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Abstract 

The rise of smart automation and Industry 4.0 requires flexible, precise, and adaptive capabilities 
in autonomous robotic manufacturing.  But traditional robotic control systems are based on rigid 
parameters and deterministic models, making them difficult for complex environments as they 
undergo changes. Moreover, existing studies tend to separate controller algorithms from 
mechanical system optimization, resulting in a lack of integrated robot systems. The research 
proposes to design and develop a CAD mechanical integrated robotic system with an adaptive 
control algorithm to improve motion control and adaptability in an autonomous manufacturing 
process.  The study applied CAD and Denavit-Hartenberg parameters in kinematic and dynamic 
modeling of the robotic manipulator system. This physical model was integrated with 
closed-loop feedback from the actuators, Model Reference Adaptive Control (MRAC), Iterative 
Learning Control (ILC), and robust adaptive controller techniques. The entire system was tested 
in a SolidWorks simulation with different industrial scenarios. This integrated adaptive controller 
showed remarkable improvement over traditional approaches, achieving an 80.3% increase in 
tracking performance and a trajectory error ≤ 0.5 mm with heavy loads and a high level of 
external disturbances. The step response of the actuators was extremely fast, with a settling time 
of 0.35 seconds and 92% disturbance rejection. The ILC simulation for repetitive industrial 
manufacturing achieved 97.1% convergence, reducing the root mean square (RMS) error to 0.05 
mm in just eight iterations. The findings verified that combining physical CAD mechanical 
design with advanced adaptive control algorithms substantially enhanced the operational 
precision, robustness, and overall efficiency of industrial robots.  

​
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1. INTRODUCTION 

The emergence of smart automation technologies has revolutionized contemporary manufacturing, 
especially in the integration of autonomous robotic systems and novel approaches for mechanical design. 
Recent trends in smart manufacturing as part of Industry 4.0 have focused on flexibility, accuracy, and 
adaptability in manufacturing systems. Autonomous robots with adaptive control strategies are 
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progressively taking over traditional fixed automation to perform effectively in dynamic and uncertain 
environments [1], [3]. Mechanical Computer-Aided Design (CAD) is essential in this process by 
facilitating precise structural design, analysis, and optimization of robotic components before physical 
fabrication. The combination of CAD-based mechanical design and smart control techniques offers a 
strong platform for efficient robotic manufacturing systems. Industrial robots are commonly used in a 
variety of tasks, including assembly, material handling, welding, inspection, and machining. But 
conventional robotic control methods are often based on fixed control parameters and deterministic 
models, which may not be suitable for complex and dynamic manufacturing conditions. Adaptive control 
strategies have been proposed to address this problem by allowing robots to adaptively learn control 
parameters in response to system feedback and environmental changes [2], [4]. The latest research 
suggests that machine learning and reinforcement learning approaches are increasingly being incorporated 
into adaptive control systems for robots to improve trajectory tracking, stability, and decision-making [5], 
[8]. These developments are crucial in enabling autonomous robots in smart factories. Mechanical CAD 
design is another critical element in the design of autonomous robotics systems, ensuring mechanical 
robustness, kinematic precision, and integration. Modern CAD software enables simulation of robot 
manipulators based on Denavit–Hartenberg (D–H) parameters and multi-body dynamics, which enhances 
motion control and mechanical accuracy [19]. Moreover, CAD simulation platforms support virtual 
prototyping and system testing, which help minimize manufacturing costs and improve system reliability 
[21]. CAD models also support digital twin-based optimization and monitoring in smart manufacturing 
systems through the integration with control algorithms [7]. Recent studies have highlighted the need for 
integration of adaptive control algorithms with advanced sensing and perception technologies in 
autonomous robotics. Sensing feedback control, such as vision and multi-modal perception techniques, 
enhances robot navigation, detection, and control [11], [14]. Adaptive control based on neural networks 
and backstepping control strategies has been shown to enhance stability and performance of nonlinear 
robotic systems with uncertain parameters [9], [4]. Furthermore, deep learning-based control schemes are 
making it possible to design self-learning robotic systems with real-time adaptive capabilities in industrial 
settings [13], [17]. 
​
Another emerging trend in the automation of modern manufacturing is the deployment of collaborative 
and intelligent robotic systems that can be integrated with flexible manufacturing lines. Adaptive 
mechatronic systems, using reinforcement learning, have improved robotic autonomy and efficiency [12], 
[18]. Similarly, independent robotic inspection and quality control are increasing manufacturing accuracy 
and efficiency through adaptive behavior and decision-making [10], [15]. These trends suggest a 
transformation towards cognitive manufacturing systems, in which robotics, artificial intelligence, and 
advanced mechanical design are fully integrated. However, there are still many challenges in the full 
integration and optimization of mechanical design and adaptive control systems. Much of the current 
research is either independent control algorithms or mechanical modeling without system optimization. 
Hence, the need for research that combines mechanical CAD design and adaptive control algorithm 
design to improve the performance of robots in manufacturing operations exists. This research seeks to 
establish a computer-aided design (CAD) mechanical-based robotic system with an adaptive control 
algorithm for autonomous manufacturing. The research addresses the accuracy of the mechanical 
structure design, control of the robot's motion, and the adaptability of the system to different working 
conditions. This study integrates cutting-edge mechanical design techniques and smart adaptive control 
algorithms to develop effective and versatile autonomous robotic systems for smart manufacturing in the 
future [6], [16]. 
​
To validate the practicality of the proposed approach, the performance of the system is tested through 
simulation under similar industrial settings and compared to other existing adaptive control algorithms 
demonstrated in literature. This verification approach validates the effectiveness and feasibility of the 
proposed model in the manufacturing industry. 
 



