An adaptive seamless assist-as-needed
control scheme for lower extremity
rehabilitation robots
Xiaodong Zhang1,2,3, Gui Yin1,2 , Hanzhe Li1,2,
Runlin Dong1,2 and Huosheng Hu3

Abstract
Most control methods deployed in lower extremity rehabilitation robots cannot automatically adjust to different gait
cycle stages and different rehabilitation training modes for different impairment subjects. This article presents a continuous seamless assist-as-needed control method based on sliding mode adaptive control. A forgetting factor is introduced,
and a small trajectory deviation from reference normal gait trajectory is used to learn the rehabilitation level of a human
subject in real time. The assistance torque needed to complete the reference normal gait trajectory is learned through
radial basis function neural networks, so that the rehabilitation robot can adaptively provide the assistance torque
according to subject’s needs. The performance and efficiency of this adaptive seamless assist-as-needed control scheme
are tested and validated by 12 volunteers on a rehabilitation robot prototype. The results show that the proposed control scheme could adaptively reduce the robotic assistance according to subject’s rehabilitation level, and the robotic
assistance torque depends on the forgetting factor and the active participation level of subjects.
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Introduction
Weight-supported treadmill training is an important
way for the rehabilitation of patients with lower limb
dyskinesia, and its effectiveness has been verified by a
large number of clinical studies.1 Since patients have
autonomy awareness, an interactive control between a
rehabilitation robot and a patient is indispensable.2,3
There are many human–robot interaction control strategies for rehabilitation robots in the world; for example, active leg exoskeleton (ALEX)4,5 uses a force
control scheme in the gait training for patients.
However, the robotic assistance cannot be automatically adjusted by the interactive control method.6,7
Zhang et al.8 have designed a mixed position controller
for an exoskeleton rehabilitation robot, in which, however, an assist-as-needed (AAN) assistance torque cannot be achieved by rehabilitation robots as patient’s
rehabilitation level is not taken into consideration.
It is hypothesized that patient’s active participation
in gait rehabilitation training may improve the rehabilitation outcomes. Up to now, AAN control framework

is used to enhance patients’ recovery through an activeassist training9–11 and impedance control is commonly
used as an AAN gait rehabilitation training strategy.12–15
Toshio and Yoshiyuki16 performed manual tracking control tests on a human–robot system using an impedancecontrolled robot, and investigated control characteristics
of a human operator according to robotic impedance
properties. He and Dong17 proposed an adaptive fuzzy
neural network control for a constrained robot using
impedance learning. Pérez-Ibarra et al.18 proposed an
AAN method for ankle rehabilitation based on adaptive
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impedance control strategies, and the concept of AAN
gait training was also considered for lower extremity
powered exoskeleton (LOPES).19,20 Although the AAN
control is achieved to some extent, they still need to
manually switch between different modes and are unable
to achieve adaptive AAN assistance torque. Chen et al.21
proposed an adaptive control strategy for gait rehabilitation robot to assist-when-needed. Cao et al.22 developed
adaptive assistance control algorithms, which are also
used to enhance patient’s active participation. These
methods cannot achieve seamless AAN gait training.
Recently, some scholars have used bioelectricity signals to achieve AAN control. Teramae et al.23 proposed a model predictive control based on Surface
electromyography (sEMG) for AAN gait training. The
AAN control was achieved using sEMG signal to estimate human torque directly, which was only for the
upper limbs. Besides, Akim et al.24 proposed a brain–
computer interface and AAN model for upper limb
arm. Zhang et al.25 designed a graph convolutional
broad network (GCB-net) for emotion recognition.
Zelinsky26 developed a robot suit of hybrid assistive
limb based on the bioelectricity signal. Wolbrecht
et al.27 created optimizing compliant and model-based
robotic assistance to promote neurorehabilitation,
which was implemented in the task space of upper
extremity rehabilitation robot. However, the AAN control for the lower extremity rehabilitation robot has not
been developed and reported.
In addition, Hussain and Xie28 designed an intrinsically compliant robotic orthosis for gait rehabilitation in
which an AAN control method and pneumatic flexible
actuator were adopted. However, its seamless AAN control did not consider the influence of the inertial under the
high-speed condition. Wu et al.29 proposed a minimalintervention-based admittance control strategy to induce
the active participation of patients and maximize the use
of recovered motor functions during training. The controller parameters should be adjusted in accordance with
the hemiplegia degree of patients. Although the method
can realize AAN control, it cannot be applied to different
training modes in a seamless manner. Furthermore, the
method is only proposed for upper extremity rehabilitation exoskeleton. In this study, we propose to use a sliding
mode adaptive control (SMAC) framework to control a
lower extremity rehabilitation robot system for continuous seamless AAN gait training. The developed rehabilitation robot can adaptively adjust to different gait cycle
stages for subjects at different rehabilitation levels. It can
maximize the participation of subjects in the gait rehabilitation training. Our method can first obtain the necessary
torques from a combined human–robot dynamic model
to guide subjects to complete a reference normal gait
angle trajectory.
Based on the SMAC, a forgetting factor is introduced in our approach. Then, subjects return to the
normal gait angle trajectory, and the angle deviation
from the reference normal gait angle trajectory can
reflect subject’s active motion ability and effort based

