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Abstract—This paper presents a neural networks based admit-
tance control scheme for robotic manipulators when interacting
with the unknown environment in the presence of the actuator
deadzone without needing force sensing. A compliant behaviour
of robotic manipulators in response to external torques from
the unknown environment is achieved by admittance control. In-
spired by broad learning system (BLS), a flatted neural network
structure using Radial Basis Function (RBF) with incremental
learning algorithm is proposed to estimate the external torque,
which can avoid retraining process if the system is modelled
insufficiently. To deal with uncertainties in the robot system, an
adaptive neural controller with dynamic learning framework is
developed to ensure the tracking performance. Experiments on
the Baxter robot have been implemented to test the effectiveness
of the proposed method.

Index Terms—neural networks (NNs); adaptive control; broad
learning; force/torque observer; admittance control.

I. INTRODUCTION

N the past decades, robots have been widely applied in many
fields of social life, such as industry, service and education
[1]. In these cases, robots are inevitably encountering the un-
known environment. Therefore, control of robots in a safe and
compliant behaviour during the interactive process has been
widely studied. In the literature, hybrid position/force control
and impedance control have been the two main approaches for
interaction control [2]-[5].

Impedance control aims to impose a desired dynamic be-
havior on the robot to interact with environments. The desired
interaction performance is specified through a impedance
model. On the basis of the control causality, admittance
control could be regarded as the inverse of impedance control
[6]. The admittance control can ensure the robot produce
a good interaction performance by adapting the motion to
the external force. The admittance control aims to map the
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external force measured by the force sensors to the position
of the robot end-effector through an admittance model. In
general admittance control schemes, the inner-loop is for
trajectory tracking, which accepts the trajectory generated by
the admittance model in the out-loop as the input signal [7].
In addition, the admittance model varies from different tasks.
This characteristic enables the admittance control to be used
in many forms to achieve a good physical interaction control
performance [8].

In admittance control schemes, force measurement is funda-
mental and necessary, and the interactive control performance
is largely decided by the accuracy of the external force
measurement [9]. A common method is to use force sensors
to measure external forces. Although the force sensor can
provide high precision, it also has shortcomings. First of all,
commercial sensors with high precision are often expensive.
Secondly, force sensors mounted on robots will change the
dynamics of robots [10]. Finally, due to exposure to the com-
plex and dangerous industrial environment, the force sensor
will be vulnerable to damage, which is not applicable to
certain situations. Therefore, force observer approaches have
been widely studied. In [11] [12], the disturbance observer
approach was proposed to estimate the external force. In [13],
a dynamic state observer was proposed to estimate the contact
force. In [14], generalized momentum based observer was used
for measuring the contact force with partially known model
dynamics. These classical model-based observer methods can
not work well without accurate model dynamics.

To solve this problem, many force estimation methods
integrating neural networks have been studied [15] [16]. In
[15], a NN-improved disturbance observer was proposed with
partial dynamics of the robotic link. In [16], NNs were em-
ployed to approximate the Coulomb friction and improve the
performance of the model-based observer. Although NNs were
employed into the above methods, the problem of requiring
system dynamics is still unsolved. In [17], an inverse dynamics
method combining with multilayer feedforward NNs have
been proposed without robot dynamic model. NNs were used
to identify the system dynamics and have a good approxima-
tion performance. However, this architecture will consumes
more time as the number of layers of neural network increases.
Compared with traditional multilayer NNs, the random vec-
tor functional-link neural network (RVFLNN) is an effective
network with good approximation ability and simple structure.
Moreover, it can avoid long training time and has fast learning
property [18] [19]. Considering this good property, the inverse
dynamics observer combined with RVFLNN is proposed for
external force. The advantage is that the dynamics of robot
system is not required and the training time of the NN structure
is shorter.

