This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

IEEE TRANSACTIONS ON AUTOMATION SCIENCE AND ENGINEERING

Individualized Gait Pattern Generation for Sharing
Lower Limb Exoskeleton Robot

Xinyu Wu

, Member, |IEEE, Du-Xin Liu, Student Member, |EEE,

Ming Liu, Member, IEEE, Chunjie Chen, and Huiwen Guo

Abstract— The development of sharing technology makes it
possible for expensive lower limb exoskeleton robots to be
extensively employed. However, due to the uniqueness of gait
pattern, it is challenging for lower limb exoskeleton robot to
adapt to different wearers’ gait patterns. Studies have shown
that the gait pattern is affected by many physical factors. This
paper proposes an individualized gait pattern generation (IGPG)
method for sharing lower limb exoskeleton (SLEX) robot. First,
the gait sequences are parameterized to extract gait features.
Then, the Gaussian process regression with automatic relevance
determination is used to establish the mapping relationships
between the body parameters and the gait features, and the
weights of each body parameters on gait pattern are also given.
The gait features of an unknown subject can be predicted
based on the training set. Finally, the individualized gait pattern
is reconstructed by autoencoder neural network and scaling
process based on predicted gait features. The experimental results
show that the gait pattern predicted by IGPG is very similar
to the subject’s actual trajectory and has been successfully
applied on the SLEX robot. With the help of sharing technology,
the training set will be increased, and the prediction accuracy of
individualized gait pattern will also be improved.

Note to Practitioners—The main purpose of this paper is to
solve the gait pattern mismatch problem when different people
wear an lower limb exoskeleton robot. The gait patterns are
different for each individual, and the main gait-related factors
include body parameters and walking speed (WS). Therefore,
the suitable gait pattern for the wearer is predicted according to
their body parameters and target WS in this paper. The detailed
prediction process and a full analysis of experimental results are
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also given. Finally, the generated gait patterns are successfully
verified on the lower limb exoskeleton robot.

Index Terms— Gait pattern generation, lower limb exoskeleton
robot.

I. INTRODUCTION

OBOTIC exoskeletons are extensively used in rehabili-
tation training and walking assisted for those with spinal
cord and stroke injuries [1], [2]. Significant achievements
have been made in the development of prototypes in recent
years, such as LOPES [3], Lokomat [4], ALEX [5], MIND-
WALKER [6], and so on [7]. Meanwhile, there are some
mature products, such as Ekso [8], ReWalk [9], HAL [10],
Indego [11], and REX [12], which have been pushed to the
market. However, the price of these products is quite high,
making it hard for average families in demands to afford them.
Recently, the sharing economy has gained recognition and
support. It is known as collaborative consumption that peo-
ple share the services rather than having individual own-
ership [13], [14]. The sharing application can reduce the
consumption cost for users and improve the product uti-
lization [15]-[18]. In fact, expensive lower limb exoskeleton
robots that are mainly used for rehabilitation training and assist
people walking are suitable for sharing applications, which
can benefit more patients with spinal cord and stroke injuries.
The reasons for this can be summarized as follows: 1) there
are many patients with hemiplegia, paraplegia, stroke, spinal
cord injury, and so on. Robotic gait training through walking
can help patients to prevent the muscle atrophy and promote
the body metabolism. There is an enormous potential market
demand; 2) the price of existing lower limb exoskeleton robots
is quite high that many ordinary families can hardly afford
them; and 3) at present, the Internet-based technology for shar-
ing economy has been well developed, such as sharing bicycles
(Mobike, China), for-profit service provision (Uber, U.S.),
rental (Airbnb, U.S.), and gifting (Freecycle, U.S.) platform.
Therefore, it is feasible to share the lower limb exoskeleton
robots, so that the patients would only need to buy the required
services from exoskeleton robots.

The primary function of lower limb exoskeleton robots
for rehabilitation is to assist patients in walking [19]. The
main technical points include motion intention recognition,
gait pattern generation, and stable gait control [20]-[22]. The
existing research results show that each person’s gait pattern
is unique [23]. Accordingly, it is necessary for the robot to
automatically adapt to various gait patterns while shared by
different patients. The previous studies have shown that the
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Fig. 1. Framework of IGPG. A suitable gait pattern can be predicted by the
IGPG method according to given body parameters and target WS.

walking gait pattern is related to walking speed (WS), gender,
age, other human body parameters, and also the emotional
states [24], [25], [41]. In order to find out the body parameters
that affect the gait pattern as comprehensively as possible,
this paper measures as many body parameters as possible
according to the existing research results.

The focus of this paper is to build an individualized
gait pattern generation (IGPG) model, which can describe
the relationships between human body parameters and gait
patterns with different WSs based on acquired gait data.
Thus, while entering a new subject’s body parameters and a
target WS, the model can give an individualized gait pattern
for subject’s body characteristics (see Fig. 1). First, the gait
features including gait cycle length (GCL) and gait spatial—-
temporal (GST) features are extracted. The GST features
are obtained by the encoding process of the autoencoder
neural network (AENN) [27]. Then, the mapping relationships
between the body parameters and gait features at different
WSs are established by Gaussian process regression (GPR)
with automatic relevance determination (ARD) [28]. Thus,
while given new body parameters and target WS, the model
can predict suitable gait features. Finally, the gait pattern can
be reconstructed by decoding process of AENN and scaling
process based on predicted gait features. By analyzing the
error and correlation of the predictive gait pattern and applying
them on SLEX robot, the results demonstrate that the proposed
method can better generate the individualized gait pattern.