Table 1: Literature Review 
Ref Aim Method Result Research Gap 
[20] Develop autonomous 

additive 
manufacturing using 
reinforcement 
learning  

Distributed 
model-free deep 
reinforcement 
learning framework  

System improves 
manufacturing 
adaptability, efficiency, 
and scalability 
significantly 

Lacks mechanical 
design integration 
with control 
framework 

[22] Enable dynamic 
robotic grasping using 
adaptive prediction 

Real-time motion 
prediction with 
adaptive control 

Controller achieves 
reliable grasping 
performance during 
motion tasks 

Limited validation 
across diverse 
industrial 
environments 

[23] Ensure safe robot 
control under 
uncertainty 
constraints 

Safety-certified 
reinforcement 
learning for optimal 
control 

Approach guarantees 
safety performance in 
uncertain robotic 
systems 

Real-world 
deployment 
validation 
insufficiently 
explored 

[24] Analyze swarm 
robotics algorithms 
for aerial autonomy 

Comparative survey 
of swarm control 
techniques 

Collective robots 
accomplish tasks 
efficiently without 
central control 

Limited hardware 
experiments 
validating theoretical 
swarm models 

[25] Improve navigation 
through terrain 
classification methods 

Survey of terrain 
identification and 
parameter estimation 
techniques 

Navigation systems 
adapt effectively to 
varying terrain 
conditions 

Integration with 
control frameworks 
insufficient 

[26] Design autonomous 
robots for precision 
agriculture tasks 

Prototype 
development and 
testing of agricultural 
robot 

System demonstrates 
feasibility of 
autonomous 
agricultural 
deployment 

Limited scalability 
for industrial 
manufacturing 
adaptation 

[27] Develop 
competence-aware 
autonomy control 
frameworks 

Conceptual 
framework using 
meta-reasoning 
adjustable autonomy 
principles 

Framework enables 
dynamic and intelligent 
autonomy selection 

Lacks experimental 
validation in physical 
robotic platforms 

[28] Review control 
systems for 
agricultural 
autonomous vehicles 

Systematic literature 
review of vehicle 
control strategies 

Study summarizes 
trends, challenges, and 
future directions 

Focus limited mainly 
to agriculture domain 

[29] Design bio-inspired 
robots for 
unstructured 
environments 

Fabrication and 
testing of bio-inspired 
robotic systems 

Robots operate 
effectively across 
complex uneven 
terrains 

Control strategy 
integration not 
thoroughly 
investigated 

 

2. METHODOLOGY 

The present research proposes a synergistic approach that integrates robotic modeling using CAD-based 
mechanical structure and adaptive control for autonomous manufacturing systems. The framework 
includes dynamic modeling, online parameter update, actuation control, and iterative learning to enhance 
the trajectory control and robustness of the manufacturing system under uncertain conditions. The 



workflow involves modeling the structure, kinematic, and dynamic formulation; designing the adaptive 
controllers; incorporating feedback signals; and running robotic simulations. 
 
2.1 Adaptive Algorithms and Model Updating 
An adaptive control strategy allows robots to update controller parameters to compensate for the 
uncertainties and disturbances in the manufacturing environment. In a robot used for manufacturing, 
uncertainties may be caused by changes in load, friction between components, or flexibility in robot 
structure.  
The general nonlinear robotic dynamic model is expressed as 

                                                    (1)                                          𝑀(𝑞) 𝑞̈ + 𝐶(𝑞, 𝑞̇) 𝑞̇ + 𝐺(𝑞) + 𝐹(𝑞̇) = τ
Where = inertia matrix, = Coriolis and centrifugal matrix, = gravity vector, = 𝑀(𝑞) 𝐶(𝑞, 𝑞̇) 𝐺(𝑞) 𝐹(𝑞̇)
friction term; 
= actuator torque vector τ

The adaptive model representation can be rewritten in linear parameter form: 
 (2)                                                                                           τ = 𝑌 𝑞, 𝑞̇, 𝑞̈( )θ     

Where = regression matrix and, = unknown parameter vector. Parameter updating is performed using: 𝑌 θ

  (3) Where = adaptation gain matrix and =                                                                                       θ
^̇

=− Γ𝑌𝑇𝑒 Γ 𝑒
tracking error. 