The control performance is another important factor in



practical control system [20]. In the literature, adaptive con-
trol methods incorporating intelligent tools have been widely
employed in control systems [21]-[24]. Different from model-
based control approaches, these adaptive control methods
could deal with the unknown system dynamics by automat-
ically updating laws. Although model-based control usually
shows better control performance, it is based on an accurate
model [25]. In practice, an accurate model is hardly to be
obtained owing to the complexity of mechanical robot system.
In addition, the payload on the manipulator could also make
the modelling of the robotic arm more difficult [26]. In
[27], the RBFNN was employed to deal with uncertainties
of both robot system and the object, and a prescribed tracking
performance was guaranteed. In [28], NNs were integrated in
control design to cope with the uncertain dynamics. In [29],
the adaptive fuzzy control method was used to suppress the
uncertain dynamics of the system. Although NNs or fuzzy
logic can solve the problem of system uncertainties, these
intelligent tools inevitably increase the burden of control
system. In order to have good approximation performance,
the number of neurons and fuzzy rules will increase, which
in turn will bring heavy computation burden to the system
and affect the control effect. Moreover, when the learning is
insufficient, the inaccurate approximation will influence the
control performance. However, among the literatures about
adaptive NN control, few studies have concerned with the
the way of solving the problems of the insufficient learning
condition and computational burden.

Recently, the broad learning system (BLS) has attracted
much attention because of its novel framework without suf-
fering time-consuming training process caused by traditional
deep structure, and it has been used in pattern recognition and
classification [30] [31]. Considering its novel architechture,
the property of BLS could also be employed to NN based
control scheme to accumulate the learning experience with
node expansion without retraining the model. In [32], it has
been pointed out that deterministic learning theory is an
efficient way to deal with the unknown dynamics by satisfying
the persistent excitation (PE) condition. Based on the above
discussion, an adaptive RBFNN learning framework has been
developed. Compared with the traditional learning network,
the difference is that this adaptive learning framework can
not only ensure the approximation ability of NNs under
insufficient learning condition, but also will not bring heavy
computational burden to the system.

Deadzone is an crucial problem of affecting the dynamic
control performance of the system. In practical systems, the
deadzone will not only cause the loss of control precision,
but also cause system instability. Researchers have proposed
many methods to solve this problem. In [33], an adaptive
method was incorporated into motion control system for tuning
fuzzy logic parameters. In [34], the deadzone nonlinearities
in control system were compensated by inverse function.
However, due to the complexity and uncertainties of practi-
cal actuators, the deadzone functions are difficult to know.
Therefore, such model-based compensation methods may not
have good performance in practical systems. With the strong
approximation ability, NNs have been applied into control
system to compensate the deadzone nonlinearity [35]-[38].
Inspired by above works, in this paper, a NN-based force
sensorless admittance control scheme for robotic arms with
actuator deadzone is proposed. This paper is a continuation of

our previous work [39], and the improvements are given as
follows:

(i) Admittance control is adopted to generate a compliant
interactive behaviour with considering the dynamics of the
unknown environment. A saturation function in joint space is
considered to constraint the robot motion.

(i) A flatted neural network structure using RBF with
incremental learning is proposed to estimate the external
torque rather than model-based observer.

(iii) A RBFNN-based learning controller with dynamic
framework is developed to deal with system uncertainties and
compensate the deadzone nonlinearities.

The rest of this paper is organized as follow. Section
IT expresses the preliminaries. Control design is presented
in Section III. Section IV gives the experimental results.
Conclusion is drawn in Section V, and appendix is presented
in section VL.

II. PRELIMINARIES
A. Problem Formulation

The dynamics of a n—link robotic manipulator is

My(q)i+ Cq(q,9)d+ Golq) =T + I fear (1)

where ¢ € R",¢ € R™ and ¢ € R™ represent joint accelera-
tion, velocity and position, respectively. M,(¢) € R"*™ and
Cy(q,4) € R™*™ denote the inertia and coriolis matrices, and
G,4(q) € R™ is the gravity load. 7 € R™ is the joint torque
and f.,; is the external force. The relationship between the
external torque and the force can be written as

Text = JTfemt (2)

where J(q) is the manipulator Jacobian matrix.

Property 1: The matrix M,(q) is symmetric and positive
definite [40]. ]

Property 2: The matrix 2Cy(q,q) — My(q) is skew-
symmetric [40].

