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ABSTRACT

This paper proposes a hybrid ANFIS (Adaptive Neuro-Fuzzy Inference System) controller with DMRAC (Direct Model
Reference Adaptive Control) and mathematical modeling of the kinematic and dynamic solutions. The controller was
hybrid with a classical controller, and was designed for a spherical-wristed 6-DOF elbow manipulator. The manipulator’s
trajectory overshoot and settling time affect movement; their minimization was thus aimed for. The whole manipulator-
controller system was modeled and simulated on MATLAB Version 2011a and Robotics Toolbox 9. To increase accuracy,
the ANFIS controller was trained to use many paths in rules and memberships selection. A 3D display model for the
manipulator was built in MATLAB. The simulation of the design had done by using the MATLAB/SIMULINK through
connection the design with 3D model. Satisfactory results show the hybrid controller’s capacity for precision and speed,
both of which are higher than a classical controller’s alone.

General Terms
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Indexing Terms
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INTRODUCTION

Intelligent control systems increase theheffectiveness of control strategies and._overcome, limits of classical and
adaptive controllers. They are expected‘to have in-built adaptation/learning and decision-making‘eapabilities to handle
uncertainties so the desired_performance canhybe achieved. To overcome traditional computing’ paradigm limits,
researchers look for news€omputational approachesito partial modeling of heural system functionality and that can solve
real-world problems/effectively. "Novel computational models have. emerged, collectively called soft computing.
Incorporating intelligence into soft computing are "ANN (artificial neural network), FL (fuzzy logic), ANFIS, GA (genetic
algorithm), and knowledge-based expert systems. Intelligentyself-learning or'self-organizing control of expert systems, Al
(artificial intelligence), FL, NN (neural networks), hybrid networks, etc. are“the new performance-improving tools of
industrial power-electranics-based drive systems. Control that combines intelligence and adaptation is the most promising
in research into implementation and control of electrical drives{1,2].

Fuzzy logic (FL) was\introduced by Zadeh in 1965 [3]. It processes data via partial, rather than crisp, set membership.
Similar to neural network, FL can generate definite conclusions from vague, ambiguous, imprecise, and missing, input
information. A proper FIS is essential to correcting fuzzy membership“functions and fuzzy rules but constructing it takes
time and needs profound expertise. Converting domain knewledge into“if-then fuzzy rules is another difficulty, even to
domain experts [4,5].

ANFIS was developed in the early 90s by Jang [1]. Combining the concepts of fuzzy logic and neural network, it is a
hybrid intelligent system that ‘enhances automatic learning and adaptation. Researchers have used such a system to
predict and model in various engineeringpsystems.aBasic to' neuro-adaptive learning techniques is a fuzzy modeling
procedure that learns the data set and automatically computes the membership function parameters that best allow the
associated FIS to track the given input/output data [6,7].

The membership function parameters are tuned by a combination of least-squares estimation and back-propagation
algorithm for membership-function parameter estimation. Parameters of the membership function change through a
learning process similar to that in a neural network. Their adjustment is facilitated by a gradient vector, which measures
how well the FIS models the input/output data of a given set of parameters. Once the gradient vector is obtained, any of
several optimization routines can adjust the parameters to reduce the error between the actual and the desired outputs.
The fuzzy system then learns from the data it is modeling. Adjustment of the membership-function boundaries does not
need a human operator, so this is an advantage over pure-fuzzy paradigm [8-10].

Continuous and repetitive tasks of production lines are tiring, and fatigue can cause accident/injury or long-term health
problems. A robot manipulator arm can repeatedly carry huge and heavy parts from one production line to another, so is
nowadays extensively used in factories to increase efficiency and handle repeated/hazardous/delicate tasks (e.g.,
semiconductor wafer production) [11,12].

