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ABSTRACT 

Collaborative robotic manipulation has become a critical technology in modern industrial automation, 

healthcare, logistics, precision manufacturing, and service robotics by enabling safe human–robot collaboration 

within shared workspaces. Unlike conventional industrial robots operating with fixed, pre-programmed 

motions, collaborative robots (cobots) require adaptive force control to ensure stable interaction, precise 

manipulation, and human safety under dynamic and uncertain environments. This paper proposes an Adaptive 

Force Control Strategy for Collaborative Robotic Manipulation (AFCS-CRM) that integrates multi-modal 

sensing, sensor fusion, intelligent feature engineering, adaptive impedance control, machine learning-based 

force prediction, and reinforcement learning into a unified control framework. The system continuously 

acquires force, torque, tactile, vision, position, and velocity data, applies advanced preprocessing and feature 

extraction, predicts optimal interaction forces, and adaptively updates control parameters in real time. By 

combining predictive learning with impedance-based force control and continuous feedback optimization, 

AFCS-CRM maintains stable contact forces despite uncertainties, varying loads, and object deformations. 

Compared with conventional PID and fixed impedance controllers, the proposed framework significantly 

improves force tracking accuracy, manipulation stability, grasp reliability, response time, energy efficiency, and 

human safety. The scalable and intelligent architecture demonstrates strong potential for next-generation smart 

manufacturing, robotic assembly, precision surgery, warehouse automation, and assistive robotics, providing a 

robust foundation for safe, adaptive, and autonomous human–robot collaboration. 
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1. INTRODUCTION 

1.1. Collaborative Robotic Manipulation 

Collaborative robotic manipulation involves two or more robotic manipulators cooperating 

with human operators to physically manipulate objects in a common workspace. While conventional 

industrial robots are stationary and have fixed working cells, collaborative robots are designed to 

work safely with humans, constantly sensing and reacting to their environment. These robots are 

equipped with various sensors and sensing technologies, including force–torque sensors, vision 

systems, tactile sensors, and proximity sensors, which sense the environment, detect human 

presence, and evaluate contact forces in real time. With intelligent control algorithms, the robot can 

sense the requirements of the tasks, anticipate the interaction dynamics and adapt its motion and 

force based on the changing conditions. This adaptive behavior increases operational safety, 

manipulation precision and task flexibility, and decreases the need for physical safety barriers. 

Therefore, the technology of collaborative robotic manipulation is a core technology in Industry 5.0 

and is being used in applications like precision assembly, material handling, health care, logistics, 

warehouse automation, and human assisted manufacturing.  

 

1.2. Needs of Adaptive Force Control Strategies 

 
Fig 1 - Needs of Adaptive Force Control Strategies 

 

1.2.1. Safe Human–Robot Collaboration 

The proximity of collaborative robots to human workers makes safety one of the most critical 

requirements in today's factory environment. When unexpected contact happens, the robot adapts its 

behavior in order to maintain a stable interaction force, as detected and controlled by adaptive force 

control. This gives the robot the ability to reduce collision hazards, avoid injury and operate safely 

with humans, without the need for large scale physical safety barriers. 

 

1.2.2. Handling Dynamic and Uncertain Environments 

Industrial scenes are dynamic and subjected to various payloads, moving objects and 

uncertain human actions. The dynamic conditions cannot be addressed by fixed force control 

methods, which frequently result in instable manipulation or in contact forces that are too large. 

Adaptive force control strategies monitor environmental changes continuously and automatically 
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adjust the control parameters to ensure stable and reliable robot operation with uncertainties during 

operation.  

1.2.3. Accurate Force Regulation 

Precise regulation of contact forces is needed for many collaborative tasks such as precision 

assembly, polishing, insertion and grasping by robots. Too much force can result in damage to 

sensitive parts; too little force can cause the task not to be accomplished. Adaptive force control 

constantly determines what force is necessary to interact with an object and adapts the robot's control 

to achieve the right force, allowing precise robot manipulation, improved product quality, and less 

operational error.  

 

1.2.4. Improved Manipulation Efficiency 

Adaptive Force Control allows robots to perform manipulation tasks more efficiently by 

automatically choosing the desired force levels during task execution. Repeatedly optimizing the 

unnecessary use of force, repeated corrective movements and the time it takes to complete the task. 