The major contributions of this paper are the following:
1) the proposed IGPG model can predict a suitable gait pattern,
which can be applied on the lower limb exoskeleton robot
according to (21) given body parameters and target WS;
2) a new gait features extraction method based on AENN
is proposed; and 3) the affected weights of gait-related body
parameters on gait pattern are given based on GPR with ARD.

The rest of this paper is organized as follows. Section 1l
discusses the related work. The notations, assumptions, and
problem definition are given in Section Ill. Section IV presents
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the IGPG method. Then, the experimental results and analysis
are presented in Section V, and conclude the paper and discuss
the future work in Section VI.

Il. RELATED WORK

The development of sharing technology improves the uti-
lization of intelligent devices, services, and information, and
also reduces the cost of using them. In recent years, the appli-
cation of sharing technology becomes more and more popular
in the field of medical rehabilitation [29]. Kim et al. [30] help
users to get the proper guidelines or treatments by sharing
users’ own healthcare data with mobile phone. Chen et al. [31]
propose a cloud-computing-based rehabilitation services sys-
tem to solve the difficulties of data sharing and mass data
processing.

Aiming at the patients with lower limb disabilities, the lower
limb exoskeleton robots are employed to assist them to walk
automatically. Because their lower limbs have lost the capaci-
ties of motion, they cannot rely on their strength, muscles, and
so on. to guide the exoskeleton robot movement. Therefore,
the predefined gait trajectory control strategies are usually
adopted to help these patients walk [21]. Initially, the pre-
defined gait trajectory is prerecorded from a healthy per-
son or obtained from clinical gait database. Merodio et al. [32]
employ two finite-state machines to separately adjust the hip
and knee joints trajectories recorded from healthy children for
ATLAS robot. Suzuki et al. [33] use a real-time intention
estimator to control the desired joints patterns which are
recorded from a healthy subject. These gait patterns are too
stiff.

How to plan an appropriate gait pattern for each patient has
become a hot topic of lower limb exoskeleton robot research.
Considering the sharing application of robot, the problem
becomes more serious. The methods of gait pattern genera-
tion have been utilized on exoskeleton robot. For example,
Vallery et al. [34] propose an online trajectory generation
method called complementary limb motion estimation that
can be applied to hemiplegic subjects. Kagawa et al. [35]
propose a motion planning method in joint space for a
wearable robot with a variable stride length and WS, which
considered the thigh and shank cuffs and the position of the
joint. However, these methods are only taking legs symme-
try or leg length into account when predicting the gait pattern.
Karunakaran et al. [36] propose user control of gait in real
time using healthy upper extremities, and the importance of
haptics in generating exoskeleton gait trajectory is verified.
Zhang et al. [37] develop optimized torque patterns for identi-
fying the exoskeleton assistance that minimizes human energy
cost during walking to satisfy the individual needs.

Early medical studies showed that if all the measurements
are considered, the gait is unique [23], and each person has
a distinctive and idiosyncratic way of walking [26]. In fact,
there are many factors affecting the gait pattern, such as
walkers’ age, height, weight, leg length, and mood. In natural
and individual-specific gait planning, Low et al. [38]-[40]
have made a great improvment. In [38], according to age,
gender, body height (BH), and body weight of target subject,
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a multilayer perceptron neural network is used to predict the
corresponding natural gait parameters, such as cadence, stride
length, and WS. In [39], a natural and tunable rehabilitation
gait system is developed, and the body parameters, such
as thigh length (TL), calf length, and the length between
ankle joint to metatarsal, are taken into account in a subject-
based motion generation model. In [40], an individual-specific
gait pattern prediction model (GPPD) is proposed based on
generalized regression neural networks, and the lower limb
joint angle waveforms can be predicted by the model according
to target gait parameters, such as stride length and cadence
and body parameters such as Anterior Superior lliac Spine
breadth, TL, calf length, and foot length (FL). Yun et al.
[41] select several body parameters that significantly affect
the gait pattern to predict gait kinematics of single WS by
GPR. However, these methods are not comprehensive enough
to take into account the physical parameters that affect the
gait pattern or cannot generate different gait patterns with WS
changing.

Several lower limb exoskeleton robots for rehabilitation
walking have been developed in the previous work. Based
on the robots, some research on optimal gait planning has
been performed. In [42], the stroke patients are provided with
a more convenient, cost-effective, and personalized physical
rehabilitation training by using the virtual reality technology.
It can create various training plans for different patients
and guide the patients how to complete the training plan.
In [43], the recurrent neural network with long—short-term
memory units is adopted to generate an optimal trajectory
of an abnormal knee based on other normal joints’ data. To
generate suitable joint trajectory for the wearer, the neural
network is trained by large amount of gait data from different
subjects, so that the spatial-temporal features of the gait can
be obtained as many as possible. However, this learning-based
approach does not take into account the body parameters that
affect either of the gait patterns. To investigate an individual-
ized gait pattern, a new exoskeleton robot for rehabilitation
walking named sharing lower limb exoskeleton (SLEX) is
developed recently. The method of this paper will be verified
on SLEX.

