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Muscle with Enhanced Convergence
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Zhigiang Zhang and Sheng Q. Xie, Senior Member, IEEE

Abstract—Pneumatic artificial muscles (PAMs) have
been widely used in actuation of medical devices due to
their intrinsic compliance and high power to weight ratio
features. However, the nonlinearity and time-varying nature
of PAMs makes it challenging to maintain high-
performance tracking control. In this paper, a High-Order
Pseudo-Partial Derivative based Model-Free Adaptive
Iterative Learning Controller (HOPPD-MFAILC) is proposed
to achieve fast convergence speed. The dynamics of PAM
is converted into a dynamic linearization model during
iterations, meanwhile, a high-order estimation algorithm is
designed to estimate the pseudo-partial derivative
component of the linearization model by only utilizing the
input and output data in previous iterations. The stability
and convergence performance of the controller is verified
through theoretical analysis. Simulation and experimental
results on PAM demonstrate that the proposed HOPPD-
MFAILC can track the desired trajectory with improved
convergence and tracking performance.

Index Terms—Pneumatic artificial muscle, model-free
adaptive control, iterative learning control, convergence.

|. INTRODUCTION

NEUMATIC artificial muscle (PAM) is a tube-like actuator

that largely mimics biological human muscle functions [1].

Compared to traditional electrical motors and hydraulic
actuators, the lightweight, high compliance and high
power-to-weight ratio of PAMs [2] have fueled their popularity
among assistive exoskeletons and rehabilitation robots, such as
the upper limb exoskeleton series RUPERT [3] and the lower
limb orthotics KAFO [4]. However, unlike the conventional
actuators adopted in Lokomat [5] and ArmeoPower [6], the
nonlinear and time-varying nature of PAMs may cause
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difficulties in modeling the robot dynamics [7]. It is thus
challenging to maintain high control accuracy of PAMs- driven
robots. This work aims to improve the control performance of
the PAMs, and the study on single muscle is considered as a
prior for actuating the ankle rehabilitation robot [8].

In the past decade, there are amended work on model-based
control strategies for PAMs. For instance, Yao et al. proposed a
novel empirical model of PAM and designed a self-organizing
fuzzy controller with model compensation [9]. Zang et al.
developed a modified Prandtl- Ishlinskii model for reproducing
the length/pressure hysteresis of PAM, and higher trajectory
tracking accuracy has been achieved by a simplex proportional
controller with the model-based cascade compensation [10]. In
these studies, different mathematical models of PAM and
control schemes were established. However, these models are
roughly an approximation of the PAM behaviors and tend to
miss the dynamic components, so a compensator must be added.
In addition, the PAM models include time-varying parameters
and nonlinear structures, which will increase the complexity of
controller design and analysis. While model-based control
schemes have been established, their accuracy and applicability
might be limited under different interactive environments or
collaboration of multiple PAMs. Therefore, it is imperative to
introduce model-free methods for decreasing the PAMs-driven
system’s sensitivity to dynamic uncertainties in practice [11].
Data-driven model-free control approaches have shown great
potential in recent studies [12, 13]. In data-driven schemes, the
controller does not have to model the system, instead, only the
input and output data will be used [14]. Compared with
model-based methods, the data-driven control is more versatile
by avoiding the dynamics modelling complexity.

From the recommended rehabilitation strategies, the tasks
are often performed in a repetitive manner [15], so the PAM
actuators also perform repeated operation modes. This supports
the implementation of some form of iterative learning control
(ILC), which is well suited for rehabilitation. ILC is a typical
data-driven method for controlling repetitively running object,
which improves the tracking performance by introducing error
data for updating the input of subsequent iterations [16].
However, the unstable function approximation and limited
calculation speed of many ILCs make it impractical for
PAMs-driven rehabilitation systems [17]. Recently, model-
free adaptive control (MFAC) is proposed on the basis of
dynamic linearization method, which builds an equivalent data
model to replace the original nonlinear model by introducing



the pseudo-partial derivative (PPD) [18]. Different from other
data-driven control methods, MFAC is completely model-free,
in which the controller parameters can be adaptively adjusted
according to the time-varying PPD. A model-free adaptive
iterative learning controller (MFAILC) based on iterative
dynamic linearization was proposed in [19], where the ILC
parameters were updated by previous iteration data. MFAILC
has a better suitability to the time-varying systems compared
with traditional ILC with fixed gains. Furthermore, the initial
condition of MFAILC is not as strict as many ILC methods,
which makes it suitable for PAMs-actuated systems.

In repetitive control practice, especially for rehabilitation
devices driven by pneumatic muscles, convergence speed is a
critical index for iterative learning control [20]. However,
current work on improving the convergence is limited [21], so
one motivation of this paper is to enhance the convergence
performance of MFAILC. In fact, the convergence speed of
MFAILC particularly relies on the initial PPD. Without proper
selection of initial PPD, it requires multiple attempts to find out
the appropriate value [22], which means inappropriate PPD will
lead to a slow convergence during the control iterations [23]. In
this paper, a high-order pseudo-partial derivative based
model-free adaptive iterative learning controller (HOPPD-
MFAILC) is proposed which can quickly tune the parameters
without large affects from the initial PPD and thus has an
enhanced convergence performance.

