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Co-Simulation of the Agile Eye Robot Using
MSC.ADAMS and MATLAB: Design, Kinematics,
and Control

Mohammad Heidar Khamsehei Fadaei !

Abstract: This paper proposes a fuzzy adaptive PID controller
for the Agile Eye spherical parallel robot and evaluates its
performance within a co-simulation framework integrating
MSC.ADAMS and MATLAB/Simulink. The main objective is to
quantify the advantages of online gain scheduling over fixed PID
gains for this overconstrained mechanism. A detailed mechanical
model incorporating constraints, actuators, and sensors is built
directly in ADAMS and exported to Simulink as a nonlinear plant,
thereby preserving the actual mass, inertia, and frictional
characteristics. Closed-form inverse kinematics are derived and
validated against forward kinematics through a round-trip test,
yielding an orientation reconstruction error on the order of 10
degrees. Three controllers are implemented: a PD controller, a
fixed-gain PID tuned via the Ziegler—Nichols method, and a fuzzy
adaptive PID that employs 49 rules to adjust its gains online. Their
performance is compared under step commands, a smooth
planned path, and square-wave signals. The results demonstrate
that the fuzzy adaptive controller consistently outperforms its
fixed-gain counterparts reducing the IAE by roughly 60%,
keeping overshoot below 5%, and virtually eliminating
steady-state error. Overall, the co-simulation workflow proves to
be a practical and effective means of evaluating control strategies
without requiring a physical prototype.

Keywords: Parallel manipulator, Agile Eye, co-simulation,
MSC.ADAMS, MATLAB, inverse kinematics, Fuzzy Adaptive
PID controller.

I. INTRODUCTION

Parallel kinematic machines (PKMs) have long attracted
considerable interest in applications requiring high
structural stiffness, low moving inertia, and accurate multi axis
motion. In particular, spherical parallel manipulators (SPMs)
are well suited for pure rotational tasks around a fixed point,
such as camera orientation systems, motion simulators, and
rehabilitation devices [1]-[3]. Other applications include the use
of parallel mechanisms in robotic machining beds, where
accurate position control is critical [4]. Although SPMs have
elegant and compact architectures, they still suffer from
persistent practical implementation and control difficulties,
such as strong dynamic coupling between actuated axes,
configuration dependent inertia variations, and unmodelled
friction or link flexibility.

The Agile Eye, originally proposed by Gosselin and Angeles
in the early 1990s and further developed in subsequent studies
[5], [6], has become a benchmark mechanism in the SPM
literature. The mechanism has three degrees of freedom and
consists of three identical RRR kinematic chains intersecting at
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a common centre of rotation. Its inverse kinematics has a closed
form solution, which greatly facilitates trajectory planning [7].
Conversely, its forward kinematics requires the solution of a
system of nonlinear equations, often needing a careful initial
guess [7]. This asymmetry between the inverse and forward
problems is typical of parallel robots, but it also implies that any
simulation-based control design must consider both aspects
rigorously.

In the early stages of this work, we recognised that
kinematics alone is not sufficient for high-performance control.
The Agile Eye has highly nonlinear and configuration
dependent dynamics, which render purely kinematic controllers
inadequate. The standard method of deriving the full equations
of motion from Lagrangian mechanics, followed by
linearisation, is time consuming and sensitive to parametric
changes. This motivated us to adopt a co-simulation
framework, in line with recent practice [8]-[10]. Specifically,
we constructed the entire mechanical assembly directly in
MSC.ADAMS, specified realistic material properties and joint
constraints, and exported it to MATLAB/Simulink as a
nonlinear plant. This approach preserves the exact inertia,
geometry, and friction characteristics while allowing visual
feedback through the ADAMS viewer during the control loop
providing a realistic testing environment without the expense of
physical hardware.

On the control side, fixed gain PID regulators remain the
most common in industrial practice. However, for a highly
nonlinear manipulator such as the Agile Eye, a single fixed gain
set rarely provides satisfactory performance throughout the
workspace. It often forces a compromise between excessive
overshoot during rapid manoeuvres and sluggish responses near
workspace singularities. Fuzzy logic offers a systematic and
practical approach for online gain scheduling, where the PID
parameters are adjusted in real time according to the
instantaneous error and its derivative. A comprehensive review
of different control approaches for parallel robots is presented
in [11], ranking methods from classical PID to advanced
adaptive strategies. The effectiveness of fuzzy adaptive PID
controllers has recently been shown for serial manipulators and
mobile robots [12]-[16]. Robust adaptive control approaches
have also been experimentally validated on spherical parallel
robots, especially under insufficient excitation conditions [17].
Nevertheless, to the best of our knowledge, no previous study
has rigorously applied such a controller to the Agile Eye and
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performed a comprehensive quantitative comparison against
classical PD and PID controllers under multiple excitation
signals.

The main objective of this paper is to answer the following
question: what quantitative improvement does fuzzy gain
scheduling offer for a spherical parallel robot when evaluated
in a high-fidelity co-simulation environment? To address this,
we (i) developed a detailed ADAMS model, verified its static
torque against an analytical estimate, and exported it to
Simulink; (ii) derived closed form inverse kinematics and
validated them through round trip forward kinematic tests,
achieving orientation errors on the order of 10~ degrees; (iii)
designed and implemented three control architectures PD, fixed
gain PID (tuned via Ziegler—Nichols), and a 49 rule fuzzy
adaptive PID within the same loop; and (iv) compared their
performances under smooth planned trajectories, square wave
references, and step inputs, using IAE, ISE, overshoot, settling
time, and steady state error as quantitative metrics.

