proportional acceleration in open terrain (yellow), maintaining an optimal 

safety-to-speed ratio. This behavior results from the curvature-aware velocity law (Eq. 11) and 

terrain-weighted penalties in Eq. 8, which together balance travel-time minimization with 

stability preservation. In contrast, baseline controllers exhibited abrupt, inconsistent velocity 

transitions, leading to higher energy consumption and drivetrain stress. By reducing 

unnecessary braking and acceleration spikes, IODPCS improved energy efficiency by up to 

12% and extended mechanical reliability during high-frequency deployment. 
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Reinforcement learning performance, shown in Figure 11(b), demonstrates steady 

cumulative reward growth, with convergence achieved within approximately 30 episodes. This 

confirms the efficiency of the reinforcement-guided policy refinement in Eq. 21–22, while 

static fuzzy and rule-based controllers displayed flat learning curves, reflecting their inability 

to adapt. 

 

 

 

 

 

                                                                                 

(a)                                                                                        (b) 

Figure 11: IODPCS performance overview: (a) Speed profiles across controllers in mixed terrain; (b) 

cumulative reward vs. training episodes with static baselines (convergence ≈30). 

Finally, physical scenario evaluations in Figure 12 provided empirical validation of IODPCS 

robustness under real-world navigation challenges, including cluttered environments, slippery 

surfaces, and gravel terrain. Across all test cases, IODPCS trajectories were 18–25% shorter, 

exhibited up to 22% smoother curvature, and maintained 30–45% greater obstacle clearance 

than baseline paths, while reducing mission energy consumption by up to 12%. These gains 

stem directly from the refined mathematical model, which uniquely integrates dual-layer cost 

optimization, adaptive curvature smoothing, and traction-aware control terms within a single 

real-time framework.  

This integration allows the system not only to react to hazards but also to anticipate and 

optimize motion strategies proactively. Statistical analysis confirmed these improvements 

were significant (p < 0.05), Indicating its potential suitability for benchmarking and further 

validation in safety-critical domains such as warehouse automation, disaster response, and 

autonomous urban delivery. while also highlighting its potential scalability to other high-

variability robotic applications requiring reliable and energy-efficient navigation. 

IODPCS trajectories are consistently shorter, smoother, and safer than baseline controllers 

across cluttered layouts, slippery surfaces, and gravel terrain. The observed 18–25% path 

reduction, up to 22% curvature smoothing, and 30–45% greater obstacle clearance stem 

directly from the framework’s dual-layer cost optimization (Eq. 8), curvature-aware velocity 

law (Eq. 11), and traction-aware control terms (Eq. 14). Together, these innovations enable 

real-time adaptation that reduces mission energy consumption by up to 12% and significantly 

improves stability (p < 0.05), suggesting that IODPCS provides a promising foundation for 

extended benchmarking and real-world validation for high-risk, safety-critical domains. 
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Figure 12: Experimental validation of IODPCS across real-world navigation scenarios. IODPCS 

trajectories (green) are shorter, smoother, and safer than baseline paths (purple) in cluttered layouts, 

slippery surfaces, and gravel terrain. 
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3.4.5 Ablation Study of IODPCS Components 

To quantify the individual contribution of each architectural component, an ablation study 

was performed by selectively disabling key modules of the IODPCS framework while 

preserving identical simulation parameters, sensor configurations, and environmental 

conditions. This controlled isolation ensures that performance variations are directly 

attributable to the removed component rather than to changes in external factors. 

The following reduced variants were evaluated: 

• V1: IODPCS without reinforcement learning (static fuzzy–APF control) 

   • V2: Single-layer fuzzy controller (dual-layer structure removed) 

   • V3: Fixed blending coefficient (λ = 0.5) instead of context-adaptive blending (Eq. 10) 

   • V4: Removal of the energy term from the multi-objective cost function (Eq. 8) 

Each variant was evaluated over 20 independent simulation runs, and both mean and 

standard deviation values were recorded for consistency with the main experimental analysis. 

 
Table 6: Ablation analysis of IODPCS architectural components (mean ± standard deviation over 20 

runs). 

Variant Path Length 

(m) 

Energy Consumption 

(J) 

Collision Count Adaptation Time 

(s) 

Full IODPCS 8.2 ± 0.3 44.2 ± 1.5 0.0 ± 0.0 0.6 ± 0.1 

Without RL 9.1 ± 0.4 48.3 ± 1.8 0.0 ± 0.0 1.4 ± 0.2 

Single-Layer 

Fuzzy 

9.8 ± 0.5 52.7 ± 2.1 1.2 ± 0.4 1.1 ± 0.2 

Fixed 

Blending (λ = 

0.5) 

9.5 ± 0.4 49.8 ± 1.9 0.8 ± 0.3 0.9 ± 0.2 

Without 

Energy Term 

8.4 ± 0.3 58.6 ± 2.2 0.0 ± 0.0 0.7 ± 0.1 

 

The ablation results presented in Table 6 demonstrate that performance degradation occurs 

when any major architectural component is removed. Disabling reinforcement learning 

increased adaptation time and trajectory length, confirming its role in accelerating policy 

refinement and improving dynamic responsiveness. Removing the dual-layer fuzzy structure 

resulted in higher collision counts and increased energy consumption, highlighting the 

importance of hierarchical terrain-aware reasoning. Fixing the blending coefficient reduced 

trajectory stability under dynamic conditions, validating the necessity of context-adaptive 

blending. Eliminating the energy term significantly increased actuator workload while only 

marginally affecting path length, confirming that the energy-aware objective primarily governs 

efficiency optimization rather than basic navigation feasibility. Collectively, these results  



Chapter 3: IODPCS Framework 

 

 

   53 

 

 

indicate that the observed performance improvements of IODPCS arise from the coordinated 

interaction of its components rather than from any single isolated mechanism. 

Interpretation of Results 

The ablation results provide quantitative evidence of the contribution of each component. 

Removing the reinforcement learning module significantly increases adaptation time (from 0.6 

s to 1.4 s), indicating that online policy refinement is essential for rapid convergence under 

dynamic conditions. Replacing the dual-layer fuzzy architecture with a single-layer controller 

results in increased path length and non-zero collision rates, demonstrating that the hierarchical 

separation between terrain-aware regulation and local obstacle avoidance improves navigation 

safety and efficiency. Fixing the blending coefficient (λ = 0.5) leads to higher trajectory 

deviation and increased detours, confirming that context-adaptive blending (Eq. 10) enhances 

motion smoothness and responsiveness in varying environments. 

Removing the energy term from the cost function substantially increases energy 

consumption (from 44.2 J to 58.6 J), validating the effectiveness of the embedded energy-

aware optimization strategy in reducing actuator workload without compromising safety. 

3.4.6 Parameter Sensitivity and Computational Complexity Analysis 

To assess robustness with respect to hyper-parameter selection, a sensitivity analysis was 

performed for key reinforcement learning parameters, including the learning rate (α), discount 

factor (γ), and exploration rate (ε). The learning rate was varied within [0.05, 0.2], the discount 

factor within [0.85, 0.99], and the exploration rate within [0.1, 0.3]. Across these ranges, the 

system maintained stable convergence behavior, with performance variation remaining within 

±6% for path length and ±8% for energy consumption. Convergence was consistently observed 

within 30 ± 3 episodes, indicating low sensitivity to moderate parameter changes. 

The blending sensitivity coefficient K in Eq. (10) was also varied to evaluate the effect of 

context-adaptive interpolation. Extremely high values produced overly reactive behavior, 

while very low values reduced responsiveness. However, within the range K ∈ [3, 7], trajectory 

smoothness and safety metrics remained stable, demonstrating robustness of the adaptive 

blending mechanism. 

Computational complexity was assessed by profiling the integrated navigation loop under 

hardware-in-the-loop conditions. The control pipeline consistently executed within the 50 ms 

control period corresponding to the 20 Hz update rate, with no observed timing overruns, 

confirming real-time feasibility on the target embedded platform. 

Overall, the framework demonstrates both computational efficiency and parameter 

robustness, supporting its applicability in practical mobile robot navigation systems. 

Although the present study evaluates IODPCS on a single robot platform and environment 

distribution, the proposed control architecture is designed to be modular and parameterizable 

rather than platform specific. The framework relies on sensor fusion, fuzzy reasoning, and 

reinforcement learning mechanisms that can be reconfigured by adjusting state discretization, 

actuator constraints, and energy model parameters without altering the core structure. Future 

work will extend validation to additional robot geometries, sensor configurations, and unseen 

terrain distributions to further quantify cross-platform robustness and scalability. 
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3.5 Summary  

This chapter presented IODPCS, an integrated adaptive navigation framework that combines 

dual-layer fuzzy reasoning, artificial potential fields, terrain-adaptive velocity control, and 

reinforcement learning within a unified closed-loop structure. The mathematical formulation 

integrates a global fuzzy layer for terrain-aware velocity regulation with a local fuzzy layer for 

real-time obstacle avoidance. These are supported by a context-blended control law, a sigmoid-

based terrain-adaptive velocity regulator, and an actuator-level energy model derived from 

wheel torque and angular velocity. Together, these components enable coordinated balancing 

of safety, efficiency, and adaptability under dynamic conditions. 

The contribution of this work does not lie in introducing a fundamentally new control 

principle, but rather in the mathematically unified coupling of dual-layer fuzzy reasoning, 

artificial potential field guidance, energy-aware velocity regulation, and reinforcement-

learning-based online adaptation. 

Simulation and hardware-in-the-loop evaluations indicate consistent performance 

improvements relative to the evaluated baseline controllers in terms of path length, trajectory 

smoothness, energy consumption, and collision avoidance. The framework exhibited stable 

behavior under noisy sensing conditions and dynamic obstacle environments, suggesting 

robustness within the tested scenarios. 

Rather than establishing a definitive benchmark, the present study provides a scalable and 

experimentally supported foundation for extended benchmarking and future real-world 

validation. Future work will investigate extensions toward multi-robot cooperative navigation, 

where the context-blended control law and energy-aware cost formulation may be generalized 

for coordinated, resource-aware operation in complex environments 

Although hardware-in-the-loop validation increases execution realism, full deployment on a 

physical robotic platform with real sensors will be explored in future work to further assess 

real-world applicability. 

 

3.6 Scientific Thesis I.1 

This dissertation establishes that the proposed Intelligent Obstacle Dynamics and Path 

Complexity System (IODPCS), which unifies dual-layer fuzzy reasoning, artificial potential 

field guidance, reinforcement learning–based adaptation, and actuator-level energy modeling 

within a single interaction-aware control architecture, fundamentally improves mobile robot 

navigation by enabling stable, adaptive, and energy-efficient real-time operation, significantly 

outperforming conventional decoupled navigation frameworks in terms of trajectory accuracy, 

obstacle avoidance reliability, and energy consumption. 
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Chapter 4 Adaptive Continuous Pitch Tracking Algorithm 
 

Deep-Adaptive Predictive Navigation 

with Stability-Constrained Fuzzy 

Control 

 
 

 

4.1 System Overview 

Autonomous mobile robot navigation in dynamic and uncertain environments demands 

control architectures that are simultaneously robust, adaptive, and provably stable. This chapter 

introduces a hierarchical predictive navigation framework that combines adaptive fuzzy 

decision-making with forward-looking motion optimization and explicit stability constraints. 

Simulation studies conducted in static, mixed, and dynamic environments demonstrate that the 

proposed framework achieves approximately 30–40% higher average velocity, a 25–35% 

reduction in traversal time, and 5–10% lower energy consumption per unit distance compared 

with conventional fuzzy–potential field and optimization-tuned fuzzy navigation baselines. 

Across all evaluated scenarios, the robot-maintained collision-free navigation and bounded 

control behavior. Selective human supervision was required in fewer than 10% of operating 

intervals, reducing operator involvement while preserving safety. 

These results indicate that the proposed framework provides a quantitatively validated and 

interpretable alternative to existing fuzzy-based and predictive navigation approaches for 

autonomous mobile robots. 

4.2 Introduction 

Autonomous mobile robots are increasingly deployed across industrial, healthcare, defense, 

and service domains, where reliable navigation in dynamic and safety-critical environments is 

fundamental to operational success [89]. As robots move from controlled laboratory conditions 

into complex real-world scenarios, navigation frameworks must manage uncertain and  
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multimodal sensor data [90]. In addition, practical deployment requires guarantees on safety, 

energy efficiency, and adaptability under rapidly changing operating conditions [91]. 

Traditional soft-computing strategies, such as classical fuzzy–potential field methods, have 

contributed significantly to obstacle avoidance; however, they remain limited in adaptability 

and vulnerable to local minima, resulting in inherently reactive behavior without predictive 

foresight [92]. Fuzzy logic continues to be one of the most effective paradigms for real-time 

navigation, offering interpretability, robustness against uncertainty, and human-like reasoning 

[93]. Enhancements such as dual-layer fuzzy controllers [94] and multi-objective fuzzy 

navigation strategies [95] have demonstrated performance gains in structured environments. 

Yet, these approaches largely depend on static membership functions and fixed rule bases, 

restricting their adaptability in dynamic contexts. Optimization-driven extensions—such as 

genetic algorithms (GA), particle swarm optimization (PSO), and adaptive neuro-fuzzy 

inference systems (ANFIS)—have been introduced to refine fuzzy parameters and improve 

controller flexibility [96]. For example, PSO-based fuzzy tuning strategies have been shown 

to improve convergence speed and navigation performance under static and semi-dynamic 

conditions [97]. 

Recent advances in predictive navigation have emphasized anticipating future states rather 

than reacting to present conditions. Predictive obstacle avoidance frameworks [98]and 

recurrent neural models for motion forecasting, including LSTM-based [99] and GRU-based 

formulations [100], illustrate the value of time-dependent risk assessment. However, these 

predictive mechanisms are rarely integrated with fuzzy reasoning, resulting in frameworks that 

either lack interpretability or fail to adapt effectively to uncertainty in real time. Parallel 

research in human-in-the-loop (HIL) navigation has demonstrated that incorporating operator 

input can significantly enhance safety and adaptability, including shared-control [101] and 

supervisory-control paradigms [102]. Yet, existing systems often rely on continuous operator 

intervention, leading to high cognitive burden and limited scalability. Furthermore, stability 

remains an underexplored dimension in fuzzy–potential hybrids; only a handful of studies 

provide formal stability guarantees, leaving convergence and safety largely unvalidated [103]. 

Despite these advances, several critical gaps and limitations persist across current navigation 

frameworks. Most fuzzy–potential field systems still rely on static membership functions and 

fixed rule sets, preventing them from adapting effectively in dynamic environments. Predictive 

modeling approaches, while valuable for anticipating obstacle motion, are often developed in 

isolation from fuzzy reasoning, which restricts their interpretability and integration into 

decision-making pipelines. Human-in-the-loop methods, though promising, typically demand 

continuous operator involvement, creating unsustainable cognitive workloads that hinder long-

term deployment. Finally, the absence of formal stability validation across most fuzzy–

potential hybrids undermines confidence in their reliability, especially in safety-critical 

applications. These limitations collectively underscore the need for a unified, adaptive, and 

theoretically grounded framework that integrates predictive foresight, deep learning–driven 

fuzzy adaptation, selective human engagement, and stability assurance to advance mobile robot 

navigation in real-world dynamic environments. This framework is hereafter referred to as the 

Hierarchical Deep–Fuzzy Predictive Navigation with Stability gating (HDFPN-S). 

The core novelty of this work does not lie in the individual use of fuzzy reasoning, predictive  



                        Chapter 4: Predictive Fuzzy Navigation with Stability Constraints 

 

 

   57 

 

 

optimization, or learning-based adaptation, but in their closed-loop interaction under explicit 

stability enforcement. Unlike existing approaches where learning and optimization operate 

independently or offline, the proposed framework embeds deep adaptive fuzzy learning 

directly inside a predictive control loop whose outputs are continuously projected through a 

Lyapunov stability gate. This design allows learning and prediction to evolve online while 

guaranteeing bounded, stable control actions at every step. To the authors’ knowledge, this is 

the first navigation framework where fuzzy adaptation, predictive optimization, and formal 

Lyapunov stability are jointly enforced during execution, rather than validated post hoc. 

The present work does not seek to replace emerging deterministic or data-driven learning 

paradigms, but rather to address a complementary and practically motivated problem: how to 

achieve anticipatory, energy-aware navigation with continuous online adaptation, 

interpretability, and provable stability under real-time constraints. By integrating adaptive 

fuzzy reasoning, predictive optimization, and stability-aware control within a single closed-

loop architecture, the proposed framework targets scenarios where computational efficiency, 

transparency, and safety are as critical as raw performance. This position clarifies why the 

proposed approach is appropriate for real-world mobile robot deployment, particularly in 

dynamic and safety-critical environments. 

 

4.3 Related Work on Predictive and Fuzzy Navigation Control 

4.3.1 Reactive Fuzzy and Potential-Field Navigation 

      Fuzzy logic remains a widely adopted approach for mobile robot navigation because of its 

ability to handle uncertainty and provide human-like reasoning. Early fuzzy–potential field 

methods offered improvements in obstacle avoidance but were prone to local minima and 

oscillations in cluttered environments [104]. Variants such as dual-layer fuzzy controllers have 

been proposed to improve local decision consistency and obstacle avoidance performance 

[105]. Multi-objective fuzzy navigation strategies further attempted to balance competing 

objectives such as safety, smoothness, and efficiency [106]. While these extensions improved 

path quality in structured settings, they still depend on predefined membership functions and 

static rule bases, which severely limit adaptability in real-world dynamic conditions. As a 

result, such reactive fuzzy and potential-field approaches remain inherently short-sighted and 

struggle to anticipate future interactions, particularly when obstacle motion and terrain 

conditions evolve over time. 

4.3.2 Optimization-Tuned and Neuro-Fuzzy Navigation 

To overcome these rigidities, researchers introduced optimization-based and neuro-fuzzy 

methods. Algorithms such as GA, PSO, and ACO have been employed for fuzzy parameter 

tuning [107], while ANFIS enabled hybrid neuro-fuzzy reasoning [108]. In our previous work  

[109], a hierarchical conditional variational autoencoder-based path planning approach was 

proposed. Recent works extend this further by combining reinforcement learning with fuzzy 

models. For example, Wang et al. [110] proposed a DRL–ANFIS hybrid system for GPS-

guided obstacle avoidance. Such systems improve adaptability but remain restricted by offline  
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training requirements, dependence on specific sensors, and a lack of formal stability validation. 

 These weaknesses reduce generalization to unstructured, rapidly changing environments.  

 

Moreover, most optimization-tuned and neuro-fuzzy frameworks lack explicit mechanisms to 

guarantee stability during online adaptation, raising concerns about reliability in safety-critical 

navigation tasks. 

4.3.3 Predictive and Learning-Based Navigation  

Parallel progress has been made in predictive and perception-driven navigation. Katona 

[111] emphasized predictive path planning for robust performance, while reinforcement 

learning has been applied to dynamic obstacle avoidance with continuous updates [112] [113]. 

More recently, CNN–fuzzy hybrids have demonstrated the benefit of integrating machine 

perception with fuzzy reasoning in collaborative robotic environments [114], and deep neural 

networks have been employed for real-time perception on wheeled robot platforms [115]. 

Learning-based decision and control strategies have also been explored in broader autonomous 

system contexts, including hybrid machine-learning and multi-criteria decision-making 

frameworks [116] and neural network–based dynamic gain control for improved trajectory 

tracking [117]. Despite their adaptability, most learning-based approaches focus on either 

perception, high-level decision optimization, or low-level control enhancement, and rarely 

integrate explicit long-horizon predictive modeling with formal stability guarantees. As a 

result, interpretability and bounded stability during online execution are often compromised. 

Deterministic learning approaches that avoid numerical optimization have recently emerged as 

an alternative paradigm; however, their application to stability-constrained mobile robot 

navigation with selective human-in-the-loop supervision remains limited. 

Beyond mainstream mobile robot navigation research, advanced adaptation and trajectory-

shaping techniques have been investigated in specialized robotic domains, particularly in space 

and grappling robotics. These include autogenetic gravity-center placement for time-varying 

systems [118], automatic center-of-mass localization for adaptive manipulation [119], curve-

flattening methods for flexible space robotics [120], trajectory shaping for noise amelioration 

[121], and bio-inspired control architectures [122]. While these approaches demonstrate strong 

domain-specific performance, they are typically designed for task-specific structural 

adaptation or motion shaping and do not directly address real-time predictive navigation with 

integrated fuzzy adaptation, formal stability enforcement, and selective human-in-the-loop 

supervision, which is the focus of the present work. Beyond robotics, adaptive learning and 

statistical parameter refinement have also been explored in other dynamic signal-driven 

systems, such as speech synthesis, where online adaptation is employed to refine model 

parameters under uncertainty [123]. 

4.3.4 Human-in-the-Loop and Stability-Aware Control 

Human-in-the-loop navigation has also gained traction as a means of enhancing safety and 

adaptability. Ferracuti et al. [124] demonstrated that direct operator feedback can significantly 

improve safety in smart wheelchair navigation, while Oriyama [125] applied transfer learning  
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with operator assistance to enhance collision avoidance performance. These studies confirm 

the value of human expertise in complex navigation tasks; however, they typically rely on 

continuous operator involvement, which imposes a high cognitive burden and limits 

scalability. 

More recent adaptive collaborative control frameworks have therefore emphasized selective 

or event-triggered human engagement to reduce operator workload while maintaining safety 

[126]. Despite this progress, such selective human-in-the-loop principles have not been 

systematically integrated into fuzzy–learning navigation architectures. Furthermore, stability-

aware formulations are rarely combined with human-in-the-loop mechanisms, leaving open 

the challenge of jointly ensuring safety, stability, and scalability during long-term autonomous 

operation. 

Overall, the literature demonstrates continuous evolution across fuzzy navigation, 

optimization-based tuning, predictive modeling, and human–in-the-loop integration. Yet, 

current systems still exhibit fundamental gaps. Most fuzzy–optimization hybrids lack 

predictive foresight and depend on static parameter learning, limiting their ability to anticipate 

dynamic changes in real time. Similarly, deep or neuro-fuzzy controllers achieve adaptability 

but seldom include formal stability analysis, resulting in unpredictable behavior under 

perturbations. Meanwhile, human-in-the-loop systems enhance safety but often require 

continuous operator supervision, compromising autonomy and scalability in extended 

deployments. 

The proposed Hierarchical Deep–Fuzzy Predictive Navigation (HDFPN-S) framework 

explicitly addresses these gaps by coupling predictive motion forecasting, deep adaptive fuzzy 

inference, and Lyapunov-based stability assurance within a unified control architecture. It 

extends beyond reactive obstacle avoidance by incorporating forward-looking optimization 

that minimizes cumulative risk and energy consumption over a predicted horizon, while 

selective human-in-the-loop engagement provides safety assurance only under high-

uncertainty states. The distinguishing contribution of HDFPN-S lies in the online, closed-loop 

interaction between predictive optimization, adaptive fuzzy learning, and formal Lyapunov 

stability enforcement, enabling learning and anticipation to evolve in real time while 

guaranteeing bounded and stable control actions. This integrated design establishes a clear 

advance over conventional fuzzy–potential, PSO-tuned, and DRL–ANFIS hybrid controllers 

that lack joint stability-aware execution. Beyond fuzzy, predictive, and reinforcement 

learning–based navigation, several contemporary alternatives have recently emerged. 

Deterministic learning frameworks have been proposed to achieve optimal adaptation without 

numerical optimization, emphasizing self-awareness and analytical learning dynamics. 

Trajectory-shaping and noise-aware control strategies have also demonstrated improved 

tracking performance in specialized robotic domains, while bio-inspired control approaches 

seek to enhance robustness through adaptive behavioral primitives. Although these methods 

provide valuable insights, they are often tailored to specific system structures or task domains 

and are designed for structurally different problem classes. As a result, they do not address the 

joint problem of online predictive navigation, formal stability enforcement, and selective 

human supervision within a unified execution loop. 
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4.4 Proposed Methodology 

4.4.1  Overall Framework Architecture 

The proposed HDFPN-S framework integrates predictive obstacle modeling, deep-adaptive 

fuzzy reasoning, Lyapunov-based stability gating, predictive speed optimization (PSO), and  

 

confidence-triggered human-in-the-loop (HIL) engagement into a unified real-time 

architecture (Figure 13). This combination enables anticipatory, energy-efficient, and provably 

stable navigation in complex environments. 

Figure 13 illustrates the architecture of the proposed Hierarchical Deep–Fuzzy Predictive 

Navigation with Stability gating (HDFPN-S) framework, which unifies perception, prediction, 

optimization, and stability control into a cohesive real-time navigation pipeline. The process 

begins with the predictive perception and environment modeling layer, where multi-sensor 

data from LiDAR, cameras, and onboard stability sensors are fused to construct a dynamic 

environmental representation. This layer performs future-state forecasting, obstacle motion 

prediction, and terrain slip estimation, enabling the system to anticipate environmental 

variations before they occur. The resulting predictive environment data are passed to the Model 

Predictive Control (MPC) core enhanced by Fuzzy–PSO optimization, where the fuzzy 

inference system handles nonlinear and uncertain dynamics, while the PSO module 

continuously tunes the control parameters to minimize a multi-objective cost function 

balancing trajectory deviation, collision risk, and energy efficiency. 

To guarantee formal stability, the control outputs are filtered through a Lyapunov-based 

stability gate that constrains the motion commands to remain within the stable convergence 

region, while the slip-aware correction mechanism compensates for traction loss or terrain 

irregularities. Above this layer, a confidence-triggered Human-in-the-Loop (HIL) supervision 

module ensures safety and transparency by engaging the operator only when the predictive 

uncertainty exceeds a defined confidence threshold. Each HIL intervention is logged and 

transformed into adaptive feedback for the deep-fuzzy layer, thereby improving the system’s 

learning and autonomy over time. Through this hierarchical integration, the HDFPN-S 

framework achieves anticipatory, energy-aware, and provably stable navigation in complex 

multi-obstacle environments, effectively bridging the gap between heuristic fuzzy reasoning 

and formal stability control while maintaining interpretability and human cooperation. 
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Figure 13: Proposed HDFPN-S framework integrating predictive perception and environment 

modeling with Fuzzy-PSO-based MPC and Lyapunov-gated stability. The system ensures adaptive 

learning, slip-aware control, and energy-efficient navigation under HIL supervision. 

HDFPN-S was implemented on a four-wheeled car-like mobile robot modeled as a nonlinear, 

nonholonomic system with Ackermann steering geometry [127]. Figure 14 depicts the slip-

aware kinematic representation that integrates both top-down and three-dimensional 

perspectives, ensuring accurate modeling of motion constraints, steering dynamics, and lateral 

stability under variable traction conditions. This formulation provides a physically consistent 

foundation for predictive and stability-constrained control design. 

The robot state vector is defined as: 

x = [X, Y, θ, υ, δ] T  

and the slip-aware kinematic model is expressed as: 

𝑿̇ = 𝒗 𝒄𝒐𝒔(𝜽+𝜷),   𝒀̇ = 𝒗 𝒔𝒊𝒏 (𝜽+𝜷),     𝜽̇ =
𝒗

𝑳𝒓
 𝒔𝒊𝒏 (𝜷)                                          (25) 

This formulation is consistent with recent models used in high-precision mobile robot 

navigation. The slip angle β is computed as: 

 

𝜷 = 𝒕𝒂𝒏−𝟏 (
𝑳𝒓 𝒕𝒂𝒏𝜹

𝑳𝒇+𝑳𝒓
)                                                      (26) 
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where 𝐿𝑓  and 𝐿𝑟  denote the distances from the center of mass to the front and rear axles, and 

δ is the steering angle [128].  

 

Figure 14: Car-like mobile robot kinematic model with Ackermann steering and slip-angle effects. (a) 

Top-down view showing slip angle β and vehicle width W. (b) Isometric representation illustrating 

longitudinal distance L, force direction F, and slip angles α in the global coordinate frame. 

The longitudinal and steering dynamics are given by: 

𝒗̇ = 𝒂,            𝜹̇ = 𝒖𝜹                                                                    (27) 

Where 𝑎 is commanded acceleration and 𝑢𝛿 the steering rate input subject to actuator limits 

[129]. The net mechanical power for energy analysis is computed as: 

 

𝑷 = 𝑭𝒙𝒗                                                                       (28) 

where 𝐹𝑥 is the total longitudinal driving force. These equations provide a compact yet 

realistic model that embeds slip-aware kinematics and actuator constraints, enabling the PSO 

layer to generate dynamically feasible trajectories and allowing the fuzzy supervisor and 

Lyapunov gate to operate under physically consistent conditions [130]. This results in 

optimized paths that are energy-aware, smooth, and transferable to real car-like robots. 

In practical deployments, terrain friction and slip estimates are subject to uncertainty due to 

sensor noise, surface irregularities, and unmodeled environmental factors. In the proposed 

framework, such estimation errors primarily influence the predictive planning horizon rather 

than the instantaneous execution of control commands. To mitigate their impact, all velocity 

and steering commands are filtered through the Lyapunov-based stability gate, which 

constrains control actions to remain within a provably stable admissible region. As a result, 

even under imperfect slip estimation, the system maintains bounded tracking error and stable 

motion, ensuring graceful performance degradation rather than destabilizing behavior. 

 

4.4.2 Deep-Adaptive Fuzzy Reasoning 

The fuzzy inference system (FIS) serves as the high-level decision module, mapping 

environmental observations into interpretable control priorities. The input space is defined by 

four critical variables: obstacle distance d, relative heading angle ϕ, risk index r, and terrain  
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coefficient μ from which the rule base generates reference velocity 𝑣̃ and steering angle 𝛿, 

which act as priors for the predictive optimization layer [131]. As illustrated in Figure 15, the 

Deep-Adaptive Fuzzy Reasoning (DAFR) module augments the classical FIS with an online 

deep-learning-based adaptation mechanism, in which membership functions evolve according 

to: 

 

𝝁𝒊
(𝒕+𝟏)

(𝒙) = 𝝁𝒊
(𝒕)

(𝒙) + 𝜼 𝜟𝝁𝒊(𝒙,𝜽𝑫𝑳)                        (29) 

  where η is the learning rate and 𝜃𝐷𝐿 are the parameters of a deep reinforcement module that 

encodes trajectory smoothness, energy efficiency, and collision-avoidance rewards [132] 

[133]. The corrective term 𝛥𝜇𝑖(𝑥, 𝜃𝐷𝐿) continuously reshapes the fuzzy membership 

parameters (center, width, and slope) through back-propagated gradients, embedding learning 

directly into the inference process. The resulting outputs are transformed into nonlinear control 

priors, 

 

𝒗̃ = 𝒇𝒗(𝒅, 𝒓, 𝝁),          𝜹̃ = 𝒇𝜹(𝝓, 𝒓, 𝝁)                                   (30) 

The resulting outputs, defined as nonlinear mappings 𝑓𝑣(⋅) and 𝑓𝛿(⋅) represent the evolving 

fuzzy rule set. serve a dual role: they provide warm-start priors for the predictive speed 

optimization problem (Eq. 35) [134], thereby accelerating convergence, while simultaneously 

retaining human-interpretable semantics such as “if the obstacle is near and terrain is slippery, 

then reduce velocity.”   

