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Abstract—This paper presents a predictor-based adaptive con-
trol framework to improve the performance of haptic interaction
in the presence of time delay, sampling effects, and uncertain
human hand dynamics. In haptic systems, computational delays,
zero-order hold effects, and variations in hand impedance can de-
grade stability and prevent the device from accurately following
the continuous trajectory generated by the virtual environment.
To address these challenges, the predictor is designed to generate
a delay-free trajectory for the adaptive controller, while the adap-
tive controller estimates uncertain hand impedance parameters
and compensates for non-passive forces exerted by the user in
real time. To reduce implementation complexity, the effects of
sampling and zero-order hold are represented using Taylor series
approximations, leading to a more practical theorem for predictor
design. The stability of the proposed predictor is established using
the linear matrix inequality (LMI) method, and its performance is
evaluated in MATLAB/Simulink by comparing it with the widely
used Smith predictor.

Index Terms—Haptics, Transparency Improvement, Adaptive
Controller, Model-Based Predictors, Time Delay Compensation.

I. INTRODUCTION

S technology continues to advance, the demand for

realistic and accurate interaction with virtual objects
has steadily increased. Haptic devices play a crucial role in
creating immersive experiences by rendering virtual forces and
delivering tactile feedback to users. The expansion of this field
has led to emerging applications in diverse areas, including
science [1], education [2], and daily life, while generating
significant economic benefits for manufacturers and service
providers.

In haptic interfaces, the system must be controlled not only
to maintain stability, which is essential for ensuring the safety
of the user or patient, but also to accurately transmit the desired
impedance of the virtual environment (VE) to the user. This
enables a realistic and believable interaction experience. In
this context, transparency is commonly used as a metric that
describes the degree of correspondence between the force or
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sensation actually applied to the user and the force intended
by the virtual environment.

Several phenomena can affect the stability and transparency
of a haptic system, including time delay, sampling time, quan-
tization, the zero-order hold (ZOH) effect, and the dynamics of
the human hand. The impedance properties of the human hand
can vary depending on factors such as hand size, orientation,
age, and temperature, making it difficult to assign fixed values
to hand impedance parameters [3], [4]. The passivity theorem
is commonly used to address stability issues in haptic systems
[5]. However, this approach has been criticized for neglecting
the non passive role of the user’s hand and the associated
uncertainties. As shown in Table I, human hand impedance
parameters can vary substantially across individuals [6].

TABLE I
HAND IMPEDANCE PARAMETERS FOR DIFFERENT USERS [6]

Author My (Kg) | Bh(Ns/m) | Kp(N/m)
Lawrence 17.51 175.1 175.1
Kazerooni 4.54 6.83 12.5

Kousage 1.95 2.46 55

Daniel 1 12.6 39.5
Hogan 0.8 5.5 568
Kuchenbecker 0.15 7.5 1000

Since the human hand is an active dynamic system [4],
[7], its time-varying behavior and ability to exert different
forces [8] during interaction may reduce the effectiveness of
conventional controllers. As a result, the motion of the haptic
device and the force feedback transmitted to the user may
become unstable or, at best, exhibit significant deviations from
the desired values, leading to a loss of interaction transparency.
Owing to the uncertainty and variability of hand impedance
parameters [9], adaptive control methods can be employed for
such systems.

The fundamental concept of adaptive control is to estimate
uncertain parameters in real time using measured signals and
incorporate these estimates into the control law [10], [11].
Without such adaptation, the system may become inaccurate
or unstable due to unmodeled uncertainties. However, the
effects of time delay in the virtual environment (VE) are
often not considered in adaptive control design, although
they may aggravate the parametric uncertainty associated with
human hand impedance and the voluntary forces exerted by
the user on the haptic device. As discussed earlier, one of



the main challenges in maintaining stability and improving
the transparency of haptic devices is the high computational
burden associated with virtual environment simulations. This
computational load can introduce time delay into the system
[12], which may degrade transparency. To mitigate this effect,
the present study employs a predictor-based approach.

A predictor block, commonly used in teleoperation systems
[13], operates in a manner similar to an observer or a Kalman
filter. However, unlike conventional state estimators that esti-
mate unmeasured states, a predictor estimates the current value
of a known delayed signal and updates this estimate as new
measurements become available [13].

