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Abstract—The paper deals with the modeling and control
of a KUKA KR6 robotic arm using Denavit-Hartenberg
kinematics and Euler-Lagrange dynamics. Control strategies
include PID and Model Predictive Control (MPC) that have
been implemented for trajectory tracking and disturbance
rejection. The simulation results present that MPC is more
accurate and energy-efficient than PID, although it requires
greater computational effort and thus may provide insight into
some trade-offs of control strategies for robotics applications.

I. INTRODUCTION

Industrial robotics, such as the KUKA KRS, is at the very
heart of automation because of the precision it offers. Conven-
tional control methods, for instance, PID, have their limitations
within nonlinear and disturbed environments; at the same time,
this work compares the PID and MPC controller approaches
applied to the KUKA KR6 industrial robot while investigating
their trajectory tracking performance and rejecting disturbance.

(2], [3].

Il. SYSTEM DESCRIPTION

For industrial uses like material handling and welding,
the Kuka KR6 is a 6-DOF robotic arm with great accuracy
and adaptability. Its sophisticated control architecture and
flexible design help to guarantee effective performance in
many contexts. Table | summarizes its key specifications.

TABLE |
SPECIFICATIONS OF THE KUKA KR6 ROBOTIC ARM

Feature Specification
Degrees of Freedom | 6
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Payload Capacity 6 kg
Maximum Reach 1611 mm
Repeatability +0.03 mm
Controller KUKA KR C4
Weight 55 kg
Mounting Positions Floor, Ceiling, Wall
Energy Supply Integrated (ES)
Applications Material handling, assembly, welding
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A. Mechanical Design

The KR6 features a modular mechanical design, with
each link and joint optimized for weight and durability. The
com- pact design ensures that the robot can operate in
confined spaces without compromising its efficiency. The
six-axis con- figuration allows for precise manipulation in
tight working environments.

Figure 1 illustrates the mechanical structure of the
KUKA KR6, highlighting the joints, links, and the base
frame.

&

Fig. 1. Mechanical structure of the KUKA KR6 robotic arm. ) ‘ 0y
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B. Control Architecture s

el [ 0
The KUKA KR C4 controller integrates motion control, & Nk e//’ ‘
safety systems, and network compatibility through: O -y é?
- Real-time trajectory processing Q//
- Advanced error diagnostics End Effector

Fieldbus protocol support
- KUKA Robot Language (KRL) programming
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C. Industrial Applications

With its high repeatability (£0.03 mm), the KR6 serves
precision-demanding industries such as electronics, automo-
tive, and aerospace manufacturing. Its versatile mounting
options and integrated control system make it suitable for
diverse industrial environments.

I11. CONNECTION BETWEEN KINEMATICS AND DYNAMICS
FOR CONTROL

The forward kinematics model T2 provides the position and
orientation of the end-effector, forming the basis for trajectory
planning and inverse kinematics. The dynamic model, derived
using the Euler-Lagrange method, ensures that the robotic arm
follows these planned trajectories accurately.

A. Forward Kinematics

The forward kinematics for a 6-DOF robotic manipulator
involves computing the final transformation matrix T%as:

TO=T0'T1'T2'T3‘T4‘T5
6 1 2 3 4 5 6’

@

where each T’._. is derived from the DH parameters shown in

i—1
Table II.
TABLE Il
DH PARAMETERS FOR THE 6-DOF ROBOTIC ARM

Joint | a; (mm) | d; (mm) | a; (rad) | Oy
1 0 400 —r/2 G1
2 250 0 0 73
3 0 600 -rn/2 93
4 0 100 /2 04
5 0 0 -1t/2 Js
6 0 50 0 J6

Each T/_, is computed using:

cos®; —sinicosa; sindisina; aicosy;

o _sing; cosvicosa;  —cosUisina;  a;siny; _
m -0 sinot; cos o d -
0 0 0 1
@

The final transformation matrix T2 includes the position
P, P, P, and orientation (rotation matrix R):

Ri1 Rz Riz Py
R R R P,
T0 = "1 22 23 V.. 3
® “Rsy R3y; Rsz P;- ®)
0 0 0 1
The position components P,, P, P, are computed as:
=
P = a cos( 0), 4
x i J
= %
Py= aisin( ), ©)
i=1 j=1
6
>
P, = d. (6)
i=1
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B. Inverse Kinematics

Inverse kinematics is the process of determining the joint an-
gles (81, 0, . . ., 96) required to achieve a desired end-effector
position and orientation (x, y, z, ¢, 9, ). This computation is
more complex than forward kinematics, as it involves solving
nonlinear equations.