For the sake of full reproducibility, we also discuss our

practical design choices, such as the reference model time
constant and the normalisation ranges of fuzzy inputs. We do
not offer a formal stability proof for the adaptive scheme but
instead rely on the boundedness of the scheduled gains and the
inherent dissipativity of the mechanical plant, noting that a
rigorous stability analysis remains a direction for future
research.
The remainder of this paper is organised as follows. Section 2
describes the mechanical architecture and the construction of
the ADAMS model. Section 3 presents the kinematic analysis
and validation. Section 4 details the controller design and
implementation. Section 5 reports the simulation results and
discussion. Finally, Section 6 concludes the paper and points
out directions for future work.

II. MECHANICAL ARCHITECTURE AND DESIGN

The Agile Eye is a spherical parallel manipulator with three
degrees of freedom. Its mechanical structure consists of a fixed
base, three identical lower links, three identical upper links, and
a moving end effector (Fig.1). Several variants of this
mechanism exist, including a compliant version designed to
minimise parasitic displacements [18]. In each kinematic chain,
a lower link is attached to the base, and an upper link is attached
to the end effector; all joints are revolute. The axes of all
revolute joints intersect at a common point, denoted as the
centre of rotation O. This geometric property ensures that the
end effector undergoes pure rotation about O without any
translation. The only actuated joints are those connecting the
lower links to the base; the remaining joints are passive and
serve only to constrain the end effector's orientation.

Please use automatic hyphenation and check your spelling.
Additionally, be sure your sentences are complete and that there
is continuity within your paragraphs. Check the numbering of
your graphics (figures and tables) and make sure that all
appropriate references are included.
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Fig. 1. Kinematic model of the Agile Eye manipulator.

The mechanical assembly is modelled directly in
MSC.ADAMS, resulting in a high-fidelity dynamic model. In
this environment, parts are assigned material properties,
revolute and fixed constraints are applied, and actuation
variables are defined. This modelling approach preserves the
exact three-dimensional geometry and inertial characteristics of
the physical prototype, yielding a virtual model that behaves
realistically under simulated loads and motions. The ADAMS
model serves both as a kinematic verification tool and as the
plant to be exported to MATLAB/Simulink for controller
implementation.

Table 1. Physical parameters of the Agile Eye manipulator

Parameter Symbol Value Unit
Base radius Ry 0.120 m
Lower link length L 0.180 m
Upper link length L, 0.210 m
End-effector radius R. 0.080 m
Mass of lower link m 0.52 kg
Mass of upper link m, 0.38 kg
Mass of end-effector m, 0.65 kg
Moment of inertia of 11 1.4 %103 kg'm?
lower link
Moment of inertia of I 9.8 x 10 kg-m?
upper link
Moment of inertia of I. 2.1 x1073 kg-m?
end-effector
Material — Aluminium —
6061-T6
Coefficient of viscous b 0.015 N-m-s/rad

friction at joints

A right-handed orthogonal coordinate system {O; X, Y, Z}
is attached to the stationary base, with its origin at the rotation
centre O. The Z-axis is perpendicular to the base plane and
points upward. The Y-axis lies in the plane formed by the Z-axis
and the ui-axis of the first actuated joint (Fig.2). The three



actuated joints are symmetrically arranged around the base at
120° intervals. The orientation of the i-th actuated joint axis
(i=1, 2, 3) is represented by the unit vector u;. The intermediate
passive joint linking the lower arm to the upper arm is denoted
as w;, and the unit vector along the distal joint connected to the
end-effector is denoted as vi.

Center Point

Fig. 2. Direction vectors of the joints in one kinematic chain

The geometry of each limb is defined by two fixed angles.
Angle v is the inclination of u; with respect to the Z-axis, and
angle B is the inclination of vi. In our manipulator, both angles
are set to 54.75° to achieve a symmetric and isotropic
workspace. Further optimal design studies have refined these
geometric parameters to enhance kinetostatic performance [19].

The azimuth angles 1; define the plane containing the i-th
actuated joint axis relative to the Y-axis:

=20 (1=123) (1)

Moreover, the angles between successive joint axes within
one limb are fixed: ou is the angle between u; and wi, and . is
the angle between w; and v;. These constant twist angles are
determined by the link geometry.

The direction vectors u; and w; can be expressed in the base
coordinate frame as functions of the input joint angles 6; (the
rotation of the lower link about u) and the constant geometric
parameters:

sinn;siny
u; = [cos n;sin y]

—cosy

(2a)

wW; =
sin7;sinycos a; — (cosn;sin §; — sinn;cos ycos 6;)sin a;
cos n;sinycos a; + (sinn;sin 8; + cosn;cos ycos 8;)sin a;
—cosycos a; + sinycos 8;sin a,
(2b)
These expressions are used in the kinematic analysis to relate
the input angles to the end-effector orientation.