The environmental dynamics can be defined as

Mgz + Cgt + Gpx = _fe:ct 3

where Mg, Cr and Gg are the coefficient matrices. &, &
and z denote the acceleration, velocity and position of the
end-effector of the manipulator, respectively. Through inverse
kinematics and (2), the environmental dynamics in (3) can
be transformed to joint space to describe the environment
dynamics, such that

(I)(Q7 Q) = Text €]

where ®(-) denotes the mapping function.
In this paper, a damping-stiffness admittance model [41] is
used to describe this relationship, such as

Cd(jfr — Z‘d) + Gd(mr - xd) = _fext )

where x4 and x, denote the desired trajectory and modified
desired trajectory in task space, respectively. Cy and G4 are
coefficient matrices. According to (5), compliant motion x,. for
the external force is generated based on the desired trajectory
xq and fe,;. In joint space, the admittance model (5) can be
described as

CdJ(Q)(qT - Qd) + Gd((p(QT) - (P(Qd)) = _(JT)_ITezt (6)
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Fig. 1.  The structure and updating algorithm for Functional-link neural
network (modified from [19]).

where (-) denotes the robot kinematics function, ¢, and ¢4
denote the modified desired trajectory and desired trajectory
in joint space, respectively.

In admittance control schemes, the modified desired tra-
jectory g, is always assumed to be bounded, i.e., |g.i| <
C;, (i=1,2..n), where C; is a positive constant. However,
during the process of robot-environment interaction, the mod-
ified trajectory ¢, may violate the prescribed bound, that is,
lgri] > Cj, i = 1,2..n. To solve this problem, a saturation
function is defined as

aritpriCi
—vi(l—e 7 ) —piC, qri < —piC;
Qri = § qris lgri| < piCi (7)
PiCi—drq
yi(l—e 7 )+ piCy, qri > piC;

where v; = (1 — p;)Ci, 0 < p; <1 (i =1,2,..,n). Under
this saturation function, the modified desired trajectory g, can
be guaranteed to stay within a constraint space.

B. RBFNN with PE Property

In this part, a brief introduction of RBFNN approximation
is given. In [42], it is proven that the RBFNN can approximate
any continuous function f(e) with a sufficient large node I,
and optimal weight W*, that is

f(Zin) = W*TS(ZM) + 5(Zin)a VZin € QZm (®)

where Z;, € Qz, C R is the input vector of RBFNN with
input dimension v. ||e(Z;y,)|| < €* denotes the approximation
error (|| e || is the Euclidean norm of vectors).

It should be noticed that the activation function of RBFNN
is Gaussian function

_(Zin - uzT)(Zm - Ui)

$i(Zin) = exp| 5 Li=1,.,1 (9
U
where [ is the number of the NN node; u; =

[ti1, Uiny .oy Uip] (i = 1,2, ...,1) and 7; denotes the node center
and the variance, respectively.

In practice, W* is the ideal NN weight matrix and estimated
by W, and the function can be approximated by

F(Zin) = W' S(Zin) (10)

where f(Zi,) is the estimate of f (Zin). The approximation
error of the weight can be defined as W =W — W™,

Definition 1: [32] Consider the lattice of RBFNN is con-
structed in (8), we can select

0> 2h = min||u; —u;|| >0 (11)
i

When the periodic input trajectory Z (¢) is upon on the lattice,

there will always be a regression subvector S¢(Z ) in the

o—neighborhood of Z (t), such that

Se(Z') = [51(2), o 1.(2),)]

with different centers w1, cey Wi - Because the value of the
regression vector becomes very small as the trajectory moves
away from the centers, we can choose

12)

2h <0< (13)

with the distance between Z' (i = 1,2, ..., l¢) and NN centers
satisfying || Z; —u;;|| < o, we can obtain s;(Z) > o, where
o is a small positive constant.

Lemma 1: [32] Assume that the periodic trajectory Z (t) is
within a compact set Q € RV, and its derivative form Z (t) is
bounded within €. If the centers of RBFNN could be placed
on a sufficient large enough lattice to cover the compact set 2,
the S¢(Z l) defined in (12) and (13) will satisfy the persistent
excitation.

C. RVFLNN with Dynamic Updating Algorithm

The RVFLNN has a good ability of quick modeling for
nonlinear systems with a simple structure, as shown in Fig.
1, where () represents a mapping function for input X, and
Wh, Bp, are randomly generated, Y,, is the output matrix with
Y, = A, W,,. In [19], an improvement version and a dynamic
updating algorithm for RVFLNN is proposed to calculate
weights for new added enhancement nodes. The model is
modified and illustrated in Fig. 1, where the pattern matrix
Ay, = [X|§(XW} + Br)] contains information of both input
and enhancement nodes, and ¢ is a new enhancement node
added into the network. In this part, the dynamic updating
algorithm for calculating the weights based on the matrix
pseudo-inverse will be introduced with an added enhancement
node. First, we define A, = [A,|a], and the pseudoinverse of
the matrix A, is