For the KUKA KR6, a simplified example of inverse
kinematics calculations includes:

7

Ly ®)

where L, is the length of the second link and d; is the offset
along the z-axis.

% = arctan 2(y, x)
z—d

¥, = arcsin

(b)

Fig. 2. (a) Forward kinematics:Computing end-effector posture from joint
angles . (b) Inverse kinematics: joint angle solving for a desired posture.

Applications include:

- Inverse Kinematics: Determining the necessary joint
angles &4, 9, ..., 9 will help to orient the end effector
to reach the intended position.

- Control Design: PID and MPC controller implementa-
tion for trajectory tracking.

- Simulation and Optimization: Forecasting and max-
imizing performance indicators like energy usage and
resistance to disruption.

IV. DYNAMIC MODELING

A. Dynamic Model Representation and Implementation

The dynamic model of the KUKA KR®6 robotic arm aims to
simulate system behavior by taking into consideration only the
major forces and dynamics. In this model, the calculation of
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the inertia matrix, Coriolis and centrifugal forces, gravitational
forces, and joint accelerations are included. These form the
very essentials for the accurate depiction of the robotic arm’s
motion and response for different working conditions. Com-
bining all these elements in one model would give a holistic
simulation of the arm dynamics.
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Fig. 3. Dynamic model of the KUKA KR6 robotic arm.

B. Applications of Dynamic Modeling

Dynamic modeling is very vital for:

- Control Design: Creating model-based control plans
include calculated torque control and Model Predictive
Control (MPC).

- Simulation: Forecasting the robot’s movement under
many torque and force inputs.

- Energy Optimization: Minimizing energy consumption
by use of actuator torques and joint trajectory optimiza-
tion

- Stability Analysis: guaranteeing steady performance,
particularly for jobs demanding heavy-load or fast speed
manipulation.

V. CONTROL DESIGN

The control design ensures that a robotic arm follows a
wanted trajectory with minimal error in control effort. This
section explores two important strategies commonly used in
robotic systems: the Proportional Integral Derivative Control
and Model Predictive Control.

A. PID Control

PID controllers’ simplicity and dependability make them
quite common in industrial uses. The following forms the PID
control law:

This publication is licensed under Creative Commons Attribution CC BY.
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where:

- e(t): Considered between the intended and the real loca-
tion.

- Ky Proportional gain controls the reaction to the present
mistake.

- Ki: The overall increase that considers the prior mistakes
accrued.

- Kq: Derivative gain based on rate of change forecasts

future inaccuracy.
It de(t)

u(t) = Kee(t)+K; e(t)dt+Ky
0 dt

Figure 4 displays the PID control loop, wherein deviations
from the intended path are corrected via feedback.

©)

Output—»

T -
—Setpoint Error

dt

Fig. 4. PID control loop for trajectory tracking.

Particularly in multi-degree-of- freedom systems like the
Kuka KR6, PID control suffers with nonlinearities, time de-
lays, and external disturbances even if it is efficient for basic
systems.

B. Model Predictive Control (MPC)

Solving an optimization problem over a limited horizon
allows MPC to be an advanced control method that forecasts
future behavior. For MPC, the goal is:

b3 5
J = Ik = Xrer |2+ [[ul] (10)
k=0
subject to:
Xi+1 = AXi + Buyg, Umin = Uk < Umax (11)

where:

- xq State vector at time step k.

- xrer: Desired state vector.

- ug: Control input vector.

- Aand B: State-space matrices describing system dynam-
ics.

MPC incorporates constraints on control inputs and system
dynamics, making it suitable for complex robotic systems.
However, its computational complexity can be a limitation for
real-time applications.

Figure 5 illustrates the MPC structure, where an optimiza-
tion problem is solved iteratively to minimize tracking error.
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Fig. 5. MPC control loop for trajectory optimization.

