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ABSTRACT

The precise control of robot manipulator to track the desired tréjectory is a
very tedious job and almost unachievable with the help of conventional controller.
This task is achievable to a certain limit with the help of adaptive controllers but
these also have their own limitations of assuming that the systems parameters being
controlled change relatively slowly. Many algorithms have been proposed from time to
time to minimize this deficiencies.

Interfacing of neural network with the robot manipulator is one of the means
‘of getting the rapid convergence of actual trajectory to the desired trajectory. In
our work, we have tried to impiement the neural network in the adaptive controller
with the help of a neural network to control the robot arm. Results havé been
compared with the conventional P.D. controllers. A comparative study of neural

network based controller without adaptive control and a neural network based

controller with adaptive control is also given here.
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CHAPTER 1
INTRODUCTION

Adaptive Control of rigid robot manipulatqrs has been the interest of many for
several years. In joint space, one of the early applications of adaptive control -to
the manipulator problem has been done in early 80s. Some of the directions that have
emerged for the adaptive control algorithms are the self-tuning regulator(STR) and
the model-referenced adaptive control(MRAC). Because of the principal characteristics
of model dependence in these methods, satisfactory results of non-linear systems are
not available even though it can be able to give a éonvincing and well developed
algorithms for linear systems[1].

The capability of trained neural networks for approximating arbitrary input-
output mappings can find an important applications in devising simple procedures for
the identification of unknown dynamical plants[2]. Hence it provides us the
opportunity of identifying the dynarhics of highly complex systems which does not
require any model identification. This makes the neural network based methods more
useful in the design of adaptive controllers. Furthermore, the computational features
of neural networks convert into speed advantages in the identification and control
computation at eaéh step of implementation, when éompared to the corresponding
calculations required in a STR algorithm.

Considerable literature is available which gives the details of neural nets
for system identification and identification-based control but only a few have given
the use of NN in direct closed-loop controllers. The main problem which remain to be
solved is the inability to guarantee satisfactory performance of the system[3].

In this thesis work, we have tried to tackle this deficiencies by considering
a- -three layer neural network, where linearity in the parameter holds. This may be

considered as a step in extending adaptive control theory to Neural Network- control

theory.



A NN controller structure derived using robot contro! techniques means that
the NN weights are tuned on-line with no "learning phase" needed. The controller
structure ensures good performance during the initial period- if the NN wéights are
initialized at zero.

The controller is composed of a neural net incorporated into a dynamic system,
where the structure comes from the filtered error notions standard in robot cohtrol.
The basis functions for the NN controller is determined from the physics (Lagrangian
dynamics) of general robot arms. It has been shown in [3] that the back propagation
tuning techniques generally yields unbounded weights if the net cannot exactly
reconstruct a certain non-linear control function or if there are bounded unmodeled
disturbances in the robot dynamics.

In practice, the robot motion is basically defined by motion of its end
effector, i.e., in robot control, the major concern is that the end effector motion
tracks its desired motion, defined in the task space. The PID controllers which are
easily implementable and which are fast enough compared to NN controllers lacks the
guaranteed tracking performance. This necessitates the development of NN controllers
for precise control in applications like welding etc. with sacrificing the CPU time.

The algorithrri which has been used in this thesis work is a very simple one and
- it fulfills the requirement of a robust controller. The initial filtered tracking
error of 80 % to 90 % are also been easily tracked.

This is the introduction of the algorithm of neural netWork based controller,
The next step in our work is the development of neuralrinetwork based adaptive
controller. The algorithm for it is discussed in [2]. For the understanding of the
adaptive controller and its concept, a brief review of it is gi\)en_here. Our real

motive is to find the superiority of this controller over all other controllers.

REVIEW OF ADAPTIVE CONTROL:

Traditionally, control systems have been designed based on a good

understanding of the system to be controlled. When knowledge of the system is limited



the relative modern issues of robust control, adaptive control Vand learning control
become important.

One way to attempt to deal with poor knowledge of parameters in a control
scheme is through techniques that are generally called adaptive control. Adaptive
control is closely related to the problem of system identiﬁcation; in fact,
generally an adaptive control can be viewed as being composed of two parts:

(1) An identification portion which identifies parameters of the plant itself, or
parameters that appear in the controller for the plant.

(2) A control law portion which implements a control law that is in some way a
function of the parameters identified.

The central problem in the synthesis of adaptive controllers is to prove
rigorously that the resulting overall system is stable.

One of the possibility of obtaining a satisfactory result of control design
and sensitivity analysis is to automate the whole procedure which can be done by
providing the regulator with algorithms for parameter estimation and control design.
This leads /us to the so called Self Tuning Regulator (STR) and Adaptive Controller.

This adaptive controller can handle the system with large parameter variations.

SELF TUNING CONTROL

One way of automating modelling and design is the following: Determine a
suitable model structure. Estimate the parameters of the model recursively. Use the
estimates to calculate the control law by a suitable design method. A block diagram
of such a method is shown in fig. 1.1. The regulator obtained is called a Self Tuning
Regulator because it has facility for tuning its own parameters. The regulator can be
thought of as being composed of two loops. The inner loop consists of the process and
an ordinary linear-feedback regulator. The parameter of the regulator are adjusted by
the outer ioop which is composed of a recursive parameter estimator and a design

calculation.. The design calculation box in fig. 1.1 represents an on-line solution to



a design problem for a system with known parameters.

APPROACH TO ADAPTIVE CONTROL

The self tuning regulator could also be made to control a process with varying
parameters i.e. an adaptive regulator can be achieved. To do this, it is necessary to
change the algorithm so that the parameter estimator can track varying process
parameters. There are many schemes for adaptive control that are closely related to
self-tuner. One of them is described here. The starting point is an ordinary
feedback-control loop with a process and a regulator with adjustable parameters. The
schemes represent different ways to alter the regulator parameters in response to

change in process and disturbance dynamics.

MODEL REFERENCE ADAPTIVE SYSTEMS(MRAS)

This scheme was originally developed for servo problem. The specifications of
the reference model tells how the process output ideally should response to the
command signal. The block diagram is shown in fig.1.2. Notice that the reference
model is part of the control system. The regulator can be thought of as consisting of
two loops. The inner loop is an ordinary control loop composed of the process and the
regulator. The parameters of the regulator are adjusted by the outer loop in such a
way that the error e between the model output y,, and the process output y becomes
small. The outer loop thus also looks like a regulator loop. The key problem is to
determine the adjustment mechanism so that a stable system, which brings the error to

zero is obtained.

The following parameter adjustment mechanism called the MIT rule, was used in

the original MRAS:

o _ eegrade (1.1

where e is the model error and the components of the vector e are the
adjustable parameters. The number « is a parameter that determines the adaptation

rate. Eq.(1.1) represents an adjustment mechanism which is composed of three parts: a
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linear filter for computing the sensitivity ‘derivatives from process inputs and
outputs, a multiplier and an integrator.

The MIT will perform well if the parameter « is small. The allowable size
depends on the magnitude of the reference signal. Consequently, it is not possible to
give fixed limits that guarantee stability.