The objective of the predictor is to compensate for the
effects of time delay and sampling in the virtual environment
(VE), thereby enabling the haptic device to follow a contin-
uous trajectory generated by the VE. In [14], a model-based
predictor was developed for a nonlinear VE, where Lyapunov—
Krasovskii functionals were used to effectively compensate for
time-delay effects in VE computations for haptic interaction.
However, the time-varying impedance parameters of the hu-
man hand and its voluntary force generation were not con-
sidered in the model. Moreover, the control law derived from
the Lyapunov—Krasovskii framework was relatively complex
and difficult to implement in practical scenarios, particularly
due to the explicit consideration of sampling time and the
zero-order hold (ZOH) model in the theorem. The present
study refines the theorem developed in [14] by using Taylor
series approximations to represent the effects of sampling and
ZOH. This leads to a more practical theorem for predictor
design while also incorporating uncertainty in the human hand
impedance parameters into the control framework.

Therefore, this research aims to improve the transparency
of the haptic system by developing a general control policy
that accounts for time delay, sampling effects, and user hand
dynamics. The core idea is to design a predictor that generates
a delay-free trajectory for the adaptive controller to track.
The adaptive controller, equipped with an estimation law, then
compensates for the parametric uncertainty of the human hand
impedance and the non passive forces exerted by the user while
following the predictor trajectory in real time. This enables the
user to perceive interactions in the virtual environment more
clearly and accurately.

II. SYSTEM MODELING
A. Haptic Device and User Hand Dynamics

The Cartesian dynamics of the haptic robot can be repre-
sented by the following equation:

M(x)% + B(z, &)t = Fj, +u (D)

In this equation, z, &, and & denote the position, velocity,
and acceleration of the haptic interface, respectively. The ma-
trices M and B represent the inertia and damping properties of
the system, while u denotes the control input force. Moreover,
Fy, represents the interaction force exerted between the user
and the haptic interface. The validity of this dynamic model
has been verified through several experimental studies, such
as [15], [16].

Several models have been introduced to describe human
hand dynamics during haptic interaction. Among these, a
three-parameter linear model has been widely adopted in theo-
retical analyses [15]-[17], and its accuracy has been validated
through experimental investigations, such as [3], [18]. This
model can be expressed as:

Fh:Fh*thffthi’thx (2)

The interaction force between the user’s hand and the haptic
interface, denoted by F}, is modeled as the response of
a mass-spring-damper system driven by a bounded external
force Fj. In this representation, Mj, By, and Kj, denote the
mass, damping, and stiffness parameters of the human hand,
respectively. The mass, spring, and damper elements describe
the passive mechanical behavior of the user’s hand, whereas
the external force term represents the voluntary force generated
by the user.

By incorporating the human hand dynamics into the dy-
namic model of the haptic interface, the coupled dynamics of
the hand—haptic system can be expressed as:

(M+ Mp)i+ (B+Bp)i+ Kpx=F,"+u (3

The coupled dynamic model of the haptic interface and the
user’s hand can be reformulated as a linear parameterization
of two vectors for implementation in the adaptive controller,
as follows:

M,i + Byi + Kyx — Fy,* =Y (3,4, 1) 0 4)

In this relation, 6 represents the impedance parameters in
equation (4), and Y is the position, velocity, and acceleration
vector variables. So that:

o . T
Y (x,2,%) = [m T 1],9: [MS B, K, th*}

&)

B. Virtual Tool and Environment Dynamics

The virtual environment can be modeled as a rigid object
represented by a mass interacting with its surrounding envi-
ronment. Alternatively, it may be described using equivalent
damping and stiffness elements [14]. In dynamic simulations
of haptic interfaces, it is also necessary to include a virtual
interaction tool with an associated mass. The dynamics of the
virtual object can therefore be expressed as:

My + Byay + Kywy = Fp, — Fe 6)

In this equation, x;, 2, and Z; denote the position, velocity,
and acceleration of the virtual tool in the virtual environment,
respectively. This tool may be interpreted, for example, as a
virtual surgical blade interacting with an organ.

The environment surrounding the tool can be modeled as the
portion of the body in contact with the surgical blade, which
exerts a reaction force on the tool according to its mechanical
stiffness. Similar to physical objects, whose behavior normal to
the contact surface can be represented by spring and damping
elements, the virtual object can be modeled using a virtual
spring with stiffness coefficient K, and a virtual damper with
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Fig. 1. adaptive control of an admittance-type virtual environment

damping coefficient B,.. Accordingly, the dynamics of the
virtual environment can be expressed as follows [19]:

Fve = wat + Bwjjt (7)

III. PROBLEM FORMULATION

Figure 1 illustrates the overall schematic of the proposed
system. In this system, the human operator interacts with an
admittance-type virtual environment (VE) through a haptic
device. Since VEs are implemented through computer-based
simulations, they are typically represented in the control block
design as discrete-time dynamics combined with a time-delay
block and a zero-order hold (ZOH). This representation allows
the generated trajectory to be reconstructed as a continuous
desired path for the haptic device to follow.