This will boost the efficiency of production and ensure high accuracy and consistency in operations.  

 

1.2.5. Enhanced Adaptability through Intelligent Learning 

Today's collaborative robots need to execute many different tasks with a range of different 

objects and varying environmental conditions. AFC strategies are methods that incorporate artificial 

intelligence and machine learning as a way to learn from past experiences and continually enhance 

the control performance. This learning ability enables autonomous adaptation to new tasks, which 

gives additional flexibility, robustness and long-term reliability in various industrial applications.  

 

1.3. Adaptive Force Control Strategies 

The adaptive force control strategies in robot manipulation are advanced and intelligent 

strategies, enabling robot manipulation to be actively controlled in an uncertain and dynamic 

working environment. Conventional force control schemes use pre-stored parameters for the 

controller and known operating parameters, whereas the adaptive force control is continuously 

adaptive with the control actions being adjusted based on real-time sensor feedback, environment 

changes, task characteristics, and dynamics of robot–environment interaction. In today's collaborative 

robots, the information obtained from force–torque sensors, tactile sensors, vision systems, inertial 

measurement units and joint encoders is used to accurately sense the condition of contact, object 

properties and human activities when performing manipulation tasks. This sensory information is 

then interpreted by intelligent control algorithms which compute an optimal interaction force that is 

required to safely and effectively execute a specific task. Adaptive controllers adjust their control 

parameters continuously, including compliance, stiffness, damping and force limits, in order to keep 

contact while keeping forces applied low enough to not damage fragile objects or endanger human 

health. Recent advances in artificial intelligence have also added machine learning, deep learning, 

reinforcement learning, and multi-sensor fusion algorithms to the adaptive force control. These clever 

techniques allow robotic systems to learn complex nonlinear relationships between sensory inputs 

and force control actions, and make continuous improvements based on operational experience. 
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Adaptive force control further improves the precision of manipulation, collision avoidance, 

smoothness of motion, disturbance rejection including payload variations, uncertainties and 

unexpected human touch, and energy efficiency. Incorporating continuous online learning allows 

robots to improve their decision-making policies over time without having to fine-tune parameters or 

make significant adjustments to the system. Thus, adaptive force control strategies can offer much 

more flexibility and autonomy than conventional control strategies, and are well suited to complex 

collaborative applications like precision assembly, grasping, aiding in healthcare, warehouse 

automation, surgical robotics, logistics, and smart manufacturing. With the rise of safe and intelligent 

human–robot collaboration in Industry 5.0, adaptive force control is becoming a key technology for 

reliable, efficient and autonomous robotic manipulation. It is an indispensable element of the next 

generation of collaborative robots that work in complex industrial environments and combines real-

time perception of the surrounding environment, intelligent decision making, predictive control of 

the force exerted and continuous optimization of the performance.  

 

2. LITERARY SURVEY 

2.1. Classical Force Control Methods 

The classical force control techniques laid the groundwork for robotic manipulation, which 

involves using force control algorithms to control the forces exerted during physical interaction with 

objects and environments. The early industrial robots were mainly position-based controlled, which 

offers high positioning accuracy, but could not guarantee safe contact forces during tasks like 

assembly, polishing, insertion, and grasping. Researchers addressed these limitations by using force 

regulation methods like Hybrid Position-Force Control and PID-based controllers that enabled the 

robot motion/force interaction control. Subsequent developments included model-based dynamic 

compensation and robust control strategies which were implemented to enhance the performance 

under nonlinear operating conditions. These methods greatly improved the manipulation of robots, 

but necessitated the ability to accurately model the robots and tune the parameters manually, which 

was not very useful in dynamic and uncertain collaborative scenarios where interaction conditions 

are often variable.  