To our best knowledge, the controller design for PAM based
on high-order PPD estimation has not been reported yet. Main
contributions of this paper include: 1) By using the high-order
PPD estimation scheme based on previous input and output
data, the HOPPD-MFAILC method is developed to achieve the
high-performance repetitive control of nonlinear time-varying
systems such as PAM. Convergence property of the proposed
control scheme is independent of the selection of PPDs.
However, the existing MFAILC methods will be greatly
affected by the initial PPD. 2) This is the first time that a
HOPPD-MFAILC is developed for the PAM system with
enhanced convergence. The mathematical proof, simulation
and experimental results demonstrate that the proposed
controller can accelerate the convergence rate compared with
existing MFAILC methods. 3) The implementation of HOPPD-
MFAILC is completely data-based and model-free, which
retains the robustness of closed-loop system in time domain and
achieve the convergence of tracking error in iteration domain,
even with certain external load interferences. Though the
HOPPD-MFAILC is developed under the consideration of
PAM, it is also applicable to other nonlinear systems.

The rest of this paper is organized as follows. Section II
introduces the problem formulation and the HOPPD-MFAILC
controller design then the enhanced convergence is analyzed
theoretically. Some simulation and PAM control experiments
for validation and comparison are demonstrated in Section III
and discussion and conclusion are given in Section IV.

. CONTROL STRATEGY

A. Model-Free Adaptive Iterative Learning Control

MFAILC is a completely model-free method. Basically, the
method aims to establish a dynamic linearization (DL) model of
the system between any two adjacent iterations, and then to

derive the controller structure and parameter using the model.

Three commonly used DL models include compact-form DL

(CFDL), partial-form DL (PFDL) and full-form DL (FFDL)
[24]. The proposed method is based on CFDL model.

Considering the following repeatable nonlinear discrete-time
SISO (single input, single output) system:

Y€+ = f(y @), Y, (t=D,-- y (t=n,),

u, ®,u -1,y t-n,))

where U, (t) and Y, (t) denote the control input and output of

the system at time t of the k-th iteration. t=0,1,2---, T —1  and

T is the endpoint of the finite time interval. N, and N, are two

(1

unknown positive integers representing the system order. f(-)
is an unknown nonlinear function. For system (1), the aim of
this controller is to find out a suitable sequence of bounded
control input U, (t) such that the system output sequence Y, (1)
is able to track the given desired trajectory Yy (1).

The following assumptions for system (1) are given to make
the discussion rigorous [19].

Assumption 1: The partial derivative of the nonlinear
function f(-) with respect to the input U, (t) is continuous.

Assumption 2: System (1) is generalized Lipschitz, that is,
for all t=0,1,2---,T =1 and k=0,1,2---, if |AY (t)| #0, then
the system (1) satisfies the following condition:

|Ay, (t+1) <blAu, (t)| )

where Ayk (t + 1) =Y (t + 1) - ykfl(t + 1) B Auk(t) = Uk(t) - uk71(t) 5
and b is a positive constant.

Assumption 1 is typical in general nonlinear system control.
Assumption 2 gives the relationship between the incremental
input and the incremental output along the iterative axis at any
time. The constant b is determined by trials for qualitative
analysis, which means a finite input change will result in a
finite output change and it is reasonable for general systems.

Based on the above two assumptions, the following Lemma
[19] can be achieved:

Lemma 1: Considering system (1) satisfies Assumption 1&2,

for all AU (t)#0 , there exists a function &, (t) such that the
system can be converted into the following CFDL data:

Ay, (t+1) = ¢ (DAY, (1) 3)
where ¢, (1) is called pseudo-partial derivative which satisfies
|4 (0] <b. The detailed proof can be found in [19].

Define the following criteria function:

IU ) =]y, t+D =y -+ D] +2uO-u O @
where 4 is a weighting coefficient. Substituting (3) into the
criterion function (4), we can get:

J(U ) =g, E+ D) =g (DU M) Uy, (t))\2 + AU (DU, (t)\2 (5)
Then we have the derivation of (5) as below:
DOy )0+ D OO U, ,©)
auk (t) -1 k k-1 (6)
+ Zl(uk (t) —U, (t))
To get the optimal solution for minimizing (5) [20, 25] with
respect to U, (t) , we solve J(u,(t))/ou, (t) =0, gives:

B (08, t+1F |4 O (U D -u OFAUO Y, ®O) (7)
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Thus, U, (t) can be expressed by (10):
Pud (V)

Uy = uk—](t)""’—zekfl t+D 10
A+]g ()] (10

where P« is a step factor designed to make the controller be
more universal [21], and §_ (t+1) =y, (t+1)-y,_ (t+]1) is
the tracking error. Since #(t) is unknown, the following
criteria function with the estimated parameter is defined:

n n 2 ~ ~ 2
I ) =[ay, ¢+ D= AU, Of + b O-d® A1)
where 4 is the weighting coefficient and ¢3k (t) is the estimated
value of ¢, (t). Eq. (11) indicates that the target constrained

input should be as small as possible while the tracking error is
minimized, which means ¢, (t) will converge to ¢, (1) .

