Intelligent Service Robotics
https://doi.org/10.1007/511370-020-00346-3

ORIGINAL RESEARCH PAPER

=

Check for
updates

Gait pattern generation algorithm for lower-extremity
rehabilitation—exoskeleton robot considering wearer’s condition

Seung Hoon Hwang' - Dong Ik Sun’ - Jeakweon Han'

Received: 8 May 2020 / Accepted: 10 December 2020

-Wan-Soo Kim'

© The Author(s), under exclusive licence to Springer-Verlag GmbH, DE part of Springer Nature 2021

Abstract

Various exoskeleton robots are being developed according to users’ conditions. Lower limb exoskeleton robots have attracted
much attention for performing walking motions, a basic exercise for paralyzed patients. In this study, the walking environment
of an exoskeleton robot wearer who walks using a crutch is identified as the foot position of the crutch support point and the
support leg; therefore, the upcoming foothold location is calculated and sets as a control target. Rather than using preset pedes-
trian patterns, pedestrian patterns that can match the environment are created using the dynamic movement primitives machine
learning technology. We evaluated the exoskeleton robot through an experiment with a healthy 29-year-old male. The experi-
mental results showed that the exoskeleton robot was able to demonstrate the adaptive strides according to the wearer’s intention.

Keywords Rehabilitation robot - Exoskeleton robot - Gait pattern generation

1 Introduction

A person may be completely paralyzed by a strong external
force applied to the spinal cord (e.g., in a car accident or
a fall) resulting in damage to motor nerves, or caused by
stroke, thereby completely losing the ability to walk and
having limited potential for recovery [1]. There are 250,
000-500, 000 spinal cord injury (SCI) patients worldwide
each year [2]. The priority for these patients is to restore
their ability to walk, thus improve their quality of life [3].
Toward this end, many exoskeleton robots are being devel-
oped to enable patients to recover their walking ability.
Commercial exoskeletal robots, such as ReWalk Robotics’
Rewalk [4], Ekso Bionics’ Ekso [5], and Parker Hannifin
Corp’s Indego [6], enable the patient to walk with the help
of crutches for safety. Patients use different types of support
points for support each time they wear the robot and walk.
However, because exoskeleton robots move using a gen-
eral person’s average walking pattern that is preset without
considering the foot’s support position and the crutches,
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the patient must walk according to the walking pattern. To
improve the exoskeleton motion control, the exoskeleton
robot needs to consider certain important aspects. First,
when the patient uses the crutches, it is necessary to under-
stand the walking environment, considering the crutches
supporting position and the patient’s posture. Second, by
creating a walking pattern tailored to the walking environ-
ment, the robot can walk accordingly.

Recently, various global institutes research the exoskel-
eton robot system motion control for SCI patients in various
ways [7-9]. In one of the ways, research institutes have used
several adaptive algorithms. Chen et al. used the joint angle
and foot reaction force to determine the walking conditions
and design an adaptive control strategy using a multilayer
perceptron neural network algorithm [10]. Koller et al.
used an electromyography sensor to determine the walking
conditions and make the adaptive gain proportional to the
myoelectric controller, which reduces the hip power during
walking [11]. In some cases, adaptive methods have been
applied to end-effector type gait robots, and studies have
been conducted to increase the rehabilitation effect using
adaptive algorithms for overground gait trainer and hand
rehabilitation robots through wires [12—15]. As described
above, studies to increase the rehabilitation effect by adap-
tive methods to rehabilitation robots are being conducted in
various directions [16, 17].
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The specific contributions of this paper are: (1) obtaining
the feasible foothold position, which is calculated by the
kinematic model of the exoskeleton as well as the crutches,
that takes into account to keep the support polygon as well
as patient’s safety, (2) development of the gait pattern gen-
eration algorithm using the dynamic movement primitives
(DMP) machine learning method that enables to generate
the online adaptive walking pattern as regarding the environ-
ments. This approach exploits the developed exoskeleton,
which is called Walking Assistant robot for Paraplegia Ver.
2 (WAP-2), and an inertial measurement unit (IMU) sen-
sor, where is mounted in the upper limb of WAP-2 and the
crutches, respectively.

The rest of this paper is organized as follows. Section 2
presents the support point identification method and the cal-
culation of the support polygon loss target position using the
kinematic model of the WAP-2 robot. Section 3 details the
DMP technique and the creation of walking patterns. Sec-
tion 4 presents simulations and an experiment to validate the
research. In Sect. 5, we discuss our results. Finally, Sect. 6
presents the conclusions of this study.