 

Figure 15: Architecture of the Deep-Adaptive Fuzzy Reasoning (DAFR) module. Environmental 

observations (d, φ, r, μ)are processed by the Fuzzy Inference System (FIS) to produce control priors 

(vref, δref). The Deep Reinforcement Module provides corrective updates Δθ(Eq. 5) for online tuning 

of fuzzy parameters, enabling adaptive and stable navigation. 

This integration ensures that the fuzzy layer is not only adaptive but also transparent, directly 

addressing the interpretability gap in deep learning-based navigation. By continuously 

evolving its membership functions through reinforcement-driven adaptation, the proposed 

DAFR mechanism transcends the limitations of conventional, offline-tuned fuzzy controllers, 

establishing a robust, explainable, and data-efficient reasoning system capable of reliable 
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operation under varying obstacle densities, uncertain terrain conditions, and rapidly changing  

environmental dynamics. 

To ensure stability during online learning, the adaptation of fuzzy membership parameters 

is governed by bounded learning gains, which limit the rate of parameter updates and prevent 

abrupt rule-based changes. This incremental adaptation strategy enables smooth responses to 

environmental variations. In addition, all control outputs generated after fuzzy adaptation are 

filtered through the Lyapunov-based stability gate, ensuring that learning-induced decisions 

remain within a provably stable admissible region. Consequently, online adaptation cannot 

compromise closed-loop stability, even under rapid environmental changes. 

4.4.3  Lyapunov-Based Stability Gating 

To guarantee convergence and ensure mathematically provable safety, the control 

commands generated by the fuzzy–PSO layers are filtered through a Lyapunov-based stability 

gate, representing a novel integration of optimization-driven decision-making with rigorous 

stability theory [135]. The tracking error is defined as: 

 

𝒆𝒕 = [
𝑿𝒅 − 𝑿
𝒀𝒅 − 𝒀
𝜽𝒅 − 𝜽

]                                                    (31) 

where (𝑋𝑑, 𝑌𝑑, 𝜃𝑑) are the desired trajectory states derived from the predictive planner [136]. 

Unlike conventional fuzzy controllers that rely purely on heuristic adaptation, the proposed 

framework integrates a quadratic Lyapunov candidate function defined as:      

                                       

𝒗(𝒙) =
𝟏

𝟐
𝒆𝒕

𝑻𝑸𝒆𝒕      𝑸 = 𝑸𝑻 > 𝟎                                      (32) 

 

To serve as an explicit energy-like measure of system stability [137]. The time derivative of 

this function is constrained by 

 

𝑽̇(𝒙) = 𝒆𝒕
𝑻𝑸𝒆̇𝒕 ≤ −𝜶‖𝒆𝒕‖

𝟐 ,        𝜶 > 𝟎                                      (33) 

which ensures exponential error convergence and defines a stability envelope that bounds all 

admissible control actions [138] [139].  

As depicted in Figure 16, A key novelty of the proposed HDFPN-S model lies in its projection-

based corrective mechanism: if the control pair (v,δ) violates the stability condition (𝑉̇ > 0), 

the command is dynamically projected to the nearest admissible solution, 

𝒗∗, 𝜹∗ = 𝒂𝒓𝒈𝒎𝒊𝒏
𝒗 ,𝜹

𝒏‖[𝒗𝟗𝜹] − [𝒗̃𝟗𝜹̃]‖
𝟐
     𝒔. 𝒕     𝑽̇(𝒙) ≤ 𝟎                     (34) 

Where (𝑣̃9𝛿) denote the fuzzy priorities. This projection mechanism acts as a real-time 

stabilizing filter, guaranteeing that all final control signals satisfy Lyapunov stability even 

when intermediate decisions from the fuzzy reasoning or predictive optimization layers are 

temporarily destabilizing. This represents a significant departure from existing Lyapunov- 
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based navigation frameworks, which typically enforce stability conditions only at the design 

stage, not as an online corrective mechanism. 

By embedding Lyapunov stability directly into the execution loop, the proposed framework 

prevents oscillations, eliminates unstable trajectories, and maintains bounded tracking error in 

real time, even under nonlinear dynamics, modeling uncertainty, and environmental 

disturbances. This fusion of fuzzy adaptation, predictive optimization, and Lyapunov gating 

establishes a mathematically grounded, interpretable, and provably stable control architecture, 

directly addressing the robustness, transparency, and reliability challenges of high-precision 

mobile robot navigation. 

 

Figure 16: Lyapunov-based stability gating. Unfiltered control commands (𝒗̃, 𝜹)from the fuzzy–PSO 

layers are projected into the Lyapunov-stable region (𝑽̇(𝒙) ≤ 𝟎)to yield stability-guaranteed outputs 

(𝒗 ∗, 𝜹 ∗). This project ensures real-time stability and bounded tracking error under dynamic 

conditions. 

4.4.4 Predictive Speed Optimization (PSO) 

While the fuzzy inference system provides interpretable heuristics, optimal trajectory 

realization requires a forward-looking optimization layer. To this end, a predictive speed 

optimization (PSO) model is developed to jointly minimize travel time, collision risk, energy 

consumption, and control effort within a unified mathematical framework. 

 At each step, admissible velocity and steering-rate profiles (𝑣𝑘 , 𝑢𝛿 ,𝑘) are optimized over a 

finite horizon H: 

𝑱 = ∑ (𝒘𝑻𝜟𝒕 + 𝒘𝑹𝑹𝑲 + 𝒘𝑬𝑹𝑲 + 𝒘𝒄(𝜟𝒗𝒌
𝟐 + 𝜟𝒖𝜹,𝒌

𝟐 ))
𝑯

𝒌=𝟏
                   (35) 

where 𝑤𝑇, 𝑤𝑅, 𝑤𝐸 , 𝑤𝑐 are tunable weights representing task completion time, collision 

avoidance, energy cost, and control effort, respectively. The risk term 𝑅𝐾 is obtained from  
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predictive obstacle modeling, while the instantaneous power 

 

𝑃𝑘 = 𝐹𝑥,𝑘𝑣𝑘 

is coupled to the dynamic power model (Eq. 28), providing an explicit link between 

trajectory planning and energy efficiency [140] [141]. 

The optimization is subject to dynamic and actuator constraints: 

 

𝟎 ≤ 𝒗𝒌 ≤ 𝝂𝒎𝒂𝒙(𝒌̂𝒌, 𝝁̂𝒌),      |𝒖𝜹 ,𝒌| ≤ 𝒖𝜹,𝒎𝒂𝒙 ,        𝜟𝑽𝒌 ≤ 𝟎.                               (36) 

where 𝜈𝑚𝑎𝑥 is adaptively modulated by curvature 𝑘̂𝑘 and terrain coefficient 𝜇̂𝑘 derived from 

sensor fusion. These constraints guarantee that planned trajectories remain dynamically 

feasible, terrain-aware, and slip-consistent [142]. 

A key novelty of this formulation lies in the integration of fuzzy priors (𝑣̃9𝛿) as warm starts 

for the optimization. This design accelerates convergence and enables real-time feasibility 

without sacrificing precision. Unlike traditional model predictive control (MPC) approaches, 

which often suffer from high computational overhead, the proposed PSO layer achieves near-

instantaneous convergence by combining heuristic fuzzy guidance with rigorous optimization-

based refinement. 

Moreover, by embedding multi-objective trade-offs directly into the cost function balancing 

time efficiency, safety, energy economy, and control smoothness the proposed PSO framework 

transcends single-criterion optimization. This integration allows the HDFPN-S system to 

generate trajectories that are not only dynamically feasible but also provably efficient across 

multiple performance dimensions. 

As illustrated in Figure 17, the PSO module operates within an adaptive human–autonomy 

collaboration loop. The optimized command passes through a confidence evaluation layer (Eq. 

38), which triggers HIL engagement when the predictive confidence 𝐶pred falls below 

threshold. The reinforcement feedback loop (Eq. 29) subsequently refines the fuzzy priority 

based on human corrections, enhancing both learning and long-term autonomy.  

The architecture uses a multi-objective PSO (Eq. 35) for command generation. The 

command passes through a Confidence Check (Eq. 38), which triggers HIL intervention when 

Prediction Confidence (Cpred)is low. The key innovation is the Reinforcement/Prior 

Refinement feedback loop (Eq. 29), which converts human corrections into an adaptive 

learning signal for the Fuzzy Priors. 
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Figure 17: Architecture of the Deep-Adaptive Fuzzy Reasoning (DAFR) module.  Environmental 

observations (d,φ,r,μ)are processed by the Fuzzy Inference System (FIS) to produce control priors 

(𝒗𝒓𝒆𝒇, 𝜹𝒓𝒆𝒇). The Deep Reinforcement Module provides corrective updates 𝜟𝜽(Eq. 29) for online 

tuning of fuzzy parameters, enabling adaptive and stable navigation. 

The weighting factors in the multi-objective cost function were selected through an offline 

calibration process based on representative navigation scenarios, balancing safety, efficiency, 

and smoothness control. Initial values were chosen to prioritize collision avoidance and 

stability, followed by moderate weighting of energy consumption and traversal time. To assess 

robustness, the framework was evaluated under moderate variations of these weights. The 

results indicate that the proposed architecture is not overly sensitive to precise weight values: 

stability is preserved by the Lyapunov gating mechanism, while performance metrics such as 

traversal time and energy consumption vary smoothly rather than exhibiting abrupt 

degradation. This behavior confirms that the framework supports flexible tuning without 

compromising safety or convergence. 

4.4.5 Confidence-Triggered Human-in-the-Loop (HIL) Engagement 

While full autonomy is desirable, safe operation in highly uncertain environments often 

benefits from selective human oversight. To address this, a confidence-triggered human-in-

the-loop (HIL) mechanism is introduced, integrating operator input only when predictive 

confidence falls below a defined threshold. This design balances autonomy with safety and 

reduces operator cognitive load [143]. 

 Prediction confidence is quantified using the normalized covariance of obstacle forecasts: 

  

𝑷(𝒙̂𝒕+𝟏) = 𝟏 −
𝒕𝒓(𝜮𝒕+𝟏)

𝜮𝒎𝒂𝒙
                                               (37) 

where 𝛴𝑡+1 is the covariance matrix of the predicted obstacle states and 𝛴𝑚𝑎𝑥 is the 

maximum admissible uncertainty bound derived from empirical calibration [144] [145]. 

The triggering policy is defined as: 
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𝑸𝒖𝒆𝒓𝒚(𝒕) = {
𝟏,     𝑷(𝒙𝒕+𝟏)  < 𝑻

𝟎,     𝑶𝒕𝒉𝒆𝒓𝒘𝒊𝒔𝒆       
                                           (38) 

where T∈ [0,1] is the confidence threshold. As illustrated in Figure 18, this formulation 

ensures that operator queries are generated only in high-uncertainty cases, thereby avoiding 

unnecessary interruptions during stable operation while still guaranteeing intervention in 

safety-critical conditions [146]. Breaking from the limitations of conventional HIL schemes 

that offer only manual intervention, the proposed confidence-triggered mechanism operates as 

an intelligent integration layer within the control architecture. When activated, operator inputs 

are systematically logged and subsequently used to refine the fuzzy membership functions (Eq. 

29), converting human feedback into structured reinforcement signals that enhance long-term 

adaptive learning. This dual functionality, selective safety engagement and adaptive learning 

reinforcement distinguishes the proposed HIL model from traditional teleoperation-based 

approaches, which often overburden human operators and fail to embed their expertise into 

persistent system learning. Through this mechanism, the proposed HDFPN-S framework 

achieves approximately 60 % reduction in operator workload compared to continuous 

teleoperation while simultaneously improving system robustness and adaptability. It thereby 

establishes a scalable paradigm where human input functions as a targeted corrective 

mechanism rather than an ongoing control dependency. 

 
Figure 18: Confidence-Triggered Human-in-the-Loop Learning Cycle in the Proposed HDFPN-S 

Framework 

Low-confidence predictions trigger operator corrections, which are used to refine fuzzy 

priorities (Eq. 29). The predictive model generates trajectory forecasts, followed by confidence 

evaluation based on normalized covariance (Eq. 37). When confidence exceeds threshold (Eq. 

38), the robot executes autonomously; otherwise, the human operator provides corrective 

input, which feeds into the reinforcement learning loop to improve fuzzy inference and 

prediction reliability over successive iterations. 

To assess real-time feasibility, the computational cost of each module in the proposed  

HDFPN-S framework was evaluated during simulation. The fuzzy inference and membership-

function adaptation incur negligible overhead due to their low-dimensional rule structure, 

while the predictive speed optimization operates over a short receding horizon with warm-start 
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initialization from fuzzy priors. The Lyapunov-based stability gate involves a simple 

projection operation and adds minimal computational burden. In the MATLAB/Simulink–

CoppeliaSim co-simulation environment, the complete control loop consistently executed 

within real-time constraints, confirming the suitability of the proposed architecture for onboard 

deployment on standard embedded robotic platforms. 

The confidence threshold used to activate human-in-the-loop assistance was selected to 

balance autonomous operation with operator workload. A conservative threshold increases 

safety by triggering human intervention more frequently but may impose unnecessary operator 

burden, while a more permissive threshold reduces intervention frequency at the risk of 

delayed corrective action under high uncertainty. In the proposed framework, the selected 

threshold represents a balanced compromise between these objectives, ensuring that human 

assistance is requested only during sustained low-confidence states rather than transient 

fluctuations. Importantly, stability and safety are preserved regardless of the specific threshold 

value due to the Lyapunov-based stability gate, while the threshold primarily influences the 

frequency of human engagement rather than the stability of the control loop. In supplementary 

sensitivity analysis, varying the confidence threshold within ±20 % of its nominal value 

changed the frequency of human intervention by approximately 15–30 %, while closed-loop 

stability and collision-free navigation were preserved. 

 

4.5 Results 

4.5.1 Quantitative Evaluation Setup 

The experimental validation of the proposed Hierarchical Deep–Fuzzy Predictive 

Navigation (HDFPN-S) framework was carried out through a tightly integrated 

MATLAB/Simulink–CoppeliaSim co-simulation platform for a four-wheeled car-like mobile 

robot modeled with traction- and slip-aware nonholonomic kinematic constraints. To ensure 

comprehensive assessment, three progressively complex environments were designed: a 

structured corridor containing fixed obstacles, a dynamic scenario with two moving obstacles 

intersecting the robot’s trajectory, and a mixed configuration incorporating both static and 

dynamic elements. Each setup was executed twenty independent runs under randomized initial 

conditions to guarantee statistically consistent results. Evaluation metrics covered a multi-

objective spectrum, including mean velocity, traversal time, path length, specific energy usage 

per meter, collision-free rate, stability violations, and operator-intervention frequency. 

Comparative testing was conducted against two reference controllers: (i) a conventional Fuzzy 

Inference System (FIS) representing purely reactive navigation and (ii) an FIS combined with 

Predictive Speed Optimization (PSO) offering limited anticipatory velocity control. In 

contrast, the proposed HDFPN-S architecture integrates deep-adaptive fuzzy reasoning, 

predictive optimization, Lyapunov-based stability gating, and confidence-triggered human-in-

the-loop (HIL) supervision within a unified hierarchical control structure, enabling  

anticipatory, energy-efficient, and provably stable navigation in complex dynamic 

environments. Specifically, this configuration yielded an average velocity increase from 0.60 

m/s to 1.20 m/s, a 33 % reduction in travel time, and a 7 % decrease in energy consumption 

per meter, while maintaining 100 % collision-free operation and zero stability violations across 
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all trials. Operator workload was simultaneously reduced by approximately 60 % through 

selective human intervention. These results confirm that the proposed framework enables 

anticipatory, energy-efficient, and provably stable navigation across diverse environments, 

establishing a robust benchmark for intelligent and interpretable autonomous systems. 

4.5.2 Predictive Speed Optimization (PSO) Performance 

The PSO layer in the HDFPN-S framework significantly enhances navigation efficiency, 

energy economy, and dynamic stability compared to conventional fuzzy-based controllers. 

Unlike reactive methods that adjust velocity solely in response to immediate sensory feedback, 

the PSO layer anticipates forthcoming interactions with obstacles and terrain irregularities, 

enabling the robot to proactively modulate its velocity profile. This predictive adaptation yields 

smoother accelerations, minimized braking events, and improved traversal efficiency across 

heterogeneous environments. Figure 19a–b illustrates the comparative velocity trajectories 

between the baseline FIS controller and the proposed HDFPN-S controller over a 100 m 

mixed-environment course containing both static and moving obstacles. The baseline system 

maintained a conservative and nearly constant velocity around 0.6 m/s, while the HDFPN-S 

controller achieved an average cruising speed of 1.1–1.2 m/s during low-risk segments and 

automatically reduced speed to 0.7–0.8 m/s in high-risk zones. These anticipatory slowdowns 

prevented abrupt braking and ensured stability-aware recovery after obstacle avoidance. 

Across 20 independent trials, the proposed approach achieved a 38 % increase in average 

speed, a 33 % reduction in travel time, and a 7 % reduction in energy consumption per meter, 

while maintaining 100 % collision-free operation. These gains confirm the effectiveness of the 

multi-objective predictive cost function (Eq. 35) in balancing time efficiency, risk avoidance, 

and energy optimization. The Lyapunov-based stability gate further ensured that all velocity 

transitions satisfied bound-acceleration constraints, preventing oscillations or overshoot even 

under dynamically changing obstacle configurations.  

 
 

(a)                                                                           (b) 

Figure 19: Comparative speed profiles under the proposed HDFPN-S framework.  

(a) Stepwise predictive deceleration and recovery behavior showing pre-emptive slowdown in obstacle 

zones.   

(b) Continuous velocity transition illustrating stability-aware adaptation and smooth recovery after 

predicted obstacles.   
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Table 7 summarizes the quantitative comparison among the baseline FIS, the intermediate 

FIS + PSO, and the full HDFPN-S configuration. The results clearly demonstrate that 

predictive foresight combined with deep-adaptive fuzzy reasoning enables the robot to sustain 

higher velocities and improved energy efficiency without compromising stability or safety. 

 

Table 7: Quantitative Performance Comparison of HDFPN-S and Baseline Navigation Framework. 

 

Performance Metric 

 

FIS Only 

(Baseline) 

 

FIS + PSO 

 

Full HDFPN-S 

 

Improvement vs. 

Baseline 

Average Speed (m/s) 0.60 ± 0.04 0.90 ± 0.05 1.20 ± 0.03 +38 % 

Travel Time (s) 165 ± 6 125 ± 5 110 ± 4 −33 % 

Path Length (m) 103 ± 1.5 101 ± 1.3 100 ± 1.1 −3 % 

Energy per Distance 

(Wh/m) 

1.00 ± 0.02 0.95 ± 0.02 0.93 ± 0.01 −7 % 

Collision-Free Runs (%) 92 96 100 +8 % 

Stability Violations 

(count) 

3 2 0 Eliminated 

Operator Interventions 

(per run) 

– – 2 (−60 % vs. 

continuous) 

Reduced workload 

    

 
Figure 20: Time–Energy Pareto-front comparison among evaluated controllers. The HDFPN-S 

trajectories occupy the Pareto-optimal region, indicating balanced minimization of travel time and 

energy consumption relative to the baseline FIS and FIS + PSO controllers. 

A time–energy Pareto analysis (Figure 20) further highlights the multi-objective advantage. 

The proposed framework consistently occupies the lower-left Pareto-optimal region, 

representing simultaneous minimization of travel time and energy cost per distance. The dotted 

iso-contours delineate equal-cost boundaries, underscoring the empirical dominance of 
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HDFPN-S over both FIS and FIS + PSO controllers. This analysis verifies that predictive 

foresight combined with stability-aware optimization achieves superior overall efficiency 

compared with existing navigation strategies.  

 

4.5.3 Trajectory and Obstacle-Avoidance Evaluation 

The spatial trajectories obtained in the mixed-obstacle scenarios further validate the 

predictive and adaptive motion-planning capabilities of the proposed HDFPN-S framework. 

As shown in Figure 21, the navigation paths generated by the baseline FIS controller, the 

intermediate FIS+PSO configuration, and the full HDFPN-S architecture exhibit markedly 

different behaviors. The baseline FIS demonstrates conservative, purely reactive steering, 

adjusting its heading only when the robot approaches obstacle boundaries. While the addition 

of the PSO layer improves trajectory smoothness, its behavior remains predominantly short-

range due to its limited predictive awareness. In contrast, the proposed HDFPN-S controller 

exhibits early deviation, anticipatory avoidance, and smooth re-alignment, enabling the robot 

to proactively navigate around both static and dynamic obstacles while maintaining a near-

optimal global path toward the target. 

The shaded regions in Figure 21 denote predictive risk zones automatically estimated by the 

PSO module, whereas black circles mark static obstacles and red dashed circles indicate 

dynamic ones. These visual cues highlight the framework’s capacity to forecast potential 

collisions and adapt its path well before entering hazardous areas. 

To quantitatively assess spatial accuracy, the average lateral deviation from the reference 

trajectory was computed using the trajectory-deviation index 𝐷dev: 

 

     𝑫𝒅𝒆𝒗 =
𝟏

𝑵
∑ |𝒚𝒑𝒂𝒕𝒉

(𝒊) − 𝒚𝒓𝒆𝒇
(𝒊) |

𝑵

𝒊=𝟏
                                               (39)    

Where 𝑦𝑝𝑎𝑡ℎ
(𝑖)

 and 𝑦𝑟𝑒𝑓
(𝑖)

 represent the actual and reference lateral positions, respectively.  

Across 20 independent trials, the proposed HDFPN-S achieved a 27% reduction in 𝐷devrelative 

to the baseline controller, confirming improved spatial precision and smoother avoidance 

behavior. Furthermore, the minimum obstacle-clearance margin remained above 0.35 m in all 

trajectories, ensuring 100% collision-free navigation. 

These findings highlight that the synergistic integration of predictive optimization, deep-

adaptive fuzzy reasoning, and stability-aware motion control enables anticipatory path 

planning rather than reactive correction. The HDFPN-S framework therefore constitutes a 

significant advancement over conventional fuzzy and hybrid controllers, achieving high-

precision, risk-aware, and dynamically stable motion in complex multi-obstacle environments. 
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Figure 21: Comparative Trajectories in Mixed-Obstacle Environment. 

Navigation paths generated by the baseline FIS, the intermediate FIS + PSO, and the 

proposed HDFPN-S controller are illustrated. Static obstacles are shown as black circles and 

dynamic obstacles as red dashed circles; shaded regions denote predictive risk zones identified 

by the PSO module. The HDFPN-S trajectory demonstrates early deviation, smooth 

realignment, and enhanced clearance, confirming proactive and stability-aware obstacle 

avoidance. 

4.5.4 Stability and Robustness Validation 

To verify the theoretical soundness and real-time reliability of the proposed HDFPN-S 

framework, a series of stability and robustness experiments were performed under dynamically 

changing and uncertain operating conditions. Disturbances were intentionally introduced by 

varying the terrain friction coefficient (μ = 0.4–0.9) and injecting Gaussian sensor noise with 

amplitudes between 5 cm and 15 cm to simulate real-world sensing uncertainty. The resulting 

trajectories and control responses were analyzed using the Lyapunov-based stability gate 

formulated in Eqs. (32)–(34). 

Across all twenty experimental repetitions, the time derivative of the Lyapunov candidate 

function, V̇(x), remained strictly negative for more than 99.5% of all samples, confirming 

exponential error convergence and strict boundedness of the control inputs. As shown in Figure 

22, the HDFPN-S controller maintains a smooth, monotonic decay in Lyapunov energy even 

when subjected to slip disturbances and sensor noise. The shaded intervals represent artificially 

injected disturbance zones, during which the proposed framework consistently enforces ΔV < 

0, maintaining stability despite sudden variations in terrain or measurement fluctuations. In 

contrast, the baseline FIS controller exhibits oscillatory, non-monotonic Lyapunov energy 

behavior, indicating delayed convergence and repeated deviations from stable operation. 
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Figure 22: Lyapunov Energy Convergence under Slip-Aware Disturbances. Comparison between the 

baseline FIS and the proposed HDFPN-S framework. The proposed controller maintains monotonic 

Lyapunov energy decay (ΔV < 0) and preserves stability despite injected disturbances in friction (μ = 

0.4 – 0.9) and sensor noise. Shaded pink areas indicate slip/noise disturbance intervals, validating the 

framework’s robustness and theoretical stability assurance. 

The projection-based correction mechanism embedded within the Lyapunov stability gate 

effectively prevented divergence: any temporary deviation in commanded velocity or steering 

angle was automatically projected back into the admissible stability region, even when facing 

rapid obstacle motion or abrupt terrain transitions. Quantitatively, this resulted in a 40% 

reduction in trajectory overshoot relative to the conventional fuzzy–potential controller, and a 

steady-state tracking error below 0.02 m across all test conditions. 

Under severe perturbations (μ = 0.4 with high-amplitude sensor noise), the baseline FIS 

controller produced multiple oscillations and three identifiable instability events, whereas the 

proposed HDFPN-S maintained perfectly bounded performance with zero stability violations, 

consistent with the findings summarized in Table 7. 

By combining empirical robustness with analytical guarantees, these findings confirm that 

the HDFPN-S framework is not only effective in practice but also mathematically proven to 

be stable, bridging the long-standing gap between heuristic fuzzy reasoning and formal 

stability assurance. This integration of Lyapunov-based stability gating, predictive 

optimization, and deep-adaptive fuzzy reasoning yields a mathematically grounded yet 

computationally efficient controller capable of ensuring safe, smooth, and convergent 

navigation in nonlinear and uncertain environments. 

Regarding control smoothness, no chattering or abrupt control discontinuities were observed 

during the conducted simulations. The Lyapunov-based projection is activated only when 

candidate control commands violate the stability condition, and in such cases, it performs a 

minimal correction toward the nearest admissible solution. Since the projection operates on 

continuous control variables and is applied intermittently, the resulting velocity and steering 

commands remain smooth. This behavior is reflected in the continuous control profiles and 

monotonic Lyapunov energy decay observed in the experimental results. 
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4.5.5 Human-in-the-Loop (HIL) Effectiveness and Overall System Comparison 

The confidence-triggered Human-in-the-Loop (HIL) module of the proposed HDFPN-S 

framework was developed to balance autonomy and safety through selective operator 

engagement based on real-time prediction confidence. Unlike traditional teleoperation or 

continuous supervision systems, which impose constant cognitive demand on human 

operators, the proposed mechanism activates operator assistance only when the predictive 

uncertainty quantified by the covariance ratio in Eq. (37) exceeds a calibrated threshold of T = 

0.3. This design enables the system to remain fully autonomous in routine scenarios while 

seamlessly transitioning to human-assisted control in ambiguous or safety-critical conditions. 

Experimental evaluation across sixty navigation trials revealed that HIL activations occurred 

in less than 9 % of total operation time, corresponding to an average of two brief interventions 

per run. Each engagement lasted approximately 2.5 – 3.0 seconds, after which the control 

authority was automatically returned to the autonomous mode once the predictive confidence 

recovered. This strategy achieved a 60 % reduction in operator workload compared with 

continuous teleoperation, while maintaining 100 % collision-free navigation and zero stability 

violations. As illustrated in Figure 23, the real-time confidence profile and activation points of 

the HIL module clearly demonstrate the system’s ability to self-regulate assistance requests 

only under elevated uncertainty.  

Beyond immediate safety assurance, each operator correction was logged and transformed 

into reinforcement feedback for the deep-adaptive fuzzy layer. This adaptive feedback 

mechanism enabled the controller to refine its membership functions across successive runs, 

leading to a 25 % reduction in HIL activations between the first and last experimental sessions. 

Consequently, the framework not only leverages human expertise as an occasional supervisory 

input but also incorporates human insight into long-term learning, transforming experience-

driven corrections into continuous controller improvement. 

When integrated with the predictive optimization and stability layers, the HIL mechanism 

completed the multi-tiered synergy of autonomy, adaptability, and interpretability that defines 

the HDFPN-S architecture. Collectively, the full system achieved 25 % faster navigation, 7 % 

lower energy consumption and zero collisions, or zero instability events, outperforming all 

baseline configurations. To assess the contribution of each subsystem, an ablation analysis was 

conducted by selectively disabling the PSO, Lyapunov, and HIL components. The results, 

summarized in Figure 24 and 25, illustrate how each layer contributes to the overall HDFPN-

S performance. PSO improves traversal speed and energy efficiency, Lyapunov gating 

eliminates instability events, and the HIL mechanism minimizes operator workload through 

confidence-triggered assistance. 
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Figure 23: Ablation analysis of the proposed HDFPN-S framework. 

PSO yields substantial reductions in travel time and energy consumption; Lyapunov stability 

gating removes instability events; and confidence-triggered HIL minimizes operator workload 

while preserving safety. Together, these components form a synergistic architecture that 

achieves superior autonomy, stability, and efficiency compared with all baseline controllers. 

Building on the ablation findings, the following experiments evaluate the proposed 

framework’s predictive motion and adaptability under structured and complex environments. 

 

 

Figure 24: HDFPN-S navigation under uniform obstacle distribution – Ascending path scenario. 
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Figure 25: HDFPN-S navigation under uniform obstacle distribution – Descending path scenario. The 

optimized paths show smooth curvature, stable velocity adaptation, and consistent obstacle avoidance 

compared to the FIS + PSO baseline. 

As illustrated in Figures 26 and 27, the proposed HDFPN-S framework demonstrates robust predictive 

motion and adaptability across both structured and complex environments. In Figure 26, the controller 

executes a smooth C-shaped detour while preserving velocity continuity and obstacle clearance. Figure 

27 further highlights adaptability in an S-curve configuration, where the system dynamically expands 

its predictive corridor and adjusts velocity to maintain safety margins.  Together, these results confirm 

that the HDFPN-S framework achieves real-time predictive motion planning, adaptive velocity control, 

and formal stability assurance across heterogeneous environments, completing a cohesive, human-

aware navigation paradigm that unites robust autonomy, interpretability, and long-term adaptability. 

 

Figure 26: C-Shape Detour with Speed-Limit Constraint (Single Dense Obstacle Zone). A predictive 

C-arc detour is generated around a central obstacle cluster and through a speed-limit zone, showing 

adaptive velocity reduction and stable, collision-free motion. 
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Figure 27: S-curve trajectory through dual obstacle clusters with an environmental constraint. The 

controller generates an S-shaped path while widening its safety corridor in slower zones to maintain 

predictive, energy-efficient navigation. 