Based on the derivation of (11) as below and &]((;i(t))/ 8(11(’[) =0,
the estimation algorithm is expressed by (12):

%:M% O)AY, 1 (E+1) = A OA () + 22 (O) ~ e ()
k

I ~ N AU ) A

¢k (t):¢k71 (t) + —2 (Ayk—l (t + 1) - ¢k—1 (t)Auk—l (t)) (12)

M+ |Auk—l (t)l

where 7l is the step factor.

To ensure that the iterative dynamic linearization model is
always true, and to make compensation to the time-varying
parameter, the following reset algorithm is applied:

A=), if gO<e or AU B]<s (13)
where ¢ is a positive constant, and 4 (t) is the initial value of
&, (t). So, the MFAILC-based CFDL data model is constructed
by the iterative learning law (10), the estimation algorithm (12),
and the reset algorithm (13). It is a data-driven method that only
utilizes the input and output data of the system. Compared with
traditional ILCs, the gain parameter composed of 4, (t) is not
fixed, instead, it will be updated iteratively.

B. High-Order PPD Estimation Algorithm

The estimation algorithm (12) in original MFAILC scheme
runs along the iterative axis, which can be regarded as a kind of
parameter tuning law. Differently in our method, to achieve a
faster convergence, a high-order iterative learning law (14) is
designed based on previous iterations [25].

ly le
uk(t)=2quk7i (t)+2bjem(t+1) (14)
i=1 j=1

wherel, and |, are integers as the order, & ,b; the weighting
1, le
coefficient of the input and error terms, with Y. a=1, Zle =1,
i=1 J=!

In criterion function (11), Ay,_,(t+1) - ¢5k (tH)Au,_,(t) represents
the model error of the iterative dynamic linearization model (3)
in which 4,(t) is replaced by 4, () as the input. A high-order
parameter estimation algorithm for PPD is proposed here by
updating the criterion function (11) as follows:

IG() =[Ay, . (t+ D= AU, O]
L (15)
+u ¢k(t)_zai¢k—i ®

i=l

where mis the order, @; is weighting coefficient with ;ai =1,

So the high-order estimation algorithm is expressed by (16)
based on the derivation of (15) below and 6J(¢1 (t)/ 6& (t)=0:

“;f(kt()‘” 2O, (D OAY O+ 240X O)
N Au 1 (t)AyH (t+1) M - n

# (D)= . >+ 3 ad. ) (16

el OF el o 2940 09

The forms of iterative learning law and the reset algorithm
remain the same as MFAILC, with the PPD being estimated by
the high-order algorithm. Therefore, the overall control scheme
of the proposed HOPPD-MFAILC is described as (17)-(19),
and the controller diagram is illustrated in Fig. 1.

¢;k (t)=(/§kil )+ M
H+[Au (0

x(AY,, (t+1) =g, (DAU_, (1))
¢2‘k (t): Auk—l (t)Aykfl (t :— 1)
M+ ‘Auk—] (t)‘
My

O WM
M+ Au ()] ;

A O=4,®), if d)<e or [AB]<e
pk,t¢?k ®)
A+|gof
oy

utl
e MFAILC Controller 1
ot 7 PAM

. - -
M ) w0+ 2RO oy s s0mme T
- 2 ko mEEAEEE

4|
MPPD General cstimation algonihm

CoRES 2 T MtJ(t)

TR O —
- H+ ‘Aut—l(t)r
MPPD High order ¢ stimation algorithm
& - Au DAy (@ :1) .
| (@)

Y Momay |
Fig. 1. Block diagram of the proposed HOPPD-MFAILC.
Remark 1: Different from those high-order algorithms using
control input [26] and tracking error terms [27] from previous
iterations to improve the learning control law, the high-order
estimation algorithm applied here as in (16) contributes to
improvement of the controller parameters themselves.
Remark 2: In the first two iterations, initial values need to be
assigned to 4, (t) and ¢3| (t) . Since ¢?k(t) is calculated based on
the previous m iterations, it can only be obtained when k>m,
so the high-order estimation algorithm (16) is applied under
k>m. However, when 2 <k <m, i.e., no previous iterations are
available, the original estimation algorithm (12) is used.
Remark 3: The usage of weighting coefficients ¢; in the
high-order estimation algorithm (16) is similar to the forgetting

2<k<m

an

k>m

(18)

u®=u O+ g (t+1)

(19

(A (D)~ f (), () —«\

i, % a&_i(t)-—o
F+|Aﬂb-1(t)‘2§ )




factor in the general ILC schemes. Therefore, they can be set as
az2a,22a,.
C. Convergence Analysis

Assumption 3: For all ke{0,1,2--}and te{0,1,2,--,T -1},
4 (1) satisfies 4H>0 (or 4(1<0 ), and ¢ (=0 is only
established at a finite point.