Redundancy of the robot manipulator can be advantageous when the DOF of a given task is less than that of the
manipulator. When a joint failure occurs, the robot manipulator is still able to perform its task reliably. Singular
configuration of the robot manipulator can be avoided by controlling redundancy through robust inverse Jacobian
singularity [13].
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Methods have been proposed for the learning of fuzzy membership functions and fuzzy rules and for automatic FIS
upgrade through analysis of input and output data. ANFIS is a sophisticated neuro-fuzzy system able to model
complicated fuzzy relationships. It learns the Sugeno-Takagi FIS through forward and backward passes (see Figurel, and
Equations 1 and 2 for the Sugeno-Takagi FIS format). It effectively constructs FIS through training data [14].

To aid ANFIS construction, fuzzy subtractive clustering clusters the available data into fuzzy clusters, from which a FIS
is then generated. Fuzzy subtractive clustering works better than does other FIS clustering methods. ANFIS then refines
the resulting FIS. In fuzzy subtractive clustering, the main parameters to adjust are the influential radii of a cluster center in
multiple-dimension data space. The method assumes all data to fall within a hyper-box unit. Smaller influential radii
generate more clusters for further process, and larger radii generate fewer clusters. Different radius combinations
generate different FIS. Choosing the proper influential radii to a given problem is thus important [15,16].

RU:if x, is Al and x, is A}, then f, =pXx +pX, +Q)

R*:if x, is A> and x, is A, then f,=p,x +p,X,+r, @)

Figure 1. Equiva IS architecture for first-¢ Sugeno-Takagi FIS from Equations (1) and (2)
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MODELING OF 6-DOF MANIPULA

The number of joints determines the manipulator’s DOF. A typical manipulator must have at least 6 independent DOF:
three for positioning and three for orientation. With fewer than 6 DOF, the arm cannot reach in arbitrary orientation every
point in its work environment. Applications such as reaching around or behind obstacles need more than 6 DOF.
Increased links, however, increases control difficulties (a manipulator with more than six links is called a kinematically
redundant manipulator). The workspace is the total volume swept out by the end-effector through all the possible
movements of the manipulator’'s repertoire. It is constrained by the manipulator's geometry and the joints’ mechanical
constraints [18].

ms’ disturbance rejection and/or parameter variation. In
en implemented successfully; where load disturbance is
abilities for powerful learning, adaptation, robustness, and
d ill-defined systems well [17].

A control problem in robot manipulators is determination of the time history of the joint inputs necessary for the end-
effector’s execution of a motion command. Depending on the controller design model, the joint inputs may be joint forces
and torques or inputs to actuators (e.g., voltage input to motor). The motion command is typically either a sequence of
end-effector positions and orientations or a continuous path [19].

Direct-driving the robot eliminates gear problems of backlash, friction, and compliance. The coupling among the links,
however, is more significant, and the motor dynamics may be much more complex. To extract higher performance from
this type of manipulator, a different set of control problems must be addressed [20].

This paper proposes a hybrid DMRAC-based ANFIS-classical controller for a spherical-wristed 6-DOF manipulator.
An offset in the manipulator’s shoulder joint slightly complicates both the forward and the inverse kinematics problems.
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Joint coordinate frames are thus first established via DH convention (see Table 1 for the DH parameters). Computation of
the Ai matrices is straightforward (see below).

o
Three-link
articulated !

For the manipulator's end-effector at the point with coordinates given by (o) and orientation given by R=(rj), the wrist-
centre coordinates (0oc) must be (and sufficiently so)

0 ®3)
0, =0—-d.R| 0

R gives the orientation of the frame 0eXsysZ6 relative tq the base. If components (o) of the end-effector position are oy, oy,
o]
0zand the components Oc of the wrist center position are X, Yc, Ze, Equation (4) will give this relationship:

X Xe _d6r13

C
4 Yo [ =1 Yo —dghys
A Z.— d6r33

C
The inverse kinematics is obtained by analytical solution of the above equations. General solutions for the rotation angles

are as summarized below [22]:
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g, =atan2(x.,Y.)
0, = atan(D,iﬁ)
X +ye—d’+(z,-d)* ~a; a3
©) _ 22a2a3
g, =atan2(yx; +y: —d?,z,—d,)
q4 =atan 2(C1C23 r13 + sch3 I"23 + S23 r33’
—CSyalig +5,Spslh + Czarss)

where: D =

05 = atan 2(s,h; —Cls, 21— (S5 — clr23)2 )
s =atan 2(=s;h; +Chyy, Sif, +Cily,)
where :

Substituting di=

30, 15, /2, -m/2, and T

ési%:ﬂtpcrg, %%ﬁﬁ?&.’j‘- and az=25cm respectively for end-effector positions and orientations at 25,
ves: '

xc =10cm, yc=30cm, zc=1
(6) g, =0.4636rad,

25cm,
0.8961rad,

G3a =Y3p ~
U5q =0.4636 rad,

In real-world applicgion ith i N 3 tesian space must
be specified. Use of conipli i { oid the large forces
resulting from a stiff i i environment is unknown and unstructured).

The manipulator is egy is needed to achieve compliance.
Impedance contro i i e manipulator and the environment by
establishing a ma i d the Cartesian force f [23]:

withMg, Dk a
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spectively being virtual Cartesian inert ing, and stiffness. Impedance control aims to mask
rties, replacing them with the specifie ical impedance. These important assumptions
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tor is a mass-less robot, and t the inertia of only the currently-used tool or
ntrol strategy uses an exte of stiffness control. Cartesian matrices Dy and Ki are
K; through extended Jaco ometry:

®

©)
In the 6-DOF manipulator, Dy an atrices corresponding to the desired stiffness/damping in the
task-space coordinates (three translational] nal, and q parameter), so null-space dynamic behavior is also

controlled. The 6x6 D¢ and Ky matrices are thus intentionally non-diagonal. Post-compensation of the manipulator's
natural dynamics, the control law is as given by [28]:

JTKJAQ, +J "D, JAQ, = q; (10)

M(g;)+H(q,9)+G(q) =7 1)

where Aqe and Aqé respectively are position error and velocity error in joint space, M the manipulator inertia matrix,

H (q, C]') the torque resulting from Coriolis, centrifugal, and friction forces, G(q) the gravity, and 1 the motor torque.
The chosen control strategy requires inversion of neither the manipulator Jacobian nor the manipulator inertia matrix [24].

THE CONTROLLER DESIGN PROPOSED

MRAC (model reference adaptive control) and DRAC (direct reference adaptive control) are simple and very effective
techniques to improve a control system’s tracking performance through use of past system-operation experiences. They
must solve the problem of parametric optimization by minimizing the cost function of specifying system performance. They
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use the information gleaned from past trials to improve the reference input of the present trial, creating a hybrid ANFIS-
classical controller with the ANFIS reference input adjusted, approximating the system output from the desired to the
actual. The proposed approach and the design are simple to implement, needing neither intermediate plant model nor
real-time identification of model parameters.

Figure 3 is a basic block diagram of the proposed structure. Modeling of the classical controller can be by any easy
control-design method (e.g., trial and error). In this work, the classical controller is used as the hybrid ANFIS controller’s
initial condition, eliminating the identification necessary in other adaptive control techniques.
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Figure 3. The proposed structure of the hybrid coptroller for the 6-DOF manipulator

Figure 1 shows the generah, ANFIS control structure for the ‘eontrolof any plant. This work hybridized an ANFIS
controller with a classical controller, The control lawydriving the manipulator's end-effector to the desired position and
orientation used the£omputation method proposed. Theymanipulator has six joint variables to control; each must use the
hybrid ANFIS-classical controller. Each of the ANFIS‘controllers has the same strueture and gets the same adaptation and
training rules. The ANFIS controller structure has the'sameicomponents as‘does the FIS but minusthe NN block. The
network structurejis a set of units (and connections) arranged in five connected networkiayers (L1 to Ls) as follows:

Layer 1: contains input variables (membership functions), i.e,; inputs 1 & 2. Triangular or bell-shaped MF can be used
here. This layer supplies the input values x; to the next layer. There are two inputs (error signal Aqed and previous

error eer(k)) calculated via Equation 12. The derivative (f'I ) ofthe angle joint and its change are used as feedback
for calculation'of the dynamics and then used in the centrol law through application of Equation (11):

eer (k) = Ag; (K)=Ag; (k-1)  (12)

Layer 2 (the membership layer): checks for the weight of'each membership function. It receives input values x; from the
first layer, acts as the membership,function fof each fuzzy set of individual input variables, and computes the
membership values that specify the degree with which'input ix belongs to the fuzzy set inputting the next layer.

Layer 3 (the rule layer): every neuron in this‘layer performs pre-condition matching of the fuzzy rules; each computes the
activation level of each rule. Each node of the layers calculates the normalized weights.

Layer 4 (the defuzzification layer): provides the output values resulting from the inference of rules. Connections between
the layers are weighted by fuzzy singletons that represent another set of the neuro-fuzzy network’s parameters.

Layer 5 (the output layer): sums up all the inputs coming from Layer 4 and transforms fuzzy classification results into
crisps. The ANFIS structure is tuned automatically by least-square estimation and back-propagation algorithm for
membership-function parameter estimation. The algorithm shown above is used with six ANFIS controllers
controlling the manipulator’s various parameters.

The ANFIS controller's and the classical controller’'s outputs are summed. Post-starting, the training of the parameters is
adapted to the ANFIS controller's parameters according to fuzzy adaptation training rules (explained next). The classical
PID controller tunes the variables Kp, Ki, Kq offline before using them; they represent the initial training conditions of the
new intelligent controller (the proposed hybrid ANFIS controller).

SIMULATION RESULTS

The proposed design was simulated by VR modeling on MATLAB Version 2011la with Robotics Toolbox 9.
Simulation began with reliability checking of the hybrid ANFIS-classical controller (which incidentally is faster and more
precise than the classical controller alone). The hybrid ANFIS controller was tested on different transfer function models,
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and their simulations were compared with the classical controller's (see Figure 5). The models’ transfer functions (T.F.)
are:

1
TF1(8)=——-— 13
(s) s® +11s+10 49
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After reliability checking, the hybrid controller is now suitable for use in the simulation block diagram of the 6-DOF
manipulator. The simulation model of the manipulator’s kinematics and dynamics must match the hybrid controller’s (see
Figure 6 for the 3D MATLAB display of the 6-DOF manipulator’s simulation of the inverse kinematics and dynamics).

Training of the ANFIS and selection of the FIS controller structure then proceed. The error signal between the

required joint angle (qr) and the output joint angle (q) and its derivatives (4e and g, ) are input to the first layer of the
ANFIS. After the procedure of the layers (see previous pages), structures as in Figure 7, representing set of rules, the
input signal to the ANFIS identifier, and the surface error, appear.

CONCLUSIONS

e Solutions to the forward and the inverse kinematics equations were derived in D-H notation. Simulations were done
on the 3-D model, and on MATLAB with Robotics Toolbox 9. The modeling solution for the hybrid controller design
enables investigation of the robot parameters through forward and inverse kinematics; this facilitates design,
construction, and inspection of real robots.

e The high flexibility of the ANFIS controller strategy suits many control applications — human/robot interaction,
biomedical, and dynamic system control where the exaetgdynamic characteristic is difficult to obtain through direct
training (this research used hybrid direct MRAC S0 the overallysystem error could be minimized in real time).
Satisfactory simulation results show the effectiveness of the proposed,scheme.

e Comparison of the simulation results of bothfthe conventional and the hybrid ANFIS controller shows the increased
system paths reduced overshoot and settling time, the reductionivery, important in real applications. This work
hybridized the proposed ANFIS controller with @ classical controller existent in a system and modified the responses
before retrofitting the hybrid controller into the systemwithout reconstructing the system into compatibility.
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