Hence, the advantages of the adaptive controller has been exploited and the
disadvantages of it in the context of robot manipulatorv has been removed by the help
of neural network. This provides us the guaranteed stability and the guaranteed
tracking performance. In chapter 2, we discuss the robot arm dynamics which helps us
" in getting the mathematiéal model of it. In chapter 3, the adaptive control algorithm
has been discussed. Chapter 4 is used to give the algorithm for the neural network
based controller and the simple PD controller. The neural network based adaptive
controller has been discussed in chapter 5. Chapter 6 is devoted to give the complete
result analysis and conclusion of the whole work being done. The appendices are used
to give the quick reference of the general method of deriving the dynamic equations
of the robot arm. It also gives the mathematical model of the robot arm having

revolute joints. The physical parameters for the robot arm used in this work are also

given in it.



CHAPTER 2 |
ROBOT ARM DYNAMICS

2.1 INTRODUCTION: |

Robot arm dynamics deals with the mathematical formulations of the equations
of robot arm motion. The dynamic equations of motion of a manipulator are a set of
mathematical equations describing the dynamic behéviour of the- manipulator. In this
chapter; -a-brief description of these equations are being given [4].

The actual dynamical model of a robot arm can be obtained from known physical
laws of Newtonian mechanics and Lagrangian mechanics. This gives the dynamic
equations of motion for the various articulated joints of the manipulator in terms. of
geometric and inertial parameters of the links. Here, the actual robot arm motion
equations are developed systematically with the help of Lagrange-Euler formulations.

The derivation of dynamic model of a manipulator based on L-E formulation is
simple. and systematic. It is a set of second order coupled non-linear differential
equations. It provides the state equations for robot dynamics. They can be used to
solve the forward-dynamics problems and can also be used for the inverse dynamics
problem, that is, given the desired trajectory or the desired generalized coordinates
and their first two time derivatives, the generalized force or torque can be
computed. These Lagrange-Euler formulation is used in our work to get the dynamic

equations of the robot arm manipulator with two links.

2.2 LAGRANGE-EULER FORMULATION:

The general motion equation of a manipulator is conveniently expressed through
the desired application of the Lagrange-Euler formulation. The algorithm is expressed
by matrix operations. The derivation of the dynamic equation of an n degrees of
freedom manipulator is based on the understanding of:

1) the 4x4 homogeneous coordinate transformation matrix i"Ai, which describes the

spatial relationship between the ig}, and (i-I)tp link coordinate frames.



2) the Lagrange-Euler equation,

daL oL _ -
dtaq, ~ 8q, Ty e 2.1)
i=12,..... ,n

where L = Lagrangian function = kinetic energy K - potential energy P

K = total kinetic energy of the robot arm

P = total potential energy of the robot arm
q. = generalized coordinate of the robot arm
G. = first time derivative of the generalized coordinate q;
T. = generalized force or torque applied to the system at joint i to drive link

i.

Here, the generalized coordinates are being used as a convenient set of
coordinates which completely describes the location (position and orientation) of a
system with respect to a reference coordinate frame. Wé have taken the case of

rotary joints, and therefore, q.=o, the joint angle span of the joint.

2.2.1 KINETIC ENERGY OF ROBOT MANIPULATOR:

The total kinetic energy of a robot arm [7] is,

n n i i
- 1 T . . .
K=Y Ki=»5 L Tr[ % v UiinUir dp Ay e (2.2)
i=1 i=1 p=1r=1
n 1 i
K=y v v mwuituDaea 2.3
2 iplicie /9 9% e 2.3)
i=1 p=1r=1
0 j-1 . C
A. . . =
where U.. = J‘IQJ Al for j<=i

0 for § > i . (2.4)






0-100
- |1000 en(2.5)
Q = looo00
0000 for revolute joints.
3 . . . 7
cose; -COos«;sine; sinasine; a,cose;
i-1, - |sine; cosxcose, -sina.cose, a;sine, |
L 0 sinoci cose di ..(2.6)
L 0 0 0 1
41 4]
XX yy zz
3 Ixy Ixz m.X,
B [ Lexlx +ly [ m.y.
Ji = Xy yz 171 ..(2.7
I, +1_ -1
Ixz Iyz XX Zz m,z,
_ m.x; m.y; m.z, mj
All the non-zero elements in the matrix 0Ai are a function of (e1 Oy uene ei)

and ., a, di are known parameters and o, is the joint variable of joint i, I is the

inertia tensor of the robot arm.

2.2.2 POTENTIAL ENERGY OF ROBOT MANIPULATOR:

Let the total potential energy of a robot arm be P and let each of its link

potential energy be Pi' Then,

_ 0 _ 0, i, |
Pi = -mg-r, = -mig( Ai ri) ...... (2.8)

i=12,....... ,n
and the total potential energy of the robot arm can be obtained by summing all

‘the potential enefgies in each link,
n n .
Therefore, P= 1P, = ¢ -mglAlp) .e(2.9)
i=1 i=1



where g = (gx g, g, 0) is a gravity row vector expressed in the base

y
coordinate system. For a level system, g is the acceleration due to gravity (g

9.8062 m/sec?).

[

2.2.3 MOTION EQUATION OF A MANIPULATOR:

The Lagrangian equation of a manipulator L = K - P is given by,

n i i : n
L= § & [Tr(UijJiUik)djqk] + 1t mglAlr) . r(2.10)
i=1j=1k=1 i=1

Applying the Lagrange-Euler formulation to the lagrangian function of the

robot arm eq.(2.10), eq.(2.1) yields the necessary generalized torques T, for joint i

actuator to drive the link of the manipulator., In simpler matrix notation form, it is

expressed as,

n n n
=% Dyf + T % B mddm + C; ....(2.11)
k=1 k=1 m=1
i=1,2,.....,n
or in matrix form as,
T, = D@m)g® + h(g®.q®) + C@Qwy) ... (2.12)
where,

T(t) = nx1 generalized torque vector applied at joints
i=12,..... ,n

q(t) = an nx1 vector of joint variables of the robot arm

q(t) = an nx1 vector of joint velocity of the robot arm

gt = an nx1 vector of the joint acceleration of the robot arm

D(g@) = an nxn inertial acceleration-related symmetric matrix

whose elements are,
n
T
Dik = )X Tr(Uijini > (2.13)
j=max(i,k)



h(q,§) = an nx1 non-linear Coriolis and centrifugal force

vector whose elements are,

. T
h(q,q) = (hl’ h2, ..... ,hn)
n n .
where y = T I hg.qdn, e (2.14)
k=1 m=1 '
i=12,.......... ,n
: T
= . U.. veeeea(2.15
j=max(i,k,m)
ikm = 1,2,......... n
C(q) = an nx1 gravity loading force vector whose elements are,
T
Cl@ = (CI’CZ’ ........ ,cn)
n .
where ¢c. = ¥ (-mJngiJrJ) ..... (2.16)
j=1
= 1,2,......... n

The motion equations of the robot arm with rotary joints are given in Appendix

2.3 A TWO LINK MANIPULATOR EXAMPLE:
Using the Lagrange-Euler equations of motion, an example is worked out here

for a two link manipulator with revolute joints which is further being used in the

simulation work of the thesis.
Assuming,
joint variables = o1, ©9 '
mass of the manipulator links = my, m,
link parameters = ) = 0; d1 =d, = 0
and a, = ay = I, the length of the arms.

the homogeneous coordinate transformation matrices l'1Ai i = 1,2) are

obtained as,



C; 50 ICy G, -Sy 0 lC2

A, = Sq ClolS1 1A2= 82 C20182
1 0 010 0 0 10
0O 0 01 0 0 01
0 _ 0,1 — 1512 Cip 0 1(S,+S)
,A2 - A1 A2 0 0 1 0
0O 0 0 1
where C; = cos(e); S; = sin(ey); C;; = cos(e;+e));
Sij = sin(ei+ej);
From the definition of the Q, matrix, for the rotary joints, we have,
0-100
Q = 1 000
i 0 000
0 000
Then,
-S; -C; 0 -IS,
_ A C, -5, 01S
Un T Tée; Q,°A; = 0' 01 0 Ol
0O 00O

Similarly, we calculate the value of U,, = Q,°A, and

Uy, = %A,Q,1A,.

