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Abstract—In rehabilitation, passive control mode is common
used at early stages of the post-stroke therapy, when the
impaired limb is usually unresponsive. The simplest is the use of
a proportional-integral-derivative (PID) feedback control which
usually regulates the position or the interaction force along a
known reference. Nonetheless PID method cannot achieve an
ideal tracking performance due to dynamical uncertainties and
unknown time-varying periodic disturbances from the
environment. In order to minimize steady-state error with
respect to uncertainties in exoskeleton passive control, Iterative
Learning Control(ILC) and Neural PID control are proposed to
improve the control effective of conventional linear PID. In this
paper, two different control algorithms are introduced. Moreover,
an experimental study on a 5-DOF upper limb exoskeleton with
them is addressed for comparison.

Keywords—upper limb exoskeleton; passive control mode;
Iterative Learning Control (ILC); Neural PID Introduction

I. ITRODUCTION

According to World Health Organization (WHO), stroke is
the third most common cause of death in developed countries,
exceeded only by coronary heart disease and cancer [1].
Conventionally, stroke rehabilitation needs one-to-one manual
interactions with therapists [7]. Treatment plans mean that it
should therapy for several weeks, which makes it difficult to
offer highly intensive treatment for patients [10]. In recent
years, using rehabilitation robot has been received increasing
attention for stroke recovery [5], which can provide repetitive,
task-specific and effective treatment of the impaired upper limb
[10].

In rehabilitation, it is hardy for patients to move their
impaired upper limbs that are very unresponsive at the
beginning [5]. Thus, passive training could be a feasible way in
early period [11]. Thus, passive control has been to proposed
[16], which means to control the motion of an exoskeleton
rigidly along a desired reference trajectory through position
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feedback control with high corrective gains [6]. Actually,
passive control can adopt various techniques to achieve.
Proportional-integral-derivative (PID) feedback control is the
most common method [3]. It is usually regulates the interaction
force or the position or along a known reference (e.g. a
trajectory or a force field model), and also used either at the
joint or at the end-effector level. Nevertheless, there are few
research regarding PID gains tuning for upper limb robots.
Independently using PID tuning algorithms is not possible due
to the responses being nonlinear. Therefore, intelligent control
strategies have been researched and widely used [2, 26, 28].
Neural PID is a typical one. Being similar with robust adaptive
control methods [24, 29], it could adjust weights in order to
adjust parameters of PID by updating laws to make the closed-
loop systems stable. Iterative Learning Control (ILC) has been
important to provide improvement in tracking performance
compared with the use of feedback controllers alone [19].
Initially, ILC algorithms were developed based on the
contraction mapping theory and required priori knowledge [20]

In this paper, two different passive control methods were
proposed for passive trajectory tracking of an upper limb
exoskeleton robot in order to improve its effectiveness when
treating stroke patients. The effectiveness of the proposed
adaptation strategy is evaluated by experiments. The paper is
organized as follows: Section II, iterative learning control and
neural PID control are introduced, and back propagation neural
network (BPNN) algorithm was presented for PID parameters
adjusting. A 5 DOF upper limb exoskeleton is presented and
experiments are carried out in Section III. Section IV gives
conclusions of this work.

II. METHODS

A. Iterative Learning Control (ILC)

Fig 1 shows the ILC Control Structure [23]. UP represents
the upper limb robot; C is the feedback of the controller,



and L is the feed-forward of the controllers; MEM is the
memory for the system; the control law u=u, +u_ ,which

k=12,...,N is the current iteration number, where the feed-
forward u, is the input trajectory; g, is the real output trajectory;
and g, is the desired output trajectory. u;,; is next term
of u, ,which presents the feed-forward off-lined calculated

iteration result The feed-forward controller is based on the
update control law that improves the feed-forward control
term (u;, ) .For the nonlinear dynamic model, we propose the

following update control law[19]:

Ut (1) = u () + T (1) + e () + ¥ [ e, (e (1)
0

where I', @, ¥ are learning gain matrixes; the error between real
position and the desired position is e, (t) = q,(t) q,(¢) ;the
+
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Fig. 1 ILC Control Structure

initial input of feed-forward control is u,(¢);¢:¢ €[0,7]is the
tracking time, and [0, 7] is the robot tracking time interval.

Learning algorithm convergence analysis is very important
for ILC. An adequate condition called spectral radius method is
a good way to measure whether proposed update control law
could guarantee robustness and convergence. It has been
proved the considered dynamic model of the upper limb robot
if it can be satisfied as followed [18]:

li-2a]<p<1 @)

where [ is the identity matrix, 4 is the inertia matrix of the
dynamic equations of motion, L is the learning operator that is

to be specified, and || || is the Euclidean matrix norm.

