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Abstract— In this paper, a novel robust adaptive control
scheme is proposed for a lower limb rehabilitation robot
designed by our laboratory. The proposed control strategy
is based on the radial basis function (RBF) neural networks
and the parameters of the system dynamics are unknown.
The weights of the RBF neural networks are updated by an
adaptive law according to the Lyapunov stability analysis. The
robustness against possible variations of the system dynamics
and the external disturbance are considered in the control
design. The proposed control strategy can not only avoid the
complex procedure of system parameters identification, but also
guarantee high robustness, small trajectory tracking errors
and the assistance of the patient’s voluntary participation.
Using this control algorithm, the robot can regulate its exerted
torque to adapt to the patient’s active torque in real time
during rehabilitation. The effectiveness of our control method
is demonstrated by a simulation.

I. I NTRODUCTION
There have been an increasing number of patients suffered
from neurologic damage in the world. Spinal cord injury,
stroke and muscle weakness are common neurologic injuries
which may seriously impair the patients’ limb motion ability in the daily life [1]. Rehabilitation exercises can help
the patients to restore the motor function to some extent.
Traditional rehabilitation training methods are that therapists
move the patients’ paralyzed limbs repetitively by hand or
simple devices, which are toilsome and time-consuming [2].
Different from the traditional rehabilitation, robotic technologies have shown superiority in providing more efficient
and comfortable rehabilitation exercises. In recent years,
rehabilitation robots are designed for conducting or assisting
patients with hemiplegia or paraplegia to carry out repetitive
rehabilitation training. The RoboKnee developed by Florida
University is used to help the motion-impaired people to do
the lower extremity locomotion training at the knee joint
level [3]. The MotionMaker designed by SWRTEC is a reclining type lower limb rehabilitation robot [4]. The patient’s
hip, knee and ankle joints can be trained simultaneously
with the help of the MotionMaker. The Lokomat which is
developed by Hocoma is composed of a treadmill, a couple
of gait orthoses and a weight reduction system [5]. It can
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conduct patient to carry out lower limb gait rehabilitation
exercises. The Hybrid Assistive Limb-5 (HAL-5) is a wearable lower extremity exoskeleton robot which is designed
by the University of Tsukuba [6]. The HAL-5 can assist
the disabled to accomplish upper or lower extremity daily
activities. Generally speaking, every rehabilitation robot has
a control strategy enabling it to execute the rehabilitation
exercises desired by the patients who use it. The patients can
behave passive or generate either assistive or resistive torques
during the actual rehabilitation training. Taking into account
the complex dynamic changes from the patients’ desired
motion, the precise dynamics model of the human-robot
hybrid system will hardly be established and the classical
controllers (such as PID controllers) may probably get failed
in this situation [7]. Some works based on the dynamics
parameters identification of the human-robot hybrid system
are put forward in recent literature [8], [9]. These methods
can be valid only when the rehabilitation robot is used by
the same patient in an invariant environment [10]. However,
considering the morphology differences caused by different patients and the external environment disturbance, the
parameters identification methods may be inaccuracy and
time-consuming. In our previous work [11]–[15], in order to
implement accurate objective tracking tasks of robot manipulators, different control schemes based on adaptive neural
network are developed. This paper extends our adaptive
control researches to the domain of rehabilitation robots.
In this work, an RBF-based neuro-adaptive control strategy
is put forward for a lower limb rehabilitation robot which
is designed by our laboratory. A sliding mode robust term
[16], [17] is introduced to our control design to improve antiinterference capability. The proposed control strategy can not
only avoid the complex process of system parameters identification, but also ensure good performance of the system,
such as stability, robustness, trajectory tracking accuracy and
the help of patients’ voluntary participation. The remainder
of the paper is organized as follows: section II introduces
the human-robot hybrid system for lower limb rehabilitation
and the detection method of the human voluntary motion.
Section III presents the RBF-based neuro-adaptive control
scheme and analyzes the system stability. The simulation and
discussion of the control strategy are proposed in the Section
IV. Section V gives the conclusion and future works.
II. H UMAN - ROBOT