From eq.(2.7) assuming all the products of inertia are zero, the pseudo-

inertia matrix J; will be,

1/3m;12 0 0 -1/2m,l 1/3m,12 0 0 -1/2m,]
], = 0 00 O ], = 0 00 O
0O 00 O 0 00 O
(-12m1 0 0 m, -12myl 00 m,

Then using eq.(2.13), we have,

D,, = Tr(U,,J,U,," + Tr(U,,J,U,,D
= 1/3mI?2 + 4/3m,I2 + m,C,I?

Dy, = Dy = Tr(Uyu,J,Uy ™M



= 13m,2 + 12m,i’C,
Dy = Tr(UxJUz")
= ll3m2128122 + 1/3m2l2C122 = 1/3m212.

To derive the Coriolis and centrifugal terms, we use eq.(2.14). For i = 1, we

hy = hyé2 + hyéé, + hi21616; + hypd? ,
Using eq.(2.15), we can obtain the value of hy,,. Therefore,
h, = -1/2m,S,128;2 - m,S,128,8,
" Similarly, for i = 2, we have,
hy = hy; 8,2 + hy 18,8, + hyyd; + hypydy
= 1/2m,S,128,2.
Next, we use the eq.(2.16) to derive the gravity related terms,
C, = -[mgUy'r, + mygUs,’n]
= 12mglC, + 1/2myglC,, + mgIC,
Similarly,
C, = -mygUyy’r,
= 1/2mygIC,,

Finally, the Lagrange-Euler equations of motion for the two link manipulator

are obtained as,

(t) = D(e)8(t) + h(e,8) + C(o)



CHAPTER 3
ADAPTIVE CONTROL OF ROBOT MANIPULATOR

3.1 INTRODUCTION:

The general control algorithms are sometimes felt inadequate because of the
requirement of accurate modelling of the arm dynamics and‘ neglection of changes of
the load in tésk cycle which are significant for feedback control strategies. Hence
the consideration of adaptive control techniques becomes significant for tracking the
desired time-based trajectory as closély as possible over a wide range of motion and
payloads. )

Adaptive control methods are based on the assumptions that the parameters of
the system being controlled do not change too . rapidly in comparison to the system
time constants [6]. In the robotic manipulators, the system parameters such as the
moments of inertia, and the effect of gravity tend to change rapidly as the arm moves
from one configuration to another. This is the reason, why the application of
adaptive control methods enjoyed limited success in this field. )

The basic idea behind adaptive control is that the controller gains gradually
change as the. parameters of the sysfem being ‘controlled evolve. It is also possible
to change the control signal abruptly on the basis of the state of the system being
controlled. Control system of this type are referred to as Variable-structured
systems.

Among the most widely used methodologies are the self tuning regulator and the

model reference adaptive control. It is being discussed in brief here.

3.2 MODEL REFERENCED ADAPTIVE CONTROL;:

The concept of a model-referenced adaptive control [7] is based on selecting
an appropriate reference model and adaptation algorithm which modifies the feedback
gains to the actuators of the actual system. It is driven by the errors between the

reference model outputs and the actual system outputs. A general control block



diagram of MRAC is shown in fig.(3.1).

A simple model-referenced adaptive control for the control of mechanical
manipulators has been proposed in [6]. A linear second order differential equation is
selected as the reference model for each degree of freedom of the robot arm. The
manipulator is controlled by adjusting the positions and velocity feedback gains to
follow the model so that its closed loop performance characteristics closely match
the set of desired performance characteristics in the reference model.

Defining the vector y(t) to represent the reference model response and the
vector x(t) to represent the manipulator response, the joint i of the reference model
can be described by,

([ av® +by® +y® =xe0o L (3.1)

Assuming the manipulator is controlled by position and velocity feedback
gains, and that the coupling terms are negligible, the manipulator dynamic equations
for joint i can be written as,

) ‘,loei(t)xi(t) + Bi(Ox () + x,(t) = r,(t)
where the system parameters «(t) and B,(t) are assumed to vary slowly with
time.

Using the steepest descent method to minimize the system error which is the
difference between the response of the actual system and the reference model, the
system parameter adjustment mechanism is governed by,

o () = [kyie;(t) +k,ie;(t) +kyie (t) kziui(t)+k,iui(t)+k0iui(t)] ‘ ...(3.3)
B = ki) +k, e () +kyie () kziwi(t)+kliwi(t)+k0iwi(t)] (3.4)
where ui(t) and wi(t) and their derivatives are obtained from the solutions of

the following differential equations.

Cau®d + by + ut) = y(t)

S

‘,\ awi(t) + bwi(t) + w(t) =y00 (3.6)

where\yi(t) and y(t) are the first two time derivatives of response of the

—_—

~ reference model.

This closed loop adaptive system involves solving the reference model equation
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for the given desired input; then the differential .equations in eq.(3.5) and(3.6) are
solved to vyield u(t) and wyt) and their derivatives for eq.(3.3) and (3.4).
Finally, solving the differential” equations in eq:(3.3)—and_(3.4) yields o;(t) and
Bi(t).

3.3 A NEW ADAPTIVE CONTROL ALGORITHM:

A new adaptive control algorithm for robot manipulator in task space is
proposed in 7[4]. In this, the use of prediction error and tracking error to--drive the
parameter estimator is proposed, based on sliding mode and the Lyapunov-like
methodology. Under the assumption that the Jacobian matrix is known, it has shown
that the proposed adaptive control algorithm is globally stable and convergent.

In the absence of friction and other disturbances, the joint space dynamics of

an n-link robot manipulator is written with the »help of Lagrange-Euler equations,

_dej(Q)qJ' + Z Ci(@aiq; + g (@ = T, . (3.7
j i

where d; are coefficients of the inertia matrix D(q), g.(q) are the

gravitational forces and torques. The coefficients c; of the Coriolis and

centrifugal terms are defined as,

ij
Cik = » 34, 3q, + 3q, 2‘7') ...(3.8)
and are known as Christoffel symbols. 'The e is written as,
D(@)q + C(q,9)9 + G(g) = < , ...(3.9)
where the k, j, element of the matrix C(q,q) is defined as,
n
n , .
- _ 1 adkj adki Bdu
= i£1 C@a = L 3 Gg + 55 3q.) 4 ...(3.10)
i=1

and the component of G(q) is g,.