I1l. PROBLEM DEFINITION

The goal of this paper is to obtain an individualized walking
gait of the subject according to their body parameters and
target WS, so that the SLEX robot can assist the subject in
walking. Considering the characteristics of walking gait and
the feasibility of sampling, three assumptions are made as
follows.

1) Because of great differences between different walking
modes, only level-ground walking in a straight line is
considered here.

2) The subjects and SLEX robot can maintain balance
by upper limbs and handrails which do not affect the
walking gait pattern.

3) Since the gait pattern is periodic, the object of this paper
is a single “gait cycle.”

The notations of variables are defined as follows:

Ih  left hip joint;

[k left knee joint;

rh  right hip joint;

rk  right knee joint;

v walking speed, v
unit: km/h;

L GCL);

h gait spatial-temporal (GST) features;

8j  angular trajectory sequence of jth lower limb joint
in sagittal plane with length N, j  {lh,lk,rh,rk}

Qi observable variable, D-dimensional body parameters
of ith subject, Qi RP;

P observable variable, walking gait trajectory
representing gait pattern of ith subject during one
gait cycle, P = [Bin, Bk, Brh, Brk]";

H;  d-dimensional gait features extracted from P;.

{1.5,2,2.5,3,3.5, 4, 4.5},

The gait related body parameters and abbreviated forms are
defined as follows: 1) age (AG); 2) weight (WT); 3) waist cir-
cumference (WC); 4) TL; 5) shank length (SL); 6) maximum
thigh width (TW); 7) FL; 8) foot breadth (FB); 9) forefoot
length (FF); 10) ankle width (AW); 11) ankle circumference;
12) bi-ankle outer width (AO); 13) knee width (KW); 14) knee
circumference (KC); 15) bi-knee outer width (KO); 16) bi-hip
width (HW); 17) bi-iliac width (IW); 18) BH; 19) hip
height (HH); 20) knee height (KH); and 21) ankle height (AH).

In this paper, the walking gait pattern is represented by
four angular trajectories of right hip, right knee, left hip, and
left knee flexions/extensions in sagittal plane. Seven WSs are
also considered. This paper will predict a suitable walking
gait pattern for each individual. From [23] and [26], it can
be concluded that the gait pattern is associated with body
parameters and WS. Therefore, the appropriate sequences of
joint trajectories should be predicted through body parameters
at a given WS

P =6(Q,v|Q,v,P) o)

where Q, v, and P are from the training gait set, Q and v
are the body parameters of the new subject and the target WS,
and P is the predictive gait pattern. The ultimate goal of this
paper is to establish the relationship G(-), namely, the proposed
IGPG method.

IV. INDIVIDUALIZED GAIT PATTERN GENERATION
A. Framework of Individualized Gait Pattern Generation

To generate an individualized gait pattern, 21 physical
factors (body parameters) and a WS that may affect gait
pattern are considered. The IGPG includes three processes,
as presented in Fig. 2. The input includes new body parameters
and target WS, and the output is the individualized gait
pattern. During the method, the encoding process of AENN is
employed for extracting the GST features, while the decoding
process is employed for reconstructing the gait pattern. The
resampling method is adopted to scale the gait sequences.

To better establish the mapping relationships between
the body parameters and the gait pattern, the gait features
including GCL and GST features are first extracted. Then,
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the gait features can be predicted through GPR with ARD
based on body parameters. Finally the gait pattern is recon-
structed based on predictive gait features.

B. Gait Features Extraction and Gait Pattern Reconstruction

The gait pattern is represented by the rotational trajectories
of lower limb joints, and the uniqueness of gait pattern deter-
mines the variety of gait features. Therefore, it is difficult to
use accurate mathematical functions to represent the variable
gait patterns.

To generate an individualized gait pattern, Lim et al. [38]
take the stride length and cadence as the main features of gait
pattern. Trieu et al. [40] adopt Fourier coefficient vectors to
represent the joint angle waveform by Fourier transform and
then reconstruct the joint angle waveform by inverse Fourier
transform. Yun et al. [41] take the gait period, pelvis position
and rotation, and the rotations of the lower limb joints as the
gait features to be predicted.

In this paper, since the generated gait patterns are mainly
used on the SLEX lower limb exoskeleton robot, the gait
pattern P is represented first by four joint angle sequences

Bin Biht  Bin2  Oinz BihL
Bk Bkt OBk OBiks BikL
erh erhl erh2 erh3 eth ( )
er k er k1 er k2 er k3 er kL

It is not feasible to generate variable gait sequences directly
according to fixed body parameters. Therefore, the gait
sequences should be parameterized, so that the gait pattern
can be reconstructed through parametric gait features. Here,
the gait features extracted from a single gait cycle of one joint
B; are classified as two types: scalar GCL L and s-dimensional
spatial-temporal features h = [hy, hy, ..., hs]T. For ease of
writing, we notate d = 1 + s. Therefore, the combined gait

features H = L H RY. First, the length L of the gait

h L
cycle 6; is retained

L = length(6;). 3)

Because everyone has a walking pattern that is most natural
and comfortable for them, different subjects have different
GCLs even at the same WS.
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Then, the AENN is adopted to extract the GST features and
reconstruct the gait pattern. The gait cycle is resampled to be
of fixed length Lo

0 =[01,62,...,8.] 6 =161,02,...,0L0] (@)

where  8; is the new data of ith joint by resampling.