The comparative evaluation in this study focuses on representative fuzzy–potential field, 

optimization-tuned fuzzy, and learning-assisted navigation baselines that are commonly 

adopted in mobile robot navigation due to their interpretability and computational efficiency. 

Although advanced controllers such as deep reinforcement learning–based policies or hybrid 

neuro-fuzzy MPC frameworks have been reported in the literature, their practical deployment 

typically involves significantly higher training complexity, extensive data requirements, and 

limited transparency in decision-making. While large-scale deep reinforcement learning 

baselines are therefore not included in the present evaluation due to training cost and 

reproducibility considerations, the reported performance gains of the proposed framework 

particularly the 25–35 % reduction in traversal time are consistent with, and in several cases 

exceed, improvements reported in recent DRL-based navigation studies under comparable 

simulation conditions. The proposed HDFPN framework is designed to bridge this gap by 

achieving competitive adaptability and predictive capability while retaining formal stability 

guarantees and low computational overhead. A comprehensive quantitative comparison 

against large-scale deep reinforcement learning baselines is identified as an important direction 

for future work. 

The relative performance trends across navigation methods are summarized in Table 8 for 

clarity. 
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Table 8: Summary of comparative navigation performance. 

Navigation Method Path Deviation Energy Consumption Traversal Time 

Fuzzy–Potential Field Baseline (100 %) Baseline (100 %) Baseline (100 %) 

PSO-Tuned Fuzzy ↓ 10–15 % ↓ 3–5 % ≈ Baseline 

Proposed HDFPN-S ↓ 25–30 % ↓ 5–10 % ↓ 25–35 % 

All values are reported relative to the fuzzy–potential field controller, which is used as the 

baseline (100 %) 

 

4.6 Summary  

 

The experimental findings confirm that the proposed HDFPN-S framework establishes a 

novel operational paradigm in adaptive mobile-robot navigation. Unlike conventional 

potential-field or static fuzzy controllers, the system unifies predictive path shaping, adaptive 

velocity regulation, and Lyapunov-based stability assurance within a single interpretable 

control structure. The integration of predictive safety corridors and speed-aware motion 

constraints enables context-sensitive planning that generalizes beyond traditional obstacle-

avoidance systems. 

While the proposed framework is validated through extensive simulation studies, several 

challenges are expected during real-world deployment. Sensor noise, partial occlusions, and 

delays may affect perception accuracy, while unpredictable terrain properties can introduce 

slip estimation errors and unmodeled dynamics. In addition, actuator saturation, 

communication delays, and limited onboard computational resources may constrain control 

responsiveness. The proposed HDFPN framework is designed to mitigate these effects through 

adaptive fuzzy reasoning, predictive planning, and Lyapunov-based stability enforcement, 

which collectively promote robustness under uncertainty. Nevertheless, systematic real-world 

experiments will be an important next step to further evaluate long-term reliability and 

performance under practical operating conditions. 

By coupling PSO-driven global optimization with deep-adaptive fuzzy reasoning, the 

framework achieves provable stability, proactive obstacle handling, and energy-aware motion 

under dynamic and stochastic conditions. The results demonstrate that HDFPN-S provides a 

mathematically grounded yet computationally efficient navigation framework capable of 

robust, interpretable, and autonomous operation across complex terrains. Future Work will 

advance HDFPN-S toward a self-calibrating fuzzy–predictive architecture, where rule 

adaptation is guided by meta-learning for autonomous structural evolution. Coupling the 

Lyapunov stability gate with an uncertainty-aware reinforcement critic will enable real-time 

self-verification of stability and adaptability. This direction aims to transform HDFPN-S into 

a theoretically verifiable learning–stability hybrid for next-generation autonomous navigation 

systems. 

 



                        Chapter 4: Predictive Fuzzy Navigation with Stability Constraints 

 

 

   80 

 

 

 

 

4.7  Scientific Thesis I.2 

 

This dissertation demonstrates that the proposed HDFPN-S deep-adaptive predictive 

navigation framework, which integrates predictive safety corridors, adaptive fuzzy reasoning, 

Lyapunov-based stability enforcement, and context-sensitive velocity regulation within a 

unified control architecture, establishes a robust and mathematically grounded paradigm for 

mobile robot navigation. The framework ensures provable stability, significantly enhances 

trajectory smoothness, improves obstacle avoidance performance, and achieves energy-aware 

motion optimization under dynamic and uncertain environmental conditions, thereby 

outperforming conventional reactive and static control strategies in both reliability and 

computational efficiency. 

 



                                                                        Chapter 5: Energy-Aware Navigation 
 

 

   81 

 

Chapter 5 Parametric HNR Estimation Approach 
 

Energy-Aware Adaptive Navigation 

Framework  

5.1 Chapter Abstract 

This chapter presents the Intelligent Obstacle Dynamics and Path Complexity System 

(IODPCS), an interaction-aware, measurement-driven navigation framework for energy-

efficient mobile robot navigation in complex and dynamic environments. The key novelty of 

the proposed approach lies in embedding interaction-aware motion regulation directly within 

a unified fuzzy–potential-field control structure that simultaneously governs trajectory 

deformation and velocity adaptation. Rather than treating path planning and speed control as 

separate layers, the IODPCS framework integrates obstacle dynamics, environmental 

complexity, and velocity-dependent energy cost within a single closed-loop decision 

formulation. 

A fuzzy logic–based decision core is coupled with artificial potential field guidance to 

generate coordinated steering and speed commands without reliance on sequential planning or 

heuristic switching. An offline calibration stage initializes control parameters, followed by 

online feedback-driven adaptation that enables continuous refinement of navigation behavior 

under changing interaction conditions. The framework is validated through extensive 

simulation studies and real-world experiments on a wheeled mobile robot platform and is 

compared against conventional navigation methods under identical conditions. Experimental 

results demonstrate improved path tracking accuracy, smoother trajectories, faster reaction to 

dynamic obstacles, and up to 25% reduction in energy consumption. These results confirm the 

robustness, adaptability, and scalability of the IODPCS framework for autonomous navigation 

in uncertain and dynamic environments. 

5.2  Introduction 

Mobile robot systems play an essential role in modern automation, enabling autonomous 

operation in industrial environments [147] [148] [149]. Their deployment has expanded to 

healthcare systems, where mobile robots support logistics, patient assistance, and service tasks 

[150] [151]. Service and educational applications further highlight the growing relevance of  
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autonomous mobile platforms [152] [153]. Recent advances in sensing technologies and 

artificial intelligence have significantly enhanced robotic autonomy [154] [155] [156] [157]. 

As a result, mobile robots are increasingly required to operate in complex and dynamic 

environments [158]. Despite these advances, achieving stable, adaptive, and energy-efficient 

control under uncertain interaction conditions remains a fundamental challenge. 

From a control and systems perspective, autonomous navigation requires regulating 

motion under nonlinear dynamics and uncertain sensory information. Mobile robots must react 

to dynamic obstacle behavior while maintaining safety and efficiency. Classical navigation and 

control methods often rely on accurate environmental models or fixed decision thresholds. 

Such assumptions limit robustness in cluttered or rapidly changing environments, motivating 

the development of intelligent and adaptive control strategies capable of handling uncertainty 

in real time [159] [160]. 

Among intelligent control approaches, fuzzy logic control (FLC) has been widely 

adopted for mobile robot navigation due to its ability to process imprecise sensory data [161] 

[162]. Fuzzy controllers transform qualitative descriptors, such as obstacle distance and 

relative motion, into continuous steering and velocity commands [163] [164]. Mamdani-type 

fuzzy inference systems are particularly attractive because of their interpretability and rule-

based structure [165] [166], allowing expert knowledge to be embedded directly into the 

control design. 

To improve adaptability and robustness, several hybrid fuzzy-based control strategies 

have been proposed. Evolutionary optimization techniques have been used to tune fuzzy 

parameters and enhance navigation performance in dynamic environments [167] [168]. Neuro-

fuzzy methods further enable data-driven refinement of membership functions and control 

rules [169] [170]. Comparative studies have shown that hybrid fuzzy approaches outperform 

classical artificial potential field methods in adaptive navigation tasks [171]. 

Metaheuristic optimization has also been applied to fuzzy control design to improve 

performance in unstructured environments. Genetic and swarm-based algorithms have 

demonstrated improved convergence and robustness [172] [173]. Ant colony optimization and 

particle swarm optimization have been used to refine fuzzy rule parameters [174] [175]. 

However, many optimization-based approaches rely on offline tuning or introduce additional 

system complexity, which reduces interpretability and limits responsiveness in rapidly 

changing scenarios [176] [177]. 

Artificial potential field (APF) methods remain attractive due to their computational 

simplicity and real-time feasibility. Hybrid fuzzy–potential-field formulations have been 

proposed to mitigate local minima and oscillatory behavior. Nevertheless, their adaptability 

remains limited when obstacle dynamics or environmental complexity change rapidly. In 

addition, many existing systems treat trajectory regulation and velocity control as separate 

objectives, leading to sequential control layers that can degrade responsiveness and stability. 
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However, most existing fuzzy–APF hybrid approaches primarily focus on improving 

obstacle avoidance through rule tuning or local decision enhancement. They typically treat 

trajectory generation and velocity control as separate processes and do not explicitly  

 

incorporate energy-aware optimization or interaction-level environmental modeling. These 

limitations motivate the development of the proposed IODPCS framework. 

In addition to classical fuzzy–APF hybrid approaches, recent studies have explored cost-

guided navigation strategies in which artificial potential field (APF) components are embedded 

within multi-objective optimization frameworks. For example, APF-based guidance has been 

incorporated into cost-driven planning structures to improve navigation performance in 

complex environments [178]. However, such approaches primarily focus on trajectory 

optimization and do not explicitly address the joint regulation of interaction dynamics, velocity 

adaptation, and energy-aware control within a unified closed-loop decision framework. 

To address these limitations, the contribution of this work goes beyond a simple combination 

of existing techniques and instead introduces a structurally unified interaction-aware decision-

making framework. Unlike conventional hybrid fuzzy–APF approaches that treat trajectory 

planning and velocity regulation as separate or sequential processes, the proposed IODPCS 

framework jointly regulates motion and speed within a single closed-loop control structure. 

Furthermore, the framework incorporates interaction-level descriptors, including obstacle 

distance, obstacle speed, and path complexity, to explicitly model environmental dynamics 

within the control process. This enables anticipatory and context-aware navigation behavior 

rather than purely reactive responses. 

In addition, an adaptive multi-objective cost formulation is embedded directly within the 

control loop, integrating safety, energy efficiency, and path complexity through dynamically 

adjusted weighting factors. This allows continuous and context-driven trade-offs based on 

interaction conditions and navigation performance feedback. This unified formulation enables 

simultaneous consideration of interaction dynamics, motion regulation, and energy-aware 

optimization within a single decision structure, which is not explicitly addressed in existing 

fuzzy–APF hybrid navigation approaches. 

Sensor integration further affects navigation performance. Ultrasonic sensors are 

commonly used for short-range obstacle detection due to their low cost and reliability [179]. 

LiDAR sensors provide accurate long-range perception and detailed environmental 

representation [180] [181]. Despite their widespread use, most existing approaches rely 

primarily on local sensory information and do not explicitly embed interaction dynamics and 

energetic considerations into the control decision process. 

Despite extensive research, fuzzy-based navigation methods have primarily focused on 

improving local decision accuracy through optimization or learning-based tuning strategies. 

However, many hybrid control architectures still decouple motion regulation from velocity 

adaptation, thereby limiting closed-loop responsiveness under evolving interaction dynamics  
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and energy constraints. As a result, a unified control mechanism capable of jointly regulating 

motion and speed while explicitly accounting for interaction dynamics and energetic cost 

within a single closed-loop structure remains lacking. The novelty of this work lies in 

addressing this gap through an interaction-aware control formulation that integrates decision-

making, motion regulation, and energy considerations into one coherent system. 

Recent work on learning-based trajectory planning has also explored advanced strategies 

for navigation in complex environments. For example, the study ‘Efficient Deceptive Path 

Planning for UAVs via Attention-Based Reinforcement Learning’ proposes a learning-driven 

approach for generating strategic and adaptive trajectories under adversarial conditions. Such 

approaches highlight the importance of intelligent decision-making and adaptive path 

optimization, which aligns with the objectives of the proposed IODPCS framework [182]. 

This chapter proposes IODPCS, an interaction-aware adaptive control framework for 

energy-efficient mobile robot navigation in complex and dynamic environments. The proposed 

framework integrates fuzzy logic control, artificial potential field guidance, and online 

feedback-driven adaptation within a unified control structure. Steering and velocity are 

regulated simultaneously without reliance on sequential planning and control layers. By 

embedding obstacle dynamics, path complexity, and velocity-dependent energy considerations 

directly into the control loop, the proposed approach enables anticipatory, stable, and energy-

efficient navigation under uncertain and rapidly changing interaction conditions. 

5.3  Methodology 

The proposed IODPCS follows a structured four-stage navigation pipeline. First, multi-

sensor data are acquired and preprocessed, then abstracted into interaction-level descriptors 

representing obstacle proximity, obstacle motion, and environmental path complexity. Second, 

these descriptors are evaluated within a unified fuzzy–potential-field decision core using a 

composite risk energy–speed cost formulation. Third, a learning-based adaptation mechanism 

continuously refines fuzzy parameters and interaction weighting factors based on real-time 

navigation feedback. Finally, optimized steering and velocity commands are generated and 

applied to the mobile robot in a closed-loop control manner. 

5.3.1  Data Collection and Preprocessing 

A multi-sensor configuration is employed to capture environmental information relevant 

to mobile robot navigation. LiDAR sensors provide geometric measurements related to 

obstacle location and distance, while camera systems contribute complementary visual cues. 

Inertial sensors, including accelerometers and gyroscopes, support motion estimation and 

stability monitoring. Robot localization is achieved through GPS and SLAM-based techniques, 

enabling accurate position and orientation tracking during navigation. 

Human operator guidance is incorporated only during an initial offline calibration phase 

to support fuzzy rule initialization and parameter tuning. This guidance reflects qualitative  
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navigation preferences and scenario-specific expertise, rather than continuous human 

supervision. Following this initialization stage, the navigation system operates fully 

autonomously without further human intervention. To ensure consistency across sensing 

modalities, raw sensor data are synchronized, filtered, and normalized using standard 

preprocessing techniques. Noise reduction and outlier rejection are applied to improve  

robustness, while normalization ensures numerical consistency across heterogeneous sensor 

inputs. 

After preprocessing, all sensor data are abstracted into three interaction-level inputs 

obstacle distance (OD), relative obstacle velocity (OS), and path complexity (PC) which 

constitute the exclusive inputs to the fuzzy–potential-field decision core, as illustrated in Fig. 

28. Although the IODPCS framework supports multi-modal sensing, the experimental 

evaluation focuses on interaction-level navigation behavior to enable clear and direct 

interpretation of the system’s adaptive control performance. 

 
Figure 28: IODPCS data acquisition and preprocessing pipeline illustrating the abstraction of multi-

sensor inputs into interaction-level descriptors (OD, OS, PC). 

Obstacle distance (OD) is defined as the minimum Euclidean distance between the robot 

and the nearest detected obstacle within the sensor field of view. Relative obstacle velocity 

(OS) is estimated as the temporal derivative of obstacle position obtained from consecutive 

sensor measurements. Environmental path complexity (PC) is computed as a normalized 

metric reflecting local obstacle density and spatial constraint severity within a predefined 

neighborhood surrounding the robot. The environmental interaction pressure 𝑅𝑡is derived from 

obstacle density and motion characteristics of the surrounding environment, as detailed in 

Section 5.3.2. 

For clarity, the overall navigation procedure of the proposed IODPCS framework is 

summarized in Algorithm 3, which outlines the sequential interaction between perception, cost 

evaluation, and control decision-making modules. 
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Algorithm 3: IODPCS Interaction-Aware Navigation 

Input: Sensor observations 

Output: Control command  u𝑡 = [𝑣𝑡 , δt] 

1. Acquire and preprocess multi-sensor data. 
2. Construct the interaction state 

𝒔𝑡 = {𝑂𝐷𝑡, 𝑂𝑆𝑡, 𝑃𝐶𝑡}. 

3. Evaluate fuzzy inference to compute the interaction risk term 

          𝑅𝑡 = 𝐹(𝐬𝑡). 

4. Formulate the composite navigation cost 

 𝐽𝑡 = 𝑤1𝑅𝑡 + 𝑤2𝐸(𝑣𝑡) + 𝑤3𝑃𝐶𝑡 

Subject to 𝑤1+ 𝑤2+ 𝑤3 = 1. 

5. Compute attractive and repulsive interaction forces based on the fuzzy–potential-field 

formulation. 

6. Determine the optimal control input 

𝐮𝑡 = arg min 𝐮 𝐽𝑡  

7. Update fuzzy parameters and weighting factors using feedback from the observed 

navigation response. 

8. Apply 𝐮𝑡, observe the next interaction state 𝒔{t+1},  and repeat until convergence or task 

completion criteria are satisfied 

The adaptive weighting factors w₁, w₂, and w₃ in (45) are constrained to the interval [0,1] and 

satisfy w₁ + w₂ + w₃ = 1, ensuring a balanced trade-off among safety, energy efficiency, and 

path complexity within the multi-objective optimization framework. 

5.3.2  Fuzzy Logic and Potential Fields Integration 

IODPCS integrates fuzzy logic reasoning, artificial potential fields, and a composite cost 

formulation into a unified navigation framework, as illustrated in Fig. 29. This integration 

enables simultaneous reasoning over obstacle interactions, environmental complexity, and 

motion efficiency within a single closed-loop decision structure. 

Unlike conventional hybrid navigation frameworks, where fuzzy logic and potential 

field methods are applied in a decoupled or hierarchical manner, the proposed approach 

integrates both within a unified optimization-driven control formulation. This allows 

simultaneous adaptation of trajectory and velocity based on interaction-aware inputs, 

improving responsiveness and stability in dynamic environments. 
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Sensor-derived interaction descriptors are processed to evaluate obstacle dynamics and 

local path complexity. A central element of the proposed framework is a composite navigation 

cost function that jointly balances obstacle avoidance, energy efficiency, and speed regulation:                          

𝑪𝒄𝒖𝒔𝒕𝒐𝒎 = 𝒘𝟏  𝑪𝒂𝒗𝒐𝒊𝒅𝒂𝒏𝒄𝒆 + 𝒘𝟐 𝑪𝒆𝒏𝒆𝒓𝒈𝒚 + 𝒘𝟑 𝑪𝒔𝒑𝒆𝒆𝒅                             (40) 

Thereby ensuring stable and balanced multi-objective optimization during navigation. 

The proposed fuzzy decision-making module processes three primary inputs obstacle distance 

(OD), relative obstacle speed (OS), and path complexity (PC), which are mapped to linguistic 

fuzzy sets through corresponding membership functions [183]. These interaction-level inputs 

form the basis of the fuzzy inference process used for obstacle avoidance and motion 

adaptation [184]: 

                         𝑭𝑶𝑫 = 𝝁𝑶𝑫(𝑶𝑫),    𝑭𝑶𝑺 = 𝝁𝑶𝑺(𝑶𝑺),  𝑭𝑷𝑪 = 𝝁𝑷𝑪(𝑷𝑪)                            (41) 

Each membership function assigns linguistic labels such as low, medium, or high. A 

representative triangular membership function μ(x) is defined as: 

 

𝝁(𝒙) = {

𝟎,        𝒙 < 𝒂 or 𝒙 > 𝒄
𝒙−𝒂

𝒃−𝒂
, 𝒂 ≤ 𝒙 ≤ 𝒃

𝒄−𝒙

𝒄−𝒃
, 𝒃 ≤ 𝒙 ≤ 𝒄

                            (42) 

Based on these fuzzy sets, the inference engine determines the control action using a 

Mamdani-type fuzzy inference mechanism [185]: 

𝑭𝒂𝒗𝒐𝒊𝒅
𝒇𝒖𝒛𝒛𝒚

 =  𝑭𝒖𝒛𝒛𝒚 𝑰𝒏𝒇𝒆𝒓𝒆𝒏𝒄𝒆(𝑭𝑶𝑫, 𝑭𝑶𝑺, 𝑭𝑷𝑪)                                  (43) 

This interaction pressure term is subsequently incorporated into the multi-objective cost 

function to enhance context-aware navigation and improve decision robustness in dynamic 

environments. 

Potential Field Integration: Artificial potential fields complement fuzzy reasoning by 

encoding geometric constraints directly into the navigation process. Attractive forces guide the 

robot toward the goal, while repulsive forces prevent collisions with obstacles. These forces 

are defined as continuous and monotonically varying functions of the goal distance 𝑑goaland 

obstacle distance 𝑑obs, respectively, ensuring smooth trajectory deformation and stable 

convergence. 

𝑭𝒓𝒆𝒑 ∝
𝟏

𝒅𝒐𝒃𝒔
   , 𝑭𝒂𝒕𝒕 ∝

𝟏

𝒅𝒈𝒐𝒂𝒍
                                                       (44) 

The adaptive weighting factors w1, w2, and 𝑤3 are dynamically adjusted based on real-

time performance feedback derived from interaction risk, energy consumption trends, and 

trajectory smoothness. Specifically, when the environmental interaction pressure 𝑅𝑡 increases, 

indicating higher obstacle density or dynamic interference, the weighting factor 𝑤1 associated 

with safety is increased to prioritize collision avoidance. Conversely, under low-risk and stable 



                                                                        Chapter 5: Energy-Aware Navigation 
 

 

   88 

 

  

conditions, the system increases 𝑤2 to emphasize energy efficiency and reduce unnecessary 

motion effort. 

𝒘𝒊(𝒕 + 𝟏) = 𝒘𝒊(𝒕) + 𝜼𝒊. 𝜟𝑪𝒊(𝒕), 𝒊 ∈ {𝟏, 𝟐, 𝟑}                              (45) 

where 𝜂𝑖denotes the learning rate, and Δ𝐶𝑖(𝑡)represents a performance-driven 

adjustment term derived from interaction risk, energy consumption, and trajectory smoothness. 

Furthermore, deviations in path smoothness or excessive trajectory curvature result in 

an increase in 𝑤3, promoting more stable and consistent trajectory generation. This adaptive 

mechanism enables a context-aware trade-off among safety, energy efficiency, and path 

complexity, ensuring robust navigation across diverse environmental conditions. The adaptive 

weighting factors w1, w2, and w3 satisfy: 

w1 + w2 + w3 = 1,    wi  ∈ [0, 1], 

 

 

 

Figure 29: Unified interaction-aware fuzzy–potential decision core of the IODPCS framework. The 

schematic illustrates the integration of a Mamdani-type fuzzy inference engine with artificial potential 

field mechanisms. Environmental interaction descriptors, including obstacle distance, obstacle speed, 

and path complexity, are mapped to linguistic fuzzy sets to compute the fuzzy avoidance force 𝑭𝒂𝒗𝒐𝒊𝒅
𝒇𝒖𝒛𝒛𝒚

. 

This force is combined with geometric attractive 𝑭𝒂𝒕𝒕and repulsive 𝑭𝒓𝒆𝒑forces within a composite cost  
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function incorporating adaptive weighting factors 𝒘𝟏, 𝒘𝟐, 𝒘𝟑. The resulting optimization process 

generates velocity and steering commands that balance obstacle avoidance, energy efficiency, and 

navigation smoothness. 

To quantify environmental interaction pressure, a composite interaction metric is 

defined by integrating obstacle density and relative motion characteristics derived from real-

time sensor observations. The interaction pressure term is computed using normalized sensor-

derived quantities: 

𝑹(𝒕)  = 𝜶𝟏𝝆(𝒕)  + 𝜶𝟐𝒗𝒓𝒆𝒍(𝒕)                                               (46) 

 

where ρ(t) denotes normalized obstacle density within the sensor range and vrel(t) represents 

average relative obstacle velocity. The coefficients are empirically selected as α1 = 0.6 and α2 

= 0.4. 

The velocity-dependent energy proxy is defined as: 

𝑬(𝒗𝒕) = 𝒂𝒗𝒕
𝟐 + 𝒃𝒗𝒕 + 𝒄                                                      (47) 

 

where the coefficients are selected based on mobile robot dynamics: 

a = 0.8, b = 0.2, c = 0.05 

These values were determined experimentally to match the nonlinear increase in propulsion 

effort with velocity. This formulation captures both static environmental constraints and 

dynamic interaction effects within the robot’s vicinity. 

The energy consumption model used in this study represents a physics-informed proxy 

of locomotion energy rather than direct electrical power measurement. Specifically, the 

quadratic formulation approximates the nonlinear relationship between robot velocity and 

propulsion effort, where higher velocities result in increased motor torque and energy demand. 

The coefficients 𝑎, 𝑏, and 𝑐are selected to capture baseline energy consumption and velocity-

dependent energy growth under typical mobile robot operation. 

The total energy consumption over a navigation task is computed as the time-integral of the 

instantaneous energy cost: 

𝑬total = ∑ 𝑬(
𝒕

𝒗𝒕) 𝜟𝒕                                                       (48)          

 

where Δ𝑡is the control time step corresponding to the controller update frequency. This 

formulation provides a consistent and comparable relative metric for evaluating energy 

efficiency across different navigation strategies. 
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Ensuring smooth trajectory deformation and stable convergence behavior. The path-planning 

module blends fuzzy outputs and potential-field forces to regulate avoidance intensity, 

trajectory curvature, and motion direction in real time. Adaptability is further enhanced 

through a feedback-driven learning mechanism that incrementally updates fuzzy parameters 

and adaptive weighting factors based on observed navigation performance. 

The novelty of the proposed IODPCS framework lies in the unified coupling of 

interaction-aware fuzzy reasoning, potential-field guidance, and adaptive cost optimization 

within a single decision structure, as illustrated in Fig. 30. By embedding obstacle avoidance, 

speed regulation, and energy considerations directly into the control loop, the framework 

overcomes the limitations of traditional navigation architectures that treat these objectives 

sequentially or independently, resulting in robust and scalable navigation under dynamic and 

uncertain conditions. 

 

 Figure 30: Integrated fuzzy inference structure used in IODPCS. Obstacle distance, obstacle speed, 

and path complexity are jointly processed by the Integrated Fuzzy Module (IFM) to compute a context-

aware avoidance force. 

5.3.3  Fuzzy Rule Base Definition 

The fuzzy rule base constitutes the core decision-making mechanism of IODPCS, 

enabling adaptive and context-aware obstacle avoidance during mobile robot navigation. 

Unlike distance-only reasoning strategies, the proposed rule base explicitly accounts for 

obstacle dynamics and environmental complexity, allowing more informed and robust 

avoidance behavior under dynamic interaction conditions. 

The rule base processes three interaction-level input variables: obstacle distance (OD), 

obstacle speed (OS), and path complexity (PC). Obstacle distance represents the relative 

proximity between the robot and detected obstacles and is classified into the linguistic 

categories Low, Medium, and High. Obstacle speed describes the relative motion of obstacles 

with respect to the robot and is categorized as Slow, Moderate, or Fast. It is important to note  
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that obstacle motion is estimated using short-term reactive velocity approximation derived 

from consecutive sensor observations, rather than long-horizon trajectory prediction. This 

enables responsive adaptation to dynamic obstacles without requiring explicit future-state 

forecasting. 

 Path complexity characterizes the navigational difficulty of the local environment based 

on obstacle density and geometric constraints and is defined as Simple, Moderate, or Complex.  

The path complexity metric (PC) is defined as a normalized measure of local environmental 

difficulty based on obstacle density and spatial distribution within the robot’s vicinity. Higher 

PC values correspond to densely cluttered and constrained environments, while lower values 

indicate open navigation spaces. This metric directly influences the fuzzy inference process 

and adaptive weighting mechanism, enabling context-aware modulation of navigation 

behavior. In addition, the path complexity metric contributes to the adaptive weighting factors 

𝑤1, 𝑤2, 𝑤3, allowing the system to dynamically balance safety, energy efficiency, and 

trajectory smoothness based on environmental conditions. These inputs jointly determine the 

avoidance force (AF), which regulates the magnitude of evasive action applied by the 

navigation controller and is expressed using the linguistic levels Low, Medium, and High. The 

fuzzy inference system follows a structured IF–THEN rule formulation, mapping 

combinations of interaction conditions to appropriate avoidance responses. For instance, when 

an obstacle is close, moving fast, and located within a highly complex environment, the system 

assigns a high avoidance force to ensure rapid and safe collision avoidance. Conversely, when 

obstacles are distant, moving slowly, and the surrounding environment is simple, a Low 

avoidance force is selected to promote smooth and energy-efficient navigation without 

unnecessary trajectory deviation. The overall decision-making mechanism of the proposed 

IODPCS framework, including environmental complexity assessment and learning-based 

refinement, is illustrated in Fig.31.  

 

Figure 31: IODPCS decision-making mechanism integrating environmental complexity and learning-

based refinement.  

A key contribution of the proposed fuzzy rule base is its context-aware, multi-factor 

structure, which integrates obstacle distance, obstacle speed, and path complexity within a 

single decision layer. In contrast to conventional fuzzy navigation controllers that primarily 

rely on obstacle proximity, the proposed formulation improves responsiveness and decision 

accuracy under dynamic and cluttered conditions. Furthermore, a learning-based refinement 

mechanism adaptively adjusts rule weighting parameters using navigation feedback, enabling  
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progressive performance improvement without altering the predefined rule structure. This 

preserves rule interpretability while enhancing adaptability. This combination of 

interpretability and adaptability improves robustness in uncertain and dynamic environments, 

making the proposed rule base suitable for a wide range of autonomous navigation 

applications, including autonomous vehicles, industrial mobile robots, and search-and-rescue 

systems. The complete fuzzy rule base employed in the IODPCS framework is summarized in 

Table 9, which details the mapping between interaction conditions and the resulting avoidance 

force.  

Table 9:  Fuzzy rule base for the IODPCS framework. 

Obstacle Distance (OD) Obstacle Speed (OS) Path Complexity (PC) Avoidance Force (AF) 

Low Slow Simple Low 

Low Slow Moderate Medium 

Low Slow Complex High 

Low Moderate Simple Medium 

Low Moderate Moderate High 

Low Moderate Complex High 

Low Fast  Simple High 

Low Fast Moderate High 

Low Fast Complex High 

Medium Slow Simple Low 

Medium Slow Moderate Medium 

Medium Slow Complex Medium 

Medium Moderate Simple Medium 

Medium Moderate Moderate Medium 

Medium Moderate Complex High 

Medium Fast Simple Medium 

Medium Fast Moderate High 

Medium Fast Complex High 

High Slow Simple Low 

High Slow Moderate Low 

High Slow Complex Medium 

High Moderate Simple Low 

High Moderate Moderate Medium 

High Moderate Complex Medium 

High Fast Simple Medium 

High Fast Moderate Medium 

High Fast Complex High 
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5.3.4  Tuning and Calibration 

The fuzzy membership functions are defined using triangular shapes and are calibrated 

during the Tunefis-based offline training phase. The tuning and calibration stage establishes 

the parameter optimization strategy used to ensure stable initialization and long-term 

adaptability of the proposed IODPCS navigation framework. A dual-stage calibration 

approach is adopted, combining offline fuzzy parameter tuning with online feedback-driven 

refinement, thereby balancing interpretability, stability, and adaptability. 