At =

p

(14)

{ At — @t }
bT

where d = A} a, and A;} denotes pseudoinverse of the matrix
A,

15)

)T (I+dd)d"Af if ¢c=0
) et if ¢c#0

where ¢ = a — A,d. Then, the weights W,, and W, can be
computed by

W, =\ +AFA,)1ATY,
T
W, — [ W, —db", ]

bTY,
where W,, and W), denote the weights before and after new
enhancement nodes are added into the network. As can be
seen from the above equations, after adding new enhancement
nodes, we only need to calculate the weight of the newly added

(16)



nodes and do not need to recalculate the weight of the whole
network.

Remark 1: As presented in [30], it has been noted that
there is no restriction on the the mapping feature function £(-)
from the input vector to the enhancement vector. In addition,
this flatted neural network structure and the corresponding
incremental learning algorithm can be applied in other neural
network structures, such as support vector machine or RBF.
Therefore, we choose the Gaussian function as the mapping
function.

D. Actuator Deadzone

The deadzone nonlinearity is to describe the insensitivity of
a system to small signals, as shown in Fig. 2.

gr(w)

4

gi(w)

Fig. 2. The deadzone nonlinearity (modified from [36]).

The deadzone nonlinearity can be described as [36]

gr(u - dr); T Z dr
D(r) =<} 0, dy <71 <d, 17
gi(u —dy), T<4d

where u is the actuator input; g,.(+) and g;(-) are the unknown
functions; d, and d,. are unknown parameters of the functions.

III. CONTROL DESIGN
A. Inverse Dynamics Method

In this section, a novel inverse-dynamics-based observer
[17] with NNs is developed, and the revised architecture is
shown in Fig. 3. The dynamics of the robotic arm in (1) can
be Linearized as

T+ JTfext = Mq(Q)q + Cq(‘L Q)q + Gq(q>
= ¥(g,¢,¢)l1

= Tfree

(18)

where 7¢,.c. is the torque to make the robotic arm move in free
motion. The right side of the (18) is parameterized. ¥ is the
regression matrix and II is the parameter vector of the robotic
arm. In this case, the estimation accuracy may be affected by
inaccurate models or modelling errors. Traditional idea is to
find a least squares solution of II, and use it to estimate the
contact force f..;, such that

femt — J_T(qj(q7 CL Q)ﬂ - T)

19
= J " (Fpree = 7) 0

where IT is estimate of the parameter vector. It is not difficult to
find that the accuracy of the model directly affects the solution
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Fig. 3. The NN-based observer under training (modified from [17]).

of the least squares. It is difficult to implement the inverse-
dynamics-based observer if the robotic arm is not accurately
modelled or the modelling error is relatively large.

To solve this problem, A flatted network structure with RBF
is developed to estimate the model parameters. Compared with
traditional multilayer feedforward neural networks employed
in [17], this NN structure incorporating incremental learning
algorithm can guarantee the approximation accuracy without
remodelling the NN structure, when the approximation accu-
racy is not satisfactory. As seen in (16), the advantage of
incremental learning method is that the network only needs
to train the weights of new added enhancement nodes without
calculating the weights of the previous trained network. As
depicted in Fig. 3, the inputs of the neural network under
training are vectors of joint acceleration, velocity and joint
position. After completing the training process, the trained NN
model can be used to estimate the torque 7y, and calculate
the external force from (19).

B. RBFNN Learning with Dynamic Framework

In this section, inspired the broad learning system, a dynam-
ic RBFNN learning framework that combines node expansion
and deterministic learning theory will be developed. As pre-
sented in Fig. 4, the NN nodes with centers far away from
the input trajectory will be discarded, and then the number
of NN nodes will be decreased. Then newly added nodes
with centers close to input trajectory will be properly placed,
and the number of NN nodes will increase. Considering PE
conditions and Lemma I, the satisfied parameter estimation
could not be achieved well when the input of RBFNN is
far from the centers of the Guassian function, which will
bring a low impact on the estimation performance. In this
case, an extra NN node will be added to incorporate the new
information. Here, the information of the added NN node
is defined as [Unew, Mnew Whew)>, Where Unew, Mnews Whew
denote the center, variance and the weight of the added NN
node respectively. Suppose that the distance between centers
of the nearest m NN nodes and the corresponding input is
d, = [p1,D2, ..., Pm|. Then, the parameters of the added node
can be defined as