The AENN has three layers: input layer, hidden layer, and
output layer. The number of hidden layer neurons is s, namely,
the dimension of GST features is s. Functionally, it includes
two parts: encoding process and decoding process.

The GST features extraction (namely encoding process) is

h = Wen6i + ben (5)

where Wep is a s Lo encoding weight matrix, bey isasx 1
encoding bias vector, and h; are low-dimensional s x 1 gait
features that are extracted from ;.

The gait pattern reconstruction includes decoding process
and scaling process. The decoding process is

6 = Wpeh + bye (6)

where Wee is a Lo < s decoding weight matrix, bge isa Lo > 1
decoding bias vector, and 6; is the reconstructed fixed-length
gait sequence based on GST features h.

The AENN is trained with a large number of gait data,
so that it can obtain the main features of gait sequences.
During training, the outputs of network keep approximating
inputs by minimizing the error between 6 and 6;. The root-
mean-square error (RMSE) method is used to evaluate the
performance of trained AENN

é. -0
ERMSE = ————. )
Lo
The scaling process is also a resampling process from Lg
points to L points

6 = [él,ez,...,éLo]
0, =[0,,0,,...,6.] (8)

Therefore, the model has the abilities of automatic extrac-
tion of gait features, and gait pattern reconstruction based
on gait features. By the above-mentioned processes, the gait
features extraction and the gait pattern reconstruction for four
lower limb joints during one walking cycle can be achieved.

C. Gaussian Process for Gait Features Regression

Based on Sections IV-A and IV-B, two types of gait fea-
tures can be obtained: the scalar GCL L and s-dimensional
gait features vector h extracted from the Lg-dimensional
gait sequence 6;. With these s gait features, the target
gait sequences of lower limb joints can be reconstructed.

By analyzing the collected gait set and extracted gait fea-
tures, it can be seen that the body parameters and gait features
of a gait set approximately obey Gaussian distributions. Here
the body parameters Q RN*P are D dimensions, and N is
the number of subjects in training set

Q1 Qu Q2 Q3 Qip
S
QN Qn: QOnz  Ons QnD
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Assuming that the gait pattern at WS v is denoted as Py,
the gait features extracted from gait pattern P, are denoted as
Yy RNXd

HS L1 hu  hp his
Y, = Hy _ L2 ha hyp has (10)
HY Ln  hnto hae hns

The goal of this paper is to obtain the mapping relationship
between each gait feature and all body parameters Q at a
given WS v. As a result, when new body parameters are given,
the gait features at a given WS can be predicted. To facilitate
the calculation, each time one gait feature of H is predicted
by GPR. 1-D feature during Yy is marked as Y. jjy. For brevity

Y =Y. (11)

Therefore, each gait feature y can be thought of as being
related to an underlying function f(-) through a Gaussian
noise model

y=f(Q+

where = [ 1, 2,..., n]" is an independent identically
distributed Gaussian noise with mean 0 and variance o2. The
functional collection [y1, yo, ..., yn]" follows the multivari-
ate Gaussian distribution:

(12)

N (H, K)

where L = 0 is the mean vector and K is the N> N covariance
matrix of which the (i, j)th element Kj; = k(Qi, Qj).

From [23], [26], [40], and [41], different body parameters
have different influences on the walking gait pattern. In order
to better establish the relationship between the body para-
meters and gait features, the effects of different dimensional
body parameters on walking gait pattern need to be quantified.
In [44], to determine a value for the correlation length scale
in a Gaussian process, a separate parameter for each input
variable is incorporated. Such a covariance function that imple-
ments ARD is presented in [28]. Therefore, the kernel function
with ARD is selected to automatically determine which body
parameters are more relevant

[yi, Y2, ...  yn]" (13)

1 D
K(Qi, Qj) = aZexp ~3 nk( Qik — Qjk 2
k=1

+025(Qi, Qj)

where the maximum allowable covariance is defined as 0?, Nk
is a precision parameter corresponding to the kth body parame-
ter, o2 is the Gaussian noise defined earlier, and 3( Q;, Qj)
is the Kronecker delta function. These precision parameters
[N1,N2,...,Np] can be adapted to a gait set by using max-
imum likelihood. The larger the parameter ng, the greater
effect of kth body parameter Qx on the function; the smaller
the parameter ny, the less the effect of corresponding body
parameter.

When given a new subject with body parameters Q ,
the joint distribution of training gait feature y and predictive

(14)

gait feature y are given as

y 0’ K(Q,Q K(Q,Q)

where K(Q , Q)= [K(Q ,Q1),K(Q ,Q2),...,K(Q ,Qn)],
with the symmetry of covariance function, K(Q, Q ) =
K(Q, Q.