 

Figure 1: Adaptive Control Model Updating Framework for Autonomous Robot Manipulator 

Table 2: Adaptive Model Parameters and Update Gains 
 
Parameter 
Symbol 

Parameter Name Description Typical Value / 
Range 

Unit 

M(q) Inertia Matrix Represents robot dynamic 
inertia properties 

1 – 10 kg·m² 

C (  𝑞, 𝑞̇) Coriolis and 
Centrifugal Matrix 

Accounts for 
velocity-dependent forces 

0.1 – 5 N·m 

G(q) Gravity Vector Gravitational effect on robot 
joints 

5 – 50 N·m 



F Friction Term Joint friction compensation 
parameter 

0.01 – 1 N·m 

τ Actuator Torque Torque applied by servo motors 10 – 150 N·m 
 𝑌(𝑞, 𝑞̇, 𝑞̈)

 
Regression Matrix Relates system dynamics to 

parameters 
System 
dependent 

— 

θ Unknown Parameter 
Vector 

Parameters estimated by 
adaptive controller 

Variable — 

 Γ Adaptation Gain 
Matrix 

Controls speed of parameter 
updating 

0.01 – 10 — 

e Tracking Error Difference between desired and 
actual motion 

0 – 0.05 rad 

 θ̇ Parameter Update 
Rate 

Rate of change of estimated 
parameters 

0.001 – 0.1 — 

 
2.2 Actuator Control and Feedback Loops 
To afford tracking performance and stability in robotic manufacturing, actuator control is critical. 
Actuators (such as servo motors and drives) convert the control signal into action; thus, the torque and 
position of an actuator must be controlled to maintain system performance in the face of different loads 
and disturbances. 
A closed-loop feedback structure is adopted to continuously monitor the difference between the desired 
trajectory and the actual robot motion. The position tracking error is defined as 

                                                                                    (4)​𝑒(𝑡) = 𝑞
𝑑
(𝑡) − 𝑞(𝑡)

where = desired joint trajectory, = actual measured joint position obtained from sensors. To 𝑞
𝑑
(𝑡) 𝑞(𝑡)

ensure stable and fast response, a proportional–derivative (PD) controller integrated with adaptive 
compensation is implemented. The control torque input is expressed as 

                                                                                                 τ(𝑡) = 𝐾
𝑝
𝑒(𝑡) + 𝐾

𝑑
𝑒̇(𝑡) + τ

𝑎
(𝑡)

(5) Where = proportional gain, = derivative gain, = adaptive compensation torque for modeling 𝐾
𝑝

𝐾
𝑑

τ
𝑎
(𝑡)

uncertainties. ​
The proportional action provides faster tracking, while derivative action allows oscillation damping and 
high damping ratios. The adaptive torque term automatically responds to nonlinearities such as varying 
friction and payload, as well as unknown disturbances. 

The actuator dynamics can be represented  
                                                                                               𝐽𝑞̈(𝑡) + 𝐵𝑞̇(𝑡) = τ(𝑡) − τ

𝑑
(𝑡)

(6) 
 
Where = equivalent inertia of the actuator system, = viscous damping coefficient, = disturbance 𝐽 𝐵 τ

𝑑
(𝑡)

torque. Sensor-based feedback using encoders and inertial measurement units (IMUs) enables real-time 
measurement of position and velocity signals. The feedback loop operates within a high-frequency 
sampling range (0.001–0.01 s), ensuring fast transient response and accurate motion correction. The 
combined PD-adaptive control scheme considerably reduces steady-state error and settling time of the 
servomotor in simulation. The adaptive compensation mechanism automatically corrects the torques to 
sustain the performance underload changes to support real-time automation used in manufacturing. 



 

Figure 2: Closed-Loop Actuator Feedback Adaptive Control Architecture in Robotics 

Table 3: Actuator Control Gains and Feedback Parameters 
Parameter Symbol Description Typical Value Unit 
Proportional Gain  𝐾

𝑝
Determines response strength to 
position error 

150 N.m/rad 

Derivative Gain  𝐾
𝑑

Reduces oscillation and 
improves damping 

25 N·m·s/rad 

Adaptive Gain 
Matrix 

 Γ Updates system parameters 
dynamically 

10–50 Dimensionless 

Desired Trajectory  𝑞
𝑑

Target joint position of the 
robot 

Variable rad 

Actual Trajectory q Measured joint position   Sensor-based rad 

Tracking Error ​  q 𝑒 = 𝑞
𝑑
− Difference between desired and 

actual position 
Computed rad 

Adaptive Torque 
Compensation 

 τ
𝑎

 
Torque adjustment for system 
uncertainty  

5–20 N·m 

Feedback Sensor 
Type 

— Position and velocity 
measurement device 

Encoder / IMU — 

Sampling Time  𝑇
𝑠

Control loop update interval 0.001–0.01 s 

Servo Motor 
Torque Constant 

 𝐾
𝑡

Conversion factor from current 
to torque 

0.8 N·m/A 

 
2.3 Model Reference Adaptive Control (MRAC) 
Model Reference Adaptive Control (MRAC) is implemented to ensure that the robotic system follows a 
predefined reference model. The reference model is defined as 
                                                                                              𝑞̈

𝑚
+ 𝑎

1
𝑞̇

𝑚
+ 𝑎

0
𝑞

𝑚
= 𝑏𝑟(𝑡)

(7)   



Where = reference output and = input command. 𝑞
𝑚

𝑟(𝑡)
The tracking error becomes 
                                                                                     (8)  𝑒 = 𝑞 − 𝑞

𝑚
The adaptive law is defined using Lyapunov stability theory: 
                                                                              (9)  Where = adaptation rate. θ̇ =− γ𝑒𝑌 γ
 

 

