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Integrated Direct/Indirect Adaptive Robust Posture
Trajectory Tracking Control of a Parallel Manipulator

Driven by Pneumatic Muscles
Xiaocong Zhu, Guoliang Tao, Bin Yao, Member, IEEE, and Jian Cao

Abstract—An integrated direct/indirect adaptive robust con-
troller (DIARC) is proposed to further improve the achievable
posture trajectory tracking control performance of a parallel
manipulator driven by pneumatic muscles. Due to the model
errors of the static forces and friction forces of pneumatic muscles,
the simplified average flow rate characteristics of valves, and
the unknown disturbances of entire system, there exist large
extent of parametric uncertainties and rather severe uncertain
nonlinearities in the modeling of the parallel manipulator. To
address these problems, in this paper, an indirect type parameter
estimation is used to obtain reliable estimates of effective model
parameters for reducing the parametric uncertainties while an
integrated direct/indirect ARC with dynamic compensation type
fast adaptation is utilized to further attenuate the influences of
uncertain nonlinearities for better tracking performance. Consid-
ering that the conventional parameter estimation algorithm based
on single error minimizing criterion normally fails to provide
reliable parameter estimation for the parallel manipulator with
symmetric structure due to the difficulty in satisfying the persis-
tent exciting conditions all the time—the theoretical requirement
for the convergence of online parameter estimation, additional
practical constraints are imposed to further condition the param-
eter estimation process and a new parameter estimation algorithm
based on composite error minimizing criterion in task-space is
developed. Experimental results demonstrate that the parallel
manipulator under the control of the proposed integrated DIARC
has strong self-adaptability and robustness with the steady-state
posture tracking error being less than 0.01 , average tracking
error less than 0.1 , and maximum tracking error less than 0.3 ,
which are significantly better than those of the direct ARC.

Index Terms—Adaptive control, nonlinear systems, parallel ma-
nipulator, parameter estimation, pneumatic muscle.

I. INTRODUCTION

T HE pneumatic muscle is a new kind of pneumatic actuator
with the advantages of cleanness, lightweight, low cost,

easy maintenance, compact structure and high power/volume
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Fig. 1. Experimental setup of parallel manipulator driven by pneumatic
muscles.

ratio. It has been gradually applied in industry for on-off control
[1]. However, rather severe parametric uncertainties and uncer-
tain nonlinearities exist in the dynamic modeling of pneumatic
muscle systems, which posts significant challenges for precise
trajectory tracking control. Recently, many researchers have de-
voted themselves to the investigation on the trajectory tracking
control of pneumatic muscle systems [2]–[8]. The parallel
manipulator driven by pneumatic muscles (PMDPM) studied
in this paper is a new application of pneumatic muscles, which
consists of three pneumatic muscles connecting the moving
platform of the parallel manipulator to its base platform as
shown in Fig. 1. By controlling the lengths of three pneumatic
muscles, various rotation motions of the parallel manipulator
can be realized. Such a parallel manipulator combines the
advantages of compact structure of parallel mechanisms with
adjustable stiffness and high power/volume ratio of pneumatic
muscles, which will have promising wide applications in
robotics, industrial automation, and bionic devices [9], [10].