Based on earlier joint probability distribution, the condi-
tional distribution of predictive gait feature y for GPR can
be obtained

(15)

ylQ,yv.Q N p,0° (16)

where

B =K(Q,QK™y
02=K(Q,Q)—K(Q,QKK(Q,Q". (17

So far, the probability distribution of gait feature y can be
obtained based on given body parameters Q and training gait
set (Q, y). The effect of gait feature regression depends on the
choice of kernel function. Here, the exponential-quadratic ker-
nel with ARD framework and Gaussian noise term is selected.
However, the hyperparameters 3 = {0,N1,N2,...,ND,0n}iN
covariance function are also need to be chosen sensibly. In fact,
the maximum posteriori estimate of B occurs when p(B|Q, y)
at its greatest. According to Bayes’ theorem, assuming there
is little prior knowledge about what 3 should be during train-
ing set, this corresponds to maximizing likelihood function

p(yl Q. B) given as

pP(ylQ,B) = (18)

1 _ep —2yTkly
N 1 2

(2m)7 [K]2

In order to facilitate the calculation, the logarithm is taken on

formula (18)

N 1 1 _
log p(yQ, B) = == log 21t — > log |K| — EyTK ly. (19)

For nonlinear optimization, the conjugate gradients algorithm
is adopted to maximize the log-likelihood function with
respect to hyperparameter vector 3. With the nonconvex
function of log p(y|Q, B), the choices of initial values of
hyperparameters [3 will affect the outcome of regression.

D. Evaluation Criteria of Model Performance

The IGPG performance is mainly evaluated by whether
the generated gait sequence is consistent with the subject’s
own real gait sequence. Because the GCL is one of the main
features of gait pattern, it is difficult to accurately evaluate
the model when GCLs are inconsistent. Therefore, a two-
step evaluation of the predictive GCL and reconstructed fixed-
length gait sequence is performed, respectively.

GCL is a scalar. In a gait set, the gait lengths of samples
are the real walking results, so it has a high credibility. The
maximum Lmax and the minimum Lpn values are taken
as the range of GCL of subject. The GCL mean is L =
(Lmax + Lmin/2). The deviation error (DE) is as a measure
of prediction accuracy

b = ———  100%. (20)
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The correlation coefficient p and mean absolute deviation
(MAD) are used to evaluate the reconstructed gait sequence.
The real walking gait sequence after scaling is notated as 6 and
the reconstructed gait sequence before scaling is notated as 8
which are equal length sequences. Therefore, the correlation
coefficient is

cov(®, 8
var(8)var(0)
and the MAD is
Lo _ g
map= 1%k~ (22)
ko1 O

The performance of the IGPG method is evaluated by above-
mentioned three indicators.

V. EXPERIMENTS AND ANALYSIS
A. Sharing Lower Limb Exoskeleton Robot

The SLEX lower limb exoskeleton robot has been developed
for assisting patients in walking, which can adapt human body
sizes for different wearers (Fig. 3). On the joint configuration,
the SLEX is approximately consistent with the human lower
limb joints. It has hip joints, knee joints, and ankle joints,
and the distribution of degrees of freedom. The actuator types
are presented in Table I. The hip flexion/extension and knee
flexion/extension are driven by brushless dc-flat motors, and
the ankle flexion/extension is a spring-driven joint.

B. Data Set for Human Body and Walking Gait

To generate an individualized gait pattern of the wearer
for the lower limb exoskeleton robot, 33 subjects are
recruited to participate in this experiment and establish the
human body and walking gait data set. (approved with IRB
No. Shenzhen Institutes of Advanced Technology (SIAT)-
IRB-170315-H0142). Each subject is first measured for 21
gait-related body parameters (see Fig. 4). To facilitate the
measurement and data collection, only male subjects are
recruited in this experiment, so the gait-related body para-
meters do not include gender. The statistical result of all the
subjects’ body parameters is given in Table I, including the
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TABLE |
DISTRIBUTION OF DEGREES OF FREEDOM AND JOINT ACTUATOR TYPES

Joint DoFs  Actuator Type

Hip Flexion/Extension 2 Motor-driven

Knee Flexion/Extension 2 Motor-driven

Ankle Flexion/Extension 2 Spring-driven
TABLE Il

STATISTICAL RESULT OF BODY PARAMETERS

Body par. Meanzstd. Body par. Meanstd.
AG 25.4+£2.5 (years) AO 14.6£0.7 (cm)
WT 66.3£9.8 (kg) KW 10.6+0.8 (cm)
wC 81.84+7 (cm) KC 36.84+2.2 (cm)
TL 3842 (cm) KO 23.5£2.2 (cm)
SL 41.942.4 (cm) HW 18.34+2.3 (cm)
W 33£2.1 (cm) W 31.642.7 (cm)
FL 25.3£1.2 (cm) BH 173£6.4 (cm)
FB 9.540.7 (cm) HH 84.4+4.4 (cm)
FF 6.610.5 (cm) KH 47.443.2 (cm)
AW 6.940.4 (cm) AH 6.7£0.4 (cm)
AC 24.5+1.3 (cm)

means and the standard deviations. The target of this paper is
to generate individualized gait pattern, and then apply the gait
pattern on the lower limb exoskeleton robot. Therefore, only
the angular trajectories of hip and knee joints flexion/extension
which are motor-driven joints on SLEX are recorded. These
subjects are asked to walk on the treadmill in their natural
and suitable states during seven different WSs. The lower
limb joints trajectories are recorded by the motion capture
system of Noitom™. Since the system captures three rotational
degrees of freedom per joint, and the rotational angles of the
flexion/extension sagittal plane of the SLEX robot need to be
controlled, only the angles of hip flexion/extension and knee
flexion/extension are kept (see Fig. 4).