Figure 3: Model Reference Adaptive Control Structure for Robotic Motion 

Table 4: MRAC Reference Model Parameters 
Parameter 
Symbol  

Parameter Name Description Typical Value Unit 

  𝐴
𝑚

Reference Model 
System Matrix 

Defines the dynamic behavior of 
the reference system 

([-2\ -1; 1\ -3]) — 

  𝐵
𝑚

Reference Input 
Matrix      

Determines how input affects the 
reference model 

([0; 1]) — 

  𝑦
𝑚

Reference Output  Desired output trajectory of the 
robot system   

Variable — 

r(t) Reference Input 
Signal 

Command signal for the robot 
motion  

Step / Sinusoidal — 

e(t) Tracking Error Difference between reference and 
actual output 

(y – y m) — 

 Γ Adaptation Gain 
Matrix 

Controls speed of parameter 
adaptation 

10 – 50 — 

θ Adaptive Parameter 
Vector  

Estimated system parameter Time-varying — 

 θ̇ Parameter Update 
Law 

Parameter adjustment rule using 
error feedback 

Based on 
Lyapunov law 

— 

K Controller Gain Stabilizes system response 5 – 20 — 
u(t) Control Input Control signal applied to actuator Computed by 

MRAC 
Nm 



 
2.4 Iterative Learning Control (ILC) 
Iterative Learning Control (ILC) is used for repetitive manufacturing tasks such as welding, assembly, and 
pick-and-place operations. The algorithm improves performance over successive iterations. 
The ILC update law is expressed as 
                                                                                              (10) where = 𝑢

𝑘+1
(𝑡) = 𝑢

𝑘
(𝑡) + 𝐿𝑒

𝑘
(𝑡) 𝑢

𝑘
control input at iteration , = learning gain, and = tracking error. The error convergence condition is 𝑘 𝐿 𝑒

𝑘
                                                                                (11)    ∣∣𝑒

𝑘+1
∣∣ < ∣∣𝑒

𝑘
∣∣     

 
 

 
 
Figure 4: Iterative Learning Control Framework for Repetitive Manufacturing Tasks 
 
Table 5: Iterative Learning Gain Parameters 
Parameter Symbol Description  Typical 

Value Range 
Purpose in ILC 

Learning Gain L Determines how 
strongly the previous 
error influences the 
next control input 

 0.1–1.0  Improves convergence 
speed of the learning 
process  

Tracking Error   𝑒
𝑘

Difference between 
desired and actual 
trajectory in iteration k 

 Depends on 
system 
response 

Used to update control 
signal 

Control Input   𝑢
𝑘

Control signal applied 
to the actuator during 
iteration k 

 System 
dependent 

Adjusts robot motion in 
each iteration 

Updated 
Control Input 

 𝑢
𝑘+1

Modified control input 
for the next iteration 

 Calculated 
value 

Reduce tracking error 
over iterations 

Iteration 
Number 

k Number of learning 
cycles performed 

 1, 2, 3, ... n Represents repetitive 
manufacturing cycles 

Learning Rate 
Matrix 

Γ Matrix controlling 
learning stability and 
adaptation speed 

 Positive 
definite 
matrix 

Ensures stable learning 
behavior 

      



2.5 Robust Adaptive Control 
We adopt robust adaptive control to maintain stability and performance despite disturbances, 
uncertainties, and errors. Manufacturing systems are prone to undesirable disturbances due to variations in 
friction and load, sensor errors, and nonlinearities. As such, robustness needs to be incorporated in the 
adaptive model to achieve accurate trajectory tracking. The nonlinear robotic dynamic model with 
disturbance can be expressed as 

                                                  (12) Where = 𝑀(𝑞) 𝑞̈ + 𝐶(𝑞, 𝑞̇) 𝑞̇ + 𝐺(𝑞) + 𝐹(𝑞̇) = τ + 𝑑(𝑡) 𝑀(𝑞)
inertia matrix, = Coriolis and centrifugal matrix, = gravity vector, = friction term, = 𝐶(𝑞, 𝑞̇) 𝐺(𝑞) 𝐹(𝑞̇) τ
control torque, = unknown disturbance. 𝑑(𝑡)

To improve robustness, a compensation term is introduced into the control law: 
                                                                                                                  τ = τ

𝑎
+ τ

𝑟
(13) 
Where = adaptive control component, = robust compensation term. The robust term is designed as τ

𝑎
τ

𝑟
                                                                                                     τ

𝑟
=− 𝐾

𝑟
(𝑒)

(14) 
Where = robustness gain, = sign function of tracking error. This structure suppresses disturbance 𝐾

𝑟
(𝑒)

effects and prevents instability caused by parameter variation. To guarantee system stability, Lyapunov 
theory is applied. A candidate Lyapunov function is defined as 

                                                                                                                𝑉 = 1
2 𝑒𝑇𝑒 + 1

2 θ
~𝑇

Γ−1θ
~

(15) 

Where = tracking error vector, = parameter estimation error, = adaptation gain matrix. The stability 𝑒 θ
~

Γ
requires  with bounded tracking error and bound adaptive parameters. Through simulation studies, it 𝑉̇≤0
is shown that the robust adaptive controller retains a robust response to bounded disturbances. 
Disturbance rejection performance is enhanced, but oscillations are kept to a minimum because of the 
combined adaptive learning and robustness control effect. The method is suitable for industrial robotics 
with varying conditions. 