on the combined human–robot dynamic model. The
assistance torque needed to complete the reference normal gait angle is learned through radial basis function
(RBF) neural network in real time. Thus, adaptive
assistance control is achieved according to subject’s
rehabilitation level and the seamless adaptive assistance
torque is provided to the rehabilitation robot. The position controller is used to deal with the robotic model
uncertainties.30 Liu and his colleagues31,32 proposed a
neural-network-based sliding mode control of an
uncertain robot using dynamic model approximated
switching gain. Yin et al.33,34 used robust control of
underactuated systems to tackle the optimal control for
uncertainty cases. While the robustness of SMAC was
used in this article, the proposed AAN control can
learn subject’s active torque through a small trajectory
error. Thus, the robotic assistance torque can be
decreased with the subject’s rehabilitation level and
active participation level in the rehabilitation training,
so that it can adaptively achieve AAN control. The
active effort of subjects can be regarded as a disturbance. The robot can learn subject’s rehabilitation level
through a small trajectory deviation and adapt to subject’s active effort in a seamless manner. There is no
need to change parameters in different rehabilitation
training stages, so that the control method could be
applied to both the passive and active rehabilitation
training modes.
Based on the robustness of SMAC, the trajectory
deviation can be set very small. Since it used continuous gait angle trajectory deviation data to learn subject’s active effort, there is no need to divide the
support phase control and the swing phase control for
this control method. It could be continuously and
seamlessly adapted to different phases of the gait cycle.
In addition, the performance of rehabilitation robots
could be also validated among subjects with different
rehabilitation levels. The rest of this article is organized
as follows. The ‘‘Materials and methods’’ section introduces a lower extremity rehabilitation robot and its
dynamic model as well as an adaptive continuous
seamless AAN controller. Experiment setup is detailed
in the ‘‘Experimental investigation’’ section, and results
are given in the ‘‘Results and discussion’’ section to
show the feasibility and performance of the proposed
approach. Finally, a brief conclusion and future work
are presented in the ‘‘Conclusion’’ section. This control
method does not need to divide the support phase control and the swing phase control for separate control.

Materials and methods
Design and modeling of lower extremity
rehabilitation robot
The lower limb exoskeleton rehabilitation robot completes the entire desired normal gait trajectory through
the cooperation of human and robot. The lower limb
rehabilitation robot assists the subjects in completing

Figure 1. The experimental setup of entire human–robot
system for gait rehabilitation training.

the desired trajectory tracking. The entire human–robot
system is shown in Figure 1.
As is shown in Figure 1, the lower extremity rehabilitation training robot is powered by a crank slider
mechanism, and it is developed using the biometric
design method in our laboratory. The rehabilitation
robot consists of a power exoskeleton, treadmill, suspension weight loss device, and other components; the
lengths of exoskeleton thigh and calf sections are adjustable to fit into patients with different heights from
1.56 to 1.81 m; and the Intrepid MTC-2.2A treadmill is
used and integrated with exoskeleton.
Figure 2 shows the power exoskeleton that is the
main part of rehabilitation robot, in which the flexion
and extension movement for the hip and knee joints is
the actuated degree-of-freedom (DOF) of the exoskeleton. Its drive part deploys a crank slider mechanism in
which the servo motor is the active element to drive the
ball screw nut moving in a straight line along the screw
rod. The straight-line movement of the nut is changed
into the rotation of the joint through the crank slider
mechanism. To accommodate patients with different
heights, the inner tube of the thigh and calf rods can be
moved along the outer tube to the adjusted length and
fixed with a quick clamping device. Two holders are
installed on the thigh and the calf of the exoskeleton,
and their mounting locations are adjustable. In addition, a round hole and a fixed pressure plate are
arranged at hip and knee joints for the encoder installation. Note that the complete design description of the
rehabilitation robot can be found in the article.35
There are two absolute angle encoders in each power
exoskeleton device, which are used to measure robotic
joint angle in real time. The encode data are sent to the
robotic controller for calculating robotic trajectory
deviation relative to the reference normal gait angle trajectory. Note that the absolute encoder has a 14-bit resolution and high-speed digital communication output