The sampling frequency of the capture system is 125 Hz.
The seven fixed WSs include: {1.5, 2, 2.5, 3, 3.5, 4, 4.5} km/h.
The walking gait data at each WS include about 20 gait cycles.

C. Data Preprocessing

Due to measure errors of sensors, the walking gait data
should be filtered first. In [40], the power spectral density
analysis was conducted, and the results revealed that over
96.2% of the power of hip and knee joints are contained
below 6 Hz. In this paper, a 6-Hz Butterworth low-pass filter is
applied on the collected gait data, and the curves of before and
after filtering are partially shown in Fig. 5. The raw data and
filtered data are represented separately in the form of dotted
and solid lines. Obviously, the filtered gait data are smoother
than the raw data.

The object of this paper is one gait cycle. Therefore, one
gait sequence is divided into several gait cycles during data
preprocessing. The maximum angle of the left hip is taken as
the cutoff point to divide the gait sequence (see Fig. 5). Then,
five stable cycles are selected from the divided gait cycles as
the gait patterns of the subject at the current WS.

D. Gait Features Extraction

According to Section I1V-B, the gait features’ extrac-
tion include two steps: GCL extraction and GST features
extraction.
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After extracting the feature of GCL, the fixed length of gait
cycle Lo is determined as 150. Accordingly, each gait cycle
is resampled to a 4 < 150 matrix by formula (4). The number
of gait cycles for training the AENN is 1155 (33 subjects x
7 speeds x 5 cycles).

First of all, it is needed to determine how many dimensions
of GST features are most feasible. In order to find out the
appropriate s, the AENN is trained with different s based
on fixed gait cycles set and the same training epoch. As the
dimension s of GST features increases, the changes of RMSE
are shown in Fig. 7.

Here, two principles are followed to determine s: 1) the
errors of output 6; and input B; are as small as possible and
2) the dimension s of GST features is also as small as possible.

Dimension of gait spatial-temporal features

Fig. 7. RSMEs between the input and the output of AENN during different
dimensions of GST features.

As shown in Fig. 7, the red dotted line is the sensor error level,
and the RMSE of the AENN should be smaller than the sensor
error. Accordingly, the dimension s should be larger than 8.
For the accuracy of gait features extraction, the dimension of
GST features are determined as 10.

2) Gait Spatial-Temporal Features Extraction: Through the
earlier process, the 10-D GST features for a single joint of
each gait cycle can be obtained. During the preprocessing of
gait data, five gait cycles for each subject at a fixed WS are
selected. These five gait cycles appear in a walking sequence
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Fig. 9. Weight distribution of each body parameter on gait features at different
WSs. (a) Affected weights of gait related body parameters on GCL feature.
(b) Affected weights of gait related body parameters on GST features.

for the same subject and same speed; accordingly, they are
very similar. Five sets of features are extracted from five gait
cycles, and the averaged gait features can be obtained by
averaging them. The joint sequence is reconstructed based on
the averaged features, and the results are shown in Fig. 8.
The reconstructed joint sequence is basically at the middle of
five original gait cycles. This demonstrates that the AENN can
extract feasible gait features which are used for regression and
reconstruction.

E. Weights of Body Parameters on Gait Pattern

It has been shown that gait pattern is related to many
physical parameters. However, it is difficult to determine how
much each body parameter affects gait pattern. In this paper,
the GPR with ARD is adopted to establish the body parameters
and gait features, which can automatically give the affected
weights of each body parameters. Fig. 9 shows the affected
weights distribution of each body parameter on gait features at
different WSs. Among the 21 body parameters, the five most
important body parameters that affect the GCL of gait pattern
are WC, WT, BH, AG, and IW; the five weakest parameters
are AH, KW, AW, FL, and FF. Approximately, the five most
important body parameters that affecting the GST features are
WC, WT, AG, BH, and KH; the five weakest parameters are
AH, AW, FF, AO, and KW.
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F. Prediction of GCL and GST Features

According to Section IV-C, the GPR with ARD is adopted
to predict gait features based on the gait subset of the target
WS and body parameters. This method can give the predictive
mean and confidence bounds. Fig. 10 shows the predictive
GCL for one of subjects at different WSs. It can be seen that
the predictive means are essentially near the groundtruths, and
the 95% of confidence bounds contains all the groundtruths.
In terms of GST features prediction, Fig. 10 presents the
predictive results of 10-D GST features of the right hip for
one of the subjects at a speed of 2 km/h. To sum up, GCL
and GST features are the two main types of gait features and
GPR can predict them well.

Based on predictive gait features, the gait pattern is recon-
structed with the AENN and scaling process, and the result is
shown in Fig. 11. Among these lines, the blue lines are the real
right hip trajectories of one of the subjects, and the red line
is the predicted trajectory of the right hip. It is clear that the
predicted trajectory is very close to the real trajectories. Since
this is the only one of subjects in Section V-G, a statistical
analysis for the model will be presented.