Due to the model errors of the static forces and friction
forces of pneumatic muscles, the simplified average flow rate
characteristics of valves, and the unknown disturbances of en-
tire system, there exist large parametric uncertainties and rather
severe uncertain nonlinearities in the modeling of the PMDPM.
To address these problems, a direct adaptive robust controller
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(DARC) has been developed to reduce the large extent of
lumped uncertain nonlinearities and parametric uncertainties
while using certain robust feedback to attenuate the influences
of uncompensated uncertain nonlinearities [11]–[13]. However,
the DARC, which only utilizes the parameter adaptation based
on tracking error dynamics to compensate the large model
errors associated with pneumatic muscle system, cannot tackle
the fast-varying model errors in the process of posture trajectory
control, resulting in not so satisfying transient tracking errors.
To further improve achievable posture trajectory tracking ac-
curacy, it is necessary to construct a parametric model for the
lumped uncertain nonlinearities and compensate these uncer-
tainties by parameter adaptation. When these parametric models
are used in the DARC, it is typically difficult to determine the
suitable adaptation rate since the estimation algorithms in the
DARC are of gradient type and there are too many unknown pa-
rameters to be adapted. It is observed through experiments that
when the adaptation rate matrix is inappropriately chosen, large
tracking errors and even vibrations of the PMDPM will occur.
To overcome these practical problems of the DARC, in this
paper, an indirect type parameter estimation is used to obtain
reliable estimates of effective model parameters for reducing
the parametric uncertainties while an integrated direct/indirect
ARC [14] with dynamic compensation type fast adaptation is
utilized to further attenuate the influences of uncertain nonlin-
earities for better tracking performance. But yet, for the posture
trajectory tracking control of the PMDPM with redundancy,
when the conventional parameter estimation algorithm based
on single error minimizing criterion in task-space is used, the
experimental results of the proposed integrated DIARC is not
so satisfactory as expected. A closer look at the problem reveals
that it is typically difficult to satisfy the persistent exciting
conditions all the time, which are required for the convergence
of online parameter estimation. As a result, unreliable and
inaccurate parameter estimates with large covariance may
appear when the conventional parameter estimation algorithm
is used [15], [16]. To bypass this difficulty, in this paper, addi-
tional practical constraints are imposed to further condition the
parameter estimation process and a new parameter estimation
algorithm based on composite error minimizing criterion in
task-space is developed.

This paper is organized as follows. The dynamic models of
the PMDPM controlled by fast switching valves are presented
in Section II. The proposed parameter estimation algorithms for
the parallel manipulator dynamics and the actuator dynamics are
given in Section III. An integrated direct/indirect adaptive robust
controller (DIARC) is synthesized for the system in Section IV,
along with stability proofs for the resulting closed-loop system.
Experimental results are shown in Section V to verify the effec-
tiveness of the proposed integrated DIARC, and conclusions are
drawn in Section VI.

II. DYNAMIC MODELS

The PMDPM is shown in Fig. 1, which consists of a moving
platform, a base platform, a central pole and three pneu-
matic muscles connected by six ball joints that are evenly
distributed along the respective platforms. The central pole
is fixed to the base platform and is connected to the moving

platform by a spherical joint. The reference frame is fixed
to the base platform and the moving frame is attached to the
moving platform at the center. The posture of the PMDPM
is defined through the standard roll-pitch-yaw (RPY) an-
gles: first rotate the moving frame around the fixed -axis
by the yaw angle , then rotate the moving frame around
the fixed -axis by the pitch angle , and finally rotate
the moving frame around the fixed -axis by the roll angle

. Two fast switching valves (MHE2-MS1H-3/2G-M7-K
by Festo) are utilized to control the pressure inside a pneu-
matic muscle (MAS-40-N600-AA-MCKK by Festo), which
is later referred to as a driving unit. Three pressure trans-
ducers (SDE-10-10V/20mA by Festo) and position transducers
(WS31–250-R1K-L35–1 by ASM) are used to measure the
pressures and the contractive lengths of pneumatic muscles re-
spectively. The posture of the PMDPM is then calculated based
on the measurement of the lengths of all the three pneumatic
muscles. Further information on the experimental setup can be
found in [9].

A. Dynamics of Parallel Manipulator

Due to the symmetric placement of three pneumatic mus-
cles in the parallel manipulator studied in the paper, the rotation
around -axis is close to zero and not of practical
interests for our applications. Thus, will be neglected and
not controlled, i.e., the parallel manipulator will be considered
as having a two-degrees-of-freedom rotation in task-space with
one redundant actuation. With these considerations, dynamics
of the parallel manipulator in task-space can be described by
[13]

(1)

where is the posture vector of the parallel manip-
ulator, is the contractive length vector
of three pneumatic muscles, is the pressure
vector inside pneumatic muscles, is the rotational inertial
matrix, is the vector of centripetal and Coriolis torques,

is the vector of gravitational torques, is the distur-
bance vector in task-space, is the Jacobian transformation
matrix, and is the contractive force
vector of three pneumatic muscles. Using virtual work principle,
several models of the pneumatic muscle’s contractive force have
been developed [17]–[21]. Such theoretical contractive force is
usually inaccurate, which will produce large tracking errors in
the posture trajectory tracking control of the PMDPM. There-
fore, to improve control accuracy, each component of is ex-
pressed as the following parametric form:

(2)

(3)
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(4)

where and ( 1, 2, 3) are the theoretical static
force model and friction force model of pneumatic muscle
used in the previous literature respectively, in which can
be written as by
neglecting certain complex terms [19]. and rep-
resent the static force and friction force of pneumatic muscles
that are not captured by the traditional models and ,
respectively. and are further parameterized by
the models in (3) and (4), respectively, in which and
represent the pressure gain and the pressure independent terms
in , respectively, , , , , , , , and are the
parameters used for , and , , , , , ,

, and are the parameters for . Since the pneu-
matic muscles used in this paper are identical, for simplicity,
the same parameters are assumed for all the three pneumatic
muscles. The small amount of parameter variations among
various pneumatic muscles can be lumped into the uncertain
nonlinearities and attenuated by robust feedback later.

Through combining (1) and (2)–(4), the dynamics of the par-
allel manipulator can be rewritten as

(5)

It is noted that the following properties hold in (5) [22].
a) is a symmetric positive definite matrix and there

exist positive values and such that
.

b) , which is defined as ,
is a skew-symmetric matrix.

For notation simplicity, define the virtual drive moment of the
parallel manipulator as

(6)

where ,
.

B. Dynamics of Actuator

The dynamics of actuator, i.e., the pressure dynamics can be
described as [13]

(7)

where , and are nonlinear matrices,
is the average flow rate through the fast switching valves, and

is the overall disturbance vector in muscle-space.
The average flow rate through the fast switching valves is

determined as [12]

(8)

where is a diagonal matrix of nonlinear flow gain func-
tions, is the duty cycle vector of fast switching valves. It is
noted that the model error between the actual flow rate and the
average flow rate is also lumped into , which will be atten-
uated by robust feedback later.

C. System Dynamics

Merging (5)–(8), the entire system dynamics can be written
as

(9)

III. PARAMETER ESTIMATION ALGORITHM

Let be the unknown parameter vector and the parameter
estimation error. The parameter estimation is to construct suit-
able estimation function so that an improved final tracking
accuracy can be obtained with an emphasis on good parameter
estimation process as well [23]. The nonlinear disturbances of
(9) can be decomposed into unknown constant nominal values
and time-varying uncertainties respectively, i.e.,
and . and will be obtained through online
parameter estimation.

A. Projection Type Adaptation Law

The prior process knowledge such as the physical bounds of
the parameters is used to construct projection type adaptation
law for a controlled learning process even in the presence of dis-
turbances. As in [14], [23], the widely used projection mapping

will be used to keep the parameter estimates within

the known bounded convex set , the closure of the convex set
. The standard projection map-

ping is

if or

if or

(10)
where is any function and can be any
time-varying positive definite symmetric matrix. and
denote the interior and the boundary of , respectively, and

represents the outward unit normal vector at .

To achieve a complete separation of estimator design and ro-
bust control law design, in addition to the projection type adap-
tation law (10), it is also necessary to use the preset adaptation
rate limits for a controlled estimation process. Therefore, a sat-
uration function is defined as [14]

(11)

where is the preset adaptation rate limit.
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The parameter estimate is updated using the following pro-
jection type adaptation law with the preset adaptation rate limit

:

(12)

where is any adaptation function and is the adaptation rate
matrix, which can be any continuously differentiable positive
symmetric matrix. With the above adaptation law structure, the
following properties will be hold [14], [23], [24].

P1: The parameter estimates are always within the known
bounded set, i.e., ,

.
P2:

(13)

P3: The parameter update rate is uniformly bounded by

, .
As seen from the previous properties, the parameter estimates

and their derivatives are bounded with known bounds, regard-
less of the estimation function to be used. Such a fact will
be used in the following for a complete separation of the robust
control law design from the parameter adaptation process.

