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Abstract

Title of Thesis : An Artificial Neural Network for Redundant

Robot Inverse Kinematics Computation
Name of Candidate : Wibawa Utama, Master of Science, 1990.

Thesis Directed By :  Dr. Edwin S. H. Hou, Assistant Professor

Department of Electrical & Computer Engineering

A redundant manipulator can be defined as a manipulator that has more degrees of
freedom than necessary to determine the position and orientation of the end effector.
Such a manipulator has dexterity, flexibility, and the ability to maneuver in presence
of obstacles. One important and necessary step in utilizing a redundant robot is to
relate the joint coordinates of the manipulator with the position and orientation of the
end-effector. This specification is termed as the direct kinematics problem and can be
written as x = f(q)
where x is a vector representing the position and orientation of the end-effector, q is
the joint vector, and f is a continuous non-linear function defined by the design of the
manipulator. The inverse kinematics problem can be stated as: Given a position and
orientation of the end-effector, determine the joint vector that specifies this position
and orientation. That is, q=f"(x).

For non-trivial designs, f~! cannot be expressed analytically. This paper presents a
solution to the inverse kinematics problem for a redundant robot based on multilayer

feed~forward artificial neural network.
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He who learns bul docs nol Lhink is lost.
He who thinks but does nol learn is in great danger.

Confucius
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Chapter 1

Inverse Kinematics : Problems and

Solutions

1.1 Introduction

A redundant manipulator can be defined as a manipulator that has more degrees of
freedom than necessary to determine the position and orientation of the end effector.
This redundancy provides the manipulator with dexterity, flexibility, and the ability
to maneuver in presence of obstacles. One important and necessary step in utilizing
redundant robot is to relate the joint coordinates of the manipulator with the position
and orientation of the end-effector. This specification is termed as the direct kinematics

problem and can be written as

x = f(q) (1.1)



where x is a (m x 1) vector (m is the degrees of freedom of the robot work space)
representing the position and orientation of the end—effector, q is a (n x 1) joint vector,
(n is the number of links ) and f is a continuous non-linear function defined by the
design of the manipulator. The inverse kinematics problem can be stated as: Given a
position and orientation of the end—effector, we want to determine the joint vector that

specifies this position and orientation. That is,

a= 7). (1.2)

[t should be noted that for non-trivial designs, f~! cannot be expressed analytically.

1.2 Solutions to The Inverse Kinematics Problem

Various methods have been proposed to solve the inverse kinematics problem. They
can be categorized into 4 different groups : Closed Form Solution [4], Numerical Solu-
tion [27], Generalized Inverse Solution [1], and Neural Network Solution [6]. The last
two methods are currently being studied by researchers particularly for redundant ma-
nipulator which does not have closed form solution and cannot be solved by iterative

numerical methods.

1.2.1 Closed Form Solution

Closed form solution can be obtained by solving Eq. (1.1) algebraically. It should be

noted that most commercial robot manipulators have 6 degrees of freedom and it is

)



possible to write their inverse kinematics solution in closed form if they satisfy one of

the following sufficient conditions :
1. Three adjacent joint axes intersecting.
2. Three adjacent joint axes parallel to one another.

Examples for these solutions are inverse transform technique for Euler angle solution

and geometric approach solution [4].

Inverse Transform Technique

In this technique, pure algebraic approach is used. The ill conditions (such as ¢ =
cos‘l(;\—g)), under which the solution is inconsistent, inaccurate or undefined, appeared
in this approach can be eliminated by introducing a consistent trigonometric function,
atan(z,y), or arc tangent with two arguments, as proposed by Paul [21]. Joint co-
ordinates are then solved by equating and premultiplying or postmultiplying matrix
equations. Although this technique provides us a general approach in determining the
joint solution of a manipulator, it does not give a clear indication on how to select an ap-
propriate solution from the several possible solutions for a particular arm configuration.

This merely depends on the user’s geometric intuition.

Geometric Approach

By geometric approach, a consistent joint angle solution can be derived. In addition,

for a particular arm configuration, it also provides a means for the user to select a



unique solution. For example, in the six axis PUMA-like robot arm, a consistent result
can be obtained by the assistance of three configuration indicators (ARM, ELBOW,
and WRIST). These indicators identify the various arm configurations and must be
prespecified by the user for finding the inverse solution. There are two steps to find the
inverse solution with this technique. The first three joints (joint 1, 2, and 3) is derived
in the first step. Then, in the second step, the last three joint is solved using the result
of the first step and certain transformation and orientation matrices. The results are
four possible solutions to the first three joints, and for each of these four solutions there

are two possible solutions to the last three joints. One can choose a solution from the

eight possible solutions by determining the ARM, ELBOW, and WRIST indicator.

1.2.2 Numerical Solution

Numerical solutions are commonly used if the closed form solution does not exist. This
can be applied either for non-redundant manipulators (m = n) which do not have closed
form solutions or for redundant manipulators which have redundant degrees of freecdom
(m < n). Numerical solutions are usually based on iterative methods. For example,
Whitney [27] used Newton Raphson method to solve Eq. (1.2). By differentiating Eq.

(1.1), we have

dx

iq - J(q) (1.3)



where J(q) is the Jacobian of f with respect to q.

If we rewrite Eq. (1.3) as

Ax =~ J(q) Aq (1.4)
then wherever J~! exist, we may write
Aqg = J'Ax (1.5)

Given initial values, qu and xq, we can calculate the final value g, by means of Newton-
Raphson method [26].

Khosla et al. [10] have also solved the inverse kinematics problem of the CYRO robot
(six degrees of freedom) which is specially designed for seam tracking applications. Their
work is based on the T and d7s * matrices and the assumption that three-dimensional
seam data are available. Even though they used a different approach, the resulting
algorithm still constituted iterative Newton-Raphson method. Because of their iterative
nature, the numerical solutions are generally much slower than the corresponding closed

form solutions, and convergence is not guaranteed.

1.2.3 Generalized Inverse Technique

To overcome the drawbacks encountered in solving Eq. (1.1) in terms of q, a method

called Generalized Inverse Technique is introduced [27].

1T} is the matrix representation of f(q) in Eq. (1.1) and dT% is the differential change
matrix.



In generalized inverse technique, we deal with the differential motion relationship

between x(t) and q(t), that is
k= J@)d (1.6)

where ¢ and x are joint velocities and end-effector velocity respectively, and J(q) is
the m x n Jacobian matrix.

If J is square matrix and nonsingular, then J~! exists. § can be computed as
4 = J'x (1.7)

For redundant linkages, J is not a square matrix, but a rectangular (m < n) matrix
and for each velocity vector x there exist various joint velocities q which satisfy Eq.
(1.6). If J is full rank (rank = m), then there exists a pseudoinverse, J¥, such that ¢

can be calculated as
q = J""(q) X. (1.8)

J7T is the Moore-Penrose pseudoinverse [11] given by
Jt o= JT N (1.9)

This method has a drawback that the solution does not generate joint trajectories

2

which avoid singular configurations ? in any practical sense [1]. This is because for

almost any point xg in the workspace and any point q* in a neighborhood of a singular

Singular configurations happen if at points q, in the joint space, the Jacobian J is
rank deficient. These are the points where infinite § could be chosen in order to maintain
a given finite x.



configuration, there is an initial configuration q(0) = qo and a workspace path x(1),
with x(0) = X, such that the trajectory q(t) as defined by Eq. (1.8) passes through
q-

Without further refinement this method cannot be used as manipulator control. As

an alternative (1], Eq (1.8) is modified to
§ = Jtx+ (I-JtDv (1.10)

where v is a (time varying) vector of the same dimension as q which remains to be
specified. With this modification one can show that by appropriate choice of v, the

trajectory which avoid singular configuration may be generated.

1.2.4 Artificial Neural Network Solution

There are two classes of neural network applications that can solve the inverse kine-

matics problem : optimization and pattern association (see chapter 2).

Hopfield “Optimization” Neural Network Solution

Guo and Cherkassky [6] solved the inverse kinematics problem for redundant manip-
ulator using Hopfield “optimization” neural network. They first introduced an energy

function F as

> (54 — )" (1.11)

i=1

DO



where £ is the desired end-effector velocity, and then rewrote Eq. (1.6) as

n
goo= ) Jyd; (1.12)
j=1
where J = [J;j], m <nandi=1,...,m.
After substituting Eq. (1.12) into Eq. (1.11) and rearranging the summation order,
they obtained a Liapunov energy function, from which the fixed weights and external
inputs in terms of J;; and &¢ could be obtained. Finally they derived the dynamics
equation of neuron state of the Hopfield net in which joint velocities § came out as its
neuron state (output).
For a chosen task trajectory, their solution algorithm 2 can be cast into the following

steps.

1. With the given initial condition of joint angles g, compute the weights.

o

Differentiate the task trajectory to obtain the desired end-effector ve-

locity.

3. Input the network with the sampled value of the desired end-effector

velocity (over a sampling time T') and compute the external inputs.

4. Tterate, using Eq. (2.1) and Eq. (2.2), until convergence. Convergence
means that the neuron state (joint velocities) does not change for fur-
ther iteration or the process finds a local minimum of energy function

E.

3They simulated a 4-link manipulator moving along a straight line path with constant
velocity in the vertical direction in a 2-dimensional (2,y) space.



5. Sample the neuron state obtained from step 4 over a sampling time T

6. Use this values as the joint velocity command for the redundant ma-

nipulator.

7. Integrate the neuron state and update the weights.

(o]

. Go to step 3.

This method seems quite complicated and has the following drawbacks :
1. Iteration in step 4 must be done for each desired input.
2. Output must be integrated to give joint position g.

3. Weights and external inputs must be updated.

Pattern Association using Multilayer Perceptron

In this thesis, the ANN used is of the supervised type—multilayer feed—forward neural
networks with back error propagation (BEP) training algorithm. The network is trained
to associate input vector or pattern to output vector. In this special case, the input-
output relationship of the pattern is a nonlinear mapping described by Eq. (1.2).

The main idea of the BEP training algorithm is to minimize a “computation” energy

E which is denoted by

m

1 4 7 2
E= Ly T xi-x) (113
P

=1



where :

p is the number of training patterns,
m is the number of nodes in the output layer,
n is the total number of layers in the network,
X¢ s the desired output pattern or the desired joint coordinates,

X;n Is the actual pattern or output of the network.
The local minimum of £ can be achieved if

oFE

= (1.14)

where W is the weights of the network.

Using optimization technique, local (optimal) minimum point can be reached by

iteration method called “gradient descent” or delta rule [23] which can be written as
W(t+1) = W() + AW (1.15)

where t indicate iteration time, and

oE

AVV = -0 b—ﬁ—i

(1.16)

where 7 is positive step size or gain term (0 < n < 1), and AW is gradient or the
change that must be made to the weights after each iteration. Hence, during training,

the weights are updated until local minimum of E is found. The term Back Error

10



Propagation arises because a mechanism where the error  must be propagated backward
through the network is introduced [23] in the derivation of this learning procedure.

After training, the network should provide a proper response when a command input
vector that it does not know is given. If the training set is properly chosen, the network
will be able to generalize its knowledge to situations different from those encountered
during training. Inputs to a properly trained network will produce network output that
are very close to the corresponding actual joint positions of the redundant manipulator.

By introducing a simple concept called “computation” energy, we can adopt the
multilayer feed-forward neural network to solve a difficult problem such as the redun-
dant robot inverse kinematics problem. This thesis present a multilayer feed—forward
neural network approach to solve the redundant robot inverse kinematics problem.

In the following chapters, we will discuss neural networks with the emphasis on
multilayer feed-forward neural network and its learning algorithm. Chapter 3 will
explain our simulation model. Chapter 4 describes the simulation results. Finally, the
conclusion of this thesis will be presented in chapter 5. Note that the detailed derivation
of the back error propagation learning scheme and program listing are available in

appendices A and C.

“the derivative of E with respect to X;; (the output of all the nodes in each layer).

11



Chapter 2

Background on Neural Networks

2.1 Introduction

Artificial Neural Networks (ANN) are an endeavor to model the function and archi-
tecture of neural networks found in the human brain. These models are composed of
many nonlinear computational elements or nodes operating in parallel and arranged in
pattern reminiscent of biological neural networks.

The basic operation of a single artificial neuron is shown in Fig. 2.1.a. After sum-
ming N weighted inputs, the result is passed through a nonlinearity f (Fig. 2.1.(b)-(d)
show different types of f). If we relate this figure to a single biological neuron then
inputs can be considered as stimulation levels and weights as synaptic strengths. This
fundamental building block for all ANN is characterized by the type of nonlinearity f

and internal threshold or bias or external input # which determines the node output

12



whenever the sum of the weighted input is zero.

In general, a neural network consists of N nodes (processors), each of which is
connected to all the other nodes. One can compose these nodes into infinitely many
network configurations, for example, Fractal Neural Networks [2], Cyclic Neural Net-
works [5], and others ([18], [3], [19]). However, the underlying principle of these ANN
are based on 6 major artificial neural networks [17]. They are Hopfield Net, Hamming
Net, Carpenter—Grossherg Net, Perceptron, Multilayer Perceptron, and Kohonen Net.

This thesis will discuss only the multilayer perceptron.

The structure or model of a network explains the computation (algorithmic) process
happen inside the network. This process, in general, can be divided into two phase,

retrieving phase and learning phase [16].

2.1.1 Retrieving Phase

In response to input vectors or patterns (e.g., X1(0), X5(0), - X (0) in Fig. 2.2), the
retrieving phase performs the propagative updating of output values of each neuron
based on the predefined rule in each network model to produce the responding outputs.

The rule for the retrieving phase of an ANN model can be written as

Net,-(l + 1) = %I/Vm(l -+ I)Xj(l) (21)
Xi(l+1) = fi(Neti(l + 1), 60+ 1)) (2.2)

13



where 1 <4 < Ny+1and 0 <1 < L—1. The index [ can represent either time or spatial
iterations. If [ represents spatial iteration then [ indicates layer number, L is the total
number of layers in the network, ¢ indicates a node number in each layer and N; is the
total number of nodes in layer . If [ represents time iteration then / is the iteration
counter, L is the total number of iterations, 7 indicates node number in a layer, and
1s the total number of nodes in the layer [.

Two types of inputs can be used to represent the test patterns: the stimulus inputs

X;(0) and the external inputs 6;(1).

2.1.2 Learning Phase

The learning phase performs the iterative updating of the synaptic weights for all the
connections based on the input and/or target training patterns. The weight updating
problem is to find a set of connection weights so as to optimize certain predefined
mathematical quantity E based on a set of training patterns.

Typically, there are two steps involved in the learning phase. In the first step,
the input training patterns are processed by the network based on the retrieving phase
equations to generate some actual responses. In the second step, the weights are changed
according to the generated actual responses and the learning rules used.

In the learning rule aspects, many algorithms have been proposed to improve the
training process (that is, to reduce training time), such as Adaptive Least Squares

Algorithm [14], and Ring Systolic Arrays [16].

14



2.2 Class of Neural Nets Applications

In general ANN’s application can be grouped into 2 classes: optimization and pattern

association.

2.2.1 Optimization

For this application, the artificial neural networks are utilized as a state-space search
mechanism [9]. A set of fixed weights is derived before starting the search process. The
derivation of these fixed weights (W; ;) usually depend on finding a Liapunov energy
function for the specific application. For example, if Hopfield neural network is used for
solving an optimization problem, the Liapunov energy function has the following form
8]:

N N

S Wi XiX; — 3 Xib; (2.3)

J=1 i=1

E=-—

T

N
=1

[N AN

In certain applications , the Liapunov energy function has to be derived from a given
cost function and the constraints in the optimization problem [25], [6]. Once the fixed
weights have been assigned from the energy function, the system then iterates until a
stable state configuration is reached.