Defining,



)

£ s
Ig = - Ae
and 's e

where A is a diagonal matrix with positive elements, the adaptive controller

is defined as,
T = D(@q + C(q,9q + G(q) - K(G-b)
= Y(q’é»‘q)@ - K('ci-b)

h; + h

S if sTPJw = O

sTPJw

where w is an arbitrary chosen vector w € Rn, P is any positive definite

with b = w

matrix with proper dimension,

h, = sTP(A& + ¥, + Q)

h, = 5 esTPs « > 0.
J = —gg is the Jacobian matrix and f(q) is the end-effector position

related to the joint space vector q.
If we choose parameter update law as,
§ = r-IYTK-TJTPs - gr-TYTe
I'T > 0, B > 0 and K is chosen as

K = {ﬁ(q) it D(q) > 0
K

where © =

otherwise.
where k > 0, then the closed loop system is globally convergent and stable in

the sense that tracking error e and its derivative will converge to zero when t

approaches infinity.




CHAPTER - 4
NEURAL NETWORK BASED CONTROLLER

4.1 INTRODUCTION:

Artificial neural systems, or neural networks, are physical cellular systems
which acquire, store and utilize experiential knowledge. This knowledge is in the
form of stable states or mappings embedded in networks that can be recalled in
response to the presentation of signals.

Various algorithms are available for the purpose of tuning of weights. These
weights are being tuned in order to get the desired output for a given set of input
values. Brief introduction of neural networks has been given in [1]. Since we are

using the error back propagation tuning algorithm in this controller, it is being

described in steps here.

2.2 ERROR BACK PROPAGATION TUNING ALGORITHM: Yﬁ D\Q

The learning of this error back-propagation training algorithm begins with the /
feedforward recall phase in which the single pattern vector(z )ls given at the input,
and the layers’ responses and are computed. Then the error signal vector is
computed and after that propagated (tzowards the network input nodes. The@ck]/ eights
are adjusted within the matrix @which— is the weight matrix between hiddendayer and‘
the output layer. After that JxI weights are adjusted within the matri which are |
the weights between the input layers and the. hidden layers. The final error value for
the entire training cycle is calculated after each completed iteration. The learning
procedure stops when the final error value below the upper bound E..x is obtained.

The algorithm of error back-propagation training is as follows:

Given are P training pairs _ D' o U/ ;{H ?}

{zl, dy, z,, dy, ...... v Zps dp} ﬁﬂv‘/l’r'(
where z; is (I x 1), d; is (K x 1) and i = 1,2,...... ,p. Note that the I,

component of each z; is of value -1 since input vectors have been augmented. Size J-1

?

-~



of the hidden layer having output y is selec_tgg. Note that J,, component of y is of
- ) = i
value -1, since hidden layer outputs have been augmented: y is (J x 1) and o is (K x

Vi
1). 7
» .
Step 1:;%~> 0, E_,.. chosen.
s

Weights W and V are initialized at small random values: W is (K x J), V is (J
x D).
qel,pel, EeO
Step 2: Training step starts here.
Input is presented and the layers’ outputs computed.
Z ¢z, d ¢« d,
y; = f(vj'z) for j = 1,2,.......,]
where v; is a column vector, is the j'th row of V, and
o = f(w,ly), for k = 1,2,....... K

where w, a column vector, is the k’th row of W
d ) = T "
an (x) = exp(x)" o

Step 3: Error value is computed. ’ '
E¢id-0)+E fork = 1,2,....K
Step 4: Error signal vectors &, and 3, of both layers are computed. Vector 8, is (K x
1) and 3, is (J x 1). The error signal terms of the output layer m this step are,
S = 2(dy - 0)(1 - 02 for 1,2,........ K-

The error signal terms of the hidden layer in this step are:

1 2 K .
8 = (1 - y) = &uwy forj = 1,2,.....)

Step 5: Output layer weights are adjusted.
Wij € Wy5 + 185y, for k = 1,2,..... K
and j = 1,2,......]

Step 6: Hidden layer weights are adjusted.

Vi ¢ Vi + mdyz; forj = 1,2,......]



Step 7: If p > P then,

pep+ 1, gqeq+ 1 andgo to step 2, otherwise go to step 8.

Step 8: The training cycle is completed.
For E > E,,,, terminate the training session.
Output weights W, V, q, and E.

If E > E_,,, then E « 0, p « 1 and initiate the new training cycle by going to
step 2.

Here, it is observed that although network is non-linear in the lfee,dforward
mode, the error back-propégation is computed using the linearized actiyation
funbtion‘ The linearization is achieved by extracting the slope f’(net) at each
neuron’s operating point and using it for back-transmitted error signal Scaling.

The f’(net) is given by the sigmoidal function,

, _ 1
f'(net) = I + exp(-net)

4.3 ROBOT ARM DYNAMICS:

The dynamic equations of motion of an n-link robot manipulator is expressed in
Lagrange form as _ ‘
M@4 + Vu(q,9q + G(@Q + F@Q =*  .een... “4.1)
where q(t) is the joint variable vector, M(q) is the inertia matrix, V..(q,9)
is the Coriolis and centrifugal matrix, G(q) is the gravity vector and F(q) is the
friction. The ©(t) is the control input torque. |
Taking the desired arm trajectory as q4(t), the tracking error is given by,
e=q®-q® @4.2)
and the Wg _error_is given by,
r =¢& + Ae _ 4.3)

--------

where A = AT > 0

Now, the arm dynamics in terms of filtered tracking error may .be written as,
Mt =-Vr-z+ f 4.4)

---------

where the non-linear robot function f(x) is,



fX) = M(Q@, - A®) + V(a8 - re) + G@ + F@ ....(4.5)
The control input torque is defined as,

w=f+Kr e (4.6)
where ?(x) is an estimate of f(x) and K, = K,T > 0. Hence the closed loop

system becomes,

Mi = -(K, + Ve +%f L (4.7)
where the functional estimation error is,given by,

fo =fxy-fc0 .. (4.8)
The control T, incorporates a proportional-plus-derivative (PD) term as

K,r = K (& + Ae).