B. Prediction Errors of Parameter Estimation for Parallel
Manipulator

Let be the parameter vector used for ,
, , and in (5) and denote ���

��
�

���� ��� ��� ��� ��� ������ ��� ���� ���� ���� ���� ���� ���� ���� ����
�.

If the system model in (9) is directly used to obtain the
parameter estimation algorithm, acceleration feedback and the
pressure changing rate would be needed. Though these signals
could be obtained through numerical differentiation of velocity
and pressure feedback signals, severe noise influences will
be inevitable. To bypass this problem, stable filters will be
employed to obtain suitable regression model for parameter
estimation as follows.

Equation (5) is rewritten as the following form:

(14)

where
,

.
Let be the stable filter with a relative degree larger than

or equal to 1 [23]. For example, let

(15)

where is the parameter of the filter. Then, when , ap-
plying the filter to both sides of (14), one obtains

(16)

where , ,

, , and rep-

resent the filtered , ,

, , and , respec-
tively.

Let

,

, and substitute them into (16) while noting
that is a function of and . Then, a linear regression
model can be given by

(17)

where is the corresponding regressor of ,
is a known nonlinear term, represents the unknown parame-
ters of , is the corresponding regressor of ,
and is a known nonlinear term.

From (17), the basic regression model for physical dynamics
of the parallel manipulator can be given by

(18)

where ,
, .

Let , where . Then the
prediction error related to the parameter estimation error is
expressed as

(19)

Theoretically, the linear regression model (19) is the standard
form to which various traditional parameter estimation algo-
rithms such as the least squares method can be applied for the
parameter estimates . However, since there are a large number
of parameters to be identified and there are not-so-rich de-
sired posture trajectories to be tracked, the persistent exciting
conditions, which are required for the convergence of online pa-
rameter estimation, are hard to be satisfied all the time. As a re-
sult, unreliable and inaccurate parameter estimations with large
covariance may sometimes appear due to the unavoidable model
errors in reality, and will lead to poor control performance in im-
plementation. To solve this practical problem, additional prac-
tical constraints are imposed to further condition the parameter
estimation process for obtaining reliable estimates of effective
model parameters. As a feasible method, parameter estimates
are required to minimize not only the prediction error but also
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the correction term of static force and the pressure gain
in (3). Specifically, from (3), and are linear in

terms of and can be rewritten as follows in the form of linear
regression:

(20)

(21)

where and are the corresponding regressor
matrices of , and and represent all the other known terms
in and , respectively. Thus, minimizing and

are equivalent to minimizing the following prediction er-
rors respectively:

(22)

(23)

Overall, the parameter estimates will be determined by
minimizing a composite error that is a weighted function of the
above three prediction errors , , and .

C. Parameter Estimation Algorithm Based on Composite
Error Minimizing Criterion for Parallel Manipulator

The composite error minimizing criterion given by (24) takes
into account all the three prediction errors in (19), (22) and (23)
[25]

(24)

where , ( 1, 2, 3) are the forgetting factors and ,
( 1, 2, 3) are the weights.

The optimal parameter vector is then determined such that
the above performance index is minimized, which leads to the
following necessary condition:

(25)

Equation (25) is equivalent to

(26)

The time derivative of (26) is

(27)

For notation simplicity, define the following equation:

(28)

From (27) and (28), the parameter adaptation law is given by
(29) while noting (12)

(29)

with the parameter adaptation function and the adaptation
rate matrix , respectively, given by

(30)

(31)

where , ,
, ,

, ,
,

, ,
.

D. Parameter Estimation for Actuator

The conventional parameter estimation algorithm based on
single error minimizing criterion is utilized to identify parame-
ters of the actuator dynamics as follows.

A filter function with the same structure as is applied to
the second equation of (9) for obtaining the following regression
model:

(32)
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where is the filtered , represents the unknown parameter
vector in , and , is
the filtered corresponding regressor matrix, and
is the filtered output of all the other known terms.

Equation (32) can also be written as follows in the form of
standard linear regression model:

(33)

where and
.