A preliminary mobility assessment is performed using the
classical Kutzbach-Griibler criterion:
F=Mn-j-D+XELf (3)

Where F is the degree of freedom, A is the motion space
dimension (A=6 for unrestricted spatial motion), n is the
number of links, j is the number of joints, and f; is the
connectivity of the i-th joint. Substituting n=38 (base, three
lower links, three upper links, and end-effector), j=9 (all
revolute joints), and Xf;=9 gives:
F=68-9-1)+9=-3 4)

The negative result indicates that the Kutzbach-Griibler
formula is not directly applicable to overconstrained
mechanisms with special geometries, as it does not account for
redundant constraints. Using screw theory, the true mobility of
the Agile Eye can be shown to be three. These three
independent degrees of freedom correspond to the orientation
angles of the end-effector, typically parameterised by azimuth,
tilt, and torsion (o, 0, and ), as described later in the kinematics
section.

A. Preliminary Validation of the Dynamic Model

This To verify that the ADAMS model accurately captures
the rigid-body dynamics of the Agile Eye, we perform a simple
static check. Recently, dynamic response analysis of similar
spherical parallel manipulators has been studied for kinematic
compensation on uneven terrain [20]. The manipulator is placed
in the home configuration (all input angles 6; = 0°, meaning the
end-effector points vertically upward), and the actuated joints
are locked. In this configuration, the weight of the moving
components generates a static torque about each actuated joint.
This torque is estimated by a first-order static analysis and
compared with the value computed by the ADAMS solver.

Owing to the symmetric structure, the static torque t_static
on each actuator in the home pose is mainly caused by the
weight of the upper link and part of the end-effector mass.
Approximating the centres of mass at the geometric midpoints
of the upper link and the end-effector platform gives:

Tyaic = (M g 2 +7€ g R,) siny 5)
where g =9.81 m/s? and y = 54.75°. Substituting the numerical
values from Table 1 yields:

Tyic = (0.38 X 9.81 % 0.105 + 2% x 9.81 x 0.080) x 5in 54.75°

~ (0.391 + 0.170) x 0.816 (©)
~ 0.458 N - m.

The same configuration was simulated in MSC.ADAMS
with gravity enabled and the joints locked. The static torque
measured at each actuated joint is 0.472 N-m. The difference
between the analytical estimate and the ADAMS value is about
3%, which is well within the tolerance expected from the
simplified centre-of-mass assumptions. This close agreement
confirms that the mass properties, joint constraints, and gravity
model were implemented correctly in the ADAMS model. This
geometrically precise and kinematically validated mechanical
model, built directly in ADAMS, forms the foundation for all
subsequent kinematic derivations, dynamic simulations, and
controller design.



III. KINEMATIC ANALYSIS

Kinematic analysis of a parallel manipulator establishes the
functional relationship between the actuated joint coordinates
and the end effector pose. For spherical parallel mechanisms,
the end effector pose is a pure orientation described by a
rotation matrix. Two complementary problems are addressed:
forward kinematics, which maps the three input angles 6; to the
end effector orientation, and inverse kinematics, which
determines the required input angles for a given orientation.
The inverse kinematics of the Agile Eye admits closed form
solutions and is used for motion control. Forward kinematics,
however, requires solving a system of nonlinear equations and
is used here primarily to validate the inverse solution.

A. Preliminary Validation of the Dynamic Model

Given the three actuated joint angles 6; (i=1, 2, 3), the goal
of forward kinematics is to compute the end-effector
orientation. This is achieved by first determining the direction
vectors of the distal joints v; (attached to the moving platform).
Once v; are known, the end-effector orientation can be
extracted.

The vectors vi are unit vectors, and their geometric
arrangement on the end-effector imposes fixed angular
separations. The distal links form a symmetric structure; the
angle between any two distinct vi vectors, denoted by as, is
constant and determined by the geometry of the mobile
platform [7]:

Vi v;=cosaz(i,j =1,23; i #J) @)

where oz =2 sin™'(cosP cos(n/6)) and B = 54.75° as specified
in Section 2. Moreover, the angle between the intermediate joint
axis wi and the corresponding distal joint axis v; is fixed at o..
Hence,

w; - v; = cosa,(i =1,2,3) ®)
Additionally, each v; is of unit length:
v lI=10 =1,23) ©)

Equations (7)—(9) together form a system of nine nonlinear
algebraic equations in the nine components of vi, vz, and vs. The
vectors w; are known from (2b) once the input angles 6; are
given. Solving this system yields the distal joint axes. The
end-effector orientation is then obtained as follows. The sum
vector:

E=v,+v,+v; (10)
points along the central axis of the mobile platform.
Normalising it gives the unit direction vector of the end effector

in the base frame:
E

Ve =5 an

The full rotation matrix can then be recovered from v. and

the known geometry of the distal triangle. Although for many
control tasks the direction vector ve is sufficient, here we extract
the full set of azimuth—tilt—torsion angles (¢, 0, ) to enable a
quantitative comparison with the commanded orientation
(Section 3.3).

B. Inverse Kinematics

The inverse kinematics problem is formulated as follows:
given a desired end-effector orientation, find the corresponding
actuated joint angles 0; (i=1, 2, 3). A closed-form solution is
obtained by representing the orientation using a set of Euler-like
angles and exploiting the geometric constraint w; - vi = cos 0.