HYBRID SYSTEM AND DETECTION OF
HUMAN TORQUE

The lower limb rehabilitation robot designed by our
laboratory has 3-DOF (degree of freedom) corresponding
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to hip, knee and ankle joint, respectively. The mechanical
structure of the robot is shown in Fig. 1. Torque sensors and
encoders are installed to obtain the torques, angular positions
and angular velocities of each joint. In the procedure of
the rehabilitation exercises, the subject’s thigh and crus are
attached to the robot links and the foot is fastened to the
pedal. Therefore the robot combined with the human lower
limb can be viewed as a three-link structure. For the sake
of simplicity, the mass of the whole system is assumed
to be evenly distributed and the ankle joint is assumed
to keep horizontal because it has few effects on the end
trajectory. Thus, the simplified human-robot hybrid model
can be regarded as a mass-evenly two-link system under
the above assumptions. Fig. 2 shows the simplified model
structure, where m1 represents the total mass of robot link 1
and human thigh, m2 denotes the total mass of robot link 2
and human crus, l1 and l2 are the length of link 1 and link
2, q1 and q2 are the actual angular position of the joint 1
(hip joint) and joint 2 (knee joint).

joint 1

link 1

joint 2

x2
joint 2

link 2

m1 , l1

joint 3

Fig. 1. Mechanical structure of the Fig. 2.
lower limb rehabilitation robot

m2 , l2

x1
Simplified model structure

(1)

where τ is the actual output torque, τr denotes the torque
applied by the robot and τh represents the torque generated
by the subject. The detection of the torque exerted by the
subject is critical because it will have great effects on the
torque produced by the robot motor. During training, the
pedal is assumed to maintain horizontal. Thus, the actual
output force of the pedal will be vertical with the ground
all the time. The reading on the force sensor of the pedal
will only be generated by the human leg gravity under the
situation that no active force is applied by the subject. The
link 1 and link 2 can supply the support force against the
gravity of human leg at this time. The relationship between
them can be deduced as follows
1
2 mt gl1

cos q1 + mc g[ 12 l2 cos(q1 + q2 ) + l1 cos q1 ]
l1 cos q1 + l2 cos(q1 + q2 )
(2)
where mt denotes the mass of human thigh, mc represents
the mass of human crus, and Fs is the reading on the force
sensor of the pedal at static status. We can calculate the
Fs =

DESIGN AND STABILITY ANALYSIS

As it is difficult to directly design a control law for
the robot torque under the influence of the human active
participation, we decide to design a novel and efficient
control method for the actual output toque of the whole
system. Considering the human voluntary torque can be
detected using the method mentioned before, the robot torque
can be calculated by using (1). In order to implement the
performance that the robot can adaptively compensate to
the patient’s different voluntary efforts, a robust adaptive
control law will be designed for the actual output torque. The
dynamics model structure of human-robot hybrid system can
be described as [19]
M (q)q̈ + C(q, q̇)q̇ + G(q) + F (q̇) + τd = τ

The actual output torque of the human-robot hybrid system
at every joint consists of two parts: the torque exerted by
the robot and the torque generated by the human. The
relationship between them can be represented as follows
τ = τr + τh

III. C ONTROL

q2

link 3

q1
joint 1

human voluntary torque by using the deviation between Fs
and the changing reading on the force sensor when the
subject applies voluntary force to the pedal. The calculation
formula can be written as [18]


(Fs − F )l1 sin(q1 + q2 ) sin q2
.
(3)
τh =
(Fs − F )l2 cos(q1 + q2 )

(4)

where M (q) is the inertia matrix, C(q, q̇) is the coriolis/centripetal matrix, Ṁ (q) − 2C(q, q̇) is a skew-symmetric
matrix, G(q) is the gravity vector, F (q̇) is the friction vector,
τ (τ = τr + τh ) is the actual output torque of the whole
system, and τd is the unknown external disturbance which
satisfies kτd k ≤ ρd .
Define the tracking error as follows
e = qd − q