Assumption 3 is inspired by [19]. In our system, with the
increase of air input, PAM will contract and the displacement
will increase. Such change of displacement and control input
satisfies the positive correlation described in Assumption 3.
Then the following theorem can be obtained:

Theorem 1: For system (1), if Assumption 3 holds, the
HOPPD-MFAILC scheme has the following properties:

i) for ke {0,1,2--}andte {0,1,2,--- T -1} | 4 (t) is bounded;
il) when k — oo, the tracking error converges to zero;
iii) for ke {0,1,2--}andt e {0,1,2,--- T -1} , U (t) is bounded.
Proof
When ¢ (t)<e or |[AuM)|< &, dO=d®), 4t is bounded.
In other case, when 2<k<m, subtract #,(t) from both sides
of (17), and let ¢~§<(t)=¢7f<(t)—¢§((t), we have:
b (=, O~ (4O~ 4, (V)
f B0y -4, 08U, 1)
u+|Au ()
Let Ag(D)=¢ (1) -4, (1), substituting (3) into (20), and take
the absolute value at both sides, we have:
40| < 2|d . ©|+20< 92|, O]+ (1 +9)2D

(20)

~ _ M1 21
< . S%m‘%(t)“"l 4 b (21)
l1-¢,
where @, =sup sup 1 AU (D)
1= Kke{0,1,--,m-1 tef0,1,,T i ——
| VR NP

Since mis a bounded order which is manually set during the
control process, 4, (t) is bounded as long as0< ¢, <1. Since

|Au, (t)] = 0 | there exist suitable 7, ; and # suchthat 0< ¢, <1,
So, we get ¢7K(t)is bounded. According to Lemma 1, we have
that ¢, () is bounded, and that 4, (t) is also bounded.
When |Au, ()] > & andk>m, we have from (17) that:
MO g
p+Au @) p+Au O 5

Substituting (3) into equation above and taking the absolute
value at both sides, we can have (22).

A (t)=

. g (DAY (1) Al &
¢(t):‘ el el >t - 2 ;¢ (1)
o) |+ |au O u+]Au, @) 2t
L Au, (D)
< Ot - ——F——| + |, aiaﬁ,i(t)l—‘ki‘z
A R ol u+lau O (22)

< ‘¢k71(t)‘+‘77k,[‘§: ‘awﬁk—\ (t)‘

k-—m+1 m R
<< B+ ] X X fade o)

According to Lemma 1, we can get that 4, (1) is bounded, so
|#n (D is bounded. Since the boundedness of ¢, , when

k-m+1 m n
2 <k <mhas been proved, ‘Uk‘t‘ > Z‘Ofﬂ’k,i (t)‘ is bounded.
j=1 =1

Therefore, ¢,(t) is bounded. Then we prove the convergence of
tracking error and the boundedness of control input as follows.
According to Lemma 1 and (19), we have:
g (t+1) =y, (t+ 1) -y, (t+1) -4 (DA, ()
Lt e ey
2+|d o)

In traditional model-free adaptive iterative learning control
schemes, the PPD estimation algorithm (12) operates along the
iteration axis, which can be regarded as a kind of parameter
tuning law. The general learning law is basically composed of
control input and tracking error terms, while using high-order
method, the form of learning law can be written as below.

P ®)
6 ()
A+ g (o)

Compared with traditional control schemes, the proposed
higher-order iterative learning law can make use of the data in

previous iterations and would achieve faster error convergence
[28]. Taking norms on both sides of (23), yields:

kt’\kt
|@a+m=1—@a»£453;m4a+m
2+|go®

<d,|g  (t+D| < <d) e t+1)

= (- ¢ (1) (23)

u () =u_ M)+

24

|_ LA 04O
A+l of

Obviously, if 0<d, <1, it can guarantee that the tracking

where dZzsupks{(),l,---,w}supts{o,l,---,Tfl}

error € (t+1) converges to zero when K—»o0.
Since 4, (t) and ¢?k (t) are both bounded, from Assumption 3,
(17) and (18), we can get 4, (t)¢fk t)>0.

Pud OO

Solving the inequality equation |1 - ——| <1, gives:
2+ (g0
24+ (t)?
<2 Al @23)
¢ (O (D)

From above analysis, ¢, (1) and &k (t) are bounded and gz?k ®)
converges to 4(t). The boundary of 4(t) is |4 ®|<b. We
know 4> 0., it gets 2(1+4,(1)")/ 4 (A, (1) > 24, (1 /4, (DA D),
which equals to 2 within iterations. Selecting appropriate A
and Py, e.g., 0< o, <2, to satisfy (25) guarantees that for
all ke{0,1,2--}and te{0,1,2,--,T -1}, 0<d, <1 always holds.
Such that, the inequality (24) also follows and the stability of
the closed loop system can be guaranteed.