The end-effector orientation is parametrised by azimuth, tilt,
and torsion angles (9, 0, y), which form a rotation matrix Q that
maps the home configuration to the current orientation [7]. In
the home position, the unit vectors of the distal joints are known
and denoted by vi*. For an arbitrary orientation, the distal joint
vectors are:

v =Qv} (12)

With v; determined, the constraint w; - vi=cos a. gives a
trigonometric equation in the unknown 6;. Expressing the
components of w; from (2b) in terms of sin 0; and cos 8;, and
using the half-angle substitution:

6; . 2 1-T{
T; =tan?,sm9i=— =T (13)

leads to a quadratic equation in Ti;:
AT+ BT, +C; =00 = 1,2,3) (14)
The coefficients A;, Bi, and C; depend on the geometric
parameters and the components of v; as follows:
A; = (—sinn;sinycos @; — cosn;sin a;)v;,
+(—cosn;sinycos a; + sinn;sin a;)v;,
+(cosycos a;)v;, — cos a,

B; = 2(cosn;cosa; — sinn;cosysin a,)v;, (5
+2(sinn;cos @; + cosn;cosysin a;)vy, (15)
C; = (—sinn;sinycosa; + cosn;sin a,)v;y

+(—cosn;sinycos a; — sinn;sin al)viy
+(cosycos a;)v;, — cos a,

Solving (14) and converting back to an angle yields two
possible values for each 6;:

6; = 2atan2(-B; + \/A_i, 2Ai) with  A; = B? — 44,C; (16)

Thus, the inverse kinematics admits up to eight distinct
solutions for a given orientation. The appropriate solution is
selected based on joint continuity and physical constraints.

To wvalidate the inverse kinematic formulation, four
representative sets of end-effector orientation angles were
processed, and the corresponding joint angles were computed.
The results are summarised in Table 2.

Table 2. Four inverse kinematic solutions with forward kinematic validation.

Case 9 () 0 v 0:(°) 6:(°) 6: (°) 6 00 V) e(°)

©)
R1 10 10 10 2.6 10.5 12.9 10.0002 9.9998 10.0001 2.1x10*
R2 40 10 15 —4.5 7.5 10.3 39.9995 10.0004 14.9997 3.5x10
R3 40 60 80 42.6 -10.9 88.2 40.0001 59.9993 80.0006 4.8x10
R4 110 150 35 87.2 25.6 95.0 110.0003 149.9995 35.0004 3.9x10*

e=1(@. 6, ) — (¢, 0, w)||: is the Euclidean norm of the orientation error-



IV. CONTROLLER DESIGN AND IMPLEMENTATION

This section describes three different control strategies for
the Agile Eye manipulator: a Proportional Derivative (PD)
controller, a Proportional Integral Derivative (PID) controller,
and a Fuzzy Adaptive PID controller. All controllers are
implemented in a co-simulation environment that connects
MSC.ADAMS with MATLAB/Simulink. This allows high
fidelity dynamic simulation and direct visualisation of the
closed loop response.

A. Co-simulation Framework

The parallel manipulator model, built in ADAMS, includes
revolute joints and actuation constraints. For controller design,
the ADAMS model is exported to Simulink as a nonlinear plant
block. Three input channels are defined for torque or motion
commands to the actuated joints. The outputs are joint angles
and angular velocities. Importantly, the export is performed in
nonlinear mode, which preserves the full nonlinear dynamics
and allows the manipulator's motion to be animated in the
ADAMS viewer during co-simulation. Figure3 shows the
resulting Simulink block that encapsulates the ADAMS plant.

Roll_Axis :
: Yow_Axis

Pitch_Axis

ADAMS Control System Overview

ADAMS_uout

@—»1

Control_Torque1

U To Workspace

ADAMS Plant

ADAMS_yout

Y To Workspace

g ADAMS_tout

Clock T To Workspace

Fig. 3. Schematic model of the ADAMS plant as imported into Simulink.

The overall control loop consists of a trajectory generator,
an inverse kinematics solver, the controller, and the ADAMS
plant. First, the desired end effector orientation angles are
converted to reference joint angles using the inverse
kinematics relations derived in Section 3.2. The controller then
computes the required actuation signals and applies them to
the ADAMS model. Meanwhile, the output joint angles are
fed back to close the loop.

B. Classical PD and PID Controllers
The PD and PID controllers are designed in standard parallel
form. The PID control law in the Laplace domain is:
Ge(s) = Ky + L+ Kqs (17)
The PD controller is obtained by setting K; = 0. The block

diagram of the closed-loop system with a PID controller is
shown in Figure 4.

e(t) =Brer— 0 Control Tk Joint
Reference [ K Torquer| 4O Angle 6
JoméAngle - Ge(s) =Ky + <+ Ka's > N/ >
ref = e
Reference PID Controller Nonﬁr?‘;h:l,smam
Joint Angle Agile Eye Dynamic Model

Fig. 4. Block diagram of a system with a PID controller.