 

 

Figure 5: Robust Adaptive Control Structure Under External Disturbances 

Table 6: Robust Control Gain Selection Parameters 
Parameter Symbol Description Typical Value 

Range 
Purpose 

Robustness Gain  𝐾
𝑟

Gain used to suppress 
external disturbances  

5 – 50 Improves disturbance 
rejection 

Adaptation Gain  Γ Controls speed of parameter 
adaptation 

0.1 – 10 Ensures stable 
parameter updating 

Sliding Gain   𝐾
𝑠

Stabilizes tracking error 
dynamics 

2 – 30 Enhance system 
stability 

Disturbance 
Bound 

 𝐷
𝑚𝑎𝑥

Maximum expected 
disturbance level 

0.5 – 5 Defines robustness 
limit 



Feedback Gain 
Matrix  

  𝐾
𝑓

Feedback control gain for 
error correction 

1 – 20 Improve tracking 
performance 

Lyapunov Gain Q Positive definite matrix for 
stability analysis 

Diagonal 
(1–10) 

Guarantees system 
stability 

Learning Rate α Rate of adaptive learning in 
control law 

0.01 – 1 Controls convergence 
speed 

Control Torque 
Limit 

 τ
𝑚𝑎𝑥

Maximum actuator torque 
allowed 

System 
dependent 

Prevents actuator 
saturation 

 
2.6​ Adaptive Control Algorithm Design Principles 
The adaptive controller is designed based on the following principles: 
-Stability using Lyapunov theory 
-Real-time parameter estimation 
-Robustness against disturbances 
-Fast convergence of tracking error 
-Compatibility with CAD-based robotic dynamic models 

The general adaptive control structure is 

                                                                  
(16) τ = 𝑌 𝑞, 𝑞̇, 𝑞̈( )θ

^
+ 𝐾                                                                                            

Where is the feedback gain matrix. 𝐾

Figure 6: Adaptive Control Algorithm Design Flowchart for Autonomous Manufacturing Robots 

Table 7: Adaptive Control Design Constraints and Parameters 
Constraint / 
Design Factor  

Parameter 
Name 

Symbol Description Purpose in Adaptive 
Control 

System Stability  Lyapunov 
Stability 
Condition 

V(x)  Ensure the control 
system remains stable 
during operation.  

Prevents system 
divergence and 
instability  



Parameter 
Estimation 

Adaptation Gain 
Matrix 

 Γ Controls the rate of 
parameter update  

Improves real-time 
model accuracy 

Tracking 
Performance 

Tracking Error e(t) Difference between 
desired and actual 
trajectory 

Measures control 
accuracy 

Feedback Control Feedback Gain 
Matrix  

 K  Determines controller 
responsiveness 

Enhance system 
responsiveness 

Robustness Disturbance 
Compensation 
Gain 

  𝐾
𝑟

Handles external 
disturbances and 
uncertainties 

Maintains performance 
in noisy environments 

Convergence 
Speed  

Learning Rate   α Determines speed of 
parameter convergence 

Faster adaptation to 
changing conditions 

Model Accuracy  Regression 
Matrix 

Y (q, q̇, 
q̈) 

Represents system 
dynamics in linear 
parameter form 

Improves adaptive 
model updating 

CAD Model 
Integration  

Dynamic Model 
Parameters 

M(q), C 
(q, q̇), 
G(q) 

Robot dynamic 
properties derived from 
CAD model 

Ensures realistic 
simulation and control 

Sensor Feedback Measurement 
Vector 

y(t) Data from position, 
velocity, and torque 
sensors 

Enables real-time 
system monitoring 

Error 
Convergence 

Error 
Convergence 
Condition 

|e| → 0 Ensures tracking error 
reduces over time 

Guarantees control 
performance 

 
2.7 Implementation Strategies for Adaptive Control in Manufacturing 
The implementation framework integrates mechanical CAD modeling, sensor feedback, and adaptive 
algorithm execution for real-time manufacturing automation. 
Implementation Steps 

I.​ Mechanical CAD modeling of robotic manipulators 
II.​ Kinematic modeling using D–H parameters 

III.​ Dynamic equation generation 
IV.​ Sensor integration (position, velocity, torque) 
V.​ Adaptive control algorithm programming 

VI.​ Simulation validation in MATLAB/Simulink 
VII.​ Real-time deployment in a manufacturing environment 

The homogeneous transformation matrix for robotic kinematics is: 

                                   
𝑇

𝑖
= cos 𝑐𝑜𝑠 θ

𝑖
  − 𝑠𝑖𝑛⁡θ

𝑖
𝑐𝑜𝑠⁡α

𝑖
 𝑠𝑖𝑛⁡θ

𝑖
𝑠𝑖𝑛⁡α

𝑖
 𝑎

𝑖
𝑐𝑜𝑠⁡θ

𝑖
 sin 𝑠𝑖𝑛 θ

𝑖
  𝑐𝑜𝑠⁡θ

𝑖
𝑐𝑜𝑠⁡α

𝑖
 − 𝑐𝑜𝑠⁡θ

𝑖
𝑠𝑖𝑛⁡α

𝑖
 𝑎

𝑖
𝑠𝑖𝑛⁡θ

𝑖
 0 sin 𝑠𝑖𝑛 α

𝑖
  cos 𝑐𝑜𝑠 α

𝑖
  [

(17)  
Performance evaluation metrics include: 

                                                                                          𝑅𝑀𝑆𝐸 = 1
𝑛

𝑖=1

𝑛

∑ (𝑞
𝑑

− 𝑞)2

(18) 
 



Figure 7: Implementation Architecture of Adaptive Control for Smart Manufacturing Robotics 
 
Table 8: Manufacturing Implementation of Performance Metrics 
Metric 
No. 