Time delays are inevitable in systems involving virtual
environments (VESs), and their effects must be addressed within
the control loop. In this research, a model-based predictor
uses the human force input and the delayed virtual tool
position, together with model information, to predict a delay-
free trajectory for the controller to track. One advantage of this
approach is that the VE design and its stability analysis are
separated from the controller design. In other words, as long
as the VE remains stable and its stiffness K,. and damping
B, are selected according to appropriate stability criteria,
such as those reported in [6] and [19], the controller can be
designed independently. Based on the hypothesis presented in
[6], this selection implies that the discretization method does
not directly affect the stability analysis or predictor design,
since K. and B, are chosen to ensure stable VE behavior.
The overall error is defined as:

e — |:£L' — fE{l (8)

T — 2y

Several criteria have been proposed for evaluating the perfor-
mance of haptic systems [20]. One widely adopted approach
is to minimize the tracking error between the actual trajectory
of the haptic interface and the reference trajectory generated
by the virtual environment [11], [14]. Therefore, the objective
is for the haptic device position, x, to track the virtual tool
trajectory, x;. However, as discussed earlier, VEs are subject
to time delays and other anomalies, causing the signal z; .q
to be delay-affected. The goal of this research is to design a
predictor capable of estimating a delay-free trajectory, &, and
an adaptice controller to follow that.

IV. CONTROLLER/PREDICTOR DESIGN

A. Predictor Design

As discussed earlier, the objective of the predictor design
is to enable the controller to track a continuous delay-free
approximation of the virtual environment (VE) trajectory. In
this study, the predictor is designed as a model-based predictor
that accounts for the effects of sampling time, time delay,
and zero-order hold (ZOH) using the Lyapunov—Krasovskii
method.

For time-delay compensation in complex networked and
teleoperation systems, the presence of delay makes conven-
tional Lyapunov stability analysis more challenging. There-
fore, multivariable coupled inequalities are often required
instead of standard Lyapunov-based conditions. These inequal-
ities include decision variables, which can be solved using lin-
ear matrix inequality (LMI) techniques. The LMI framework
provides an optimization-based approach for finding feasible
values of these variables while satisfying the required stability
conditions.

The prediction error is defined as the difference between
the predicted tool position, Z;, and the actual delayed tool
position, x¢ .4, which includes the effects of the time delay
t4, sampling, and ZOH.

€q = [ Ty — Tt,zd ] 9)

Tt — Tt,zd

Therefore, the model based predictor’s dynamic can be
defined as:

Myiy + Bidy + Kyy = Fj, — Fye + Le. g
Fue = Bvejjt + Kyt

(10)

where L € R'*2 denotes the prediction gain. By substituting
the virtual environment dynamics into the predictor equation,
the following closed-loop dynamics are obtained:

[LE ]+ g Jmees

1D

To develop a systematic method for designing the prediction
gain L and proving the closed-loop stability of the predictor
in the presence of time delay, ZOH, and sampling effects, the
Lyapunov—Krasovskii method is employed. In addition, a Tay-
lor series expansion is used to simplify the stability analysis
and obtain a more practical predictor design framework.

Theorem 1: The combined effect of the sampler and
ZOH in the virtual environment can be approximated by an
equivalent time delay equal to half of the virtual loop sampling
period, i.e., tg = %

Proof: The transfer function of the sampler and ZOH in
virtual environments is defined as follows [19]:
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According to [16], separate time delays within a control
loop can be combined into an equivalent total delay. Therefore,
the total delay present in the virtual environment is given by
tq + %, where % represents the equivalent delay introduced
by the sampler and ZOH.

Theorem 2: For the given Non zero scalars as, a3, and
ta+ % if there exists symmetric positive definite matrices P,
Q , and R as well as matrices N7, No, N3, Y and a non-
singular matrix X such that

P11 ©31 oh ta+ % M
P21 P22 90;7;2 tqg + % N
¥31 P32 P33 tg + % N3

(ta+Z)NT (ta+ Z)NT (ta+ T)NT —(ta+T)R
14)
where

9011 :Q+N1+N1T*AXT*XAT

091 = No — asAXT — NT — yT BT

Yoo = —Q — NQ — Ng — GQBY — CLQYTBT

P31 :P+N3—G3AXT+X

P39 = —N3 - a3BY + CLQX

¢33 = a3 X" +a3X + (ta+ )R

(15)

In this case, using a stable gain L = Y(XT)f1 the system
given (11) is stable and the error goes to zero.