Unew :TD-F’YHZ;E _pH

Nnew = M

(20)

where Z. is the current point of Z;,, the initial weight of
added NN node is W, = 0, D denotes the average distance
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of dp, such as

m
po2i=tPi g Q1)
m
After that, centers vector of NN nodes can be rewritten as
[Utaunew] ) Zf ﬁ > E
U = 22
i { U, otherwise @2)

where = is the predefined threshold. After new enhancement
nodes are added into networks, the weight vector can be
rewritten as

Wiy ]

new

W) = { (23)

where W) is the weight vector after new enhancement nodes
added into networks.

C. RBFNN Controller

In this part, a RBFNN-based controller is designed to
guarantee the control performance. The tracking errors are
defined as

€1 =4qr — g
a =g+ Ke; (24)
€y = él + K161

where K1 = {k11, k12, ..., k1o, } With kq; being positive con-
stant.

Considering the actuator deadzone, the robot dynamics (1)
can be written as

My(q)G + Cy(q,4)q + Gq(q) = D(T) + Teat (25)
where D(-) is defined in (17).
Design the control torque
T:qu+éqa+éq+K2e2+A7ﬁ_7ﬁezt (26)

where A7 is the estimates of AT = 7 — D(7), M,,C, and
G are the estimates of M,, C; and G, Tey is the estimate

of Teyt; Ko is the control gain.
The updating law of RBFNN is

War = 03, (S(Xar)des — o W)
We = 0! (S(Xc)aes — ocWe)
We = 051(S(Xa)ez — oaWa)
WT = —071(S(X,)es + 0, Wy)

where O(.) are positive definite matrices; o(.) are positive
constants for disturbance [32].
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Fig. 5. Description of the UUB and the definition in (38).

Substituting (26) into (25) yields
—Mgés = (Mq — Mg)a+ (éq —Cgla+ (éq —Gy)

. (28)
+ Cq€2 — AT + K262 + ATe

where AT, = Tegt — Text-

Theorem 1: Considering the system dynamics (1), error
signals (24), NN updating law (27) and Lyapunov function
(32), the proposed control scheme can ensure that es, ||, ||
are UUB. Since [|W, || is bounded, ||W()H =W, + Wil
will be bounded. According to the definition in (24), we can
obtain ey, «, ¢ are bounded.

Remark 2: In [32], it has been proven that almost all
periodic trajectories satisfy the (partial) PE condition. The
approximation of uncertainties can be achieved with the lo-
calized RBF neural networks (WTS(Z;,,)) when the tracking
convergence is obtained. In a possible large lattice on which
the RBF neural network is constructed, the input trajectory
could not search all the every neural node. Therefore, the
NN learning will only occur in the localized area near the
input trajectory of the neural network. For those neurons with
centers close to the input trajectory, their weights can converge
to a small neighborhoods of a set of the optimal weights.
For those neurons far from the input trajectory, their weight
will updates slightly, with little change. Since the centers are
far from the input trajectory, the activation function S(Z;,)
will be small and the weights remain small according to the
updating law (27), which means little learning experience can
be obtained. Therefore, we can present the restriction between
the input orbit and centers to make the RBF neural network
have the learned knowledge, that is

dis(qa,u) < T = [WES(Zin) — f(z)] <e  (29)

where f(-) denotes the unknown function, and Y is a threshold
specified by the designer. In this case, the unknown function
is approximated by

f(x) = W*TS(Zin) + E(Zin)

. 30
=WES(Zin) + €' (Zin) G0)
where the Wg is the subvector of 1, and ¢’ is the approxima-
tion error. WE corresponds to the NN nodes with their centers
close to the input trajectory.

Considering that these neurons with centers far from the
input orbit contribute little and bring extra computational
burden to the system, in this paper, we will discard the NN
nodes with centers far from the input trajectory according to
the following principle

S(Z”L) < )\,

where )\ is a predefined constant.

Zin € RY 3D
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IV. EXPERIMENT RESULTS

In this section, experiments are conducted to verify the
effectiveness of our proposed method. The Baxter robot is
a humanoid two-arm robot, each arm consists of seven joints:
two shoulder joints sg, s, two elbow joints e, e; and three
wrist joints wq, w1, we. The model dynamic is introduced in
[44]. As shown in Fig. 6, the left arm of the Baxter robot is
interacting with the external force form the environment, and
the dynamics of the environment is modelled as the damping-
stiffness system. The motion range of the robotic arm is
specified within the constraint space.