2 WAP-2 modeling and support point
detection

2.1 WAP-2 lower-limb exoskeleton robot

WAP-2 is a robot developed for restoring the walking
ability of patients with paraplegia caused by SCI. Fig-
ure 1 shows the WAP-2 robot when worn. WAP-2 has
eight joints, four active and two passive, in the sagittal
plane. The four active joints support the flexion/extension
movements of the hip and knee joints, and the two passive
joints have the degree of freedom (DOF) of the plantar-/

Fig. 1 Walking assist robot for
Paraplegia Ver. 2 (WAP-2)
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dorsi-flexion motion of the ankle. Misalignment occurs
because gait is not merely characterized by a rotational
motion of 1 DOF of each joint but of a motion in three
dimensions. Since this causes the wearer discomfort, in
this study, WAP2 has two passive joints in the frontal
plane that have the degree of freedom of the abduction/
adduction motion of the hip joint (Fig. 2). The angle
change of the active and passive joints is measured by
the encoder, and the upper body’s inclination is measured
by the roll/pitch/yaw sensor and the angular velocity data
of the upper back IMU sensor.

2.2 System kinematic modeling and supporting

Figure 3 shows the robot’s product of exponential (POE)
formula, which allows the modeling of its kinematics [18].
Before performing kinematic modeling, we made the fol-
lowing assumptions:

e No upper body movement occurs when the patient is
being supported with crutches. In other words, there is
no angle of the upper body in the supporting section of
either crutch.

e Because the crutch length does not change, the crutch
supporting point can be reliably obtained by calculating
the configuration of both shoulders (Fig. 3, frames 7 and
).

Hence, the forward kinematics have the form can be rep-
resented as

Tys(6) = 150100 p15110; 415,10, 5416, ,[S5165 e[Sa]HeMO()’ 6))

Motor
(Right hip joint)

= Motor
(Right knee joint) Motor

(Left hip joint)

Motor
(Left knee joint)
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Fig.2 WA-P hip module pas-
sive joint for human walking

Fig.3 PoE formula for WAP-2,
(lk: length of robot calf link, lA:
length of robot thigh link, L:
left leg length lk1+1h1, R: right
leg length Ik2 +1h2)
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where T represents the frame 6 configuration relative to
frame 0. To calculate the forward kinematics with POE for-
mula, we need the following elements [18].

e The end-effector configuration M € SE(3) when the robot
joints are at zero position.

e The screw axes S, S, ...S, expressed in the fixed frame
correspond to the joint motions when the robot is at the
joint zero position.

e The joint variables are 8,, ..., 6,

n

Then, MO06 is expressed as

10 OL-R
01 0 O )
00 1Llrunk

00 0 1

M(0) =

Table 1 lists the screw axes for frames 0 t0 6. S; = [/ v/ ]"
is skew symmetric matrix. Similarly, at the base frame 0, for
both shoulder frames 7 and 8 (Fig. 3), the forward kinemat-
ics are, respectively, expressed as follows:

Tyr(0) = 6[50]906[51]916[52]926[53]036[57]97MO7’ 3)
Tos(0) = 6[50]906[51]916[52]926[53]93e[SS]HSMog, 4
1 0 0 L+ Lyppgr

0 -1 0 0
My;(0) = 3
07 0 0 -1 _%mek + O-SLshoulder ( )
0 O 0 1
and
-1 0 0 L+ Lyppgr
0 1 0 0
My (0) = 6
07 0 0 -1 _%Ltrunk - O'SLshoulder ( )
0 O 0 1

Both crutch supporting points pcr and pcl can be
obtained by the 7 and 8 configuration because the length
of the crutches is constant. If the x-axis component of the

Table 1 Screw axes of frames

0106 Lo Vi
0 0,0,1) (0,00
1 001  (0-Ikl0)
2 (0,0-1)  (O-LI)
4 (0,0-1)  (0-L0)
5 0,0,1)  (OLdh2,1)
6  (0,0,1)  (OLR0)
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Fig.4 Supporting point of crutch and foot: a long stride length, b
swing leg foothold on line equation, and ¢ short stride length

Table 2 Screw axes of frames i o v,
0to7

0,0, 1) (0, 0,0)

0,0,1) (0,~Ik1,0)
(0,0,-1) (0,-L,1)

0,0,1) (0,L,0)

(0,0,1) (0,L+LUPPER)

~N W N = O
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Table 3 Screw axes of frames
0to8 !