During the offline phase, the Tunefis framework is employed to calibrate the fuzzy logic 

controller using a structured training dataset. This dataset consists of synchronized multi-

sensor observations and qualitative human operator guidance collected during controlled 

navigation trials. The role of the human operator is intentionally limited to this initialization 

stage and is restricted to providing high-level navigation preferences and corrective cues, rather 

than continuous or real-time control. This ensures that expert knowledge is embedded into the 

fuzzy rule base while preserving full system autonomy during deployment. 

The Tunefis optimization process adjusts fuzzy membership function parameters and 

rule weights to minimize navigation error and improve response consistency under 

representative interaction scenarios. This offline calibration provides a stable and interpretable 

baseline configuration for the fuzzy controller prior to autonomous operation. 

Following offline calibration, the navigation system operates fully autonomously and 

incorporates an online learning mechanism to continuously refine control behavior. Adaptive 

parameter refinement has been shown to improve stability and convergence in signal-driven 

and feedback-regulated intelligent systems operating under uncertainty [186]. Motivated by 

these principles, the proposed IODPCS framework incrementally updates fuzzy parameters 

and potential field components based on observed navigation performance. 

As the robot interacts with dynamic environments, performance feedback—derived 

from tracking accuracy, obstacle clearance, and motion efficiency—is used to adjust control 

responses. This enables adaptation to change in obstacle dynamics, environmental complexity, 

and operating conditions without requiring retraining or redesign. 

The combined tuning and learning process is expressed as: 

𝑻𝒖𝒏𝒆𝒅 𝒑𝒂𝒓𝒂𝒎𝒆𝒕𝒆𝒓𝒔 = 𝑻𝒖𝒏𝒆𝒇𝒊𝒔(𝑫𝒕𝒓𝒂𝒊𝒏)                                         (49) 

𝑭𝒖𝒛𝒛𝒚𝒏𝒆𝒘 = 𝑭𝒖𝒛𝒛𝒚𝒐𝒍𝒅 + 𝜶 𝜟𝒇𝒖𝒛𝒛𝒚                                              (50) 

𝑷𝑭𝒏𝒆𝒘 = 𝑷𝑭𝒐𝒍𝒅 + 𝜷 𝜟𝑷𝑭                                                                               (51) 

Where α and β denote learning rates, and Δfuzzy   and ΔPF  represent performance derived 

from navigation performance metrics [187]. These updates are designed to be incremental, 

ensuring smooth adaptation while avoiding abrupt parameter changes that could compromise 

control stability. 
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These updates are executed at each control iteration (10 Hz in the current 

implementation), ensuring real-time responsiveness to dynamic environmental conditions. 

 This dual stage tuning strategy combines the reliability of offline calibration with the 

flexibility of online learning. Offline Tunefis-based optimization ensures a well-conditioned 

initial controller, while feedback-driven refinement enables continuous self-improvement 

during operation. The overall tuning and calibration strategy of the proposed IODPCS 

framework is illustrated in Fig. 32. 

 

 

Figure 32: Overview of the proposed dual-stage fuzzy navigation framework. Offline calibration is 

performed using a structured training dataset to initialize the fuzzy logic controller through Tunefis 

optimization. During online operation, multi-sensor inputs and robot–environment interaction 

generates performance feedback, enabling continuous measurement-driven refinement and adaptive 

navigation under dynamic conditions. 

The adaptation is driven by performance feedback signals derived from interaction 

pressure (R ₜ), energy consumption trends, trajectory smoothness, and tracking error. Updates 

are performed at each control cycle (10 Hz in the current implementation), enabling consistent 

real-time adaptation to dynamic environmental conditions. 

The update criterion is based on minimizing a composite performance cost incorporating 

interaction risk, energy consumption, and trajectory instability. Parameter adjustments are 

applied incrementally using learning rates (α, β), ensuring stable convergence and avoiding 

abrupt changes in control response. 

This mechanism corresponds to online parameter tuning rather than reinforcement 

learning, as no control policy is learned and no value function or Q-function is optimized; 

instead, predefined control structures are continuously and locally adjusted based on 

performance feedback. 
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This update mechanism corresponds to the incremental parameter updates defined in 

Eqs. (50)– (51), where adjustments are driven by real-time performance feedback. 

5.3.5 Performance Evaluation 

The performance evaluation phase defines the experimental methodology used to assess 

the effectiveness, robustness, and adaptability of the proposed IODPCS navigation framework. 

Evaluation is conducted through a combination of controlled simulation studies and real-world 

experiments, enabling systematic analysis under diverse environmental conditions and 

interaction scenarios. 

Simulation experiments are first performed to evaluate path tracking accuracy, trajectory 

smoothness, execution time, and energy efficiency in environments with varying obstacle 

density and path complexity. These simulations allow controlled comparison of navigation 

behavior while isolating the effects of interaction dynamics and control adaptation. 

Following simulation-based validation, real-world experiments are conducted to verify 

practical applicability under realistic operating conditions. These experiments focus on the 

system’s ability to cope with sensor noise, dynamic obstacles, and environmental uncertainty. 

Performance data collected during experimental trials are used exclusively for evaluation and 

validation, while learning-based adaptation remains governed by the predefined offline–online 

tuning and calibration strategy. A comparative evaluation is carried out against classical 

artificial potential field methods, standalone fuzzy logic controllers, and conventional 

intelligent navigation approaches, using quantitative performance metrics including path 

length, traversal time, and energy consumption [49][50]. In this study, the selected baseline 

methods include: (i) the classical Artificial Potential Field (APF) approach, and (ii) a 

standalone Fuzzy Logic Controller (FLC). The APF method employs standard attractive and 

repulsive force formulations based on goal distance and obstacle proximity, while the 

standalone FLC uses the same input variables (obstacle distance, obstacle speed, and path 

complexity) and rule structure as the proposed method, but without adaptive weighting or 

potential-field integration.  

To ensure a fair and objective comparison, all methods are implemented under identical 

experimental conditions, including environment size, obstacle configuration, sensor settings, 

and controller update frequency. All parameters are tuned using standard practices to ensure 

stable and unbiased performance across all compared methods. These metrics collectively 

characterize navigation efficiency, safety, and motion smoothness, enabling a comprehensive 

and reproducible assessment of system performance across different environments.  

Obstacle avoidance behavior is governed by a fuzzy inference system (FIS), which 

computes the avoidance force based on obstacle distance (OD), relative obstacle speed (OS), 

and path complexity (PC): 

𝑭⃗⃗ 𝒂𝒗𝒐𝒊𝒅𝒂𝒏𝒄𝒆 =  𝑭𝒖𝒛𝒛𝒚 𝑰𝒏𝒇𝒆𝒓𝒆𝒏𝒄𝒆(𝑶𝑫,𝑶𝑺,𝑷𝑪)                          (52) 

The resultant navigation force applied to the robot is computed as: 
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𝑭⃗⃗ 𝒓𝒆𝒔𝒖𝒍𝒕𝒂𝒏𝒕 = 𝑭⃗⃗ 𝒂𝒕𝒕𝒓𝒂𝒄𝒕𝒊𝒐𝒏 + 𝑭⃗⃗ 𝒂𝒗𝒐𝒊𝒅𝒂𝒏𝒄𝒆                                   (53) 

where 𝐹 attraction guides the robot toward the target goal, while 𝐹 avoidance encodes 

collision avoidance behavior generated by the fuzzy decision-making module. The simulation 

framework is implemented in MATLAB and updates the robot’s state in real time within 

environments containing both static and dynamic obstacles. A Mamdani-type fuzzy inference 

system with multiple membership functions enables adaptive avoidance response generation, 

while the avoidance module is fully integrated within the unified navigation architecture of the 

proposed IODPCS framework. 

For clarity and readability, the main variables and symbols used in the proposed 

IODPCS framework are summarized in Table 10. 

Table 10: Notation Summary of the IODPCS Framework. 

    Symbol Description 

           𝑱𝒕 Composite navigation cost at time t 

          𝑹𝒕  Interaction risk term derived from fuzzy inference 

          𝑬𝒕 Velocity-dependent energy cost 

         𝑪𝒕 Path complexity term 

        𝒘𝟏, 𝒘𝟐, 𝒘𝟑 Adaptive weighting factors for risk, energy, and complexity 

          𝐯𝐭 Robot velocity at time t 

          𝒅𝒊 Distance between robot and obstacle 𝑖 

         𝒅𝒊𝒏𝒕 Velocity of obstacle 𝑣𝑖 

       𝑷𝒊𝒏𝒕 Interaction pressure 

       OD Obstacle distance (fuzzy input) 

       OS Obstacle speed (fuzzy input) 

       PC Path complexity (fuzzy input) 

      AF Avoidance force generated by fuzzy inference 

       𝑭𝒂𝒕𝒕 Attractive force toward goal 

      𝑭𝒓𝒆𝒑 Repulsive force from obstacles 

        𝒖𝒕 Control input (linear and angular velocity commands) 
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5.4 Results 

5.4.1  Experimental Setup and Evaluation Scenarios 

To evaluate the performance of the proposed IODPCS, a comprehensive set of 

simulation-based and real-world experiments were conducted. All simulations were developed 

in MATLAB, using a differential-drive robot model integrated with a Mamdani fuzzy 

inference system and artificial potential fields to generate real-time control actions. Three 

progressively challenging scenarios were designed to assess the system’s robustness: (i) a static 

obstacle environment containing multiple stationary objects arranged to form narrow passages, 

testing precise navigation and collision avoidance; (ii) a mixed environment combining static 

and intermittently moving obstacles to emulate warehouse-like conditions and evaluate 

adaptability to moderate changes; and (iii) a fully dynamic environment with multiple moving 

obstacles of varying velocities, representing highly unpredictable settings such as human–

robot shared spaces and requiring rapid trajectory recalibration. Each experiment was repeated 

10 times under identical conditions, and the reported results correspond to average 

performance across all trials.  

Across all scenarios, key performance metrics including path length, path deviation, 

collision count, energy consumption, reaction time, navigation accuracy, and execution time  

were recorded to enable direct and quantitative comparison with baseline navigation methods. 

To confirm that the observed gains are transferable beyond simulation, the system was 

additionally tested in a semi-structured real environment with varying lighting conditions, 

randomly moving objects, and human interference, validating the practical applicability of the 

IODPCS framework. 

The real-world test environment corresponds to a navigation area of approximately 

10 × 10 m2, consistent with the simulation setup summarized in Table 11. The dynamic 

obstacles in the environment were assigned velocities in the range of 0.2–0.8 m/s, representing 

typical human walking speeds and low-speed mobile interactions. These conditions provide a 

realistic and moderately dynamic testing scenario for evaluating navigation performance under 

semi-structured environments. 

Figure 33 illustrates the internal decision structure of IODPCS, showing how the 

controller merges obstacle-induced repulsion, terrain-complexity feedback, and adaptive 

velocity adjustment within an integrated force framework.  

The three-dimensional representation clarifies how these components interact to 

generate the final motion command, with each force contributing according to real-time 

environmental conditions and interaction states. By exposing the underlying force dynamics, 

the figure highlights the system’s ability to reason about multi-factor complexity, rather than 

relying on isolated or sequential control layers commonly used in conventional navigation 

frameworks. 
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Figure 33: Integrated adaptive control framework illustrating dynamic force blending across a three-

dimensional environmental terrain. The figure visualizes the interaction between obstacle-induced 

repulsion, path-complexity constraints, and adaptive velocity regulation within the IODPCS decision 

core. 

To ensure a fair and reproducible comparison, all baseline methods were implemented 

under the same simulation conditions, including environment size, obstacle configuration, 

controller update frequency, and sensor settings.  

The classical artificial potential field (APF) method employs standard attractive and 

repulsive force formulations based on the distance to the goal and obstacles. 

 The standalone fuzzy controller uses the same input variables (obstacle distance (OD), 

obstacle speed (OS), and path complexity (PC)) as the proposed method, but without adaptive 

weighting or integration with potential fields. All baseline parameters were carefully tuned 

using standard practices to ensure stable and unbiased performance. 
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 Table 11: Simulation and Implementation Parameters. 

Parameter Value 

Simulation Environment MATLAB (R2023b) 

Robot Model  Differential-drive kinematic model 

Environment Size 10 m × 10 m 

Maximum Velocity 1 m/s 

Minimum Velocity 0.1 m/s 

Goal Tolerance 0.1 m 

Controller Frequency 10 Hz 

Time Step 0.1 s 

Number of Trials per Scenario 10 

Number of Obstacles 5–20 

Obstacle Velocity 0.2–0.8 m/s 

Obstacle Motion Pattern Random linear motion with velocity variation 

Sensor Range 5 m 

Minimum Safe Distance 0.3 m 

Fuzzy Inputs OD, OS, PC 

Membership functions Triangular 

Number of Fuzzy Rules 27 

Learning Rate (α) 0.1 

Learning Rate (β) 0.05 

Weight Constraints w₁ + w₂ + w₃ = 1,  wᵢ ∈ [0,1] 

Control Architecture  Fuzzy–APF Integrated (IODPCS) 

 

5.4.2 Adaptive Obstacle Avoidance Behaviour 

The proposed IODPCS framework exhibits interaction-aware navigation behavior in 

which obstacle avoidance and motion adaptation emerge from a unified fuzzy–potential-field 

formulation, rather than from sequential or heuristic control layers. The controller continuously 

interprets the surrounding environment through interaction and complexity descriptors, 

enabling proactive adjustment of both trajectory and velocity in response to anticipated 

interaction conditions. 

During navigation, the fuzzy inference system evaluates obstacle proximity, relative 

obstacle motion, and local path complexity to generate adaptive avoidance forces, while the 

potential-field component regulates attractive and repulsive interactions to maintain global  
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path coherence. This coupling allows heading and velocity to be adjusted simultaneously, 

reducing abrupt steering corrections and suppressing oscillatory behavior commonly observed 

in classical navigation approaches. The resulting interaction-aware behavior is illustrated in 

Fig. 34(a–d). 

Under mixed static–dynamic obstacle conditions, Fig. 34(a) shows the robot trajectory 

projected onto the environment-complexity heatmap. The trajectory continuously deforms 

toward regions of lower interaction complexity in the presence of both stationary and moving 

obstacles. The corresponding speed response in Fig. 34(b) demonstrates automatic velocity 

reduction in high-risk regions and smooth acceleration as environmental complexity decreases, 

resulting in stable motion despite dynamic disturbances. 

 

 

(a)                                                            (b) 

 

(c)                                                                          (d) 

Figure 34: Interaction-aware navigation performance of IODPCS. (a) Trajectory over environment-

complexity heatmap in mixed static–dynamic conditions. (b) Corresponding adaptive speed profile. 

(c) Trajectory over environment-complexity heatmap in static conditions. 

(d) Corresponding adaptive speed profile. 
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The proposed IODPCS framework demonstrates improved performance compared to the 

APF and standalone fuzzy controller across key evaluation metrics, including trajectory 

smoothness, energy consumption, and adaptability in dynamic environments. 

To isolate the influence of spatial complexity independently of obstacle motion, a static 

obstacle scenario is presented in Fig. 34(c, d). As shown in Fig. 34(c), the robot follows a 

smooth, curvature-aware trajectory aligned with low-complexity regions while maintaining 

sufficient clearance from obstacle clusters. The associated speed profile in Fig. 34(d) remains 

smooth and context-aware, in contrast to the oscillatory velocity variations observed in the 

baseline controller, even in the absence of dynamic obstacles. 

The results in Fig. 34(a–d) demonstrate that IODPCS achieves coordinated adaptation 

of trajectory and velocity across both static and mixed static–dynamic environments. These 

observations confirm that environmental interpretation is embedded directly within the control 

logic, enabling consistent improvements in path smoothness, motion stability, and navigation 

efficiency without treating obstacle avoidance and speed regulation as independent processes. 

5.4.3  Navigation Performance under Static, Mixed, and Fully Dynamic Environments 

The navigation performance of the proposed IODPCS was evaluated under static, mixed 

static–dynamic, and fully dynamic environments to assess robustness, adaptability, and 

stability under increasing levels of interaction complexity. Representative navigation 

trajectories and adaptive responses are illustrated in Fig. 35(a–c). 

In static obstacle environments, the IODPCS framework demonstrates stable and 

accurate navigation performance while traversing narrow corridors and cluttered 

configurations, as shown in Fig. 35(a). The robot maintains smooth, collision-free motion 

without exhibiting oscillatory corrections or unnecessary detours. Consistent obstacle 

clearance is preserved throughout the trajectory, enabling efficient progression toward the 

target. This behavior arises from the coordinated interaction between the fuzzy inference 

system, which regulates avoidance forces based on obstacle distance and local path 

complexity, and the artificial potential field formulation, which ensures continuous attraction 

toward the goal. In contrast to the baseline method, which tends to overreact to local repulsive 

forces, IODPCS balances repulsive and attractive components within a unified decision 

process, resulting in shorter traversal paths and reduced trajectory deviation. 

In mixed static–dynamic environments, where obstacles intermittently change position, 

IODPCS exhibits robust adaptability to moderate environmental variability, as illustrated in 

Fig. 35(b). Real-time interaction assessment through the fuzzy inference system and the 

potential-field model enables continuous reshaping of the navigation trajectory in response to 

both stationary and moving obstacles. Dynamic obstacles, which typically induce oscillations 

or abrupt heading changes in classical potential-field approaches, are handled smoothly 

through continuous adjustment of avoidance forces based on obstacle speed and predicted 

motion.  
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(a) Static environments      

 

(b) Mixed static–dynamic 

 

(c) Fully dynamic + learning 

Figure 35: Navigation performance of the proposed IODPCS framework under increasing 

interaction complexity. 

(a) Static obstacle environments showing multiple navigation trials with smooth, collision-free 

trajectories and consistent clearance. 

(b) Mixed static–dynamic environments illustrating adaptive trajectory reshaping in response to 

intermittently moving obstacles. 

(c) Fully dynamic environments and learning-based adaptation, demonstrating stable navigation under 

high interaction complexity and convergence of mission-level energy consumption. 
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Repulsive forces and fuzzy rule outputs are recalculated at each iteration, allowing rapid 

response to obstacle displacement while preserving convergence toward the global goal. As a 

result, the generated trajectories remain smooth and goal-directed, with fewer unnecessary 

detours and reduced path deviation compared to the baseline method.  

The most challenging conditions are observed in fully dynamic environments, 

characterized by multiple moving obstacles with heterogeneous velocities and unpredictable 

motion patterns, as shown in Fig. 35(c). In these scenarios, IODPCS exhibits robust and 

adaptive behavior by continuously adjusting both heading and velocity based on obstacle 

velocity estimates, dynamic distance variations, and environment-complexity feedback within 

the unified fuzzy–potential-field decision structure. The repulsive interaction force increases 

smoothly as obstacles approach or accelerate, while the adaptive fuzzy inference mechanism 

dynamically modulates avoidance intensity and steering direction. This coordinated force 

blending suppresses abrupt control actions and oscillatory responses commonly encountered 

in classical navigation methods, enabling stable and continuous motion even in the presence 

of high-speed or suddenly maneuvering obstacles. 

Beyond reactive avoidance, the fully dynamic results further demonstrate the benefit of 

the learning-based adaptation mechanism integrated within IODPCS. Across successive 

navigation trials, mission-level energy consumption decreases progressively, reflecting 

reduced redundant maneuvers and improved consistency in action selection as the controller 

updates its internal parameters through experience-driven learning. This behavior indicates 

improved energy efficiency and policy stability, confirming that IODPCS internalizes 

environment–action relationships rather than relying on task-specific tuning. 

Quantitative evaluation confirms that IODPCS achieves collision-free navigation across 

all evaluated scenarios while reducing path deviation, heading fluctuations, and reaction time 

compared to the baseline method. Notably, the average reaction time is reduced by nearly a 

factor of two, indicating that the observed responsiveness is an inherent property of the 

integrated interaction modeling and learning structure. These results demonstrate the capability 

of the proposed framework to maintain safe, efficient, and reliable navigation under static, 

mixed, and fully dynamic conditions, supporting its suitability for real-world autonomous 

systems operating in uncertain and rapidly changing environments. 

5.4.4  Real-World Experimental Validation 

To validate the proposed IODPCS framework in real-world conditions, experiments 

were conducted using a differential-drive mobile robot platform equipped with LiDAR and 

onboard computation. The robot operated in a semi-structured indoor environment containing 

both static and moving obstacles. The navigation area measured approximately 8 m × 8 m, and 

ten experimental trials were conducted under identical conditions. 

During each experiment, the robot navigated from a fixed start position to a predefined 

goal while encountering both stationary objects and randomly moving obstacles. Performance 

metrics including path length, traversal time, trajectory smoothness, and energy proxy  
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consumption were recorded. These metrics were compared with baseline Artificial Potential 

Field (APF) and standalone Fuzzy Logic Controller (FLC) approaches implemented on the 

same platform. 

The experimental results confirm that the proposed IODPCS framework maintains 

smooth navigation and stable obstacle avoidance under real-world disturbances. The robot 

successfully adapts velocity in response to environmental complexity, reducing oscillatory 

motion and avoiding abrupt steering changes. 

Quantitative analysis shows that, compared to the APF baseline, the proposed method 

reduced energy consumption by approximately 18%, decreased trajectory deviation by 20%, 

and improved trajectory smoothness by 22%. The traversal time was also reduced by 

approximately 15%, indicating improved navigation efficiency. 

These real-world experiments validate that the proposed interaction-aware navigation 

framework maintains consistent performance outside simulation environments and 

demonstrates practical applicability for autonomous mobile robot navigation in dynamic and 

uncertain conditions. 

5.4.5 Context-Aware Speed Adaptation and Learning-Based Efficiency 

Beyond spatial path shaping, the proposed IODPCS framework integrates context-aware 

speed adaptation and learning-based efficiency optimization within the same fuzzy–potential-

field decision structure. Velocity modulation is explicitly coupled with obstacle proximity, 

relative obstacle motion, and local path complexity, enabling simultaneous regulation of 

trajectory and speed. 

As illustrated in Fig. 36, IODPCS produces smooth velocity transitions during obstacle 

interactions, avoiding the abrupt deceleration and oscillatory behavior observed in the baseline 

controller. Higher speeds are maintained in low-risk regions, while velocity is proportionally 

reduced in constrained or dynamically changing areas. This coordinated spatial–temporal 

control results in smoother headings, reduced detours, and improved traversal efficiency. 

 
 Figure 36: IODPCS-enhanced paths in complex navigation environments, highlighting reduced 

detours and smoother obstacle avoidance compared to the baseline method. 
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In fully dynamic environments, navigation efficiency is further enhanced through 

learning-based adaptation, as shown in Fig. 37. Mission-level energy consumption decreases 

progressively over training episodes and stabilizes near the optimized target threshold. This 

convergence reflects reduced redundant maneuvers and increased consistency in control 

actions, indicating stable policy adaptation without task-specific tuning. 

Quantitative evaluation confirms that the integrated speed–learning mechanism enables 

fully collision-free navigation, significantly reduces path deviation and heading fluctuations, 

and improves average reaction time by nearly a factor of two compared to the baseline method. 

These results demonstrate that the observed performance gains arise from the interaction-aware 

control structure itself, rather than from aggressive parameter adjustment, reinforcing the 

suitability of IODPCS for real-world navigation in dynamic and uncertain environments. 

 
 Figure 37: Training performance of IODPCS showing convergence of mission-level energy 

consumption toward the optimized target across learning episodes. 

5.4.6  Quantitative Comparison, Speed Optimization, and Summary of Gains 

The proposed IODPCS framework introduces a unified interaction-aware navigation 

formulation by integrating obstacle avoidance, speed regulation, and energy efficiency within 

a single optimization-based decision structure. Unlike classical fuzzy logic or artificial 

potential field (APF) methods, where these components are often treated separately, the 

proposed framework embeds interaction dynamics and energy considerations directly into the 

control process. 

A central novelty of the proposed mathematical formulation lies in the explicit 

quantification of environmental interaction pressure and its direct coupling with motion 

dynamics. Instead of modeling obstacles as isolated repulsive sources, IODPCS evaluates the 

cumulative interaction induced by obstacle proximity, spatial density, and motion trends. This 

interaction-aware representation allows the controller to reason about navigation difficulty at 

a global scale, enabling the robot to anticipate high-risk regions and select low-interaction 

corridors before encountering local deadlocks. This capability is not achievable in classical  
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potential-field or standalone fuzzy systems and explains the absence of oscillatory behavior 

and unnecessary detours observed in the proposed framework. 

A quantitative comparison between IODPCS, APF, and standalone FLC methods was 

conducted across static, mixed, and fully dynamic environments. The results summarized in   

Table 12 demonstrate consistent performance gains across all evaluated metrics. 

IODPCS achieves up to a 20% reduction in path length and approximately 40% lower path 

deviation while maintaining collision-free navigation in all scenarios. In contrast, the baseline 

controller exhibits frequent failures in cluttered or dynamic conditions due to delayed reactions 

and unstable trajectory corrections. These results indicate that the proposed framework 

improves navigation efficiency and robustness under increasing environmental complexity. 

Bold values indicate the best performance for each metric under the corresponding 

environment. Static, mixed, and dynamic columns correspond to different environment 

configurations with increasing obstacle density and motion complexity. 

To further elucidate how these quantitative gains emerge from the internal structure of 

the proposed framework, the following figures analyze the speed optimization, interaction-

pressure dynamics, and learning behavior of IODPCS.  

The role of speed regulation in achieving these gains is clarified through the integrated 

speed optimization core illustrated in Fig. 38. This figure exposes the internal velocity solution 

space generated by the composite cost formulation, showing how obstacle repulsion, terrain-

complexity constraints, and adaptive weighting are fused to compute the optimal velocity 

signal 𝑉𝑓(𝑡).  

Importantly, speed adaptation is not imposed as an auxiliary control layer but emerges 

directly from the same optimization structure that governs path selection. This unified 

formulation explains why velocity adjustments remain smooth, anticipatory, and stable even 

under rapidly changing environmental conditions. The optimal velocity output 𝑉𝑓(𝑡)is 

computed using the composite weighted formulation introduced in Section 5.4.2. 
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Table 12:  Quantitative performance comparison between IODPCS and baseline navigation methods 

under static, mixed, and dynamic environments. 

Metric Method Static Mixed Dynamic 

Path Length (m) APF 9.0 10.2 12.1 

 
FLC 8.4 9.5 10.8 

 
IODPCS 7.2 8.4 9.8 

Average Deviation (m) APF 0.8 1.2 1.6 

 
FLC 0.5 0.9 1.3 

 
IODPCS 0.3 0.6 1.1 

Collision Count APF 3 5 7 

 
FLC 1 2 3 

 
IODPCS 0 0 0 

Energy Consumption (J) APF 68 82 96 

 
FLC 58 70 85 

 
IODPCS 50 62 75 

Reaction Time (s) APF 0.25 0.45 0.70 

 
FLC 0.18 0.35 0.55 

 
IODPCS 0.10 0.30 0.50 

Navigation Accuracy (%) APF 88 84 80 

 
FLC 92 88 85 

 
IODPCS 98 95 92 

Execution Time (s) APF 3.6 5.1 6.8 

 
FLC 3.0 4.4 6.0 

 
IODPCS 2.5 3.8 5.2 
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Figure 38: Integrated IODPCS Speed Optimization Core: Force Blending within a Velocity–Cost Landscape 

and Optimal Velocity Output. The controller blends obstacle-repulsion, terrain-complexity constraints, and 

adaptive learning weights to compute the optimal velocity signal Vf(t). The 3D surface illustrates how 

environmental complexity shapes the final speed command, revealing the internal structure responsible for 

IODPCS’s improved energy efficiency and reaction time. 

The effectiveness of this formulation is further reflected in the adaptive velocity profiles 

shown in Fig. 39. Compared to the baseline controller, IODPCS avoids abrupt speed 

fluctuations and instead produces smooth, context-aware modulation in response to obstacle 

density and motion trends. This behavior contributes directly to the observed reduction in 

energy consumption, with average savings of approximately 25% across all experimental 

scenarios. Reaction time is also improved by nearly a factor of two, allowing the robot to 

respond more rapidly to sudden obstacle movements in fully dynamic environments. 

 
Figure 39: Adaptive speed modulation of IODPCS under spatial environmental complexity. Adaptive 

speed modulation of IODPCS under spatial environmental complexity. 

Dynamic behavior is examined through the interaction–risk landscape shown in Fig. 40, 

which captures the coupling between obstacle dynamics, interaction complexity, and motion 

regulation across static, mixed, and fully dynamic regimes. The proposed IODPCS framework  
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maintains smooth, coordinated adaptation of both trajectory and velocity under increasing 

interaction pressure, with the robot consistently navigating along low-risk valleys of the 

interaction surface. This behavior confirms that dynamic obstacle influence is embedded 

directly within the interaction-aware cost formulation, rather than handled reactively. 

In contrast to conventional methods where rapid changes in obstacle motion often induce 

delayed, oscillatory, or overly conservative responses, the proposed framework preserves 

stable behavior without aggressive parameter tuning. The corresponding tracking-error 

evolution further demonstrates that IODPCS maintains a consistently low error profile across 

all regimes, including during transitions from static to dynamic environments, where baseline 

controllers exhibit pronounced error amplification. 

Overall, Fig. 40 confirms that robustness to dynamic complexity is a structural property 

of the proposed formulation, in which interaction risk directly modulates motion decisions. As 

a result, trajectory accuracy degrades gracefully rather than abruptly as obstacle dynamics 

intensify, reinforcing the scalability and reliability of IODPCS for real-world navigation in 

continuously evolving environments. 

 
Figure 40: Interaction–complexity landscape with adaptive IODPCS navigation compared to baseline 

detour paths.  

The figure illustrates the coupling between interaction pressure, navigation progress, and 

obstacle dynamics across static, mixed, and fully dynamic environments. The adaptive 

IODPCS trajectory remains confined to low-risk regions of the interaction surface, maintaining 

stable tracking performance and smooth motion regulation, while the baseline approach 

exhibits increased tracking error and instability as interaction complexity intensifies. 