Proof: A Lyapunov-Krazuvskii function is chosen as below
where P, Q , and R are positive definite matrices € R?*2,
Also, the overall system time delay is ts = (4 + %)

VzeTPe+/

t—ts

t el'(s)Qe(s) ds
(16)

0 t
+/ / ¢T(s)Ré(s)dsds > 0
—ts Jt+5

The Lyapunov derivative is obtained as:
V =¢é"Pe+ ' Pe + eTQe - eSTQes

¢ 17
+tséTRé—/ ¢T'(s)Reé(s) ds (17
t—tg

Since the below equation is always right
t
X{t)—X(t—hy)— X (s)ds=0
t—h1
We can derive free matrices N;(1,2,3) and M;(1,2,3) such
that:

¢
wo =2 (eTNl + ezNg + éTN3) (e —es — / é(s) ds) =0,
t—ts

(18)

o1 =2 (eTM1 e M,y + éTMg) (é — Ae — BLes) = 0
(19)

By defining z = [eT el éT]T as the augmented state vari-
ables and adding (19) into (17), the Lyapunov derivative can
be represented as
V=V+ ©o + p1
=¢TPe+ e Pé+ eTQe - eSTQeS +tseT Re

_ /t; ¢ (s)Re(s) ds

t
+2:"N [e —es — / é(s) ds}
t—ts
+ 22" M [é — Ae — BLes]

(20)

To further simplify, we can use the following Inequality

t t
QZTN/ é(s)ds < tszTNRleTer/ ¢ (s) Ré (s) ds
t—ts t—ts
(21)
Therefore, the derivative can be minimized to:
V<
¢T'Pe+el'Pé+elQe—elQel +téT Re+tsz2’ NRTINT 2

+2:"Nle— e, +2:"M[¢ — Ae — BLe,]  (22)

The whole derivative can be represented in a matrix inequal-
ity form of

. E;, EL Eg,ﬂ
V<2l | By FEop FEl |24+t 2"NRTINT2 (23)
E31 Ezp FEss
where the elements are
Ei1=Q+ N, + NI — M A—- AT MT
Eyy = —N{ + Ny — LTBT M — My A
Fgs = —Q — Ny — N — MyBL — LT BT M} 24)

Es; =P+ N3+ M{ — M3A
B3y = —N3 + MY —M3BL
E33 = M3+ MI +t,R

Applying the Shur Complement [21] results in the integra-
tion of the t,zT NR™' N7z term into the matrix

FEqy EL EL  t.N

. E21 E22 ET tsNQ

T 32 _
V=2 Es; Es3o Es3  tN3 |~ (25)

t,NT t,Ns t,N: —t.R

This condition describes a non-convex matrix inequality
therefore it must be linearized to allow it to be solved using
LMI techniques. Therefore, My and Ms are expressed as
scalar mulitples of M; (i.e. My = asM; and M3 = asMy).
Secondly, the inequality is pre and post multiplied by W and
WT where W = diag (X, X, X,X) ,X = M '. At last,
Y =LXT and (.) = X (.) X7 are defined. The final LMI is
given as

P11 902T1 QPZE; ts]YI
P21 P22 ¥32 ts N2
- | <0 26
<P§1T 80§2T <P§3T tsN?: (26)
teN] tsNy toN3 —tR



Where its elements are

011 =Q+ N, + NI' — AXT — X AT
091 = Ng —ap AXT — NI — XLTBT
Yoo = —Q - NQ - NQT - (IQBXLT - QQXLTBT
031 =P+ N3 —az3AXT + X
P30 = 7N3 — agBLXT + GQX
033 = a3 X' +a3X +t,R
27
By defining L = Y(XT) 71, (26) will be simplified to (14).
Therefore, if the LMI is solved such that P, () , and R are
symmetric positive definite and N;(1,2,3), Y and X exist
such that Equation (14) is satisfied that means that V < 0and
based of the Lyapunov theorem the predictor is stable and even
with the existence of a time delay such t, = (t; + Z) as the
prediction error converges to zero.