4.4 NEURAL NETWORK BASED CONTROLLER:
The three layer neural net structure which have been considered here is shown

in fig.(4.1). Given x e R™ where R" denote the real n-vectors, the net output is

given by, | a 9
N, N, P |
i = L [Wij°' (X ViXx + ej] + o4l S 4.9)
j=1 k=1 nr

where o(.) is the activation function, 6/; is the first to second layer
interconnectiop weights and wy is the second to third layer interconnection weights.
The oym, ©4m» M = 1,2,... are the threshold offsets and N, is the number of hidden
layer neurons. N
. A
Equation{ 4.1, can be expressed in matrix format by defining x =
[X0sXqseeerene ,xN,]T, Y = [YosViserreees ,yNa]T and weight matrices W' = [wil, Vvl =
[vi]. Including X, °in x, includes the threshold vector [e,),2.,....... esz]T as the
first column of V' so that VT contains both the weights and the thresholds of the
first to second layer connections. Then,
y = Wie(VTx)
Typical selection of the activation function o(.) with

z € R is,



Fig. 4.1 Three layer neural net structure -



o2 = T 50D (411
which is a sigmoidal function.
As a first to bridging the gap between adaptive control and the NN control,
the case of fixed V is taken, This makes the NN linear in the parameters. Defining,
ox) = ocVlx) (4.12)
the net output is given by,
y = Wie(x) e (@.13)
Assuming the existence of constant ideal weights W, /T é robot function
eq.(4.5) is written as,
fx) = Wie(x) + ek) | e (4.14)
where ¢(x) is the basis function as defined earlier and e(x) is a known value
of bounded error. | 4
Defining the NN functional estimate by,
f(x) = Wa(x) L (4.15)
with \7’\} the current value of the NN weights provided by the tuning algorithm,

the weight deviation or weight estimation error is given by,

W=w-W (4.16)
Here, the contro! input is selected as,
= W0 + Kor (4.17)
From above, the closed loop filtered error dynamics become,
Mi = (K, + V.r + W) e, (4.18)

Solving eq.(4.18) gives the value of the filtered tracking error r. Usiﬁg
eq.(4.3), we-get the value of tracking error e. |
Tj/He filtered tracking error is minimized using the neural net structure which
further results in the minimization of the tracking error e. After executing the
process, we get the value of the actual trajectory q(t) by eq.(4.2) as, |
qt) = qty ~¢ 4.19)
The value of W is obtained by using the back propagation tuning algorithm.

Since the control input for eq.(4.1) is given by eq.(4.17), the ‘weight tuning is



provided by,
W=rFs (4.20)
and the dynamics of \nh/l is given [1] as,
W= (4.21)
where F = FT > 0 is a constant matrix. The tracking error r(t) goes to zero

with time and the weight estimation W is bounded.

4.5 PROCEDURE AND SOFTWARE USED:

The software for the neural network based controller is written in "C"
language in a DOS environment. The flow-chart of the complete algorithm is given in
fig.4.2. The details of the procedure according to the flow-chart is given below:

Five input nodes are taken in this neural net controller as per the
requirements. It is for the displacement, velocity and acceleration of the robot
links. The other two inputs are the tracking error and its first time derivative.
These five variables are used in eq.(4.5) and hence are takep. Three hidden layer
nodes and two output nodes for the two links of the robot arm are also taken.

The weights between the input layer and the hidden layer are randomly chosen
and kept constant. Keeping it constant without tuning is according to the algorithm
given which is already discussed earlier. Then the inertial matrix, Coriolis and
centrifugal matrix, and gravitational matrix is calculated. Here, the zero friction
is assumed. The external disturbance is also taken as zero. After these calculations,
the error between the actual position and the desired psition is calculated. Using
this error value, the filtered tracking error is calculated. If this tracking error
is not less than the maximum permitted error then the tuning process has been done
The value of weight estimation error is calculated by using eq.(4.21) and it is used
in eq.(4.18) to minimize the value of filtered tracking error. The value of error is
then .calculated using eq.(4.19).

This is how the desired trajectory is tracked. The physical parameters of the

robot arm which is used here is given in Appendix C and the results are discussed in



Read the mass of the manipulator,
length of the arms and the initial position

Initialize the weights between the
input layer and the hidden layer:

t=0

A

Enter the desired trajectory

Calculate the inertial matrix, coriolis and
centrifugal matrix and gravitational matrix

Enter the constant matrices F,
K, and V

Calculate the value of MK

Calculate the tracking error and the
filtered tracking error
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©

Continue...
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Fig 4.2 Flow-chart for NN based controller
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Calculate the outpﬁt of hidden layer

Calculate the current weight between
hidden layer and output layer

Calculate the weight estimation error

Solve the differential equation of filtered
tracking error by Runge-Kutta fourth order
method to get filtered tracking error

Solve the differential equation of tracking
error to get the value of tracking error

I=1+1

N

Calculate the adthal trajectory-by the difference |

between the desired trajectory and the error

Increment t

Fig 4.2 Flow-chart for NN based controller



Read the mass of the manipulator, length of
the arms and the initial position of the links

t=20

Enter the desired trajectory as a
function of time

Calculate the inertial matrix, Coriolis and cetrifugal
matrix and the gravitational matrix

Enter the constant matrix K_and V

Calculate the value of M'K |

Calculate the value of f(x) by
f(x) =D(q)4 + V _(0.4)q + G(q)

Calculate the tracking error and
the filtered tracking error

Calculate the valie of f.(x) by
f.(x) = D(@)({, -ve) + V, (a.9)(q, -Ve) + G(q)

Fig. 4.3 Flow-chart for PD controller Continue...




error = f(x) - £ (x)

I=1+1
Is No
1>L1L >
?
Yes

Calculate the actual trajectory

[ Incrementt |
Is
(=T S
?
Yes

Fig. 4.3 Flow-chart of PD controller



chapter 6.

4.6 PD CONTROLLER:
For the comparison purpose, a. PD controller has also been developed using the
robot arm dynamics described in section 4.3. The flow-chart of this ‘algorithm is

given in fig.4.3 and its results are discussed in chapter 6.



CHAPTER -5 |
NEURAL NETWORK BASED ADAPTIVE CONTROLLER

5.1 INTRODUCTION:

An efficient implementation of a neural network based strategy for the on-line
adaptive control of the robot manipulator centers on the rapidity of the convergence
of the training scheme used for learning the system ‘dynamics-. For facilitating this
requirement, a new multilayer neural network structure proposed by [2] is used here
which includes dynamical nodes in the hidden layer.

The procedure employed, uses three-layer neural network structure with a
hiddén layer of dynamical nodes together with a simple distributed ‘updating rule.
Since a very different updating rule is being used, the manipulator dynamics and
control problem is discussed in brief here again according to this new algorithm. It
1s given in section 5.2. The three layer neural network structure and its learning

scheme is discussed in section 5.3 and section 5.4 discusses the implementation—of

this neural network in the manipulator dynamics.

5.2 MANIPULATOR DYNAMICS AND THE CONTROL PROBLEM:
In this section, the introduction of the model for the multijointed'

manipulator which is used for illustrating the control design, is given.

The equation of motion for a general n-degrees of freedom rigid manipulator as
derived from Lagrange formulation is expressed [S] in the form,

n n n
y = % Hyny+ T T Cuyyy + Gly) ...(5.1)
i=1 i=11=1

or in matrix form is expressed as,

u = H@y)} + C(y,y) + G(y) e (5.2)
where y = [y,,y5,...... ,yn]T e R is the generalized coordinate vector, n is
the number of joints, u = [ul,uz,,....,un]T € R" is the vector of external forces,

H(y) € RDXN j5 the positive definite and symmetric inertia matrix, c(y,y) € Rn is the



{

coriolis and centripetal forces vector and G(y) € R® is the gravity forces vector.
A discrete method of solving the non-linear dynamics for the purpose of

controller design has been given in [2]. This discretized model is giyen by,

Vitk+1) = ¢,(7.(K), (K, 0, (K) + vy k), Yok, u(Pu®) .. (5.3)
where, y,(k) = [y(yk-1).......... y(k-my)1"

Vo) = [FERFR-Doeennenn, y(k-m)1"

u,k) = [uk-Duk-2)........ u(k-m,)]"

Y = [y@yck-D.......... y(k-m)]"

V4 = [Y®yk-1).......... y(k-m)]"
and u k) = [uk-Du(k-2)........ uke-mgl™ L (5.4)

#(.) and y(.) are the continuous non-linear functions of the arguments u, y
and y. m;, m,, my;, m,, mg and m, are appropriate positive integers and is selected
according to the requirement of the number of delayed signals given to the
controller. The more the number of delayed signals, the more will be the adaptation
of the controller according to the varying parameters.

