Collaborative Manipulator Adaptive Path Planning with Human Presence and Comfort Zone Consideration
	Mohammad Hamdan
Depertment of Cyber Security, 
College of software engineering
Amman Arab University
Amman, Jordan
m.hamdan@aau.edu.jo
	Jafar Ababneh
Cyber Security department, 
Faculty of Information Technology 
Zarqa University
Zarqa, Jordan
jababneh@zu.edu.jo
	Mohamed Hafez 
Faculty of Engineering FEQS,
INTI-IU-University
Nilai, Malaysia 
mohdahmed.hafez@newinti.edu.my

	Amer Abu-Jassar
Department of Computer Science, 
College of Information Technology
Amman Arab University
Amman, Jordan
A.abujassar@aau.edu.jo
	Vladyslav Yevsieiev
Department of Computer-Integrated Technologies, Automation and Robotics Kharkiv National University of Radio Electronics 
Kharkiv, Ukraine
vladyslav.yevsieiev@nure.ua  
	Vyacheslav Lyashenko
Department of Media Systems and Technology
Kharkiv National University of Radio Electronics
Kharkiv, Ukraine
viacheslav.liashenko@nure.ua




XXX-X-XXXX-XXXX-X/XX/$XX.00 ©20XX IEEE



Abstract—The research examines the potential for adaptive planning in the trajectory construction of a collaborative manipulator in the presence of humans, such as public health service or crowded workplaces . Mathematical models are proposed that integrate the gradient field of potential functions, adaptive weighting of social repulsion, and the change of the motion vector through fuzzy logic. The models provide safe and effective trajectories considering the operator's proximity, obstructions, and the target. The proposed models are examined through their software implementation in the Python environment. These techniques facilitated the simulation of effector motion, the construction of a gradient field, and the assessment of system behavior under varying environmental configurations. The results indicate successful evasion of physical objects and the human comfort zone while achieving the intended objectives. The developed models possess the capability for incorporation into collaborative robotics systems in alignment with the specifications of Industry 5.0. Subsequent study may focus on incorporating reinforcement learning, extending to three-dimensional space, and conducting real hardware testing.
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Introduction
In the current context of swift advancements in integrated technologies and the shift towards the industry 5.0 paradigm, there is an increasing demand for the creation of intelligent robotic systems that can adaptively engage with humans in a collaborative workspace [1], [2]. Collaborative manipulator robots that execute precise movements near the operator garner significant attention [3]-[5]. Under such circumstances, it is imperative to guarantee both the precision of work execution and the respect for an individual's personal space, which constitutes the so-called comfort zone; hence, neglecting this component may result in psychological distress, diminished faith in the robotic system, and potentially traumatic experiences. Consequently, the development of adaptive methods for planning the trajectory of the manipulator's movement is of paramount importance. Consequently, numerous strategies and approaches may be employed [6]-[10]; in this instance, the pertinent developments must consider both the target coordinates of the action and the fluctuating position of the individual within the workspace. Specifically, using the comfort zone in trajectory planning facilitates not only a heightened level of safety but also establishes the conditions for sustained effective interaction between humans and intelligent systems. The aligned interaction with the fundamental principles of Industry 5.0, emphasizing a human-centric methodology, customization of manufacturing, and the advancement of future adaptive technology.