Figure 2. The configuration of power exoskeleton.

so that it can realize high precision digital control. A
single power exoskeleton is equivalent to a two-bar
linkage and closely attached to human leg; the
joint angle errors between human and robot are relatively small.36 Assuming that subject’s movement and
the robotic movement are synchronized below
u = uh

ð1Þ

where uh and u represent human angle and robotic
angle, respectively.
When the robot dynamic model is specified by the
Lagrange dynamic equation, the combined dynamics of
the human–robot system can be given below37
 
MðuÞ€u + C u, u_ u_ + GðuÞ = Trob + Th
ð2Þ
_ and €u represent 2 3 1 vectors of the generalwhere u, u,
ized angle, angular velocity, and angular acceleration
for the human–robot system, respectively. M(u) is the
_ denotes
generalized 2 3 2 inertial force matrix. C(u, u)
the 2 3 2 centrifugal and Coriolis matrices. G(u) is the
2 3 1 vector of gravitational torque. Trob represents
2 3 1 vector of the robotic torque, and Th represents
2 3 1 vector of the active torque of subject.

Adaptive continuous seamless AAN controller design
for lower extremity rehabilitation robot
When immobility resulted from muscle atrophy or
other reasons, subjects should undergo passive rehabilitation training. As their rehabilitation level increases,
subjects would be motivated to participate in gait rehabilitation training and robotic assistance torque needs
to reduce in real time. Then, a forgetting factor t is
introduced based on SMAC. The partial derivative of

Figure 3. The adaptive seamless AAN control diagram for lower extremity rehabilitation robot.

^ is used to limit the
the feed forward assistance g b
^ which allows the controller to learn the
change in b,
subject’s active torque as a general function of reference normal gait angle, angular velocity and angular
acceleration of subject, as shown in Figure 3. The
active effort of subject can be regarded as a disturbance
and the robot can learn subject’s rehabilitation level
through a small trajectory deviation and adapt to subject’s active effort in a seamless manner. There is no
need to change parameters in different rehabilitation
stages.
The RBF neural network has the adaptive function
of self-learning and self-organization. Moreover, the
connection weight of RBF neural network is linear with
its output, and the weight is the coefficient of the
amount of the assistance torque needed to complete the
reference normal gait trajectory. It is convenient to use
the Gaussian function to form the regression matrix,
and the linear multiplication with the weights constitutes the feed forward assistance torque, which has sufficient resolution to the active torque of subject.
Therefore, the feed forward assistance torque is learned
from the RBF neural network to provide the seamless
adaptive assistance torque for rehabilitation robots.
As shown in Figure 3, the overall structure of adaptive seamless AAN control scheme for lower extremity
rehabilitation robot is based on an SMAC framework.38,39 The sliding surface s and the virtual reference
trajectory v for the adaptive seamless AAN controller
are defined as follows
s = e_ + ae

ð3Þ

v = ud  ae

ð4Þ

e = u  ud

ð5Þ

where e represents the robotic trajectory error for
hip or knee joint. ud and u represent the desired normal
angle and actual angle for robotic hip or knee joint,
respectively. a represents the positive design parameters.
The adaptive control law for the desired torque of
rehabilitation robot can be expressed as follows



_ v, v_ b
^  ks
Trob = g u, u,

ð6Þ

^ is a combined model of robotic exoskeleton
where g b
and human leg, including the active torque of subject
during gait training, which is defined below
^ = M€
^ v + C^v_ + G^  T^h
gb