The task is to evaluate the controls u(k), i = 1’2"'“'.‘“ to be applied to
individual joints such that it can follow the desired trajectoi‘y motion y4(k) of
each joint. The objective is to employ the neural-network based approach for the

identification of the unknown function ¢(.) and ¢(.) at each time step in order to

facilitate the computation of required controls.

5.3 THREE LAYER NEURAL NETWORK WITH LEARNING SCHEME:
Here, the consideration of a three layer network [2] is taken with a hidden .
layer comprising of dynamical nodes for approximating the mapping between the input
vector z(k) = [z,(k),z.z(k),' ..... ,zp(k)]T and the corresponding scalar output y(k).
The dynamics of the network architecture shown in fig. 5.1 are described by,
X = -x + Wg(x) + Bz(k)
and yk) =h%* L. (5.5)

where x € R? and g(.) is a vector valued function with sigmoidal elements. W e
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Fig. 5.2 Identification and control architecture




R™ B e R™ and h e RY specify the interconnection weights. In eq.(5.5), x*
dehotes the stable eqliilibrium of eq.(5.4) for the input pattern presentation z(k) at
instant k. Under the attainment of steady state conditions, (5.4) and (5.5) is

réplaced by,

x* = wegx™ + Bz) . (5.6)
yk) = h'x* RETTTI 5.7
or equivalently,
q N P _
x* =¥ wgk) + I bz® ...(5.8)
i=1 I=1 ‘
d *
yk) = % hx . ...(5.9)
i=1

where x;", Wi, by, z,and h; are elements of x* e R, W e
R™ g < RY B ¢ R™, z € R and h € RY respectively.

The training scheme for minimizing the output error
2 2 :
E® = [0 - y®] = [yd(k) i hrx*] | ...(5.10)
where y4(k) is the desired output, is obtained in the form,

_ " )
b ) = b + wyg®) - Y]y

i

li

o
N
Nal

(5.1
i,j = 1,2,...... ,q

bylk+1) = byk) + by [ys®) - ¥ z00)
i=12,....,q, j = 1,2,....,p

B

where u,, n, and p, are appropriately selected updating parameters.

5.4 IDENTIFICATION AND CONTROL ARCHITECTURE:
The objective in this’ section is to-employ the dynamical network given by
(5.4) and (5.5) together with the training scheme given by (5.11) for the

_identification of the functions ¢;(.) and (.) in the manipulator dynamics specified

by (5.3) in order to compute the required control u,(k) for the i, joint.

If the function ¢(.) and y,(.) are exactly known, then for tracking the



} 4
desired output y4(k+1), the required control u(k) is computed as,

u(k) = y‘“(k;i('k)" i) . . (5.12)

However, since there is no prior information of the value of ¢,(k) and y,(k),

a neural network based identification of these parameters are performed by using the
model,
Fk+1) = ¢() + g L (5.13)
and the architecture shown in fig.(5.2).

NN¢i and NN¢i are two distinct neural networks of the type described in (5.4)
and (5.5) with adjustable parameters (interconnection weights) used to obtain the
approximation of ¢; and y; by the function ¢; and ¥ respectively. Employing the
learning algorithm specified by (5.11) in order to minimize the error

E(k+1) = [yi(k+1) - 3'z‘i(k+1)]2 ...(5.14)
NN¢i and NNWi are trained closely to approximate ¢,(.) and
wi(l) by () and y(.) respectivqu. The. control signal uyk) is then obtained
from,

_ Yak+1) - 80 !
u(k) = @) ...(5.15)

for tracking the desired signal yg(k+1).
The blocks that are marked T.D. in fig.(5.2) are tappéd delays which give
appropriately delayed versions of the signals uk), yi(k) and (k) in order to

provide inputs to the the two neural networks.

5.5 PROCEDURE AND SOFTWARE USED:

The software’ for this controller is designed in "C" language in a DOS
environment. The complete flow-chart of the implemented algorithm is shown in
fig.5.3. The complete procedure and the explanation of the flow-chart is given as
follows:

The value of m,, m,, m,;, my, ms and mg are chosen as 2, 2, 0, 2, 2 and 1

respectively. Hence, according to eq.(5.3), seven input nodes are taken for the input



Read the mass of the manipulator, length of the
arms and the initial position of the links

Enter the desired trajectory dskp1{i]
¥, =sin(t) ; y,,(t) = cos(t)

Calculate the velocity and acceleration of the
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Enter the value of updating parameters

Randomly initialize the weights between the layers

Initialize the NN___for link 1 with input yk,

zeta

ykm1, ykm2, ydk, ydkm1 and ydkm?2
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Fig. 5.3 Flow-chart for NN based adaptive controller
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Randomly initialize the weights between the layers

Similarly initialize NN, and NN, for link 2

m=0

[~

Calculate the output of NN, and NN
i.e. phi[i] & zeta[i]

zcta

Calculate the total output as
ykp1[0] = phi[0] + zeta[0]*uk[0]
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?
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©
Fig. 5.3 Flow-chart for NN based adaptive controller Continue



Apply the weight tu'ning law for NN
and NN___for link 1
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- Output the value of dskp1[0], ykp1[0], err, uk[0],
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Is No

Y

t>T
\?

Yes

Fig. 5.3 Flow-chart for NN based adaptive controller



Enter the mass of the manipulator, length of the arms,
and the initial position of the links i.e. yk[i]

Enter the two previous values of the position and velocitiy
of the two links i.e. ykm1[i], ykm2[i], ydkm1[i] & ydkm?2[i]

Read the weights of all the four NN structures

Enter the desired trajectory dskp1{i]
as a function of' t

Calculate the inertial matrix M(q), Coriolis and centrifugal
matrix V_(q,q) and gravitational matrix G(q)

Calculate the control torque uk([i]

Calculate phi[i] and zeta[i] for both the links |

i
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Fig. 5.4 Flow-chart for NN based adaptive control
in an on-line system Continue...




Apply the weight tuning technique

uk[i] = (dskpl [?]" - phi[i])/zeta[i]

ykm2[i] = ykm1[i]
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ydkm1{i] = ydk[i]
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?
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Fig. 5.4 Flow-chart for NN based adaptive control
in an on-line system :



" layer z(k). Two hidden layer nodes x; and x, are the members of the hidden layer
vector x(k) and there is one scalar node y(k).

