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Abstract— In this work, a direct adaptive neuro-fuzzy con-
troller based on Multi-input Fuzzy Rules Emulated Network
(MiFREN) is designed and constructed for a class of discrete
time domain for robotic systems. The structure of the network,
adaptation of parameters and stability analysis are presented
with the considerations made for robotic systems without any
knowledge of manipulator’s kinematic and dynamic models.
The limitations of every actuator are reconsidered again
by using the saturation functions in the adaptation phase.
With this technique, the system performance is improved to
guarantee the closed loop system stability.

Three different adaptation phases have been presented to
evaluate the proposed learning algorithm. First, only linear
parameters for MiFREN have been tuned and nonlinear
parameters inside membership functions have been adjusted as
the second stage. Finally, both linear and nonlinear parameters
have been automatically tuned as the online learning phase.
The experimental system has been constructed to confirm the
system validation. With the open architecture manipulator, the
proposed controller is implemented as the torque mode control
system with Mitsubishi RV-M1 robot. The satisfied regulation
and tracking results have been obtained through the online
learning algorithms.

I. INTRODUCTION
The design of many nonlinear controllers like sliding

modes, inverse dynamic, etc. for robotic systems needs
the exact knowledge of the robot’s dynamic model and
its parameters [1]. Unfortunately, nonlinearities such as
friction, backslash and death zones are difficult to model.
Moreover, its parameters may not be accurately specified
due to measurement errors [2]. All these factors make the
controller design complicated and not robust. Intelligent
controllers have been used recently to cope with such
problems. One of these algorithms is the combination of
fuzzy logic systems and neural networks known like neuro-
fuzzy systems [3], [4]. This kind of controller has the
advantage of human knowledge and reasoning processes
of fuzzy logic with the learning ability of neural networks
without the need of the mathematical model of the plant.
However, the most of these systems has complicated struc-
tures, high computational complexity and compatible design
in continuous-time domain.

Multi-input Fuzzy Rules Emulated Network (MiFREN)
is a neuro-fuzzy system but it has the advantage of low
computational complexity because of its simple structure.
Its system configuration can be designed in discrete-time
domain with closed-loop performance analysis [5], [6].
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Figura 1. MiFREN structure

This work presents the structure of a controller based on
MiFREN with the modifications made for robotic systems
and the experimental results for a Mitsubishi RV-M1 robot
in torque mode. The MiFREN’s performance is presented
for regulation and tracking control. The rest of the paper
is organized as follows: section II presents the general
structure of MiFREN, the parameters adaptation and the
stability analysis. Next, section III shows a brief description
of the RV-M1 robot, the controller design and the results for
the three ways of adaptation. Finally, section IV describes
the conclusions.

II. MIFREN AS DIRECT ADAPTIVE CONTROLLER

A. MiFREN Structure

The network structure of MiFREN can be divided into 5
layers shown in figure (1).

Layer 1: In this layer, we acquire the input to pass it
to the next layer. It can include a pre-processing stage to
adapt the signal (scaling, filtering, etc.)

Layer 2: This layer can be considered as the fuzzification
stage. Here we have mn nodes corresponding to the number
of rules. Each node in this layer contains a membership
function that belongs to the linguistic level (fuzzy set) j
of the input i. Every node is denoted by µj,i with i =
1, 2, ..., n and j = 1, 2, ...,m. The output of each node
is the membership grade (value between 0 and 1) of the
respective input and it specifies the degree as the input
satisfies the linguistic level associated with the node. We use
Gaussian functions as input membership functions defined



by the following expression,

Mfi = exp
(
− (e−X0i)

2

2(σi)2

)
, (1)

where e is the input variable, X0i
is the center position and

σi is the standard deviation. For the membership functions
in the extremes(Positive Big and Negative Big), we use the
following equation

Mfep,n =
1

exp(−ξp,n(e− ρp,n)) + 1
, (2)

where ξp,n is used to modify the slope of the curve and
ρp,n is the point over the horizontal axis corresponding to
the value 0.5 of the function. The parameters in this layer
are referred as premise parameters or nonlinear parameters.