Consequently, the tracking error will converge to zero.
According to (19), we have:

Pect (D)

Au, () = T (t+])
2+ g (0)

(26)




As q@k (t) is bounded, there must exist a constant N

_ pk,ték(t)
N =sup,o...) SUP o711y [~ 2
2+ (g0
such that
[Au, (D] < N e, (t+1)] (27)
Since

|u (O] = U (8) = Uy (£) + Uy ()] < U (1) = Uy (O] + |, ©)
=[U () = U, () + U () ==+ U, () = U, (D] +[u, (D] (28)
<|Au @)+ |Au,_, O]+ +|Au, (0] +]u, )]
According to (23), (27) and (28), we have:
u (®)] < N|g_, (t+1)|+N|g_,(t+1)|+--
+ Nle (t+1)]+]u, (t)]

d
_2d & (t+1)|+]u, (D)

Both u,(t) and € (t+1) can be set initially bounded, from
(29) it follows that for all ke {0,1,2---} and te{0,1,2,---, T -1},
U, () is bounded. Thus (16) is the high-order estimation of
pseudo-partial derivatives and 7, is the step size factor.

For control scheme (17), the term Ay, (t+1)—g (HAu, ,(t)
represents the estimation error of the dynamic linearization
model (3) when PPD estimation is adopted, and ¢, (t) is
equivalent to the model input. Therefore, (15) can be regarded
as a criterion function similar to (4). Higher order form of input
and estimation can improve the estimation speed of PPDs and
this has been proved with faster convergence [26]. From (24)
we obtain the exponential convergence of the output error in
iteration domain with a faster convergence speed. Furthermore,
the high-order estimation algorithm makes use of the PPDs in
the previous m iterations, so the current PPD can learn more
from the past data, thus achieving enhanced convergence. This
will also be verified by the simulation and experiments.

(29)

<N
1

IIl.  SIMULATION AND EXPERIMENTS

A. Simulation Validation

To verify effectiveness of the proposed HOPPD-MFAILC,
simulation experiments are conducted on a time-varying
model, followed by the control on actual PAM. The system (30)
contains time-varying parameters and repetitive interferences
[19], which can reflect the PAM’s nonlinear features and is thus
introduced as the controlled object.

y(®

T—+Uu'(b), 0<t<50
I+y (1)
y(t+1) = (YO Yyt -Dy(t-2)ut-1) (30)
x(y(t—2)-1)+a(tu(t))
A+ Y (t-D+y*(t-2)), 50<t<100

where a(t)=0.1*round(t/50) is the time-varying parameter of
the system. Define the desired trajectory as:

0.5% (=)0 0 <t <30
0.5*sin(tz /10)

Ya@*+DZ) 0 3%cos(tr/10),  30<t<70 (31
0.5%(=1)m9 = 70 <t <100

Both MFAILC and HOPPD-MFAILC are used to control the
system (30) in simulation tests. For MFAILC, the controller

parameters are A=0.6, o, =1, #=0.1and 7,,=0.6 . For HOPPD-
MFAILC, the order of high-order estimation is set to m=3, the
weighting coefficients are ¢, =04, a, =04 @, =0.2  and the
high-order estimation algorithm starts from the 4™ iteration.
The initial PPD is set as ¢ =10 for both controllers.

Fig. 2 shows the tracking results of the MFAILC and the
HOPPD-MFAILC, where the red solid line denotes the desired
trajectory and the dotted lines denote the actual trajectories in
different iterations. Results from the 2™, 3™, 4" iteration to the
20", 40™ iteration indicate that the actual trajectory can
gradually approach the desired one and completely track it in a
finite number of iterations. HOPPD-MFAILC possesses a
better trajectory tracking performance than MFAILC within 20
and 40 iterations. Though the object cannot be controlled with
good performance in the first several iterations due to the lack
of initial operations, it can still converge to the desired
trajectory within several iterations. The tracking errors in the
first several iterations are within a controllable range [21],
which will not happen in real-life testing, as the first two
operations will be predefined in actual experiments [17]. This
can also be proved by the following PAM experiments.

—,
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Fig. 2. Trajectory tracking results of the model in simulation controlled by
(a) MFAILC and (b) HOPPD-MFAILC with ¢, =10 .

Since the initial PPD will have a great influence on the
convergence speed of the algorithm, comparative experiments
of different initial PPDs are conducted. We set the same initial



value for HOPPD-MFAILC and MFAILC to compare their
performance starting from the same condition. The maximum
error convergence curves of MFAILC and HOPPD-MFAILC
with different initial PPDs are shown in Fig. 3. We can see that
the change of initial PPD has greatly affected the convergence
speed of MFAILC method, while HOPPD-MFAILC scheme
demonstrates a better control performance and high robustness.
HOPPD-MFAILC is able to improve the convergence speed of
the maximum tracking error, and the less appropriate the initial
PPD is, the more obvious improvement of the convergence
performance can be seen. Results show that HOPPD-MFAILC
scheme can always achieve a faster convergence speed whether
the initial PPD is properly selected or not.
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Fig. 3. Comparison of maximum tracking error convergence between
MAFILC and HOPPD-MFAILC with different initial PPDs. (a), (b), (c), (d)

represent the convergence curves with ¢30 =1,5,10,20 , respectively.