Four identical neural net structure are made for the approximation of NN¢i and
NNy, i.e. NNg  and NN% for link 1 and NNy and NNy, for link 2. Initially all the
weights are randomly chosen between all the layers in the network structure. Then th¢
output of these structures are calculated. The actual output is computed by using
eq.(5.13). Difference between the desired value and the actual value of the NN
becomes the error value E. This is used for the tuning of the network structure.

These network structures are tuned till the error E become less than the maximum

permitted error E_,,.

After the tuning process is completed, all the weights are stored in order—to
use it in another software which moves the robot on-line. The flow-chart of this
software is given in fig.(5.4).

The physical parameters of the robot arm which are taken for the analysisv are

given in Appendix C and the results are discussed in chapter 6.



CHAPTER - 6
RESULT ANALYSIS, CONCLUSIONS AND
FUTURE SCOPE OF WORK

6.1 INTRODUCTION:

In this chapter, the results of the PD controller, neural network based
controller and the neural network based adaptive controller are discussed. A
comparative study of all these controllers are also given. |

A sine wave and a cosine wave are taken as the desired trajectory for link 1
and link -2 respectively. In all the graph that has been given, the.-desired trajectory
is shown by the solid line and the actual trajectory obtained by the controller is
shown by the dotted (or dashed) line. The physical parameters of the robot arm that
has been taken for the analysis is given in Appendix C. These parameters are kept the

same for all the controllers to facilitate the comparison purpose.

MATHEMATICAL COMPUTATIONS:

The dynamic equations of motion of the robot manipulator in matrix form is

written as,

T An bm QI em fm QI im

i o~ + R

W [TZ] [Cm dm} [Cb] [ m hm <03 + Jm
— The coefficients of the inertial matrix, Coriolis and centrifugal matrix

and the gravitational matrix as referred to Appendix C are as follows:

a, = 4.999805
bm = 1.666569
Cm = 1.566569
dy = 0.666667
en = -3.350923
f, = -1.675462
g, = 0.2094327

i

.= 0.0



i, = 34.29875

im = 9.798791

Hence, the complete dynainc equauon-is given as,

‘){rl] _ {4.999805 1.666569] {qi} N [-3.350923 -1.675462} [q,] N [34.29875]

T, 1.666569 0.666667||q, 0.2094327 0.0 q, 9.798791
6.2 PD CONTROLLER:

The PD controller is designed by using the algorithm discussed in chapter 4.
The physical parameters taken for the consideration are as given in Appendix C. The
desired trajectory is taken as,

q14(t) = sin(t)

Qpq(t) = cos(t)

The desired trajectory and the tracked actual trajectory is shown in fig.6.1,
Even though it seems that the actual trajectory overlaps the desired trajectory, it
isn’t so. The actual trajectory deviates from the desired one by an error in the
range of 0.01 for link 1 and 0.02 for link 2. The graph showing the error in these
trajectories are shown in fig.6.2(a&b). Since the PD controller is only able to

decrease the error upto a certain limit, almost constant error is obtained throughout

the robot motion.

6.3 NEURAL NETWORK BASED CONTROLLER:

The algorithm to design this controller is also given in chapter 4. The
physical parameters of the robot arm used here is the same as has been used in the PD
controller. The desired trajectory of the links are also kept the same.

The tracked actual trajectory and the desired trajectory in this case is shown
in fig.6.3. By viewing the graph, it is analyzed that this controller is tracking the
desired trajectory more closely than the PD controller. The error in this case is in
the range of 0.005 for link 1 and 0.007 for link 2 which is lower than that -of the
previous controller, This shows that this controller is better than the PD controller

for the more precise work. The graph showing the deviation of the actual trajectory
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from the desired one is shown in fig.6.4(a&b) for both the links.

Fig.6.5 shows the comparative study of PD controller and the NN based
controller. It shows the error in Fhe— case of both the controllers for ‘tracking the
desired trajectory. It is clearly shown that the NN based contreller is having. less

error than the PD controller.

6.4 NEURAL NETWORK BASED ADAPTIVE CONTROLLER:

The algorithm for thé design of this controller is given in chapter 5. The
physical parameters of the robot arm is again kept the same as that for the two
previous controllers. In it, initially the value of y(k-2), y(k-1), yd'(k-2) and  y4(k-
1) are kept at zero. All the calculations are done according to the algorithm given.
The desired trajectory and the tracked actual trajectory is shown in fig.6.6. This
figure shows the representative joint- trajectories used for training and also the
output of the neural network after training is completed (shown by dotted lines).

In this graph, it is noted that the actual trajectories overlaps the desired
trajectories. Here, the deviation of the tracked actual trajectories is in thé range
from -0.00001 to 0.00001.(means the error is almost zero in this case). This
deviation of the actual trajectory from the desired one is shown in fig.6.7(a&b). |

A comparative study of all the three controllers is shown in fig.6.8. In it,
it is noticed that the error in the case of PD controller is greater than-that of the
NN based controller and the error of both these controllers are very much higher than
the NN based adaptive controller. This shows the superiority of the NN based adaptive

controller over all other controllers.

Fig. 9 shows the case when the payload‘ is increased after robot has tracked .
for 4 secs.

Because of the limitations of the computer being ﬁsed, the error in the case
of on-line NN based adaptive control is little more than the off-line one. This is
shown in fig. 10 and fig. 11. Fig. 10 is for link 1 and fig. 11 is for link 2. This

error is due to the truncation of the values when it takes it from the data file.



6.5 CONCLUSIONS:

It is confirmed that the neural network based controller for the robot
manipulator is very precise and fast in comparison to all other controllers. It is
also been noted that the inclusion of the neural network in highly complex dynamics
helps us in obtaining a more precise \;vork than the other controllers without it. It
gives us the guaranteed tracking performance.

It is also been noted that as the number of iterations in minimizing the

filtered tracking is increased, more and more accuracy is obtained.

6.6 FUTURE SCOPE OF WORK:

The neural network based adaptive controller which is developed in this work
is only a software which is not been interfaced with the physical robot arm. Taking
the idea from this controller, it is possible to develop a software which can be
interfaced with the robot arm and can control it on-line. A practical work over it
can be done. |

With the help of this practical work, we can confirm the real supremacy of NN
based adaptive controller over other conventional controllers It can be done by doing

a comparative study using both the controllers in turn to control the robot

manipulator.
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APPENDIX - A

The acceleration related symmetric matrix D(e) is given by,

Dll D12 D13 D14 DIS D16
D12 D22 D23 D24 D25 D26
D13 D23 D33 D34 D3S D36
Dl4 D24 D34 D44 D45 D46
DlS D25 D35 D4S DSS D56
D16 D26 D36 D46 DS6 D66

D(e) =

Dy, = Tr(UyJ;Uyy® + Tr(Up J,Up,T) + Tr(UsJyUs,T) + Tr(Ug JoUs ) + Tr(Us JsUs,T) +
Tr(UgJsUg D