 

2.2. Impedance and Admittance Control 

Impedance and admittance control are well known compliant control strategies that can 

facilitate safe and natural interaction between robots and their surroundings. Rather than requiring 

the robot to track a specific position, these strategies enable the robot to modify its motion in 

response to contact force interactions with the environment, which helps to avoid damaging fragile 

items or creating unsafe human–robot interactions. Impedance control is used to control the 

relationship between a force applied to the robot and the resulting motion, and admittance control is 

used to produce robot motion from measured interaction forces. The techniques have been 

implemented in collaborative manufacturing, surgical robotics, precision assembly and service 

robotics with success. Although they offer certain benefits, traditional impedance or admittance 

controllers typically require preset controller parameters, which are not flexible enough for 

environments, object properties, and tasks that vary constantly.  
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2.3. Intelligent Adaptive Force Control 

The last few years have witnessed the evolution of a new paradigm, bringing the force control 

problem to the realm of intelligent and adaptive decision making process. Machine learning, deep 

learning, reinforcement learning and multi-sensor fusion techniques allow robots to learn complex 

relationships between the sensory data and optimal force control actions directly from data. Adaptive 

force control systems are now able to combine the data from force sensing devices, torque sensing 

devices, tactile sensors, vision systems, and motion sensors to enhance the accuracy of environmental 

perception and manipulation. These clever methods allow robots to dynamically adapt their control 

strategies as they encounter new operating conditions, enabling them to work collaboratively with 

humans with more precision, flexibility and safety. But many current AI based approaches are too 

compute-intensive and require large training sets, which is difficult to implement in real industrial 

settings.  

 

2.4. Research Gaps 

While a lot of progress has been made towards collaborative robotic manipulation, there are 

some research challenges still unaddressed. Most force control methods are based on manually tuned 

parameters and fixed force control strategies, which are unable to adapt to rapidly changing 

environments or unpredictable human interactions. Also, current impedance and admittance 

controllers do not have self-adjusting properties in real-time operation. Moreover, there is a lack of 

focus on computational efficiency, real-time decisions, and the ability to adapt in the long-term in 

many machine learning-based methods, since focus is only on prediction accuracy. Another 

important constraint is the lack of multiple modalities integration, which hinders an accurate 

understanding of the environment. The challenges indicate the necessity of intelligent adaptive force 

control framework combining these multi-sensor perception, autonomous learning, predictive 

decision-making and continuous feedback to realize robust, safe, and high-precision collaborative 

robotic manipulation. 

 

3. METHODOLOGY 

3.1. Proposed AFCCRM Architecture 

The proposed Adaptive Force Control Framework for Collaborative Robotic Manipulation 

(AFCCRM) is a hierarchical intelligent control architecture that aims to maintain safe, adaptive and 

high precision force control in collaborative robotic manipulation. The framework combines 

perception, data processing, intelligent decision making, adaptive control and continuous learning 

within a single framework system to react dynamically to the changing environmental conditions. In 

the first phase, the sensing layer collects real-time data from a variety of heterogeneous sensors such 

as force–torque sensors, tactile sensors, vision cameras, joint encoders, inertial measurement units 

and proximity sensors. These sensing devices are permanently monitoring contact forces, robot 

posture, object characteristics, and conditions of the surrounding environment. The collected data is 

sent to the preprocessing module for noise removal, signal normalisation, synchronisation and 
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feature extraction of the data to provide reliable input to the intelligent analysis. Processed 

information is then passed to the adaptive force prediction module, which uses machine learning 

algorithms to analyze complex interactions between sensor measurements and predicting optimal 

interaction forces and potential contact anomalies. The intelligent decision engine analyzes the 

current state of manipulation, stiffness of the object, task requirements and the uncertainties in the 

environment to decide on suitable control actions, based on these predictions. The adaptive 

compliance controller then tunes the force regulation parameters on-line, allowing the robotic 

manipulator to maintain proper contact without excessive force being applied and while interacting 

with humans and fragile objects without causing any abrupt movement of the object. Considering the 

closed-loop feedback mechanism, it will continuously compare the desired force response with the 

measured force response, and correct it at once if there is any difference between the two, thus 

enabling the correction to be made in real time in case of dynamic disturbances or unexpected 

environmental changes. An online learning module improves the control policy as new operational 

data is collected, allowing the framework to continuously learn from its experience without needing 

to re-tune these policies manually, even when large amounts of data are collected. The design also 

allows for easy integration with industrial automation solutions and collaborative working spaces, 

offering flexibility for various robotic setups. The proposed AFCCRM architecture is able to reduce 

the manipulation error, increase the operational safety, robustness, and adaptability with real-time 

learning, and is fully suitable for next-generation collaborative robot applications in complex and 

dynamic industrial environments thanks to the synergy of these different components.Thanks to the 

synergy of these different components, the proposed AFCCRM architecture is adapted to the next-

generation collaborative robot applications in complex and dynamic industrial environments, with 

high accuracy in manipulation, high level of operational safety, high level of robustness, and high 

level of adaptive performance.  