0,0,1) (0,0,0)

0,0,1) (0,~1k1,0)

(0,0,-1) (0,-L,1)

0,0,1) (O,L,0)

(0,0,-1) (0,-L—-LUPPER,0)

Vi

o W N = O

supporting point has a value of 0 according to the coordi-
nates of the fixed frame 0, the foothold and the crutch sup-
porting point of each foot in the z and y two-dimensional
plane, shown in Fig. 4, indicate a location (Tables 2, 3).

The state before the swing is a quadruple stance (two
feet, two crutches). However, the state when walking is a tri-
ple stance (one foot, two crutches), and the support polygon
becomes a triangle, as shown in Fig. 4. If the swinging foot
is inside the support polygon, it has the shape of a rectangu-
lar support polygon (Fig. 4a) that is smaller in area than the
support triangle. In terms of stability, walking is more stable
because the area of the support polygon can more easily enter
the stable area than when it is reduced. However, if the stride
length is too short (Fig. 4c), it slows down the walking speed
and tires the patient’s upper body after a long walk. If the
stride length is too long, the area of the support polygon may
decrease and cause the wearer’s Center of pressure (COP) to
move out of the support polygon, resulting in unstable walk-
ing. Therefore, we calculate the target foothold position for
walking with two compromises. As shown in Fig. 4b, if the
target position of the foothold of the swinging leg is made on
the straight line, the equation of the triangle of the current
support polygon can be expressed as

(pfr) - pcly)

p I'I T = —(p lf rget
Fltarge (pfrx _ pclx) S Litarge

=Py ) * g, (7N

In the linear equation derived by the foot position p;, and
the left crutch point p; we can calculate a target foot position
for the swinging leg that does not reduce the support polygon
space. Then, before swing foot position p_, and target position
in line equation make the target stride length Pfr This can

generate a walking pattern that does not reduce the support
polygon space. Moreover, the target position changes accord-
ing to how the patient places the crutch and positions the foot.

With this concept, the zero moment point (ZMP) generated
from the two crutch points and one stance foot position is in
the support polygon and it does not bring too short stride. It
can thus be considered that it is possible to provide the wearer
with safety and a stride adapted to his or her condition [19,
20].

3 Intuitive pattern generation
3.1 Dynamic movement primitives (DMPs)

DMPs apply biological movements to robotics technology
to create appropriate patterns in different situations rather
than using preset patterns. A DMP is considered a com-
bination of simple policies aimed at reducing the control
policy of complex movements such as walking. To that end,
it generates a pattern of human motion as a sum of nonlinear
dynamics. This method is very similar to the motor pattern
generator method in neurobiology. The pattern can be gener-
ated without manual parameter tuning and therefore has the
advantage of being able to cope with both rhythmic and dis-
crete movements. In this study, the DMP theory was applied
to the WAP-2 system to create walking patterns suitable for
different situations [21].

3.2 Formalization of DMPs for WAP-2

DMPs were applied to WAP-2 by using the following sec-
ond-order dynamic equation:

z=alflg--2+f.y=2z (8)

where y, ¥, and y are, respectively, the desired angular posi-
tion, velocity, and acceleration of WAP-2, respectively, g
is the known target state. « and § are the gain terms for the
critically damped system. The forcing term nonlinear func-
tion f can be chosen as

N N
Y Ww,/ Y 0, ©)
i=1 =1

where Wi represents fixed basis functions, and wi represents
adjustable weights that depend on the forcing function’s time
[22].

The canonical dynamical system of our robot system is
given by

x(t) = —a,x(), (10)

where ax is a constant that makes the system stable. By sub-
stituting time in (10), the forcing function can be expressed
as

Z;\il Yi(Nw;
f@O) = ————x * (g — o) (11)
Zﬁ] Y1)

where y0 is the initial state of the system, and Wi(x) is a
Gaussian function expressed as

Y. (x) = exp(—h; (x — cl-)z), (12)
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where ci is the center of the Gaussian function, and #i is the
variance. Interestingly, the complex nonlinear function is
represented by a linear combination of a simple basis func-
tion, which is a common method in machine learning [22].
By properly learning the wi in (11), reproduction can be
performed according to the primitive trajectory.