ð7Þ

^ is the estimated inertial force matrix, C^ is the
where M
estimated centripetal and Coriolis matrix, and G^ is the
estimated gravitational torques for combined human–
robot system. v€ and v_ represent the acceleration and
velocity of virtual trajectory, respectively. T^h represents
subject’s estimated active torque.
The feed forward assistance torque, including subject’s active torque, should adapt to different subjects
with different rehabilitation levels. In this article, the
active torque of subject is modeled by the Gaussian
RBFs,28 which is defined below
ju  mj2
g = exp 
2s2

!
ð8Þ

where g is the Gaussian RBFs for the subject’s hip joint
or knee joint. u represents the current angle for the subject’s hip joint or knee joint. m denotes the center of
RBF, and s is the width of RBF.
According to the optimal results of subject’s active
torque estimation, the Gaussian RBF is divided into
seven nodes, and the grid divisions are equally spaced
at 10 degrees. In addition, the width of the Gaussian
RBF is 5.81 degrees. The vector of Gaussian RBFs is
defined as
g = ½ g1

g2

g3

g4

g5

g6

g7  T

ð9Þ

Since there are two different joints of human lower
limb in this study, the regression matrix, g, can be
defined below according to27
g2 3 14 =



gT
0

0
gT


ð10Þ

Thus, the estimated weight of RBF neural network,
^ is a 14 3 1 vector, and the parameter represents the
b,
amount of assistance torque needed to complete the
desired normal gait trajectory. The parameter vector is
updated over time, and the adaptive law of the parameter is expressed as follows


^  d1 g T s
^_ =  1 g T ggT 1 gb
ð11Þ
b
t
^_ is the parameter adaptation rate, d determines
where b
the adaptation rate based on the trajectory error, and t
denotes the forgetting factor of the rehabilitation robot.
The first term of equation (11) is used to reduce the
robotic feed forward assistance according to subject’s
motion ability and effort, and the torque output of
rehabilitation robot is reduced through the forgetting
factor t to achieve adaptive seamless AAN control.
The second term is used to reduce the trajectory error
of human–robot system to deal with robotic model
uncertainties and external disturbances. Due to human
torque component, the overall control system is not
globally asymptotically stable. However, the proposed
control method is ultimately bounded.
The Lyapunov function candidate can be defined as
follows
VðtÞ =

1 T
1 ~T ~
s Ms + eT kae + b
db
2
2

ð13Þ

~ represents the parameter estimate error and b
^
where b
is an estimation of the parameter b. Differentiating
equation (12) yields
1
_ + 2eT kae_ + b
~ T db
~_
V_ ðtÞ = sT Ms_ + sT Ms
2

ð14Þ

The rehabilitation robot dynamics in equation (2) can
be redefined by using the sliding surface s in equation (3)
and the virtual reference trajectory v in equation (4)
Ms_ + Cs + gb = Trob

ð15Þ

Combining equation (15), V_ can be further expressed
as
1
_ + 2eT kae_ + b
~_
~ T db
V_ ðtÞ=sT ðTrob CsgbÞ + sT Ms
2
ð16Þ

Recalling that (b constant over time) b_ = 0, combining equation (13), and the rehabilitation robot dynamic
_  2C = 0, equation (16) becomes
properties, M


^ + 2eT kae+
~ T ðgT s + dbÞ
^_
_ b
V_ ðtÞ = sT Trob gb

ð17Þ

^_ in equation (11),
^ in equation (7), b
Substituting g b
and Trob in equation (6) yields

ð18Þ

~ T dg T (gg T )1 g b=t
^ can be either
Since the sign of b
positive or negative, it is not zero and it cannot prove
_ However, we can define
the negative definiteness of V.
E = ½ e e_ T , A = diag(ka2 , k), and D = dg T (gg T )1
g=t. Thus, equation (18) can be rewritten as
~ T Db
^
V_ ðtÞ =  ET AE  b

ð19Þ

~ T Db,
^ then V(t)
_ \ 0. A sufficient conIf ET AE .  b
dition is
 T 
~ Db
^
ET amin ðAÞE . maxb^ b
ð20Þ
where amin (A) is the minimum eigenvalue of A and
~ T Db)
^ represents the maximum of b
~ T Db,
^ which
maxb^ (b
^ = b=2. Thus, the sufficient condition
occurs when b
_ \ 0 is
for V(t)
^
1 bT Db
E.
2 amin ðAÞ