 

3.2. Multi-Sensor Force Acquisition and Feature Engineering 

The key point of achieving accurate and reliable force regulation for collaborative robotic 

manipulation is the robot's ability to comprehensively perceive its surrounding environment and act 

intelligently by reacting to the dynamic interaction conditions. It is on this point, that the proposed 

Adaptive Force Control Framework for Collaborative Robotic Manipulation (AFCCRM) introduces a 

multi-sensor force acquisition and feature engineering module that integrates the information from 

different kinds of the force sensors to get a comprehensive view of the robotic manipulation. The 

sensing layer is composed of force–torque sensors, tactile sensors, RGB and depth cameras, joint 

encoders, inertial measurement units (IMUs), proximity sensors, and motor current sensors, to enable 

continuous sensing of contact force, robot motion, object characteristics, environmental changes, and 

human operator activities. Each of the sensing modalities provides complementary information that 

will improve the perception capability of the robotic system. Raw sensor data is gathered in real time 

and sent to the data preprocessing unit, where noise filtering, signal synchronization, normalization, 

outlier detection and missing data handling are applied to enhance data quality and consistency of 

data streams from different sensors. Once the data is preprocessed, feature engineering methods are 

used to get meaningful representations from the acquired data. The characteristics that are important 
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include the magnitude of the force, the variation in the torque, contact duration, velocity of the 

motion, acceleration, displacement of the joints, tactile pressure distribution, stiffness indicators of 

the objects, collision patterns and spatial information retrieved from visual sensing. Temporal 

characteristics are also obtained by considering the sequence of sensor observations to detect changes 

in how the robot is contacting the object in manipulation tasks. The engineered features are then 

combined together using multi-sensor fusion to create a unified representation of the interaction 

environment, which further mitigates uncertainty, enhances robustness, and raises the accuracy of 

the interaction environment perception. This full set of features allows the intelligent control module 

to identify the manipulation states, detect abnormal interaction, estimate object properties and 

predict the next force requirement more accurately. Moreover, online adaptation is enabled by 

constantly obtaining good quality sensor data, enabling the robotic system to react to unforeseen 

events, different payloads and environmental conditions in real-time. The proposed AFCCRM 

provides a robust information base for intelligent decision-making, adaptive force control, and safe 

human–robot interaction for complex industrial tasks, enhances manipulation accuracy, promotes 

operational stability, increases responsiveness and boosts overall system performance.  

 

3.3. Adaptive Force Control Decision Engine 

The intelligence core of the proposed Adaptive Force Control Framework for Collaborative 

Robotic Manipulation (AFCCRM) is the Adaptive Force Control Decision Engine. It integrates aspects 

of deep learning, reinforcement learning, adaptive impedance control, and continuous optimization, 

allowing for autonomous and real-time force control. The decision engine handles multi-sensor 

information and constantly updates the control policies to ensure safe, accurate, and efficient 

collaborative manipulation of robots in dynamic industrial environments.  

 

 
Fig 2 - Adaptive Force Control Decision Engine 

 

3.3.1. Environmental State Recognition 

The first stage involves analysis of the fused multi-sensor feature vector to gain insights into 

the current interaction environment. The system detects significant factors like contact conditions, 

object stiffness, payload properties, human interaction status, and environmental uncertainty. This is 
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a comprehensive environmental awareness which allows the robot to make appropriate control 

decisions before starting to apply force regulation.  

 

 

3.3.2. Predictive Force Estimation 

Once the state of the environment is identified, the adaptive decision engine attempts to 

determine the ideal interaction force through the use of a Deep Neural Network (DNN). The 

prediction model learns complex non-linear correlations of the sensor features and desired force 

outputs from historical data and real-time data. This predictive ability allows for more accurate 

estimation of forces to avoid excessive forces, enhance manipulation accuracy and operational safety.  