Let and be the
predicted output and the prediction error, respectively. Then

(34)

which is in the standard form that various traditional parameter
estimation algorithms can be applied to for obtaining the pa-
rameter estimates . For example, when the least squares type

estimation algorithm [23] is used, is updated by an adapta-
tion law similar to the form of (12), i.e.,

(35)

with the adaptation function given by

(36)

and the adaptation rate matrix given by

(37)

where is the forgetting factor, with leading
to the unnormalized algorithm.

IV. INTEGRATED DIARC DESIGN

In this section, an integrated DIARC that uses the online pa-
rameter estimation in Section III will be synthesized for the
system (9) to achieve a guaranteed transient and final tracking
accuracy. Since there exist unmatched model uncertainties in
(9), backstepping design is used as in [14] and [26].

A. Integrated DIARC Design

Step 1: Define a switching-function-like quantity as

(38)

where is the trajectory tracking error vector and
is a positive diagonal feedback matrix. If converges

to a small value or zero, then will converge to a small
value or zero since the transfer function from to is
stable. Thus, the next objective is to design virtual drive
moment for making as small as possible. For this

purpose, define and then the left two parts
of the parallel manipulator dynamics in (9) are expressed
as the form of parametric uncertainties

(39)

(40)

where is the corresponding regressor of
, is the corresponding regressor of ,

and are known nonlinear
terms.
Merging (38), (39), (40), and (9), one obtains

(41)

The desired virtual drive moment is given by

(42)

where represents the usual model compensation term
with the physical parameter estimates and updated
through the indirect type parameter estimation in the pre-
vious section, is the model compensation term with
dynamic compensation type fast adaptation, can be re-
garded as the estimate of the low frequency component
of the lumped model uncertainties defined later, i.e., the
lumped disturbance in task-space [12]–[14], repre-
sents the robust feedback term with the positive definite
control gain matrix , is synthesized later to domi-
nate the model uncertainties coming from both parametric
uncertainties and uncertain nonlinearities.
Then, the desired pressure vector can be obtained by (9)

(43)

where is an arbitrary 3 1 vector related to the equiva-
lent average stiffness [13] within permissible range of inner
pressure of the pneumatic muscle, is the pseudo-in-
verse of .
Let and substitute (42) and (43) into (41), then
the dynamics of is given by

(44)

Define a constant vector and time-varying vector
such that

(45)
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is updated by the following projection type adaptation
law [14]:

if and

else
(46)

with , in which is a preset
bound and larger than zero.

is chosen to satisfy the following conditions:

(47)

where is a positive design parameter that may be arbi-
trarily small. For example, may be chosen as [27]

(48)

where is a positive definite diagonal matrix decided
by uncertain nonlinearities in task-space.
Define the positive semi-definite (p.s.d) function as

(49)

Differentiate and substitute (44)–(47) into it, one
obtains

(50)

As can be seen from (50), if is bounded, would be
bounded.
Step 2: Next is to synthesize an average flow rate so
that would converge to zero or a small value with a
guaranteed transient performance.
While noting the dynamics of actuator in (9), the time
derivative of is

(51)

where ,

in which and

are obtained from by a second-order differential filter
as in [11], represents the calculable part of and can
be used to design control functions, but cannot due to
various uncertainties.
The desired average flow rate is designed as

(52)

where represents the usual model compensation
with , and , which are calculated by the physical
parameter estimates updated through the indirect type
parameter estimation in the previous section, is the
model compensation term with the dynamic compensation
type fast adaptation, can be regarded as the estimate
of the low frequency component of the lumped model
uncertainties defined later, i.e., lumped disturbance in
muscle-space, represents the robust feedback term
with the positive definite control gain matrix , is
synthesized later to dominate the model uncertainties.
Substitute (52) into (51), then the dynamics of is

(53)

Define a constant vector and time-varying vector
such that

(54)

is updated by the following projection type adaptation
law [14]:

if and

else
(55)

with , in which is a preset
bound and larger than zero.

is chosen to satisfy the following conditions:

(56)

where is a positive design parameter that may be arbi-
trarily small. For example, may be chosen as [27]