3.3 Learning using locally weighted regression
(LWR)

As previously stated, we aim to solve a complex modeling
problem using many simple local models. To learn the wi, we
use the locally weighted regression (LWR) method. LWR is a
very fast learning process that is independent of kernels. This
enables us to achieve stable parameterization for movement
recognition. The weights wi define the spatial path with differ-
ent weights of the basis function. Before calculating the wi, the
desired trajectory of the f value can be expressed using (8) as

3)

Then, we determine how to force function finto f;,,.,- The
LWR finds each basis function ¥i in the forcing function f
of the corresponding wi that minimizes the locally weighted
quadratic error as

f;arget =z-a(flg-y)—2)

N
Ji= Y W0 (g ) — 0, (xD) (8 = 3o)) )’ (14)
i=1

The solution of (14) is

STFif;arget
w; = S—T (15)
where

w1 0 .. 0
¥@2 ... 0

x[ﬂ(g - y())

%@=y) |p_| O

%, (8 = o) 0 0 ¥,(N)

ﬁarget( 1 )
f;arget (2)

flarget =

f;urget @)

3.4 Rescaling learned walking pattern

To make variable walking trajectories, another term, k, is
added in system Egs. (3) and (5):
t=K(a(f(g-y)—2)+f), and (16)

x(1) = k(—a,x(1)) A7)
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where the range of k is always the positive value and varies
with the length of thigh and calf links that is defined the
stride length. For example, for k=0.8, the new trajectory
of the walking pattern has smaller stride length than that of
the original walking pattern, whereas for k=1.2, the new
trajectory of the walking pattern has longer stride length
than that of the original walking pattern without losing the
original walking pattern. Figures 5 and 6 show the simula-
tion results obtained using the DMP method. For k=1, it
can be confirmed that the reproduction trajectory is similar
to the primitive trajectory and the stride length is 0.6 m,
similar to the demonstration, as shown in Fig. 5. For k> 1,
the amplitude and stride length appear to be greater than
those of the primitive trajectory, as shown in, as shown in
Fig. 6. Through this generalization, the walking pattern can
be regenerated so that the user can walk with a desired step
length. This should result in increased utilization in activi-
ties of daily living (ADLSs).

As mentioned in Sect. 2, we aim to produce an exoskel-
eton gait trajectory that considers the wearer’s state. To find
a walking stride that fits the wearer’s state, we calculate the
relationship between the stride length and k& using curve fitting
method.

The relationship between the desired stride length pfi,
and constant k is expressed as.

target

— 3 2

Phlyiarger = —0.994k” + 2.644k* — 1.37k + 0.2702 (18)

When applied to WAP-2, this pattern generation method
works as follows:

e The WAP-2 robot detects the wearer’s state using the kin-
ematics solutions of (1)—(6).

e Then, the robot calculates the appropriate desired stride
length p f Ly

e The robot can calculate a positive constant & using (18).

e Finally, the robot generates the rescaled gait trajectory

using the DMP solution with a constant k.

To evaluate this pattern generation algorithm, we conducted
an experiment, described in Sect. 4.

4 Experiment and evaluation
4.1 Experimental setup

The WAP-2 robot used in the experiment to evaluate out
pattern generation method consists of an NI sbRIO-9627
main board and four Kollmorgen RBE-01510B actuators
and is coded using NI LabView 2015. The crutches have
an IMU sensor (Xsens MTi 1-series) for crutches pose
and the back of WAP-2 have same an IMU for upper limb
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Fig.5 Simulation of DMP
method for walking pattern
generation (k=0.8). (Top) Two
graphs show the trajectory of
the hip and knee joints. Red and
blue lines, respectively, indi-
cate original walking pattern
and rescaled walking pattern
obtained using DMP method.
(Bottom) Two graphs show the
foot trajectory in the Carte-
sian space. Left: rescaled foot
trajectory. Right: original foot
trajectory. a During simulation,
red link: thigh link 0.4 m, Blue
link: Calf link 0.42 m and b
simulation result
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Fig.6 Simulation of DMP
method for walking pattern
generation (k=1.2). (Top) Two
graphs show the trajectory of
the hip and knee joints. Red and
blue lines, respectively, indi-
cate original walking pattern
and rescaled walking pattern
obtained using DMP method.
(Bottom) Two graphs show the
foot trajectory in the Carte-
sian space. Left: rescaled foot
trajectory. Right: original foot
trajectory. a During simulation,
Red link: thigh link 0.4 m, Blue
link: Calf link 0.42 m and b
simulation result
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IMU for
Upper angle

Fig.7 Configuration of the experimental setup environment

lean angle [23]. The robot uses a proportional—differen-
tial (PD) control trajectory tracking method to implement
the walking motion. The experiment was conducted with
the participation of a healthy 29-year-old man wearing
the WAP-2 robot (Fig. 7). For the validation experiment,
the subject was asked to perform three steps for a trial.
In each trial, the length of the step varied slightly from
the holding position of crutches: long length 0.8125 m
(k=1.4595), normal 0.6298 m (k=1.0889), and short
0.58 m (k=1.0322).