Layer 3: This layer corresponds to the fuzzy inference.
The number of nodes in this layer is mn corresponding with
the number of rules. The output signal at each node in this
layer gives the firing strength of each rule and it can be
calculated by

fk =
n∏

i=1

µk,i, (3)

where k = 1, 2, ...,mn.
Layer 4: This layer can be considered as the defuzzi-

fication stage. Here, there are mn nodes too. Each node
contains a linear function called linear consequence (Lc).
The node takes the corresponding firing strength value of
the rule and gives the corresponding consequent value. The
output of this layer is given by

Ok = αkfk + βk, (4)

where αk is the slope of the line and βk is the bias. These
parameters are referred as consequent parameters or linear
parameters.

Layer 5: The single node in this layer computes the
overall output as the summation of all incoming signals.
This layer is similar to the output of an artificial neural
network with unity weight. The output of this layer can be
passed to a power stage or applied directly to the plant. It
is obtained by

U =
mn∑

k=1

Ok. (5)

B. MiFREN controller and Parameters adaptation

Let consider the controlled system illustrated in Figure
2, generally, define the measured position q(k) as the plant
output y(k) and torque command τ(k) as the control effort
u(k). The first setting of the input and output functions in
this controller is based on the human experience, but to fine
tune these parameters in order to reach the desired trajectory
and reject perturbations, MiFREN uses backpropagation
learning rule which is in essence the simple steepest decent
method to update the node’s parameters of the adaptive
network[7].

Figura 2. System configuration for MiFREN controller

Firstly, consider the cost function of squared error as

V (k) =
1
2
e2(k) =

1
2
[yd(k)− y(k)]2, (6)

where e is the error of the system, yd is the target position
and y is the current position of the robot in the time index
k. In each interaction we update the parameters using the
gradient descent method according with the next equation

Pi(k + 1) = Pi(k)− η
∂V (k)
∂Pi(k)

, (7)

where Pi is whichever parameter of input membership
functions or linear consequences and η is the learning rate,
which indicates the step size in direction of the vector
∂V (k)
∂Pi(k) .

In the developed algorithm for this work, we use two
different learning rates, one for the premise parameters and
another for the consequent parameters because the change
of them has different effect on the overall output.

By applying the chain rule to (6), we have

∂V (k)
∂Pi(k)

=
∂V (k)
∂e(k)

∂e(k)
∂y(k)

∂y(k)
∂Ureal(k)

...

∂Ureal(k)
∂UMiFREN (k)

∂UMiFREN (k)
∂Pi(k)

, (8)

where ∂V (k)
∂e(k) = e(k) and ∂e(k)

∂y(k) = −1 the term ∂y(k)
∂Ureal(k)

is called plant information and for simplicity is denoted by
Y p. It can be approximated by

Yp ' y(k)− y(k − 1)
Ureal(k)− Ureal(k − 1)

. (9)

Due to the RV-M1 robot has big death zones, it wasn’t
suitable use the approximation for Y p of the equation (9)
because in some moments it’s going to be zero and this
will cancel the learning process. Therefore, we decided to
keep Y p constant and obtain it experimentally giving to
the robot different torque values in the same period of time
and getting the positions reached, next we plot the data and
obtain the slope(Y p) of the line that best fits with the data.

The term ∂Ureal(k)
∂UMiF REN (k) in (8) appears because of the

control variable (torque) of the robot has a limit. This
term causes when the output UMiFREN (k), calculated by
MiFREN, overpasses the real limit of the control variable,
the adaptation stops and UMiFREN (k) doesn’t grow any



Figura 3. Saturation of MiFREN due to actuator torque limits

more and it maintains saturated the control signal applied
to the robot. A graph of Ureal(k) versus UMiFREN (k) is
shown in figure (3), where we have a slope of 45°until
UMiFREN (k) reaches the limit Umax and then the slope of
the function goes to zero. Therefore, the term ∂Ureal(k)

∂UMiF REN (k)
is going to be 1 or 0, acting as an on/off switch of
adaptation.

Finally, the equation (7) is transformed into

Pi(k+1) = Pi(k)+ηe(k)Yp
∂Ureal(k)

∂UMiFREN (k)
∂UMiFREN (k)

∂Pi(k)
.

(10)

C. Closed Loop Stability

The use of the gradient descent technique for optimizing
the cost function has an effect caused by the learning
rate over the system stability. Too large values of learning
rate can cause instability and too small values reduce the
learning performance and provoke slow convergence. To
overcome such drawback, we need to consider the stability
according to Lyapunov method.