VI. SIMULATION RESULTS

The simulation results provide a detailed comparison of the
performance of PID and Model Predictive Control (MPC) for
the KUKA KR6 robotic arm. These results include trajectory
tracking accuracy, error analysis, control effort, and robustness
under disturbances [7], [8].

A. Trajectory Tracking in Workspace

The trajectory tracking performance is evaluated for each
spatial dimension (Px, Py, Pz) over time.

Desired Signal vs. Actual Trajectory
_— I~
/ —— Desired Signal
----PID Response
MPC Response

Z (m)

2

X (m) 0

Y (m)

Fig. 6. Comparison of desired signal (reference trajectory) and actual
trajectories using PID and MPC controllers for the KUKA KR6 robotic arm.

The results show that MPC reduces the tracking error more
rapidly than PID, with MPC error converging to nearly zero
within the simulation period.

B. Control Effort Analysis

Control effort measures the energy or input signal required
to achieve the desired motion. Figure 11 shows the control
signals for PID and MPC.

MPC demonstrates lower control effort, suggesting greater
energy efficiency while maintaining superior trajectory track-
ing performance.
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3D Trajectory Tracking
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Fig. 7. 3D trajectory tracking comparison for KUKA KR6.
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Fig. 8. 3D error distribution comparison between PID and MPC.

C. Robustness to Disturbances

Robustness was tested by introducing external disturbances
during operation. Figure 12 illustrates the response of PID and
MPC controllers to a step disturbance.

MPC quickly mitigates the disturbance, restoring the system
to its desired trajectory within a few seconds, while PID
exhibits slower recovery and larger steady-state error.

D. Performance Metrics Summary
Table Il summarizes the performance metrics across key
criteria for both controllers.
VII. DISCUSSION

The evaluation of PID and MPC controllers for the KUKA
KR6 robotic arm highlights their respective strengths and
limitations:
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Fig. 9. 3D control effort comparison between PID and MPC.
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Fig. 10. 3D visualization of controller response to disturbances.

TABLE 11l
PERFORMANCE METRICS COMPARISON
Metric PID | MPC

Tracking Error (mm) 48 12
Control Effort (N.m) 18 12
Disturbance Recovery Time (s) 10 4
Steady-State Error (mm) 15 0.2
Computation Time (ms) 5 18
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Fig. 11. Comparison of control effort between PID and MPC.

Response to Step Disturbance
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Fig. 12. Controller response to a step disturbance at t = 5 seconds.

Accuracy: MPC demonstrated superior trajectory track-
ing, adhering closely to the reference path even during
abrupt changes . In contrast, PID exhibited deviations,
particularly in nonlinear transitions, due to fixed gain
parameters .

Efficiency: MPC required lower control effort, show-
casing better energy efficiency. This reduction in actu-
ator movements contributes to smoother operation and
reduced wear .

Disturbance Rejection: MPC effectively counteracted
disturbances and restored the desired trajectory quickly
. PID responded slower with higher residual errors due
to its reactive nature .

Computation: MPC’s real-time optimization increases
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computational demands, posing challenges for resource-

constrained systems. PID, being simpler, is more practical
for such scenarios .

These results underline the trade-offs between simplicity

and performance. PID is suitable for straightforward tasks,

while MPC excels in precision, robustness, and efficiency for

complex applications.

VIIl. CONCLUSION

The study compared Model Predictive Control (MPC) and
PID control strategies for the KUKA KR6 robotic arm. MPC
showed superior performance in industrial robotics, reducing
trajectory tracking error, improving position accuracy, and
reducing control effort. However, its 18ms computational
overhead presents challenges in resource-constrained systems.

IX. FUTURE WORK

Future research directions should address several key areas
to enhance the practical implementation of advanced control
strategies in industrial robotics.

Development of real-time MPC optimization using GPU
and FPGA acceleration

Implementation of hybrid control architectures combining
MPC precision with PID efficiency

Extension of control strategies to multi-robot coordina-
tion systems

Integration of adaptive control mechanisms for varying
payloads and operating conditions

These advancements will further bridge the gap between
theoretical capabilities and practical industrial applications of
advanced control strategies in robotic systems.
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