4.2 Experimental result and evaluation

The experimental results of pattern generation are shown
in Fig. 8. Figure 8a shows that WAP-2 calculates P by
combining the angles of each joint, the inclination of the
upper body, and the angle of the crutch. The resulting
P is 0.7292 m. Since it has a larger value than the
original stride length when k=1, the new constant k is
calculated k=1.22, which is greater than original. The
DMP creates a new joint trajectory. The blue line in Fig. 8a
shows the robot’s joint angle when it moves to the new
trajectory. As can be seen, the amplitude of the joint angle
is greater than the original.

Conversely, in Fig. 8b, WAP-2 calculates the P from
joint angle and IMU data. The new P is 0.5027 m. Since
this is less than the stride length when k= 1, the constant k£
also has a value less than 1 (k=0.95). A new trajectory is
generated by the DMP. The blue line in Fig. 8b shows the
joint angle of the WAP-2 robot determined by the newly
generated value. As can be seen, the amplitude of the joint
angle is smaller than the original. The experimental results

show that the WAP-2 exoskeleton robot determined the
wearer’s state by the angle of each joint, the inclination of
the upper body, and the inclination of the crutches. It also
calculated a stride length that did not reduce the area of the
support polygon and created an appropriate joint trajectory
to provide movement to the wearer. We can thus see that the
exoskeleton robot generates a walking pattern suitable for
the wearer by generating either short or long strides accord-
ing to the wearer’s state. These results demonstrate that our
proposed walking pattern generation method is valid.

5 Discussion

Through the proposed algorithm, the position of the crutch
point and the stance foot were determined by using the wear-
er’s kinematic information. A new hip and knee joint trajec-
tory were, respectively, generated using the DMP algorithm.
Our simulation results showed that when the constant k was
greater than 1, it produced a longer stride than the original,
and when it was less than 1, it resulted in a shorter stride
than the original. This aspect could also be seen in the hip
and knee joint trajectories. The results of our experiment,
which was demonstrated by a real exoskeleton robot, showed
that the stride length and hip/knee joint patterns are changed
by the wearer’s kinematic state. The main advantage of the
proposed method is in its reduced complexity and limited
amount of required measurement systems, which could sig-
nificantly improve its applicability in real environments.

The objective of the proposed method is to exploit the
potential of the exoskeleton gait control using in the reha-
bilitation field. However, it should be emphasized that this
result was produced with a healthy participant. Accordingly,
future works will focus on the investigation of the subjects’
experiment to the paraplegia patients and its feasibility that
includes the long-term effects on the subjects as well as the
comparative study (i.e., comparison with the traditional
approach). Also, the capture point, the zero rate of angu-
lar momentum, and the center of pressure considered when
creating a humanoid gait pattern are additionally used, the
gait pattern generation algorithm proposed in this study is
expected to be further developed [24, 25].

6 Conclusion

This study proposed a method for generating various and
appropriate for an exoskeleton WAP-2 robot. The trajecto-
ries were learned and reproduced by DMP. Although many
exoskeletons for SCI patients have been studied, the previous
work has employed mostly to generate normal gait pattern
to users without taking into account the patient’s state and
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Fig.8 Measuring the stride 60 T T T T
length and joint angle of each k Original(tau=1)
scale. a Result trajectory when 50 - Rescaling Robot Experiment(tau=1.22) ]
k=1.22, b result trajectory
when k=0.95
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data, blue-line : The rescaling(k=1.22) hip joint data when p s =0.7292mlonger
than original stride length
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(b) The Hip joint experiment WAP-2 data red-line : The original(when &=1) hip joint
data, blue-line : The rescaling(k=0.95) hip joint data when p =0.5027m less

ytarget
than original stride length

its effectiveness on varying patterns. We evaluated this gait ~ be used in the further applications such as the daily life-
pattern method through simulation and an experiment using  style changes through the safety of the patient’s exoskeleton
a real exoskeleton robot with a healthy wearer. Our results ~ walking.

represented the potential to the prior approach that it can
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This method can be useful in ADLs that the various stride
lengths can help to avoid obstacles, such as sidewalk curbs
or potholes, and prevent falling forward by increasing the
stride length. Moreover, the safe supporting point’s con-
siderations can be employed a stroke patient’s safety while
walking with the exoskeleton and crutches. However, it is
necessary to further our research with experiments involving
actual SCI or stroke patients.
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