The research conducted by A. Noormohammadi-Asl, S. L. Smith, and K. Dautenhahn examined adaptive task planning in human-robot interaction systems [11]. The study concentrates on tackling the dilemma of leading or following. The robot adaptively alters its role in collaboration based on work context and human behavior, hence enhancing the flexibility and efficiency of Human-Robot Collaboration (HRC) scenarios [11]. Nonetheless, from the perspective study, it is important to keep in mind the spatio-temporal interaction involving an individual, rather than solely the alteration of roles. The paper [12] proposes a modular architecture for task and trajectory planning, which facilitates secure human-robot interaction by establishing a distinct separation of components at the control level. The design facilitates the seamless adaptation of the system to various production processes [12]; where architecture fails to consider real-time dynamic adaptation to human presence. The research conducted by C. Cai, E. D. Saraiva, Y. J. Pan, and S. Liu presents a "coarse-to-fine" motion planning approach utilizing Model Predictive Control (MPC) for robotic object transportation in intricate environments [13]. Hierarchical control is employed to diminish computational complexity, which is unsuitable for adaptation to human-centric parameters or comfort zones. The study of [14] demonstrates the personalization of trajectories in Human-Robot Collaboration (HRC) via dynamic motion primitives and velocity scaling, which enables adaptable customization for a particular operator and facilitates adjustments at the micro-motion level [14]; hence in this instance, there is an absence of spatial consideration about the safety zone. Y. Kawawaki, K. Murakami, and Y. Yamakawa utilize skeletal tracking techniques and geometrically based potential fields to prevent collisions in a dynamic environment [15], which facilitates rapid route optimization in intricate scenarios. Consequently, the decisions rendered are advantageous for delineating the comfort zone. Nevertheless, these systems prioritize crash safety over behavioral comfort. J. Oh advocates for a cognitive framework for human-robot collaboration that incorporates a semantic control layer, wherein the robot's decision-making process is elucidated to the user [16]; whereas this method enhances the transparency of HRC, although it is not intended for adaptive spatial design. A strategy for building near-optimal trajectories, considering ISO criteria for joint tissue movement, was devised in [17]; whereas this approach ensures adherence to technical and ergonomic standards; however, this technique lacks genuine flexibility for accommodating a person's shifting position in space. A. Shrivastava conducts a comprehensive examination of diverse trajectory planning algorithms for manipulators in the article [18]. The review enables a comparison of the efficacy of optimization methods, including Rapidly-exploring Random Tree (RRT), Probabilistic Roadmap Method (PRM), and Model Predictive Control (MPC), among others [18]. Nonetheless, despite the review's merit, the work fails to consider the context of collaboration with an individual or their safety zone. The paper [9] proposes a transformer architecture for planning the trajectories of single and paired manipulators in a dynamic environment; mainly because this method enables to consider intricate sequences of activities and adjust to evolving impediments [19]; whereas system is interesting for modeling but needs the incorporation of psychological interaction zones. The research conducted by Y. Cao, X. Wang, Z. Wu, and Q. Xu presents a solution for a mobile manipulator utilizing a hierarchical control technique [20], where the manipulator possesses multipurpose grasping capabilities enables the flexibility in executing intricate operations; nevertheless, the methodology proposed in [20] fails to address the matter of behavioral adaptation in the context of collaborative efforts with an individual. A reactive approach for path replanning with a focus on safety is introduced in [21] that enables the mitigation of risks when altering the placement of objects or individuals within the workstation. The proposed method is somewhat pertinent about the comfort zone; however, it lacks mechanisms for sustained adaptation to a particular operator. W. Ma, A. Duan, H. Y. Lee, P. Zheng, and D. Navarro-Alarcon examine task planning that is responsive to an individual's presence within the framework of sequential manipulations [22], which allows the formulation of responsive actions to alterations in the operator's conduct. The methodology suggested in [22] is beneficial for integrating zones of effect; nonetheless, it necessitates further mathematical formalization to address spatial variations.
Consequently, current articles substantially advance the domains of cognitive planning, reactive security, and adaptive design of human-robot collaboration (HRC); nonetheless, the majority of this research only partially considers the notion of an individual's comfort zone as a spatial-behavioral attribute that affirms the significance and necessity of research focused on creating mathematical models for the adaptive planning of manipulator trajectories in the presence of a human, considering their individual comfort zones within the context of human-centric principles of Industry 5.0.
The development of a suitable trajectory for the movements of a collaborative manipulator is equally significant.