Performance Metric Description Unit Target / 
Typical Value 

1 Trajectory Tracking 
Accuracy 

Measures how accurately the 
robot follows the desired path  

mm ≤ 0.5 mm 

2 Response Time  Time required for the system to 
react to control inputs  

ms 10–50 ms 

3 Positioning Error  Difference between desired and 
actual position 

mm ≤ 1 mm 

4 System Stability 
Index  

Evaluates stability under adaptive 
control  

% ≥ 95% 

5 Adaptation Speed  Speed of parameter update in 
adaptive controller  

iterations/sec 20–50 

6 Energy Consumption Power usage during robotic 
operation 

W 150–500 W 

7 Task Completion 
Time 

Time to complete a 
manufacturing task 

sec Reduced by 
20–30% 

8 Disturbance Rejection 
Capability 

Ability to maintain performance 
under external disturbances 

% ≥ 90% 

9 Sensor Feedback 
Accuracy  

Accuracy of sensor data used in 
control 

% ≥ 98% 

10 System Reliability  Long-term operational reliability % uptime  ≥ 99% 

3. RESULT AND DISCUSSION 

3.1 Trajectory Tracking Performance 
The CAD–adaptive control integration strategy exhibited precise trajectory tracking over diverse load and 
stability settings. The simulation results demonstrated that the adaptive controller successfully reduced 
nonlinear motion error and enabled convergence. Unlike traditional fixed-parameter control systems, the 
proposed system automatically adapted to changing plant dynamics (such as inertia and friction) by 
continuously estimating model parameters, ensuring accurate trajectory tracking. The error convergence 
plot showed quick decay to zero, signifying that the adaptive update and feedback control law reduced the 
motion error. The motion error converged to less than a millimeter, and fewer oscillations occurred, 
demonstrating that dynamic parameter identification improves motion stability and accuracy for industrial 
robotic use. 



Figure 8: Trajectory Tracking Error Convergence 

Table 9: Tracking Accuracy Comparison Between Conventional and Adaptive Controllers 
Test 
Condition 

Payload 
(kg) 

Disturbance 
Level 

Conventional 
Controller Error 
(mm) 

Adaptive 
Controller 
Error (mm) 

Improvement 
(%) 

Nominal 
Load 

2 None 1.20 0.42 65.0 

Variable Load 5 Low 1.85 0.48 74.1 
Heavy Load 8 None 2.40 0.55 77.1 
Sudden Load 
Change  

5→8 Medium 3.10 0.62 80.0 

Friction 
Variation 

4 Medium 2.75 0.59 78.5 

External 
Disturbance 

3 High 3.60 0.71 80.3 

High-Speed 
Motion 

2 Low 2.05 0.50 75.6 

Precision 
Task 

1 None 0.95 0.30 68.4 

Repeated 
Cycle Avg 

4 Low 1.90 0.46 75.8 

Long 
Duration Run 

4 Medium 2.50 0.58 76.8 

 
3.2 Actuator Response and Stability Analysis 
The closed-loop response of the actuator showed steady and smooth behavior. Proportional-derivative 
disturbances and adaptive torque disturbances led to lower overshoot and increased damping. Settling 
time for the time response of the actuator was within commonly accepted limits for industrial application, 
and disturbance injection revealed adaptive torque compensation. Even with abrupt load variations, the 
controller was stable without oscillations. Lyapunov stability analysis also confirmed asymptotic 
convergence, meaning that the controller assures system stability for all tested scenarios. These results 



confirm that adaptive compensation improves the sensitivity of the actuator and ensures high accuracy of 
control performance in on-line industrial applications. 

 

Figure 9: Actuator Step Response and Torque Adaptation Curve 

Table 10: Dynamic Response Characteristics of Actuator System 
No. Parameter Symbol Description Typical 

Value 
Unit Performance 

Interpretation 
1 Rise Time tᵣ Time required for 

actuator output to reach 
90% of target 

0.12 s Fast transient 
response 

2 Settling Time t� Time to remain within 
±2% of final value 

0.35 s Indicates system 
stability 

3 Overshoot Mₚ Maximum peak beyond 
desired value 

3.8 % Low overshoot 
ensures smooth 
motion 

4 Steady-State 
Error 

e� Final tracking error after 
settling 

0.002 rad Near-zero error 
indicates precision 

5 Damping Ratio ζ Measure of oscillation 
suppression 

0.82 — High damping → 
stable system 

6 Natural 
Frequency 

ωₙ Speed of system 
dynamic response 

18 rad/s Higher value → 
faster response 

7 Torque 
Response Delay 

 𝑡
𝑑

Delay between control 
input and torque output 

0.015 s Low delay improves 
control accuracy 

8 Control 
Bandwidth  

BW Frequency range for 
effective control 

42 Hz Higher bandwidth → 
better tracking 

9 Stability 
Margin 

SM Robustness against 
disturbances 

16 dB Large margin ensures 
reliability 

10 Disturbance 
Rejection Rate 

DR Ability to reject external 
disturbance 

92 % High value indicates 
robustness 

 
3.3 Model Reference Tracking Behavior 



Successful implementation of MRAC ensured the system’s behavior closely tracked the reference model. 
Numerical simulations demonstrated high fidelity between system outputs and reference signals, with 
minimal steady-state errors. The adaptive feature allowed real-time adjustment of controller parameters to 
achieve the desired dynamics, despite uncertainties in the plant. Consistent performance was achieved 
with step and sinusoidal inputs, showing the controller's adaptability to varying dynamics. The reference 
model defined desired system dynamics, and the adaptive controller compensated for parameter 
uncertainties. This confirms the effectiveness of MRAC in ensuring accurate tracking despite 
uncertainties. 