 

3.3.3. Reinforcement Learning Optimization 

A reinforcement learning agent optimizes the force values by continuously improving the 

control policy by interacting with the environment based on the predicted force values. Learning 

process assesses the accuracy of manipulation, energy consumption and collision avoidance to decide 

the effectiveness of the manipulation action. The controller develops the policy of optimal force 

regulation over time based on the most efficient way to perform the task while ensuring safe and 

efficient collaboration.  

 

3.3.4. Adaptive Impedance Regulation 

The optimized force command is fed into the adaptive impedance controller which variably 

adapts the robot's compliance to the varying environmental conditions. It automatically adjusts the 

controller parameters in real-time, thus maintaining the contact force, manipulation accuracy, motion 

smoothness and interaction safety at all times. This adaptive behavior allows stable and compliant 

manipulation of objects having different physical characteristics.  

 

3.3.5. Continuous Online Learning 

After each manipulation task, the system's performance is assessed based on indicators 

including force tracking accuracy, collision probability, energy efficiency, task success and human 

comfort. Feedback collected is used for continuous online learning in order to update future control 

policies. The AFCCRM framework can adapt, be robust, and make decisions throughout long-term 

collaborative robotic operations in this self-improving mechanism.  

 

3.4. Mathematical Model and Computational Analysis 

The proposed Adaptive Force Control Framework for Collaborative Robotic Manipulation 

(AFCCRM) is based on an integrated computational model that integrates robotic manipulation 

dynamics, adaptive impedance control, intelligent force prediction and reinforcement-based 

optimization, which is considered to be necessary and sufficient for accurate and safe force 

regulation. The first step in the computational process is to acquire multi-sensor information, such 

that force sensors, torque sensors, tactile sensors, vision systems, joint encoders and inertial sensors 

are continuously collecting real-time information that describes the interaction of the robot with its 

environment. These sensor signals are initially preprocessed by noise filtering, normalization, 
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synchronization, and feature extraction, to produce the accurate feature vector of the current 

manipulation state. The engineered feature vector is then fed into the machine learning prediction 

module, which returns an estimated value of the force of interaction needed for the current task to be 

performed using a deep neural network. The interaction force is predicted as a function of the 

extracted sensor features and the learned parameters derived during the training process in a simple 

way. The reinforcement learning module then checks the predicted control action against a reward 

function which takes into account the accuracy of the manipulation, the energy efficiency of the 

operation, and avoiding collisions, while also ensuring that the operation is safe. This optimization 

process aims to perform the task in the most efficient manner possible, reducing the amount of force 

applied and the energy consumed. The optimized force command is given to the adaptive impedance 

controller which dynamically changes the compliance of the robot by adjusting the virtual stiffness 

and damping depending on the environment and contact behavior. A closed loop feedback system is 

used to continuously compare the desired interaction force with the measured force which is 

provided by the sensors. In the event of any deviation, the controller is responsive and corrects the 

force command to keep interaction stable and compliant. Computational analysis is also conducted in 

each of the manipulation cycles, to assess force tracking accuracy, response time, manipulation 

precision, collision probability, energy utilization, system stability, and human safety. These 

performance measures are continuously tracked and recorded for future use in online learning to 

enhance decision making. The adaptive learning module continually adjusts the prediction model 

and recalibrates the control policies as more operational data are acquired without interrupting the 

robot's operation. Therefore, the proposed AFCCRM framework is a fast, adaptive, and intelligent 

force control scheme that can achieve high manipulation accuracy, strong adaptability to the 

environment, good collaboration interaction, and high real-time performance in complex industrial 

robotic tasks under the condition of less manual parameter adjustment.  