Gain tuning is performed using the classical Ziegler—Nichols
frequency response method. The ultimate gain K, and ultimate
period T, are found by bringing the closed-loop system to the
stability margin under proportional-only control. Specifically, a
unit step command is applied to each joint, and the proportional
gain is increased until sustained oscillations appear at the
output. For the ADAMS model of the Agile Eye, the critical
gain was found to be K,=1500 and the corresponding
oscillation period Tu=0.5s. Owing to the symmetric structure
of the manipulator, these values are identical for all three joints.
The PID parameters are then computed using the standard
Ziegler—Nichols rules:

2K;
Ki = _u’
Ty

KpTy

K, = 0.6K,,, 2

The resulting fixed gains are implemented in Simulink and
serve as the baseline for performance comparison. Adaptive
position feedback control under kinematics and dynamics
uncertainties has been addressed in [21], offering insights for
improving robustness in parallel manipulators. Beyond position
control, force control strategies for parallel robots have also
been explored, including fuzzy Pl-based approaches for
unactuated force regulation [22]. It should be noted that the
Ziegler—Nichols method provides a somewhat conservative
initial tuning for nonlinear systems; nevertheless, it offers a
systematic starting point and ensures a fair comparison between
fixed-gain and adaptive controllers.

C. Fuzzy Adaptive PID Controller

To improve the closed-loop behaviour in the presence of
nonlinearities and time-varying dynamics, we implement an
adaptive controller. Adaptive control strategies have also been
successfully applied to spherical parallel robots for
rehabilitation purposes, demonstrating robustness against
modelling uncertainties [23]. Its structure is shown in Fig. 5.
This controller consists of a conventional PID whose gains are
adjusted online by an adaptation mechanism driven by the
tracking error. Recent studies have demonstrated the
effectiveness of such fuzzy adaptive approaches in various
robotic systems. High-precision adaptive control methods with
convergence guarantees have also been developed for
cable-driven parallel robots, which share similar dynamic
complexities [12]-[16].
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A first-order reference model is used to specify the desired
closed-loop response:

G (5) = —— (19)

The time constant t=0.01 s is chosen for two reasons. First,
the mechanical bandwidth of the Agile Eye, estimated from the
lowest structural resonance of the ADAMS model, lies between
15 Hz and 25 Hz. The chosen reference model has a bandwidth
of ® b=1/t1=100rad/s (=16 Hz), which is achievable and fast
enough for responsive orientation tracking. Second, this choice
provides a settling time of about 4t =0.04 s, which meets the
requirements of high-speed camera-orienting applications
while avoiding actuator saturation during normal operation.
The reference model output y m is compared with the
measured joint angle y, and the error e=y m—y drives the
adaptation mechanism [24]-[26].

The adaptation mechanism uses a fuzzy logic system that
processes the normalised error e and its derivative é and
produces scaling factors that modify the PID gains. This
configuration is called a Fuzzy Adaptive PID controller.

The core of the adaptation mechanism is the fuzzy logic
controller (FLC) shown in Fig. 6. It receives the normalised
error en=¢/emsx and the normalised error derivative
N =€/ émax (With emax = 0.1 rad and émax = 1.0 rad/s, determined
from the expected operating range) and outputs three
parameters: K', and K'¢, which are normalised gains in the
interval [0, 1], and a coefficient o € [2, 5] used to compute the
integral gain.

ANNOTATION  Inputs: 7 Linguistic Variables
NB, NM, NS, Z, PS, PM, PB

INPUTS Mamdani Fuzzy Inference System

Normalized’Error
ey = z L
; " | Fuzzification RuleBase | [ Inference | | Knowledge
Normalized Errog Derivative (49 Rules) Engine Base
ey =1—
iy CONNECTIONS
l OUTPUT CONNECTION QUTPUTS
| K,

(Normalized Proréorlionai Gain)
Defuzzification J

K'a
(Centroid Method) (Normalized Derivative Gain)

—» ‘a .
(Integral Gain Coefficient)
Outputs are used for online PID gain scheduling.

NOTE

BLOCK 2

Fig. 6. Block diagram of the Fuzzy Logic controller inside the adaptation
mechanism.

The membership functions for the inputs ex and éx are
defined using seven linguistic values: Negative Big (NB),
Negative Medium (NM), Negative Small (NS), Zero (Z),
Positive Small (PS), Positive Medium (PM), and Positive Big
(PB). Triangular and trapezoidal membership functions are
used, as shown in Figs. 7 and 8. The same linguistic labels are

applied to the outputs K', and K'q (Figs. 9 and 10), while the
output o uses three membership functions (Small = 2, Medium
= 3.5, and Large = 5) as shown in Fig. 11. The overall Fuzzy
Inference System is displayed in Fig. 12.
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Fig. 7. Membership functions of input variable "e".
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Fig. 9. Membership functions of output variable "K',".



Membership Functions of Output Variable K;
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Fig. 12. Schematic of the Fuzzy Logic Designer.

A complete set of 49 fuzzy rules (7 % 7) is formulated in the
Mamdani inference framework. The rule base is designed to
mimic expert tuning heuristics: when the error is large, a large
proportional gain is applied to speed up convergence; when the
error derivative is large, the derivative gain is increased to damp
oscillations; and the integral gain parameter a is adjusted to
balance steady-state error elimination against the risk of
windup. The complete rule base is given in Table 3.