(5)

where qd is the expected joint angular position and q is the
actual joint angular position.
Define the filtered tracking error by the sliding mode
transformation
r = ė + Λe
(6)
where Λ = ΛT = diag(λ1 , λ2 , · · · , λn ), λi > 0(i =
1, . . . , n). e and ė converge exponentially (asymptotically)
to zero when r converges exponentially (asymptotically) to
zero [20].
Set
q̇r = r + q̇
(7)
so we can get
q̈r = ṙ + q̈

(8)

Substituting (7) and (8) into (4), we have
M ṙ = −Cr − τ + f + τd

(9)

where f = M q̈r + C q̇r + G + F and f contains the whole
modeling information.
However, considering the human voluntary efforts and the
external environment disturbance, the human-robot dynamics
modeling is very difficult to obtain. Thus, our goal is to
design an adaptive robust controller for the system without
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any knowledge of the dynamics model parameters. To this
end, we select a neural network adaptive control law as [21]

Define the optimal approximation error of the RBF neural
networks as ε,

τ = fˆ + Kv r

ε = f − f∗

(10)

where fˆ is an approximation of f , which can be generated by
using RBF neural networks, Kv = KvT > 0 is a gain matrix.
The control structure block diagram of the whole system is
shown in Fig. 3.

and assume that ε satisfies kεk ≤ δ.
The actual outputs of four RBF neural networks can be
denoted as
M̂ (q)

[qr , qr ]

RBF
Neural Networks

[qd , qd , qd ]

Errors
Calculation

[q, q ]

r

Kv




W





Robot

F̂ (q)

Lower
Limb

Wh

[ q, q , q]

Fig. 3.

Wr

where W is the weight matrix, ϕ = [φ1 φ2 · · ·
φn ] is the vector composed of basis functions, φi =
exp(− kx − µi k2 /2σi2 ) is the basis function of node i (i =
1, 2, · · · , n), n is the number of nodes in the hidden layer.
In order to get a high approximate accuracy, we choose
four RBF neural networks to reconstruct M (q), C(q, q̇),
G(q), F (q̇), respectively. This neural network approximation
approach can also be used in many other fields, such as
piezoelectric actuators [22]. The structure of the four RBF
neural networks is shown in Fig. 4.

M ṙ

˙
ŴM
˙
ŴC
˙
ŴG
˙
ŴF

fˆ
Gˆ (q )

V

Structure of the four RBF neural networks

=

Assume that the optimal outputs of four RBF neural
networks are M ∗ (q), C ∗ (q, q̇), G∗ (q), F ∗ (q̇), respectively.
=

∗T
ϕM
WM

C ∗ (q, q̇) =
G∗ (q) =

WC∗T ϕC
WG∗T ϕG

F (q)
∗

=

(17)

= ΓM ϕM q̈r rT − kM krk ΓM ŴM
= ΓC ϕC q̇r rT − kC krk ΓC ŴC
= ΓG ϕG rT − kG krk ΓG ŴG

(18)

= ΓF ϕF rT − kF krk ΓF ŴF

where ΓM , ΓC , ΓG , ΓF are symmetric positive definite
constant matrices and kM > 0, kC > 0, kG > 0, kF > 0.
To analyze the system stability, we construct a Lyapunov
function as follows

Fˆ (q )

M ∗ (q)

T
ϕM q̈r + W̃CT ϕC q̇r
−(Kv + C)r + W̃M

The adaptation law of these weight matrices can be deduced
according to the Lyapunov stability analysis [23].

qr

Fig. 4.