It can be proved that if the weights used are symmetric, W,; = W;;, then the
iterations following the system dynamics in Eq. (2.1) and Eq. (2.2) will converge to a

(local) optimal state.

15



2.2.2 Pattern Association

Another very promising application of neural processing is for pattern association. In
pattern association, the network should give the complete pattern even though it is
input by partial information of the desired pattern. In mathematical language, the
network should be able to retrieve a corresponding pattern in subset B, given a pattern
in subset A (vector mapping). The retrieving phase uses the same system dynamics Eq.
(2.1) and Eq. (2.2) as in the optimization applications. For this class of application,

some learning schemes are often adopted to train the synaptic weights.

2.3 Robotic Applications

Most of the robotic problems currently being studied can be categorized into either one

of the following three processing levels:
1. Task Planning (e.g., scheduling of assembly tasks).
2. Path Planning (e.g., robot navigation).
3. Path Control (e.g., motor control).

Most of these robotic processing can be formulated in terms of optimization or pattern
association problems. Therefore neural networks can naturally be adopted to solve the

robotic processing tasks.

16



2.4 Multilayer Feed—forward Neural Networks

In the present work, only multilayer feed—forward network or multilayer perceptron
are used. These networks are popular because a sophisticated learning rule exists for
training the network. A typical network using multilayered structure is shown in Fig.
2.3. It consist of an input layer, output layer, and hidden layers in between. The nodes
in the hidden layer are necessary to implement nonlinear mappings between the input

and output patterns.

2.4.1 Terminology

By refering to Fig. 2.3, we will use the following terminology for the rest of this thesis.
Let

0;1 be the threshold of the 5** node in the [** layer,

Wi, be the weight between j** node in the (I — 1) layer to i"* node in I** layer,

Net;; be the input to node " in I** layer, and
Xi; be the output of i* node in {** layer.

The input to a node is given by

Netiy = (Wi Xju1) + 0i (2.4)

J

where the summation index j extends over all nodes in the (I — 1)* layer.

The output of a node is given by

Xy = f(Netiy). (2.5)

17



In general, f is a nondecreasing function of the input to the output node.

2.4.2 Nonlinearity

There are several forms of function f we can use. If we use a linear activation function,
that is f = Net;,, then the network is called a linear network. Although linear networks
are useful for cases where the set of input patterns are linearly independent [12] , it
can be shown that a multilayered network with linear nodes can be collapsed into an
equivalent two layer network so that the advantages of hidden units is lost.

To enable the network to implement complex nonlinear mappings between input
and output patterns, it is necessary that the function f be a nonlinear function of the
node input. The most frequently used functions are the unit step (see Fig. 2.1.b) given

by

1 if Neti,l >0
f(Net;y) = (26)

0 otherwise

and sigmoid function (see Fig. 2.1.c) given by

1

(2.7)

The sigmoid function is characterized by an area in the vicinity of Net;; = 0 in
which the node output increases almost linearly with the input. Outside this area, the
node output saturates to a minimum or maximum value (0 or 1). The simplest network
using unit step units is the perceptron [17] which has no hidden layer units

Early researchers have recognized that layered networks with nonlinear activation

18



function are able to implement complex tasks [20]. However such networks were not
popular because of the lack of systematic learning algorithms. The main difficulty
encountered in developing learning algorithms for such system is that the unit step
function is nondifferentiable. Instead of using the unit step function, Rumelhart [23]
devised a multilayered network with a sigmoid function. Such networks can be trained

by a learning algorithm called the generalized delta rule [23].

Modification

In many practical cases, outputs other than 1 may be required. We can modified

Eq. (2.7) as follows:
€l

f(Netyy) = 14 e—eialetin

(2.8)

where ¢;; and oy, are both greater than zero [22].

There are two new parameters, € and «, introduced after the modification. The
parameter ¢ determines the maximum output of a node and the value of o governs the
size of the input zone beyond which the node output saturates and also the steepness
of the sigmoid curve. When e approaches zero, the size of this zone is very large.
Consequently, the input—output relationship within this zone is almost linear. In this
case, the node output saturates only for very large positive or negative inputs. Thus
for the lower value of €, the node behave like a linear unit over most of its input range.
As ¢ approaches infinity, the neuron behavior becomes extremely nonlinear and in the
limit approaches the unit step function. Since nonlinearities are associated with useful

feature extraction abilities, neurons that exhibit a high value of ¢ after the training
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process can probably be viewed as important feature extractors of the network.
In our application, we need both negative and positive value of the node output, then
it is necessary to symmetrically translate the sigmoid function (Eq. (2.8)) downward

along the vertical axis so that it becomes

€;,1 €l

F(Net) = T e ~

(2.9)

as shown in Fig. 2.1.c.

2.4.3 Generalized Delta Rule

The generalized delta rule consists of two steps, the retrieving phase (forward pass) and
the parameters adjusting phase (backward pass). In the forward pass, we present an
input pattern to the network and calculate the output pattern at the output nodes with
the current set of learning parameters. The learning parameters of the network are the
weights and the node parameters such as 0;, €, and «;;. The network output pattern
is then compared to the desired output pattern, and the value of a predefined measure
function E is calculated by computing the Euclidean distance between the actual and
desired output patterns. This function can be expressed as

m
Xd

J=1

(2.10)

E\DI‘—‘

where the index j represent summation over all output nodes in the network. The

quantity X;Z is the desired output at the j** output node. The total number of layer in

the networks is n.
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In the the backward pass, the learning rule tries to drive the value E to zero or close
to zero by suitable adjustments of the learning parameters. This essentially constitutes
a minimization problem that the delta rule attempts to solve using gradient techniques.
The calculation of the gradient of E with respect to the learning parameters is performed
by propagating the error ! backwards through the network and involves simple local
computations at nodes in the same layer, permitting parallel operation of all nodes in
that layer. The details of the error propagation and gradient calculation are presented
in Appendix A. Once the gradient is calculated, the learning parameters are adjusted
using gradient descent methods. Rumelhart [23] uses a “steepest descent” procedure
that has the advantage of being simple and requires only local calculations during

parameters adjustments. The change in the learning parameters is made as follows:

OFE
AQ: = — 2.11
where Q = {Q,02,Q3, 0} = {W,¢,,0} are the learning parameters, and 7 is a

positive step size or gain term (0 < 7 < 1). As discussed before, the gradient is
computed only by local calculation so that the parameters updated by Eq. (2.11) can
be done in parallel. After all input—output pairs in the training set have been presented,

the total £ is calculated. The total F can be expressed as
Etotal — ZE (212)
P

where the index p represent the summation over all patterns used for training. The

Ythe derivative of E with respect to X
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procedure is repeated until the F,.,,; reaches a small number which is determined before
we start training the network.

In case of a linear system, the E surface is bowl shaped and has only one minimum
(at 0) so that convergence is guaranteed. With nonlinear system, however, a large num-
ber of local minima may exist. There is no guarantee that the delta rule will converge
to the global minimum. However, as pointed out in [23], this apparent drawback is only
of theoretical interest because in most cases with the appropriate choice of hidden units
in the network structure (which leads to a high degree of redundancy) or by starting
with a small number of hidden units and increasing the number until it become to drive
the system to a global minimum.

In the present application, for a certain manipulator task trajectory, the network
is trained so that it can map every vector in the input domain (consist of patterns or
vectors representing end-effector positions) into the output domain (consist of vectors

representing joint positions of the manipulator arm) as mathematically expressed by

Eq. (1.2).

22



Inputs

Weights 0
L1
w1
Tq W Net Output
U ] f
w Net = (w21 + wezg + - -+ + wpzy,) + 0
T,
(a) Basic operation of an artificial neuron
J(Net) f(Net) f(Net)
4
L 1 +5
o Net
.;_ 1] -
N@t Net _£
N i 2
(b) unit step (c) sigmoid (d) modified sigmoid

Figure 2.1: An Artificial Neuron.
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Chapter 3

Manipulator Model and Neural
Network Model

3.1 Manipulator Model

For the purpose of simulation, a 3 joint-links manipulator is used as the manipulator
model. The length of each link is one third of a unit length. The manipulator trajectory

used as follows :

A. astraight line in z = 0 plane as shown in Fig. 3.1,
B. astraight line as shown in Fig. 3.2, and

C. a straight line as shown in Fig. 3.3.
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Figure 3.1: Simulation A

3.2 Neural Network Descriptions

‘Two network configurations will be utilized in this presentation, a network with 48

nodes for simulation A and a network with 52 nodes for simulations B and C. The

Iigdes are specified as follow (see also Fig. 3.4):

o
v

,/,:e For simulation A, there are six nodes in the output layer; they rep-

resent the joint coordinates of the manipulator, (21, 1), (22, y2), and

(23, y3). TFor simulation B and C, there are nine nodes in the out-

o put layer; they represent the joint coordinates of the manipulator,

| (xla Y1, 31)7 ($27 Y2, ‘32)7 c'LIld ($37 Y3, :3)’

~© Twenty nodes in the second hidden layer for both configurations.

e Twenty nodes in the first hidden layer for both configurations.
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Figure 3.2. Simulation B

Figure 3.3. Simulation C . -
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o For simulation A, two nodes are located in the input layer which repre-
sent either the desired end-effector coordinate during training, (=4, v4),
or the input command after training, (s, ys). For simulations B and
C, three nodes are located in the input layer representing either the de-
sired end-effector coordinate during training, (z§, y4, 24), or the input

command after training, (za, ys, 23).

The initial values of the learning parameters for this network are set to small random
numbers between zero and one. The same initial learning parameters are used for
simulations B and C. Table listing the learning parameters before and after training
can be found in Appendix B. It should be noted that some weights in the network can
be fixed. In this case, error is still propagated as usual but the fixed weights are simply
not modified.

The values used for the gain term (n) and the momentum term (&) are 0.3 and 0.7

respectively.

3.3 Obtaining Training Pattern

The set of training patterns for simulations A, B and C are obtained by the following

steps :

1. The robot arm trajectory in two dimensional space is designed as shown

in Fig. 3.1.
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o

The coordinate of each joint is measured. The result is a set of training

patterns for simulation A as shown in Table 3.1.

. Transforming the result of step 2 into three dimensional space by mul-

tiplying it with a rotational matrix [4]

rin + C¢, rmrde, - 7”ZS¢ T‘m’f‘zV¢ -+~ TyS.lp
Rew = | rary,Vy + 1,85 2V + Cyp  ryriVy — 105y (3.1)

rer Vi — 1y Sy Ty Ve + reSy iV + Cy

where V,, = Versty = 1 — cos), 7 is orientation vector and 1+ is the

angle of rotation about 7. For 7= (111)7 then

1 1

ry = =

2 +r2 +r2 V3

Ty.:w____.

72-_\/?_)

In other words, we lift the z = 0 plane so that it has the same orien-
tation with 7, and then rotate with angle % about 7. For simulation
B the matrix used is R(111)T,45°' For simulation C the matrix used
18 R(111)T,90°' The results for simulation B , and simulation C are

tabulated in Table 3.2 and Table 3.3.
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The synthesized inputs (the inputs which are not included in the training pattern
set, positions labeled by number 9 through 19 in Fig. 3.1.) are calculated using the

same procedure. The result is tabulated in Table 3.4.

Ty 11 z] ) Y2 zg 3 Y3 23
Output
layer

20 nod
. . . O O O O O i . e 9nd E?d c?:n

layer

20 nodes

. . . O O Q O O . . *  1°! hidden
layer
WY
% layer

Y3 z3

Figure 3.4: Three layers feed—forward neural net
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Table 3.1. Original training set.

Pos.

(331, Y1, 21)

(mZJ Y2, 22)

(333, Y3, 23)

1

00~ O Ot WD

(0.236, 0.236, 0.000)
(0.236, 0.236, 0.000)
(0.236, 0.236, 0.000)
(0.236, 0.236, 0.000)
(0.236, 0.236, 0.000)
(0.236, 0.236, 0.000)
(0.236, 0.236, 0.000)
(0.236, 0.236, 0.000)

(0.559, 0.317, 0.000)
(0.535, 0.383, 0.000)
(0.498, 0.442, 0.000)
(0.439, 0.500, 0.000)
(0.400, 0.526, 0.000)
(0.347, 0.550, 0.000)
(0.347, 0.550, 0.000)
(0.401, 0.525, 0.000)

(0.663, 0.000, 0.000)
(0.680, 0.083, 0.000)
(0.687, 0.167, 0.000)
(0.659, 0.250, 0.000)
(0.672, 0.333, 0.000)
(0.652, 0.417, 0.000)
(0.652, 0.683, 0.000)
(0.661, 0.733, 0.000)

Table 3.2. Training set A obtained after transforming the original set through
matlix Ry, where # = (11 l)T and 1 = 45°.

Pos.

(1, y1, 21)

(22, Y2, 22)

(wB: Y3, 23)

(0.116, 0.309, 0.046)
(0.116, 0.309, 0.046)
(0.116, 0.309, 0.046)
(0.116, 0.309, 0.046)
(0.116, 0.309, 0.046)
(0.116, 0.309, 0.046)
(0.116, 0.309, 0.046)
(0.116, 0.309, 0.046)

(0.352, 0.538, -.013)
(0.311, 0.579, 0.028)
(0.263, 0.607, 0.069)
(0.198, 0.624, 0.117)
(0.159, 0.625, 0.142)
(0.108, 0.618, 0.171)
(0.108, 0.618, 0.171)
(0.160, 0.625, 0.141)

(0.534, 0.335, -.206)
(0.521, 0.411, -.169)
(0.500, 0.481, -.129)
(0.453, 0.535, -.078)
(0.437, 0.608, -.040)
(0.395, 0.665, 0.008)
(0.313, 0.880, 0.143)
(0.305, 0.925, 0.166)
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Table 3.3. Training set B obtained after transforming the original set through
matrix Ry, where = (11 1)T and ¢ = 90°.

Pos.

(21, Y1, 21)

(3;2’ Y2, 22)

(3337 Y3, 23)

(0.021, 0.293, 0.157)
(0.021, 0.293, 0.157)
(0.021, 0.293, 0.157)
(0.021, 0.293, 0.157)
(0.021, 0.293, 0.157)
(0.021, 0.293, 0.157)
(0.021, 0.293, 0.157)
(0.021, 0.293, 0.157)

(0.109, 0.615, 0.152)
(0.085, 0.615, 0.219)
(0.058, 0.601, 0.281)
(0.024, 0.566, 0.348)
(0.005, 0.540, 0.381)
(-.019, 0.499, 0.416)
(-.019, 0.499, 0.416)
(0.006, 0.540, 0.380)

(0.221, 0.604, -.162)
(0.206, 0.647, -.090)
(0.188, 0.680, -.016)
(0.159, 0.684, 0.067)
(0.143, 0.723, 0.140)
(0.116, 0.733, 0.220)
(0.051, 0.822, 0.463)
(0.042, 0.847, 0.506)

Table 3.4. Synthesized inputs.

Pos.
No.