Consider the following Lyapunov function

V (k) =
1
2
e2(k) =

1
2
[yd(k)− y(k)]2. (11)

The change of this function is

∆V (k) =
1
2
[e2(k + 1)− e2(k)], (12)

where e(k +1) = e(k)+∆e(k). Replacing this in (12), we
obtain

∆V (k) = 1
2 [(e(k) + ∆e(k))2 − e2(k)],

= 1
2 [e2(k) + 2e(k)∆e(k) + ∆e2(k)− e2(k)],

= 1
2 [2e(k)∆e(k) + ∆e2(k)],

= e(k)∆e(k) + 1
2∆e2(k),

= ∆e(k)[e(k) + 1
2∆e(k)].

The change of the error ∆e(k) can be approximated by

∆e(k) =
∆e(k)
∆Pi(k)

∆Pi(k) ' ∂e(k)
∂Pi(k)

∆Pi(k). (13)

We have from (10)

∆Pi(k) = ηe(k)Yp
∂Ureal(k)

∂UMiFREN (k)
∂UMiFREN (k)

∂Pi(k)
(14)

and
∂e(k)
∂Pi(k)

=
∂e(k)
∂y(k)

∂y(k)
∂Ureal

∂Ureal(k)
∂UMiFREN (k)

∂UMiFREN (k)
∂Pi(k)

.

(15)
According to section II-B, ∂e(k)

∂y(k) = −1 and ∂y(k)
∂U(k) = Yp.

Changing this in (15), we obtain

∂e(k)
∂Pi(k)

= −Yp
∂Ureal(k)

∂UMiFREN (k)
∂UMiFREN (k)

∂Pi(k)
. (16)

Replacing (14) and (16) into (13) we have

∆e(k) = −ηie(k)Y 2
p

(
∂Ureal(k)

∂UMiFREN (k)
∂UMiFREN (k)

∂Pi(k)

)2

.

(17)
Therefore, replacing this last equation into (12), the change
of Lyapunov function can be calculated by

∆V (k) = −ηie(k)Y 2
p

(
∂U(k)
∂Pi(k)

)2

...

[
e(k)− 1

2
ηie(k)Y 2

p

(
∂Ureal(k)

∂UMiFREN (k)
∂UMiFREN (k)

∂Pi(k)

)2
]

.

(18)
The stability according Lyapunov says that this last

function must be negative defined[8], then multiplying the
terms we have

∆V (k) = −ηie
2(k)Y 2

p

(
∂U(k)
∂Pi(k)

)2

+
1
2
η2

i e2(k)Y 4
p

(
∂Ureal(k)

∂UMiFREN (k)
∂UMiFREN (k)

∂Pi(k)

)4

,

(19)
where the second term will be always positive. Therefore,
ηi needs to be greater than 0 and

1
2
η2

i e2(k)Y 4
p

(
∂Ureal(k)

∂UMiFREN (k)
∂UMiFREN (k)

∂Pi(k)

)4

< ηie
2(k)Y 2

p

(
∂Ureal(k)

∂UMiFREN (k)
∂UMiFREN (k)

∂Pi(k)

)2

. (20)

Cancelling terms and clearing ηi

ηi <
2

Y 2
p

(
∂Ureal(k)

∂UMiF REN (k)
∂UMiF REN (k)

∂Pi(k)

)2 . (21)

Finally, we have that

0 ≤ ηi <
2

Y 2
p ( ∂Ureal(k)

∂UMiF REN (k)
∂UMiF REN (k)

∂Pi(k) )2
. (22)

The learning rate ηi must be in this range to assure stability
of the system.

In our proposed stability algorithm, in order to get the
best learning rates, we compute the upper bounds due
to every parameter at each sampling time and we take
the minimum of these ones multiplied by two constants
γl and γnl, with values between 0 < γl,nl < 1, to
obtain the learning rate for linear and nonlinear parameters



Figura 4. Experimental setup with Movemaster RV-M1 robot

respectively. The result will be the respective learning rate
which carries out with equation (22).

III. EXPERIMENTAL SETUP

A. Mitsubishi Movemaster RV-M1 Robot

The Mitsubishi Movemaster RV-M1 is a vertical artic-
ulated robot with 5 degrees of freedom. Due to analogy
with the human body, the names of the links, in order from
link 1 to 5 are waist, shoulder, elbow, wrist pitch and wrist
roll. This robot has DC servo motors as joint actuators with
transmission bands, which generates big death zones and
backslash.