B. Controller Design

In this section, an adaptive control law is developed to
ensure that the system tracks the delay-free tool trajectory
generated by the predictor. The proposed control law is de-
signed to compensate for the uncertain impedance parameters
of the human hand. Similar to many dynamic systems with
parametric uncertainty, the human hand model includes un-
certain impedance values, which are estimated online by the
adaptive controller.

The haptic interface uses an encoder to measure the position
of the haptic robot manipulated by the operator, while the
robot velocity is obtained using numerical differentiation.
Acceleration measurements are avoided because numerical
differentiation can amplify noise. Therefore, the controller
reference signal is selected such that acceleration feedback
is not required in the control law. The reference velocity x,
is defined as follows:

(tr = i’t - A (.CB — .’L't) (28)

In this expression, x; and z; denote the desired position and
velocity obtained from the virtual environment, respectively,
and A > 0 is a positive control gain. The objective is to design
an appropriate control input, u, such that the velocity of the
haptic robot, 2, closely tracks the reference velocity, ... To

achieve this objective, the tracking variable s is defined as
follows [22]:

s=d—d, =0 —@ +A(x—x) =2+ AE) (29

The parameter s is directly related to the convergence of
# and the boundedness of x and &. Assuming that the initial
conditions are bounded, it can be stated that the boundedness
of s demonstrates the boundedness of # and #, and as a result
the boundedness of x and z.

In conclusion, given that specific parameters of the human
hand are unknown, the task of designing an adaptive controller
is to develop a control law for the control input v and an
estimation law for the unknown parameters 6, in order to
minimize the error between the haptic robot output and to

follow the desired path of the virtual environment z;. The
estimation error is defined as follows:
0=0-10 (30)
where 6 represents the actual values of the unknown robot
parameters and the user’s hand, while 6 represents their
estimated values. To demonstrate stability and derive the ap-
propriate estimation law, a positive definite Lyapunov function
is considered:

1 1~ ~
V(t) = =sT Mys + §9Tr—19 >0

5 €Y

In this relation, I' = T'7" > 0 is a positive definite symmetric
matrix. Due to the symmetric property of I' and M,, The
Lyapunov function’s derivative will take the following form:

V(t) = sTMé+ 677719 (32)

As mentioned, it is assumed that the impedance parameters

of the user’s hand are constant in a sampling time, 6=46.0n
the other hand, the system’s reference signal can be determined
based on the dynamics of the haptic device’s interaction with
the user’s hand.

M@, + Bsdr + Kgx — Fp,* =Y, (2,4, 40, 2,) 0 (33)

Therefore, the control law can be considered as the following:

w="Y, (z,& i@, i) 0 — Kgs (34)

This control law includes a parameter estimate of the
system’s dynamics expressed in terms of reference signal plus
a derivative term. By substituting u into the system dynamics
and simplifying the equation, we obtain the following closed-
loop equation:

M$ + (Kq+ By) s =Y, (2, i, &y, &) 0 (35)

By substituting equation (35) into the Lyapunov function’s
derivative, the following relationship is obtained:

V(1) = —sT (Kqg+ By)s+sTY,0 + 07T~ (36)
By choosing the estimation rule as:
f=-Iv,7s (37)
The Lyapunov function derivative becomes:
V(t)=—s" (K4+ Bs)s <0 (38)

We can conclude that V' is negative semi-definite since
(K4+ Bys) is always positive. V' is a positive definite function
and V is a negative semi-definite function, so according to the
Lyapunov’s theorem, the closed loop system is stable and the
values of s and 6 are bounded, but it cannot be concluded that
5 converges to zero.

To determine that using the proposed control law and
estimation law, the closed loop equation of the system con-
verges to zero, Barbalt’s lemma is applied. To apply Barbalt’s
lemma, it is necessary to first demonstrate that V' is Uniformly



Continuous; for this purpose, it suffices to prove that V is
bounded. Using equation (38), we obtain:

V(1) = =2M, 78T (Ky+ By) (= (Ka+ Bo) s + Y,0)
(39)
Considering this equation and the fact that, s and 6 are
bounded; Vis bounded, and thus Vis uniformly continuous.

Since the Lyapunov function V is positive definite, V
is semi-definite and uniformly continuous, Barbalt’s Lemma
concludes that the value of V tends to zero as t — oo0.
Consequently, s is also approaching to zero, and as a result of
that the values of # and Z converge toward zero as t — 0.
That means that the adaptive controller tracks &, the predictor
generated values.