To further investigate the effect of PPDs, Fig. 4 shows the
variation of PPD along the time axis and that along the iterative

axis with ¢ =10 for MFAILC and HOPPD-MFAILC. From the

change of g(k,t) along the iterative axis at each sample time,

we confirm that the HOPPD-MFAILC can converge with less
iterations than MFAILC. Meanwhile, it can be seen that the
HOPPD-MFAILC scheme converges to the same value as
MFAILC, which means that HOPPD-MFAILC can improve the
convergence speed of MFAILC but still maintain the control
capacity of MFAILC to achieve the similar accuracy.
Meanwhile, the high-order estimation algorithm starts from
which iteration also has an influence on the convergence. Fig. 5
shows the comparison of error convergence results when using

HOPPD-MFAILC starting from different iterations, and Ko is
the start iteration. It can be seen that the earlier high-order
parameter estimation algorithm is used along the iterative axis,
the faster the tracking error converges. It also indicates that the
proposed HOPPD-MFAILC is indeed superior to the MFAILC
method in terms of convergence performance.
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B. PAM Control Experiments

To verify the performance of HOPPD-MFAILC in practical
nonlinear and dynamic system control, we developed a PAM
control testing platform, as shown in Fig. 6. One end of the
PAM (FESTO MAS-20-400N) is suspended on a rigid frame
and the other end is free-moving. The control system is
implemented on LabVIEW. The resulted controller output is
sent to the proportional valve (VPPM-6L-G18-0L6H) through
NI roboRIO. The valve regulates the air pressure inside the
PAM to realize trajectory tracking control. Displacement of the
PAM is measured by a position sensor (MLO POT-225-TLF)
linked with the muscle free-moving end and will be feedback to

the control program in real time via NI roboRIO.
= IR

Proportional
Walve

PAM

Positional

Transducer

Aar-source

Fig. 6. Experiment setup for controller tests on PAM.

The desired trajectory of PAM is set to Yy = 2.3+ 2sin(zt)
For comparison study, both MFAILC and HOPPD-MFAILC
schemes are used to control the PAM system successively. The
controller parameters of MFAILC are set as A=1, 0, =5, u=1
and 7,=0.6. For HOPPD-MFAILC, the order of the estimation
algorithm is set to m=3, weighting coefficients are &, =0.5,
a,=03 =02 and the iteration that the high-order estimation
algorithm starts is set to 4. The initial PPD for both schemes is
¢ =40, with all other parameters unchanged.

The tracking results of both methods are shown in Fig. 7,
where the red solid line denotes the desired trajectory, and the
dotted lines denote the actual trajectories in different iterations.

It indicates that the actual trajectory of PAM is able to gradually
follow the desired trajectory with iterations. The final trajectory



tracking error is maintained under 2mm, which is acceptable in
practice due to some inevitable measurement errors or external
disturbances. Compared with the results of MFAILC in Fig.
7(a), it can be obviously seen from Fig. 7(b) that the proposed
HOPPD-MFAILC method can track the desired trajectory more
efficiently, for example, it can reach a satisfactory accuracy
within 9 iterations, while the MFAILC method cannot achieve
this level until the 15" iteration.
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Fig. 7. Trajectory tracking results of the PAM in practice controlled by (a)
MFAILC and (b) HOPPD-MFAILC with ;30 =40
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Fig. 8. Convergence curves of maximum tracking error in MFAILC and
HOPPD-MFAILC with different initial PPDs when controlling a PAM.

The convergence curves of the maximum tracking errors of
MFAILC and HOPPD-MFAILC with different initial PPDs are
shown in Fig. 8. We can conclude similarly with the simulation
test that the initial PPD affects the convergence speed. In case
of ¢30 =10 , MFAILC method can achieve a fast convergence of
the maximum tracking error, and HOPPD-MFAILC method
maintains a similar performance. With the variation of PPD
from 20 to 30 and 40, HOPPD- MFAILC method demonstrates
more tracking improvements and better superior convergence
performance over MFAILC. Specifically, HOPPD-MFAILC
method can reduce the time cost of about 2, 5 and 8 iterations
when ¢, =20, 4, =30and ¢, =40 , respectively.

To further validate the proposed controller’s performance,
the comparison of results under three different frequencies

(0.5Hz, 2.5 Hz and 5Hz) and 4,
unchanged is shown in Fig. 9, where the resulted trajectories

and the maximum error convergence curves at different
frequencies are presented. Except for some error differences in

=40 while other parameters

the first several iterations, the maximum tracking errors can
converge to a low value quickly. The control performance of
the proposed method does not change much over frequencies
and is still satisfactory even at higher frequencies.
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Fig. 9. Tracking results and maximum error convergence of PAM
controlled by HOPPD-MFAILC at different frequencies (q30 =40).