=

+W̃GT ϕG + W̃FT ϕF + ε + τd + ξ

Cˆ (q, q )

[q, q ]

(15)

where ξ is a robust term which can be designed as ξ =
−(δ + ρd )sgn(r).
By substituting (12)-(16) into (9), the closed-loop tracking
filtered error dynamics can be expressed as

qr

q

=

In order to resist the modeling errors and unknown external
disturbance, we modify the adaptive control law (10) as
follows
τ = fˆ + Kv r − ξ
(16)

Mˆ ( q )

q

(14)

ŴFT ϕF

W̃ = W ∗ − Ŵ

An RBF neural network with one hidden layer can be
described as
y = WTϕ
(11)

q, q

ŴCT ϕC
ŴGT ϕG

Define the weight estimation errors as

Control structure block diagram

q

T
ϕM
ŴM

=

Ĉ(q, q̇) =
Ĝ(q) =

[ q, q , q]

fˆ

(13)

1 T
1
T −1
ΓM W̃M )
r M r + tr(W̃M
2
2
1
1
T −1
+ tr(W̃CT Γ−1
C W̃C ) + tr(W̃G ΓG W̃G ) (19)
2
2
1
+ tr(W̃FT Γ−1
F W̃F )
2

Calculating the time derivative of V,
(12)

WF∗T ϕF

where W ∗ is the optimal weight constant matrix that satisfies
kW ∗ kF ≤ Wmax .
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V̇

1
T −1 ˙
ΓM W̃M )
= rT M ṙ + rT Ṁ r + tr(W̃M
2
˙
T −1 ˙
+tr(W̃CT Γ−1
C W̃C ) + tr(W̃G ΓG W̃G )
˙ )
+tr(W̃ T Γ−1 W̃
F

F

F

(20)

By using (17) and considering Ṁ − 2C is a skew-symmetric
matrix, we can get
V̇

˙
T
T
= −rT Kv r + tr(W̃M
(Γ−1
M W̃M + ϕM q̈r r ))
˙ + ϕ q̇ rT ))
+tr(W̃ T (Γ−1 W̃
C
C
−1 ˙
T
+tr(W̃G (ΓG W̃G

C r

C

+ ϕG rT ))

(21)

˙
T
+tr(W̃FT (Γ−1
F W̃F + ϕF r ))
+rT ε + rT τd + rT ξ
Substituting (15) and (18) into (21), we have
V̇

=

∗
T
− W̃M ))
(WM
−rT Kv r + kM krk tr(W̃M

+kC krk tr(W̃CT (WC∗ − W̃C ))
+kG krk tr(W̃GT (WG∗ − W̃G ))

+kF krk tr(W̃FT (WF∗
+rT ε + rT τd + rT ξ

(22)

− W̃F ))


−2 −1 0 1 2
,
−2 −1 0 1 2
σi = 4 (i= 1, 2, · · · , 5). The external
T disturbance is selected
as τd = 0.2 sin(t) 0.2 sin(t)
. We choose the desired
trajectory as the treadmill movement which is a common and
effective rehabilitation exercise in clinic. Based on the data
in [24], the range of the normal gait speed is from 67 ± 3
to 154 ± 11 steps per minute and the general gait is 100 ± 1
steps per minute. By considering patients’ injury condition,
the treadmill movement period is set as 4s and the radius of
treadmill is selected as 0.1m. Thus, the desired trajectory of
the end-point can be expressed as
 


0.63 + 0.1 cos(0.5πt)
x1
=
x=
0.1 sin(0.5πt)
x2
functions are designed as µ =

where x is the desired position coordinate of the end-point
trajectory in Cartesian space.
desired trajectory
tracking trajectory

According to the definition of the Frobenius norm, we can
obtain
E
D
2
tr(W̃ T (W ∗ − W̃ )) =
− W̃
W̃ , W ∗
F

0.1

0.05

x2(m)

F

2

≤

W̃

kW kF − W̃
∗

F

F

(23)

≤ −λmin (Kv ) krk
+kM krk W̃M

-0.1
0.5

0.55

0.6

0.65

0.7

0.75

x1(m)

2

F

(WM max − W̃M

F

(WC max − W̃C

F

+kG krk W̃G

F

(WG max − W̃G

F

+kF krk W̃F

F

(WF max − W̃F

F

+kC krk W̃C

0

-0.05

where k·kF is the Frobenius norm.
Using (23) and considering the boundedness of W ∗ , ε, τd
and the definition of ξ, (22) can be deduced as follows
V̇



F

)

Fig. 5.