G. Gait Pattern Prediction Analysis

In Section IV-D, the evaluation criteria of the model have
been established, including a two-step evaluation. The single-
subject experiment has been carried out but not convincing.
This section provides a statistical analysis of the model’s
performance.
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TABLE Il

DE oF THE PREDICTIVE GCL FEATURE FOR FIVE
SUBJECTS AT DIFFERENT WSS

WS MDE  #A 6pr  #B opr #C épr  #D dpe  #E dpe
1.5km/h  5.23%  2.68% 3.35% 4.31% 1.12% 0.56%
2.0km/h  5.04%  0.75% 1.99% 2.80% 2.22% 1.07%
2.5km/h 3.78%  4.55% 4.92% 0.90% 4.10% 1.78%
3.0km/h  3.14%  3.81% 2.10% 1.93% 0.64% 1.32%
3.5km/h  4.26%  3.08% 0.48% 2.27% 2.04% 2.06%
4.0km/h  2.33%  3.46% 0.68% 2.83% 1.15% 0.59%
45km/h - 1.98%  1.03% 1.34% 1.02% 1.94% 0.91%

Due to the limited samples and to make full use of them,
one subject is selected as the test target at one time with the
remaining 32 subjects as training set. Total 5 subjects are
randomly selected as the testing set and labeled as #A, #B,
#C, #D, and #E.

For each subject’s gait data at a single WS, the maximum
deviation is taken as the upper bound and the minimum
deviation as the lower bound. Since the groundtruth is obtained
by ((Lmax + Lmin)/2), the upper and lower bounds are sym-
metrical. The maximum of deviations of one WS is taken
as the allowable maximum DE (MDE). Formula (20) defines
a dimensionless variable to describe how far the predicted
value deviates from the groundtruth, by which each GCL for
each subject at the target WS can be calculated. The DEs
of five subjects at seven WSs are presented in Table IlI; the
MDE column shows the allowable MDEs for predictions at
different WSs, and the underlined deviations are out of the
allowable boundaries. It can be seen that subject #A has three
times beyond the boundaries, and subject #B, #C, and #D
only have one time each. dpg of subject #E is all within
the boundaries. This indicates that the model can correctly
predict the GCL feature for the most part. Subject #A has more
errors, probably because of inaccurate measurements or too
few training samples.

Second, the statistical analysis of the fixed-length recon-
structed gait sequence is performed. According to for-
mula (21), the correlation coefficient is used to evaluate the
correlation between the predicted and real gait sequences.
Table 1V gives the correlation coefficients for each joint of
five subjects at different WSs, and the means (standard devi-
ations) of correlation coefficients, as well as the results from
the (GPPM) [40] and the clinical gait analysis (CGA) [45]

Actual walking

Robot trajectorles. e~ frarcctaries o

Generated trajectories

04 08 12
Time (s)

Fig. 12.
and the generated trajectories, the SLEX robot’s trajectories, and the actual
trajectories are shown in the right.

Subject walks on balance bar with SLEX under the WS of 2 km/h,

methods. By comparison, the correlation coefficients of the
hip and knee obtained by the IGPG method are better than
those obtained by the GPPM and CGA methods. The strongest
correlation is the right hip joint, where the correlation coeffi-
cient reaches 0.99. The standard deviations are also smaller,
with a maximum of 0.02. Therefore, from the correlation
analysis, the IGPG method gives a better prediction with
strong correlation.

The formula (22) defines the MAD to measure the degree
of deviation of the predicted gait trajectory from the real
trajectory. The MADs of each joint for five subjects at different
WSs are presented in Table V. For comparison, the mean
and standard deviation for each joint are also given, as well
as the mean and standard deviations obtained by the GPPM
and CGA methods. It is obvious that the means and standard
deviations of MADs obtained by IGPG are both smaller than
those obtained by the GPPM and CGA. This also suggests that
the trajectory predicted by IGPG is closer to the real trajectory,
and the MADs of different subjects have fewer fluctuations.

H. Applying Generated Gait Pattern on SLEX

The final goal of IGPG is the application of the individ-
ualized gait pattern on the lower limb exoskeleton robot to
help those who are lower limb disabled to walk or to do
rehabilitation training with their own gait profile.

From the above-mentioned experiments, the predicted gait
patterns for five subjects at different WSs can be obtained. The
statistical analysis shows that all subjects have good prediction
results except for the GCL feature of #A. Therefore, #B, #C,
#D, and #E subjects are selected as the walking subjects
wearing SLEX. The SLEX robot works under the predefined
trajectory control strategy, the predefined gait trajectory is
generated by IGPG. The trajectory tracking is implemented by
position-velocity-time (PVT) control algorithm based on C#
programming language. The gait data generated offline by the
IGPG method are used as the target trajectory, and the SLEX
lower limb exoskeleton robot performs its own gait pattern by
tracking the target trajectory based on PVT control algorithm.