B. Neural PID Control

Neural PID control method is to adjust the weights of each
neural network in order to achieve optimal PID parameters by

training[27]. Back propagation neural network (BPNN)
structure  has been used. Where, X,=x, x; ,

X, =X, X;,X,=2X, X;.There are two inputs and three

outputs for the controller. First one is the / th error of
positionand ¢, =F,; £ second one is the / th error of

velocity ¢, =Pld—}"1 .Outputs are the / th desired PID

parameters K, , K, and K, .

This neural network included two inputs, four hidden
neurons and three output neurons.

i, =e(n),n=12 (3)
2
Nty (k)= D 1 =1,2...,4 )
n=1
Oy, (k) = f(nety,, (k)),m=12...,4 (5)
1
0GR =/ =1 "= (6)

where i, are inputs, which e, = e(1) and ¢, = e(2), net,, is the
input of the m th hidden layer, The variable w,,,,, denotes the
weight between neurons m and n .Then use the logistic function
to squash (8) in order to get the output of . O(z) is in general

non-linear and differentiable so that it is commonly used as a
logistic function. Correspondingly, it could be calculated both
inputs and outputs of output layer.

3

net, (k)= Y @pymOpmsm =1,2...,4 7)
v=1

O (k)= f(net,,(k))v=123 ®

The squared error function can be used to achieve the error
for each output neuron and sum them to get the total error

1
Ep(k) =5 (K, (k)= K}, (k))’ ©
1
Epy (k) = S (K (k) ~ Ky (k))” (10)
1
Ey3 (k) = 5 (K g (k) = K} (k))’ (1)
Byt (k) = Eyy (k) + E (k) + E(k) (12)

Where K,,(k) , K,; (k) and K, (k) are the training target PID

parameters, which are compared with real
outputs K, (k) , K;(k) and K, (k) . The goal is to update each

of the weights in the network so that they cause the actual
outputs to be closer the target outputs, thereby minimizing the
error for each output neuron and the network as a whole.

o, (k)

Aw(k) = n + Aok = 1) (13)

With gradient descent method, learning rate # and inertia
coefficient y can be used to describe weights changing.

III. EXPERIMENT AND RESULTS

In order to test these two passive control methods, a SDOF
exoskeleton has been used to track trajectory experiments. The
exoskeleton consists of 5 DOF, including actuating 4 DOF (3
DOF for shoulder joint spherical motion and 1 DOF for
actuating)and elbow 1 DOF(Fig.3). In addition, the exoskeleton
could achieve flexion & extension, for both shoulder and elbow,
medial & lateral rotation running and abduction & adduction



for shoulder. By using the exoskeleton, the patients should be
in a seated position in order to ensure the patients will be
limited in the appropriate usage position. The exoskeleton uses
five motors to operate the exoskeleton to ensure they do not
interfere with the movements of the exoskeleton. A keyed shaft
transmits torque between the motors and the link segments[16].

The Newton-Euler method is used to derive the equations
of motion for each exoskeleton joint (14) where 7, is the
actuation torque produced by the motor-gearbox unit. 7;is the
torque due to inertia2. 7 is the torque caused by gravitational

forces, 7 is the friction torque. 7, is the torque caused by the

disturbance user’s limb movements. On a flip side, torque
caused by coriolis and centrifugal effects are small since the
exoskeleton operates at low velocities and are assumed to be
negligible.

=Tt tipt1, (14)

The inertial torque experienced by an exoskeleton joint is
given by (15) where 7, is the inertia tensor of the segment at the
joint coordinate system. a is the angular acceleration of the
joint and NV is the total number of segments acting on the joint.

N
5,=3 I;xa (15)
S

As with inertial torque, the torque caused by gravitational
effects also depends on the configuration of the exoskeleton.
The gravitational torque acting on an exoskeleton joint is given
by (16) where p_ is the displacement vector from the joint to

the center of mass of segment. m, is the mass of the
segment, R, is the rotation transformation matrix between the
global coordinate system and the joint coordinate system
and g is the gravitational constant vector in the global
coordinate system.

N

T, = Y ps ¥ (m(R,g)) (16)

S

Friction is a resistance to joint motion and is present in the
motor. gearbox. bearings and the Joint 4 rail. In the present
work, friction is modeled using a piecewise function (17)
where k, is the positive torque constant determined

experimentally. The friction torque is assumed to act in the
direction opposite to joint motion and if the joint is stationary
then the friction torque is considered to be acting opposite to
the direction of the control output.

Fig. 2 The 5 DOF exoskeleton prototype
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The experiments consist of 2 parts. Firstly, it is designed to
use elbow joint to track a 7/ 4 arc trajectory in order to test the
transient response of two methods. Secondly, a round-trip
repetitive /4 arc trajectory is used to test rapidity, accuracy
and stability. For contrasting intuitively, linear PID control is
implemented. It regards angle error as the result, and uses
Root-Mean-Square Error (RMSE) to measure the property.