To illustrate the effect of high-order estimation algorithm on
the convergence speed, a longitudinal comparison experiment
is performed under condition that other controller parameters
unchanged. The comparison study is to apply the high-order
estimation algorithm to PPD starting from different iterations.
Fig. 10 illustrates the convergence curves of the maximum
tracking error starting from the 4™, the 8", and the 12" iteration.
It is clear that once applying the high-order estimation
algorithm to PPD, the convergence performance will be greatly
enhanced immediately, which means the HOPPD-MFAILC
scheme is able to increase the convergence speed. This
conclusion is also in consistent with the simulation.
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Fig. 10. Maximum tracking error convergence of PAM controlled by
HOPPD-MFAILC using high-order estimation from different iterations.

Robustness performance of the HOPPD-MFAILC is also
investigated, as the PAMs-driven rehabilitation robot will be
finally controlled with human interactions. Compared with
non-load operation of the robot, the load of the affected limb
during rehabilitation will inevitably cause interferences to the
robot, and the tracking accuracy will be affected. In order to
verify the controller’s capacity in disturbance tolerance, two
types of load interferences are added to the PAM: the load
along the time axis (d=0.5+0.5sin(7t)) and the random load
interference along the iteration axis, as shown in Fig. 11. The
tracking results of HOPPD-MFAILC are shown in Fig. 12,
where (a) is the tracking results after adding load interference
along the time axis, and (b) is the tracking results after adding
load interference along the iteration axis. All other control
parameters maintain consistent with the HOPPD-MFAILC
above. Comparing Fig. 12 with Fig. 7(b), there is no significant
difference on the tracking results between the two cases, which



indicates the HOPPD-MFAILC’s good robustness and superior
capacity in handling external load interferences and these make

it suitable for human robot interactive applications.
time load iteration load
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Fig. 11. The sine wave load interference added to PAM along the time
axis and the random load interference along the iteration axis.
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Fig. 12. Tracking results of PAM controlled by HOPPD-MFAILC with

load interferences along (a) the time axis and (b) the iteration axis.
Fig. 13 further presents the comparison of the convergence

performance of HOPPD-MFAILC with and without load

interference in PAM control when ¢, =30. The left shows the

comparison of maximum tracking error between PAM controls
with and without load interference along time axis, and the right
shows the comparison between controls with and without load
interference along iteration axis. From Fig. 13, we can conclude
that the HOPPD-MFAILC’s convergence performance will not
be greatly influenced by the load interferences, which means
the HOPPD-MFAILC still maintains a superior convergence

performance even with certain random load interferences.
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Fig. 13. Comparison of maximum tracking errors of HOPPD-MFAILC
with load-free and load-added along time axis or iteration axis.

Finally, experiments on tracking the desired trajectory in
simulation are conducted to make the calculation result and
experimental result correspond with each other. The desired
trajectory of PAM is set to be the same as the simulation
trajectory in (31). Fig. 14 shows the tracking result of PAM

controlled by MFAILC and HOPPD-MFAILC with ¢, =40 . It

reveals that with the increase of iterations, the actual trajectory
of the PAM gradually approaches the desired one, though there
are certain unavoidable overshoots in real-world due to the step
response. Comparing (a) with (b) in Fig. 14, it is obvious that
the HOPPD-MFAILC method can track the desired trajectory
more quickly within 9 iterations. We can conclude that the
PAM controlled by HOPPD-MFAILC is able to track the
desired trajectory in better performance after several iterations
and this is in consistent with the theory and the simulation.
Though there are some delays in practical tests due to the
memory-based scheme, the control signals of previous trials
can be manipulated at a time ahead of the current instance,
which means we can compensate the process or time delay.
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Fig. 14. Tracking results of PAM controlled by (a) MFAILC and (b)

HOPPD-MFAILC with 4, =40 for the trajectory in simulation.

To statistically compare the different experiments mentioned
above, the maximum tracking errors and the root mean square
(RMS) errors of MFAILC and HOPPD-MFAILC schemes
under different PPDs are calculated. The maximum tracking
error and RMS error of HOPPD-MFAILC method at different
frequencies and different starting iterations are also obtained
respectively. Finally, the results are compared between controls
without and with loads added along the time axis and along the
iteration axis. The calculated results are shown in Table I.
Statistical results show that different initial PPDs will greatly
affect the convergence of MFAILC, while HOPPD-MFAILC
can always maintain a good performance. For example, the
maximum tracking error of HOPPD-MFAILC is about 0.2 at
the 9" iteration, while the maximum errors of MFAILC are
greatly affected by the initial PPDs, resulting 0.1830, 0.2357,
0.3602, and 0.5051, respectively with different PPDs. Control
performance of the proposed method does not change much at



different frequencies and with or without load interferences,
which validate its good robustness. The convergence speed is
quite different when start using the high-order estimation
algorithm from different iterations, which means the earlier we
use it the better convergence we can achieve. For example, the
maximum tracking error of the ninth iteration is 0.1474 when
the higher order estimation algorithm is used from the fourth
iteration, and 0.3196 and 0.4866 when the algorithm is used
from the eighth and the twelfth iteration, respectively. These all
prove that the proposed method can improve the convergence
rate and obtain an overall better control performance.