!1=2
ð21Þ

Equation (21) represents the set of E, in which the
Lyapunov function is decreasing over time. It is to conclude that e converges to the complement of equation
(21), which is defined as

ð12Þ

where M, s, k, a, e, and d are defined in the previous
~ is defined below
sections and b
~ =b
^b
b



~ T dg T gg T 1 gb=t
^
V_ ðtÞ = e_T ke_  eT ka2 e  b

j ej ł


1 bT Db
2 amin ðAÞ

1=2

ð22Þ

Recalling the expression of D and the fact that
amax (dg T (ggT )1 g) = amax (d), the ultimate boundary
of e is expressed as follows

1
1 amax ðdÞ
j ej ł b
2
t amin ðAÞ

1=2

ð23Þ

This shows that the tracking error of human–robot
system will converge to the boundary. In addition, this
upper bound is proportional to the Euclidean norm of
vector b and the forgetting term 1=t of the proposed
continuous seamless adaptive AAN controller.

Experimental investigation
Experimental setup
To verify the effectiveness of the proposed continuous
seamless adaptive AAN control method, we select 12
subjects with different lower extremity movement
impairments (6 male and 6 female, height 1.58–1.81 m
(mean 1.698 m and standard deviation 0.051 m),
weight 50.1–73.8 kg (mean 61.6 kg and standard deviation 5.391 kg)). The different heights will not influence
the control strategy and parameters of rehabilitation
robot, and the rehabilitation robot prototype shown in
Figure 1 is deployed in experiments. All of procedures
have been approved by the Institutional Ethical
Committee. All of the subjects’ rehabilitation levels are
assessed by muscle strength due to different muscle

recovery conditions. According to the Kendall classification principle for muscle strength assessment, the
knee joint torque generated by the muscle contraction
of normal human at a normal walking speed (1 m/s) is
used as the standard reference torque for complete
rehabilitation.
Then the standard reference torque is used to assess
different rehabilitation levels of subjects: mild rehabilitation (20% of the standard reference torque and a
deviation of 3 Nm), moderate rehabilitation (50% of
the standard reference torque and a deviation of
3 Nm), and basic rehabilitation (85% of the standard
reference torque and a deviation of 3 Nm). There are
four subjects (two male and two female) in each rehabilitation level for the experimental validation. In the
control experiments, the sample frequency is 1 kHz,
and a third-order Butterworth filter is used to filter the
collected angle and torque data. Human walking speed
is 1.0 m/s. According to the optimal control results, the
controller parameters are selected: a = 10I2 3 2 ,
d = 0:15I14 3 14 , k = diag(84, 64). The gait cycle time is
set to 1.2 s, the forgetting rate t was chosen by trial and
error during the experiments, and the maximum trajectory error from the reference normal gait angle is set to
3 degrees to determine the value of the forgetting factor
t. Then, the experiments are performed with different
subjects.

Experimental procedure
The gait trajectory tracking experiment and AAN
adaptive experiment are performed with subjects. The
gait trajectory tracking control experiment aims to validate whether the rehabilitation robot is capable of
assisting subjects at all various rehabilitation levels to
reach the normal gait angle range, and whether the
rehabilitation robot could guide subjects’ limbs on the
reference normal gait angle when the forgetting factor
is introduced. The AAN adaptive experiment aims to
test whether the AAN controller could learn the torque
needed to complete the desired normal gait angle and
allow the subject to participate in gait rehabilitation
training as actively as possible to improve the gait rehabilitation effect.
The gait trajectory tracking experiment is conducted
for two modes: without assistance mode and with assistance mode. First, the subjects with different rehabilitation levels attempted to track a normal gait angle range
without robotic assistance. In this trial, the effect of the
rehabilitation robot is excluded, and the net assistance
torque on the subjects is approximately zero. For the
second mode, the rehabilitation robot assists the subjects to track the normal gait angle range. During the
experiment, all the subjects should track the gait angle
ranges three times. Then they are passive and their gait
angle trajectories are guided by the rehabilitation robot.
The value of forgetting factor t should be determined

by the maximum trajectory deviation from the reference
normal gait angle.
Specifically, the forgetting factor value should be
gradually decreased until the AAN controller would no
longer guide subjects’ limbs to reach the desired normal
gait trajectories. The forgetting factor value should still
be used for the AAN adaptive experiment. The AAN
adaptive experiment should be conducted at always
active and passive-to-active modes. For the always
active mode, subjects are instructed to actively track
the desired normal gait trajectories for 50 gait cycles. In
the passive-to-active mode, subjects remain passive and
their gait trajectories are guided by the rehabilitation
robot during the first 20 gait cycles. The controller will
learn the needed torques to complete the reference normal gait angles. Then, subjects are instructed to actively
track the desired normal gait trajectories for the last 30
gait cycles. The aim of this mode is to determine
whether the AAN controller could reduce the robotic
torque to increase subjects’ active voluntary torque
output.