A. Test of Adaptive RBFNN Controller

Firstly, the group of experiments aims to test the effec-
tiveness of the RBFNN-based controller in the presence of
actuator deadzone on joint sg. The upper and lower bounds
of the deadzone input are defined as d, = 0.49 and d; =
—0.49. The RBFNNSs are divided into two groups, one for
approximating the unknown dynamics of robot system with
[q,d, a, ¢, e5] € R", the other for dealing with the problem
of input deazone, with [r,q,q,ez] € R*". The center value
of Guassian function of neural networks nodes should be
set within the range of the upper and lower bound of the
robot motion and input limits, in [-1.5,1.5] x [-1.3,1.3] x
[-1.3,1.3] x [-1.3,1.3] x [-1,1] U[-10,10] x [-1.3,1.3] X
[-1.5,1.5] x [—1,1]. The gains in updating law are selected
as 0., = diag{0.125}, O = diag{0.3}, ©¢c = diag{0.3},
©¢ = diag{0.3}. The control parameters are selected as
K, = diag{12}, K5 = diag{6}. The desired trajectory is
specified as g4 = [sin(5t); —1;1.19;1.94; —0.67; 1.03; —0.5].

The results are depicted in Figs. 7-12. As the input signal
enters the deadzone space, the actuator could only provide
little energy which cannot ensure the control performance,
as shown in Fig. 10. In the Fig. 12, we can find that the
deadzone condition (red solid line) is obvious at 10.5s and
continued to 12.3s and difference between D, and control
torque 7 will degrade the control performance as shown in Fig.
10. With the NN compensation, the tracking performance has
been improved and the tracking error (red dotted line) with NN
compensation is smaller than the controller (blue solid line)
without compensation, as depicted in Figs. 9 and 11. Based
on the forward kinematics of Baxter robot is given in [45], the
tracking performance of end-effector with NN compensation
is shown in Figs. 7-8. As shown in Fig. 7, the actual trajectory
of the end-effector can follow the desired trajectory effectively,
and the tracking error is less than 0.04. As shown in Fig. 12,
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* desired
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Fig. 7. The tracking performance of Fig. 8. The tracking error of the end-
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the input signal (green dotted line) with NN compensation
is closer to the desired control input (blue solid line). The
results of this group of experiments show the effectiveness of
our proposed method.

B. Test of Admittance Control

This group of experiments is to test the performance of force
estimation and trajectory modification based on admittance



control. In Fig. 6, the environment model is defined as:
—Tezt = 0.01G + 0.15¢ + 1.1g. The damping and stiffness
matrices are defined as Cg = diag{3}, Gg = diag{5}. The
parameters in saturation function are set as p; = 0.95,C; =
1.1,v; = 0.05.

Before testing the admittance control, the flatted function-
link networks shoul be trained to obtain the robot dynamics
parameters. During the training phase, seven joints of Baxter
robot must be excited and controlled to move in free motion
in the workspace. At the beginning, the trajectory of the
robotic arm are commanded to flow a desired trajectory under
the proportional-derivative (PD) controller. The motion of
the robot arm should be set between the upper and lower
bound of the motion range, in [—1.7,1.7] x [—2.14,1.05] x
[—3.05,3.05] x [—0.15,2.61] x [—3.05, 3.05] x [—1.57,2.09] x
[—3.05, 3.05]. Then, the data of ¢, ¢, ¢, 7 are recorded for off-
line training, as shown in Fig. 3. The training trajectories for
each joint are depicted as shown in Fig. 13. The training time
lasts for 450s, and each joint has different amplitudes and
periods, as shown in Fig. 13. In the step of training, the arm of
Baxter robot is required to be followed and excited for several
times. After that, the proposed observer is validated and tested
by similar trajectories with different amplitudes and periods,
and the results are shown in Figs. 14-17. As shown in Figs.
14-17, the estimate can follow the external torque well, and
the overall results are satisfactory.