Table 3. Fuzzy rule base for the adaptive PID gain scheduler.

ex\ NB NM NS VA PS PM PB

e

NB B/S/ B/S/ B/M B/M M/M M/B/ S/B/
L L /M /S /S M L

NM B/S/ B/M/ B/M M/M M/B S/B/ S/B/
L M /M /S /S M L

NS B/M M/M  M/B S/B/ S/B/ S/B/ S/B/
/L /M /M S M M L

Z M/M M/B/ S/B/ S/B/ S/B/ M/B/ M/M
/L M S S S M /L

PS M/B S/B/ S/B/ S/B/ M/B M/M B/M
/L M M S /M /M /L

PM S/B/ S/B/ M/B M/M B/M B/M/ B/S/
L M /S /S /M M L

PB S/B/ M/B/ M/M B/M B/M B/S/ B/S/
L M /S /S /M L L

*Format: K'y / K'q/ 0, where B = Big, M = Medium, S = Small; for a: L = Large
(5), M = Medium (3.5), S = Small (2).

The crisp PID gains are obtained from the normalised FLC
outputs by linear scaling:
Kp — Ké (Kzgnax — K;nm) + K;ﬂln
Ko = Ky(KP™ = K™ + K™
Kp
Ki = —
aKg
The minimum and maximum bounds are derived from the
Ziegler-Nichols tuning, providing a safe operating range
around the nominal fixed-gain values:
KM = 0.32K,, K = 0.6K, @D
KJin = 0.08K,T,, K = 0.15K,T,
Substituting K, = 1500 and T, = 0.5s gives K;“i“ =
480, K" = 900, KM =60, and K@ =112.5. The
integral gain K; computed from (20) lies in the range [0,
1.2 x 10%]. All gains are saturated at their respective bounds to
ensure safe operation.
The complete adjustment mechanism is implemented in
Simulink as shown in Fig. 13.

(20)

). ¢d K
K, £y Ky = K (Kpmax = Komin) L-> % 2y
+ Kpmm -
Linear Gain Scaling Saturation
fuzzy Logk K§ Ky _| Adaptive
—>| Controller K | Ky= K (Kanas ~ K -5 jC 4 gl
(FLC) + Kdmin - Gains
Linear Gain Scaling Saturation
< A
a o > . Kg /5 K >
= m
Normalized Outputs Integral Gain Calculation ~ Saturation  Updated Online
e Each Sampling
Gain Limits ; Instant
Komin =480 - Kymin =60 K; determined from: K; =_5p_

Komax =900 Kymay = 112.5 aKy
Gain limits are derived from the Ziegler-Nichols tuning method.

49-rule Mamdani Fuzzy Inference System for Online PID Gain Scheduling

Fig. 13. Schematic of the adjustment mechanism with the Fuzzy Logic
controller.

The entire Fuzzy Adaptive PID system, including the path
planning block, inverse kinematics, the adaptation mechanism,



and the ADAMS plant, is presented in Fig. 14.

Fuzzy Adaptive PID System with Path Planning and Inverse Kinematics
3-DOF Agile Eye spherical parallel manipulator

e Error 4
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Fig. 14. The Fuzzy Adaptive PID system with path planning and inverse
kinematics.

The performance of the three controllers (PD, PID, and
Fuzzy Adaptive PID) under various input trajectories is
evaluated and compared in the following section.

V. RESULTS AND DISCUSSION

The three control architectures PD, PID, and Fuzzy Adaptive
PID were evaluated in the co-simulation environment under
three excitation profiles: (i) a smooth path planned trajectory
generated by the inverse kinematics of Section3.2, (ii) a
square-wave reference signal, and (iii) a unit step input. In all
cases, the controller outputs were applied to the nonlinear
ADAMS plant, and the resulting joint angle responses were
recorded for the three actuated axes. For a rigorous quantitative
comparison, the following performance indices were computed
for each test case:

o TAE (Integral of Absolute Error): IAE = Jor le(t)| dt

o ISE (Integral of Squared Error): ISE = [oT e(t)? dt

e  Maximum overshoot M, (%) (defined only for step and
square-wave inputs)

o  Settling time t; (s) to within £2% of the final value

o Steady-state error e (°) defined as the mean absolute
error in the last 20% of the simulation time.

All simulations were run with a fixed-step solver using a
time step of 1 ms, and each trajectory lasted 10 seconds. Owing
to the perfect mechanical symmetry of the Agile Eye
mechanism three identical kinematic chains arranged at 120°
intervals and the use of identical control gains for all three
actuated joints, the transient and steady-state responses of Joints
2 and 3 are qualitatively and quantitatively equivalent to those
of Joint 1. Therefore, the following figures present the response
of Joint 1 as a representative case for all three axes. The
numerical values reported in Table 4 are averaged over the three
joints, which further confirms the consistency of the observed
behaviour across the entire manipulator.

A. Path Planned Trajectory Tracking

Figure 15 shows the tracking performance of the three
controllers for Joint 1 when the end-effector follows the smooth
orientation profile from Section 3.2. The Fuzzy Adaptive PID
controller produces a joint angle response that almost perfectly
matches the reference model output. In contrast, the fixed-gain
PID shows a noticeable overshoot at direction reversals, and the
PD controller exhibits a slowly growing steady-state offset.
Table 4 summarises the corresponding IAE and ISE values. The

adaptive controller reduces the IAE by about 60% and the ISE
by nearly 80% compared to the classical PID, and it also
reduces the IAE by about 80% and the ISE by nearly 90%
relative to the PD controller. Under adaptive control, the
settling time for all joints is below 0.15s, whereas the PID
requires about 0.30s to settle after each curvature change,
which aligns with the quantitative data reported in Table 4.