The control result of first test is shown in Fig.3, and the
RMSE is shown in Table I. The performances (main transient)
of both Neural PID and ILC methods are good. but linear PID
one is poorer. There still exists regulation error because of
mechanical vibration. Moreover. it is shown in Table I that the
errors of Neural PID are smaller than ILC ones.

The control result of second test is shown in Fig.5, and the
RMSE is shown in Table IL. the performances of ILC method is
much better than Neural PID method . According to Table II, it
shows that ILC method has the smaller errors.
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Fig. 3 Elbow Angle in first test



Fig. 4 Elbow Angle Errors in first test
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Fig. 5 Elbow Angle Errors in second test

15 : : : Linear PID Control
Neural PID Control
i —— Iterative Learning Control|

Angle Error

Fig. 6 Elbow Angle Errors in second test

Clearly, both Neural PID control and ILC could
successfully achieve a good performance of tracking trajectory.
Because they have compensator to handle the uncertainties,
instead of using fixed PID parameters. Neural PID has good
performance of the transient response due to its previous
training parameters. However, ILC has advantage improving
effectiveness by learning laws

TABLE I RMSE of first test

ILC Neural PID Linear PID
1.44 1.75 2.92
1.75 1.81 2.76
RMSE 0.44 0.96 244
0.07 0.39 2.37
0.19 0.29 1.92
TABLE II RMSE of second test
ILC Neural PID Linear PID
5.50 9.44 10.90
3.50 7.45 9.84
RMSE 241 7.43 9.88
4.48 8.43 11.90
1.88 6.91 9.81

IV. CONCLUSION

The paper proposed a new ILC method and neural PID
control method for improving the effectiveness of upper limb
rehabilitation. The control methods have been developed for a
passive control mode of an upper limb exoskeleton, which was
developed at the Medical and Rehabilitation Robotics group at
the University of Auckland. The neural PID and ILC have been
developed to control the 5-DOF exoskeleton robot. Theory and
experiment analysis show the different characteristics and
reliable validity of control methods in the passive control mode.
Neural PID method is an available control strategy displacing
linear PID by achieving training parameters, the method has
been compared with ILC method. Evidences showed that the
ILC method is an effective technique for repetitive
rehabilitation passive training because of its learning ability,
which will increase tracking accuracy.

ACKNOWLEDGMENT

The authors would like to acknowledge the funding support
from the Lottery Health Research Council of New Zealand and
the scholarship from the Chinese Scholarship Council.

REFERENCES

[1] “World health organization website,” Mar. 2013.

[2] Ho Shing Lo, Sheng Quan Xie, Exoskeleton robots for upper-limb
rehabilitation: State of the art and future prospects, Medical Engineering
& Physics, vol. 34 p. 261- 268, 2012

[3] R. W. Teasell and L. Kalra, "What's New in Stroke Rehabilitation,"
Stroke, vol. 35, pp. 383-385, 2004.

[4] J.Alvarez-Ramirez, R.Kelly, I.Cervantes, Semiglobal stability of
saturated linear PID control for robot manipulators, Automatica,
v0l.39,989-995, 2003

[5] V. S. Huang and J. W. Krakauer, "Robotic neurorchabilitation: A
computational motor  learning  perspective,"  Journal  of
NeuroEngineering and Rehabilitation, vol. 6, 2009.



[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

Tommaso Proietti; Vincent Crocher; Agnes Roby-Brami; Nathanael
Jarrasse, “Upper-limb robotic exoskeletons for neurorehabilitation: a
review on control strategies”, IEEE Reviews in Biomedical Engineering,
vol: PP, Issue: 99, 2016

G. Kwakkel, B. Kollen, and H. Krebs, “Effects of robot-assisted therapy
on upper limb recovery after stroke: a systematic review,” NNR, 2007.

Wen Yu and Jacob Rosen, A Novel Linear PID Controller for an Upper
Limb Exoskeleton, 49th IEEE Conference on Decision and Control,
CDC’10, Atlanta, USA, 3548-3553, 2010.

L. Marchal-Crespo and D. Reinkensmeyer, “Review of control strategies
for robotic movement training after neurologic injury,” JNER, vol. 6, no.
1, p. 20, 2009.

V. Klamroth-Marganska, J. Blanco, K. Campen, A. Curt, V. Dietz, T.
Ettlin, M. Felder, B. Fellinghauer, M. Guidali, and A. Kollmar, “Three-
dimensional, task-specific robot therapy of the arm after stroke: a
multicentre, parallel-group randomised trial,” Lancet Neurol, vol. 13, no.
2, pp. 159-166, 2014.