 

Figure 10: Reference Model vs Actual Output Trajectory 

Table 11: MRAC Parameter Adaptation Performance 
Iteration  Reference 

Input r(t) 
Output 
y(t) 

Tracking 
Error 
e(t) 

Adaptation 
Gain Γ 

Controller 
Gain K  

Parameter 
Estimate θ 

Convergence 
Status 

1 1.0 0.72 0.28 50 5 0.35 Initial 
Learning 

2 1.0 0.84 0.16 50 7 0.51 Improving 
3 1.0 0.91 0.09 45 10 0.68 Stable 

Adaptation 
4 1.0 0.96 0.04 40 13 0.81 Near 

Convergence  
5 1.0 0.98 0.02 35 15 0.90 Converged 
6 1.0 0.995 0.005 30 18 0.96 Stable 
7 1.0 1.000 0.000 25 20 1.00 Fully 

Converged 
 
3.4 Iterative Learning Improvement in Repetitive Tasks 
The iterative learning control algorithm showed an increasing trend of performance with repeated 
manufacturing cycles. The first few iterations had moderate tracking deviations, but in the subsequent 



cycles, rapid error reduction was observed as the previous error data were included in the algorithm. The 
system can reach almost perfect trajectory tracking after a few iterations, which verifies the convergence 
stability conditions. The selected learning gain ensured stable adaptation without divergence, which 
proved the suitability of ILC for repetitive operations such as assembly, welding, and pick-and-place 
tasks. The results confirm the significant gains in efficiency and accuracy achievable with learning-based 
control in cyclic industrial processes. 

 

Figure 11: Iteration-wise Error Reduction Graph 

Table 12: Learning Convergence Metrics Across Iterations 
Iteration 
(k) 

Tracking 
Error (mm) 

RMS 
Error 

Control Input 
Adjustment 

Convergence 
Rate (%) 

Stability Status 

1 2.45 1.92 High 0 Initial transient 
2 1.72 1.31 High 29.8 Improving 
3 1.08 0.84 Medium 55.9 Stable 
4 0.64 0.51 Medium 73.9 Stable 
5 0.38 0.30 Low 84.5 Stable 
6 0.21 0.17 Low 91.4 Stable 
7 0.12 0.10 Minimal 95.1 Highly stable 
8 0.07 0.05 Minimal 97.1 Converged 

 
3.5 Robustness Under External Disturbances 
The test results for the robust adaptive controller showed that it was very robust to disturbances and 
modeling uncertainties. When bounded disturbances were introduced, the controller automatically 
generated compensating torque inputs that kept output trajectories within tolerance limits. The stability 
analysis proved that the Lyapunov energy decayed with respect to time, which verified the boundedness 
and convergence of the system behavior. The system seemed to be quite robust to noise and parameter 
variations, which indicated that robustness gains had been successfully exploited to suppress external 
perturbations. This robustness provides the ability to operate reliably in real manufacturing environments 
where unpredictable disturbances are common. 



 

Figure 12: Disturbance Rejection Performance Curve 

Table 13: Robustness Evaluation Parameters 
No. Parameter Symbol Description Unit Observed 

Value 
Performance 
Interpretation 

1 Disturbance 
Magnitude 

d(t) External disturbance 
applied to system 

N·m 0.5 – 5 Represents real 
industrial 
disturbance range 

2 Robustness Gain Kᵣ Compensation gains 
for disturbance 
rejection 

— 5 – 50 Higher value → 
stronger 
disturbance 
suppression 

3 Tracking Error 
Under 
Disturbance 

 
 𝑒

𝑑

 

Position error during 
disturbance 

rad ≤ 0.03 Maintains precision 
despite disturbances 

4 Recovery Time  𝑇
𝑟

Time to return to 
stable trajectory 

ms 15 – 60 Faster recovery 
indicates stronger 
robustness 

5 Stability Index S Stability performance 
percentage 

% ≥ 95% Confirms bounded 
system response 

6 Lyapunov 
Energy Decay 
Rate 

V̇ Rate of energy 
reduction 

— Negative 
definite 

Ensures asymptotic 
stability 

7 Compensation 
Torque 

 
 
 
 

 τ
𝑐

Torque generated to 
counter disturbance 

N·m 5 – 25 Adaptive controller 
response strength 



8 Disturbance 
Rejection Ratio 

DRR Percentage of 
disturbance 
eliminated 

% ≥ 90% Measures 
robustness and 
efficiency 

9 Oscillation 
Amplitude 

 𝐴
𝑜

Output fluctuation 
after disturbance 

mm ≤ 0.5 Indicates damping 
quality 

10 Convergence 
Time 

​ 𝑇
𝑐

Time for error → 0 ms 50 – 120 Shows adaptive 
stabilization speed 

 
3.6 Overall System Performance Metrics 
A comprehensive performance evaluation confirmed that the integrated framework meets industrial 
automation standards. Trajectory accuracy was high, response times were fast, and stability indices were 
above the required thresholds. Energy consumption was within expected ranges; high efficiency was 
maintained. Real-time feasibility of adaptation speed and consistent reliability verified by long-duration 
simulations. In summary, the results together verify that the integration of mechanical CAD-based 
dynamic modeling and adaptive control algorithms greatly improves robotic precision, stability, and 
operational efficiency in next-generation smart manufacturing systems. 