MATHEMATICAL MODEL OF ADAPTIVE PLANNING OF THE TRAJECTORY OF THE COLLABORATIVE MANIPULATOR 
To ensure the safe and effective interaction of a collaborative manipulator with an individual in a shared workspace, it is essential to develop a mathematical model that facilitates adaptive trajectory planning, considering the person's spatial position and comfort zone [23-25]. A model must consider not only the target coordinates and dynamics of the manipulator but also changing spatial limitations related to safety, predictability, and the unique properties of interaction. In the context of the Industry 5.0 paradigm, the emphasis lies not merely on preventing collisions but on configuring the robot's behavior to consider the psychological comfort of the operator [26-28], which necessitates the implementation of specialized repulsion functions, adaptive weights, and objective functions that facilitate a balance between goal attainment and the preservation of a comfortable distance. To this end, the following fundamental mathematical model of the manipulator's motion trajectory is suggested, which underpins the complete adaptive motion trajectory planning system:
	,
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where:   denotes the position vector of the manipulator's end at time , encompassing the coordinates:  represents the position along the -axis;  signifies the position along the -axis;  indicates the position along the -axis, where the vector delineates the precise trajectory of the manipulator's movement within the operational space;  represents the beginning position of the end effector at time , whereas the coordinate system marks the initial point of the trajectory, serving as the foundation for further calculations of movement;  represents the vector of instantaneous linear velocity of the end effector at time  (where , and dictates the positional change of the manipulator at each moment; The integral  represents the accumulation of velocity over time, yielding the change in position (displacement) from the beginning point over the interval up to .
Model 1 enables the computation of the manipulator's present position at any specified moment, predicated on its velocity profile, which makes this serves to be the foundation for the subsequent development of adaptive motion algorithms that consider environmental parameters, specifically the presence of individuals and comfort zones within the workspace. 
To delineate an individual's comfort zones, it is suggested to illustrate the model as a repulsive force field that influences the trajectory of the manipulator's movement [29-32]. As the manipulator nears the individual, the potential escalates swiftly, compelling the adaptive planning system to seek alternatives to avoid breaching the safe distance threshold. Consequently, the mathematical representation of an individual's comfort zone, predicated on the potential repulsion function, is articulated as follows:
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where:  is the potential repulsion function, which quantifies the degree of "discomfort energy" that the robot must mitigate by refraining from approaching an individual. The function's value escalates as the proximity to the individual diminishes and equals zero when the robot is beyond the comfort zone;  is the current position of the manipulator's end effector in three-dimensional space, which is the reference point for calculating the distance to the operator;  is the spatial position of the operator, which defines the center of the comfort zone. The point around which the repulsion zone is established;  represents the Euclidean distance between the manipulator and the individual. Establishes the proximity of the robot to the operator;  is the radius of the comfort zone, which is the maximum distance within which the manipulator must not approach the individual. Standard values range from approximately 0.5 to 1.2 meters, contingent upon the work and individual parameters;  denotes the repulsion coefficient (stiffness of the comfort zone). Establishes the extent to which the manipulator will endeavor to evade entering the zone. The greater the value of , the more intense the repulsion and the more rigid the behavior.
Model 2 enables the integration of a human safety zone into the planning system as a mathematical constraint. It not only prevents physical contact but also influences the manipulator's behavior, which is intuitively comfortable for the operator. Consequently, model 2 serves as the foundation for the execution of human-centric interaction within the context of collaborative robots, adhering to the tenets of Industry 5.0 [33].