(57)

where is a positive definite diagonal matrix decided
by uncertain nonlinearities.
To see how the above control function works, define a p.s.d.
function as

(58)

Differentiate and substitute (50), (53) and (54) into it,
one obtains

(59)

Substitute (47) and (56) into (59), is bounded above by
the following equation:

(60)
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Step 3: As for the PMDPM controlled by fast switching
valves, the valve dynamics is neglected since the dynamic
response of the valve is much higher than that of the me-
chanical system. Then, the inverse flow mappings are used
to calculate the specific duty cycle commands of the fast
switching valves for providing the desired average flow
rates . The control input vector is given by

(61)

B. Supplementary Specification

With the previously mentioned controller design, the fol-
lowing theoretical results on the performance of the proposed
integrated DIARC for the PMDPM can be obtained.

Theorem 1: Considering the control law (61) with the rate
limited projection type adaptation law (29) and (35), in general,
all signals of the resulting closed-loop system are bounded. In
addition, the output tracking error is bounded
above by

(62)

where , .
Proof: As the boundedness of the parameter estimates

and are guaranteed by P1 and P3, respectively, one can follow
the above standard backstepping design procedure to show that
all the control functions (42), (43), and (52) and states , ,
are bounded for any bounded desired trajectory with bounded
higher derivatives. Therefore, all signals of the closed-loop
system are bounded [14] and (60) leads to (62) by using the
Comparison Lemma [28]. Thus, the proof of the theorem is
completed.

Remark 1: For the parallel manipulator, the physical regres-
sion model (19) is integrated with two additional regression
models (22) and (23) to improve the effective convergence of pa-
rameter estimation by choosing appropriate weights in the com-
posite error minimizing criterion. Thus, the reliable and optimal
estimates of effective model parameters are obtained to decrease
the parametric uncertainties in (19) and achieve small tracking
errors consequently.

Remark 2: The weights , , and in the composite error
minimizing criterion (24) have significant effects on the perfor-
mance of parameter estimation.

a) influences the prediction error of physical dynamics.
Larger magnitude of contributes to smaller prediction
error, while brings much larger covariance of parameter
estimations and may lead to worse performance.

b) affects the extent of . Larger leads to smaller
and obtains more reasonable parameter estimates

since theoretical static forces are consistent with the phys-
ical characteristics of pneumatic muscles and reasonable
in practice.

c) influences the extent of that determines the ne-
glected uncertain nonlinearities coming from the time
derivative of when calculating the time derivative of
in controller design. Larger will contribute to smaller
uncertain nonlinearities neglected by controller design.

Remark 3: For effective convergence of parameter esti-
mation, the physical parameter estimation is conducted only
when the following persistent-exciting-like condition is sat-
isfied, which can be deduced from (27), (28), and (30) with

(63)
where .

V. EXPERIMENTAL RESULTS

The proposed integrated DIARC, which the new parameter
estimation algorithm based on composite error minimizing cri-
terion is applied into, is implemented on the parallel manipulator
driven by pneumatic muscles (PMDPM).

A. Experimental Settings

The precision of position transducer is within 0.06 mm, which
is currently limited by the resolution of A/D acquisition, thus
the calculated posture precision is about 0.01 . The supply pres-
sure is set at 0.5MPa. The initial theoretical contractive force of
pneumatic muscle is set according to the technique data from
Festo [29]. The offline estimated contractive forces of pneu-
matic muscles are regarded as the theoretical contractive forces,
and then the online parameter estimation algorithm is used to
reduce model errors of contractive forces and further improve
control accuracy. The integrated DIARC and the DARC [12]
would be compared in experiments. Note that the DARC has the
same design procedure as the integrated DIARC except that the
parameter estimation of the DARC is based on tracking error
dynamics as opposed to physical dynamics in the integrated
DIARC.

As can be seen from (62), smaller magnitudes of and
and larger magnitudes of , , , , should be
chosen for faster converging rate and smaller tracking errors.
However, they are all constrained by the achievable bandwidth
of the closed-loop system. Thus, the control parameters of the
two controllers are as follows.