The results of trajectory adaptation are presented in Figs.
18-20. The effect of external torque is about from 12s to 30s.
As we can see from Fig. 18, when external force is applied to
the manipulator, the desired trajectory (blue solid line) will be
modified (red dotted line) to be compliant to the external force.
The tracking performance after the trajectory modification is
shown in Fig. 19. The external torque is estimated by the
proposed observer in Fig. 17. The consuming time for training
the neural network is 5.088s. The total number of NN nodes
employed in the flatted NN structure is 1000. By using the
saturation function, the robot motion is limited between the
upper and lower bound predefined by the designer, which
ensure the robot work within the prescribed joint space, as
shown in Fig. 20. As we can see from these figures, the
overall result is satisfactory, which shows the effectiveness of
our proposed method.

C. Test of RBFNN learning with Dynamic Framework

This group of experiments aims to test the function approxi-
mation capabilities of RBFNN learning with dynamic updating
algorithm. The RBFNN is employed to approximate the non-
linear function f(g¢, ¢, o, &) = My(q)&+ Cy(g, §)oe + G4 (q),
where « is defined in (24). The functional approximation per-
formance of the our implemented neural network is depicted
as shown in Figs. 21-26. The RBF network contains 512
nodes and parameters in updating law are set: ©() = 0.03
o = 0.035. The parameter of discarding nodes defined in (29)
is T = 0.05. As shown in Fig. 22, the weight of NN nodes
with their centers close to the input trajectory are activated well
and the weight of NN nodes with their centers far away from
the input trajectory are updating slightly and remains very
small, that means, little learning experience can be obtained. In
this case, we discard the NN nodes with their centers far away
from the input trajectory according to the principle in (29), and
the number of the discarded NN nodes is 208. After discarding
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these NN nodes, the function approximation performance (red
dotted line) is shown in Fig. 21 and the weight convergence is
shown in Fig. 23. Comparing the approximation performance
before (green dotted line) and after (red dotted line) discarding
nodes as shown in Fig. 21, we can see that the performance of
neural network function approximation is affected little after
discarding these nodes, but the computational burden of the
system has been reduced in half. From the Fig. 21, it is seen
that the function approximation performance is not very satis-
factory. To make the neural network have better approximation
ability, 100 new nodes are added into system with their centers
next to the input trajectory, and the approximation results are
depicted in Fig. 24. The value of weight is updating according
to the law in (27), and the convergence of the weight of old
NN nodes and new NN nodes are shown in Figs. 25 and 26,
respectively. By comparing the Fig. 21 with Fig. 24, we can
see that the approximation performance (blue solid line in Fig.
24) of implemented neural network with dynamic framework
could follow the approximated non-linear function’s dynamics
(red dotted line) better, which can verify the effectiveness of
our proposed method.

V. CONCLUSION

In this paper, a neural-learning-based sensorless control
scheme in the presence of input deadzone is presented for
robotic arm to interact with the unknown environment. An
inverse-dynamics-based force observer integrating the flatted
network with RBF is developed to estimate the external force
from the environment. A dynamic RBFNN learning framework
is developed to approximate the uncertainties of the system.
This novel NN adaptive controller is presented in Section III.
The proposed control scheme is validated through experiments
on the Baxter robot in Section IV.



VI. APPENDIX

Consider the following Lyapunov candidate
1 1 - ~ 1 - ~
V= 5eEMq,e2 + 5tr(W;T@TW;) + 5tr(WAE@MWM)

1 ~ ~ 1 - -
+ §tT(WCT@CWC) + 5tT(W§@gWg)

(32)
The derivative of (32) is
. 1 . ~ X
V =e3 Myés + 5e2TquQ +tr(Wre, w,)
+t7“(W]€1@Mﬁ/M) -‘rt?”(Wg@cﬁ/c) (33)
+ tT(WGT@GWG)
Substituting (31) into (33), we have
V=el(—Mda-Ca—G+ A7)
— ed Koeq — ex At 4+ tr(WFO,W,)
(34)

+ t?"(W}&@MVi/M) + tT(Wg@CWC)
+tr(WEeaWe)
Substituting the NN updating law (27) into (34), yields
V =— el (Kyey + A1, — A7) — eX Mo
—elCa—elG+ tr(WM@MWM)
+ tr(W, @CWC) + tr(WE @GWG)
= —e3 (Kyey + AT, — A7) — €] TMa
—elCa— el G+ tr[WE(S(X,)es — UTWT)]
+ tr[W5 (S(X ) ey — UMWM)]
+ tT[Wg(S(Xc)aeg - JCWC)]
+tr[WE(S(Xg)ez — 06 We)]
=— €’2TK2€2 — e;FATe — UMtr(WJEWM)
— outr(WLW;iy) — octr(WEWe)
— octr(WEWE) — oatr(WEWe)
— ogtr(WEWE) — o tr(WEW,)
— o tr(WIWY)