It is essential to create a function that adjusts the impact of the potential field based on the operator's proximity inside the working area. The proximity of the manipulator to the individual significantly enhances the impact of the comfort zone on trajectory planning. Consequently, the function representing weight variation from the technique will assume the following form:
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where:  represents the adaptive weight of the comfort zone at time  to evaluate the degree of negative influence exerted by an individual on the overall trajectory. The value spans from 0, indicating a lack of comfort influence at a distance, to 1, representing the maximum comfort influence at close proximity. The parameter  denotes the sensitivity coefficient, reflecting the rate of increase in the impact of the comfort zone as distance diminishes. Elevated values of  signify a pronounced increase in weight with minimal intervention, while reduced values indicate a more gradual adaptation. Standard values: 0.5 is less than or equal to , which is less than or equal to 2.0;  represents the Euclidean distance between the manipulator and the individual at time ; whereas this parameter delineates the spatial proximity of the objects, which directly affects the weight computation;  represents the position of the manipulator's end effector at time ; consequently, this moment involves assessing the proximity of the robot to the individual, denoted as , which represents the position of the operator at that instant. The individual's mobility within the workspace may cause dynamic fluctuations.
Model 3 is utilized to dynamically adjust the influence of the human comfort zone on the trajectory planning of the collaborative manipulator. A weight coefficient is established that varies according to the spatial distance between the manipulator and the human. The closeness of the robot to the human elevates the weight , thereby enhancing the influence of the repulsive potential in the overall navigation function, allowing for real-time adjustments to the manipulator's behavior in response to the dynamic environment, thereby ensuring safe and comfortable interactions across different operator positions; accordingly, this function acts as a mechanism to balance goal achievement with the maintenance of human psychological boundaries. 
Accurate formulation of a collaborative manipulator's trajectory in a shared environment with a human requires consideration of both the target position and spatial constraints, hence the equilibrium is achieved by integrating the attractive element directed towards the target with the repulsive element to ensure the avoidance of the human comfort zone. The generalization of these influences allows for the establishment of the overarching trajectory function:
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where:  represents the generalized potential function of the trajectory at point , integrating two components: the pursuit of the goal and the avoidance of the discomfort zone where motion planning involves the minimization of this function, where  represents the target weight, which indicates the system's propensity to converge on the target point. An increased value of  indicates a more aggressive pursuit of the goal. The attractive potential function, , is typically represented quadratically: as the manipulator moves further from the goal, the potential increases correspondingly. The system directs the manipulator to the target position;  represents the adaptive comfort weight, which varies over time based on the proximity to the individual. The value increases as the manipulator approaches the operator and decreases as the manipulator moves away;  represents the repulsive potential function [34], [35], whereas the function establishes an "energy barrier" surrounding the individual, compelling the manipulator to refrain from approaching them.
Function 4 delineates the total potential of the environment, incorporating both the manipulator's attraction to the target point and the repulsion from the human comfort zone. The model facilitates trajectory planning for the manipulator to effectively reach its goal while avoiding the human safety zone, dynamically adjusting its path in response to changes in the operator's position. 
An adaptation model utilizing a gradient field is proposed to facilitate smooth and safe movement toward the target while avoiding the comfort zone, similar to the behavior of a particle in a potential field:
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where:  is the velocity vector of the manipulator at time . This is the precise movement command that specifies the direction and velocity at which the end effector should move. The gradient of the potential function  at the current position of the manipulator is denoted as . It denotes the direction of the most significant potential for growth. That is, the point at which the comfort zone or the distance from the objective becomes more significant. The movement is in the direction of potential diminution, as indicated by the symbol . That is, the manipulator "descends" along the energy landscape to the minimum point, where the objective and comfort are optimally balanced. The current position of the manipulator end effector in space at time  is denoted by  and the gradient's value and direction are established at this juncture.
Model 5 delineates the motion dynamics of the manipulator's end effector in space, predicated on the gradient of the generalized potential function . The core principle is that the manipulator progresses in the direction of the most rapid potential reduction, specifically where the overall "energy" of the intended movement is at its lowest, which enables the manipulator to autonomously adjust its trajectory in response to alterations in the target's position, the individual, and the comfort zone; whereas this methodology underpins the execution of adaptive, behavioral navigation, integrating goal attainment with the maintenance of a comfortable distance in real time [36].