Original

(23, ¥3, 23)

R(l 11)7,45°
(3:3: U3, 23)

R(111)T,90°
(133, Y3, 23)

9
10
11
12
13
14
15
16
17
18
19

(0.667, 0.042, 0.000)
(0.667, 0.125, 0.000)
(0.667, 0.208, 0.000)
(0.667, 0.292, 0.000)
(0.667, 0.375, 0.000)
(0.667, 0.458, 0.000)
(0.667, 0.500, 0.000)
(0.667, 0.542, 0.000)
(0.667, 0.583, 0.000)
(0.667, 0.625, 0.000)
(0.667, 0.708, 0.000)

(0.523, 0.371, -.186)
(0.498, 0.438, -.144)
(0.472, 0.505, -.102)
(0.446, 0.572, -.060)
(0.420, 0.639, -.017)
(0.394, 0.706, 0.025)
(0.381, 0.740, 0.046)
(0.368, 0.773, 0.067)
(0.355, 0.807, 0.088)
(0.342, 0.840, 0.109)
(0.316, 0.907, 0.151)

(0.212, 0.621, -.125)
(0.192, 0.649, -.049)
(0.171, 0.676, 0.027)
(0.151, 0.704, 0.103)
(0.131, 0.732, 0.179)
(0.110, 0.760, 0.255)
(0.100, 0.774, 0.293)
(0.090, 0.788, 0.331)
(0.080, 0.802, 0.369)
(0.070, 0.815, 0.406)
(0.049, 0.843, 0.482)
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Chapter 4

Simulation Results

In this chapter we will present the simulation results. There are some terms that must

be annotated before the graphical and tabular results are presented.

4.1 Physically Realizable Output

When we give the trained ANN a desired end-effector coordinate, (2, y¢) in simulation
Aor (28 y4, 28) in simulations B and C, and after the network performs a forward calcu-
lation, the outputs will be (21, y1), (22, y2), and (z3, ¥3) in simulation A or (21, y1, z1),
(x2, y2, 22), and (z3, ys, 23) in simulations B and C. Due to inaccuracy in the numerical
computation, these outputs may not physically realizable. This means the length of

the manipulator’s links calculated from the simulation outputs are different from the

length of the real manipulator’s links. The physically realizable result can be achieved
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by replacing one of the selected coordinate element with a new calculated value. For
example, 7, in simulation A or z; in simulations B and C can be replaced with a value
which is calculated by the formula, 1/1? — z? for simulation A and /I? — 22 —3y? for
simulations B and C. Where /; is the length of link number one (the link attached to
the hase coordinate (0, 0, 0)). By simple calculation we can also determined the length
of the others links. Hence, our final results are (z1, y1phy), (22, y2phy), and (23, yaphy)
for simulation A and (z1, y1, z1phy), (22, Y2, z2phy), and (23, ys, zaphy) for simulations
B and C. In the table this value is listed in the column denoted by yphy in simulation

A or zply for simulations B and C.

4.2 FError Measurements

The accuracy of the simulation is measured by calculating the error between the desired

output and the physically realizable ANN output in the least squared sense, that is

Ls.Err. = \/(fﬂd —z,)* + (y4 — yphy)® (4.1)

for simulation A, or

Ls.Err. = \/(md - a:n)2 + (yq — yn)z + (24 — zphy)2 (4.2)

for simulations B and C.
The differences, z4 — zn, ya — yphy for simulation A and z4 — %, Y4 — Yn, and

2y — zphy for simulations B and C, are tabulated in table 4.1 — 4.6.
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4.3 Results and Discussion

Fig. 4.1 and Fig. 4.2 respectively plots the error on joint number 2 and joint number
3 for simulation A. Fig. 4.3, Fig 4.4, and Fig 4.5 respectively plots the error on joint
number 1, joint number 2, and joint number 3 for simulation B. Fig. 4.6, Fig 4.7,
and Fig 4.8 respectively plots the error on joint number 1, joint number 2, and joint
number 3 for simulation C. Note that there is no graph for error on joint number 1 in

the simulation A, because for this joint, the errors are zero.

Simulation results presented show that the outputs of ANN are close to the desired
outputs. The resulting error is in the scale of 0.01, small enough compared to the scale

of 1 of the desired values.

It should have been expected from Fig. 3.1 that positions number from 14 to 18 will
give a bigger error than from another positions. This is because these position numbers,
unlike other positions, is not densely covered by the training positions (patterns). To
obtain a reasonably accurate output, the network should be trained by a number of
patterns that are sufficient to represent the manipulator task. The more the number
of patterns are used for training, the better the result. However, the number of nodes
utilized in the network directly corresponds to the number of training patterns used.
The number of nodes for the network should be big énough so that the network can

adopt the kinematics of the manipulator with a greater degree of accuracy. A question
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arises from this fact is how many nodes must be used to get the best result. There
is no theoretical explanation pertaining to this problem and the best results is usually

determined by experiments.
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Table 4.1: Result of Simulation A

Pos Joint Desired Values Neural Nets Qutput Error(x0.01)
No. No. (xd,yd) (xn, yn) yphy xd-xn yd-yphy Ls. Err.
1 1 (0.238, 0.236) (0.236, 0.236) 0.236 0.000 0.000 0.000
2 (0.559,0.317) (0.585,0.317) 0.331 0.400 1.457 1.511
3 (0.663,0.000) (0.675,0.028) 0.020 1.196 2.026 2.3563
2 1 (0.236,0.236) (0.236, 0.236) 0.236 0.000 0.000 0.000
2 (0.535,0.383) (0.535, 0.389) 0.383 0.025 0.051 0.056
3 (0.680, 0.083) (0.671, 0.080) 0.079 0.846 0.457 0.961
3 1 (0.23s, 0.236) (0.236,0.236) 0.236 0.000 0.000 6.000
2 (0.498,0.442) (0.495, 0.449) 0.446 0.225 0.408 0.522
3 (0.686,0.167) (0.669, 0.161) 0.162 1.743 0.512 1.817
4 1 (0.236,0.238) (0.236,0.236) 0.236 0.000 0.000 0.000
2 (0.439, 0.500) (0.444,0.493) 0.496 0.533 0.418 0.678
3 (0.659,0.250) (0.667, 0.247) 0.248 0.759 0.217 0.790
& 1 (0.236,0.236) (0.238, 0.238) 0.236 0.000 0.000 0.000
2 (0.400,0.5286) (0.389, 0.529) 0.532 1.101 0.597 1.263
3 (0.672,0.333) (0.665, 0.336) 0.345 0.698 1.180 1.371
6 1 (0.236,0.236) (0.236, 0.238) 0.236 0.000 0.000 0.000
2 (0.347,0.550) (0.349, 0.552) 0.549 0.205 0.073 0.218
3 (0.652,0.417) (0.664,0.407) 0.441 1.186 2.450 2.722
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Table 4.1: continued

Pos. Joint Desired Values Neural Nets Qutput Error(x 0.01)
No. No. (xd, yd) (xn,yn) yphy xd-xn yd-yphy Ls. Err.
7 1 (0.236,0.236) (0.236,0.236) 0.236 0.000 0.000 0.000
2 (0.347,0.550) (0.355,0.548) 0.547 0.798 0.294 0.851
3 (0.652,0.683) (0.658,0.677) 0.686 0.567 0.225 0.610
8 1 (0.23€,0.236) (0.236,0.236) 0.236 0.000 0.000 0.000
2 (0.401,0.525) (0.393,0.526) 0.530 0.862 0.476 0.984
3 (0.661,0.733) (0.655,0.736) 0.735 0.629 0.183 0.655
Table 4.2: Result of Simulation A, Synthesized Input
Pos Joint Desired Values Neural Nets Output Error(x0.01)
No. No. (xd,yd) (xn, yn) yphy xd-xn yd-yphy Ls. Err.
9 1 (XXXXX, XXXXX) (0.236, 0.236) 0.236 XXXXX XXXKX XRXXX
2 (xxxxX, XXXXX) (0.548, 0.353) 0.353 XXXXX XXXXX XXXXX
2 (0.667,0.042) (0.673, 0.049) 0.045 0.646 0.299 0.712
10 1 (RXXXX, XXXXX) (0.236,0.236) 0.236 XXXXX XKXXX XXXEX
2 (XXXXX, XXXXX) (0.519,0.418) 0.412 XXXXX KKXEXX XXXXX
3 (0.667,0.125) {0.670,0.114) 0.115 0.343 1.023 1.079




Table 4.2: continued

Pos. Joint Desired Values Neural Nets Output Error( x0.01)
No. No. (xd,yd) (xn, yn) yphy xd-xn yd-yphy Ls. Brr.
11 1 (XXXXX, XXXXX) (0.236,0.236) 0.238 XXXXX XXXXX XXXXX
2 (xxxXX, XXXXX) (0.471,0.471) 0.472 XXXXX XXXXX KXXXX
3 (0.667,0.208) (0.668,0.202) 0.203 0.112 0.551 0.563
12 1 (XXXXX, XXXXX) (0.236,0.236) 0.236 AXRXX XXXXX XXXXX
2 (XXXXX, XXXXX) (0.416,0.512) 0.516 XXKXX XXXXX XXXXX
3 (0.667,0.292) (0.6686, 0.293) 0.296 0.062 0.483 0.487
13 1 {XXXKX, XXXXX) (0.236, 0.236) 0.236 XXXKX XXXXX XXXXX
2 (xxxxx, XXXXX) (0.367,0.542) 0.542 XXKXX XXXXX XXXXX
3 (0.667,0.375) (0.665, 0.373) 0.392 0.200 1.749 1.761
14 1 (xxxx%, XXXXX) (0.236,0.238) 0.236 XXXXX XXXXX XXXXX
2 (xxXXX, XXXXX) (0.333,0.560) 0.554 XXXXX XXXXX XXXXX
3 (0.667,0.458) (0.663,0.445) 0.508 0.324 4.948 4,959
15 1 (XX2XK, XKXXR) (0.236,0.236) 0.236 XXXXX XXXXR XXKXX
2 (XxxXXX, XXXXR) (0.324,0.565) 0.557 NXXXX XXXXX XXXXX
3 (0.667,0.500) (0.663, 0.481) 0.557 0.391 5.720 5.734
16 1 (xxxxX, XXXXX) (0.236,0.236) 0.236 XXXXX XXXXX XXXXX
2 (XXXXX, XXXXX) (0.320,0.568) 0.558 XXXXX XXXXX XXXXX
a (0.667,0.542) (0.662, 0.520) 0.558 0.467 1.665 1.730
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Table 4.2: continued

Pos Joint Desired Values Neural Nets Output Errar(x001)

No. No. (xd,yd) (xn,yn) yphy xd-xn yd-yphy Ls. Err.

17 1 (xxxXX, XXXXX) (0.236,0.236) 0.236 XXXXX XXXXX XXKXX
2 (X%XXX, XXXXX) (0.322,0.566) 0.558 XXXXX XXXXX XXXXX
3 (0.667,0.583) (0.661, 0.563) 0.558 0.559 2.555 2.615

18 1 (XXXXX, XXXXX) (0.236,0.236) 0.236 XX XXX XXKXX XXXXX
2 (XXXXX, XXXXX) (0.331,0.561) 0.55% XXXXX XXXXX XXXXX
3 (0.667,0.625) (0.660,0.611) 0.608 0.676 1.651 1.784

19 1 (xxxxx, XXXXX) (0.236, 0.236) 0.236 XXXXX XXXXX XXXKX
2 (xxxXX, XXXXX) (0.375,0.537) 0.539 XXXXX XXXXX XNXXX
3 (0.667,0.708) (0.656,0.712) 0.717 1.018 0.836 1.317
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Figure 4.1: Error on joint number 2 (simulation A)
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Figure 4.2: Error on joint number 3 (simulation A)
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Table 4.3: Result of Simulation B

Pos. Joint Desired Values Neural Nets Qutput Error(x0.01)
No. No. (xd,yd,zd) (xn,yn,zn) zphy xd-xn yd-yn zd-zphy Ls. Err.
1 1 (0.021, 0.293,0.157) (0.021,0.293, 0.156) 0.158 0.009 0.024 0.046 0.053
2 (0.109, 0.615,0.152) (0.108,0.618,0.153) 0.158 0.084 0.370 0.560 0.676
3 (0.221, 0.604,-0.162) (0.222,0.603,-0.163) -0.155 0.106 0.073 0.647 0.659
2 1 (0.021, 0.293, 0.157) (0.021,0.293,0.157) 0.157 0.011 0.000 0.001 0.011
2 (0.085, 0.615,0.219) (0.084, 0.611, 0.218) 0.234 0.077 0.313 1.526 1.559
3 (0.2086, 0.647,-0.090) (0.205,0,645,-0»089) -0.075 0.138 0.155 1.518 1.533
a 1 (0.021,0.293,0.157) (0.021,0.293,0.158) 0.157 0.015 0.011 0.022 0.029
2 (0.058, 0.601,0.281) (0.057, 0.597, 0.284) 0.289 0.124 0.341 0.856 0.930
3 (0.188, 0.680, -0.016) (0.185,0.677,-0.012) -0.008 0.306 0.260 0.772 0.905
4 1 (0.021,0.283,0.157) (0.021,0.293,0.157) 0.157 0.007 0.002 0.003 0.008
2 (0.024,0.566,0.348) (&029,0.568,0.344) 0.346 0.479 0.152 0.233 0.554
3 (0.159, 0,684,0.067) (0.163,0.689,0‘060) 0.066 0.464 0.556 0.068 0.728
5 1 (0.021, 0.293,0.157) (0.021, 0.293,0.157) 0.157 0.010 0.007 0.011 0.016
2 (0.005, 0.540,0.381) (0.002, 0.540,0.387) 0.381 0.258 0.019 0.044 0.264
3 (0.143, 0.723,0.140) (0.140,0.718,0.145) 0.135 0.286 0.488 0.437 0.714
€ 1 (0.021, 0.293, 0.157) (0.021, 0.293, 0.157) 0.157 0.029 0.003 0.010 0.031
2 (-0.019,0.499, 0.416) (-0.020, 0.498, 0.417) 0.417 0.151 0.149 0.106 0.237
3 (0.116,04733,0.220) (0.117,0.733, 0.220) 0.225 0.112 0.005 0.475 0.488
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Table 4.3: continued

Pos. Joint Desired Values Neural Nets Output Error(x0.01)
No. No. (xd,yd,2d) (xn, yn,zn) zphy xd-xn yd-yn zd-zphy Ls. Err.
7 1 (0.021,0.293,0.157) (0.021,0.293, 0.157) 0.157 0.000 0.003 0.008 0.007
2 (-0.019, 0.499, 0.416) (-0.017,0.502, 0.413) 0.414 0.121 0.262 0.189 0.345
3 (0.051,0.822,0.463) (0.051,0.823, 0.462) 0.474 0.049 0.074 1.044 1.048
8 1 (0.021, 0.293,0.157) (0.021,0.293, 0.157) 0.157 0.025 0.000 0.003 0.025
2 (0.006, 0.540, 0.38Q) (0.005, 0,538, 0.382) 0.383 0.078 0.260 0.275 0.387
3 (0.042, 0.847, 0.506) (0.041, 0.847, 0.508) 0.503 0.072 0.025 0.316 0.325
Table 4.4: Result of simulation B, Synthesized Input
Pos Joint Desired Values Neural Nets Output E r r o r (x0.01)
No. No. (xd,yd, zd) (xd, yd, zd) zphy xd-xn yd-yn zd-zphy Ls. Err.
<] 1 (XXXXX, XXXXX, XXXXX) (0.021,0.293, 0.157) 0.157 XXXXX XXEXX XXXXX XXXKX
2 (XxXXX, XXXXX, XXXXX) (0.097,0.615, 0.185) 0.201 XXXXX XXXXX XXXXX XXXXX
3 (0.212, 0.621,-0.125) (0.214,0.623, -0.128) -0.111 0.186 0.152 1.335 1.256
10 1 {XxxXX, XXXXX, XXXXX) (0.021,0.293, 0,157) 0.157 XXXXX XXXXX XXXXX XXXXX
2 (XXXXX, XXXXX, XXXXX) (0.071,0.602, 0.253) 0.271 XXXXX XXXXX XXXXX XXXXX
3 (0.192, 0.649,-0.049) (0.195,0.654, -0.056) -0.034 0.377 0.484 1.508 1.628
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Tabel 4.4: Continued