The interaction-aware behavior and learning dynamics of the proposed IODPCS 

framework are summarized in Fig. 41 through a unified three-dimensional interaction–risk–

energy landscape. The visualization captures the coupling between obstacle dynamics, 

trajectory curvature, speed modulation, and energy regulation within a single optimization 

structure. The adaptive IODPCS trajectory remains confined to low-cost regions of the 

interaction surface, ensuring smooth path deformation and stable motion as interaction 

pressure increases, while the baseline method drifts toward higher-cost regions. In addition, 

the figure illustrates the convergence of mission-level energy consumption during learning, 

indicating suppression of redundant maneuvers and stable policy formation. Overall, Fig. 41 

demonstrates that navigation smoothness, energy efficiency, and robustness emerge  
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intrinsically from the unified interaction-aware decision surface rather than from external 

tuning.            

 
Figure 41: 3D interaction–risk–energy landscape illustrating adaptive IODPCS trajectory and speed 

modulation compared to baseline navigation, with explicitly labeled spatial axes and normalized cost 

representation.  

To improve interpretability, the axes in Figs. 40 and 41 are explicitly labeled with 

physical units, where the horizontal axes represent spatial position (m) and the vertical axis 

represents the normalized interaction–risk–energy cost. Additionally, a top-down projection is 

incorporated to highlight the navigation corridor and more clearly distinguish low-risk regions 

from high-risk peaks. 

5.4.7 Ablation-Based Discussion of Framework Components 

To further clarify the contribution of individual components within the proposed 

IODPCS framework, a structured ablation-style discussion supported by quantitative 

comparison is provided based on the results presented in Section 5.4.  Although the framework 

is designed as an integrated system, the role of each module can be interpreted based on its 

functional impact on performance metrics. APF component provides the fundamental 

navigation guidance by generating attractive and repulsive forces. However, APF alone is 

known to be prone to local minima and oscillatory behavior, particularly in dense and dynamic 

environments. 

The fuzzy inference module enhances local decision-making by incorporating 

contextual information such as obstacle distance, obstacle speed, and path complexity. This 

results in smoother trajectories and reduced deviation, as reflected in improved navigation 

accuracy and stability compared to standalone APF and FLC approaches. The adaptive 

weighting mechanism dynamically balances safety, energy efficiency, and trajectory 

smoothness based on real-time performance feedback. This component is primarily 

responsible for reducing unnecessary motion effort and improving energy efficiency, 

particularly in complex and dynamic scenarios. 

Finally, the learning-based parameter tuning mechanism enables incremental refinement 

of fuzzy parameters and cost weights during operation. This contributes to faster response 

times and improved adaptability to environmental changes, especially under dynamic obstacle 

conditions. 
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To further support the ablation-style discussion, a comparative evaluation of different 

framework configurations is summarized in Table 13. 

 
Table 13: Ablation Analysis of IODPCS Framework Components. 

Method Variant Path 

Length (m) 

Execution 

Time (s) 

Energy 

Consumption 

(J) 

Collision 

Count 

Observations 

APF Only 14.8 21.3 128.5 2 Fast but unstable near 

obstacles; prone to local 

minima 

Fuzzy Only 

(FLC) 

13.9 23.7 115.2 1 Improved safety and 

smoothness but less 

efficient path 

Fuzzy + APF (No 

Adaptive Weights) 

12.6 20.5 102.4 0–1 Balanced navigation but 

lacks context adaptation 

IODPCS (No 

Learning) 

11.9 19.8 96.7 0 Improved performance 

with fixed weights 

Full IODPCS 

(Proposed) 

10.8 18.6 89.3 0 Best performance due to 

adaptive weighting and 

learning 

 

To quantitatively evaluate the contribution of individual components within the 

proposed IODPCS framework, an ablation study was conducted by progressively enabling 

system modules under identical experimental conditions. The evaluated variants include: (i) 

classical APF, (ii) standalone fuzzy logic controller (FLC), (iii) hybrid fuzzy–APF without 

adaptive weighting, (iv) IODPCS without learning-based adaptation, and (v) the full IODPCS 

framework. 

           As shown in Table 13, each component contributes incrementally to navigation 

performance. The APF baseline demonstrates fast but unstable behavior, with higher collision 

risk and energy consumption due to oscillatory motion. The fuzzy controller improves safety 

and trajectory smoothness but introduces longer traversal times. The integration of fuzzy logic 

with APF improves path efficiency and eliminates most collisions, highlighting the benefit of 

combining geometric and rule-based reasoning.  
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Introducing the unified IODPCS structure without learning further enhances 

performance by providing a consistent multi-objective formulation. However, the full IODPCS 

framework achieves the best overall performance due to its adaptive weighting mechanism and 

feedback-driven parameter tuning, which enable context-aware trade-offs between safety, 

energy efficiency, and path smoothness. These results confirm that the performance  

improvements of the proposed framework are not due to a single component, but arise from 

the synergistic interaction between fuzzy reasoning, potential field guidance, and adaptive 

learning. This structured analysis provides a clear interpretation of the contribution of each 

component, improving the transparency and interpretability of the proposed integrated 

framework. 

5.4.8 Real-World Experimental Validation 

To ensure a consistent validation framework, the real-world experiments are designed 

to replicate the simulation scenarios as closely as possible, including comparable obstacle 

configurations, motion patterns, and controller settings. The same performance metrics used 

in simulation, including path length, energy consumption, navigation accuracy, and execution 

time, are also evaluated in real-world experiments. This enables a meaningful comparison 

between simulation and real-world performance. 

The performance trends observed in real-world experiments follow similar patterns to 

simulation results, validating the consistency of the proposed framework. In particular, the 

proposed IODPCS framework maintains stable navigation behavior, reduced energy 

consumption, and smooth trajectory generation under dynamic conditions. 

Minor discrepancies between simulation and real-world results are observed, primarily 

due to sensor noise, actuation delays, and environmental uncertainties not fully captured in the 

simulation model. Despite these differences, the overall performance improvements remain 

consistent, confirming the robustness and practical applicability of the proposed approach. 
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5.5 Conclusions 

This chapter presented IODPCS, a unified interaction-aware navigation framework 

integrating fuzzy logic, artificial potential fields, and adaptive parameter tuning. The proposed 

approach enables simultaneous regulation of trajectory and velocity within a single closed-

loop structure, incorporating interaction dynamics and energy-aware considerations. 

Experimental results from simulation and real-world validation demonstrate that the 

proposed framework improves navigation performance in terms of trajectory smoothness, 

obstacle avoidance, and energy efficiency under dynamic conditions. Compared to baseline 

methods, the system shows consistent improvements while maintaining stable and adaptive 

behavior. The framework demonstrates stable performance under the evaluated conditions. 

Despite these promising results, several limitations remain. The current energy model is 

based on a simplified surrogate formulation rather than direct physical power measurements, 

and the evaluation is limited to moderate-scale environments. In addition, the adaptation 

mechanism focuses on parameter tuning rather than full policy learning. 

Future work will focus on extending the framework to larger and more complex 

environments, incorporating more accurate energy modeling, and exploring learning-based 

extensions for enhanced adaptability. Integration with multi-robot coordination and real-time 

deployment on embedded systems will also be investigated. 

 

5.6  Scientific Thesis II.1 

This dissertation proves that the integration of an actuator-level energy-aware control 

model within the proposed IODPCS navigation framework fundamentally transforms mobile 

robot navigation into an energy-optimized decision-making process. By embedding energy 

consumption directly into the control loop alongside trajectory generation and velocity 

regulation, the framework enables real-time minimization of energy usage while preserving or 

improving trajectory accuracy, motion stability, and obstacle avoidance performance. The 

results demonstrate that the proposed approach achieves consistently lower energy 

consumption and enhanced overall efficiency compared with conventional navigation 

methods, particularly under dynamic and uncertain environmental conditions.
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Chapter 6 Feed-Forward Deep Neural Network Estimation Approach 
 

Machine Learning-Based Path 

Planning for Mobile Robot 

Navigation 

 

 

6.1 Chapter Abstract 

Efficient navigation is crucial for intelligent mobile robots operating in complex 

environments. This chapter presents an innovative approach that integrates advanced machine 

learning techniques to enhance mobile robot communication and path planning efficiency. The 

proposed method combines supervised and unsupervised learning, utilizing spline 

interpolation to generate smooth trajectories with minimal directional changes. 

Experimental validation using a differential-drive mobile robot demonstrates high trajectory 

control efficiency. In addition, this chapter explores Motion Planning Networks (MPNet), a 

neural planning framework that processes raw point-cloud data obtained from depth sensors. 

The results highlight the capability of MPNet to generate optimal paths using the Probabilistic 

Roadmap (PRM) method. 

Furthermore, the importance of proper parameter tuning for reliable MPNet-based path 

planning is emphasized. The proposed algorithm is also evaluated across different path 

scenarios to assess its adaptability and robustness. The experimental findings confirm that the 

trajectory control algorithm operates effectively, consistently providing accurate and efficient 

motion control for the mobile robot. 

 

6.2 Introduction 

Mobile robots are intelligent devices that can perform specific tasks independently in 

complex environments and do not rely on human beings. Mobile robot navigation entails 

navigating from a starting point to a target point without hitting obstacles [188] [189], 

considering constraints like optimal time, shortest path, or lowest energy consumption. In 

dynamic and uncertain environments, applying global search algorithms do not suffice to 
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address robot navigation due to the lack of a complete model or the map of environment. 

Researchers have used the local search and the local path planning algorithms with help of data 

obtained from robot's sensors such as sonar and infrared devices [190].  

The navigation methods commonly used by mobile robots can be categorized into two 

main groups: traditional methods and heuristic methods [191]. Traditional methods encompass 

techniques such as the grid method, roadmap navigation, visual navigation, sensor-based data 

navigation, free space method, and artificial potential field methods. However, these traditional 

approaches often encounter challenges such as getting trapped in local optimums, difficulty in 

online implementation, and longer processing times, particularly in large problem spaces. 

Consequently, researchers have increasingly focused on heuristic approaches including the ant 

colony algorithm [192], fuzzy logic [193], neural networks [194], genetic algorithms [195], 

particle swarm optimization algorithms [196], and machine learning [197]. These heuristic 

techniques provide increased flexibility and adaptability, rendering them highly suitable for 

navigating intricate environments. 

Heuristic methods, including supervised and unsupervised learning within machine 

learning, present promising avenues for addressing these challenges. Unlike traditional 

methods, which may struggle with real-time requirements and large problem spaces, 

supervised and unsupervised learning methods can adapt and generalize based on data patterns. 

Supervised learning, where the model learns from labeled data, can help in predicting optimal 

navigation paths based on past experiences. Meanwhile, unsupervised learning, which does 

not require predefined outputs, can uncover underlying structures and patterns in the 

environment, aiding in navigation decision-making. While these methods face their own 

challenges, such as data dimensionality and computational complexity, their ability to leverage 

data efficiently makes them valuable assets for navigating complex environments. 

This convergence of heuristic methods with motion planning, driven by recent 

advancements in machine learning, has led to the development of innovative solutions like 

Motion Planning Networks (MPNet) [198] [199]. Recently, a significant research trend has 

emerged, merging motion planning with machine learning to address planning problems. Both 

domains, motion planning and machine learning for control, have seen substantial progress 

and are actively researched [200] [201]. These networks, utilizing deep neural networks, offer 

remarkable efficacy in generating collision-free paths, bridging the gap between theoretical 

robustness and computational efficiency in robotic motion planning. To provide context and 

underscore the advancements made by our proposed approach, we incorporate a comparative 

analysis with significant research contributions in the field of machine learning techniques on 

mobile robots. This analysis spans topics such as disturbance observer-based optimal control 

for uncertain surface vessels [202], optimal tracking control for discrete-time nonlinear 

systems [203], optimized formation control for unmanned surface vehicles with collision 

avoidance [204], and comprehensive formation tracking control and optimal control for fleets 

of multiple surface vehicles [205].  

 
 

6.3 Related Works  

The field of mobile robotics has witnessed significant research efforts dedicated to 

enhancing path planning and navigation in complex environments. This section provides an 

overview of key developments in path planning, machine learning, and motion capture relevant 

to mobile robotics. Numerous path planning algorithms have been proposed to tackle the 

challenges of navigating dynamic environments. Traditional global path planning approaches, 

such as Dijkstra's algorithms [206], heavily rely on precomputed maps and face limitations in 

adapting to dynamic changes. In contrast, local path planning methods like the Velocity  
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Obstacle method and the Dynamic Window Approach focus on real-time obstacle avoidance, 

considering the robot's immediate surroundings [207] [208]. While suitable for reactive 

navigation, these methods may lack the ability to plan globally. 

The search for efficient motion planning algorithms began with complete ones, which, 

though comprehensive, were computationally inefficient. This prompted the development of 

methods with resolution and probabilistic completeness, aiming for more practical solutions 

[209]. While complete algorithms guarantee finding a path if one exists, they are often too 

complex for real-world applications due to their need for extensive environmental data [210]. 

Resolution-complete algorithms offer a more feasible alternative but require meticulous 

adjustment of parameters for each planning problem [211]. To address these limitations, 

probabilistically complete methods, such as sampling-based motion planners (SMPs), were 

introduced.  

These methods rely on sampling techniques to create exploration trees or roadmaps in the 

robot's obstacle-free space [209]. Popular sampling-based motion planners (SMPs) like rapidly 

exploring random trees (RRT) and probabilistic roadmaps (PRM) [212] [213] are widely used. 

RRT, especially, is favored for its ability to quickly find a path around obstacles, though it may 

not always find the shortest one. An improved version, RRT*, guarantees the shortest path but 

becomes less efficient with higher planning problem complexity. Single-query methods, like 

RRT, are preferred over multi-query ones like PRM due to their simplicity and effectiveness. 

These algorithms generate roadmaps of feasible paths, proving suitable for a broad range 

of scenarios. However, their performance can be influenced by factors such as sampling 

strategies and optimization techniques. 

Reinforcement learning (RL) [214] is becoming increasingly popular for tackling 

continuous control and planning tasks [215]. RL operates within Markov decision processes, 

where an agent interacts with its environment, making decisions based on observed states and 

receiving rewards. The goal is for the agent to learn a policy that maximizes its cumulative 

reward. Initially, RL was limited to simpler, lower-dimensional problems [216], but recent 

advances, particularly in Deep RL (DRL) [217] [218], have enabled the solution of more 

complex, higher-dimensional challenges.  

Popular Deep Reinforcement Learning DRL methods, such as Deep Q-Networks (DQN) 

and Proximal Policy Optimization (PPO) [219], are effective in modeling environments and 

learning collision energy functions [220]. Generative models like Variational Autoencoders 

(VAE) and Generative Adversarial Networks (GANs) [221] [222] contribute by generating 

synthetic data, addressing challenges in collecting real-world training data. 

DRL has successfully addressed various difficult robotic tasks using both model-based [223] 

and model-free [224] approaches. However, challenges persist in solving practical problems 

with weak rewards and long horizons [225]. 

Motion capture technology finds applications in various robotics domains, providing 

valuable insights into robot movements and interactions with the environment [226]. In mobile 

robotics, motion capture data is instrumental in creating realistic simulations for training and 

testing path planning algorithms, offering insights into robot kinematics and dynamics for the 

development of accurate motion models and controllers [227]. 

Recent advancements in deep learning have spurred interest in utilizing neural networks 

to enhance or approximate motion planners, particularly to adapt to changing environments. 

Various learning strategies, like imitation learning, have been employed to enhance motion 

planning methods. For instance, Zucker et al. [228] proposed adapting sampling techniques in 

SMPs using the REINFORCE algorithm [229] in discretized workspaces. Berenson et al. [230] 

introduced a learned heuristic to store and repair paths as needed. Coleman et al. [231]  opted 

to store experiences in a graph rather than individual trajectories. Ye and Alterovitz [232]  

combined human demonstrations with SMPs for path planning. While these methods showed  
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improved performance over traditional algorithms, they often lack generalizability and require 

manual adjustments for each new environment. 

One approach involves leveraging machine learning techniques to bias sampling towards 

critical regions. For instance, Zhang et al. [233] utilized reinforcement learning (RL) to gauge 

the likelihood of rejecting a sampled state, thus directing sampling towards safer areas. Bency 

et al. [234] focused on navigation demonstrations in static environments, while Ichter et al. 

[235] introduced conditional variational autoencoders for Sampled Motion Planners like Fast 

Marching Trees (FMT*), addressing the challenge of generalization to diverse environments. 

Furthermore, Francis et al. [236] introduced PRM-RL for long-range navigation, where 

RL serves as both a short-range local planner and a collision-prediction module for the high-

level PRM planner. In [237], a similar framework to PRM-RL for long-range navigation is 

presented, wherein RL serves dual roles: as a short-range local planner and a collision 

prediction module for the high-level PRM planner. [238] introduced a hierarchical framework 

tailored for long horizon reaching tasks. It operates by planning at the high level to identify 

subgoals from the replay buffer, while learning at the low level directs. 

To overcome these limitations, modern techniques leverage efficient function 

approximators like neural networks to embed motion planners or learn auxiliary functions for 

SMPs, enhancing planning speed in complex, cluttered environments. 

The robot to reach these subgoals. The effectiveness of this approach was highlighted in 

its integration of planning with learning, showcasing significant efficiency gains. However, 

these methods do not generalize novel environments or tasks, and thus require frequent 

retraining. Previous research has highlighted the attractiveness of reinforcement learning for 

developing adaptable robot-control policies, but its lengthy training process poses a challenge. 

While imitation learning offers a basic solution to address exploration and sparse rewards, 

there's a gap in methods that combine supervised and unsupervised learning for optimal path 

planning. Furthermore, Motion Planning Networks (MPNet) haven't been fully explored in this 

context. Additionally, current approaches often prioritize either accuracy or adaptability, 

neglecting the need to balance both for effectively handling complex scenarios. 

In our study, we propose an innovative approach to robotic motion planning by integrating 

(MPNet) with both supervised and unsupervised learning. By leveraging MPNet, which 

generates collision-free paths using deep neural networks, and incorporating supervised and 

unsupervised learning, our method aims to overcome traditional limitations. We hypothesize 

that this integration will enhance adaptability, efficiency, and accuracy in complex 

environments. 

Our work fills a research gap by providing a comprehensive framework that combines the 

strengths of both learning paradigms. Through experiments, we demonstrate improved 

trajectory control efficiency and adaptability, marking a significant advancement in robotic 

motion planning. 

6.4 Methods And Experiments 

This section introduces the proposed model. The method, which utilizes MATLAB 

simulation, integrates two key components to achieve effective path planning and trajectory 

control. 

The methodology, as depicted in Figure 42, begins with thorough data collection, 

establishing the groundwork for the following stages. Supervised learning trains the system on 

labeled data, followed by spline interpolation for smooth path generation. Path optimization 

refines trajectories, while unsupervised learning uncovers hidden patterns. An intelligent 

motion processing system adapts to dynamic environments, aided by path planning  
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visualization. Finally, the system incorporates MPNet: Neural Navigator for adaptive 

navigation, amalgamating techniques for robust and efficient navigation. 

 

 
Figure 42: Algorithmic Workflow of Efficient Robot Navigation. 

6.4.1  Supervised and Unsupervised Learning  

In the initial phase of our method for achieving efficient navigation in complex 

environments, we integrate supervised and unsupervised learning techniques with spline 

interpolation. Initially, we compile a diverse dataset encompassing various environmental 

conditions and movement patterns, leveraging sensor data from Lidar sensors, GPS sensors, 

cameras, and motion capture systems. 

Supervised learning utilizes labeled data, including annotated trajectories obtained 

through motion capture systems, to train models. These trajectories serve as ground truth for 

optimal paths in specific environmental scenarios. Simultaneously, unsupervised learning 

autonomously uncovers patterns in the dataset, enhancing adaptability to novel environments. 

Spline interpolation is then employed to generate smooth paths with minimal directional 

changes, ensuring continuous and safe navigation. Experimental validation conducted with a 

differential drive mobile robot confirms exceptional trajectory control efficiency, validating 

the effectiveness of our approach. By combining these techniques and leveraging a diverse  
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dataset, our method offers a robust solution for navigating dynamic environments with 

efficiency and precision. 

With the neural network now honed and infused with the prowess of supervised and 

unsupervised learning, the path planning phase unfolds. The trained model is leveraged to 

perform real-time predictions of optimal paths for the mobile robot as it traverses complex 

environments. These predictions, albeit insightful, undergo further refinement through the 

prism of path optimization techniques (as shown in Fig. 43). 

The schematic representation of the proposed model intricately outlines a systematic path 

planning process, integrating both supervised and unsupervised learning techniques. The 

diagram initiates with pivotal stages of data ingestion and preprocessing, crucial for preparing 

pertinent data for subsequent learning algorithms. On one side, the illustration of supervised 

learning leads to a labeled "Classification" component, indicating its role in recognizing and 

categorizing specific features or obstacles based on labeled data. Conversely, the depiction of 

unsupervised learning on the opposite side is represented by an arrow leading to a "Clustering 

Ring," symbolizing the grouping or clustering of similar data points without explicit 

instructions. The convergence of both supervised and unsupervised learning processes is 

visually apparent in the central component labeled "Path," emphasizing their collaborative 

utilization in the robot's path planning (as illustrated in Fig. 44.). This integration suggests that 

the robot effectively navigates its environment by leveraging insights from both learning 

approaches. The subsequent connection to "Motion Capture" signifies the practical application 

of integrated learning outputs, ultimately leading to the determination of the "Optimal Path." 

This represents the trajectory the robot should follow for optimal navigation. The 

comprehensive figure elucidates the intricate interplay between supervised and unsupervised 

learning in the context of path planning, presenting a holistic approach that culminates in 

identifying an optimal path through the environment with the assistance of motion capture 

technology. 
 

 
Figure 43: Schematic representation of the proposed model.  
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Our data processing methodology tailors the approach to the characteristics of sensor data. 

As illustrated in Figure 43, Motion Capture Data Refinement is essential for capturing intricate  

 

movement patterns. This process involves smoothing and interpolation techniques to ensure a 

coherent depiction of the robot's trajectory. Our system employs comprehensive hardware 

setup to track and control the movements of mobile robots with high precision. The 

experimental setup integrates advanced data acquisition and processing tools to facilitate real-

time navigation and path planning. The system utilizes a suite of 15 Vicon cameras to establish 

a highly accurate reference coordinate system, essential for precise motion capture and tracking 

of the robot’s position in a 3D space. Although the robot operates in a 2D plane, the Vicon 

system’s ability to track in 3D ensures that positional data in the X and Y dimensions are 

exceptionally accurate, while Z-directional data and angles for roll and pitch are ignored. 

Calibration of these cameras is meticulously performed using a wand, ensuring optimal 

communication between the Vicon system and MATLAB-Simulink.  

The captured motion data is transmitted in real-time via Ethernet to MATLAB-Simulink, 

where it is processed through control logic blocks. This real-time data processing is crucial for 

generating accurate and immediate control instructions. The processed data is then relayed to 

the robot using QUARC-Real Time Control Software, which enables precise execution of the 

planned trajectories. 

The ground control station is equipped with a robust Intel Core i7 processor, 16GB of 

RAM, and multiple software tools, including MATLAB 2020a and QUARC Real-Time 

Control Software 2020. This setup also includes three monitors for detailed observation and 

control, a USB flight controller joystick for manual input, and a WiFi router to facilitate 

seamless communication with the robot. 

In addition to the motion capture system, the robot is outfitted with a comprehensive 

sensor suite. This includes Lidar sensors for detailed obstacle detection and terrain mapping, 

requiring sophisticated filtering and segmentation techniques to extract relevant insights. GPS 

sensors are also integrated, with correction measures implemented to mitigate errors due to 

atmospheric interference, ensuring accurate localization. The synergy among these sensors, 

along with the motion capture system and other devices, provides a holistic understanding of 

the robot's environment. The refined motion capture data, processed through advanced 

algorithms, yields a coherent depiction of movement patterns essential for accurate trajectory 

planning. This integrated hardware setup enables the system to calculate the optimal path for 

the robot, guiding it towards its goal while effectively avoiding obstacles [239]. 

Figure 44 illustrates the Intelligent Motion Processing System, highlighting the flow of 

data from the environment, through the sensors and cameras, to the processing units, and 

finally to the robot's actuators. This comprehensive hardware setup ensures that our proposed 

algorithm can navigate dynamic environments efficiently and with high precision. 



                                                                  Chapter 6: Machine Learning-Based Path Planning 
 

 

   121 

 

 
Figure 44: Intelligent Motion Processing System. 

These techniques fine-tune the predicted paths, as illustrated in Fig. 45, providing a 

nuanced visual representation of our path planning process. The left side depicts the initial 

predicted paths, where the robot encounters an obstacle. In contrast, the right side showcases 

the paths after the application of fine-tuning techniques, revealing an optimal path where the 

robot successfully avoids the obstacle. 

These techniques, intentionally designed to enhance both safety and feasibility for the 

robot's execution of planned paths, are elucidated in the updated figure caption, ensuring a 

comprehensive understanding of how they embody safety and feasibility for the robot's 

execution. 
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Figure 45: Path Planning Visualization. 

Central to our approach is a dual-faceted endeavor of data acquisition and refinement. 

Motion capture systems meticulously record the robot's movement, while various sensors, 

including lidar sensors, cameras, and GPS, interact with the environment [240]. 

Raw data undergoes preprocessing, including noise reduction and calibration, to enhance 

its reliability. In the data processing phase for Lidar-generated data, we employ a filtering 

technique to improve obstacle detection accuracy: 

In the data processing phase for Lidar-generated data, we employ a filtering technique to 

enhance the accuracy of obstacle detection by reducing noise. Equation (1) defines 𝑃𝑓𝑖𝑙𝑡𝑒𝑟𝑒𝑑(𝑥) 

as the filtered Lidar point cloud at position x. Where N is the number of raw Lidar 

measurements, and 𝑝𝑟𝑎𝑤(𝜒𝑖) represents the raw Lidar measurement at position (xi). 

This equation essentially computes the average of raw Lidar measurements over N points, 

providing a smoothed and more accurate representation of the Lidar point cloud at the specified 

position x. This filtering process is crucial for improving the reliability of obstacle detection in 

our proposed algorithm. 

This relationship is expressed as follows: 

 

𝑷𝒇𝒊𝒍𝒕𝒆𝒓𝒆𝒅(𝒙) =
𝟏

𝑵
∑ 𝒑𝒓𝒂𝒘(𝒙𝒊)

𝑵
𝒊=𝟏                                             (54) 

The refined data, post its passage through the adaptive data processing pipeline, stands 

adorned with a mosaic of extracted features—a rich tapestry of attributes intrinsic to the art of 

path planning. These features empower the path planning model to navigate complex terrains, 

charting optimal trajectories through dynamic environments. 

In the supervised learning phase, our primary objective is to train the neural network for 

predicting optimal trajectories. This crucial training process involves minimizing the Mean 

Squared Error (MSE) which serves as the loss function. The MSE is a measure of the average 

squared difference between the actual optimal trajectory (𝑦𝑖) and the predicted trajectory 

generated by the neural network (𝑦̂𝑖) across N training examples. 

The MSE is calculated as follows: 

 

𝑴𝑺𝑬 =
𝟏

𝑵
∑ (𝒚𝒊 − 𝒚̂𝒊)

𝟐𝑵
𝒊=𝟏                                                             (55) 

This equation (Eq. 55) quantifies the discrepancy between the actual and predicted 

trajectories. The goal during training is to iteratively adjust the neural network's parameters to 
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minimize this error, ensuring that the predicted trajectories closely align with the ground truth. 

Achieving a low MSE is indicative of the model's proficiency in accurately predicting optimal 

trajectories, thereby enhancing the overall performance of our proposed algorithm in trajectory 

prediction tasks. With the neural network now primed through the crucible of supervised 

learning, the stage is set for a more nuanced endeavor-unsupervised learning. Here, the 

network's cognitive repertoire is amplified by the integration of clustering algorithms. These 

algorithms deftly group environments and robot movement patterns that share inherent 

similarities. This strategic clustering capacitates the network to engender path predictions that 

resonate with scenarios analogous to those witnessed during training [241]. The amalgamation 

of supervised and unsupervised learning lends the neural network an astute adaptability, poised 

to extrapolate and apply its knowledge to a multitude of contextually akin environments and 

movement patterns. 

In the unsupervised learning phase, we implement a clustering algorithm, such as K-

Means [242], to categorize similar environments and patterns in robot movement. The 

corresponding objective function for K-Means clustering is denoted by 𝐽(𝑐, 𝑀) where N 

signifies the total number of data points, K represents the quantity of clusters, (𝑥𝑖) refers to 

individual data points, and 𝑀𝑗 stands for the centroid of a given cluster. This equation 

rigorously defines the objective function pivotal in the K-Means clustering process. 

 

𝑱(𝒄, 𝑴) =
𝟏

𝑵
∑ ∑ ‖𝒙𝒊 − 𝑴𝒋‖

𝟐𝒌
𝒋=𝟏

𝑵
𝒊=𝟏                                               (56) 

This equation quantifies the dissimilarity between data points (𝑥𝑖) and cluster centro ids 

(𝑀𝑗), serving as a cornerstone in the K-Means clustering methodology. The minimization of 

this objective function drives the algorithm to iteratively refine the clustering, ensuring that 

data points within the same cluster are more like each other than those in other clusters. The 

resulting clusters encapsulate inherent similarities in robot movement patterns and 

environmental features. This strategic grouping enhances the network's ability to discern and 

predict optimal paths in novel, yet similar, contexts. The iterative nature of the clustering 

process refines the model's understanding, further contributing to its adaptability in various 

scenarios. The integration of supervised and unsupervised learning methodologies 

synergistically equips our proposed algorithm with the versatility needed for robust path 

prediction in diverse and dynamic environments.              

6.4.2  MPNet: Neural Navigator 

The second aspect of Proposed method involves the integration of MPNet, a neural 

network-based motion planner. MPNet operates in two distinct phases. 

Offline Training of Neural Models: In this phase, the neural networks are trained offline 

using a combination of supervised learning and reinforcement learning techniques. The models 

learn from a diverse set of training data to predict optimal paths in varying environmental 

conditions. 

Online Path Generation: Once trained, the neural models are deployed for online path 

generation during real-time navigation. MPNet utilizes its learned knowledge to rapidly 

generate optimal paths, enabling the robot to adapt to dynamic environments and obstacles in 

real time. 

Motion Planning Networks (MPNet) seamlessly integrates two neural networks, namely 

the encoder network (Enet) and the planning network (Pnet), to provide a comprehensive 

solution for motion planning challenges. In the Enet component, the system processes 

surrounding information from the robot, which can be raw point-cloud data or voxel-converted 

point-cloud, depending on the neural architecture.  
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The neural architecture itself could be a fully connected neural network or a 3D 

convolutional neural network (CNN). The output of Enet is a latent space embedding, 

encapsulating essential information about the robot's environment. 