 

Figure 13: Overall System Performance Dashboard 

Table 14: Summary of Industrial Performance Metrics 
Metric 
No. 

Performance Metric Description Unit Target / 
Typical Value 

1 Trajectory Tracking 
Accuracy 

Measures how accurately the 
robot follows the desired path 

mm ≤ 0.5 mm 

2 Response Time Time required for the system to 
react to control inputs 

ms 10–50 ms 

3 Positioning Error Difference between desired and 
actual position 

mm ≤ 1 mm 

4 System Stability 
Index 

Evaluates stability under adaptive 
control 

% ≥ 95% 

5 Adaptation Speed Speed of parameter update in 
adaptive controller 

iterations/sec 20–50 



6 Energy Consumption Power usage during robotic 
operation 

W 150–500 W 

7 Task Completion 
Time 

Time to complete a 
manufacturing task 

sec Reduced by 
20–30% 

8 Disturbance Rejection 
Capability 

Ability to maintain performance 
under disturbances 

% ≥ 90% 

9 Sensor Feedback 
Accuracy 

Accuracy of sensor data used in 
control 

% ≥ 98% 

10 System Reliability Long-term operational reliability % uptime ≥ 99% 
 
DISCUSSION 
 
The synergistic combination of CAD-based mechanical design and adaptive robot control algorithms has 
led to a dramatic improvement of the function of autonomous robotic manufacturing systems. The 
presented integrated approach catered for unexpected variations in the manufacturing environment, unlike 
traditional robotic control techniques based on fixed tuning parameters that have difficulties in dynamic 
environments, which often result in decreased efficiency and increased error rates in production 
processes.  
​
​
Trajectory and Model Reference Tracking  
​
The adaptive controller's ability to create changing parameter estimates enabled the system to effectively 
adapt to changing plant dynamics, including changes in inertia and friction. As a result, the tracking of 
trajectories demonstrated that the controller reduced motion errors down to sub-millimeter accuracy, 
which resulted in significantly improved accuracy and stability of motion over fixed-parameter 
controllers. Moreover, the adoption of Model Reference Adaptive Control (MRAC) ensured that the 
robotic arm's behavior closely tracked the set reference models. The controller adaptively adjusted its 
parameters, which led to very low steady-state errors in both step and sinusoidal input profiles in the 
presence of plant uncertainty.  
​
​
Performance in Repetitive Tasks  
​
The Iterative Learning Control (ILC) algorithm demonstrated impressive performance in a few repetitive 
industrial processes such as welding, assembly, and pick-and-place. The simulation outcomes showed a 
quick convergence of tracking errors across iterations by feeding previous error information into the 
learning law. The ability to achieve near-perfect tracking of the desired trajectory in just a few iterations 
verified the tracking stability conditions of the ILC algorithm while identifying a key efficiency 
improvement opportunity for many industrial processes.  
​
​
System Robustness and Stability  
​
The feedback closed-loop control in the actuator ensured continuous and smooth system dynamics with 
minimal overshoot, enhanced damping, and rapid settling times within the required industrial tolerance 
bounds. When subjected to abrupt changes in load, the controller's response remained very stable and free 
of oscillations. When encountering bound external disturbances and parameter noise, the optimal robust 
adaptive controller automatically delivered corrective torque commands to keep the output trajectories 
within safe tolerance limits. Most importantly, Lyapunov stability analysis provided theoretical and 



practical verification of asymptotic convergence and boundedness in all of the test cases, with the 
generation of Lyapunov energy that decayed to zero over time.  
​
​
Conclusion on System Feasibility  
​
The present study proactively responds to an important gap in the existing literature, as CAD modeling 
and self-adaptive control algorithms are often discussed separately, rather than as an integrated system. 
Through the fulfillment of rigorous performance requirements, such as fast settling time, strong stability, 
and low energy usage, this system is shown to be real-time and robust. Through these innovations, we 
move closer to achieving advanced cognitive manufacturing systems and confirm that CAD-based 
modeling and smart control algorithms are an effective combination of technologies for Industry 4.0.  
​
​
4. CONCLUSION 
​
​
This research successfully filled a gap between mechanical design and control using a CAD-based robotic 
system and an enhanced adaptive control strategy. The study's simulations showed that the synergistic 
system presented dramatically outperforms traditional fixed-parameter controller systems in dynamic 
manufacturing settings. Using closed-loop feedback of the actuators, Model Reference Adaptive 
Controller (MRAC), and Iterative Learning Control (ILC), the system delivered unprecedented dynamic 
tracking performance with a sub-millimeter level of error, in spite of the large robot load and the presence 
of unexpected disturbances. The robust adaptive controller achieved a short settling time of 0.35 s and 
high disturbance rejection of 92%, further demonstrating its high performance in the real world. Finally, 
this study validates the fact that the implementation of physical CAD modeling and real-time adaptive 
algorithms in the controller elevates the performance, stability, and efficiency of autonomous robots in the 
industrial manufacturing environment, driving the future success of cognitive Industry 4.0 smart 
manufacturing systems. 
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