Dy, = Dy = Tr(UphUyD + Tr(UplyUy T + Tr(UnlUs® + Tr(UgdsUsT) +
Tr(UgJsUg M

D3 = Dy = Tr(UsJ3Uy D) + Tr(Ug,J,Uy T + Tr(UgJ U D) + Tr(UssJsUgs

Dy = Dy = Tr(UJsUyD + Tr(UsJsUs,T) + Tr(UgJoUg,D

Dys = Ds; = Tr(UssJsUs, ) + Tr(UgsJgUg, T

Dis = Dg; = Tr(UgedsUg D

Dy, = Tr(UyJ,U,,T) + Tr(Us,J,U,,T) + Tr(UgpnlyUyD + Tr(UsyJ Us,D) + Tr(Ug,JsUe, D
Dy = Dy, = Tr(U33J$U321) + Tr(UpslsUynD) + Tr(UsyJsUsyD) + Tr(UgyJgUs,T)

Das = Dyp = Tr(UsdsUs" + Tr(UsgdsUs,D) + Tr(UgdsUe,)

Dys = Ds; = Tr(UssJsUs,N + Tr(UgsJgUg,T)

Dys = Dg; = Tr(UgelsUg,T)

D33 = Tr(Usl3Us") + Tr(Upl,U®) + Tr(UgdUsT) + Tr(Ug,JsUgT)

Dy = D3 = Tr(UgJsUsyD + Tr(UsJsUssT) + Tr(UggUgD

D3s = Ds3 = Tr(UssJsUs3D) + Tr(UgsIsUgsT)

Djs = bss = Tr(UsgdsUgs")

Dy = Tr(UsedqUyD + Tr(UsJsUsD) + Tr(UgJ U.T)

Dys = Dsq = Tr(UssdsUs,T) + Tr(UgsJsUg,T



I
!

D¢, = Tr(UglsUgs)

Dgs = Tr(UssdsUssT) + Tr(UgsIgUgsT
Dgs = Tr(UgelsUss™)

Des = Tr(UgsdsUss™)

%
I

The Coriolis and centrifugal terms:
The velocity related coefficients in the Coriolis and centrifugal terms in

eq.(2.14) and (2.15) are expressed by a 6x6 symmetric matrix denoted by H;, and

defined in the following way:

hill hi12 hil3 hiM hils hilé.l
hi12 hi22 hi23 hi24 hi25 hi26
hi13 hi23 hi33 hi34 hi35 hi36
hil4 hi24 hi34 hi44 hi45 hi46
hilS hi25 hi35 hi45 hiSS hi56
Lhi16 hi26 hi36 hi46 hi56 hi66

Let the velocity of the six joint variables be expresséd by a six-dimensional

column vector denoted by e:
T
o® = [01(9,0:0,05®),04(8),05(0) .60

Then, eq.(2.14) can be expressed in the following compact matrix-vector

product form:
hi = éTH"Vé
where the subscript i refers to the joiﬁt i = 1,2,...,6) at which the

velocity induced torques or forces are felt.

The Gravity terms:
From eq(2.16) we have,
C(e) = (CI,CZ,C3,C4,05,CG)T

where,



¢, = -(m;gUy'ry
c, = -(mygUyr,
c; = -(mygUs5°r;
Co = -(MagUs'ry
Cs = -(m;sgUss5rs
cs = -mMe8U4g%rs

+ 4+ 4+ + 4

ngUzlzfz +
m;gUs%r; +
m,gU4s'ry +
msgUs,5rs +

megUgs%re)

m,gUs;3r; + mugUq%ry + msgUsStrs + megUs%re)
mgUg%r, + megUs’rs + mggUg,516)
mgUsy5rs + mggUegsre)

mggU,51)

The coefficients c; represents the gravity loading terms due to the links and

is defined by eq.(2.13). The coefficient D, is related to the acceleration of the

joint variables and is defined by eq.(2.16). The coefficients hy, is related to the

velocity of the joint variables and is defined by eq.(2.15).



APPENDIX - B

The Lagrangian L is defined as the difference between the Kkinetic
energy K and the potential energy P of the system, _
L=K-P ... (D)
The figure of the robot manipulator used for the derivation is given in

_ fig.(1). The kinetic energy of mass m,; is written as,

K, = smd2> . )

The potential energy is related to the vertical height of the mass
expressed by the y coordinates and may be written directly as,
P; = -m;gd;cos(e,)

In the case of the second mass m,, the expression for the cartesian
position coordinates are written first, and then differentiating: them in order to

obtain the velocity. Thus,

x, = d;sin(e,) + dssin(e; + o) L 4
y, = -d,cos(e) - dycos(e; + o) ... (5)
The cartesian component of the velocity are then,
X, = djcos(e)d; + dycos(e; + 0)(6; + &) ... 6
y, = d,sin(e,)®; + d,sin(e; + ©,)(8; + &) e (D)
and the kinetic energy is,
K, = % mzdlzélz + % mzdz[él2 + 26,8, + é22]
+m,d,d,cos(e)(3,> + &,6,) ...(8)
and the potential energy is,
P, = -m,gd,cos(e;) - mygd,cos(e; + o,) ' ...(9)

Therefore,
1 2. 1 . . s
L =5 (m; + my)d, & + 2 m,d,’ [é;Z + 26,8, + ézz] + m,d;d,co8(e,)(8,” + 6;8,)
+ (m, + m,)gd,cos(e,) + m,gd,cos(e, + o,) ...(10)

Differentiating the Lagrangian L with respect to angular velocity é and taking
the time derivative, we get, |



!

+[m2d22 + m2d1d2005(92)]§2 - 2m2dld25in(62).elé2
- myd,d,sin(e,)8,’ _ et
and differentiating the Lagrangian with respect to the angular displacement e,
we get,

585% = -(m, + mygd,sin(e,) - mgdysine; + o) ...(12)

Combining eq.(11) and eq.(12) we get the value of torque at link 1, as,
T, = [(m, + myd,* + myd,? + 2m2d,d2cos(ez)]§, + [mzdz2 + mzdldzcos(ez)]'e'2
- 2m,d,d,sin(e,)8,8, - myd,dsin(e,)3% + (m, + mygd;sin(e,)
+ m,d,gsin(e; + o,) e (13)
To obtain the equation for the torque at joint 2, differentiate the Lagrangian
L with respect to e, and e, and the apply the Lagrange-Euler equation. Doing this we
get,
T, = [m,dz2 + m,d,dzc:'osz(%)]c'a'l + myd,’8, - 2m,dd,sin(e,)d,;8, -
m,d,d,sin(e,)3,®> + m,gd,sin(e, + e,) ‘ veeeea(14)
The coefficients of &, are known as inertial terms because an inertial term at
joint i causes a torque at joint i equal to D;8,. The coefficients of éjz is known
as the centripetal force acting at joint i due to velocity at joint j and the
combination of the terms of &, are known as Coriolis force acting at joint i due to

the velocities at joint j and joint k and the remaining terms are the gravitational

terms.
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APPENDIX - C

1. Mass of link 1 = 2.0 kg.
. Mass of link 2 = 1.0 kg.
Length of link 1 = 1.0 m.
Length of link 2 = 1.0 m.

. Initial position of link 1 = 6.0°

SEUNE IS

Initial position of link 2 = 37.0°

Constant matrix
_ 150
-3 5]

and

,\__I'lo]

—LOI
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