Building upon this encoded information, the Pnet comes into play, considering the 

encoded environment, the current state of the robot, and the desired goal state. Pnet outputs 

samples tailored for either path or tree generation, thus facilitating efficient planning solutions. 

This dual-network architecture ensures that MPNet is equipped to learn and adapt to 

diverse environments, making it a versatile tool for motion planning tasks. This deep-learning-

based methodology represents a paradigm shift in motion planning, leveraging learned 

knowledge to generate informed samples for effective path planning in previously unexplored 

test environments. Integrating navigation further extends its utility, enabling seamless 

interaction with sampling-based motion planners like optimal rapidly exploring random trees 

(RRT*). MPNet emerges as a powerful and adaptable solution, bridging the gap between deep 

learning and classical motion planning techniques. 

The training process for the MPNet architecture involves two modules (see Fig. 46). 

 

 
                Figure 46: MPNet Architecture: Encoder Network (Enet) and Planning Network (Pnet).  

The initial module utilizes an encoding basis point set approach to transform input map 

environments into a condensed representation. This encoded environment effectively reduces 

dimensionality, computational complexity, and training time, all while preserving essential 

information. 

The second module incorporates a feed forward network consisting of feature input layers, 

fully connected layers, dropout layers, and an output layer. Rectified linear unit (ReLU) 

activation functions in the fully connected layers, along with weighted mean square distance 

as the loss function for the output layer, enable effective training. The network predicts the 

next state closer to the goal pose based on the encoded environment input, start pose, and goal 

pose. MPNet is trained through supervised learning, utilizing optimal paths generated by 

classical path planners like RRT*. Training process refines the network's weights until the 

weighted mean squared loss between predicted and actual states is minimized. 

Enet and Pnet are trained simultaneously by backpropagating the gradient of Pnet’s loss 

function through both modules. For standalone Enet training, we use an encoder-decoder 

architecture with ample environmental point-cloud data for unsupervised learning. Contractive 

autoencoders (CAE) are chosen for their ability to learn robust feature spaces crucial for 
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planning and control, outperforming other encoding techniques [243] [244]. CAE involves the 

usual reconstruction loss and regularization over encoder parameters [232]. 

 

𝒍𝑨𝑬(𝜽𝒆, 𝜽𝒅) =   
𝟏

𝑵𝒐𝒃𝑺 
∑ ‖𝒙 − 𝒙̂‖𝟐

𝒙∈𝑫𝒐𝒃𝒔
+ 𝝀∑ (𝜽𝒊𝒋

𝒆 )
𝟐

𝒊𝒋
                               (57) 

Equation (57) represents the loss function used for training the Contractive Autoencoder 

(CAE), which is a crucial part of the Enet module in the MPNet framework. This loss function 

consists of two main components: the reconstruction loss and the regularization term over the 

encoder parameters, where θe and θd are the encoder and decoder parameters, and λ is the 

regularization coefficient. The variable 𝑥̂ denotes the reconstructed point cloud. The training 

dataset of obstacles’ point-cloud X𝐨𝐛𝐬 is denoted as Dobs. The training dataset, denoted as D, 

comprises point clouds (x ⊂ X𝐨𝐛𝐬) representing obstacles. This dataset encompasses point 

clouds from NobS ∈ N distinct workspaces.  

MPNet excels in online path planning, acting as an intelligent navigator adept at 

generating collision-free paths and strategically selecting optimal samples for movement 

planning. Its functionality revolves around two core components: MPNetPath, responsible for 

path creation, and MPNetSMP, tasked with generating samples. The effectiveness of MPNet 

hinges on the expertise of two trained modules: Enet and Pnet. These modules play crucial 

roles in encoding obstacle information, facilitating stochastic modeling, and ultimately 

ensuring the success of MPNet's online path planning capabilities. 
 

Algorithm 4: MPNet Adaptive Learning 

 

1 Initialize memories: episodic M and reply  buffer B* 

2 Initialize MPNet GeneratePath" 𝑓𝜃 with parameter θ. 

3 Set the number of iterations C to pretrain MPNet. 

4 Set the replay period r 

5 set the reply batch size 𝑁𝐵  

6 for t=0 to T do 

7       { Xobs , 𝐶𝑖𝑛𝑖𝑡 , 𝐶𝑔𝑜𝑎𝑙}t ← Get planning Problem() 

8         𝜎←𝜑 ∖  ∖ an empty list to store path solution. 

9       if t > Nc then 

10             xobs subset ← Xobs 

11              𝜎 ← ƒθ(Xobs , 𝐶𝑖𝑛𝑖𝑡 , 𝐶𝑔𝑜𝑎𝑙)  

12      if not 𝜎 then 

13           𝜎←Get ExpertDemo (Xobs , 𝐶𝑖𝑛𝑖𝑡 , 𝐶𝑔𝑜𝑎𝑙) 

14          𝐵* ← 𝐵* ⋃ 𝜎 

15          𝑀←UpdateEpisodicMemory (𝜎,𝑀) 

16          𝑔 ←EstimateGradient(𝜎, θ) 

17           𝑔𝑀 ←EstimateGradient(𝜎, θ) 

18            Project 𝑔 to 𝑔′ using QP  

19            update parameter θ w.r.t. 𝑔′ 

20      if 𝐵*. size() > NB and not t  mod r then   

21         𝐵← SampleReplayBatch (B∗) 

22          𝑔 ←EstimateGradient(B, θ) 

23          𝑔𝑀 ←EstimateGradient(M, θ) 

24           ProjectGradient( 𝑔, 𝑔)′  

25          updateparameter (θ, 𝑔′) 
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Enet processes obstacle information Xobs to create a compressed representation known as 

a latent space embedding Z, streamlining processing and analysis. It can be trained in 

conjunction with Pnet, where both networks optimize path planning jointly, or separately using 

an encoder-decoder architecture. In the encoder-decoder setup, Enet initially compresses 

obstacle information into a latent space, followed by Pnet decoding this space to generate the 

robot's configuration for the next time step. 

Pnet utilizes Dropout during execution, introducing stochasticity to the model. Dropout, a 

common regularization technique in neural networks, randomly deactivates neuron outputs 

during each training iteration with a probability p∈ [0, 1]. This stochastic behavior fosters 

variability in the model, preventing overreliance on specific data features and enhancing 

exploration of diverse paths [245]. In path planning, this stochasticity aids in generating robust 

solutions and enables recursive planning and sample generation for SMPs by injecting 

randomness into decision-making. 

 

The input to Pnet comprises the compressed obstacle-space embedding Z, alongside the 

robot's current configuration ct and the goal configuration cT. These inputs provide context 

for Pnet to determine the robot's configuration for the subsequent time step, guiding it towards 

the goal while navigating obstacles effectively. 

The output of Pnet, obtained iteratively, represents the robot's configuration ct+1 for time step 

t + 1, indicating its position and orientation in the environment. This iterative process gradually 

advances the robot towards the goal configuration, adapting to environmental changes as 

necessary. Such iterative refinement enables efficient and adaptable path planning, 

empowering the robot to navigate complex environments and successfully reach its 

destination. 
 

Algorithm 5: Path Binary Planner (PBP)Top of Form 

 

1 Initialize 𝜎a as {𝐶𝑖𝑛𝑖𝑡} and 𝜎b as {𝐶𝑔𝑜𝑎𝑙} 

2 Initialize 𝜎 as an empty set 

3 for i ← 0 to N do 

4       𝐶𝑛𝑒𝑤 ← Pnet (Z, 𝜎e𝑛𝑑
𝑎  , 𝜎e𝑛𝑑

𝑏 ) 

5       𝜎a ← 𝜎a ⋃ {𝐶𝑛𝑒𝑤 } 

         6      Connect← Steer To (𝜎e𝑛𝑑
𝑎  , 𝜎e𝑛𝑑

𝑏 ) 

7      if connect then.  

8           𝜎←concatenate (𝜎a, 𝜎b) 

9            returns 𝜎 

10    SWAP (𝜎a, 𝜎b) 

11 return an empty set  
 

Path planning with MPNet leverages the collaborative efforts of Enet and Pnet within our 

iterative, recursive, and bidirectional planning framework. Our approach is characterized by 

bidirectional planning, wherein our algorithm simultaneously navigates forward from the 

starting point to the goal and backward from the goal to the starting point. 

This bidirectional strategy continues until both paths intersect, facilitating thorough 

exploration of the solution space and enabling efficient convergence towards an optimal path. 
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6.5 Comprehensive Experimental Analysis 

Path planning is an important task in robotics that requires careful consideration of the 

environment and optimal path selection. In this chapter, we propose a novel approach that 

incorporates both supervised and unsupervised learning techniques for generating smooth 

paths that can enhance the efficiency and accuracy of robotic systems. The first step in this 

approach is data acquisition and processing, where relevant data is gathered and prepared for 

use in the learning algorithms. In supervised learning, the robot can be trained using labeled 

data to recognize obstacles and follow specific paths. In contrast, unsupervised learning 

algorithms can identify patterns in the data without explicit instructions, which can help to 

determine the optimal path. To generate smooth paths, we utilize spline interpolation, a 

mathematical technique commonly used in motion capture, to generate a continuous path that 

avoids sharp corners and abrupt changes in direction. This smooth path, represented by a red 
line in the generated plot, passes through all the waypoints and offers a simple and effective 

solution for robot navigation. In the conducted experiments, we employed a state-of-the-art 

robotic platform equipped with a combination of high-performance hardware components. 

The robot was built on a differential drive mobile base, featuring precision motors for 

accurate maneuvering. For sensory input, the robot was equipped with an array of sensors, 

including lidar for environmental mapping, cameras for visual perception, and inertial 

measurement units (IMUs) for precise motion tracking. The computational core of the robot 

was powered by an Intel Core i7 processor, providing the necessary computational capacity 

for real-time processing and decision-making. 

Additionally, the robot was outfitted with ample memory and storage to accommodate the 

extensive datasets generated during the experiments. The hardware setup played a crucial role 

in the robust execution of our proposed path planning approach, ensuring the reliability and 

efficiency of the experimental results. 

The experiment offers a comprehensive exploration of robotic pathfinding in complex 

environments, showcased through Figure 47, titled "Navigating Complexity: Pathfinding 

Perspectives. In the left figure, our results through the algorithm reveal the dynamic nature of 

path planning as the mobile robot adeptly navigates obstacles using various paths. 

Transitioning to the middle figure, we observe the integration of deep learning techniques, 

enhancing the robot's perception capabilities for obstacle detection and navigation. Lastly, the 

right figure presents the culmination of supervised learning, where our integrated approach 

optimizes pathfinding, predicting efficient routes amidst obstacles. These findings exemplify 

our holistic approach to robotic navigation, integrating dynamic adaptation and advanced 

perception through cutting-edge machine learning methodologies. 

To evaluate the effectiveness of our approach, we implemented a control algorithm for 

trajectory control in a differential drive mobile robot using motion capture technology. The 

algorithm was tested on five different paths, including straight lines with varying angles based 

on the desired path and goal (see Fig.48). The evaluation results demonstrate the effectiveness 

of the trajectory control algorithm in guiding the robot along the desired path accurately and 

efficiently, especially when used in conjunction with motion capture. This combination of 

supervised and unsupervised learning techniques offers a comprehensive solution, allowing 

the robot to navigate both known and unknown environments with adaptability and precision. 
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Figure 47: Navigating Complexity: Pathfinding Perspectives. Up figure captures dynamic path 

planning, Left figure enhances perception with deep learning, and right figure optimizes pathfinding 

with supervised learning. 

 
 
Figure 48: Comprehensive comparison of the learning approaches across various path types. 
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Table 14: Performance metrics for learning approaches and path types. 

 

Figures 49 and 50 play a central role in clarifying the trajectory control efficiency of our 

proposed algorithm under distinct learning paradigms. In Figure 47, the detailed comparison 

between the 'Supervised' learning approach and the 'Straight Line' path type provides nuanced 

insights. The delineated lines visually represent optimal efficiency achieved through 

supervised learning, contrasting with the non-optimal efficiency observed in a simplistic 

straight-line trajectory. This spectrum of path types offers a comprehensive analysis, exposing 

the algorithm's adaptability to varying complexities. Turning to Figure 48, an engaging 

exploration unfolds within the unsupervised learning framework. This figure delves into the 

nuanced variations in trajectory control efficiency across a multitude of path types, offering a 

comprehensive view of the algorithm's adaptability. The inclusion of diverse scenarios ensures 

Learning 

Approach 

Path 

Type 

Trajectory 

Control 

Efficiency 

(%) 

Accurac

y (%) 

Adaptabili

ty 

Smoothne

ss Score 

(0-10) 

Computatio

nal 

Efficiency 

(ms) 

Processin

g Time 

(S) 

Supervised 

Learning 

Straight 

Line 
88 94 

Limited  

Adaptation 
9.2 12 0.45 

Supervised 

Learning 
Circular 80 88 

Limited  

Adaptation 
7.8 15 0.52 

Supervised 

Learning 

Comple

x Path 
70 82 

Limited  

Adaptation 
6.5 18 0.60 

Unsupervis

ed 

Learning 

Straight 

Line 
82 90 Adaptive 8.5 8 0.63 

Unsupervis

ed 

Learning 

Circular 76 85 Adaptive 7.2 10 0.57 

Unsupervis

ed 

Learning 

Comple

x Path 
68 78 Adaptive 6.0 22 0.75 

Supervised 

Learning 

(Optimal) 

Straight 

Line 
92 96 

Limited  

Adaptation 
9.5 10 0.38 

Supervised 

Learning 

(Optimal) 

Circular 85 92 
Limited  

Adaptation 
8.0 13 0.45 

Supervised 

Learning 

(Optimal) 

Comple

x Path 
78 88 

Limited  

Adaptation 
7.2 16 0.53 

Unsupervis

ed 

Learning 

(Optimal) 

Straight 

Line 
90 94 Adaptive 9.0 6 0.50 

Unsupervis

ed 

Learning 

(Optimal) 

Circular  88 92 Adaptive 8.5 9 0.48 
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a thorough understanding of the algorithm's performance dynamics, highlighting its capacity 

to autonomously discern optimal paths without explicit instructions. Together, these 

visualizations provide a detailed and insightful analysis of our algorithm's trajectory control 

capabilities, offering a nuanced perspective on its strengths and adaptability across a spectrum 

of learning paradigms and path complexities. 
 

 

Figure 49:  Optimal path of supervised learning for mobile robot. 

 

Figure 50: Optimal path of unsupervised learning for mobile robot. 

The experiment results, embodied in Table 14, provide a detailed evaluation of a robotic 

path planning approach seamlessly integrating supervised and unsupervised learning 

methodologies, alongside their optimized variants. In the domain of supervised learning, the 
straight-line trajectory demonstrates a notable trajectory control efficiency of 88%, coupled 

with a high accuracy of 94%, albeit with limited adaptation.  

The circular and complex paths exhibit varying degrees of performance, reflecting the 

trade-off between accuracy, smoothness, and computational efficiency. Transitioning to 

unsupervised learning, adaptability takes precedence, with the straight-line, circular, and 

complex paths showcasing distinct characteristics. Optimized variants within both learning 

approaches highlight the potential for fine-tuning trajectory planning. The comprehensive 

comparison across learning approaches emphasizes the intricate balance between adaptability, 

smoothness, and computational efficiency, guiding the selection of learning paradigms based 

on specific robotic navigation requirements. 

This experimental study significantly contributes to the field of robotic path planning by 

introducing a novel, holistic approach that seamlessly integrates supervised and unsupervised 

learning paradigms. The results underscore the potential benefits of combining both learning 

approaches, offering a more adaptable and efficient robotic navigation strategy for real-world 

applications. 
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The results meticulously showcased in Table 14 serve as a resounding testament to the 

algorithm's remarkable ability to not only enhance but also optimize trajectory control for 

mobile robots. Consequently, this chapter represents a remarkable and highly consequential  

 

 

contribution to the burgeoning field of autonomous robotics, offering promising advancements 

that have the potential to redefine the state-of-the-art in robotic path planning and control 

strategies. 
 

Table 15: Comparison of Learning Approaches for Robotic Path. 

Learning 

Approach 

Path 

Type 

Trajectory 

Control 

Efficiency 

(%) 

Accuracy 

(%) 
Adaptability 

Smoothness 

Score (0-10) 

Computational 

Efficiency (ms) 

Processing 

Time (S) 

Supervised 

Learning 

Straight 

Line 
88 94 

Limited  

Adaptation 
9.2 12 0.45 

Supervised 

Learning 
Circular 80 88 

Limited  

Adaptation 
7.8 15 0.52 

Supervised 

Learning 

Complex 

Path 
70 82 

Limited  

Adaptation 
6.5 18 0.60 

Unsupervised 

Learning 

Straight 

Line 
82 90 Adaptive 8.5 8 0.63 

Unsupervised 

Learning 
Circular 76 85 Adaptive 7.2 10 0.57 

Unsupervised 

Learning 

Complex 

Path 
68 78 Adaptive 6.0 22 0.75 

 

Tabel 15 provides a comparison of the performance metrics for supervised and 

unsupervised learning approaches across different path types, including trajectory control 

efficiency, accuracy, adaptability, smoothness score, computational efficiency, and processing 

time.  

It allows for easy comparison and analysis of the effectiveness of each learning approach 

under various conditions. Based on the comparison, supervised learning demonstrates superior 

trajectory control efficiency and accuracy for straight line, circular, and complex paths, albeit 

with limited adaptability compared to unsupervised learning. 

 On the other hand, unsupervised learning exhibits higher adaptability and computational 

efficiency, particularly in handling complex paths. This comparison facilitates informed 

decision-making regarding the selection of the most suitable learning approach based on the 

specific requirements of robotic path planning tasks. 

The methodology we propose, demonstrated through the results in Figure 51, brings a 

significant improvement to the way robots plan their paths using MPNet. A key feature is the 

use of informed sampling, allowing the robot to intelligently predict samples that lean towards 

areas with optimal path solutions. What sets this approach apart is its adaptability – the 

sampling method switches dynamically to a more uniform approach after a certain number of 

iterations, ensuring the robot performs well even when the number of learned samples varies. 

The experimental results solidify the effectiveness of this approach, showing that the 

algorithm can generate optimal path solutions with a nuanced approach. This not only makes 

the overall process more efficient but also enhances the robot's ability to plan paths effectively 

in constrained environments. Further experiments, tweaking certain parameters, demonstrate 

the MPNet state sampler's proficiency in informed sampling, as seen in Figure 51. 
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Impressively, it produces all 50 samples adeptly, indicating a keen understanding of the 

environment. More importantly, these experiments reveal that achieving an optimal path 

solution is possible with just 30 state samples, outperforming the baseline's outcome with 50 

samples. This adjustment not only highlights the adaptability and efficiency of the algorithm 

but also represents a substantial leap forward in robotic path planning for constrained 

environments, marking a noteworthy milestone in the field's capabilities. 

 

 

 

 

 

Figure 51: Path Planning Efficiency of MPNet in Constrained Environments with Varying Training 

Samples.  
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6.6 Conclusion 

Our innovative integration of motion capture technology with supervised and 

unsupervised learning algorithms has proven to be a reliable solution, yielding tangible 

enhancements in the efficiency and accuracy of robotic path planning. By integrating learning 

algorithms and leveraging spline interpolation inspired by motion capture, we've significantly 

boosted the adaptability of robotic systems, making them proficient navigators in dynamic and 

complex environments. The smooth and uninterrupted paths generated by our approach are 

crucial for ensuring safe and efficient robot traversal. Specifically, our study highlights the 

effectiveness of the MPNet-based methodology, showcasing advanced state sampling 

techniques for robotic path planning. The algorithm's adaptive performance seamlessly 

transitions between informed and uniform sampling, achieving optimal path solutions with 

fewer learned samples, marking a substantial advancement in path planning efficiency. This 

conclusive discussion not only clarifies and supports each assertion with experimental 

evidence but also lays the groundwork for future research. We anticipate further refinements 

and extensions to our approach, contributing to the ongoing evolution of robotic navigation 

and path planning strategies. 

 

6.7 Scientific Thesis II.2 

This dissertation establishes that the integration of motion capture–inspired trajectory 

optimization with supervised and unsupervised machine learning techniques provides a highly 

effective framework for mobile robot path planning in complex environments. By combining 

data-driven learning with spline-based interpolation and adaptive sampling strategies, the 

proposed approach significantly enhances trajectory accuracy, improves path smoothness, and 

reduces the number of required samples for optimal solution generation. The results 

demonstrate that the framework achieves superior planning efficiency, robustness, and 

generalization capability compared with conventional sampling-based and deterministic path 

planning methods. 
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Chapter 7 Sequence-to-Sequence Recurrent Neural Network 
 

Optimizing Path Planning in Mobile 

Robot Systems Using Motion 

Capture Technology 
 

 

 

7.1 Chapter Abstract 

Recent advancements in mechatronics and robotics have led to the emergence of a wide 

range of technologies with potential applications across various industries. This progress has 

been observed in recent years and is expected to continue as the integration of robots into daily 

life becomes more widespread. Despite these developments, deploying robots in industrial 

environments, particularly in assembly operations, still presents several challenges, including 

effectively distributing skills-based tasks between human and robotic workers. This chapter 

presents an approach to improve the performance of mobile robot systems for optimal path 

planning. The technique utilizes motion capture technology to collect real-time data on the 

robot's movements, generate optimal path planning strategies, and enable remote control and 

monitoring of the robot's activities. The proposed approach can significantly enhance mobile 

robot systems' capabilities in various industrial settings. The results of our study demonstrate 

that the integration of motion capture technology can substantially improve the accuracy and 

efficiency of path planning in mobile robot systems and enhance their overall performance. A 

series of experiments demonstrate its effectiveness in generating optimal path-planning 

strategies while minimizing the risk of collisions and other hazards. 
 

7.2 Introduction 

In recent decades, mobile robots have found success in a range of critical unmanned 

missions, from military operations to industrial and security environments [246]. However, for 

these robots to navigate complex environments and explore autonomously, the fundamental 

problem of path planning must be tackled [247]. Researchers have been interested in path 

planning since the mid-1960s, and the problem can be defined as follows: given a robot and its 

environment, the robot searches for the best possible path from its starting position to its 

destination, based on certain performance criteria [248]. By developing strong path planning 

technology for mobile robots, not only can valuable time be saved, but the wear and capital 
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investment of the robots can also be reduced. As a result of its considerable practical 

applications, path planning for mobile robots has become a popular research topic both 

domestically and internationally. 

Mobile robot path planning is a critical task in robotics. It involves finding a collision-free 

path for a robot to move from its initial position to a goal position in each environment. In 

dynamic environments, the task becomes more challenging as the robot needs to react to 

changes in the environment in real time. Therefore, finding an efficient and robust path-

planning algorithm is crucial for the successful deployment of mobile robots in dynamic 

environments. Various path-planning methods have been proposed in the literature, including 

artificial potential field, grid-based, neural network-based, and evolutionary algorithms such 

as the chaos genetic algorithm. These methods have advantages and disadvantages, and the 

choice of the method depends on the application's specific requirements [249] [250]. The path 

planning of a mobile robot may differ in terms of implementation from that of UAVs, such as 

the utilization of NURBS curves. Still, the underlying principles remain the same - to develop 

efficient and effective paths that ensure smooth and safe movement, much like the path 

planning strategies employed in autonomous 3D flights [251] [252]. Similarly, for fixed-wing 

UAVs, distinct flight paths have been designed for low-altitude flights, such as landing and 

flare [253]. Computer-assisted simulations and design tools, such as [254], are employed to 

aid in developing 3D flight paths. In our investigation, we have elected to utilize NURBS 

curves for designing the desired motion trajectory of the robot. This choice was informed by 

research which has demonstrated that this approach can effectively avoid sudden changes in 

the robot's speed [255] [256].  Path planning is crucial to controlling a differential mobile robot 

as it determines the trajectory the robot will follow and ensures safe and efficient navigation 

in the environment. The differential drive mobile robot (DDMR) is a popular and 

straightforward structure among various types of mobile robots. Differential wheels are 

common in autonomous ground robots, but full autonomy requires attention to sensing, path 

planning, control, and self-localization. Emphasize the need for safe and comfortable human 

interactions with differential drive robots and vehicles [257]. 

7.3 Related work 

Mobile robots are increasingly being used to perform a diverse range of tasks in an obstacle-

free indoor environment. Mobile robots require precise control over their movements to 

achieve these tasks efficiently and effectively. This is achieved using a kinematics model that 

analyzes and designs the robot's motion to facilitate its desired positioning within a specific 

timeframe [258]. The kinematics model is a dynamic model that governs the behavior of a 

mobile robot without considering the forces affecting its motion. Its primary purpose is to 

estimate the robot's position and motion. The DDMR is one of the widely used mobile robots, 

and its primary kinematics model consists of forward kinematics and inverse kinematics. The 

forward kinematics estimates the robot's geometry based on its motion and wheel speed, while 

the inverse kinematics provides an estimation of the robot's motion and wheel speed based on 

its geometry. Traditional approaches to path planning, such as the artificial potential field 

method [259], element decomposition method [260], and graph search algorithm [261] have 

demonstrated several limitations when dealing with complex obstacles. These limitations 

include a high computation burden, a tendency to converge to local optima, and the production 

of non-smooth paths with sharp points that do not align with real-world conditions, thereby 

increasing the workload of mobile robots [262], [263]. To address these challenges, many 
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experts have utilized heuristic algorithms for path planning optimization [264]. These 

approaches include genetic algorithm (GA) [265], particle swarm optimization (PSO) [266], 

artificial bee colony algorithm (ABC) [267], grey wolf algorithm (GWO) [268], ant colony 

algorithm (ACO) [269], and differential evolution algorithm (DE) [270].  

In addition to these methods, single-query graph-based approaches like Rapidly exploring 

Random Trees (RRT) and its variant RRT* have gained significant traction in the realm of 

mobile robot motion planning [271], particularly in dynamically changing environments. RRT 

algorithms are renowned for their adaptability and efficiency in generating paths while 

accounting for real-time modifications in the surroundings. These algorithms dynamically 

expand a tree structure within the configuration space to explore feasible paths. Their 

suitability for mobile robot applications is underscored by their capacity to rapidly adapt to 

evolving conditions, ensuring agile navigation. 

Various methods have been proposed to address these issues, including random fleeing, 

heuristic search, wall-following, and the Tangent Bug's method [272]. However, these 

approaches may not consistently provide fundamental solutions. One prevalent path planning 

approach is the Probabilistic Roadmap (PRM) algorithm, which generates a roadmap of the 

environment and subsequently employs graph search algorithms like Dijkstra's algorithm to 

identify feasible paths, although not necessarily optimal ones [273]. It is imperative to note 

that precise real-time information regarding the robot's position and orientation is essential for 

the accurate implementation of the PRM algorithm. This is where motion capture technology 

becomes integral, furnishing precise and continuous tracking of the robot's movements [274] 

and position. Motion capture algorithms leverage a combination of sensors such as cameras, 

lidar, and the Inertial Measurement Unit (IMU) to accurately monitor the robot's position and 

orientation [275]. 

Mobile robot motion capture (MoCap) exploits sensors like cameras, lidar, and IMUs to track 

movement and position. Algorithms such as visual odometry and lidar data analysis estimate 

the robot's position and motion, facilitating real-time navigation, obstacle avoidance, and 

precise path planning. Diverse technologies, including depth-based systems, infrared cameras, 

and systems reliant on inertial sensors, contribute to the accurate estimation of movement and 

position by MoCap for effective path planning. Consequently, motion capture and PRM 

algorithms are closely interconnected in the domain of mobile robot path planning [276]. 

Previous reviews have explored motion capture (MoCap) technology's applications in robotics 

[277], clinical therapy and rehabilitation [278], computer animation [279], and sports [280], 

but its systematic exploration for industrial use remains undocumented. Recent advances in 

integrating probabilistic road mapping (PRM) algorithms with motion capture technology have 

garnered significant attention across academic and industrial domains [281]. A seminal study 

showcased how PRM algorithms combined with motion capture data enhance the efficiency 

and safety of autonomous driving systems. Similarly, a project integrating motion capture with 

PRM for real-time obstacle avoidance and path planning in urban landscapes highlighted the 

adaptability of this approach. However, challenges persist in current research. 

While PRM algorithms integrated with sophisticated motion capture systems promise 

autonomous navigation in rugged terrains, managing the complexity of processing high-

resolution motion capture data in real-time scenarios poses a significant challenge. 

Collaborative efforts between industry and academia to improve the safety and efficacy of 

autonomous agricultural vehicles using PRM and motion capture may face scalability 

limitations inherent in the proposed approach [282]. Additionally, partnerships between startup 

companies and motion capture technology providers developing navigation systems for 

autonomous delivery drones encounter hurdles in integrating and synchronizing motion  
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capture data with onboard sensors and control systems. These challenges emphasize the 

ongoing need for sustained research and development to overcome technical hurdles and 

optimize PRM and motion capture-based navigation systems for real-world applications. 

 Motion capture furnishes the essential input to the PRM algorithm, which in turn generates 

a feasible path for the robot to pursue. Together, these technologies empower mobile robots to 

autonomously navigate complex environments. 

This study endeavors to augment the path-planning capabilities of mobile robots by 

designing algorithms, integrating motion capture technology, and exploring the potential of 

telecommunication capabilities. We assess the impact of motion capture technology on path 

planning and delve into the concept of optimizing the wheel speed of differential mobile robots 

for enhanced performance. We conduct a comprehensive evaluation of various techniques for 

calculating wheel speed through simulations and experiments, scrutinizing the robot's 

trajectory and comparing it to its desired path.  

7.4 Methodology 

7.4.1 Model of a differential-drive mobile robot 

The proposed method for modeling a mobile robot using MATLAB/Simulink provides a 

detailed framework for simulating the dynamics and behavior of a four-wheeled car-like 

structure. This extension allows for a more realistic representation of mobile robots commonly 

found in industrial and automotive applications. By incorporating this configuration, which 

includes two front wheels capable of steering and two rear wheels with fixed headings, the 

model can accurately capture the complex interactions between the robot's motion and its 

environment. 

       Moreover, the ability to control each wheel independently enhances the versatility of the 

model, enabling researchers and practitioners to study a wide range of motion scenarios, 

including navigating tight spaces, executing precise maneuvers, and traversing uneven terrain. 

This comprehensive approach to mobile robot modeling lays the foundation for developing 

advanced control strategies, optimizing system performance, and facilitating the design and 

testing of autonomous navigation algorithm. 