Pos. Joint Desired Values Neural Nets Qutput Error(x0.01)
No. No. (xd, yd,z2d) (%n, yn, 2n) zphy xd-xn yd-yn zd-z2phy Ls. Err.
11 1 (XXXXX, XXXXX, XXXXX) (0.021, 0.293,0.157) 0.157 XXXXX XXXXX XXXXX XNXXX
2 {XXXXX, XXXXX, XXXXX ) (0.043, 0.583,0.316) 0.321 XXXXX XXXXX XXXXX XXXXX
3 (0.171,0.677,0.027) (0.175,0.680,0.022) 0.031 0.312 0.389 0.363 0.617
12 1 (XXX3%, XXXXX, XXXXX) (0.021,0.293,0.157) 0.187 XXXXX XXXXX XXXXX RXXXX
2 (XXXXX, XXXXX, XXXXX) (0.015, 0.555,0.367) 0.364 XXXXX XXXXX XXXXX XXXXX
3 (0.151, 0.704, 0.103) (0.152, 0.704, D.102) 0.099 0.068 0.014 0.364 0.371
13 1 (XXXXX, XXXXX, XXXXX) (0.021,0.293,0.157) 0.157 XXKXX XXXXX XXXXX XXXXX
2 (XXRKX, KXXKX, XXXXX) (-0.009, 0.521, 0.403) 0.399 XXXXX XXXXX XNXXX XXXXX
3 (0.131,0.732,0.179) (0.128,0.727,0.184) 0.177 0.248 0.466 0.210 0.568
14 1 (%XXXX, XXXXX, XXXXX) (0.021, 0.293,0.157) 0.157 XXXXX XXXRX XXXXX XXXXX
2 (XXXNX, XXXXX, XXXXX) (-0.028, 0.489,0.425) 0.422 XXXXX XXXXX XXXXX KXXXX
3 (0.110,0.760,0.255) (0.105,0.751, 0.264) 0.265 0.522 0.880 1.010 1.438
15 1 (XXXNN, XARXX, XXXXX) (0.021,0.293, 0.157) 0.157 XKKRX XXXXX RXXXX XNXXX
2 (xXXXXX, XXXXX, XXXXX) (-0.033,0.478, 0.431) 0.429 XXXXX AXXXX XXXXX XXXXX
3 (©.100, 0.774, 0.293) (0.094, 0.764, 0.303) 0.313 0.614 1.014 1.986 2.312
16 1 (XXXXX, XXXXK, XXXXX) {0.021,0.293,0.157) 0.157 XXXXX XXXXX XXXXX XRXXX
2 (XXXXX, XXXXX, XXXXX) (-0.036,0.473, 0.433) 0.432 XXXXX XXKXX XXXXX XRXXX
3 (0.090, 0.788, 0.331) (0.083,0.777,0.341) 0.362 0.663 1.080 3.151 3.397
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Table 4.4: Continued

Pos. Joint Desired Values Neural Nets Qutput Error(x0.0t)

No. No. (xd, yd,zd) (xn, yn,zn) zphy xd-xn yd-yn zd-zphy Ls. Err.

17 1 (XXXXX, XXX, XXXXX) (0.021, 0.293,0.157) 0.157 XXXXX XXXXX XXXXX XXXXX
2 (X%XXXX, XXXXX, XXXXX) (-0.034,0.476,0.432) 0.431 XXXXX XXXXX XXXXX XXRXX
3 (0.080, 0.802, 0.369) (0.073, 0.791,0.378) 0.424 0.665 1.067 5.582 5,722

18 1 (XXXXX, XXXXX, XXXXX ) (0.021, 0.293,0.157) 0.157 XXRXX XXKXX XXXXX XXXXX
2 (XXXX%, XXXXK, XKXXXX) (-0.029, 0.485, 0.426) 0.425 XXXXX XXXXX XXXXX XXXXX
3 (0.070, 0.815, 0.4086) (0.064, 0.806,0.415) 0.425 0.616 0.967 1.829 2.167

19 1 (XXXXR, XXXRX, XXKXX) (0.021,0.293,0.157) 0.157 XAXXX XXXXX XXXAX XXRXX
2 (XXXXX, XXXXX, XXXXX) (-0.005, 0.525, 0.396) 0.395 XEXXX XXKXX XNXXX XXXXX
3 (0.049, 0.843, 0.482) (0.046, 0.838, 0.488) 0.498 0.368 0.502 1.578 1.697
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2.00

1.00 4

¢md i

Position number
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Figure 4.5: Error on joint number 3 (simulation B)
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Table 4.5: Result of Simulation C

Pos Joint Desired Values Neural Nets Output Error(x0.01)
No. No. (xd, yd, 2d) (xn,yn,zn) 2phy xd-xn yd-yn zd-zphy Ls. Err.
1 1 (0.116, 0.309, 0.046) (0.116, 0.308,0.046) 0.052 0.064 0.063 0.553 0.560
2 (0.352, 0.538,-0.013) (0.350, 0.536,-0.019) -0.013 0.114 0.147 0.055 0.194
3 (0.534, 0.335,-0.206) (0.533, 0.335,-0.204) -0.207 0.077 0.002 0.061 0.098
2 1 (0.116, 0.309, 0.046) (0.117,0.309,0.046) 0.045 0.019 0.015 0.152 0.154
2 (0.311,0.579,0.028) (0.311, 0.583,0.029) 0.045 0.029 0.414 1.663 1.714
2 {0.521,0.411,-0.169) (0.520,0.411,-0.169) -0.149 0.108 0.038 1.973 1,976
3 1 (0.116, 0.309, 0.046) (0.117, 0.309,0.046) 0.041 0.059 0.053 0.535 0.540
2 (0.263, 0.607, 0.069) (0.265, 0.607,0.077) 0.072 0.112 0,047 0.283 0.308
3 (0.500,0.481,-0.129) (0.499,0.481,-0.130) -0.129 0.119 0.045 0.007 0.127
4 1 (0.116, 0.309, 0.046) (0.116, 0.209,0.046) 0.048 0.020 0.018 0.167 0.169
2 (0.198,0.624,0.117) (0.195,0.618,0.121) 0.144 0.329 0.641 2.786 2.878
3 (0.483,0.535,-0.078) (0.455, 0.536,-0.079) -0.046 0.251 0.080 3.241 3.252
5 1 (0.116,0.309,0.048) (0.117,0.309, 0.046) 0.043 0.031 0.030 0.289 0,292
2 (0.159, 0.625, 0.142) (0.160, 0.621, 0.140) 0.152 0.123 0,422 1.059 1.147
3 (0.437, 0.608, -0.040) (0.436, 0.608, -0.040) .0.034 0.171 0.017 0.582 0.607
6 1 (0.116, 0.309, 0.046) (0.118, 0.308,0.046) 0.048 0.029 0.024 0.232 0.235
2 {0.108, 0.615,0.171) (0.105, 0.623,0.153) 0.160 0.286 0.465 1.083 1.213
3 (0.395, 0.665, 0.008) (0.394, 0.666,0.010) -0.001 0.109 0.048 0.884 0.892
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Table 4.5: Continued

Pos. Joint Desired Values Neural Nets Qutput Error(x0.01)
No. No. (xd, yd, 2d) (xn, yn, zn) zphy xd-xn yd-yn zd-zphy Ls. BErr,
7 1 (0.116, 0.309, 0.046) (0.116, 0.309, 0.046) 0.047 0.016 0.015 0.139 0.141
2 (0.108,0.618,0.171) (0.110, 0.623,0.163) 0.157 0.210 0.5635 1.309 1.429
a (0.312, 0.880,0.143) (0.213,0.879,0.143) 0.089 0.007 0.055 5.412 5414
8 1 (0.116, 0.309, 0.046) (0.117, 0.309, 0.046) 0.045 0.009 0.00% 0.055 0.056
2 (0.160, 0.625,0.141) (0.159, 0.623, 0.163) 0.148 0.111 0.212 0.690 0.720
3 (0.305, 0.925, 0.166) (0.305, 0.925,0.165) 0.148 0.078 0.071 1.767 1.770
Table 4.6: Result of Simulation C, Synthesized Input
Pos. Joint Desired Values Neural Nets Output Error(x001)
Na. No. (xd, yd, zd) (xn,yn,zn) zphy xd-xn yd-yn zd-zphy Ls. Err,
9 1 (XXXXX, KXXXX, XKXXX) (0.116, 0.309, 0.046) 0.049 KXARXX RXXXX XXXXX XXXXX
2 (XXXXX, KXXXX, XNXAX) (0.328,0.565, 0.007) 0.026 XXXXX XXXXX KXXXX XXXXX
3 (0.524, 0.371,-0.186) (0.524,0.371,-0.185) -0.161 0.035 0.007 2.503 2.503
10 1 (XXXXX, XXXXX, XXXXX) (0.116, 0.309, 0.046) 0.047 XXXXX XXXXX XXXXX XXXXX
2 (XXXXK, XAXXX, XXXXX) (0.276,0.600, 0.060) 0.078 RXXXX XXXXX XXXXX XXXXX
3 (0.498, 0.438,-0.144) (0.500, 0.438, -0.145) -0.109 0.229 0.018 3.492 3.500
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Table 4.6: Continued

Pos. Joint Desired Values Neural Nets Output Error(x0.01)
No. No. (xd, yd,zd) (xn, yn,zn) 2phy xd-xn yd-yn zd-zphy Ls. Err.
11 1 (XXXXX, XXXXX, XXKXX) (0.116,0.309, 0.0486) 0.046 XXXXX XXXXX XXXXX XXXXX
2 (XXXXX, XXXXX, XXKXX) (0.225,0.614,0.103) 0.124 XXXXX XXXXX XXXXX XKXXX
3 (0.472, 0.505,-0.102) (0.474, 0.505,-0.103) -0.069 0.205 0.043 3.289 3.296
12 1 (XXXXX, XXXXX, XXXXX) (0.117,0.309, 0.046) 0.045 XXXXX XXXXX XXKXX XXXXX
2 (XXRKX, XNXXX, XXXRX) (0.177,0.620, 0.132) 0.149 XXXXX XXXXX XXXXX XXXXX
3 (0.446,0.572,-0.060) (0.446,0.572,-0.060) -0.041 0.033 0.048 1.822 1.823
12 1 (XXXXX, XXXXX, XXKXX) (0.117,0.309, 0.046) 0.045 KXXXX KXXXX XXKXX AXXXX
2 (XXXXX, XXXXX, XXXXX) (0.136,0.622,0.148) 0.158 XXXXX XXXXX XXXXX XXXXX
2 (0.420,0.6289,-0.017) (0.418,0.639,-0.016) -0.019 0.207 0.024 0.142 0.252
14 1 (XXXXX, XXKXX, XXXXX) (0.117,0.309, 0.046) 0.044 XXXXX XXXXX XXXXX XXXXX
2 (XXXXX, XXXXX, RXXXX) (0.106,0.623, 0.156) 0.156 XXXXX XXXXX XXXXX XXXXX
3 (0.394, 0,706, 0.025) (0.390, 0.706, 0.028) 0.002 0.428 0.021 2,275 2.31%
15 1 (XXXXX, XXXXX, XXXXX) (0.117,0.309, 0.048) 0.044 XXXXX XXXXX XXXXX XXKXX
2 (XRXXX, XXXNX, XXXXX) (0.098,0.623,0.,158) 0.154 ANXXX XXXXX AXRXX XXXXX
3 (0.381,0.740, 0.046) (0.3786, 0.739, 0.049) 0.013 0.505 0.042 3.312 3.350
16 1 (XXXXX, XXXXX, KXXXX) (0.117,0.309, 0.046) 0.044 XXXXX KXXXX XXXRX RXXXX
2 (XXX, XXXKX, XXXXX) (0.094, 0.623, 0.160) 0.153 XXXXX XXXXX XXXXX XXXXX
3 (0.368,0.773,0.067) (0.363,0.773,0.071) 0.024 0.546 0.057 4.278 4.313
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Table 4.6: Continued

Pos Joint Desired Values Neural Nets Qutput Error(x0.01)

Neo. No. (xd, yd, zd) (xn, yn,zn) zphy xd-xn yd-yn zd-zphy Ls. Err.

17 1 (XXXXK, XXXKX, XXXXX) (0.117,0.309,0.046) 0.044 XXXXX XXXXX XXXXX XXXXX
2 (XXXXX, XXXXX, XXXXX) (0.097, 0.623, 0.161) 0.154 XXXXX XXXXX XXXXX XXXXX
2 (0.355, 0.807, 0.088) (0.350, 0.806, 0.092) 0.037 0.541 0.060 5.133 5.162

18 1 (XXXXX, XXXXX, XXXXX) (0.117,0.309,0.046) 0.044 XXXXX XXXXX XXXXX XXXXX
2 (XXXNK, XXXXX, XXXXX) (0.106, 0.623,0.162) 0.155 XXXXX XXXXX RXXXX XXXXX
3 (0.342, 0.840, 0.109) (0.338, 0.840,0.112) 0.051 0.183 0.044 5.816 5.836

19 1 (XXXXX, XXXXX, XXXXX) (0.117,0.309, 0.046€) 0.044 XXXXX XXXXX XXXXX XXAXXX
2 (XXXKX, NXXXX, XXXXX) (0.148,0.623,0.163) 0.151 XXXXX XXXXX XXXXX XXXXX
3 (0.316,0.907,0.151) (0.315, 0.908,0.152) 0.101 0.180 0.058 5.064 5.068
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Chapter 5

Conclusion

As mentioned earlier in chapter 1, the inverse kinematics problem of most redundant
robots does not have a closed form solution. The difficulties lie in the redudancy of the
manipulator, and various approaches have been taken to solve this problem. Artificial
neural network approach is presented in this thesis. This method according to our
opinion, is the easiest and simpliest approach to the inverse kinematics problem.

This thesis demonstrates how neural networks can be used to solve the inverse
kinematics problem of the redundant robot. Two kinds of neural nets can be utilized,
Hopfield neural net and multilayer feed—forward net, the latter is our approach to the
problem. Both approaches introduced a simple concept of a “computation” energy
function and then minimized it. Different minimization algorithms are used because of
their different network architectures. Unfortunately, we could not compare our results

to Guo and Cherkassky’s [6] results because our manipulator model and our input
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comuand control are different from theirs.
Finally, the success of neural networks methods can only be proven and tested
in the real time applications when the neural network hardware technology has been

established.
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Appendix A

This appendix derives the Back Iirror Training Algorithm. Refer to section 2.4 and IMig.
2.3 for further explanation on the terminologies used.
Since we use sigmoid function as the squashing function, the input-output relation-

ship ol each node can be expressed by

€l €l
' - = Al
1+ e‘“"‘{ZJ(“V@).U\’J‘,M)+0t,t} (A1)

. i,
N = 5

where:

¢;; determine the saturation value of squashing output,

a;; determine the steepness of the sigmoid function,

§;, is the threshold of the /** node iu the I layer,

‘th

W0 s the weight between " node in (I = D layer to 7" node in Jth

layer, and
Xji—y s the output of the j* node in (I — ) layer.