The presented stability analysis, proves that using the pro-
posed adaptive controller, the haptic device perfectly follows
the trajectory of the virtual environment in a stable manner.
However, Lyapunov’s Theorem and Barbalt’s Lemma do not
state that 6 also converges to zero, but state that 6 is bounded.
As a result, the adaptation law estimates the values of 6 such
that s — 0. The tracking does not necessarily converge to zero
asymptotically, but depending on the values of Ky, I', and
A, it converges in a finite time despite the hand’s parametric
uncertainties and the user’s interference.

V. SIMULATION RESULTS
A. Predictors performance

The performance of the predictor is evaluated in two cases.
In the first case, only the time delay in the virtual environment
is considered, while the effects of the ZOH and sampler are
neglected. Under this condition, both stability and performance
are analyzed, and an optimization procedure is carried out to
determine the optimal predictor gains. In the second case,
the effects of the ZOH and sampler are incorporated into
the system dynamics, and the resulting model is simulated
to evaluate the predictor performance under more realistic
conditions.

1) Virtual Environment under time delay: If only time delay
is present, the feedback error in can be further defined as:

M, + Biéy + Ky = Fy, — Fyo + Leg (40)

Fve = Bveit + Kvef%t

Here, eq is used instead of e, 4 because only the time-delay
effect is present in the control loop. Based on the developed
theorem, it can be concluded that the closed-loop dynamics in
(40) are stable. Moreover, by selecting an appropriate predictor
gain using the MATLAB LMI Toolbox, e4 converges to zero.

To evaluate the performance of the LMI-based predictor,
a simulation is conducted in Simulink using the parameters
listed in Table II. The human force is defined as F}, = u(t —
1) — 2sin (%) to generate a diverse trajectory.

As defined in the theorem, as and ag are decision variables
whose effects on the prediction error must be investigated.
Therefore, an optimization procedure was performed in which
the LMI was solved for each combination of (az,as3) using
the feasp function in MATLAB. For each feasible solu-
tion, the corresponding prediction gain L was calculated, as

TABLE II
PREDICTOR SIMULATION USED PARAMETERS

Parameter | Unit | Value

My [Kg] 35.0

By [Ns/m] 1.0

Ky [N/m] 82
Bye [Ns/m] 30
Kye [N/m] 1000

illustrated in Fig. 2. After evaluating several trials, the best
values were found at the local minimum corresponding to
a2 = 0.27 and as = 0.01, resulting in the prediction gain
L =[-114.6563,,—5.2603].

Normalized Error [rm/m]

Fig. 2. (a2, a3) Predictor Gain Optimization

Using the optimal value of L, the closed-loop predictor
dynamics in (40) were simulated, and the resulting position
and velocity prediction errors are shown in Fig. 3.
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Fig. 3. prediction position and velocity error

As shown in Fig. 3, the predictor accurately tracks the delay-
affected virtual position and generates a delay-free trajectory
for the controller to follow.

2) Virtual Environment Under Time Delay and Sampling
Effects: In the second step, the complete system dynamics



are considered, where the virtual environment is affected by
sampling, ZOH, and time delay. The simulation is again
performed using the parameters listed in Table II.

By solving the LMI problem, the prediction gain is obtained
as L = [-161.2467,—7.3644]. This gain is then used in
the simulation, and the corresponding predicted and actual
position and velocity responses of the virtual tool are shown
in Fig. 4.
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Fig. 4. Virtual tool actual and predicted position and velocity error

As shown in Fig. 4, the predictor accurately tracks the time-
delayed virtual environment signal after approximately 200
ms. Fig. 5 illustrates the total error, e g, associated with the
combined effects of time delay and sampling. The predictor
rapidly compensates for these effects and generates a corrected
trajectory that mitigates the associated anomalies.
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Fig. 5. e g4 total time delay

To further validate the performance of the proposed predic-
tor, it is compared with the well-known Smith predictor. The
Smith predictor is commonly designed based on the transfer
function of a delay-free system and uses an internal PID
control loop with pole-placement techniques to compensate
for time delays in physical systems. Fig. 6 shows the block

diagram of the Smith predictor designed in this study for the
VE connected to the haptic device.

falt) z(t)
Gp
G p(t Td): o Zp(t) ‘ *
2y (t) Ty + €
O

Fig. 6. Smith Predictor

In Fig. 6, G, represents the transfer function of the virtual
environment (VE) with time delay. In this design, the Smith
predictor uses the delay-free VE transfer function, G,,, and
the known time delay, 7y, to compensate for the delayed
real system dynamics represented by G,,. Using the governing
equation, the transfer function of the VE and the corresponding
block diagram are defined as follows:

" Fu(s)  Mys?+ (Bye + By) s+ (Kye + Ky)
The Smith predictor is simulated using the same parameters

listed in Table II, and its predicted position signal is compared
with that of the proposed predictor in Fig. 7.