Using the Youngs inequality [46], and the derivative of V'
is

(35)

1 1 ~ oo~
V< €; TKyes + 5 2JTW(VV;TWT)

1 PO 1 ~ o~
— §O'MtT(W]\'I/}WM) — §UctT(WgWC)

62 €9 —

(36)
1 -~

— 5agw(m@M/G) +A

where A = 1A7'TA7'e + QO‘MﬁT(W;C}WM) +
Loctr(WETWe) + JGtT(W TWe) + O’TtT(W*TW*)
Let us define w comprlsed of es, WM7 WC, Wg, and the
(36) can be rewritten as V' < —ki(w)+ A, where « and A are
positive constant. There is an invariant set 2 for —xe(w) +
A > 0, that is, the derivative of V' is negative outside the set.
We can define the set €2, with V (w) decreasing in V' < 0, after
a period of time, the states w will enter into 4 and will not
escape afterwards. By uniformly ultimately bounded (UUB)
stablity, the state variable w will converge to a bounded set.

The invariant set can be defined as

Qs :{(IIVVMIL IWell, IWall, W, llez]]), |

3 (Ky—3Des  opl|Wpl|? | oal|lWel|l? 37)
A A A
oalWell® | o l|[W-|]? <1}
A A -

As depicted in Fig. 5, the area of the set ) is in the first

quadrant passing through the points
aolWulP =4,  W=¢

1 (38)
GQT(KQ — 5])62 = A,

€y =

After new enhancement nodes are added into networks, we
reconstruct a new Lyapunov candidate

1
V= 62M62+ tr(WTG W)

1

+ §tT(WMN@MNWMN)
2 ) (39)

+ §tT(WCTN@CNWCN)
1 . .

+ itT(WGTNGGNWGN)

where W) denotes the NN weight after adding new nodes
into networks.
The derivative of (39) is

1% =e, M g2 + 262 T, 4€2 + tr(an@me)

=+ tT‘(WﬂT/}N@MNWMN) + t’I“(WgN@CNWCN) (40)
+ tT(WgN@GNWGN)
Substituting (28) into (40) and noting that

V =el(~Mda — Ca — G + A7) — el Kyey

T :
:| 67'71 ;WT
Wirnew
BRE W
M M
o[ Lo [ ]
e W
+tr .- } Ocn | ¢
L WCnew WCne'w

_ - T :
+tr ~WG :l Oan ;WG
L WGnew WGnew
41)

where W(.,,c.,) denotes the weight vector of new added nodes.
The updating law is designed as

—e5 AT +tr ({ WWT

Tnew

Wiy = 0N (S(Xnrn)des — aprnWarn)

VTVCN = 0,0 (S(Xon)aes — oonWen) (42)
Wan = Ogy(S(Xan)ex — ooy Wan)

Wi = —O21(S(Xrn)es + 0rnWrn)

where © .y are positive definite matrices, and o .y are positive
constant.



Substituting (42) into (41), we have
V = — el (Kyey + Ao — A7) — e Ma

—elCa—elG+ tr(WAEN@MNWMN)

+ tr(WEyOenWon) + tr(WEnyOaenWan)
eX Koey — e Aty — oprntr(Wirn Warn)
ountr(WiryWirn) — oontr(WeyWon)
oentr(WENsWen) — aantr(WEyWen)
oantr(WENWeN) — orntr(WEWey)

(43)

- O-Tntr(W;rnW:n)
By using the Young’s inequality in (43), yields
. 1 1 -~
V<-— 62TK262 + 56;62 — iamtr(WTTnWm)

! e 1 i
— §0MNtT(W]\'1/}NWMN) - ichtT(Wg"NWCN)

1 L
— §UGN157“(W£;FNWGN) + A,

(44)
where A, = $ATTAr. + JountrWiRWiny) +
soentrWEnWey) — + goantr(WEn W) +
50mtr(WiEWZ,). We can find that the states after

adding new enhancement nodes also satisfy uniformly
ultimately bounded(UUB) stablity. By using Theorem I, we
can prove that the states W.,, Wyn, Won, Wan, ea will
converge to an invariant set.
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