€ity ity 0;g, and Wi ;1 are called learning parameters.

For a network with m outputs and after presentation of one pair of input and desired
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output pattern, the “computation” energy function E is defined by

1 & 2
=5 2_: — X (A.2)
where
n is the total number of layers in the network,
m is the number of nodes in the ouput layer,
Xf,il is the desired output pattern, and
X,. isthe actual output pattern.

Alter presentation ol p pairs ol input and desired output patterns, Figq is defined by
Eiotar = y_E (A.3)
P

The learning algorithm is the procedure that minimize Eiper in Eq. (A.3) by means
of adjusting the learning parameters, ¢, a;y, 0;y, and W;;,. This procedure can be
derived using delta rule or gradient descent method as proposed by Rummelhart [8].
The rule for changing the learning parameters lollowing presentation of a pair of input

and output pattern is given by

S\

I/V,"j'l(f + 1) = T’Vm"((t) + AI/VL]'J

Dt +1) = 0,(¢) + Abyy (A4)

it + 1) = ault) + Aaiy

6,;,[([ + 1) = €i,l(t) + Aéi’[
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where index ¢ indicate iteration time, and

AW, ;) = —775% \

A = =g (A.5)
Aoy = —775%%

Aey = "77585% )

with

n s the learning rate or gain term (0 <9 < 1), and
AW; ;) is the gradient or the change that must be made to the weight

from 7t node in (I — 1) layer to 1'* node in {*" layer.

To find AW, 1, Aliy, Aa;y, and Ae;, in terms of network parameters, Xy, Wi, Oy,

a;y, and €, is our goal in the next development of the learning algorithm.

Let
Nety) = Z (VI/'Z-J,[XJ-J_I) -+ l()i,[ (A.0)
J
so that Eq. (A.1) becomes
- €l €i,l .
.\i,l - 1 + J Net, , _2" (fj'?)
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The following derivatives are computed from Eq. (A.6) and Iq. (A.7)

\
ONeliy v
('IA’H",,J'[ - AJ,I—]
ONel,; __
80; =1
P - T (A.8)
Beil €,
9Xiy . s €il 1 Xt .
3(\',’)1 - (szl + 2 )(2 &1 ) Netz,l
RN _ - eay 1 Xip _
dNet; ju (A‘lyl + 2 ) (2 € )az,l )

Now, the derivatives of £ with respect to the learning parameters can be calculated by

chain rule as

9E _  _QE ONety,
W, dNet;) OW,

— _O0F @
ONet; AJ’I—l
ok JE _ 9Net;,
905 E’NEl,'.[ a(),“i

o

_ AL
{:JNE!,"[ L

aF oK B-Yi !
AN 1 ey

98 N

IXNip €

e

()

_  OE 9Xiy
X, Baiy

o7 ; X,
= % (Xig+ 25 (5 — i) Netiy )

@
=2
f

All quantities in Eq. (A.9) are obtained from the forward pass calculation, except

ANl and EXo which can be calculated by propagating the error backward through

the network. This can be achieved by the following derivation.

[or the output layer where index [ = n, the derivative aﬁil can be calculated by :

OF 0E  OXi,

'(7Netz-,n n 8Xz~'n 8A’eti,n

(A.10)
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From Eq. (A.2), we have

ok d
= —(X7? —-X,'n
anqn ( % I )

Substituting the last equation of Eq. (A.8) and Eq. (A.11) into Eq. (A.10) yields

(A.11)

aE -d 6‘i‘n 1 in
= (X = X)) (Xin + 22) (5 — ) ayg A12
W =~ = Xa) (e + 5 (5= T2 e (A12)

Since we do not have the equation like Eq. (A.2) for the lower layers, we propagate the

oE
BN

error backward by computing using the values that have already calculated in the

upper layer as

0E 8E 8Netj,[+1

—_ (A.13
&Xu jz( ONetj,lﬂ é)Xi,l ) )
where the summation extends over all nodes in the (I — 1) layer.
[rom Tiq. (A.G) we have
f)N 61,7' I+1 . )
S W (A.14)
dXiy st
Hence Eq. (A.13) become
0F 0E <
= _— W A.l5
a/Yi,I ZJ:( a_[\retj,l+1 .77?71'*’1) ( )
and then 31\‘“;’51 for the lower layers can he determined by .

a]\f(iiu - a‘X“ BNeim
Substituting the last equation of Eq. (A.8) and Eq. (A.15) into Eq. (A.16) yields

OF , OF S ey L Xy
— }:__________,/.. X 2y (= — ! ' AT
ONet;, { - (31\’8&‘7;41 Wi )} {( Xy + 9 )(2 oy ) cvig} ( )
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al

Notice that quantities 5
INetj 141

and W;; 1y are already known from upper layer (previous
computation).
Using Eq. (A.9), (A.11), (A.12), (A.15), and (A.17), we can write Eq. (A.5) as

For output layer:

AWijn = —ngoi— |
= (X = X3 (X + 520 (3 = ) i) X
Al = “"I‘,f;r—”
= (X = Xin) (Ko + 42) (5 — 222) i) } (A.18)
Aajn = ZEJ\%
= (X = Xip) (X + 52) (4 — 222) Neti)
A€y = "’)7?,%
= o= (X ) Ay )
For hidden layers:
AW, ;0 = —7791?/i,l
S W)} (e + %) (= 2) iy X
Al = “7752;?,
= —n{¥;( ;N':E,+1 W)} (X + 55 (3 _)eii,’z[)ai’l (A.19)
Aoy = *7]7)}3‘,
T Wasaat)} (s 50) (3 — 24) Ve,
Agy = —775%%
= —{Tilony Wassn)} 52) )
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The above derivation is for one pair of input and desired output pattern. For multiple
patterns, we presented them cyclically using the same iteration formula as in Eq. (A.4)
until all learning parameters stabilize. Eq. (A.4), Eq. (A.18) and Eq. (A.19) constitute
the learning algorithm which is the well known Back Error Propagation (BEP) training
algorithm.

For fast convergence and smooth changes in all the learning parameters, we can add

a momentum term x into Bq. (A.4) [23]. Therefore

N\

Wina(t+1) = Wi (t) + AW+ s{Wi(t) — Wit — 1)}
00(t+1) = O,(8)+ Abiy + w{8i,(t) — ia(t — 1)}

(t+1) = ault)+ Aayg + w{aig(t) — it — 1)}
el 1) = e(t)+ Aeyy + w{e () —ea(t—1)}

Qi

where £ = momentum term (0 < & < 1).
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Appendix B

Table .1: Learning Paraneters Doefore Training (for simnlation A)

0, il
i\l 1 2 3

t 0.353 0.281 0.222 1 0.840 0.058 0.702
2 0.886 0.458 0.393 2 0.319 0.891 0.067
3 0.153 0.8656 0.220 3 0.58% 0.288 0.218
4 ©.069 0.960 0.1593 4 0.691 0.4%8 0.35%0
B 0.159 0.229 0.054 5 0.164 0.377 0.634
8 0.683 0.670 0.444 e ©.604 0.300 0.031
7 0.283 0.824 -~--- 7 0.3590 0.566
8 0.076 0.844 ----- B 0.239 0.819
] 0.842 0.425 ----- 1 0.85L7 0.94]

10 0.003 0.914 -~---- 10 0.840 0.0G6

11 0.783 0.389 ----= 11 0.633 0.761

12 0.307 0.405 ~—--- 12 0.883 0.762

13 0,212 0.222 -~->- 13 0.608

14 0.162 0.001 ~---- 14 0.305% 0.629

16 0,844 16 0.287 0.019

16 0.532 18 0.604 0.315

17 0.327 17 0.652 0,809

1B 0.D44 18 0,368 0.bLY0

19 0.273 19 Q.hi7 0.3061
20 .- 0.205 20 0.5921 0,045 ~meew
ol W, l=
i\t 1 2 3 i\j 1 2

1 0.356 0.878 0.416 1 0.176 0.932
2 0.447 0.303 0.504 2 0.910 0.473
3 0.016 0.710 0.478 3 0.872 0.686
4 ' 0.384 0.87T8 0.918 4 0.930 0.4556
5 0.800 0.775 0.21% 5 0.389 0.893
6 0.633 ©0.356 0.783 @ 0.694 0.8389
7 0.270 0.719 -—-—-~ 7 0.740 0.4661
B 0.742 0.391 -~-—- 8 0.678 0.5677
B 0.405 0.180 ----- 9 9‘7273 ©.8356
10 0.663 0.52} -—--- 10 0.862 0.047
11 D.462 0.883 ----- 11 0.373 0.618

12 0. 12 0.149 0.377
13 0. 13 0.64L 0.026
14 0. 14 0.84t 0.077
15 © 16 0.743 0.258
6 0 iB 0.802 0.378
17 1Y 0.320 0.211
18 iB 0.649 0.251
19 19 0.228 0.281
20 20 0.943 0,137

0.942

5 6 7 8 S 10

1 Y . . 0.297 0.6%C O0.833 0.876 0.850 0.073
2 0.B58 0.343 0.692 0.34L, 0.8B94 0.959 0.122 0.982 0.056 0.615
3 0.285 0.293 0.196 0.018 0.830 0.573 0.105 0.733 0.116 0.223%
4 0.401 O0.871 0.046 0.285 0.394 0.560 0.311 0.B23 0.475 0.09t
5 0.423 0.565 0.970 0.35%4 0.432 0.179 0.2156 0.337 0.4%4 0.045
[} 0.152 0.705 0©0.730 0.843 0.6:18 0.855 0.479% 0.527 0.029 0.608
T 0.402 0.985 0.630 0.832 0.437 0.791 0.059 0.13h 0.544 0.930
8 0.748 0.410 0.476 0.344 0.417 0.024 0.526 0.718 0.235 0.695
4] 0.698 0.016 0.757 ©0.13%1 0.375 0.217 0.578 X - 0.748
10 0.418 0.497 0.885 0.563 0.686 0.958 0.182 0.668 0.020 0.20%
11 0.880 0.797 0.387 0.182 0.225 0.737 0.534 0.666 0.202 0.469
12 0.807 0.134 0.948 0.429 O0.078 0.7B4 0.443 0.421 0.702 0.150
13 0.414 0.688 0.754 0.171 s 0.8%3 0.279
14 0.642 ©0.735% 0.547 ©0.100 0.732 0.529 0.519 0.287 0.947
16 0.817 0.845 0©.289 0.999 0.009 0.064 0.968 0.683 0.302
16 0.501 0.129 0.929 0.765 0.480 O0.L56 0.012 ©0.384 0.378
17 0.232 0.520 0.817 0.188 0.878 -503 0.160 0.540 0.183
1B B G.1189 0.920 0.674 0.165 0.780 0.710 0.186 0.777 0.215
18 0.600 O0.166 0.328 0.451 0.412 0.507 0.846 0.825L 0.560 0.602
20 0.033 ©0.879 0.1B1 0.965 0.728 0.446 0.789 0.404 0.331 0.1h4
Yoyn { =2, contined

i\j 11 12 13 ]4: 16 16 17 18 . 198 a0

1 0.888 0.2L4 0.611 0.842 0.832 0.373 0.767 0.100 0.861 0.L59
2 ©0.038 0.376 0.L26 0.282 0.661 0.607 0.816 0.447 0.027 0.472
3 0.847 0.738 0,821 0.826 0.251 0.2%6 0.338 0.388 0.527 0.266
4 0.762 0.91T 0.8Y8 0.332 0.9027 0.241 0.373 0,742 0.458 0.801
] 0.684 0.062 0.LG1 0,316 ©0.268 0.601 0©0.063 0.86b 0.730 0.806
6 0.048 0.583 0.403 0.804 0.330 0.31] 0.855 0,734 0.09%¢ 0.340
7 0.885 0.3P0 0.416 0.857 0.287 0.108 0.577 0.778 0.142 0.809
] 0.780 0.7Y63 0.122 0.371 ©0.928 0.766 0.290 0.984 0.428 0.038
1 0.455 0.285 0.8L0 0.4L0 0.835 0.430 0.331 0.8951 0.240 0.357
io 0.168 0.548 0.204 0.211 0.067 ©.193 0.902 0.782 0.300 0.422
11 0.566 0.097 0.277 0.017 0.564 ©0.BB7 0.070 0.062 0.253 0.307
12 0.1286 0.248 0.658 ©0.138 0.323 0.823 0.014 0.924 0.376 0.582
13 0.668 0.839 0.6ih 0.0489 0.073 ©.431 0.750 0.162 0.412 0.103
14 0.426 0.494 0.702 0.258 0.811 0©.880 0.001 0.107 0.273 0.984
15 0.725 0.924 0.649 0.8i6 0.536 0.977 0.233 0.419 0.682 0.760
16 0.728 0.544 0.678 0.580 0.283 0.108 0.299 0.529 0.905  0.437
17 0.248 0.330 0.16% 0.623 0.212 0.944 0.622 0.214 0,474 0.843
18 0.255 0.663 0.961 0.842 0.B08 0.797 0.838 0.700 0.655 0.118
19 0.140 0©.847 0,701 0.208 0.067 0.439 0©.845 0.301 0.338 0.537
20 0.737 ©0.449 0.350 0.Gi8 0.138 0.759 0.045 0.587 0.06568




i\j 1 2 3 4 5 6 T 8 [ 10

1 0.010 0.967 ©.336 0.845 0.612 0.012 0.852 0.611 0.234 0.670
2 0.948 0.020 0.405 O0.767 0.662 0.869 0.794 0.569 0.587 0.576
3 0.098 0.754 0.326 0.843 0.043 0.380 0.167 0.401 0.163 0.327
4 0.013 0.774 0.507 0.1if 0.076 0.564 0.077 0.777 0.155 0.411
& 0,081 0.477 0.131 0.668 0.689 0.002 0.280 0.287 0.781 0.874
8  0.498 0.224 0.433 0.718 0.663 0.930 0.6814 0.306 0.603 0.628
M, E= 30 continnesd

i\j 1 12 13 14 16 16 17 18 19 20

1 0.802 0.050 0.760 0.818 0.924 0.362 0.204 0.326 0. 0

2 0.573 0.28t 0,749 0.419 ©.8C1 0.00¢f 0.168 0.537 0, 0

3 0.480 0.64%5 0.124 0,638 0.743 0.890 0.895 0.0896 O. 0.3¢
4  0.029 0.818 0.631 0.1L6 0.6)1 0.5L6 0,888 0.483 0.337 0.118
6  0.148 0.349 0.467 0.349 0.805 0.362 0.173 0.67G 0.927 0.313
6  0.422 0.638 0.711 0,244 0.BY7 0.2L0 0.370 0.666 0,218 0.272

1]

- o iy f B -
P . R

. - K P } » . o
© Table 1.2: Loswning pavametors for simnlation A {after tradning) -7

.y il

i\l 1 2 k} i\1 1 2 3

1 0.351  0.255  0.20% 1 0.848  0.247 0.471
2 0.886 0.485 0.430 2 0.317  0.139 0.471
3 0.168 0.863 -1.034 3 0.579 0.742 0.563
4 0.068 0.973 0.062 4 0.688 -1.277 1.773
6 0.157 0.249 -0.187 B 0.185 -0.765 1.345
6  0.679 0.647 6  0.612 0.105 0.808
7 0.293 0.837 7 0.388 -0.257