The adaptive trajectory modification model relies on a fuzzy decision-making system (Fuzzy Inference System, FIS) [37-39] that enables real-time adaptive alteration of the trajectory of the collaborative manipulator. The system considers the individual's closeness, the velocity of approach, the trajectory of movement, and contextual comfort variables. Since several elements of acceptable interaction between humans and robots are subjective and elude precise characterization by traditional mathematical models, fuzzy logic offers a flexible, intuitive, and interpretable adaptation mechanism based on the following primary elements:
1. Input variables (fuzzy inputs) [40], [41]: Distance to human () – the spatial separation between the robot's end effector and the operator; linguistic values: close, medium, far; Speed approaching human () – velocity of approach to the human; classifications: slow, moderate, fast; Zone type () – zone in relation to the human: anterior to the face, lateral, posterior; Task urgency () refers to the priority level of the current task, which can be categorized as low, medium, or high.
2. Fuzzy sets (membership functions) [42], [43]. Triangular or Gaussian membership functions are established for each input variable, which facilitates a seamless transition between language values. For instance:
	.
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3. Rule base [44], [45]. The system comprises a collection of fuzzy “if–then” rules: if the distance is close and the speed is high, then reduce speed and bypass; if the area in front of the face and the task is not critical, then minimize speed; if the distance is far and the task is of high priority, then maintain normal speed.
 4. Output Variables [40], [41]. Correction speed () refers to the extent of adjustment of the current speed, ranging from 0 to 1. Deviation angle () indicates the degree of trajectory displacement necessary to navigate around the comfort zone. 
	The procedure for trajectory modification consists of the following steps:
1. Situation assessment: The current values of , , , and  are established at each planning step.
2. Fuzzy inference: The pertinent fuzzy base rules are activated, and the influence on speed and direction is quantified accordingly.
3. Defuzzification: the process of transforming fuzzy outcomes into precise values, such as through the center of gravity method.
4. Motion adaptation: The current velocity  and the direction of motion of the manipulator are modified in accordance with the established formulas:
	,
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where:  – the adjusted speed of the manipulator at time , which is the precise velocity that will be employed to update the robot's position, considering the circumstances. A vector quantity that maintains the direction , but may have a diminished or augmented norm (magnitude); – a scaling coefficient for velocity adjustment, derived, for instance, from fuzzy logic where the scalar ranges from 0 to 1, indicating that the manipulator should operate swiftly at this time. Principles: If , the situation is secure, allowing movement at the maximum intended speed; if , the manipulator is nearing the individual or the boundary of the comfort zone, resulting in a reduction of speed; if , movement ceases entirely (for instance, when critically approaching the individual);  represents the initial speed of movement, computed, for example, via the gradient method (expression 5), without considering adaptation to the comfort zone as the speed characterizes the intended movement solely from the perspective of the objective, devoid of constraints;
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where:  – the new position of the manipulator end effector at time , after adaptation, is the result of the predicted movement taking into account the correction of speed and direction;  – the current position of the end effector at time , from which the update is performed, which is the point at which the manipulator is located before calculating the movement step;  – the duration of one discrete planning step (time step). Determines how far in advance the movement is calculated. Usually it is a constant (for example, 0.01–0.1 s);  – the rotation matrix by the angle , which specifies the change in the direction of movement. It is used to adapt the trajectory in the horizontal plane (for example, to bypass an obstacle or a comfort zone), as shown in the example of 2D that is given in (9) below:
	,
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 – the corrective angle for the direction of movement, determined by fuzzy logic or an alternative adaptive method. It delineates the extent to which the manipulator must alter its trajectory to prevent discomfort for the individual;  – the adjusted velocity of the manipulator, which incorporates the proximity to the individual and dictates the speed and direction of the manipulator's movement.