TABLE |
QUANTITATIVE COMPARISON OF EXPERIMENTAL RESULTS
Maximum tracking error RMS error
Iteration number 3 5 9 3 5 9

MFACILC | $,=10 | 1.1080 02581 01830 | 0.6671  0.1046  0.0683

(E=05Hz) [ 5" o5 | 20540 04954 02375 | 11140 03127  0.0686

B,=30 | 2480 09972 03602 | 13460 05773 0.1678

B,=40 | 27470 14510 05051 | 14960 08157 02838

HOPPD- B,=10 | 11080 02633 01811 | 06671 01296 00633

(?’f(?;h% $,=20 | 20090 03635 02033 | 11010 02011  0.0634

$,—30 | 24220 04795 02054 | 13170 02846  0.0697

B,=40 | 26840 08222 02066 | 14380 04937 00713

HOPPD- | f=0.5Hz | 26440 08222 02066 | 14380 04937  0.0713

MFAILC - ¢ 5 sp, | 25410 08207 0.0524 | 13880 04770  0.0402

%0 =40) f=SHz | 26050 08276  0.1867 | 14230 04871  0.0619

HOPPD- k =4 24860 07659  0.1474 | 13600 04774 00421

MFAILC k=8 23800 13350 03196 | 13250 07682  0.1725

@0 =140) k=12 24600 13460 04866 | 13490 07740 02720

HOPPD- | intimeaxis | 23850 05545  0.1974 | 13810 03480  0.1008
MFAILC

with loads | in iterations | 23850  0.5831  0.1973 | 13020 03385  0.0781

IV. DiscussiON AND CONCLUSION

In this paper, a high-order parameter estimation based
model-free adaptive iterative learning controller is proposed for
PAM. HOPPD-MFAILC is a completely model-free adaptive
method that just utilizes input and output data of the nonlinear
system. The dynamic linearization method is introduced to
establish the data model along the iteration axis, in which the
PPD is determined by the improved high-order estimation
algorithm. The main advantage of HOPPD- MFAILC relies on
its ability to use the data in previous iterations, speed up the
estimation of parameters, and improve the convergence while
ensuring the control accuracy. Both simulation and PAM
control experiment results show that the proposed HOPPD-
MFAILC has a faster convergence speed than MFAILC and is
more suitable for nonlinear systems. The tracking errors of the
proposed method did not show significant improvement over
MFAILC or some other iterative learning control methods such
as [29-31]. In these studies, the maximum errors ranged from 6%
to 10% [29-31], while the error of the proposed method is about
7% after tuned. One reason is that most of the current
controllers were implemented on rigid motors, as we know the
PAM has compliant features but the drawback is its control
accuracy, so the results in this work are fairly satisfactory. Even
so, the main contribution of our work is to propose a HOPPD-
MFAILC method with faster convergence speed. From Fig. 4,
Fig. 11, and Fig. 14, we can see that both methods can converge
to a low error level, but the convergence of the proposed
method is more efficient, which shows its superior convergence

performance over MFAILC and other methods, since it can
reach the stable state within 7 or 8 iterations while other control
approaches need more times, such as 15 iterations in [30], and
over 20 iterations in [29, 31]. Consequently, the theoretical
proof, simulation and experiment results all prove that the
proposed method has a faster convergence speed.

For real-time issues, ILC is a memory-based mechanism and
the memory devices are extremely cheap and easily accessible
with the present technology [32]. Our work is to propose a
high-order pseudo-partial derivative based model-free adaptive
ILC, which fully utilizes the input/output data in previous
iterations during the control process. Though the learning
control methods require a memory to store the data, since the
feedback configuration can give additional advantages such as
enhanced convergence rate [33], they in turn make the control
straightforwardly. Moreover, the record of data in several
previous iterations will not affect the real-time performance as
the current technology is able to handle the data of this level
almost in real-time [34]. From the experiment results, we can
also confirm that the proposed controller can be optimized in an
almost real-time fashion during operations, and the real-time
performance is improved as compared with other gradient-
descent-type methods such as iterative feedback tuning that
may suffer from the drawback of slow convergence [15].

In the future, the proposed method will be implemented on
the PAMs-driven ankle rehabilitation robot and new tuning
methods will be investigated to further improve the adaptability
and robustness of the controller for human robot interaction.
Further, the human voluntary movement is not the only factor
that may affect the rehabilitation performance, muscle fatigue,
emotion and other factors also play important roles during the
rehabilitation [6]. Patient’s recovery can be comprehensively
evaluated from the recorded physiological data, based on which
more reasonable adjustment of the robot assistance will be
proposed to improve the rehabilitation effectiveness [35].
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