8 0.073 0.823 8  0.308  0.171

9  0.p41 -5.886 9  0.8B56 4.475 -----
10 0.002 0.881 10 0.843 -0.165 -----
11 0.787 0.418 11 0.630 -1.029 -----
12 0.306  0.378 12 0.981  0.427 ---~m
13 0.211  -7.051 13 0.603 3.160 -----
14 0.161  ©0.003 14 0.301 -0.873

16 0.643  0.704 15 0.383  0.353

16 0.E20 0.958 16 0.604 -0.220

17 0.326  0.408 17 0.648  0.811

18 0.943 -0.404 18 0.368 1.363

19 0.273  0.172 19 0.514 -0.760

20 0.205  0.24) 20 0.687 -0.237 ---e-
wil Wo,nl=t

i\l 1 2 3 i\j 1 2

1 0.423  0.866  ©.000
2 0.448 ~0.438 0.000
3 0.028 0.712 ~1.GEG 0.872 0.698

0.388 0.761 -0.630 0.830 0.455

1 0.176 0.e21

2

3

4
0.803 0.822 0.069 5 0.359 0.893

8

7

8

]

0.910 0.473

0.371 0.748 0.740 0.651
0.748 =0.048 ~----—
P 0.406 ~3.045 -——-—m

4
5
8 0.64% -0.011 0.604 0.838
7
B

0.878 0.577
0.273 0.935

10 0.604 0.331 --—-- 10 0.662 0.047
11 0.463 [ 11 0.373 0.518
12 o.271 0.628 --—-- 12 0.148 0.377
13 0.601 -7.466 —-—--— 13 0.645 0.025
14 0.888 0.884 -———- 14 0.841 0.077

15 0.339 0.705
i6 0.765 -0.083
17 0.463 0.844
1B 0.846 -1.105 1B 0.649 0.351
i9 0.008 0.378 19 0.228 0.251
20 0.026 -0.031 ~--e- 20 0.943 0.137

16 0.743 0.256
16 Q.802 0.377
17 0.320 ©.213




i\j 1 2 3 4 1 [ 1 8 1 10

1 0.268 0.548 0.323 0.863 0.206 0.678 0.832 0.876 0.647 0.070
2 0.865 0.343 0.688 0.346 0.898 0.865 -0.122 0.885 0.062 0.610
3 0.281 ©0.293 0.195 ©0.019 0.829 0.573 0.105 0.733 0.116 0.228
4 0.358 0.874 0.050 0.300 0.392 0.560 0.313 0.823 0.474 0.103
[ 0.419 0.569 0.976 0.359 0.420 0.178 0.217 0.337 0.452 0.057
6 0.148 0.702 0.723 0.837 0.619 0.953 0.476 0.526 0.025 0.597
7 0.397 0.986 0.633 0.833 0.434 0.788 0.060 0.133 0.540 0.936
8  0.738 0.405 0.469 0.336 ©0.015 0.521 0.714 0.225 0.6B4
] 8.571 0.020 -0.861 0.281 4.110 0.907 2.061 5.8B26 =-2.721
10 0.417 0.493 0.876 0.655 0.966 ©0.178 0.567 0.026 0.188
11 0.985 0.801 0.383 0.189 0.738 0.536 0.666 0.200 0.485
12 0.800 0.128 0.940 0.418 0.772 0.438 0.416 0.684 0.180
13 6.216 0.568 -1.167 1.383 2. 3.773 0.463 2.274 4.857 -2,023
14  0.7FB 0.643 0.735 0.648 0.098 0.732 0.629 0.520 0.284 0.952
16 0,351 0.811 0.846 0.280 0.998 0.000 ©0.0L8 0.964 0.671 0.288
16 0.187 0.8B9% 0.127 0.826 0.764 0.477 0.6E6 0.011 0.380 0.374
17 0.941 ©.228 0.513 0.609 0.188 0.972 0.490 0.187 0.528 0.183
18 ©0.727T ©0.083 0,734 0.623 0.325 0.968 0.68B 0.284 0.881 -0.087
19 0.684 0.165 0.327 0.451 0.410 O0.505 0.846 0.824 0.564 0.684
20 0.033 ©.876 0,181 0.966 0.728 0.446 0.769 0.49, 0.331 0.153
W0 U= 20 contimwed

)Y 1 12 13 14 1 16 17 18 19 20

1 0.807 0.261 0.609 0©.84! 0.831 0.371 0.76L 0.108 0.648 O.b4T
2 0.040 ©0.374 0.522 ©.281 0.59 0.608 0.8lb 0.440 0,024 0,408
3 0.940 0.737 0.824 0.829 0.253 0,260 0.338 0.389 0.527 0.260
4 0.263 0.921 0.P87 ©0.338 0,008 0,247 0.378 ©.7b7 0,461 0.90%
13 0.685 0.089 0.L0OO ©0.321 0,272 0,506 0,088 0.870 0.735 0.812
6 0.044 ©.564 0,395 0,800 0.318 0.306 0.848 0.729 0.083 0.3d4
1 0,884 0.393 G.419 0.868 0.2868 0.108 0.57Y9@ 0,779 0.14F 0.B12
B 0.773 ©0.762 0.114 0.386 0.823 0.767 0.282 0.977 0.423 0.032
] 2.145 -D.260 -1,877 -0.901 0.017 0.692 -0.488 0.296 -1.350 ~1.499

10 0.183 0.535 0.192 0.206 0,061 0,14 0,882 O0.775 0.204 0.413
11 0.G68 ©0.104 0.788 0.024 0.56F 0.80G 0.076 0.068 0.268 0,313
12 0,118 ©0.233 0.650 0.134 0.317 0.812 0.004 0.917 0.36F 0.574
13 2.039 -0.268 -1.227 -0.5607 -0.617 1,360 ~0.140 -0,307 -1.432 -1.680
14 0.426 0.494 0.706 0.760 0.B)2 0.883 0,002 0©.108 0,274 0.986
1h 0,717 o0.80¢ ©.639 0.911 0.530 0.966 ©0.223 0.411 ©C.H74 0.771
16 0,726 0:540 0.675 0.588 0.281 0.104 ©0.290 0.526 0.503 0.436
17 0.742 0.318 0.144 0.619 0.207 0.930 0.614 0.208 0.467 0.836
18 0.296 ©0.496 0.719 0.833 0.708 O0.767 0.B51 0.603 0.488 -0.084
19 ©.139 0.8B45 0.703 0.200 0.067 0.440 0.845 0.301 0,339 0.637
20 0.737 0.448 0,350 0.81B 0.941 0.138 0.760 0.045 O0.687 0.G67

0.9 0.330
0.031 0.404
3 0.587 0.035
4 0.223 0.493 0.571
b 0.046 0.479 0.111
6 -0.135 0.208 -0.420

0.766 0.662
©.70t 0©.318
0.004 -0.135
0.622 0.€65
0.843 0,503

4]
Q.866 0
0.420 0.2
0.685 0

-0.026 O
0.022 0

-231 0.282 .567
L2073 -0.033 L4172

fomtinned

i\j 1 12 13

14 15

1 0.787 0.04% 0.732
2 0.578 0.281 0.667
3 0.379 0.260 1.082
4 -0.224 0.640 -0.512
6 0.134 0.326 0.513
6 0.648 -0.207 1,780

0.608 0.822
0.421 08.795
0.448 0.42%
-0.101 0.771%
0.336 0.8)
0.628 -0.12¢

~1
3




Table B.3: Leswning parmmeters for shinmbation 1) and € (hefore trad
Y] G

i1t 2 3 i\l 1 2 3

1 0.353 0.261 0.222 1 0.040 0.059 0.702
2 0.886 0.498 0.383 2 0.319 0.891 0.067
3 0.169 0.866 0.220 3 0.584 0.286 0.218
4 0.059 0.960 0.193 4 0.651 0.458 0.350
6  0.168 0.229 0.054 5 0.164 0.377 0.634
8 0.583 0.670 0.444 6 0.604 0.300 0.031
7 0.293 0.82%4 0.510 7 0.390 0.566 0.832
B8  0.076 0.844 0.696 8 0.299 0.819 0.872
§ 0.942 0.425 0.399 ® 0.857 0.943 0.455
10 0.003 0.9i4 ----- 10 0.846 0.066 =---—v
11 0.788 0.399 11 0.533 0.761

12 0.307 ©.405 12 0.983 0.762

13 0.212 0.222 13 0.609 0.485

14 0.152 14 0.305 0.529

th 0.044 0.815 16 0.387 0.019

16 0.532 0.966 18 0.604 0.31h

17 0.321 0.492 17 ©.662 0.809

18 0.944 0.289 18 0,368 0.LT6

19 0.273 19 0.b17 0,261

20 0.206 0.241 ----- 20 0.692 0.04 -----
oy HWen =1

EAS S 2 3 1\j 1 2 3

! 0.396 0.878 0.415 1 0.883 0.004 0.839
2 0.447 0.303 0.504 2 0.740 0.651 0.678
3 0.016 0.710 0.479 3 O.BTY 0,273 0.836
4 0.384 0.576 0.P16 4  0.662 0.047 0.3713
5 0.900 0.776 0.211 5  0.618 0.148 0.377
6 0.533 0.356 0.783 6 0.645 0.026 0.841
7 0.270 0.718 0.176 7 0.077 0.743 0.258
8 0.742 0.391 0.473 8  0.A02 0.378 ©0.320
9 0.405 0.18¢ 0.830 ®  0.211 0.649 0.251
10 0.663 0.521 10 0.229 0.251 0.943
11 0.462 0.883 11 0.137 0.270 0.549
12 0.265 0.698 12 0.324 0.865 0.207
13 0.60) 0.135 13 0.680 0.833 0.876
14 0.BB6 OQ.873 14 0.650 0.073 0.899
16 0.338 0.861 16 0.264 0.611 0.842
16 0.754 0.243 16 0.832 0.373 0.757
17 0.458 0.935 17 0.109 0.851 0.559
18 0.946 0.220 18 0.B68 0.343 0.692
19 0.007 0.321 19 0.345 ©0.894 0.959
20 0.024 0.002 —=--— 20 0.122 0.982 0.055

-
-
&

1 0.038 0.7 0. 0. 0. 0.807 0.816 0.437 0.0

2 0.937 0. 0. 0. 0. 0.256 0.338 0.383 0.527
3 0.262 0©. 0. 0. 0. 0.241 0.373 0.752 0.458
4 0.684 O. 0. 0. 0.2 0.501 0.062 0.965 0.730
13 0.048 0.¢ 0. 0.9 0.7 0.31t 0.855 0.734 0.099
6 0.88% 0. 0. 0. 0.7 0.103 0.577 0.778 0.142
7 0.780 ©. 0. 0.3 0. 0.766 0.290 0.884 0.428
8 0.4v% 0.2 0. 0. 0. 0.430 ©.331 0.851 0.249
8 0.158 0.¢ C. 0. 0. 0.183 0.802 0.782 0.303
10 0.5h66 0. 0. 0. 0. 0.857 0.070 0.062 0.243
1 0.126 0.248 0. 0. 0. 0.823 0.014 0.924 0.376
12 0.688 0.8B39 0O, 0. 0. 0.431 0£.750 0.152 0.412
13 0.426 0.494 0.702 0.258 0.B1t ©0.88) 0.001 0.107 0.273
14 0.725 ©.924 0.6349 0.65!6 0.536 0.877 0.2123 0.419 0.582
15 0.728 0.K44 0.678 0.592 0.283 0.:29 0.209% 0.5%29 0.005
16 0.249 0.330 0.151 0.623 0.212 D.534 0.622 0.214 0.474
17 0.266 0.683 0.861 0.942 0.808 0.767 0.884 0.700 0.864H
18 0.140 0.847 0.70) 0.208 0.067 0.419 0.84L 0.30) 0.32139
19 0.737 0.449 0.350 0.618 0.942 0.138 0.7h9 0.045 0.687
20 0.802 0.060 0.760 0.619 0.924 0.362 0.204 0.326 0,646
Wy b= 2, comtinued

’\j 11 12 13 14 156 16 17 18 19 20

1 0.472 0.28% 0.293 0,180 0.018 0.830 0.673 0.106 0.v33 0.119
a 0.266 0.40% 0.87) 0.048 0.205 0.3894 0.560 0.33) 0.8213 0.47%
k] 0.P01 ©.423 0.5066 0.970 0.354 0.432 0.179 0,216 0.337 0.444%
4 0.806 0.162 0,704 0,730 0.843) 0.618 0.¢65 0.478 0.527 0.029
5 0.340 0.402 0.685 0.830 0.832 0.427 0.79! 0.059 0.135 0.5h44
L] 0.809 ©0.748 0.410 0.475 0.344 0.417 0.024 0.626 0.718 0.238
7 0.038 0.588 0.0i6 0.767Y 0.131 0.376 0.2i17 0©0.67Y8 0.206 0O.787
8 0.357 0.418 0.497 0.885 0.563 0.886 ©.953 0.182 0.568 0.03Q
9 0.422 0.980 0.797 0.387 0.182 0.226 0.737 0.534 0.865 0.202
10 ©.327 0.897 ©.134 0,948 ©.429 0.078 ©0.784 0.444 0.421 0.702
11 0.582 0.261 0.414 0.668 ©0.754 O©0.171 0.129 0.169 0.293 0.858
12 0.103 0.761 0.642 0.735 ©.547 0©0.100 0.732 0.529 0.519 0.287
13 ©0.984 O©0.361 0.817 0.855 0,289 0.8999 0.0C3 0.064 0.958 0.682
14 ©0.780 0.200 0©0.90%1 ©0.128 0.829 0.7656 ©.430 0.650 0.012 0.J384
16 0.437 0.951 0.232 ©0.520 0©.617 0.188 0.978 0.603 0.160 0.540
16 ©0.843 0.44%1 0.1{0 ©.020 0.674 0.165 0.7%0 0.710 0.185 0.777
17 0.118 0.690 0.168 0.328 0.45{ 0.412 0.507 0.B46 0.825 0.569
18 0.B37 0.033 0.878 0.181 0.965 0.728 0.445 0.79% ©.495 0.331
¥8 ©0.658 0.010 ©0.867 0.338 0.B45 0.812 0.012 0.852 0.511 0.234
20 0.874 0.948 0.030 0.405 0.767 0.662 0.869 0.764 0.5680 O0.E87
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0.576
0.327
0.411
0.874
0.628
0.260
0.688
0.803
0.004

@ N DO W N

0.573
0.480
0.029
0.148
©.422 616
0.843 758
0.280 0.459
0.332 0.578
0.589 0.697

281
645
818
349

o0 QO0Q

eo000000 0!

0.749
0.124
0.631
©.467
0.711
0.235
0.45¢0
0.665
0.586

419
638
158
349
244
715
870
048
116

o
[\]
0o
o
0
4]
0
(4]
0

.001
.880
L6668
.382
-250
.76
LT
L7065
678

.168
BSLH

173
370
694
706
799
684

oCcC oo CcCocOoC o

637
086
483
.516
666
482
438
0.9189
0.448

coooc®o o

0.965
0.879
0.337
0.927
0.218
0.838
0.432
0.900
0.438

Weyn 1=13, contined

11

-
3
<.