In the integrated DIARC, the feedback gains are
, ,

, ,
. The online estimated

parameters are with the
initial values being , and the rest
parameters are fixed to their offline estimates. The adaptation
gain matrices are , ,

. Other
parameters are , , , ,

.
In the DARC, the feedback gains , , , , ,
, , and adaptation gain matrices , are the same as

those in the integrated DIARC. The adaptation gain matrix is
.

B. Sinusoidal Trajectory Tracking

For tracking a sinusoidal trajectory (amplitude ,
, and period 15 s), response comparison between the
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Fig. 2. Tracking responses of sinusoidal trajectory �period � 15 s� with the
integrated DIARC and the DARC.

TABLE I
PERFORMANCE COMPARISON BETWEEN THE INTEGRATED DIARC AND THE

DARC UNDER SINUSOIDAL TRAJECTORY TRACKING

integrated DIARC and the DARC is shown in Fig. 2, and the
performance comparison between the two controllers is shown
in Table I wherein the performance indexes are defined in [30].
In the following figures, and represent the tracking er-
rors of posture along -axis and -axis, respectively. , ,
and represent the lumped disturbances in muscle-space.
and represent the lumped disturbances in task-space along

-axis and -axis, respectively. As can be seen from Fig. 2 and
Table I, the final tracking errors and the average tracking errors
with the integrated DIARC are much smaller than those with the
DARC as expected.

To illustrate the effectiveness of the new parameter estima-
tion algorithm based on composite error minimizing criterion,
lumped disturbance estimates, and physical parameter estimates
with the integrated DIARC and the DARC under the sinusoidal
trajectory tracking are respectively shown in Figs. 3–5. Since
the estimation algorithms in the DARC are of gradient type and
there are too many unknown parameters to be adapted, the pa-
rameter estimates may be unreasonable resulting in saturation of
control inputs and further leading to fluctuations of the PMDPM
when the adaptation rate matrix of physical parameters is in-
appropriate. In order to avoid fluctuations, the adaptation rate
matrix of physical parameters used in the DARC is usually very
small and then parametric uncertainties are mainly compensated
by lumped disturbance estimates rather than the poor physical
parameter estimates. In contrast with the integrated DIARC, av-
erage tracking errors and maximum tracking errors under the
control of the DARC are a little larger.

Under certain theoretical contractive forces of pneumatic
muscles, parametric uncertainties are almost compensated with

Fig. 3. Lumped disturbance estimates in task-space and muscle-space with the
integrated DIARC and the DARC under the sinusoidal trajectory tracking.

Fig. 4. Physical parameter estimates in task-space with the integrated DIARC
under the sinusoidal trajectory tracking.

the integrated DIARC owing to the reliable and effective param-
eter estimations. Therefore, the lumped uncertain nonlinearities
of the parallel manipulator, i.e., the lumped disturbances in
task-space, are fairly small and then the final tracking errors
and average tracking errors are small as well. It is noted that the
added constraints related to the known theoretical contractive
forces in the parameter estimation of the integrated DIARC
would reshape the regression model to improve the parameter
estimation significantly and then lead to excellent performance
consequently.

To further test the achievable control performance of
the proposed integrated DIARC, fast switching valves with
larger flow rates (MHE4-MS1H-3/2-G-QS8K by Festo) are
used for tracking a faster sinusoidal trajectory (amplitude

, , and period 5 s). As can be seen from
Fig. 6, the final tracking errors with the integrated DIARC are
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Fig. 5. Physical parameter estimates in task-space with the DARC under the
sinusoidal trajectory tracking.

Fig. 6. Tracking responses of the sinusoidal trajectory (period = 5 s) with the
integrated DIARC.

, , and the average tracking er-
rors are , , the performance
is almost equivalent to that of Fig. 2.

C. Robustness Tests Under Different Supply Pressures and
Sudden Disturbance

To test the influence of uncertainties in the nonlinear flow gain
on the control performance, sinusoidal trajectory tracking with
the integrated DIARC is conducted under different supply pres-
sures (see Fig. 7), and the performance index comparison be-
tween 0.5 MPa and 0.39 MPa is shown in Table II.
Lumped disturbance estimates in task-space and muscle-space
with the integrated DIARC are shown in Fig. 8 and control in-
puts are shown in Fig. 9. Obviously, the control inputs under
different supply pressures vary a little (see Fig. 9), but tracking

Fig. 7. Tracking responses of the sinusoidal trajectory with the integrated
DIARC under different supply pressures.