Results and discussion
Gait trajectory tracking experimental results
Due to individual differences, there is a deviation for
the upper bound or the lower bound of the gait angle
ranges. There is an uncertainty in the lower or upper
bounds of the parameters as described in the literature.40,41 Compared with the literature,40,41 the gait
angle range for the subject at different rehabilitation
level is fuzzy, but the range of the upper bound or the
lower bound is defined. We can define the lower and
upper bounds of the angle range, which are the ‘‘crisp
values’’ of the fuzzy variable. In fact, the fuzzy bound
can be interpreted as the description of ‘‘close to or
around the crisp value.’’ Under this situation, the
uncertainty of angle range can be represented by a
standard deviation of the bound for a dual fuzzy
boundary: bound crisp value (standard deviation).
Table 1 presents the gait angle ranges of different subjects for different modes during the gait trajectory
tracking experiment.
As can be seen, without assistance, subjects with
mild rehabilitation and moderate rehabilitation levels
cannot reach the normal lower bound and upper
bound, while subjects with basic rehabilitation levels
can almost reach the normal lower bound and upper
bound. However, with assistance, the rehabilitation
robot successfully assisted all the subjects at any rehabilitation level in performing gait trajectory tracking to
reach the normal gait angle range. Indeed, the rehabilitation robot controller allowed all the subjects to reach
the reference normal gait angle targets successfully.
The forgetting factor value determined by the trajectory tracking experiment is 0.5. Trajectory tracking

Table 1. Subject’s gait angle ranges.
Subjects

Hip angle range of mild rehabilitation
Knee angle range of mild rehabilitation
Hip angle range of moderate rehabilitation
Knee angle range of moderate rehabilitation
Hip angle range of basic rehabilitation
Knee angle range of basic rehabilitation

Without assistance

With assistance

Lower bound

Upper bound

Lower bound

Upper bound

–6.13(0.24)°
0(0.18)°
–13.16(0.18)°
0(0.22)°
–19.98(0.27)°
0(0.23)°

6.08(0.13)°
20.16(0.15)°
13.39(0.21)°
40.18(0.21)°
20.03(0.28)°
60.01(0.25)°

–21.05(0.26)°
0(0.19)°
–21.06(0.15)°
0(0.24)°
–21.09(0.24)°
0(0.28)°

21.06(0.19)°
60.26(0.23)°
20.98(0.26)°
60.21(0.28)°
21.07(0.26)°
60.33(0.26)°

Figure 4. Robotic trajectory tracking errors without the forgetting term: (a) hip tracking error and (b) knee tracking error.

Figure 5. Robotic trajectory tracking errors with the forgetting term: (a) hip tracking error and (b) knee tracking error.

results without the forgetting term (the forgetting factor is infinite) for the normal human (complete rehabilitation) are given in Figure 4. For further comparison,
the trajectory tracking results with the forgetting term
are shown in Figure 5.
From the above results, the trajectory tracking
errors (angle deviations from the reference normal gait
trajectories) with the forgetting term are larger than
those without the forgetting term. Moreover, with

inclusion of the forgetting term, the maximum angle
deviations of the hip and knee joints are less than
3 degrees; this is a high trajectory tracking accuracy.
The maximum trajectory tracking error of LOKOMAT
is up to 11 degrees during the gait rehabilitation training.42 However, the deviation from the desired normal
gait angle trajectory is relatively small using our control
method. It can meet the gait training needs for all the
subjects at different rehabilitation levels.

Figure 6. The mean of robotic joint assistance torques for subjects with different rehabilitation levels: (a) hip assistance torque and
(b) knee assistance torque.

Figure 7. The mean of robotic trajectory tracking errors for subjects with different rehabilitation levels: (a) hip tracking error and
(b) knee tracking error.