Model 7 facilitates real-time adaptation to dynamic environmental changes, specifically the individual's location, without necessitating intricate reconfiguration of the entire trajectory. Model 8 facilitates localized adaptive adjustments of the manipulator's position at every step; accordingly, this concept enables the manipulator to decelerate in proximity to an individual and to dynamically alter its trajectory to facilitate the behaviorally adaptive navigation, essential for human-centered collaboration within the Industry 5.0 framework.
The constructed models 1-9 provide flexible and adaptable trajectory planning for the collaborative manipulator, considering both goal efficiency and the spatial comfort of the operator. Utilizing gradient algorithms, potential functions, and fuzzy logic, the system may dynamically adapt to environmental changes and the individual's location without necessitating comprehensive replanning to facilitate the attainment of elevated safety, movement predictability, and interaction naturalness, which are crucial in the realm of human-centric technologies within Industry 5.0.
Results and Discussion
	To do experimental research on the trajectory planning of the collaborative manipulator in the presence of a human, while considering the comfort zone, the developed models were programmed and analyzed using the Python programming language. The language facilitates the swift execution of intricate mathematical models, encompassing gradient fields, potential functions, adaptive weighting coefficients, and real-time obstacle processing, so ensuring the effective evaluation of hypotheses and experimental scenarios. Consequently, several tests were performed in two distinct directions, which are elaborated upon further below.
Study of the influence of the comfort zone on the trajectory of the effector
This proposed study seeks to examine the influence of the spatiotemporal dynamics of the human comfort zone on the trajectory of the manipulator effector. Accordingly, the proposed  study investigates the influence of altering the adaptive weight () and the radius of the zone () on the configuration, deviation, and length of the trajectory of the collaborative manipulator, whereas the simulation assesses the system's ability to consistently avoid the human comfort zone at different sensitivity levels of approach. Figures 1 through 3 illustrate the simulation outcomes.
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	Fig. 1. Simulation results obtained at different values of the comfort zone radius for 


The analysis of the results from modeling the trajectory of the collaborative manipulator effector at varying values of parameters  and  enables to derive some significant conclusions about the impact of these parameters on the behavior of the adaptive planning system.
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	Fig. 2. Simulation results obtained at different values of the comfort zone radius for 
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	Fig. 3. Simulation results obtained at different values of the comfort zone radius for 



	At α = 2.0 and  = 1.0, the manipulator exhibits its most aggressive response to an individual's presence, with a pronounced alteration in trajectory prior to entering the comfort zone to reduce the risk of breaching the safe distance, but it concurrently results in a longer and more energy-intensive trajectory (Fig. 1). 
	At α = 1.0 and  = 0.5, the effector chooses a more concise route, just partially circumventing the comfort zone. The latter value signifies a reduction in the priority of comfort distance to prioritize goal attainment (Fig. 2). 
	The most seamless and effective trajectory occurs at α = 0.5 and  = 3.0, where the comfort zone is expansive yet its impact is dispersed (Fig. 3) as the setting enables the manipulator to adaptively circumvent the individual at a secure distance without sudden directional alterations.
	 Logical analysis indicates that the parameter α governs the system's sensitivity to the distance between the effector and the individual. Higher values of α provide more pronounced repulsion gradients, whereas  establishes the geometric limits of the targeted region. Quantitatively, bigger values of α correlate with an increase in the number of directional changes (up to 12–15 maneuvers), but smaller values do not surpass 6–8. Consequently, the appropriate adjustment of these parameters facilitates a balance of safety, fluidity of motion, and goal attainment efficiency, which is of paramount importance for collaborative robotics systems within the framework of Industry 5.0.
Study of trajectory adaptation with different configurational arrangement of obstacles
	The objective of the second study is to evaluate the efficacy of the trajectory planning model in response to alterations in the spatial arrangement of static impediments along the effector's route. The efficacy research examines the modeling system's response to variations in the radii and coordinates of barriers to specifically alters the bypass technique, movement direction, trajectory smoothness, and safety. Indeed, the efficacy work enables the evaluation of the adaptive model's stability in a complex environment resembling production settings with spatial constraints and facilitates the assessment of its compatibility for further integration with actual sensor systems under the HRC safe collaboration framework. The acquired modeling results are illustrated in Figures 4 and 5.