12 13

16

17

18

10

20

0.922
0.386
0.116
0.313
0.1
0.1
0.020
0.160
0.767

VDA DT AW N -

0.098 0,794
0.013 0.774
0.0B1 0,477
0.438 0.224
0.019 0,415

-0.80) 0.865

0.190 ©.5893
0,075 0.533
0.268 0.342

0.328
0.507
0.131
0.433
0.633
0.802
0.131
0.718
0.391

0.843
0.118
0.608
0.718
0.6L4
0.800
0.040
0.908
0.443

0.043
0.079
0.6839
0.663
0.270
0.518
0.523
0.401
0.409

o
o
o
]
0
o
Q

.380
hha
.00
.30
LAl
.201
L300

0.394

(]

L2632

0.167
0.077
0.280
0.p14
0.061
0.B78
0.847
0.742
0.113

0.401
0.711
0.287
0.398
0.200
0.831
0.640
0.870
0,878

0.163
0.156h
0.781
0.603
0.274
0.995
0.350
0.07h
0.820

Tabla Dat: Learning pryametrs for simulation 13 (after training)

R . . -

i\l 1 2

1 0.333 0.11%
2 0.843 -.134
3 0.121 0.268
4 -.037 0.634
13 0.110 -.180
8 0.485 0.590
T 0.281 0.4239
8 0.037 0.215
4] 0.871 -.27%
10 -.363 0.800

_
°©
3

. &

'
3
S

13 0.011 0.060
14 0.03% -.190
16 0.82% 0.437
16 0.420 0.809
17 0.262 0.349
18 0.909 0.170
10 0.247 -.328
20 0.199 0,240

1 0.431 0.861 0.107
2 0.386 0.973 1.828
k) 0.202 0.515 o0.912 0.577 ©0.272 0.924

0.458 ©0.618 0.722 0.662 0.035 0.340

1 ¢.803 0.892 0.827

2

3

4
0.908 0.760 2.803 5 ©.618 0.147 0,364

6

7

8

8

0.740 0.6%0 0.686

0.299 0,407 0,339 0.077 0.742 0.252

0.762 0.585 1.0565
] €.323 1.726
i0  0.863 0,283
11 0.413 4.384
12 0.341 ©O.686
13 0.5659
14 0.873
16 0.347 0.425
16 0.666 0.211
17 0.483 0.871
18 0.889 0.100
19 0.269 1.070
20 0.064 0.025

4
13
8 0.497 0.397 1.783 0.645 0.023 0.813
T
8

0.902 ©.377 0,308

-
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0.624 0.038
0.319 0.95¢
0.101 0.245
0.066 0.680
0.630 0.035
0.635 0.884
0.701 0.788
0.702 0.445
0.616 0.272
0.458 0.563
1,011 ©0.133

0.7292
0.971
~.318
0.375

0.6873
0.428
0.456
0.718

0.197 0.248
0.260 0.25%
0.683 0.137
0.357 0.779
0,670 0.802

0.366
0.786
0.927
0.064
0.614
0.384
0.768
0.288
0.582
0.094
0.699
0.858
0.494
1.160
0.537
0.330
0,666
0.842
0.508
9,060

0.530
0.849
0.986
0.559
0.412
0.417
0.127
0.863
0.311
0.278
0.8B67
6.823
0.710
0.490
0.681
0.153
0.973
0.703
0.403
0.760

0.285
0.840
0.332
0.320
0.806
0.8568
0.371
0.455
0.2968
0.017
0.283
0.049
0.262
0.738
0.580
0.6823
0.950
0.208
0.664
0,610

0.533
0.324
0.811
0.2585
0.370
0.267
0.815
0.828
0.007
0.56566
0.893
0.112
0.809
1.783
0,252
o.211
0.784
0.067
1.011
0.924

0.614
0.276
0.242
0.5L08
0.313
0.112
0.769
0.441
0.3289
0.888
0.998
0.43)
0.888
0.629
0.111
0.844
0.813
0.441
0.182
0.382

0.836
0.350
0.368
0.078
0.846
0.589
0.206
0.347
1.168
©0.073
0.176
0.737
0.015
-.708
0.3089
0.624
1.017
0.849
0.836
0.203

0.451%
0.372
0.710
0.958
0.687
0.782
0.862
0.828
1.008
0.056
1.103
0.110
0.111
-.407
0.509
0.212
0.7114
0.206
0.104
0.3245

-.050
0.809
0.580
0.739
0.314
0.088
0.4386
0.318
0.179
0.238
3.3
0.631
0.286
4.218
0.864
0.481
0.622
0.323
©.048
0.667

W, 1 =2, rontinned

1\

11 12

13

14

16

17

20

R N Y R

0.467 0.212
0.2P8 0.440
0.693 0.415
o.7868 0.177
0.352 0.390
0.798 0.764
0.024 0.605
0.344 0.444
0.428 1.460
©.300 0.899
0.901 0.738
0.112 0.743
©0.882 0.354

1.208
0.414
0.842
0.106
0.631
0.702
0.874

-1.23
0.962
0.444
0.740
0.037
0.165
0.948

0.306
0.976
0.509
0.718
1.000
0.405
0.009
0.523
1.243
0.129
1.404

.654
0.837
0.336
0.220
0.121
0.163
0.875
1.178
0.030

0.174
0.148
t.000
0.728
0.666
0.455
0.752
0.897
0.351
0.941
1.437
0.791
0.857
1.381
0.4989
0.822
0,305
0.174
0.43%
0.406

0.010
0.339
0.368
0.843
0.840
0.339
0.127
0.567
0.2564
0.426
1.136
0.662
0.294
1.179
0.606
0,876
0.4561
0.961
0.614
0.767

0.824
0.441
0.411
0.6809
0.434
0.407
0.352
0.674
0.430
0.069
0.752
0.093
1.004
0.737
0.169
0.164
0.399
0.7189
0.728
0.662

0.5680
0.641
0.184
0.971
0.6808
0.025
o.218
0.992
1.084
0.781
0.860
0.742
0.027
-.003
a.973
0.783
0.629
0.444
0.184
0.868

0.006
0.28%
0.161
0.45%
0.019
0.512
0.5635
0.131
0.686
0.431
Q.279
0.485
0.051
0.429
0.463
0.703
0.814
0.786
0.858
0.794

0.733
0.868
0.339
0.5633
0.14)
0.716
0.200
0.672
0.7768
0.418
a.72
0.5625
0.869
-.201
0. 157
0.184
©0.836
0.491
0.578
©.589

0.123
0.474
0.461
0.031
0.539
0.237
0.786
0.030
0.262
0.702
0.891
0.282
0.684
0.208
0.540
0.777
0.573
0.331
0.2343
0.587

-
~t

1 0.582 ©.575 0.301 O.776 0.405 0.817 @ o.

2 0.340 0.524 0.724 0.245 0.639 C.769 1 0.

3  0.406 -.035 0.823 0.660 0.103 0.622 0 0.

4  0.958 -.392 0.106 0.202 0.144 0.818 © . 0.

5 0.726 1.011 0.748 0.841 0.779 0.927 O 0. 0.

6 0.097 ~-.020 0.453 -.049 0.284 0.423 0 Q. . 0.

7 0.924 ~-.138 0.214 0.208 0.621 0.438 0 0.: 0. 0.

8 0.816 0.545 0.469 0.506 0.452 0.617 0 0. 1. 0.

® 0.036 0.952 1.098 0.634 1.096 0.141 0.699 0.814 0.453 0.438

b

Wy =0, continned

i\j n 12 13 14 15 16 17 18 19 20

1 0.057 0.095 0.802 0.053 O. 0. 9

2 -.099 0.048 0.784 0.10B 0.704 0.091 0.717 0.166

3  -.040 0.032 0.42 0.G87 0.007 0.272 0.156 0.78})

4 1.083 0.133 0.134 0.638 0.446 0.882 -.063 0.502

6 0.976 0.634 0.609 0.303 0.879 0.210 0.97h 0.277

6  -2.12 0.240 O.LLY 0.445 -.228 0.788 -.228 0.902

T =373 =252 0.413 0.538 -.192 0.732 .0.088 0.348
- B 0.133 0,472 0.674 0.4%0 0.470 0.835 1.063 0.077

B 9 0.422 0.824 0.037 0.447 0.603 0.313 1.460

0.823
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" Fable 145

Learning |

wclers far simulation C (after Leaining)

20 0.608 0.028

i\1 1 2

1 1.059 1.005
2 0.291 0.820
3 0.612 0.268
4 0.747 0.443
6 0.240 0.453
6  0.631 0.336
7  0.518 0.447
8  0.770 0.648
®  0.852 2.037
10 0.968 0.004
11 0.525 0.703
12 1.0Y9 0.848
13 0.741 0.7134
14 0.364 3.434
16 0.397 0.597
16 0.788 0.079
17 0.513 1.094
18 0.304 0.860
1P 0.6L6 0.629

i\l 1 2 3

1 0.680 1.118 0.585 1 0.893 0.673
2 0.3u6 0.295 3,409 2 0.740 0.640
3 ©.199 0,310 0.1L98 3 0.57T 0.270
4 0.481 0.333 0.69) 4 0.682 0.035
[ 0.907 0.6B1 3.126 3 0.618 0.142
6  ©0.538 0.305 1.853 [ 0.645 0.014
7 0.382 0.352 1.236 7 0.077 0.737
8  0.972 0.330 1.0M 8 0.902  0.360
9 0.348 4.554 0.384 ] 0.211 0.634
16 0.782 0.004 ----- 10 0.229 0.220
11 0,398 0,648 13 0.137 0.20%1
12 0.430 0.538 12 0.324 0.862
13 . {13 0.680 0.807
14 0.88R 3.156 14 0.660 0.065
1h 0.313 0.428 16 0.254 ©.609
16 0.736 0.078 18 0.832 0.344
17 0.390 0.833 17 0.109 0.B27
18 0.8BR7T 0.778 18 0.868 0.338
18 0.280 O.57C 19 0.345 0.883
20 0.153 0.008 20 0.122 0.980

0.783

0.928
0.344
0.363
0.811
0.24¢
0.271
0.216
0.867
a.5625
0.203
0.811
0.879
0.836
0.681
D.ang
o0.082
Q.93
0.042

i\j 1 2 3 4 5 6 T ] -9 10

1 0.890 0.0m0 0.416 0.617 0.379 0.607 0.683 1.078 0.481 0.282
2 0.206 0.934 0.742 0.808 0.818 0.236 0.258 0.311 0.364 0.643
3 0.072 0.260 0.915 0.977 0.339 ©0.BE9 0.237 0.369 0.726 0.464
4 0.031 0.668 0.062 0.546 0.312 0.25] 0.503 0.0L6 0.933 0.767
6 0.684 0.038 0.690 0.426 0.9:3 0.321 0.288 0.887 0.6%9 0.039
6 0.922 0.8B72 0.380 0.414 0.85 0.272 0.110 0.577 0.751 0.182
7 0.680 0.764 0.762 0.121 0.359 0.910 0.763 0.295 0.P49 0.478
8 0.744 0.436 0.286 0.B42 0.444 0.811 0.439 0.326 0.912 0.350
® 1.0B2 0.381 0.757 0.336 0.3543 0.299 0.729 1.533 1.263 2.102
10 0.461 0,558 0.087 0.272 0.014 O0.F44 0.B87 0.064 0.046 0.271
11 0.171 0.112 0.263 0.648 0.132 0.3)0 0.833 =~.006 0.804 0.457
12 0,306 0.GR3 0.858 0.811 0.048 0.066 0.458 0.748 0.136 0.622
13 0.887 0.426 0.508 0.716 0.265 0.810 0.524 0.038 0.085 0.401
14 1,34 0.607 0.879 -.828 0.135 0.305 1.294 -3.27 0.886 A4.831
16 0,361 0.702 0.558 0.65%4 0.577 0.2L0 0.138 0.25% 0.475 1.127
16 0,180 ©0.245 0,330 O.1L0 0.622 0.207 _0.944 ©.621 0.206 0,484
17 0.206 0.247 0.G87 0.871 0.851 0.803 0.B45 1.037 0.G78 0.888
18 0.831 O0.177 0.801 0.767 0.252 0.105 0.530 1.038 0.341 0.684
18 0.267 0.761 0.47Y2 0.370 0.633 0.855 0.189 0.824 0.808
20 0.G70 0.802 0.060 0.760 0.618 0.924 0.362 0.2031 0.5656
ﬂ,) 1o 0= 2, vontinned

i\j 11 12 13 14 HA 16 17 18 19 20

1 0.481 0.4L,27 0.500 0.207 0.071 0.983 0.724 0.106 0.828 0.176
2 0.203 0.41b 0.804 0.053 0.3068 0.354 0.590 0.266 0,829 0.480
3 0.887 0.411 0.449 0.867 0.348 0.40G 0.165 0.184 0.327 0.443
4 0,792 0.150 0.60F 0.729 0.840 0.685 0.954 0.434 0.£23 0.02R
6 0.313 0.382 0.956 0,820 0.812 0.430 0.739 0.040 0.110 0.5AR
6 0.796 0,763 0.408 0,477 0.343 0.392 0.025 0.485 0.716 0,237
7 ©0.020 0.603 0.016 0.760 0.128 ©0.345 0.220 0.526 0.168 0,788
8 0.342 0.431 0.5614 0,802 0.565 0.845 0.894 0.313 O0.LGH 0.032
® 0.683 2.302 1.886 0.787 0.56B 0.905 1.831 0. 1.542 0.509
10 0.300 0.684 0.129 0.946 0.4?8 0.081 0.784 O. 0.421 0.702
11 0.G676 ©0.268 0.399 0.691 0.758 0.132 ©.136 0. 0.305 0.863
12 0.106 0.830 0©.690 0.762 0.576 0.077 0.P09 O. 0.6Y0 ©0.308
13 0.560 0.438 0.869 0.876 0.305 1.003 0.055 0.025 0.992 0.699
14 1.752 -.020 1.501 0.052 1.793 -.BH1 2.434 -,222 0.258 0.278
16 0.426 0.A92 0.261 0.635 0.636 0©.117 1.044 0.399 0.206 0.4LGT
16 ©0.B39 0.441 0.118 0.920 0.674 0.167 0.7B! 0.G6R8 0.186 0.777
17 0.114 0.790 0.217 0.363 0.478 0.407 ©0.EBB 0.7V 0.881 0.589
18 0.656 0.274 1.006 0,272 1.030 0.844 0.620 0,776 0.611 0.301
18 0.6Y0 0.132 1.076 0.3683 0.%84 0.643 0.118 0.827 0,674 0.2060
20 0.874 0.94B 0.030 0.40h 0.767 0.662 0.868 0.794 0.569 0.58T

il
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.385

cococoo

1.122
~.380

0.557
0.495
0.033
0.068
0.601
0.744
0.231
0.750
0.198

. 209

0.832
0.103
0.764
0.744
0.422
0.309
0.838

0.407
a.646
0.169
0.320
0.306
0.548
1.017
0.467
0,510

0.807
0.772
0.619
0.678
0.980
0.603
0.611
0.340
~.088

022
068
573
100
494
0.735
0.731
0.465
0.287

00 0CO

0.173
0.961
0.8202
-.116
0.645
0.816
0.646
0.718
0.266

-.040
-.048
~.028
1.830
0.614
0.5638
-.013
©.184
-.267

869
895

823
263
843
410
753
ass

OO0 0000000

Wi,

g0 D= A0 vontined

-
s
<

11

12

13

15

16

18

20

LI N A

0.92%
0.444
0.127
0. 118
0.b17
0.066
-.106
0.600
0.360

0.035
0.005
0.064
0.339
0.162
0.481
0.223
0.823
-.2h0

0.747
0.749
0.465
0.238
0.420
0.650
0.608
1.016
0,044

- 114
- 117
~-.084
-, 004
1.742
2.222
-.L04
o117
-1.37

0,783
0.114
Q.652
0,510
0,731
0,687
-,064
1.054
0,043

0.048
0.096
0.603
0.431
0.323
a.621
0.570
0.342
0.350

0.311
0.604
-.012
0,260
0.774
-.300
0.36h
0.824
-.644

0.0%9
0.o0m
0.241
0.488
0.009
0.200
1.098
1,233
-.362

0.357
0.764
0.272
0,368
0.1p8
0.369
0.611
1.3
0.741

0.163
0.16b
0.781
0.5603
0.274
0.9956
0.34L0
0.075
0.620

R1




Appendix C
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This cra.c program need input data such as
- version number