AAN adaptive experimental results
The AAN adaptive control experiments were also performed for two modes. The assistance torques of the
rehabilitation robot during the always active mode, where
the forgetting factor is 0.5, for subjects with different rehabilitation levels are shown in Figure 6.
As Figure 6 shows, the AAN controller could decay
the robotic assistance torque as the subject’s rehabilitation level increases. It allows the subject to actively participate in the gait rehabilitation training procedure as
much as possible to improve the subject’s gait rehabilitation effect. It can be known from the existing literature that the human normal hip drive torque is
approximately 80 Nm. However, the results show the
hip assistance torque is greater than 80 Nm when the
subject is at a mild rehabilitation level. The experimental results are for the entire human–robot system, and
the robotic assistance torque is also used to drive the
rehabilitation robot itself to complete the reference normal gait angle. Therefore, the hip assistance torque
may become greater than the driving torque required

by the normal human individual movement. Moreover,
the speed of the knee joint changes substantially during
the gait cycle conversion.
It is known from the previous human–robot
dynamic model that the effect of human plantar force
and the effort of the treadmill are neglected. At the
moment that the foot touches the ground, the effort of
the treadmill will have an impulse on the knee joint,
thereby resulting in the judder of the knee torque.
However, in each gait cycle, the robotic assistance torque gradually decreases as the subject’s rehabilitation
level increases. The mean trajectory tracking errors of
the rehabilitation robot for subjects with different rehabilitation levels during the always active mode with a
forgetting factor of 0.5 are shown in Figure 7.
As can be seen in Figures 6 and 7, the AAN controller can learn the subject’s rehabilitation level in real
time via a small trajectory error in terms of the forgetting factor. Since the gait angle trajectory is continuous,
the control method used a small trajectory error data to
learn subject’s active effort, and it is no need for swing

Figure 8. The mean of robotic hip assistance torques for subjects with different rehabilitation levels: (a) mild rehabilitation,
(b) moderate rehabilitation, and (c) basic rehabilitation.

phase control and support phase control, separately.
Thereby, it could be continuously adapted to different
phases of the gait cycle. As the subject’s rehabilitation
level increases, the robotic assistance torque was gradually reduced to improve the subject’s gait rehabilitation
effect. Meanwhile, it can ensure a high trajectory tracking accuracy, which can meet the gait rehabilitation
training requirement of subjects with different rehabilitation levels. Thus, this could be applied to both the
passive and active rehabilitation training modes to
achieve adaptive seamless AAN control. In the absence
of the forgetting term, the assistance torques of the
rehabilitation robot during the always active mode for
subjects with different rehabilitation levels (comparative analysis of hip joints only) are shown in Figure 8.
As shown in Figure 8, it can be seen that when the
forgetting term is not included, the robotic assistance
torque is not reduced and remains at a high level
regardless of subject’s rehabilitation level. It is just a little less than the entire human–robot system needed,
owing to the effect of forgetting term. It is shown that
when the forgetting term is not used, the lower extremity rehabilitation robot replaces subject to complete
the gait angle trajectory, which decreases the subject’s
active participation level and inhibits the active effort
of subject. It is obvious that the assistance torque of
rehabilitation robot is affected by both the forgetting
factor value and the amount of active participation of
subject. Finally, the steady-state value is reached.
Another rehabilitation mode is passive-to-active
rehabilitation mode. The mean of robotic assistance
torques for subjects with different rehabilitation levels
during the passive-to-active mode (comparative analysis of hip joints only) is presented in Figure 9. As can
be seen, the subjects perform passive gait rehabilitation
training during the first two gait cycles, and the subjects perform active gait rehabilitation training during
the last three gait cycles. When the forgetting factor is
included and the subject is in active rehabilitation training, the hip maximum assistance torque of rehabilitation robot is 91 Nm for subjects with a mild
rehabilitation level. However, for subjects with a moderate rehabilitation level or basic rehabilitation level,