— Path-Tracking Response of the System

= Reference Trajectory
PD Controller
=== PID Controller
—— Adaptive Fuzzy Controller

Normalized Position

2 1 6 8 10
Time (s)

Fig. 15. Tracking response with path planning — Joint 1.

B. Square-Wave Response

The ability to handle abrupt changes was tested with a
square-wave reference of amplitude £10° and a period of 10's.
The joint responses are shown in Fig. 16. The Fuzzy Adaptive
PID controller achieves a fast rise time with a negligible
overshoot (around 2%) in the first cycle and critically damped
settling in subsequent cycles, which is fully consistent with the
overshoot value reported in Table 4. The fixed-gain PID shows
an average overshoot of 12% and a persistent steady-state error
of about 0.3°. The PD controller, lacking integral action, leaves
a steady-state offset of about 0.8° in this specific test. The
metrics in Table 4 confirm that the adaptive controller reduces
the IAE by a factor of about 2.8 and the ISE by a factor of about
4.5 compared with the PID, and by a factor of about 5 in IAE
and 9 in ISE compared with the PD.

Square-Wave Tracking Response

0.0

Normalized Output

—— PD Controller

PID Controller
—=1.0 4 = Adaptive Fuzzy Controller g
==+ Reference

1
=]
13

0 2 4 6 8 10
Time (s)

Fig. 16. Square-wave response — Joint 1.

C. Step Response

A unit step of 5° was commanded to each joint to



characterise the transient behaviour. The responses are plotted
in Fig. 17. The Fuzzy Adaptive PID controller limits the
overshoot to less than 5% (exactly 4.8%) and achieves a settling
time under 0.25 s for all joints, which is in excellent agreement
with the data in Table4. The PID controller produces an
overshoot of about 15.2% and a settling time of about 0.48 s,
while the PD controller fails to eliminate the steady state error
entirely, leaving a residual error of approximately 0.21°. The
quantitative comparison is again provided in Table 4.
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Fig. 17. Step response — Joint 1.

Table 4. Quantitative performance comparison of the three controllers across all test profiles.

Test Controller TAE (deg-s) ISE (deg?'s) overshoot (%) Settling time (s) Steady-state (°)

Path-planned PD 0.60 0.08 8.0 0.35 0.15
PID 0.30 0.04 10.0 0.30 0.03

Fuzzy Adaptive PID 0.12 0.008 3.0 0.12 ~0.00
Square-wave PD 1.50 0.25 10.0 0.60 0.80
PID 0.80 0.12 12.0 0.55 0.30

Fuzzy Adaptive PID 0.286 0.027 2.0 0.20 ~0.00
Step PD 1.04 0.18 12.0 0.51 0.21
PID 0.58 0.09 15.2 0.48 0.04

Fuzzy Adaptive PID 0.21 0.02 4.8 0.24 <0.01

To further verify the symmetry assumption, Table5
compares the performance indices of the Fuzzy Adaptive PID
controller across the three individual joints under the step input.
The results demonstrate that all three joints exhibit nearly
identical transient and steady-state behaviour, with negligible
deviations arising solely from the numerical tolerance of the
co-simulation solver.

Table 5. Comparison of performance indices across the three joints for
the Fuzzy Adaptive PID controller under step input.

Joint Overshoot (%)  Settling time (s) Steady-state error (°)
Joint 1 4.8 0.24 <0.01
Joint 2 4.7 0.24 <0.01
Joint 3 4.8 0.25 <0.01

The slight variations between joints (e.g., 4.7% vs 4.8%
overshoot) are well within the numerical accuracy of the
fixed-step co-simulation solver (1 ms sample time) and do not
affect the overall conclusion. This confirms that the mechanical
symmetry of the Agile Eye is fully preserved in the dynamic
simulation, and the single-joint responses presented in Figures
1618 are truly representative of the entire system.

D. Discussion

The numerical results in Table 4 and the time responses in
Figs 15-17 clearly show that the fuzzy adaptive PID controller
outperforms its fixed gain counterparts in every performance
metric. This behaviour is underpinned by a continuous online
retuning of the proportional, integral, and derivative gains in
response to the instantaneous tracking error and its derivative.

At the very beginning of a step or a square wave edge, the
fuzzy scheduler selects a large proportional gain together with

a moderate derivative gain. This makes the response fast while
keeping overshoot small. As the tracking error decreases, the
proportional gain is gradually reduced to prevent oscillations.
When the error derivative becomes large, the derivative gain is
increased to damp oscillations. At the same time, when the error
is small and changes slowly, the coefficient a is decreased (i.e.,
a larger integral gain K i is applied). This removes the steady
state error without causing integrator windup. This coordinated
gain tuning allows the fuzzy adaptive PID controller to achieve
both a fast transient response and a near zero steady state
error—something that is difficult to achieve with fixed gain
designs.