Then, each subject is asked to walk wearing SLEX on a
rehabilitation balance bar, where the subject can maintain their
balance by using handrails (see Fig. 12). Fig. 12 only presents
an experimental example of one subject walking with SLEX
at 2 km/h. The results show that all four subjects complete the
walking experiments following the generated gait pattern by
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v

ws #A p #B p #C p #D p

RH RK LH LK RH RK LH LK RH RK LH LK RH RK LH LK
I.5km/h 099 098 0.99 098 099 099 094 098 098 099 099 099 099 090 097 096
2.0km/h 099 098 098 0.99 099 094 098 096 1.00 099 094 094 099 095 099 096
25km/h 098 097 099 099 099 1.00 0.99 099 099 093 099 1.00 1.00 095 095 0.89
3.0km/h 098 1.00 097 0.96 1.00 098 099 0.99 1.00 098 1.00 0.97 099 095 099 098
3.5km/h - 099 099 095 093 1.00 099 099 0.99 1.00 091 1.00 0.99 1.00 096 1.00 0.97
40km/h 099 098 097 098 .00 098 099 0.99 098 099 1.00 0.98 .00 099 1.00 097
45km/h - 099 098 097 099 099 099 098 099 .00 099 1.00 0.99 099 098 1.00 0.99

TABLE IV

(Continued.) CORRELATION COEFFICIENTS OF FIVE SUBJECTS OBTAINED BY IGPG AND RESULTS FROM GPPM AND CGA FOR COMPARISON

WS #E p IGPG GPPM [40] CGA [45]
RH RK LH LK RH RK LH LK Hip Knee Hip Knee
1.5km/h 099 098 1.00 0.97
2.0km/h 099 099 099 0.99
2.5km/h - 099 099 099 0.99 0.99 0.97 0.98 0.98 0.98 0.97 0.87 0.85
3.0km/h 098 097 1.00 0.99 0.01) (0.02) (0.02) (0.02) (0.03) (0.04) 0.07) (0.11)
35km/h 098 099 099 1.00
4.0km/h 099 1.00 1.00 1.00
45km/h 097 099 1.00 0.99
TABLE V
MADS oF FIVE SUBJECTS OBTAINED BY IGPG AND RESULTS FROM GPPM AND CGA FOR COMPARISON
WS #A MAD #B MAD #C MAD #D MAD
RH RK LH LK RH RK LH LK RH RK LH LK RH RK LH LK
1.5km/h 338 427 157 3.39 1.62 155 250 3.14 491 259 334 171 1.14 497 199 3.69
2.0km/h 2770 293 492 274 192 390 236 285 039 262 3.05 370 1.70 357 200 3.13
2.5km/h  2.67 328 346 276 329 365 1.00 227 205 558 208 211 327 445 282 573
3.0km/h 436 284 222 5.05 193 3.02 293 253 125 418 112 329 534 286 120 4.61
35km/h 241  3.60 421 470 1.45 227 155 222 347 590 413 397 259 405 136 4.03
4.0km/h 258 426 282 523 276 297 131 5.02 477 479 389 9.77 227 1.85 437 5.03
45km/h 234 282 293 268 279 346 241 320 4.85 456 276 542 279 263 193  6.09
TABLE V

(Continued.) MADS OF FIVE SUBJECTS OBTAINED BY IGPG AND RESULTS FROM GPPM AND CGA FOR COMPARISON

WS #E MAD IGPG GPPM [40] CGA [45]
RH RK LH LK RH RK LH LK Hip Knee Hip Knee

1.5km/h 206 192 322 218

2.0km/h 147 290 212 231

2.5km/h  1.08 2.04 295 3.66 2.60 3.40 2.62 3.64 3.73 5.41 7.66 9.28

3.0km/h 3.07 507 4.01 3.80 (1.18)  (1.11)  (1.03) (1.64) (1.64) (2.01) (1.78)  (3.07)

35km/h 184 175 3.14 138

4.0km/h  1.58 248 298 2.04

45km/h 289 335 113 1.85

IGPG, and they express that the individualized gait patterns
are consistent with their walking habits.

V1. CONCLUSION

With the development of sharing technology, it is possible
for the expensive exoskeleton robot to be widely used. How-
ever, due to the uniqueness of gait pattern, little research on
how to generate suitable gait pattern of lower limb exoskeleton
robot for the wearer’s own physical characteristics is involved.
To this end, lots of gait data and body parameters are collected.
First, the gait sequence is parameterized to extract the gait
features. Then, the GPR with ARD was adopted to establish

the mapping relationships between the body parameters and
the gait features at different WSs and to predict the suit-
able gait features according to given body parameters and
target WS. Finally, the individualized gait pattern was recon-
structed based on the predicted gait features. The experimental
results demonstrated that the IGPG can better predict the gait
pattern of unknown subject at a target WS and the feasibility of
applying the predicted gait pattern on SLEX robot. Meanwhile,
the IGPG can also give the affected weights of different
body parameters on gait pattern, which provided a refer-
ence for optimizing the lower limb exoskeleton robot in the
future.
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However, due to the small data set, some weights of body
parameters may be deviated. Predictably, with the expansion
of data set, the more important or the weaker body parameters
affecting gait pattern will become clearer. When it comes to
sharing application, the training set can be increased continu-
ously with the help of sharing technology, and the prediction
accuracy of individualized gait pattern will be improved.
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