(41)
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Fig. 7. Smith Predictor and LMI Predictor Performance

As shown in Fig. 7, both predictors effectively compensate
for the time delay. However, the Smith predictor exhibits
limitations at higher sampling times because its design does
not explicitly account for sampling and ZOH effects. Figure
8 presents the simulation results for both predictors with a
sampling time of 10 ms.

Based on Fig. 8, it can be concluded that the Smith predictor
is unable to adequately compensate for the quantization effects
introduced by the sampler and ZOH. If used for trajectory
generation in the proposed adaptive controller, this limitation
may have detrimental effects because it produces a jerky and
nonsmooth reference trajectory for the controller to follow.
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Fig. 8. Smith Predictor and LMI Predictor Performance for higher sampling
times

Another limitation of the Smith predictor is its dependence
on a known time delay, ¢4, which may vary during real-
time communication with the VE. In contrast, the LMI-
based approach proposed in this research demonstrates greater
robustness under varying time-delay conditions due to its gain-
scheduling structure.

B. Controller performance

To verify the performance of the designed controller, sim-
ulations have been performed in MATLAB. For this purpose,
in the Simulink environment, the performance of the haptic
device has been investigated for different values of damping
and stiffness of the virtual object, as well as for the uncertain
parameters of the user’s hand. The parameters used in this
simulation are shown in Table III. At the same time, the force
value of F},”* is equal to u(t—1)—0.9sin(t/m) are considered.
The quantities My, Bj, and K}, in Table III represent the mass,

TABLE III
SIMULATION PARAMETER
Parameter | Value | Parameter |  Value
M, 0.35 Kg Kye 1000 N/m
Bt 0.1 Ns/m My, 4.54 Kg
K 82 N/m B, 12.5 Ns/m
Bye 30 Ns/m Ky 6.83 N/m

damping, and stiffness of the user’s hand. For this simulation,
these values were selected from the test and measurement data
for Kazerooni’s hand from Table 1. These values are unknown
to the controller.

As stated earlier, the purpose of the adaptive controller is to
improve the transparency of the haptic device by comparing
the actual path followed by the haptic device and the ideal path
of the virtual environment. Fig. 9 shows the measured signal
for the position of the haptic device and the virtual tool.

As seen in Fig. 9, the position controller’s performance is
exemplified by its ability to track the haptic device’s position
in relation to the virtual tool, demonstrating its precision in
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Fig. 9. The position of the haptic device and the virtual tool.

following the desired path of the virtual environment. Fig. 10
offers a more in-depth look by showing the transient behavior
during the initial three seconds of the simulation.
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Fig. 10. The position of the haptic device and the virtual tool in the first 3
seconds.

Fig. 10 illustrates the haptic device’s ability to closely fol-
low the virtual tool’s position with the assistance of the postion
controller. The figure highlights two instances of overshoot, the
first caused by a parameter mismatch between the controller
and the system, and the second resulting from the user’s hand’s
step input in the first second of the simulation. Despite these
occurrences, the controller is able to effectively navigate both
instances.

Figs. 11 and 12 present the error, as defined by equation
(8), which is the difference between the position of the haptic
interface and the position of the virtual environment. It is
noteworthy that an increase in error corresponds to a decrease
in transparency, whereas a decrease in error corresponds to an
improvement in transparency.

Fig. 11 depicts reduction in error, indicating a rise in
transparency in haptic kinesthetic feedback. Figure 12 exam-
ines the associated error between the haptic device’s velocity
interacting with a hand and the virtual tool’s velocity.

As depicted in Fig. 12, the results indicate a close corre-
lation between the velocity of the virtual tool and the haptic
device. Furthermore, Fig.13 compares the actual and estimated
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Fig. 12. The velocity of the haptic device and the virtual tool and their
associated error.

values for the uncertain parameters, providing further insight
into the effectiveness of the adaptive controller.
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Fig. 13. Estimated values for the uncertain hand parameters.

It can be observed in Fig.13 that é, the estimated values, do
not exactly converge to the actual value of #, and maintain a
constant difference throughout the simulation. This difference
results from the fact that the Lyapunov Theorem and the
Barbalt’s lemma did not ensure that 6 will approach zero,

but only ensured that it is bounded. Thus, the adapatation
law is employed to estimate the values of 0 in a manner that
guarantees the achievement of the primary objective, which
is the minimization of s. This goal is achieved by accurately
estimating the haptic device’s position.