)
(24)

)
)

Under the condition that qd2 < 0, the desired trajectory of
each joint can be expressed as follows


x21 +x22 +l21 −l22


x2
√
+
arccos
arctan
qd1
x1
2l1 x21 +x22 
=
qd =
x21 +x22 −l21 −l22
qd2
)
− arccos(
2l1 l2

where λmin (Kv ) is the minimum eigenvalue of Kv .
Thus, when
2
2
2
2
kM WM
max + kC WC max + kG WG max + kF WF max
4λmin (Kv )
(25)
holds, we can get V̇ < 0. As a result, the convergence
condition of the error can be given as (25).

where qd1 is the desired angular position coordinates of joint
1, qd2 is the desired angular position coordinates of joint 2.
The Jacobian matrix can be written as

krk >

IV. S IMULATION

Trajectory tracking in end-point Cartesian space

RESULTS

The performance of the proposed control strategy will
be verified by using Matlab/Simulink platform. The system
parameters are selected as m1 = 15.2kg, m2 = 12.51kg,
l1 = 0.42m, l2 = 0.41m. The parameters with respect
to the control scheme are set as Kv = diag(50, 50),
ΓM = diag(5, 5), ΓC = ΓG = ΓF = diag(10, 10),
Λ = diag(10, 10), δ = 0.2, ρd = 0.1, kM = kC = kG =
kF = 0.01. For each RBF neural network, there is one hidden
layer and one output layer. The initial weight values of the
network is chosen as zero. The number of nodes in the hidden
layer is set as 5. The parameters of hidden layer Gaussian

J=



−l1 sin qd1 − l2 sin(qd1 + qd2 ) −l2 sin(qd1 + qd2 )
l1 cos qd1 + l2 cos(qd1 + qd2 )
l2 cos(qd1 + qd2 )



Thus, the desired angular velocity of each joint can be
obtained as
q̇d = J −1 ẋ
In Figs. 5-7, the solid line is the desired motion curve
and the dotted line is the actual motion curve of the whole
system. After a short adaptation phase, the tracking error
is almost less than 0.005 rad and 0.008 rad/s for position
and velocity, respectively. Therefore, the proposed control
scheme can guarantees a high performance in trajectory
tracking under the external disturbance and human voluntary
participation. The applied torques at each joint is shown
in Fig. 8, respectively. The black line represents the actual
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actual output torque of joint 1
human torque of joint 1
robot torque of joint 1
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output torque. The red line and blue line denote human
torque and robot torque, respectively. From Fig. 8, we can
be clearly see that the robot works in the assistive mode
and the robot torque changes with the variation of human
torque. It implies that the robot can change the magnitude
or direction of the motor torque to adapt to the patient’s
different voluntary efforts. During rehabilitation, the robot’s
operation mode can be switched based on the patient’s
voluntary torque. The robot will run in the assistive mode
when the patient can not catch up with the desired trajectory.
In contrast, if the patient moves too fast, the robot will
operate in the resistive mode for the sake of security.

Angular velocity tracking
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V. C ONCLUSIONS

(a) Applied torques on joint 1

401

actual output torque of joint 2
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This paper proposed a control method based on the
RBF neural networks for a lower limb rehabilitation robot
designed at our laboratory. There is no particular prior
knowledge of the system dynamics except the model structure information which is universally valid in robotics. The
Lyapunov theory has been used to analyze the stability of
the whole system and to deduce the adaptive update rule of
the network weights. The simulation result indicates that the
proposed control strategy can ensure small tracking errors
and possess good robustness to the modeling errors and
external disturbance. Using the proposed control scheme, the
robot can change its mode to adaptively conduct the rehabilitation training by detecting the human voluntary torque.
For future works, we are going to popularize this method to
more diverse multi-joint coordination motion modes such as

20
15
10
5
0
-5
0

5

10
time(s)

(b) Applied torques on joint 2
Fig. 8.

Applied torques of the system

15

various frequencies and non-periodic motions and the control
schemes will be validated in practice.
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