The experimental system is displayed in Figure 4.

B. Design of the MiFREN Controller

As controller, MiFREN is a discrete time domain control,
which can emulate fuzzy rules with n inputs in the familiar
(If...Then) format and adapt the parameters of its fuzzy sets
in each sampling time. The number of inference linguistic
levels is denoted by m; therefore, the number of rules
will be mn. The general structure of a rule of MiFREN
according with the structure presented in section II is

If I1 is µj,1 and I2 is µj,2 ... and In is µm,n Then Ok

is Lck.
For this design, the inputs of the controller for every

link at the time index k will be the error defined
like ei(k) = qdi(k) − qi(k) and the previous error
ei(k− 1) = qdi(k− 1)− qi(k− 1), where qi is the angular
position of the link and qdi is the target position. The
next design is made for every link of the robot taking in
account the maximum torque and mechanical boundary for
each one.

Fuzzification (second layer): The fuzzy sets for both
inputs were chosen as

ζei={NE, ZE, PE}, where the label NE, ZE, and PE stand
for the linguistic levels “Negative”, “Zero” and “Positive”
respectively, for the ei(k) input.

ζepi={NEP, ZEP, PEP}, where the label NEP, ZEP, and
PEP stand for “Negative”, “Zero” and “Positive” respec-
tively, for the ei(k − 1) input.

For this specific problem, we can go without zero fuzzy
set but to have better control in the vicinity of ei = 0, we
chose to consider it.

Rule base (third layer): As we have two inputs and each
one has three linguistic levels, thus we going to have nine
rules, which can be shown next

Rule 1: If ei(k) is PE and ei(k − 1) is PEP Then O1 = α1f1.
Rule 2: If ei(k) is PE and ei(k − 1) is ZEP Then O2 = α2f2.
Rule 3: If ei(k) is PE and ei(k − 1) is NEP Then O3 = α3f3.
Rule 4: If ei(k) is ZE and ei(k − 1) is PEP Then O4 = α4f4.
Rule 5: If ei(k) is ZE and ei(k − 1) is ZEP Then O5 = α5f5.
Rule 6: If ei(k) is ZE and ei(k − 1) is NEP Then O6 = α6f6.
Rule 7: If ei(k) is NE and ei(k − 1) is PEP Then O7 = α7f7.
Rule 8: If ei(k) is NE and ei(k − 1) is ZEP Then O8 = α8f8.
Rule 9: If ei(k) is NE and ei(k − 1) is NEP Then O9 = α9f9.

Inference engine (third layer): Here, we use the and
operation to do the aggregation between inputs. The output
of the third layer of the MiFREN network is calculated
using the T-norm: product. With this, we obtain the firing
strength(fk) of each rule.

Defuzzification (fourth layer): To make the defuzzifi-
cation step, we have nine linear consequences since we
have nine rules. The fuzzy set corresponding is ζOk

={PBO,
PMO, PSO, PNZO, PZO, NNZO, NSO, NMO, NBO},
where the labels, from left to right, mean “Positive Big”,
“Positive Medium”, “Positive Small”, “Nearly Zero Posi-
tive”, “Zero”, “Nearly Zero Negative”, “Negative Small”,
“Negative Medium” and “Negative Big”.

In this case, we opt for every line had a bias βi = 0.
Therefore, only the slope αi is going to be adapted and we
can save computation time.

C. Results
The sampling time for all experiments is set to 1ms.
In order to evaluate the system performance and de-

termine which are the best parameters to be adapted, the
experiments are made in three different ways:

1) Adapting only linear parameters.
2) Adapting only non-linear parameters.
3) Adapting all the parameters.
The first setting of parameters is based in our knowledge

about the maximum torque and mechanical joint boundary
for each link, but in order to get better parameters for
regulation and tracking control, we train the network of the
controller for the robot link by link with a periodic square
signal as target during 5 cycles with each group of adaptable
parameters.

1) Adapting only linear parameters: In this experiment,
to find the best learning rates, the values of γl are shown
in table (I).