While alternative adaptive control methods, such as the real-
time least squares method, can be used to obtain the uncertain
quantities of the system more precisely, they increase the com-
plexity and delay of calculation without being necessary for
the achievement of the goal of improving transparency in the
presence of uncertainties related to the user’s hand impedance.
As previously mentioned, the impedance values of the user’s
hand can vary among individuals, thus, it is important to
further investigate the effectiveness of the controller and haptic
robot with a diverse range of coefficients and characteristics
for impedance. To this end, the quantities of M}, By, and K},
are considered according to the values presented in Table IV,
which were selected from the data obtained from the test and
measurement for Lawrence’s hand as outlined in Table III.

TABLE IV
SIMULATION PARAMETERS FOR LAWRENCE’S HAND
Parameter ‘ Value
M 17.5 Kg
B 175.1 Ns/m
Ky 175.1 N/m

The decision to use Lawrence’s hand quantities in the
simulation is based on the fact that they exhibit the most
significant deviation from the values examined in the previous
section among the available data. As depicted in Fig. 14, the
results demonstrate the haptic device’s position and the virtual
tool’s position for the impedance quantities outlined in Table
Iv.
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Fig. 14. The position error between the haptic device and the virtual tool for
Lawrence’s hand.

The results shown in Fig. 14 indicate that the objectives
of this research are achieved through the development of
an adaptive controller capable of rendering the equivalent
impedance of the virtual environment to the user, despite
variations in the user’s hand parameters. To further validate
the effectiveness of the adaptive controller and highlight its



importance, the transparency of the haptic system is also
evaluated using a PD controller under uncertain user hand
parameters, and the results are compared with those obtained
using the adaptive controller.

Figure 15 compares the positions of the haptic device and
the virtual tool under the adaptive and PD controllers. It is
well established that a PD controller cannot accurately track
the virtual tool position when system parameters are uncertain,
which leads to reduced transparency in the haptic interface.
This behavior is evident from the comparison between the PD
controller and the adaptive controller presented in Fig. 15.
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Fig. 15. The comparison of a using PD controller and an Adaptive Controller
for motion control of the haptic device.

Fig. 16 examines the first seven seconds of the simulation in
greater detail for a better understanding of this phenomenon,
emphasizing the importance of using an adaptive controller to
improve transparency of haptic interfaces in the presence of
dynamic interference from the user’s hand.
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Fig. 16. The comparison of a using PD controller and an Adaptive Controller
for motion control of the haptic device for the first 7 seconds.

The comparison between the adaptive controller and the PD
controller, shown in Figs. 15 and 16, demonstrates the superior
performance of the adaptive controller. This improvement is
attributed to its ability to compensate for errors caused by
uncertainties in hand parameters, particularly the voluntary
force exerted by the user. In contrast, the PD controller
cannot account for these uncertainties, resulting in reduced
transparency in the haptic interface.

VI. CONCLUSION

This paper presented a predictor-based adaptive control
framework to improve the transparency and stability of haptic
interaction in the presence of time delay, sampling effects,
ZOH dynamics, and uncertain human hand parameters. A
model-based predictor was designed to generate a delay-
free trajectory for the adaptive controller, enabling the haptic
device to more accurately follow the virtual tool trajectory
generated by the virtual environment. To simplify the predictor
design and make the stability analysis more practical, the
combined effects of the sampler and ZOH were approximated
using a Taylor series representation and incorporated into the
time-delay model. The stability of the predictor was estab-
lished through an LMI-based formulation, and the prediction
gain was obtained using the MATLAB LMI Toolbox.

Simulation results demonstrated that the proposed predictor
effectively compensates for time delay and sampling-related
effects, allowing the virtual tool trajectory to be reconstructed
smoothly for the controller. Compared with the conventional
Smith predictor, the proposed LMI-based predictor showed
improved performance under sampling and ZOH effects, par-
ticularly at higher sampling times, where the Smith predictor
produced nonsmooth trajectory responses. Furthermore, the
adaptive controller successfully compensated for uncertainties
in the human hand impedance parameters and the voluntary
force exerted by the user. Compared with a conventional PD
controller, the adaptive controller provided superior tracking
performance and improved transparency by reducing errors
caused by uncertain hand dynamics. Overall, the proposed
framework provides a practical and robust approach for en-
hancing haptic transparency while preserving stability in de-
layed and sampled virtual environment interactions.
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