 

4. RESULT AND DISCUSSION 

4.1. Experimental Setup 

The experimental test of the proposed Adaptive Force Control Framework for Collaborative 

Robotic Manipulation (AFCCRM) was performed in a collaborative manufacturing context with 

Industry 5.0 specifications that closely mimic realistic production conditions in industry. The 

experimental platform comprised a six-degree-of-freedom collaborative robotic manipulator 

equipped with various heterogeneous sensing devices such as force–torque sensors, tactile sensors, 

RGB-depth vision cameras, joint encoders, inertial measurement unit, proximity sensors and motor 

current sensors. The robot motion, contact forces, object properties, environment and human 

interaction were monitored continuously during the experiments. The proposed framework was 

tested on a high performance computing workstation that could support real-time sensor processing, 

intelligent decision making and adaptive control execution. The robotic platform performed a variety 

of representative collaborative manipulation tasks typical of current manufacturing systems to assess 

the system's capabilities in a broad sense. These tasks comprised object grasping with different object 

sizes and stiffness, peg-in-hole insertion with high positioning accuracy, transporting fragile objects 

in controlled contact forces, and human-assisted material handling in direct physical contact between 
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the robot and an operator. In all experiments, the environment was purposely designed to present 

different payloads, unknown properties of the object, moving obstacles, and interactions conditions 

to test the adaptability and robustness of the proposed controller. Various performance metrics, such 

as the accuracy of the force tracking, the degree of manipulation precision, and response time, were 

evaluated throughout the performance.Forces tracking accuracy, manipulation precision, response 

time, collision avoidance, energy efficiency, task completion, smoothness of the motion and 

operational safety were all continuously monitored. To provide a fair comparison of performance of 

the proposed AFCCRM with the conventional force control methods and adaptive control methods, 

the experiments were conducted under identical experimental conditions. To minimize random 

variations and to increase the reliability of the results obtained, each manipulation task was repeated 

several times. The data obtained from the sensors, control actions and system responses were 

captured during all experimental trials for detailed analysis. The experimental setup was particularly 

designed to test the effectiveness of the proposed intelligent force control framework in controlling 

dynamic collaborative operations while maintaining accurate force control, stable robot behavior and 

safe human–robot interaction. The outcomes of the experiments collected prove the ability of the 

AFCCRM framework to offer sturdy, adaptable and efficient force control for next-generation 

Industry five collaborative manufacturing systems.  

 

4.2. Percentage Comparison of Force Control Performance 

Table 1: Percentage Comparison of Force Control Performance 

Performance Metric PID 

Control (%) 

Hybrid Position–Force 

Control (%) 

Adaptive Impedance 

Control (%) 

Proposed 

AFCCRM (%) 

Force Tracking 

Accuracy 

88.4 91.8 95.6 98.9 

Manipulation Precision 86.7 90.1 95.2 98.5 

Human Interaction 

Safety 

87.3 92.4 96.1 99.1 

Grasp Stability 85.8 90.6 95.8 98.7 

Collision Avoidance 

Performance 

84.9 89.8 95.4 98.6 

Adaptive Compliance 83.7 90.3 96.5 99.2 

Response Efficiency 88.1 91.9 95.7 98.4 

Energy Efficiency 85.6 89.7 94.8 97.9 

Robustness Against 

Disturbances 

84.2 90.5 95.9 98.8 

Overall System 

Performance 

86.27 90.91 95.7 98.81 

 

4.2.1. Force Tracking Accuracy 

The proposed AFCCRM obtained the maximum force tracking accuracy of 98.90%, which is 

much better than the PID Control (88.40%), Hybrid Position–Force Control (91.80%) and Adaptive 

Impedance Control (95.60%). The intelligent prediction and continuous feedback mechanisms make 

possible the precise regulation of interaction forces under dynamic operating conditions. This 
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improvement minimizes force deviations and enhances manipulation reliability during collaborative 

robotic tasks.  

 

 
Fig 3 - Percentage Comparison of Force Control Performance 

 

4.2.2. Manipulation Precision 

The proposed AFCCRM accuracy for manipulation precision is 98.50 %, which is higher than 

the conventional control methods. The robotic manipulator is able to perform delicate operations 

with a high degree of accuracy because of the intelligent force prediction and adaptive compliance. 

This means the framework can be used effectively for precision assembly and complicated industrial 

manipulation tasks.  

 

4.2.3. Human Interaction Safety 

The proposed framework had excellent collaborative safety performance with the human 

interaction safety score being 99.10%. Unsafe contact between robots and human operators is 

significantly reduced with continuous monitoring of interaction forces and adaptive control 

adjustments. This is an ability that can facilitate safer and more reliable human–robot collaboration in 

Industry 5.0 applications.  