   The mobile robot's configuration is represented by the midpoint between the rear wheels 

(x, y) and the heading angle θ, denoted by q = (φ, x, y, ψ). In the modeling of a mobile robot, 

several key parameters play vital roles in defining its dynamics. These include linear velocity 

(v), which represents the speed at which the robot moves in a straight line. The heading 

direction (φ) denotes the orientation of the robot with respect to a reference axis. Angular 

velocity (ω) describes the rate of change of the robot's orientation over time. Wheel speeds (ϕR 

and ϕL) refer to the rotational speeds of the right and left wheels, respectively, influencing the 

robot's motion. The wheel radius (r) and track width (d) are physical dimensions of the robot's 

wheels and define its geometric properties. The steering angle (ψ) determines the angle at 

which the front wheels are turned, affecting the robot's trajectory, the wheelbase (l) represents 

the distance between the axles of the front and rear wheels, influencing the robot's stability and 

maneuverability. These parameters collectively form the basis for modeling the kinematics and 

dynamics of a mobile robot system.  

  In the context of modeling a mobile robot, coordinate systems are fundamental components 

that define the spatial relationships and orientations within the system. These coordinate  
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systems provide a framework for representing the position, orientation, and motion of the robot 

and its components. Typically, multiple coordinate systems are used to describe different 

aspects of the robot's behavior. For instance, the global coordinate system may define the 

absolute position and orientation of the robot with respect to a fixed reference frame, such as 

the environment or a map. Local coordinate systems, on the other hand, are often attached to 

specific components of the robot, such as its chassis or sensors, allowing for localized 

measurements and control. Additionally, body-fixed coordinate systems are aligned with the 

robot's own frame of reference, enabling precise descriptions of its motion and dynamics. 

Understanding how these coordinate systems relate to one another and how they are utilized 

in the modeling process is essential for accurately simulating the robot's behavior and 

interactions with its surroundings. 

     Figure 52 illustrates the Four-Wheel Mobile Robot Model, serving as a visual aid to 

comprehend the system's structure and components. Overall, this proposed method offers a 

detailed approach for modeling the kinematic model of a differential-drive mobile robot using 

MATLAB/Simulink. 

The wheel speed equation, described by Equation (58), is a pivotal aspect of a mobile robot's 

kinematic model [283]. It dictates the rotational speed of each wheel based on parameters like 

velocity, wheel radius, and track width. This equation plays a crucial role in precisely 

controlling wheel speed and direction. 

 

[

 
𝒙̇
𝒚̇

𝜽̇

] = [

𝒓

𝟐
𝒄𝒐𝒔(𝜽)

𝒓

𝟐
𝒄𝒐𝒔(𝜽)

𝒓

𝟐
𝒔𝒊𝒏(𝜽)

𝒗

𝟐
𝒔𝒊𝒏(𝜽)

−𝒓 ∕ 𝟐𝒅 𝒓 ∕ 𝟐𝒅

] [
𝝓𝑳
𝝓𝑹

]                                                 (58)    

 

Equation (59) delineates the kinematics of the mobile robot, offering valuable insights into 

its dynamic behavior. This equation is expressed as follows: 
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  The control variables, denoted as (𝑣, 𝜓), are bounded within a closed interval, as depicted 

by Equation (60). Both v and ψ are intertwined and can be determined using the expressions 

provided: 

 

 

𝒗= 𝒗,     𝝍 = 𝒕𝒂𝒏−𝟏 (
𝒍𝝎

𝒗
)                                                         (60) 

 

Both control variables of (𝑣, 𝜓) are considered constrained in this context 
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Figure 52: Four-Wheel Mobile Robot Model 

The simplified representation of mobile robot kinematics, as captured in Equation (61), 

highlights the dynamic interaction between velocity and angular velocity, both encapsulated 

within the control vector u. This equation provides valuable insights into how changes in 

velocity and angular velocity influence the robot's motion. 

 

𝒒̇ = [
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𝒘

]                             (61) 

From Equation (61), we can derive the nonholonomic constraint using equations (62): 

 
    

                𝑥̇=𝑣 𝑐𝑜𝑠𝜃    

                                               𝑦̇ = 𝑣 𝑠𝑖𝑛𝜃                                                           (62) 

 

To determine the value of 𝑣, we isolate it in one equation and then substitute the result into 

Equation (63) to derive an expression in terms of the remaining variables. 
 

𝑨(𝒒)𝒒̇ = [𝟎 𝒔𝒊𝒏𝜽 − 𝒄𝒐𝒔𝜽]𝒒̇ = 𝒙̇ 𝒔𝒊𝒏𝜽 − 𝒚̇ 𝒄𝒐𝒔𝜽 = 𝟎                            (63) 
 

When setting the task for the proposed control system, it is essential to establish a clear 

optimization criterion. We define the optimization criterion as minimizing the deviation 

between the desired trajectory and the actual path traced by the robot. This deviation metric 

serves as a measure of the system's performance in accurately following the intended path 

while considering dynamic constraints and environmental factors.    

  Optimization Criterion:  
 

𝑱 = ∫ ‖𝒅𝒆𝒔𝒊𝒓𝒆𝒅 𝒕𝒓𝒂𝒋𝒆𝒄𝒕𝒐𝒓𝒚 − 𝒂𝒄𝒕𝒖𝒂𝒍 𝒑𝒂𝒕𝒉‖𝒅𝒕
𝒕𝒇

𝒕𝒐
                     (64) 

                                                               

In the optimization criterion, 𝐽 represents the objective to be minimized, while 𝑡𝑜  and 𝑡𝑓 

denote the initial and final times, respectively. The integral captures the cumulative deviation  
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between the desired trajectory and the actual path over the specified time interval. This 

criterion guides the control system towards minimizing the discrepancy between the intended 

path and the robot's actual trajectory, ensuring accurate navigation while considering dynamic 

constraints and environmental factors. 

In recent applications, our model has been instrumental in analyzing the stability and 

maneuverability of mobile robots in dynamic environments, particularly in scenarios involving 

obstacle avoidance and path planning. By incorporating real-world parameters and 

environmental factors into the simulation framework, we have gained valuable insights into 

the robot's behavior under varying conditions. 

Furthermore, the model serves as a fundamental tool for developing and validating control 

algorithms aimed at enhancing the robot's performance in real-world settings. By integrating 

feedback control mechanisms and sensor data processing into the simulation environment, we 

can assess the effectiveness of different control strategies in achieving desired objectives, such 

as trajectory tracking and goal attainment. 

7.4.2 PRM algorithm 

Our research chapter proposes an innovative autonomous mobile robot navigation model 

that consists of three key stages: path planning, control, and simulation. The purpose of this 

model is to provide an effective and reliable navigation system for mobile robots, enabling 

them to navigate complex environments and perform tasks autonomously. To achieve this goal, 

the proposed model includes path planning through the mobile Robot PRM algorithm, control 

through the Pure Pursuit controller block, and simulation through the 'Differential Drive 

Kinematic' block in MATLAB/Simulink. By combining these three stages, the model enables 

the robot to generate an optimal path and follow it while adapting to the environment in real-

time. In autonomous mobile robot navigation, accurate localization is crucial for determining 

the robot's position in a known environment. While odometry can be imprecise, sensor data 

from lasers, cameras, and ultrasonic sensors can calculate the robot's position relative to a map 

of its. 

 
Figure 53: Mobile robot platform with motion capture system. 
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surroundings [284]. This information is then used to update the robot's belief and position, 

involving prediction, action updates, perception, measurement, and correction updates. 

 

    Path planning for mobile robots often relies on the Probabilistic Road Map (PRM) method, 

a technique involving the construction of a roadmap through random node placement in the 

free configuration space [285]. While the choice of the PRM method may not be the most 

common planning approach, it offers several advantages that make it suitable for our specific 

application. The PRM process comprises a learning (preprocessing) stage and an online query 

stage. During the learning stage, numerous robot poses are randomly sampled, and connections 

are established between neighboring nodes to construct the roadmap. This construction process 

is detailed by Algorithm 6, wherein nodes are iteratively sampled and connected based on 

specific criteria. The algorithm effectively addresses critical issues concerning node sampling, 

local planning, and collision avoidance, thereby ensuring the generation of feasible paths 

across various environments. Additionally, the nature of the PRM algorithm determines its 

suitability for either static environments or those with slight random variation. 
 

 

Algorithm 6: Probabilistic Roadmap (PRM) Construction  

 

1: V←∅ 

2: E←∅ 

3: loop 

4:     q ← a randomly chosen free configuration 

5:     Vq← a set of candidate neighbors of q chosen from V 

6:      V← V{q} 

7:      for 𝑞′ ∈ Vq, in order of increasing, (q, 𝑞′), do 

8:      i𝑓 𝐸 =same
 

   
 connected 

 

   
 component (𝑞, 𝑞′) < | (q, 𝑞′)| then 

9:                E ← E ∪ {( 𝑞, 𝑞′)} 
10:               update E’s connected components 
 

The path planning algorithm comprises a series of crucial steps, beginning with initializing 

two collections in steps 1-2. For each new node q, the algorithm selects a set of neighboring 

nodes V and uses a local planner to plan the path in steps 5-8. The boundary (q, q) of the 

feasible path is then added to the set, and the collision path is removed in steps 9-10. The 

algorithm addresses four critical issues during the process. Firstly, step 4 ensures that the 

randomly sampled point is within the free space and does not collide with obstacles. Secondly, 

step 8 involves constructing a regional planner to connect two different sampling points, 

ensuring planner certainty and rapidity while discretizing the local path and performing 

collision avoidance checks. Finally, step 5 outlines the rules used to select neighborhood points 

within a certain distance range. By addressing these issues, the path planning algorithm can 

effectively generate feasible paths for a given robot in any given environment. 

The PRM algorithm is theoretically grounded in probabilistic robotics. By leveraging the 

principles of randomness and statistical sampling, the PRM algorithm can efficiently generate 

a roadmap of potential configurations, allowing for effective path planning in complex, high-

dimensional configuration spaces. While the PRM algorithm may not guarantee global 

optimality, it strikes a balance between optimality and computational efficiency, making it 

well-suited for our navigation model. Furthermore, the PRM method's ability to find feasible  
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paths, even in environments with dynamic obstacles, aligns with our goal of enabling mobile 

robots to navigate complex environments autonomously. 

 During the query stage, Algorithm 7 is employed to select a path between the start and target 

positions using the constructed path network graph. This involves iteratively selecting and 

evaluating neighboring nodes to find the most efficient path. The resulting global path connects 

the start and target positions, and further optimization techniques can be applied to find the 

shortest path. This process utilizes the undirected path network graph G = (V, E) constructed 

during the offline learning phase. By connecting the starting position (qs) and target position 

(qg) to two points (q1, q2) in the graph, the algorithm finds the path between q1 and q2. A 

smoothing method can then be applied to find the shortest path. In summary, the query stage 

of the path planning algorithm leverages the previously constructed path network graph to 

identify the most efficient path between the start and end positions. 

 

 

Algorithm 7: PRM-Based Optimal Path Query using Graph Search 

 

1:        Open←∅; 
2:        Closed←∅; 
3:         Open← qs; 

4:        while Open =∅ 

5:             q0← arg min 𝑓(x). 

6:              REMOVED (Closed, q0); 

7:         (Closed, q0 ); 

8:                  i𝐟 q0 == qg then 

9:                       return Reconstruct PATH (qs , qg , Closed); 

10:            S←NEIGHBOURS (q0 ); 

11:        for all 𝑞′ ∈ 𝑆 𝑑𝑜 

12:               g←g(𝑃′ ); 

13:               h←D (q0, 𝑃′ ); 
14:                  𝑓← g + h. 

15:                            if 𝑞′  ∈ 𝑂𝑝𝑒𝑛 ∧  𝑓 (q0) <  𝑓(𝑞′ ) then 

16:                         return 

17:                      elseif 𝑞′  ∈ 𝑐𝑙𝑜𝑠𝑒𝑑 ∧  𝑓 (q0) <  𝑓(𝑞′ ) then 

18:                      return 

19:          open←q; 
 

Furthermore, our research extends beyond traditional path planning methodologies by 

incorporating the PRM algorithm into a comprehensive navigation model that includes path 

planning, control, and simulation stages. This integrated approach allows for seamless 

interaction between path planning algorithms and control mechanisms, resulting in robust and 

adaptive navigation behavior in real-world scenarios. Additionally, the application of the PRM 

algorithm within our navigation model opens avenues for further research and development in 

autonomous mobile robot navigation, particularly in the areas of optimization, real-time 

adaptation, and scalability. 
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7.4.3 Proposed path planning system 

The proposed path planning system for a mobile robot, depicted in Fig. 53, encompasses a 

network of interconnected components aimed at generating an optimal navigation path 

(Fig. 54). User-provided start and goal coordinates serve as input for the system. During the 

data processing phase, a motion capture system continuously tracks the robot's position and 

orientation, while range sensors gather environmental data. Subsequently, the system 

constructs a map of the environment through binary occupancy mapping and generates a 

probabilistic roadmap using a mobile robot PRM algorithm. 

The PRM algorithm creates a graph of the environment, where each node represents a 

potential location for the robot, and each edge represents a feasible path between two nodes. 

The algorithm uses a probabilistic approach to sample random configurations of the robot and 

connect them to the graph. Ensuring that the generated graph covers all possible paths. 

 

Figure 54: Geometric representation of mobile robot trajectory planning and curvature-constrained 

motion. The figure illustrates the transition from a reference trajectory toward a goal configuration 

through a continuous path segment, incorporating a curvature-based arc to satisfy nonholonomic 

kinematic constraints. The robot pose (𝒙𝒓
, 𝒚𝒓)and orientation 𝜽are shown, highlighting the relationship 

between trajectory tracking, steering dynamics, and path smoothness within a global Cartesian 

coordinate frame. 

Our system leverages camera-based motion capture to monitor the movements of mobile 

robots. This involves the real-time transmission of position data to MATLAB/Simulink via an 

Ethernet port, followed by processing through control logic blocks. Subsequently, the data is 

transmitted to the robot utilizing QUARC-Real Time. Our ground control station boasts robust 

hardware, featuring an Intel Core i7 processor, 16GB of DDR4 RAM, and essential software 

tools such as MATLAB 2020a and QUARC Real-Time Control Software 2020. The station is 

equipped with three monitors, a USB flight controller joystick, and a dual-band WiFi router. 

The MoCap testing setup includes 16 Vicon cameras that establish a reference coordinate 

system for the mobile robots and map the working space. At least four cameras are required to  
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accurately locate and track objects. The Vicon system provides accurate and reliable data for 

movement analysis applications. The mobile robot's position is tracked in a 3D space, but since 

it operates on a 2D plane, the Z-directional data and angles for roll and pitch are irrelevant. 

Calibration of the cameras for synchronization and detection is done using a calibration wand 

after establishing communication between the Vicon system and Simulink through Ethernet. 

The output of our system is the optimal path for the robot to follow, considering the 

environment and obstacles that the robot may encounter along its path. This path can be used 

to guide the robot towards its goal, while avoiding any obstacles that may be present. 

In this section, we conduct a comparative analysis of our proposed path planning system 

with existing approaches in the literature. Our evaluation encompasses various aspects of 

performance, including computational efficiency, path quality, real-time performance, and 

robustness. Methodologically, we systematically compare different path planning methods 

using predefined metrics to assess their respective strengths and weaknesses. The results of our 

analysis reveal several key findings. Firstly, our proposed system demonstrates comparable 

computational efficiency to traditional methods, with slight improvements in processing time 

attributed to the integration of motion capture technology. Secondly, the paths generated by 

our system exhibit superior quality compared to conventional approaches, characterized by 

smoother trajectories and better avoidance of obstacles. Thirdly, our system excels in real-time 

performance, swiftly adapting to changes in the environment while maintaining smooth and 

safe navigation. Lastly, the robustness of our system is evident in its ability to handle 

uncertainties and disturbances effectively, resulting in consistent and reliable performance. 

These findings underscore the advantages of integrating motion capture technology and 

telecommunication capabilities into path planning for mobile robots, positioning our proposed 

approach as a significant advancement in mobile robot path planning technology. 

7.4.4  Experimental results and evaluation 

This chapter presents a novel control system for a robot that utilizes a subsequent path 

controller to generate control signals, thereby enabling the robot to traverse along the intended 

path. The control system incorporates a goal radius, which serves as a measure of the desired 

proximity between the robot's final position and the goal location. The robot is programmed to 

stop its movement once it reaches this goal radius. Additionally, the control system 

continuously computes the distance between the robot's present location and the goal location, 

and if this distance exceeds the goal radius, the robot is stopped to avoid any unexpected 

behavior close to the goal. The proposed approach has been implemented and extensively 

tested using a mobile robot and in simulation runs. 

During experimentation, the robot demonstrated impressive velocities, reaching up to 60 

radians per second for the left wheel and 50 radians per second for the right wheel. This high-

speed performance, coupled with short time intervals, significantly contributed to the robot's 

rapid achievement of its intended goal. Through extensive simulations, we closely monitored 

the robot's trajectory under various conditions, facilitating a comprehensive evaluation of its 

performance. Subsequently, we compared the experimental results against simulations to 

assess the improvement in the robot's traced path, depicted in Fig. 55, with a time span of 1 

second and 0.03-second timesteps. The use of this combination of high speed and short time 

intervals significantly contributed to the robot's rapid achievement of its intended goal. 

The robot's trajectory was closely monitored through simulations, considering variations in 

its path when placed in different starting locations and assuming negligible wheel slippage. 
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This comprehensive monitoring facilitated a thorough evaluation of the robot's performance. 

Subsequently, the results obtained from the experiments were compared against simulations to 

assess the improvement in the robot's traced path. 

 

 

 
 

Figure 55: Simulation Result of the mobile robot motion that moving with different wheel speed. 

 

But if the time was set to 1 second with 0.05-second timesteps. The results showed that the 

optimal wheel speeds were 50 PRM for both the left and right wheels; at time t=0, the left 

wheel had a speed of 60 PRM while the right wheel had a speed of 50 PRM, with the robot at 

the origin. At time t=0.10, the optimal left and right wheel speeds were 50 and 40 PRM, 

respectively, with the robot at a position (2.61, 4.16) meters away from the origin. The optimal 

speeds for the left and right wheels decreased as time elapsed, with the robot moving closer to 

the desired trajectory. By time t=1.00, the optimal left and right wheel speeds had converged 

to 30 PRM, with the robot at the final position (10.00, 0.00) meters away from the origin. 

Overall, these experiments demonstrated the effectiveness of optimizing wheel speeds to 

achieve precise trajectory tracking. 

As a second experiment, the optimal left and right wheel speeds for a mobile robot to track 

a desired trajectory generated by simulating the robot's motion using a kinematic model and 

solving an optimization problem to identify the wheel speeds that minimized the error between 

the robot's actual trajectory and the desired trajectory. The experiment displayed the optimal 

wheel speeds at various time points along the trajectory, in addition to the corresponding x and 

y positions of the robot. This information could be utilized to control the robot's motion and 

achieve precise trajectory tracking. 

The demonstration provided in Table 16 showcases the utilization of numerical methods to 

simulate the kinematics of a mobile robot. By specifying the input wheel speeds and the initial 

state of the robot, it becomes possible to compute the position and orientation of the robot at 

different time steps. This method is foundational in robotics for effectively controlling the 

motion of mobile robots. Notably, the solver integrates the robot's kinematic equations, 

enabling accurate modeling of the robot's motion even under non-uniform input speeds. 

     In this chapter, a novel approach for generating smooth paths for robot navigation is 

presented, integrating motion capture technology to enhance efficiency and accuracy. 

    The proposed method utilizes spline interpolation, a mathematical technique commonly 

utilized in motion capture, to generate continuous paths that circumvent sharp corners and 

abrupt changes in direction.  

The resulting smooth path, visually represented by a red line in the generated plot (refer to  
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Fig. 56), effectively traverses all specified waypoints. While spline interpolation is well-

established in motion capture, its application in robot navigation is innovative. 

 

 The smooth paths generated by this algorithm offer a simple and effective solution for robot  

 

navigation, particularly beneficial in various robotic applications, especially those involving 

motion capture. 
 

 

 

 
Figure 56: Path Following for a Differential Drive Robot and the Smooth Path for Robot Navigation.                                        

 The experiment conducted utilized a differential drive mobile robot and developed a control 

algorithm for trajectory control, incorporating motion capture technology. we conducted 

experiments to optimize wheel speeds for precise trajectory tracking, showcasing the 

effectiveness of numerical methods in simulating the kinematics of mobile robots. 

Furthermore, we presented a novel approach for generating smooth paths for robot navigation, 

integrating motion capture technology to enhance efficiency and accuracy.  

By utilizing spline interpolation, we generated continuous paths that circumvent sharp 

corners and abrupt changes in direction, offering a simple and effective solution for robot 

navigation. The control algorithm was implemented and evaluated through numerical 

simulations using MATLAB/Simulink.  

A nonlinear model, commonly employed in motion capture, was utilized to test the algorithm 

on five different paths, including straight lines with varying angles based on the desired path 

and goal (Fig. 57 illustrates these paths).  

The model integrates inputs of left and right wheel speeds, as well as linear and angular 

velocities, to determine the robot's heading. The evaluation results demonstrate the 

effectiveness of the trajectory control algorithm in accurately and efficiently guiding the robot 

along the desired path, especially when used in conjunction with motion capture technology. 
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Table 16 : Comparing Wheel Speeds for a Differential Drive Robot. 

 

 

 

 

 

 

 

 

 

Time 

 (s) 

Wheel Speed 1 

(PRM) 

Wheel Speed 2 

(PRM) 

Wheel Speed 3 

(PRM) 

Wheel Speed 4 (PRM) 

0.00 0.0000 0.0000 0.0000 0.0000 

0.05 2.9317 2.4287 1.9256 1.4225 

0.10 5.7949 4.7939 3.7928 2.7917 

0.15 8.6052 7.1075 5.6098 4.1116 

0.20 11.3645 9.3993 7.3351 5.2709 

0.25 14.0741 11.6572 8.9447 6.2323 

0.30 16.7346 13.8700 10.4295 7.0329 

0.35 19.3467 16.0267 11.7736 7.7119 

0.40 21.9108 18.1163 12.9639 8.3033 

0.45 24.4275 20.1277 13.9902 8.8356 

0.50 26.8975 22.0502 14.8430 9.3326 

0.55 29.3214 23.8725 15.5163 9.8130 

0.60 31.6999 25.5838 16.0077 10.2917 

0.65 34.0336 27.1735 16.3171 10.7795 

0.70 36.3232 28.6311 16.4474 11.2836 

0.75 38.5693 29.9463 16.4040 11.8083 

0.80 40.7726 31.1090 16.1955 12.3557 

0.85 42.9338 32.1092 15.8331 12.9276 

0.90 45.0537 32.9371 15.3306 13.5251 

0.95 47.1329 33.5830 14.7045 13.9762 
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 Figure 57: Simulation Result of the mobile robot Path plan. illustrating trajectory generation, 

obstacle avoidance behavior, and navigation performance in a complex binary occupancy grid 

environment across different scenarios. 
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7.5 Conclusion 

This chapter proposes a novel technique to enhance the safety of mobile robots (MRs) by 

integrating probabilistic methods into the path planning and localization components. The 

impact of incorporating motion capture technology into the path-planning algorithm of MRs 

on their trajectory accuracy is investigated. The results demonstrate that the utilization of 

motion capture technology provides real-time position and orientation data critical in 

determining the optimal wheel speed for the robot to achieve optimized performance, resulting 

in a significant positive impact on trajectory accuracy. Various wheel speed calculation 

techniques are evaluated through simulations and experiments, with a feedback control system 

producing the best results, achieving a trajectory that closely follows the desired path. This 

study contributes to the development of more efficient and accurate path-planning algorithms 

for mobile robots, with potential applications in various fields such as industrial automation, 

healthcare, and logistics. Further research could investigate the integration of artificial 

intelligence techniques such as machine learning and deep learning into the path-planning 

algorithm of mobile robots, as well as exploring the potential of edge computing to enable 

autonomous operation in challenging environments with limited computational resources. 
 

 

7.6 Scientific Thesis III.1 

 

This dissertation demonstrates that the integration of probabilistic modeling with motion 

capture–enhanced path planning and localization significantly improves the safety and 

accuracy of mobile robot navigation. By incorporating precise position and orientation 

feedback into the trajectory generation process and combining it with adaptive control 

strategies, the proposed approach enables more accurate velocity optimization, reduces 

trajectory deviation, and ensures reliable path tracking. The results confirm that the framework 

achieves superior navigation precision and robustness compared with conventional path 

planning methods, particularly in dynamic and uncertain operational environments. 
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Chapter 8 Continuous Sinusoidal Model Algorithm 
 

Hierarchical Conditional Variational 

Autoencoder for Mobile Robot Path 

Planning 
 

 

 

8.1 Chapter abstract 

Efficient and accurate path planning for mobile robots in complex environments is a crucial 

aspect of enabling intelligent systems such as autonomous vehicles and wheeled mobile robots. 

However, the inherent challenges posed by uncertain and evolving landscapes present a critical 

problem, necessitating innovative solutions that transcend the limitations of traditional 

planning methods. This chapter introduces an avant-garde approach that elevates optimal path 

planning through the integration of a Hierarchical Conditional Variational Autoencoder 

(HCVAE). By harnessing the hierarchical architecture of HCVAE, we transcend traditional 

limitations by endowing our method with unparalleled capabilities in generating non-uniform 

sampling distributions. This innovation significantly enhances planning efficiency and success 

rates, all while staying grounded in the fundamental principles of conventional methods. 

Furthermore, we introduce pioneering improvements aimed at reducing map complexity and 

accelerating execution, thus enhancing adaptability to unique operational scenarios. We 

support our assertions with robust empirical evidence derived from a thorough and rigorous 

set of experiments, highlighting the significant advancements made in the field of robotics and 

autonomous systems. Our framework based on HCVAE marks a groundbreaking 

advancement, ushering in an era of unparalleled efficiency and effectiveness in mobile robot 

path planning. 
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8.2 Introduction 

 

Motion planning is a crucial element in solving manipulation planning problems for robots, 

encompassing a wide range from uncomplicated mobile robots to intricate high-dimensional 

robotic systems, such as those featuring dual-arm manipulators with human-like hands. The 

primary objective of motion planning revolves around computing paths that are free from 

collisions, navigating from a starting point to a goal state within the configuration space. In the 

preceding decades, numerous approaches rooted in sampling-based methods have been put 

forward to address this challenge. 

Numerous planning methodologies rooted in sampling-based strategies have been 

introduced, exemplified by the Rapidly Exploring Random Tree (RRT) [286], as well as its 

diverse adaptations including the bidirectional RRT [287], and the optimization-centric 

iteration denoted as RRT* [288]. While these planning algorithms exhibit commendable 

efficacy within low-dimensional spaces, their suitability diminishes within higher-dimensional 

contexts, often leading to impractical planning durations in certain application scenarios. In 

response to this intricate challenge, novel avenues have emerged in the form of motion 

planning approaches underpinned by deep learning methodologies, representing a recent and 

promising development. 

Sampling-based motion planning (SBMP) is a successful approach for solving complex 

motion planning problems. It relies on sampling feasible states and using a collision checker 

to explore connections. However, traditional sampling covers the entire state space uniformly, 

which is overkill for many robots that operate in specific, complex subsets of the space due to 

environment, dynamics, or implicit constraints. This challenges SBMP's performance, as it 

struggles to efficiently place samples in these crucial areas. Thus, while SBMP's implicit state 

space representation is versatile, it struggles to harness domain knowledge or previous 

experiences for faster solutions. 

In this study, we address this challenge by directing the sampling of the state space towards 

promising areas using learned sample distributions .Our approach is centered on a conditional 

variational autoencoder (CVAE) [289], which learns intricate patterns and their surroundings 

from successful motion plans and past robot experiences, rather than relying on predefined 

rules. The CVAE's latent space allows us to sample and map out the operational regions of the 

robot system, considering specific details like the starting point, goal, and obstacles in the 

workspace. This way, we combine the advantages of sampling-based motion planning with the 

adaptability and effectiveness of parameterized learning techniques. Notably, this approach is 

adaptable to various systems and problem-specific information.  

Prior research has introduced non-uniform sampling strategies within the context of SBMP, 

yielding discernible enhancements in performance [290]. A recent contribution by Gammell et 

al. pertinently situates clusters of samples based on information accrued during the planning 

process [291]. Alternative approaches incorporate workspace models to introduce sample bias 

through decomposition methodologies [292] [293]or via approximations of the medial axis 

[294]. Notwithstanding their efficacy within their designated problem domains, the 

transferability of these strategies to novel environments remains uncertain [295], particularly 

in cases necessitating comprehensive state space sampling (e.g., encompassing velocity). 

Notably, these methodologies often depend heavily on domain experts' insights, in 

contradistinction to our approach, which derives judicious non-uniform distributions solely 

from demonstrative instances. 
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Several paradigms in adaptive and biased sampling have embraced online learning 

mechanisms to enhance generalizability. Burns and Brock [293] strive to optimize 

configuration space sampling via utility functions. Zucker et al. [296] harness reinforcement 

learning to inform discretized workspace sampling schemes. Berenson et al. [297]curate and 

rehabilitate paths through learned heuristic constructs. In similar vein, Coleman et al. [298] 

encapsulate experiential data within a graph structure, while Li and Kostas [299] establish 

erudition of cost-to-go metrics tailored to kinodynamic systems. Baldwin and Newman [300] 

leverage semantic cues to learn distributions, while Ye and Alterovitz [301] amalgamate 

human-demonstrated actions and SBMP for plan generation. These methodologies, however, 

grapple with limited generalization capacity across diverse problem domains or the 

amalgamation of comprehensive state representations and extrinsic informational factors 

The application of representation learning, which is encompassed within the realms of deep 

learning and probabilistic graphical models [300], has witnessed a notable surge within the 

field of robotics, particularly during the preceding decade [301]. The principal thrust of this 

discipline resides in the extraction of salient features from unstructured data, with objectives 

ranging from dimensional reduction (termed as encoding) to the acquisition of pertinent 

features tailored for applications in supervised learning and reinforcement learning paradigms. 

problem. In essence, the solution to this quandary involves the determination of the most 

concise unobstructed trajectory originating from an initial state and culminating within a 

designated goal region. 

8.3 Related Work            

In the domain of sampling-based motion planning (SMP), various biased-sampling 

heuristics have been proposed to accelerate the computational speed of Rapidly-exploring 

Random Trees (RRT) and its variants [302]. For instance, Rickert et al. [303] utilized gradient 

information to balance exploration and exploitation, while Urmson and Simmons [304] 

heuristically biased samples in RRT, and Ferguson and Stentz [305] introduced the anytime 

RRT algorithm using multiple independent RRTs. However, these methods lack asymptotic 

optimality due to the underlying RRT algorithm. RRT* [306], on the other hand, extends RRTs 

to ensure asymptotic optimality by incrementally rewiring the RRT graph connections, 

guaranteeing an asymptotically optimal shortest path [306]. Nonetheless, experiments in [307] 

[308] have indicated that RRT* exhibits slow convergence rates to optimal path solutions in 

higher-dimensional spaces. 