the hip maximum assistance torque of rehabilitation
robot is 60 and 39 Nm, respectively. It is obvious that
when a forgetting factor is used, the robotic assistance
torque gradually decreases as the subject’s rehabilitation level increases. When the forgetting term is not
included, and subjects transited from passive training
to active training, the hip assistance torque of the rehabilitation robot remains at a high level and decreases
slightly. Even if the subjects have active motion ability,
they could not be made to obtain full usage.
Table 2 shows the maximum gait angle deviation
from the desired normal gait trajectory for subjects with
a basic rehabilitation level and the maximum assistance
torque statistical results (only the data from the last
three gait cycles) of the rehabilitation robot for different
gait training modes. As can be seen, the hip maximum
angle deviation with the forgetting term is larger than
that without the forgetting term for both the always
active mode and the passive-to-active mode. With the
forgetting term, the hip maximum angle deviations have
exceeded the set deviation for trajectory tracking. This
is mainly due to the impact of the machining accuracy
and assembly errors of the robotic transmission
mechanism, and the delay of the robotic measurement
and control system. Without the forgetting term, the
hip maximum assistance torque of rehabilitation robot
is very high. However, with the forgetting term, the hip
maximum assistance torque of the rehabilitation robot
decreases obviously, because the subject actively participates in the gait rehabilitation training. It is clear that
with the forgetting term, the rehabilitation robot
increases the trajectory error to learn subject’s active
torque and adaptively achieves AAN control.
In summary, with the forgetting term, the AAN controller can learn subject’s active torque through a small
trajectory error. Thus, the subject can actively participate in the rehabilitation training as much as possible
to decrease the robotic assistance torque and adaptively
achieve AAN control. The rehabilitation robot prototype experiments illustrate the feasibility of the proposed continuous seamless adaptive AAN control
method. When the forgetting term is used, the adaptive
AAN controller can effectively decrease robotic

Figure 9. The mean of robotic hip assistance torques for subjects with different rehabilitation levels during the passive-to-active
mode: (a) mild rehabilitation, (b) moderate rehabilitation, and (c) basic rehabilitation.

Table 2. Subject’s maximum gait angle deviation and robotic maximum assistance torque.
Gait parameter

Maximum angle error
of hip joint
Maximum assistance
torque of hip joint

Always active mode

Passive-to-active mode

Without the forgetting
term

With the forgetting
term

Without the forgetting
term

With the forgetting
term

1.88° 6 0.19

3.06° 6 0.24

1.96° 6 0.20

3.02° 6 0.23

115 Nm 6 3.1

39 Nm 6 2.8

117 Nm 6 2.9

38 Nm 6 2.7

assistance torque according to subject’s rehabilitation
level. The robotic assistance depends on the forgetting
factor value and the amount of subject’s active
participation.

1.

2.

Conclusion
In this article, a novel continuous seamless AAN control method based on SMAC framework was proposed
to provide an adaptive seamless assistance torque
according to subject’s rehabilitation level for lower
extremity rehabilitation robot. It was applied to a rehabilitation robot system operated at different gait rehabilitation stages and different rehabilitation training
modes. Its performance was validated by 12 subjects
with different rehabilitation levels, resulting in the following conclusions:

3.

4.

In the absence of forgetting term, even if subject
has active motion ability, the robotic assistance torque does not decrease and the active effort of subject is inhibited.
With the forgetting term, the gait trajectory errors of
all the subjects increase, and the assistance torques of
the rehabilitation robot decrease. Moreover, the
AAN controller can use a small trajectory deviation
to decrease the robotic assistance torque in real time
and achieve adaptive AAN control.
The robotic assistance torque depends on the forgetting factor and the level of subject’s active
participation.
The AAN controller used a small trajectory error
to decrease the robotic assistance torque in real
time can ensure a high trajectory tracking accuracy. Since the gait angle trajectory error data are

5.

continuous, the control method is no need for
swing phase control and support phase control,
separately. Thereby, it could be continuously
adapted to different phases of the gait cycle. In
addition, the control method can meet the gait
rehabilitation training requirement of subjects at
different rehabilitation levels. Thus, this could be
applied to both the passive and active rehabilitation training modes to achieve continuous seamless
adaptive AAN control.
Due to the limitations of experimental conditions,
the therapeutic efficacy of the proposed continuous seamless adaptive AAN control method has
not yet been measured.

The current results lay a groundwork for the test of
subject’s active role in improving the effectiveness of
gait rehabilitation training. The proposed method can
adapt to subject’s active effort in real time, and it is no
need to change parameters in different gait rehabilitation stages. It is expected that the research outlined in
this article would provide guidance in solving continuous seamless AAN control related to different rehabilitation levels and different gait rehabilitation stages for
improving the rehabilitation effect. This will be further
verified through intensive user trials in the near future.
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