 

4.2.4. Grasp Stability 

The grasp stability of AFCCRM was 98.70%, which is higher than any of the comparative 

methods. The multi-sensor perception and intelligent force adaptation allows to maintain stable 

object grasping despite changes in stiffness, shape or size of the objects. This allows the robot to 

maintain a stable grip on the object while avoiding damage or slipping.  

 

4.2.5. Collision Avoidance Performance 
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Through the proposed method, the collision avoidance performance was 98.60%, indicating 

that the method can operate safely in the dynamic environment. The system can predict potential 

collisions in real-time due to its ability to perceive the environment and make decisions. This 

proactive control strategy greatly enhances the safety of collaborative manipulation during operation.  

4.2.6. Adaptive Compliance 

The AFCCRM proposed by the authors had the highest adaptive compliance of 99.20%, 

showing very good adaptation to the environment. The adaptive impedance controller dynamically 

adapts the compliance over time in response to contact dynamics and to task requirements. This 

allows for seamless interaction with both hard and soft items and stable force output.  

 

4.2.7. Response Efficiency 

The response efficiency of AFCCRM was 98.40% which was better than all conventional 

controllers in the case of fast varying environments. Intelligent sensing, predictive analytics and real-

time decision making allow for quicker response to unexpected disturbances. This instant response 

enhances the full execution speed and reliability of a task.  

 

4.2.8. Energy Efficiency 

The proposed framework successfully achieved 97.90% energy efficiency, which indicates the 

efficient use of robotic resources during manipulation tasks. Any unnecessary actuator movement 

and excessive force will be avoided by making intelligent control decisions, which results in a 

reduction of energy consumption. This helps in the sustainable and cost-effective industrial robotic 

operations.  

 

4.2.9. Robustness against Disturbances 

The proposed AFCCRM is robust with an excellent 98.80% robustness score, thus maintaining 

stable performance in the presence of external disturbances, payload changes, and uncertainties 

arising from the environment. The online learning and adaptive control strategies helps in fast 

recovery from unexpected operating conditions. Such robustness guarantees consistency in 

manipulating accuracy in real-world collaborative setting.  

 

4.2.10. Overall System Performance 

The proposed AFCCRM gave a system performance of 98.81%, which is significantly better 

than that of PID Control (86.27%), Hybrid Position–Force Control (90.91%) and Adaptive Impedance 

Control (95.70%). Multi-sensor fusion, deep learning, reinforcement learning, adaptive impedance 

regulation and continuous online learning can be combined to achieve highly accurate, safe and 

efficient collaborative robotic manipulation. The outcomes of these results have shown that AFCCRM 

is an effective next-generation intelligent force control framework for the Industry 5.0 manufacturing 

systems.  

 

4.3. Discussion 

The experimental results clearly show the effectiveness of the proposed Adaptive Force 

Control Framework for Collaborative Robotic Manipulation (AFCCRM) compared to conventional 
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force control approaches, such as PID Control, Hybrid Position–Force Control, and Adaptive 

Impedance Control. The embedding of multi-sensor perception, intelligent feature design, force 

prediction using deep learning, online optimization using reinforcement learning, adaptive 

impedance control with continuous online learning within an integrated intelligent control 

architecture resulted in the best performance on all evaluation measures, demonstrating the 

advantages of this approach. The most important improvement was seen in the Force Tracking 

Accuracy with AFCCRM having 98.90%, which is considerably higher than the other methods 

shown: PID Control with 88.40%, Hybrid Position–Force Control with 91.80%, and Adaptive 

Impedance Control with 95.60%. This enhancement is due to the framework's capability to 

continuously process the sensor data that is inherently heterogeneous and to accurately forecast the 

best interaction forces under varying environmental conditions. In the same way, Manipulation 

Precision (98.50%), Human Interaction Safety (99.10%) and Grasp Stability (98.70%) also improved, 

confirming that the adaptive decision engine is able to maintain stable manipulation with minimal 

excessive contact forces and safe human interaction. Moreover, 98.60% Collision Avoidance 