K. Kong and D Jeon, “Fuzzy control of a new tendon-driven exoskeletal
power assistive device”, in Proc. IEEE/ASME International Conference
on Advanced Intelligent Mechatronics, Monterey ,California, 2005, pp.
146-151.

Krebs, H.I, Palazzolo, J.J., Dipietro, L., Ferraro, M., Krol, J.,
Rannekleiv, K., Volpe, B.T., Hogan, N.: Rehabilitation robotics:
Performance-based progressive robot-assisted therapy. Auton. Robots
15(1), 7-20 (2003).

T. Ando, M. Watanabe, and M. G. Fujie, "Extraction of voluntary
movement for an EMG controlled exoskeltal robot of tremor patients,"
in International IEEE/EMBS Conference on Neural Engineering, 2009,
pp. 120-123.

P. K. Artemiadis and K. J. Kyriakopoulos, "Estimating arm motion and
force using EMG signals: On the control of exoskeletons," in [IEEE/RSJ
International Conference on Intelligent Robots and Systems, 2008, pp.
279-284.

“Development and control of a wearable robot for rehabilitation of
elbow and shoulder joint movements,” in IECON, pp. 1506-1511, IEEE,
2010.

H. Lo and S. Xie, “An upper limb exoskeleton with an optimized 4r
spherical wrist mechanism for the shoulder joint,” in AIM, pp. 269-274,
IEEE, 2014

A. Frisoli, C. Procopio, C. Chisari, I. Creatini, L. Bonfiglio, M.
Bergamasco, B. Rossi, M. Carboncini, et al., “Positive effects of robotic

exoskeleton training of upper limb reaching movements after stroke,”
JNER, vol. 9, no. 1, p. 36,2012

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

(28]

[29]

[30]

M. Milot, S. Spencer, V. Chan, J. Allington, J. Klein, C. Chou, J.
Bobrow, S. Cramer, and D. Reinkensmeyer, “A crossover pilot study
evaluating the functional outcomes of two different types of robotic
movement training in chronic stroke survivors using the arm exoskeleton
bones,” INER, vol. 10, p. 112, Dec. 2013.

Gopinath S, Kar 1. Iterative learning control scheme for manipulators
including actuator dynamics. Mechanism and Machine Theory 2004;
39:1367-1384.

Xu JX. Analysis of iterative learning control for a class of nonlinear
discrete-time systems. Automatica 1997; 33(10):1905-1907.

Delchev K, Zahariev E. Computer simulation based synthesis of learning
control law of robots. Mechanics Based Design of Structures and
Machines 2008; 36(3):225-248.

Delchev K. Iterative learning control for nonlinear systems: a bounded-
error algorithm. Asian Journal of Control 2013; 15(2):453-460.

C.T. Freemana, A.-M. Hughesb, J.H. Burridgeb, P.H. Chappella, P.L.
Lewina, E. Rogersa, Iterative learning control of FES applied to the
upper extremity for rehabilitation, Control Engineering Practice, vol 17,
p 368-381.

P.Rocco, Stability of PID control for industrial robot arms, IEEE
Transactions on Robotics and Automation, VOL.12, NO. 4 , 606-
614,1996

T.Dierks, S.Jagannathan, Neural Network Output Feedback Control of
Robot Formations, IEEE Transactions on Systems, Man, and
Cybernetics, Part B, Vol.40, No.4, 383-399, 2010

C-S.Chen, Dynamic Structure Neural-Fuzzy Networks for Robust
Adaptive Control of Robot Manipulators, IEEE Trans. Industrial
Electronics, VOL. 55, NO. 9, 3402-3414, 2008

G.M. Scott, J. W.Shavlik, W. H. Ray, Refining PID Controllers Using
Neural Networks, Neural Computation, Vol. 4, No. 5, 746-757, 1992

Xie, S. Q. and Jamwal, P., “An Iterative Fuzzy Controller for Pneumatic
Muscle Driven Robot”, Expert Systems with Applications, available
online at, http://dx.doi.org/10.1016/j.eswa.2010.12.154, 38 (7), pp.
8128-8137,2011.

Graham, A. E., Young, A. J., Xie, S. Q., 2007, “Rapid Tuning of
Controllers by IFT for Profile Cutting Machines”, Mechatronics, Vol.17,
No.2-3, pp.121~128, 2007

Liang Zhou, Wei Meng, Charles Z. Lu, Quan Liu, Qingsong Ai and
Sheng Q. Xie, “Bio-Inspired Design and Iterative Feedback Tuning
Control of a Wearable Ankle Rehabilitation Robot”, ASME Journal of
Computing and Information Science in Engineering, published online
June 17, 2016. doi:10.1115/1.4033900