The advantage of the adaptive method is very clear in the
square wave test. In this test, sudden changes in the reference
usually cause oscillations in classical controllers. In our
simulations, the fixed gain PID exhibited an average overshoot
of over 12% and took more than half a second to stabilise. The
PD controller, lacking integral action, left a persistent steady
state offset, which reached about 0.8° in the square wave test
(though it was smaller, at 0.15° and 0.21°, in the path planned
and step tests, respectively). In contrast, the fuzzy adaptive PID
controller reduced the overshoot to about 2% and settled to the
final value in less than 0.25 s. This confirms that integral action,
when properly scheduled online, is essential for precision
orientation tasks.

The co-simulation environment proved very beneficial in
this evaluation because it showed the robot's motion directly in
MSC.ADAMS. The virtual prototype moved smoothly and
without visible residual oscillations under the adaptive
controller. Under the PD and PID controllers, however,
overshoot and steady state drift were clearly visible. This visual



verification reinforces the numerical findings and highlights the
practical applicability of the proposed control strategy.

One aspect worth noting is the sensitivity of the fuzzy
controller's performance to the normalisation ranges chosen for
eN and éN. We selected these ranges based on the expected
operating envelope, and they worked well for the trajectories
tested. If the manipulator were pushed far outside that envelope
for instance, during a fault condition that causes very large
tracking errors the fuzzification would saturate, and the
adaptation would effectively become a constant gain controller.
This is a point that should be examined further before deploying
the algorithm on physical hardware.

VI. CONCLUSION AND FUTURE WORK

This work has presented an integrated co-simulation
framework for the Agile Eye, a 3 DOF spherical parallel
manipulator. A multibody dynamic model, incorporating the
exact geometry and mass properties of the mechanism, was
built in MSC.ADAMS. Its static torque at the home
configuration deviated from a simple analytical estimate by
only about 3%, which confirms that the mass properties and
joint constraints were correctly assigned. Closed form inverse
kinematics were subsequently derived and verified via a round-
trip comparison with a numerical forward kinematics solution,
yielding an orientation reconstruction error on the order of 10~
degrees.

The ADAMS plant was exported to MATLAB/Simulink,
where three controllers were implemented: a PD controller, a
fixed gain PID tuned via the Ziegler—Nichols method, and a
fuzzy adaptive PID comprising 49 rules that continuously
adjusts its proportional, integral, and derivative gains online.
The gain bounds were chosen based on the Ziegler—Nichols
critical parameters to keep the adaptive gains within a safe
operating range. While we have not provided a formal stability
proof for the resulting nonlinear time varying system, the
observed stable behaviour in simulation is supported by the
boundedness of the adaptive gains, the dissipative nature of the
mechanical plant, and the choice of a stable reference model. A
rigorous analytical stability guarantee remains a subject for
future work.

The three controllers were evaluated under step commands,
square wave signals, and a smooth planned trajectory, using
IAE, ISE, maximum overshoot, settling time, and steady state
error as comparative metrics. The fuzzy adaptive PID
consistently outperformed its fixed gain counterparts: relative
to the classical PID, it reduced IAE by roughly 60% and ISE by
about 80%; compared with the PD controller, the IAE improved
by around 80% and the ISE by nearly 90%. Moreover, the
maximum overshoot stayed below 5%, and steady state errors
were virtually eliminated. Visual inspection of the ADAMS
animation further corroborated these findings, as the virtual
prototype tracked the reference motion smoothly with no
visible residual oscillations.

The proposed workflow integrates geometry, multibody
dynamics, and control design within a single environment,
offering a practical virtual prototyping tool for evaluating
control strategies prior to hardware testing. Ongoing efforts are

directed towards experimental validation on a physical Agile
Eye prototype using the parameters listed in Table 1.
Furthermore, future work will address the formal stability
analysis of the adaptive scheme, along with the inclusion of
actuator saturation, sensor noise, and real time implementation
constraints, thereby moving the framework closer to industrial
deployment.
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    K  p = 0 . 6   K  u ,           K  i =   2   K  u    T  u ,         K  d =     K  p   T  u 8


    G  m ( s ) =  1  𝜏 s + 1


       K  p  =   K  p ′ (   K  p max −   K  p min ) +   K  p min     K  d  =   K  d ′ (   K  d max −   K  d min ) +   K  d min     K  i  =     K  p 2  𝛼   K  d                                                                                      


       K  p min  = 0 . 32   K  u ,                                                           K  p max = 0 . 6   K  u                           K  d min  = 0 . 08   K  u   T  u ,                                                   K  d max = 0 . 15   K  u   T  u        


    K  p min = 480


    K  p max = 900


    K  d min = 60


 


    K  d max = 112 . 5


 


  F = 𝜆 ( n − j − 1 ) +   ∑  i = 1  j    f  i


  F = 6 ( 8 − 9 − 1 ) + 9 = − 3


    𝜏  static ≈  (    m  u   g       L  u 2 +      m  e 3   g     R  e ) sin ⁡ 𝛾


 


       𝜏  static  ≈  ( 0 . 38 × 9 . 81 × 0 . 105 +   0 . 65 3 × 9 . 81 × 0 . 080 ) × sin ⁡ 54 . 75 °    ≈ ( 0 . 391 + 0 . 170 ) × 0 . 816    ≈ 0 . 458  N ⋅ m .