Performance and 99.20% Adaptive Compliance were accomplished, indicating that the framework 

can dynamically adapt the robot's behavior to different variations of object stiffness, payload 

properties, and unexpected environmental disturbances. By combining the reinforcement learning, 

the control policy could be optimized continuously with the interaction experience and Response 

Efficiency was further improved to 98.40%. Furthermore, the proposed controller was shown to 

attain 97.90% Energy Efficiency by reducing unneeded movements of the actuators and optimizing 

the application of forces during manipulation tasks. The Robustness Against Disturbances was 

calculated as 98.80%, which shows the stable operation of the system in uncertain industrial 

conditions by continuous feedback learning. The Overall System Performance of the proposed 

AFCCRM was 98.81% which is much higher than all comparative methods. The results show that 

intelligent sensing, predictive analytics, adaptive impedance control and online reinforcement 

learning can be an extremely effective solution for the next generation of collaborative robotic 

manipulation. Therefore, the proposed framework has great potential to be deployed in Industry 5.0 

manufacturing system where safe human-robot collaboration, high manipulation precision, 

operational robustness, real-time adaptability, and intelligent autonomous force control are required.  

 

5. CONCLUSION 

The collaborative robotic manipulation has become a key technology to achieve the vision of 

Industry 5.0 in which the intelligent robot and the human operator work together to increase 

productivity, flexibility, precision, and safety in the workplace. As opposed to traditional industrial 

robots that work in a structured and isolated environment, collaborative robots are required to work 

safely in dynamic workplaces where physical interactions are uncertain, payloads vary, fragile 

objects are present, and humans are continuously working. The mechanisms of force control in such 

complex operating conditions must be intelligent enough to sense changes in the environment, to 

accurately control the interaction forces, and be able to adjust to changing task demands 

continuously. For this purpose, this research provides an Adaptive Force Control Framework for 

Collaborative Robotic Manipulation (AFCCRM) that combines multi-sensor perception, intelligent 
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feature engineering, deep learning-based force prediction, reinforcement learning optimization, 

adaptive impedance control and continuous online learning into one intelligent control architecture 

to cope with the above challenges. This proposed framework leverages heterogeneous sensing 

technologies such as force–torque sensors, tactile sensors, RGB-D vision systems, inertial 

measurement units, proximity sensors, and joint encoders to continuously gather comprehensive 

information about the robot's motion, the characteristics of the object(s) being manipulated, the 

dynamics of the contact interactions, and any human interaction. The raw sensor data is processed 

using advanced techniques and feature engineering to create meaningful representations that enable 

intelligent decision-making. The adaptive decision engine uses deep neural networks to estimate 

optimal interaction forces, and reinforcement learning further fine-tunes the control policies as the 

robot operates over time, leading to performance gains over extended deployments. In addition, 

adaptive impedance regulation dynamically regulates compliance based on environmental changes 

to enable smooth, stable and safe physical interactions when collaborating in manipulation. The 

effectiveness of the proposed framework was evaluated experimentally and compared against 

conventional PID Control, Hybrid Position–Force Control, and Adaptive Impedance Control using all 

the performance metrics considered in this study and the results showed the superiority of the 

proposed framework. The AFCCRM's performance of 98.90% Force Tracking Accuracy, 98.50% 

Manipulation Precision, 99.10% Human Interaction Safety, 98.70% Grasp Stability, 99.20% Adaptive 

Compliance, and an Overall System Performance of 98.81% demonstrates the success of the 

integration of intelligent sensing, predictive analytics, adaptive force regulation, and continuous 

feedback optimization. The results demonstrate the effectiveness of the framework in dealing with 

the nonlinear robot dynamics, contact condition uncertainties, and rapidly changing industrial 

environments in a way that achieves high manipulation precision and operational safety. In addition 

to collaborative manufacturing, the proposed AFCCRM may be used in other important applications 

including healthcare robotics, as well as robotic rehabilitation, surgical assistance, warehouse 

systems, aerospace manufacturing, logistics, agriculture, precision assembly, service robotics, and 

many others, in which safe and adaptive physical interaction is crucial. Additional innovations such 

as digital twin technology, federated learning, explainable AI, edge computing, and AI-based 

collaborative intelligence can be integrated with the framework to improve scalability, transparency, 

autonomous decision-making and adaptability in future intelligent robotic systems. 
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