Fig. 8. Lumped disturbance estimates in task-space and muscle-space with the
integrated DIARC under different supply pressures.

errors under different supply pressures vary slightly (see Fig. 7
and Table II), as lumped disturbances in muscle-space are ef-
fectively compensated by parameter estimation regardless of
supply pressure variations (see Fig. 8).

Tracking response of a smooth step trajectory being initial-
ized is shown in Fig. 10. As can be seen, the steady-state errors
are , . Simultaneously, for
testing the robustness of the integrated DIARC suffering from
a sudden disturbance, one position transducer is given a sudden
dither at 55 s, which can be regarded as a sudden large
disturbance to the PMDPM. The PMDPM experiences large
tracking errors due to the wrong feedback information of the
position transducer when the dither is introduced. But after the
dither disappeared, the PMDPM comes back to the stable pos-
ture quickly with no fluctuation. This demonstrates the robust-
ness of the proposed control algorithm to disturbances.
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Fig. 9. Control inputs with the integrated DIARC under different supply
pressures.

TABLE II
PERFORMANCE COMPARISON BETWEEN DIFFERENT SUPPLY PRESSURES

WITH THE INTEGRATED DIARC

Fig. 10. Smooth step response and robustness test under a sudden disturbance.

D. Estimating Capability for Time-Varying Trajectory

Tracking response of a time-varying sinusoidal trajectory
with the integrated DIARC is shown in Fig. 11. The trajectory
varies from and to

and at 45 s. As can
be seen, transient tracking errors vary slightly in the process of
tracking two sinusoidal trajectories and the maximum tracking
errors are and and occur

Fig. 11. Tracking response of the time-varying sinusoidal trajectory with the
integrated DIARC.

Fig. 12. Lumped disturbance estimates in task-space and muscle-space with
the integrated DIARC under the time-varying sinusoidal trajectory tracking.

at the turning point. To further illustrate estimating capability
of the integrated DIARC for tracking the time-varying tra-
jectory, lumped disturbance estimates and physical parameter
estimates under the time-varying sinusoidal trajectory tracking
are, respectively, shown in Figs. 12 and 13. Obviously, once
the reference trajectories vary, the parameter estimation will
obtain new optimal values of parameters to make model errors
as small as possible and finally achieve small tracking errors
again. At the same time, lumped disturbance estimates will
quickly adapt to the variation of the trajectories in order to
compensate large uncertainties. Thus, with the effort of phys-
ical parameter estimation and lumped disturbance estimation,
the tracking errors will keep small all the time.

VI. CONCLUSION

On the basis of reliable and effective parameter estimation,
an integrated DIARC is synthesized for achieving high preci-
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Fig. 13. Physical parameter estimates in task-space with the integrated DIARC
under the time-varying sinusoidal trajectory tracking.

sion posture trajectory tracking control of the PMDPM. The in-
tegrated DIARC utilizes the indirect type parameter estimation
that compensates the parametric uncertainties for reducing large
transient tracking errors, and employs the dynamic compensa-
tion type fast adaptation that further attenuates the extent of un-
certain nonlinearities for better tracking performance. Therein,
a new parameter estimation algorithm based on composite error
minimizing criterion is proposed for the parallel manipulator to
overcome the poor parameter estimation of the conventional pa-
rameter estimation algorithm based on single error minimizing
criterion, which is caused by the difficulty in satisfying the per-
sistent exciting conditions all the time.

It is proved by experimental results that the integrated
DIARC achieves excellent tracking performance with the
maximum tracking error less than 0.3 and the average tracking
error less than 0.1 and the steady-state error less than 0.01 ,
which are much smaller than those with the DARC. Moreover,
the controller is robust to different supply pressures and sudden
disturbances and could achieve effective parameter estimation
regardless of time-varying reference trajectories.
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