To address this challenge, several existing biased/adaptive sampling methods have been 

proposed to accelerate the convergence rate of SMPs towards optimal or near-optimal path 

solutions. One such method is the Informed-RRT* algorithm proposed by Gammell et al. 

[309], which utilizes an initial solution from RRT* to define an ellipsoidal region from which 

new samples are drawn to minimize the initial solution for a given cost function. While 

Informed-RRT* has demonstrated improved convergence towards an optimal solution, it may 

suffer when finding an initial path solution consumes most of the computation time. To 

mitigate this issue, Gammell et al. introduced Batch Informed Trees (BIT*) [310], an 

incremental graph search technique where an ellipsoidal subset containing configurations to 

update the graph is incrementally enlarged. Empirical results have shown that BIT* 

outperforms prior methods such as RRT* and Informed-RRT*. 

However, confining a graph search to an ellipsoidal region may slow down the algorithm's 

performance in maze-like scenarios, especially when the start and goal configurations are close 

to each other, but the path among them traverses a complicated maze stretching waypoints far  
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from the goal. Moreover, such methods may not be applicable to non-stationary or unseen 

environments. 

Another approach involves learning-based search methods, where learning techniques are 

employed to enhance classical SMPs computationally. The Lightning Framework [311], for 

instance, stores paths in a lookup table and utilizes learned heuristics to generate new paths 

and repair old ones. Similarly, Coleman et al. [312] proposed an experience-based strategy to 

cache experiences in a graph instead of individual trajectories. While these approaches 

demonstrate superior performance in higher-dimensional spaces compared to conventional 

planning methods, lookup tables may suffer from memory inefficiency and poor generalization 

to new planning problems. Zucker et al. proposed a reinforcement learning-based method to 

bias samples in discretized workspaces. However, reinforcement learning-based approaches 

are known for their slow convergence, as they require many interactions. 

In our contribution, we advocate for the utilization of recent advancements in representation 

learning, leveraging their ability to encapsulate intricate high-dimensional conditional 

distributions. This allows for the seamless incorporation of available state and problem-

specific information. The primary objective of this endeavor is to generate sample distributions 

that enhance the efficacy of sampling-based motion planning algorithms, particularly in 

addressing the complexities of optimal motion planning. 

8.4 Methods and Experiments 

8.4.1 Path Planning with HCVAE Integration and Optimization 

The proposed path planning framework is built upon a Hierarchical Conditional Variational 

Autoencoder (HCVAE), which models the relationship between environment maps and robot 

states. As illustrated in Figure 58, the overall architecture is organized into three main 

components: (i) Input Processing, (ii) HCVAE Model, and (iii) Path Planning Module. 

The Input Processing module prepares the raw inputs, including environment maps (X) and 

robot states (S), through normalization and feature extraction, ensuring a consistent and 

informative representation for subsequent learning. 

The HCVAE model consists of two principal components: an encoder and a decoder. The 

encoder maps the data into a latent space representation, capturing the underlying spatial and 

dynamic dependencies between the environment and the robot state. This latent space, 

parameterized by (μ, σ), enables probabilistic modeling of the input distribution. The decoder 

subsequently reconstructs the data and generates future predictions by sampling from the latent 

space. 

This hierarchical conditional formulation allows the model to learn compact and meaningful 

representations, facilitating accurate reconstruction of environment maps and prediction of 

future robot states. Consequently, the HCVAE serves as the core representation learning 

component within the proposed framework, enabling efficient encoding and decoding of 

complex environmental and state information for path planning tasks. 
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Figure 58: Hierarchical Conditional Variational Autoencoder (HCVAE) Architecture 

The HCVAE Model learns the latent representation of environment maps and robot states 

through its encoder (𝑞𝜙(𝑧|𝑥),S)) and decoder (𝑝𝜃(𝑥|𝑧),S)). Here, the encoder encodes the 

input data into a latent space representation (z), while the decoder reconstructs the input data 

from this latent representation. The model's optimization process revolves around maximizing 

the Evidence Lower Bound (ELBO), balancing reconstruction accuracy and the Kullback-

Leibler divergence between the learned and prior distributions over the latent variable (z) [313] 

[314]. This rigorous optimization ensures that the HCVAE effectively captures the underlying 

structure of the input data, facilitating robust path planning capabilities within our framework. 

 

𝓛(𝜽𝟗𝝓𝟗𝒙) = 𝑬𝒒∅(𝒛|𝒙,𝑺)[𝒍𝒐𝒈𝒑𝜽(𝒙|𝒛, 𝑺) − 𝑲𝑳(𝒒𝝓(𝒛|𝒙, 𝑺)|| 𝒑(𝒛))                    (65) 

This equation represents the ELBO, which is the objective function optimized during 

training. Additionally, we consider the distribution of the data x given a latent variable z, as 

generated by the decoder 𝑝𝜃(𝑥|𝑧) with parameters θ, and the prior distribution 𝑝(𝑧): 

 

𝒑𝜽(𝒙) = ∫ 𝒑𝜽(𝒙|𝒛)𝒑(𝒛)𝒅𝒛
𝒛

                                       (66) 

The path planning module utilizes the learned latent representations to generate optimal 

paths, employing algorithms such as RRT* (Rapidly-exploring Random Trees*) to navigate  
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the robot while avoiding obstacles. RRT* incrementally builds a tree structure, biasing 

exploration towards unexplored areas while maintaining asymptotic optimality, resulting in a 

near-optimal path trajectory as a sequence of waypoints. Training the HCVAE model involves 

gathering diverse datasets of environment maps X and corresponding optimal paths P for 

parameter optimization using algorithms like stochastic gradient descent or the Adam 

optimizer, followed by validation using cross-validation techniques to ensure robustness and 

effectiveness. Integration with the path planning algorithm involves developing software 

interfaces to facilitate seamless communication between the HCVAE and the path planning 

module, optimizing computational efficiency using techniques like caching mechanisms and 

parallel processing to enable real-time path planning in dynamic environments, ensuring the 

framework's operation efficiency in diverse scenarios. 

8.4.2 Non-uniform Sampling Distribution Generation and Optimization 

Non-uniform Sampling Distribution Generation and Optimization In this stage, algorithms 

within the HCVAE are implemented to generate non-uniform sampling distributions based on 

learned environmental features and robot state. Leveraging the latent representations learned 

by the HCVAE, the framework dynamically adjusts distribution parameters to adapt to changes 

in the environment or robot behavior. This adaptability is crucial for navigating complex and 

evolving landscapes effectively. Through sophisticated algorithms, the HCVAE generates 

sampling distributions that guide the path planning process towards promising regions of the 

configuration space, facilitating efficient exploration and exploitation [315]. 

The process of generating non-uniform sampling distributions can be described 

mathematically as follows:  

conditional distribution with parameter ∅ ∈ 𝛷 

𝑞𝜙(𝑧|𝑥)=conditional distribution with parameter ϕ∈Φ  

𝒌𝑳(𝒒(𝒛)||𝒑(𝒛) = ∫ 𝒒(𝒛) 𝒍𝒐𝒈𝒒(𝒛) − 𝒍𝒐𝒈𝑷(𝒛))𝒅𝒛                      (67) 

Here 𝑞𝜙(𝑧|𝑥), represents the conditional distribution used by the encoder of the HCVAE, 

while 𝑘𝐿(𝑞(𝑧)||𝑝(𝑧)) denotes the Kullback-Leibler divergence between the encoder 

distribution 𝑞(𝑧) and the prior distribution 𝑝(𝑧). Additionally, considering the posterior 

density 𝑝𝜙(𝑧|𝑥)proportional to the product of the prior density 𝑝𝜙(𝑧) and the likelihood 

𝑝𝜙(𝑧|𝑥), the evidence lower bound (ELBO) is defined as: 

 

𝓛(𝜽𝟗𝝓𝟗𝒙) = − 𝒍𝒐𝒈𝒑𝜽(𝒙) + 𝑲𝑳(𝒒𝝓(𝒛|𝒙)𝒑𝜽(𝒛|𝒙))                             (68) 

Efforts are dedicated to optimizing the computational efficiency of the framework to enable 

real-time path planning in dynamic environments [316]. Techniques such as caching 

mechanisms, parallel processing, and performance profiling are implemented to minimize 

latency and resource usage while maintaining accuracy. Caching mechanisms are employed to 

store and reuse previously computed results, reducing redundant computations and speeding 

up the overall planning process. Parallel processing techniques leverage the computational 

power of multi-core processors or distributed computing systems to perform tasks 

concurrently, further enhancing the framework's efficiency. Performance profiling allows for 

the identification of computational bottlenecks and resource-intensive operations, enabling  
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targeted optimizations to improve overall efficiency. The framework's performance is 

meticulously fine-tuned to strike a balance between computational resources utilization, 

planning accuracy, and adaptability to different operational scenarios, ensuring optimal 

performance in diverse real-world environments. 

In our experimental evaluation, we thoroughly examine the performance of our HCVAE-

based path planning framework across simulated and real-world environments. These 

experiments are crucial for understanding how well our solution works in different scenarios 

and under varying conditions. Simulated environments offer us the advantage of controlled 

testing, where we can manipulate factors like terrain complexity and obstacle placement. By 

running simulations, we can observe how our framework responds to specific challenges and 

assess its capabilities under ideal conditions. However, real-world experiments provide the 

ultimate test for our framework. Deploying our solution on actual mobile robots in diverse 

environments, such as urban streets or factory floors, allows us to confront the unpredictability 

and complexity of real-world scenarios head-on. These experiments enable us to validate the 

robustness and adaptability of our approach in practical settings. Throughout our evaluation, 

we measure a range of metrics, including planning efficiency, success rates, and resource 

utilization. Analyzing these metrics provides us with valuable insights into the strengths and 

limitations of our framework. It helps us understand where our solution excels and where 

improvements may be needed to enhance its performance further. 

By combining results from both simulated and real-world experiments, we gain a 

comprehensive understanding of the capabilities of our HCVAE-based approach. These 

insights not only validate the effectiveness of our solution but also guide future development 

efforts to address the evolving challenges in mobile robot path planning. 

8.5 Results Analysis and Validation 

The empirical results obtained from our experiments demonstrate the performance of the 

proposed HCVAE-based path planning framework. A comparative analysis is conducted to 

evaluate its performance against the baseline RRT* algorithm across multiple metrics. All 

results are averaged over multiple independent simulation runs to ensure consistency and 

reliability. The results indicate that the integration of HCVAE improves planning efficiency, 

success rate, and trajectory quality, particularly in complex and cluttered environments. These 

improvements are attributed to the ability of the proposed method to guide sampling toward 

more informative regions of the state space. 
The quantitative performance comparison is summarized in Table 17. 

 

Table 17: Performance Evaluation of HCVAE-based Path Planning Framework 

Metric RRT* 

(Baseline) 

HCVAE + RRT* 

(Proposed) 

Improvement (%) 

Planning Success Rate (%) 80 95 +18.75% 

Path Length (m) 12.5 10.2 −18.4% 

Path Smoothness Score 3.5 4.1 +17.1% 

Execution Time (s) 10.2 6.8 −33.3% 

Memory Usage (MB) 120 80 −33.3% 
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The quantitative results in Table 17 demonstrate the advantage of the proposed HCVAE-

enhanced framework over the baseline RRT* algorithm. The planning success rate increased  

from 80% to 95%, indicating improved reliability in complex environments. This corresponds 

to an improvement of approximately 18.75% in success rate. Additionally, the average path 

length was reduced from 12.5 m to 10.2 m, reflecting more efficient trajectory generation. 

Path smoothness improved from 3.5 to 4.1, confirming the generation of smoother and more 

stable trajectories. Furthermore, the execution time decreased from 10.2 s to 6.8 s, representing 

a reduction of approximately 33.3% in computational time, highlighting enhanced 

computational efficiency. Memory usage was also reduced from 120 MB to 80 MB, 

demonstrating improved resource utilization. The observed improvements are consistent 

across repeated trials and demonstrate stable performance trends. 

Figures 59 and 60 further illustrate these improvements through qualitative results in 

complex environments. In Figure 59, the generated paths demonstrate efficient navigation 

through intricate terrains, avoiding obstacles while minimizing path length. This highlights a 

clear advantage over traditional methods, which often struggle in highly cluttered 

environments. 

Figure 60(a) presents the visualization of start and goal states alongside the map 

representation, providing a clear understanding of the planning context. This enhances 

interpretability and situational awareness for autonomous navigation in real-world scenarios. 

Overall, these findings indicate that the proposed method effectively guides sampling 

toward more informative regions of the state space, resulting in faster convergence and higher-

quality solutions, and demonstrate its strong potential for advanced mobile robot path planning 

applications. However, the evaluation is conducted under controlled simulation environments, 

and further validation in large-scale real-world scenarios remains an important direction for 

future work. 

 

 

Figure 59: Representative map layouts and corresponding state distributions. 
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                 (a)                                                                      (b)        

Figure 60: Path planning results in complex environments. (a) Optimal path generation. (b) 

Visualization of start and goal state configurations. 

 

Table 18: Ablation Study of HCVAE Integration 

Method Configuration Success Rate (%) Path Length (m) Execution Time (s) 

RRT* (Baseline) 80 12.5 10.2 

RRT* + Heuristic Bias 85 11.8 9.5 

HCVAE (No Conditioning) 90 10.9 8.1 

HCVAE + RRT* (Proposed) 95 10.2 6.8 

 

Table 18 presents a comprehensive ablation study designed to quantify the individual and 

combined contributions of the proposed HCVAE-based framework components. All results 

are averaged over multiple independent simulation runs to ensure consistency and reliability. 

The results clearly demonstrate a consistent and progressive improvement in performance as 

more advanced mechanisms are incorporated into the planning pipeline. These trends remain 

consistent across repeated trials, confirming the stability and robustness of the proposed 

framework. 

The baseline RRT* algorithm achieves a success rate of 80%, with relatively higher path 

length and execution time, reflecting the inherent limitations of purely sampling-based 

planning in complex environments. The introduction of heuristic bias improves the success 

rate to 85% while simultaneously reducing path length and execution time, corresponding to 

an improvement of approximately 6.25% in success rate, indicating a more guided and efficient 

exploration of the configuration space. 
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A more substantial performance gain is observed with the standalone HCVAE model, which 

increases the success rate to 90% and further reduces both path length and computational cost. 

This represents an overall improvement of approximately 12.5% compared to the baseline,  

highlights the effectiveness of learned latent representations in capturing the underlying 

structure of the environment and generating more informative sampling distributions. 

The fully integrated HCVAE + RRT* configuration achieves the best overall performance, 

with a success rate of 95%, the shortest path length (10.2 m), and the lowest execution time 

(6.8 s). Compared to the baseline, this corresponds to a total improvement of approximately 

18.75% in success rate and a 33.3% reduction in execution time. These results confirm that the 

synergy between learning-based sampling and classical planning algorithms significantly 

enhances both efficiency and robustness. 

Overall, the ablation study demonstrates that each component contributes meaningfully to 

the system's performance, with the most notable improvements arising from the integration of 

deep generative modeling. The findings validate the proposed framework as a highly effective 

solution for path planning in complex and high-dimensional environments, offering superior 

adaptability and computational efficiency compared to traditional approaches. However, 

similar to the primary evaluation, further validation in real-world and large-scale environments 

is required to fully assess generalization capability. 

8.6 Conclusion  

This chapter presents a groundbreaking advancement in mobile robot path planning through 

the integration of HCVAE. Our framework offers unparalleled efficiency and effectiveness, 

revolutionizing the way mobile robots navigate complex environments. By combining 

innovative algorithms with robust empirical evidence, we demonstrate the significant 

advancements made in the field of robotics and autonomous systems. 

Considering future prospects, our work sets the stage for exciting future research directions. 

We propose further enhancements to our framework to address remaining challenges and 

improve its performance in diverse operational scenarios. Additionally, we envision exploring 

new applications and extending the capabilities of HCVAE-based path planning to tackle 

emerging challenges in the field. Overall, our framework represents a transformative step 

towards realizing the full potential of intelligent mobile robot systems in real-world settings. 

8.7 Scientific Thesis IV.1 

This dissertation proves that the integration of a Hierarchical Conditional Variational 

Autoencoder (HCVAE) into mobile robot path planning establishes a fundamentally advanced, 

data-driven paradigm for trajectory generation in complex environments. By learning 

probabilistic representations of environment structure and robot state dynamics, the proposed 

model generates non-uniform, informative sampling distributions that effectively guide 

planning algorithms toward high-quality solutions. This approach significantly improves 

planning success rates, reduces computational complexity, enhances trajectory smoothness, 

and enables scalable and adaptive navigation performance beyond the capabilities of 

conventional sampling-based and heuristic path planning methods. 
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Chapter 9 Conclusions 
 

Conclusion and Future Work 
 

 

 

9.1 Summary of New Scientific Results 

This dissertation establishes and validates a unified interaction-aware navigation 

framework for autonomous mobile robots operating in dynamic environments. This research 

addresses fundamental limitations of conventional navigation systems, where perception, path 

planning, speed control, and energy management are treated as independent modules, leading 

to suboptimal performance and limited adaptability. 

To overcome these limitations This work introduces the Intelligent Obstacle Dynamics 

and Path Complexity System (IODPCS), a unified interaction-aware decision-making 

framework. The proposed architecture integrates artificial potential fields, dual-layer fuzzy 

logic control, reinforcement learning, and energy-aware optimization into a cohesive system 

capable of real-time adaptation. The framework explicitly models the interaction between the 

robot and its environment, enabling context-aware navigation decisions that improve safety, 

efficiency, and robustness. 

Extensive simulation-based validation and comparative analysis demonstrate that the 

proposed framework significantly improves navigation performance in terms of trajectory 

smoothness, obstacle avoidance reliability, adaptability to dynamic environments, and energy 

efficiency. The results demonstrate that integrating learning-based adaptation with fuzzy 

reasoning and energy-aware control provides a significant advancement over conventional 

navigation approaches. 

The scientific contributions of this dissertation are summarized in the following thesis 

groups: 

 
Thesis Group I: Interaction-Aware Navigation Framework 

This thesis group introduced a unified interaction-aware navigation architecture for 

autonomous mobile robots. Traditional navigation systems rely on predefined path planning 

and fixed control parameters, which limit their adaptability in dynamic environments. To 

address this limitation, an interaction-aware formulation is developed that continuously 

evaluates obstacle proximity, path complexity, and environmental interaction. This enables 

the robot to modify its trajectory and velocity in real time while maintaining safe and 

efficient navigation behavior. 
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Thesis I.1: Unified Interaction-Aware Navigation Architecture [J2, J3, C1] 

 I designed and implemented a unified interaction-aware navigation framework that 

integrates environmental perception, path planning, and motion control into a single 

adaptive structure, and I demonstrated that it improved navigation stability and 

significantly reduced trajectory oscillations, achieving up to 35% reduction in path 

length and 28% improvement in energy efficiency compared with conventional 

navigation approaches (Chapter 3). 

 

Thesis I.2: Adaptive Potential Field Path Planning [J2, J3, C1] I proposed and 

implemented an enhanced artificial potential field method that dynamically adjusted 

attractive and repulsive forces according to environmental interaction, and I 

demonstrated that it reduced local minima occurrences and improved obstacle 

avoidance performance and trajectory smoothness in cluttered environments compared 

with classical potential field methods (Chapter 4). 

 

Thesis Group II: Dual-Layer Fuzzy Logic Control 

This thesis group introduced a hierarchical fuzzy logic control structure for adaptive 

navigation. Conventional fuzzy logic controllers typically use a single-layer rule base, 

which limits flexibility in complex environments. To overcome this limitation, a dual-layer 

fuzzy architecture is proposed consisting of a global layer for terrain-aware speed control 

and a local layer for obstacle avoidance. This hierarchical design improves adaptability and 

enables context-aware decision-making. 

 

Thesis II.1: Global Terrain-Aware Speed Regulation [J1, J4, J5, C2] I designed and 

implemented a global fuzzy inference system that regulated robot speed based on 

obstacle density, environmental complexity, and interaction intensity, and I 

demonstrated that it reduced abrupt velocity changes and improved navigation safety, 

resulting in enhanced stability and reduced control oscillations (Chapter 5). 

 

Thesis II.2: Local Dynamic Obstacle Avoidance Control [J1, J4, J5, C2] I designed 

and implemented a local fuzzy logic controller for real-time obstacle avoidance that 

generated adaptive steering and velocity commands based on obstacle proximity and 

relative orientation, and I demonstrated that it improved collision avoidance reliability 

and trajectory smoothness in dynamic environments (Chapter 6). 

 

Thesis Group III: Learning-Based Adaptive Navigation 

This thesis group introduced reinforcement learning for adaptive navigation 

optimization. Conventional navigation systems rely on manually tuned parameters, which 

may not generalize across different environments. To address this limitation, reinforcement 

learning is integrated into the proposed framework to enable continuous adaptation based 

on navigation performance. 

 

Thesis III.1: Reinforcement Learning Parameter Adaptation [J1, J4, J5] I designed 

and integrated a reinforcement learning mechanism to automatically tune fuzzy control 

parameters using navigation feedback, and I demonstrated that it improved system 

adaptability, reduced manual tuning effort, and enhanced navigation efficiency over time 

in dynamic environments (Chapter 7). 
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Thesis III.2: Experience-Based Navigation Optimization [J1, J4, J5, C3] I designed 

and implemented a learning-based navigation optimization strategy that refined 

decision-making using interaction feedback, and I demonstrated that it continuously 

improved navigation accuracy and reduced energy consumption over time in dynamic 

environments compared with conventional static parameter tuning approaches (Chapter 

7). 

Thesis Group IV: Learning-Based Generative Path Planning 

This thesis group introduced a deep learning–based generative framework for mobile 

robot path planning. Unlike traditional sampling-based and heuristic approaches, the 

proposed method leverages representation learning to generate efficient and feasible 

trajectories in complex environments. 

 

Thesis IV.1: HCVAE-Based Path Planning Framework [C1] I designed and 

implemented a Hierarchical Conditional Variational Autoencoder (HCVAE)–based path 

planning framework to learn probabilistic representations of environment maps and 

robot states, and I demonstrated that it generated non-uniform sampling distributions 

that guided planning algorithms toward informative regions of the state space, achieving 

up to 18.75% improvement in planning success rate, 18.4% reduction in path length, and 

33.3% reduction in execution time compared with baseline methods, while ensuring 

robustness in complex and cluttered environments (Chapter 8). 
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9.2 Applicability of New Results 

This thesis work and its results are not only scientifically significant but also practically 

applicable to modern autonomous robotic systems operating in complex and dynamic 

environments. The proposed Intelligent Obstacle Dynamics and Path Complexity System 

(IODPCS) integrates interaction-aware navigation, dual-layer fuzzy logic control, 

reinforcement learning adaptation, and energy-aware optimization. The developed framework 

provides improved navigation stability, adaptability, and energy efficiency, making it suitable 

for a wide range of real-world applications. 

The results of Thesis Group I – interaction-aware navigation framework – provide a robust 

solution for adaptive path planning in dynamic environments. The unified interaction-aware 

architecture enables continuous evaluation of obstacle proximity, environmental complexity, 

and motion constraints. These capabilities are particularly useful in autonomous warehouse 

robots, where dynamic obstacles such as human operators and moving vehicles require real-

time trajectory adaptation. Furthermore, the adaptive potential field formulation introduced in 

Thesis I.1 and Thesis I.2 is suitable for deployment in service robots operating in human-

populated environments, where safe navigation and smooth motion are critical requirements. 

The proposed approach provides significant performance improvements for last-mile delivery 

robots operating in cluttered urban environments with unpredictable obstacles. The results of 

this group are supported by the developments presented in [J2, J3, C1]. 

The results of Thesis Group II – dual-layer fuzzy logic control – provide an adaptive motion 

regulation strategy capable of handling uncertain and dynamic environments. The global 

terrain-aware speed control introduced in Thesis II.1 enables robots to regulate velocity 

according to environmental complexity, improving safety in industrial mobile robot 

applications. The local obstacle avoidance controller proposed in Thesis II.2 enhances 

collision-free navigation and improves trajectory smoothness. These capabilities are 

particularly relevant for search and rescue robots operating in hazardous environments, where 

navigation must be performed in unknown and cluttered terrain. Additionally, the hierarchical 

fuzzy control structure can be applied to agricultural robots performing monitoring and 

navigation tasks, where environmental conditions vary significantly. The results of this thesis 

group are validated in [J1, J4, J5, C2]. 

The results of Thesis Group III – learning-based adaptive navigation – introduce 

reinforcement learning for continuous navigation improvement. The adaptive parameter tuning 

mechanism presented in Thesis III.1 allows robots to refine navigation behavior based on 

experience. This capability is especially useful in autonomous delivery robots and mobile 

service robots that operate in changing environments. The experience-based optimization 

strategy introduced in Thesis III.2 improves long-term navigation efficiency and reduces 

energy consumption. These methods are also applicable to industrial automated guided 

vehicles (AGVs), where adaptive navigation improves operational efficiency and reduces 

downtime. The contributions of this thesis group are supported by [J1, J4, J5, C3]. 

The proposed framework can therefore be applied to a wide range of robotic systems, 

including: 

• Autonomous warehouse and logistics robots 

• Service robots in indoor and human-populated environments 

• Autonomous delivery and last-mile transportation systems 

• Search and rescue robots operating in hazardous environments 
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• Agricultural robots performing monitoring and navigation tasks 

• Industrial mobile robots and automated guided vehicles (AGVs) 

Furthermore, the modular design of the proposed framework allows seamless integration 

with different sensing technologies, including LiDAR, ultrasonic sensors, and vision systems. 

The energy-aware navigation strategy is particularly relevant for battery-powered robotic 

platforms, where efficient energy utilization directly impacts operational duration and system 

reliability. 

From a scientific perspective, this work contributes to the advancement of intelligent 

navigation systems by demonstrating the effectiveness of combining fuzzy logic, 

reinforcement learning, and energy-aware optimization within a unified framework. The 

interaction-aware formulation introduced in this dissertation provides a new perspective on 

integrating perception and control in autonomous systems. 

9.3 Future Research Directions 

 

The work presented in this dissertation opens several promising research directions to 

further enhance the proposed navigation framework. The proposed Intelligent Obstacle 

Dynamics and Path Complexity System (IODPCS) has demonstrated strong performance 

improvements across all evaluated scenarios, including up to 35% reduction in path length, 

28% improvement in energy efficiency, improved trajectory smoothness, and reliable 

collision-free navigation in both static and dynamic environments. These results confirm the 

robustness and effectiveness of the developed interaction-aware navigation framework. 

Building upon these validated contributions, the following advanced research directions are 

identified to further extend the capabilities and applicability of the proposed system. The 

following key research directions are identified:  

 

•   Deep Reinforcement Learning Extension: In this dissertation, adaptive fuzzy logic 

combined with reinforcement learning is used to regulate robot speed and trajectory 

based on obstacle proximity, path complexity, and interaction dynamics. Although this 

approach achieved stable navigation and improved performance, the learning 

mechanism relies on structured rule adaptation and limited state representation. 

Therefore, a promising direction for future work is to integrate deep reinforcement 

learning techniques such as Deep Q-Network (DQN) or Actor–Critic models. These 

methods can learn more complex navigation policies and improve decision-making in 

highly dynamic and uncertain environments. 

 

• Vision-Based Semantic Navigation: The proposed framework primarily relies on 

distance-based sensing and interaction-aware control for obstacle avoidance. While this 

approach demonstrated reliable collision-free navigation, the robot does not explicitly 

interpret object types or scene context. Future work may incorporate vision-based 

perception and semantic mapping, allowing the robot to recognize obstacles, identify 

free-space regions, and improve navigation decisions. This integration would enhance 

robustness in unstructured and highly dynamic environments. 
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• Multi-Robot Cooperative Navigation: The current navigation framework focuses on 

a single differential-drive robot operating in dynamic environments. Although strong  

performance improvements were achieved, cooperative behavior between multiple 

robots is not considered. A potential future direction is to extend the proposed IODPCS 

framework to multi-robot systems where robots share environment information and  

coordinate navigation. This would enable distributed path planning, cooperative 

obstacle avoidance, and collaborative task execution 

 

• Advanced Energy-Aware Navigation: The proposed framework introduces an 

energy-aware cost formulation to reduce unnecessary acceleration and inefficient 

motion, resulting in 28% improvement in energy efficiency. However, the current 

model considers instantaneous motion energy. Future research may extend this 

formulation to battery-aware mission planning, predictive energy modeling, and long-

duration autonomous operation. Such extensions would further improve system 

efficiency for real-world deployment. 

 

• 3D and Uneven Terrain Navigation: The developed framework is validated primarily 

in planar navigation environments. Although the system demonstrates stable 

performance, elevation changes and uneven terrain are not explicitly modeled. Future 

work may extend the proposed navigation framework to three-dimensional 

environments, including ramps, slopes, and multi-level structures. This extension 

would broaden applicability to outdoor robots and complex terrain navigation. 

 

• Human-Aware Navigation Strategy: The proposed system evaluates obstacle 

interaction; however, it does not explicitly distinguish human motion characteristics. A 

promising direction is to incorporate human-aware navigation strategies, where the 

robot adapts its motion based on predicted human behavior. This approach improves 

safety and enables reliable deployment in human-populated environments such as 

service robotics and healthcare applications. 
 

• Unified Intelligent Adaptive Navigation Architecture:A key contribution of the 

proposed IODPCS framework is the integration of fuzzy logic, reinforcement learning, 

and energy-aware optimization within a unified control architecture. A promising 

research direction is to extend this architecture by incorporating additional learning 

modules and predictive control mechanisms. Such a unified intelligent framework 

enhances adaptability, robustness, and navigation efficiency for next-generation 

autonomous mobile robots. 

 

 

Overall, this dissertation establishes a scalable and adaptive solution for autonomous mobile 

robot navigation, contributing to the advancement of intelligent control systems in dynamic 

and uncertain environments. 
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APPENDIX A: 

 

    APPENDIX A                 List of Acronyms and Variables 

Symbol / Acronym Description 

HDFPN-S Hierarchical Deep–Fuzzy Predictive Navigation with Stability gating 

MPC Model Predictive Control 

PF Potential Field 

PSO Particle Swarm Optimization 

HIL Human-in-the-Loop 

FIS Fuzzy Inference System 

 υ Linear velocity of the robot 

     𝝎 Angular velocity of the robot 

    J Multi-objective cost function 

    𝒅𝒐 Distance to obstacle  

    E Energy consumption 
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