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	Fig. 4. Modeling of trajectory adaptation with different configurational arrangement of obstacles: Obstacles1{center:0.5, 1; radius:0.5}; Obstacles2{center:1.5, 2.5; radius:0.4}



	The analysis of adaptive trajectory planning modeling for a collaborative manipulator revealed a substantial impact of environmental topology on effector behavior while considering various obstacle configurations. 
	In the initial simulation, with the first obstacle positioned at (0.5, 1.0) and the second at (1.5, 2.5), the manipulator trajectory is constructed with reasonable smoothness, exhibiting little deviation to the right (Fig. 4). The primary adaptation transpires after overcoming the initial obstacle, as it partially intersects the ideal pathway while permitting a deviation without a substantial extension of the path length.
	In the second simulation, when the obstacles are near the beginning trajectory (0.5, 0.4) and (1.0, 1.5), the manipulator's motion demonstrates significantly more intricate behavior, characterized by an increased frequency of local directional shifts, particularly during the initial 30–50 steps (Fig. 5), which is because of the restricted maneuvering space present from an early stage, compelling the manipulator to choose a more intricate path with a greater deviation amplitude.
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	Fig. 5. Simulation of trajectory adaptation with different configurational arrangement of obstacles: Obstacles1{center:0.5, 0.4; radius:0.5}; Obstacles2{center:1.0, 1.5; radius:0.4}



	Consequently, it is reasonable to infer that the proximity of impediments to the beginning site substantially elevates the planner's adaptability needs and amplifies the calculations necessary for making a detour option. The trajectory length in the second scenario increases by approximately 20–30%, and the total number of motion corrections doubles. The results demonstrate that minor alterations in obstacle layout can substantially affect adaptation dynamics, making the careful consideration of their spatial arrangement essential for precise and secure manipulator trajectory planning in a genuine collaborative setting.
Conclusion
	The work delineates and formulates mathematical models to ascertain adaptive trajectory planning for a collaborative manipulator, considering the presence of an individual and the spatially dynamic comfort zone of that individual. The trajectory of movement is constructed using a combined potential field function, incorporating an attractive component toward the target point, a repulsive component from the comfort zone, and an adaptive weight function that adjusts based on the individual's distance. The model also considered the impact of static impediments by a dynamic gradient calculation of the repulsion force, facilitating realistic and secure path planning. The outcomes of numerical modeling proved the efficacy of the proposed models. The effector's capacity to independently adjust to the spatial arrangement of the environment while maintaining the individual's safety and comfort zone. It was confirmed through a series of experiments that altering the adaptive weight or the radius of the comfort zone considerably influences the trajectory's characteristics. Consequently, The specifically dictates the smoothness, length, and complexity of operating the collaborative manipulator. The graphical depiction of the gradient field facilitated the visualization of the dynamics of force effects in space and the interactions among barriers, the manipulator, and the individual. Particular emphasis was placed on preventing conflicts between the designated route and the individual's comfort zone, a crucial element in a collaborative setting. The research has shown that including adaptive parameters into the potential fields function enhances the manipulator's behavioral flexibility in challenging settings. The acquired trajectories exhibit stability and align with the principles of secure interaction between the robot and the human. The results demonstrate that, despite various impediments and an altered goal location, the system can identify an efficient and safe route. The acquired methodology demonstrates strong generalizability and can be adapted for more intricate situations in production or collaborative service settings. Future research opportunities involve expanding the models to encompass dynamic objects, including the operator's psychophysiological condition, and incorporating machine learning modules for real-time predictive analysis of human behavior.
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