TABLA I
VALUES γl FOR EVERY LINK OF THE ROBOT WHEN ONLY LINEAR

PARAMETERS ARE ADAPTED

Waist Shoulder Elbow Pitch Roll
γl 0.04 0.01 0.1 0.2 0.08

Figure (5) shows the training result for link 1, where
we can appreciate the adaptation process. Figure (6) shows



the change on the linear parameters for this link, where
we see a change in the form of steps because of when
the torque reaches its saturation value the adaptation of
parameters stops and then, their values remain constant.
Moreover, the parameters α2i, α3i, α7i, α8i change only a
little bit because the firing strength of the their respective
rules is very low through the experiment. For the rest of the
links, we have similar results.

Figura 5. Response of RV-M1 robot’s waist in training adapting only
linear parameters

Figura 6. Change on linear parameters of MiFREN for RV-M1 robot’s
waist for training adapting only linear parameters

Figure (7) shows the result for tracking control for link 1
with a sinusoidal target trajectory with amplitude of 45°and
a period of 10 seconds. For this experiment, the initial
parameters are the last ones found after training. In This
graph, we see that only in the beginning an overshoot is
presented but afterwards the target trajectory is follows with
enough accuracy.

2) Adapting only nonlinear parameters: In this experi-
ment, to find the best learning rates, the values of γnl are
shown in table (II).

Figure (8) shows the training result for link 1 when only
nonlinear parameters are adapted. In this figure we can
appreciate a better response that with only adapt linear pa-
rameters because it has a faster convergence and needs less

Figura 7. Response of RV-M1 robot’s waist in tracking control adapting
only linear parameters

TABLA II
VALUES γnl OF EACH LINK FOR TRAINING ADAPTING ONLY

NONLINEAR PARAMETERS WITH THE RV-M1 ROBOT

Waist Shoulder Elbow Pitch Roll
γnl 0.01 0.01 0.2 0.2 0.08

training cycles. Figure (9) shows the change on nonlinear
parameters for e(k) at the link 1, where we can see that ξp

and ξn do not have a significant change.

Figura 8. Response of RV-M1 robot’s waist in training adapting only
nonlinear parameters

Figure (10) shows the result for tracking control of link
1. The nonlinear parameters found after training are the
initial ones for this experiment. In this chart, we see an
overshoot in the beginning too, but the target trajectory is
follows with more accuracy that in the experiment where
only linear parameters are adapted.

3) Adapting all the parameters: In this experiment, to
find the best learning rates, the γ-parameters are same as
tables I and II. Figure (11) shows the training result of link 1
when all the parameters are adapted. The changes on linear
and nonlinear parameters are in similar way that those ones
previously presented only with less amplitude. Figure (12)
shows the result of tracking control for link 1. The initial
parameters are the last ones (linear and nonlinear) found
after training. In this graph, we can see a similar behavior
that adapting only linear or nonlinear parameters.



Figura 9. Change on nonlinear parameters of e(k) for RV-M1 robot’s
waist in training adapting only nonlinear parameters

Figura 10. Response of RV-M1 robot’s waist in tracking control adapting
only nonlinear parameters

Figura 11. Response of RV-M1 robot’s waist for training adapting all the
parameters

Figura 12. Response of RV-M1 robot’s waist in tracking control adapting
all the parameters

TABLA III
MEAN SQUARE ERROR FOR TRACKING CONTROL WITH RV-M1 ROBOT

Waist Shoulder Elbow Pitch Roll
Linear 6.08 15.22 4.00 3.53 5.22

Nonlinear 3.93 6.35 3.35 2.67 2.79
All 6.1007 18.18 4.34 1.97 6.42

To have a comparison of performance of each group of
adaptable parameters, table (III) shows the mean square
error for every link in tracking control experiments obtained
by

Ems =
ns∑

k=1

(qd(k) − q(k))2

ns
(23)

where ns is the number of samples.

IV. CONCLUSIONS

The structure and design of a neuro-fuzzy controller
based on MiFREN for robotic manipulators have been
presented in this work with the results for a RV-M1 robot
in torque mode. In spite of this robot has big death zones
and backslash, the controller can overcome such problems
as we can see in the results.

According with table (III), the best results are obtained
adapting only nonlinear parameters. Moreover, it is not
necessary adapt all the parameters in the same group as we
can see in the graphs of parameters, because of the initial
setting, some parameters don’t have a significant change,
then we can maintain them constant. In this way and in
accordance with the graphs of change on parameters, if we
adapt only linear parameters, five parameters are required
to update and if we adapt only nonlinear parameters, eight
parameters need adaptation process.
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