1

3
+
number of patterns used for training +
= number of nodes in sach layer +
laarning rate kappa and momentum term eta ¢
criteria of stable condition for learning ¢
+
+
.
.
.

paramaters  test
The output is xnd numbors for learning parameters
and input and desired output patterns
LAST UPDATE FERRUARY 27 1850
R R R R R R R I I L )

e e 0 e e 0 s n s =
'

tdafina P} 3.1A15926518
#incindas <stdio.h>
fincluda <math.h>

wain()

{

int np, vercion;

int n);

int nl4];

int j,lnywr,node, pattern, doda;
donhla arand4B();

doubla drand4s8();

doubla con();

float thetna, stta, kappa, taret;
nl = 3

scanf(“%d”, kvarsion);

seant ("Id", knp);

ceanf ("% %4 4 ", anlo], 01], An(2) , aa(31);
reant (41", ketta);

scanf ("41", kxappa);

scanf("%1", ktest);

printe("%d\n", verrion);

Frintd(“%d\n", np);

prant1(*%d % ¥d Zd\n*, n(0],n01),n(2],nl3h):
printf ("% %\n", stta, kappa); -
printt ("%{\n", test);

/% printout th,up, and al ¢/

i1 (version == 1 }| varsion == 2){

for (loysr =1; laymr<=nl; ¢*layer) {

printf("\n");

for {poda = 1; node<rnllayer]; +4node) {

printf ("%t 42 X\n" , drand48(), drand48() drand43());

¥
)
}

/

felsn if (version,== 3})( y

for (layer =1; layercnldt; 44tayer) {
for {node = 1; node<nllayerd+1; #incde) {
printe("/{" , drandas());

printf(*\n");

/¢ printont th only ¢/

}
}
)

alsa { R
printf(“error in versiom number...™);
goto and;

} -y

/% printout vaights & s/
printf("\n"};
far (layer =1; layer<ni4d; ¢4dayer) (
for (noda = 1; nodac-n(layor]; ttnode) {
for (§ = 1; j<nllayer-13; jeo) {
printf ("%t ", drandan());

it (5% == 0 ){

printf(“\n*);

)
}
printf("\n“);
}
printt("\n");
} _

printf("\n");

/¢ craato pattarns-mimpla patterne ¢/

thata = 0.0;

for (pattern = 1 ; partern <= np joipattarn)

printe ("4t Ut %f\n", (1.0/3.0) * cos(thata),(2.0/3.0) ¢ car(thota)
vcon(theta));

printt("4t\n" 1.0 ¢ cos(thnta));

theta + = (P1/2.0)/(np);

)

end
printf{“\n");
}

LX)
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J 4 e e 7
/¢ TRAKSFDREING 2-D I¥AGES INTO 3-D +/

A R R A RV

2deafine PJ 3.1415026536
#include <stdio.h>
gincludo <math.h>

main(} )
{ /estart of main{)+/

doubla sqrt(},cor{),sin();
doublia vere(); /% return abrolnt valua of 1-cos{q) ¢/

double x2d(5](50], y2d(5)(40); /+ orig. 2-d vactors ¢/
double x3d[63(50], y3d(6) (60}, z3d[n)[60]; /¢ vactare in 3-d ¢/
/e b

| #-==> # of patterns

$omemmom > % ot joints ¢/

. int np,nryn,nj, joint,pattarn;
doubls ri,r2,rd,rx,ry,rx,vrot,phi,x,y,7;
doubls nll, 212, atl,
a1, 822, a23, /¢ transformation matrix ¢/
al1, a32, a3l;

/¢ input original 2-d vactorn +/

scant ("%d", knp); /¢ numbar of vactors or pattarng ¢/
ecanf("%d4", &nryn); /¢ number of nynthesic pattanne x,y ¢/
reant ("4, &nj); /4 number of jointe in ons arm ¢/
geanf ("1 %t L1, kri, &r2, &rd); /¢read orisntntijon vector r ¢/
sconf("%{", &rot); /* rotation angle in degres ¢/
phi = rot ¢ (P1/180.0); /t convert into radian ¢/

/¢ read inpnt vectors ¢/
for (pattsrm =i; pattern <= np; patterndd){
for (joint = 1 ; jeint <= nj; joint 44){
ecant (741", ky2d[joint] [pattarnl);
}
}

/4 rend synthesis input vectore of
tfor (pattern “nptl; pattarn <= npinsyn; pnttnrnb&){
joint = 3; /v end-effactor */
scanf ("4f", kx2d[joint] [pattarn});
scand (41", &y2d{joint] [pattarn]);
}
/+ calcnlats the othars ordinatas {x) ¢/
for (pattern =1; pattern <= np; patternt+){
x= 0.0;

Lt

y?d[6][0]~0.0; ) ) '
for (joint = 1 ; jeoint <= nj; jeint +4){
T x 4= sqrt{ (1/3.0)+(1/3.0) o
—{y2d{joint][pattern)-y2d{joint-1J[pattern])s
(y2d[joint][pattern)-y2d[joint-11[patternl) );
x2d[joint]) [pattern] = x;

/+ ealculate coordinate of unit vector r , (rx,ry,rz) ¢/
rx = ri/sqre(rier] + r2¢r2 + r3+r3);
Ty = r2/sqrt(risri ¢ r2er2 + rjerd);

LTz = r3/sqre(riert & rrd + r3erd);

/¢ calculate transformation matrix +/
all = rxdrxtvers(phi) + con(phi);

a12 = rxtryevers(phi) -~ rzé¢sin(phi);
A13 = rx¢rzevars(phi} 4 ry¢sin(phi);

321 = rxérytvace(phi) + rzdein(phi);
a2 = rytrytvers(phi) + cos(phi);
add = rytrzévara(phi) - rx¢gin(phi)

a3t = rxérzsvare(phi) - ryerin(phi);
832 = rytrztvara(phi) + rxtain(phr);
ndd = rrérzevarc(phi) ¢ cor(phi);

/+ caleudata trancformed input vectore in 3d A
far (pattern =1; pattarn €= np; pattarnte){
tor (joint = 1'; jJoint ¢ nj; jount #4)(
x3d{joint) [pateern) = a11e x2d(joint) [patternd

at2s yad{josnt] [pattern);
yid{joint){pattorn] = a21¢ x2d{jointI{pattern]
a22¢ yad[joint) [pattern);
23d[joint] [pattern) = adte x2d{joint] [pattarn)
232¢ yM{joint) [patternl;

-

-

+

}
}
/% calenlate transformed rynthesis input wvectors in 3d +/
for (pattarn =npij; pattern <= npineyn; patternid){
joint = 3; /* end-sffactor ¢/
x3d[joint] (pattarn] = a11e x2d[joint] {pattern)
+ 2124 yd{joint) [pattarnl;
y3d{joint}(pattern] = a2t x2d[joint) [pattarnl
+ 222¢ yad(joint) [pattaern];
z3dljoint] [pattern} = a31+¢ x2d{joint) [pattern)
+ 232¢ yad[joint)[pattern];

3
fifdeT DEBUG
/+ print out Tesult for basic-graphic program only¢/
for (pattarn =1j pattern <= np; patternt+){
for (joint = 1 ; joint <= nj; joint 44){
printf ("DATA %L %1 41\n",
x2d{jeint] (pattern],y2d{joint] [pattern),0.0);

}
}

for {pattern =1; pattern <= np; patternt+){
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for (joint = 1 ; joint <= nj; joint +4){
printI("DATA® %t Yt Lf\n",
13d[jeint} {pattern]l, y3d[joint]{patternl,
z3d[joint)[patternl);
}
}
fondif

for (pattern =i; pattern <= np; pattern+i){
printf{"\n");
for (joint = 1 ; joint <= nj; joint ++){
print? ("% %t %f\n",
x3d{joint] [pattern),yddljoint] [pattern]
,73d[joint]) [patterml);

3
prainef{"%4t %t %t\n",
x3d{joint~1] [pattern],ydd(joint-1][pattarn],
z3d(joint-13 [pattern]);
}

for {pattern -npti; pattern <= nptnsyn; patternt+){
printt(“\n"
for (joint = 1 ; joint < nj; Jeint +4){
it (joimt == 3){
printf(7%Le 4t Y1\n",
de[jointJ(pnttnrn],yﬂd[jaint][pnttarn]
,23d[joint) [pattarm]);

alea { .
princt("if %t U\n", 9.0,0.0,0.0); /4 1ake data ¢/
}
print? ("4t At Uf\n",
x3d(joint-1) (pattern] ,yda(joint-1] [pattern],
z3d[joint-1] [pattornl);
}

3} /¢ ond of main() ¢/

double vere(e)
doubls B}

{

raturn{t- cos{s});

3}
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/4 HINAMA (ITAMA .. . v/ S -
/4 : Drept. of Electrical and Computer Eng. +/
/* RJIT Nesark, New Jersey 07102 t/
[ e +/
/* Lagt update Karch 12, 1890 4/
]é e e VA
/¢ RBPRY. C ./
/e TURFE LAYFR PERCEPTRON VITH s/
/4 BACK PROPAGATIOR ALGORITAM ./

R R R R R R S PSR YN YS

#defins DENUG

#include <stdio.h>
#includa <math.h>
main()
/estart of main()¢/
double axp(); R
doubla fabs(); /% rerurn absolut value of a-bh 4/
double quad(); /4 raturn xex o/
/1 +- -> max & of nodes in output/input (xd/xi) layar
] +-=> max # of patterns
[ ¢/
double xd{501[100], /+ desired output patterns/eupsrvined vactors ¢/
xi(60)(100], /% input  patterns ar command input vectors = ¢/
xt (b0l (100]; /¢ record for checking ¥hen to ttop ¢/
/¢ . == > max £ of nodas in nach lnynr'
| 4=-=> % of layerr - thran lnyar parceptron,
t input layer is not couwnted as laynr,
[ +/
doubia  x[K0][3], /% ontput nodar in hidden layers ¢/
nat[60] 03], /¢ (sum of HWiX)4 th for each node ¢/
thoenat {501 [3); /¢ derivativac of arror E with rarprct to not ¢/
/¢ dmmme e > max § of nodec in 1 th layer-pubscript i
| 4-===-—-=> max £ of nodec in (J~1}th layar-subreript j

=> # of layers-gubscript 1 . .
[ ’ */
doubln  w[r0)(H0]L3], /¢ woiptht to be trained ¢/
1tw(r0) (50127, /¢ father of u ¢/
grlr03 (501 (0], /¢ grand fathar ot = ¢/
dw (5010501 (3); /4 dalta or gradient = 8/

I - ~-> max ¥ ot nodes in each layer
| ~=> max & of layers
[ \74
doubla ¢th{501[3], /¢ threaghold theta to be trainsd ¢/
1en(60] 03], /+ father of th ¢/
gth(s0) 03], /+ prand father of th ¢/
deh[60)[3]; /+ delta or gradient th ¢/
double wpl(50303], /+ upsilon to be trained ¢/
fupl50103d, /+ father of up 4/
guplnol[ad, /+ grand father of up ¢/
dup[50113; /+ delta or gradient of alpha +/
A7




double .'{it-‘»ﬁ] (33, /+ nlp?ﬁ to be trained ¢/

1a10803(33, /% father of al ¢/~

ga1[50113], /+ grand father of al ¢/

da1[50303]; /* delta or gradient of alpha ¢/
doubla stta, kappa; /+ laarning rate & momentum term ¢/
doubla test; /+ stoping criteria for this program ¢/
double eigma, sum; /4 least squars arror +/

doubla a, b, ¢, z, 5, 1;

int versicn; /4 wersion 1. alpha and upsilon, togethar with
® and th, are included as learning parameters
outpot nodes aluays positive values
varsion 2. idem varrion 1 except nodes output
can bs negative valuas
version 3. alpha and upeilon are not included

. output nodes aluays positive as version 1. v/
int np, nop; /¢ number of pattern ¢/
int ni-3; /¢ thras layar percaptron (fesd-forward nn) ¢/
int pattern, layer, node, j. i; /+ Yooping counters 4/
long int itcount; /¢ iteration countar ¢/
Yong int nc=32768; /¢ iteration limit ¢/
int nla); /¢ rtore 8 of nodas in aach laynr ¢/

/4444 raad data from backprop.dat and jnitialize paramaters $44¢/
scant("1d4" ,dvarcion);
scant ("L4” &np) ; . -
scant{"4d %d %d 14", xn[0],2n(1),knE2],&n(3]);
ecant ("Lt A1", katta, kkappa);
scanf ("L4", Rtant)y
i1 ( (vereion =2 1) |} (verrion == 2) }{
for (layer = 1 ; layar <= nl ; ++)ayar){
tor (node = 1 ; noda <= nliayar] ; +tnoda){
rcant(~2¢ %t 41", xehlnods) [1ayerd,
xuplnoda] [1nyerd,kal1nadel [1ayar));
nat[noda] {1ayer] = 0;
thonnet [node] (1ayer] = 0;
gthlnodal Daysr) = fthinodel[D1ayar] = thinode] [1ayer);
goplnoda) [1ayerd = tuplnoda) [1oyer} = uplnode] [aynar);
gl {node) [1ayar] = fallnedn] {taynr] = al{nods} [Iayer];
dthlnode] [iayer] = 0;
duplnoda] [1ayer] = 0;
da) [nodel[1ayer] = 0;
)

} /% end of if varsion 1 or version 2 ¢/

eles i1 (version == 3){
for (layer = 1 ; laysr <= nl ; #+layar){
for (node = 1 ; node <= nllayer} ; +inode){
gcani("11", kthlnodel[layer]);
x[neds] {1ayer] = 0;
nat{node](1ayar] = 0;
thoenat(nodel [Jayerl = 0;
gthinodel [layer] = 1thlnode] [layer] = thinode][1ayerd;
dthlnode] {1ayer] = 0;

8%

i g

/4 end of if version 3 ¢/ °

atsa {
printf("errer in varsion number, pleass check it. bye..\n");
goto and;

for {layer = 1 ; layer <= nl ; #+layer){
for (node = 1 ; node <= nllayer] ; +tnode){
for (j = 1; j <= nllayer-1] § ¢+3)(
scant ("4 *, *elnodal [j1L1ayer]);
gelnodel(jI[1ayer)=1alnodal [jIT1nyerd= slnodeal {j1 (1ayer);
dulnode] [j1[1ayer] = 0; -
}
}
3

/¢ input pair of pattarn ¢/
for (pattern -1; pattern <-_np; patternit){

for (nods = 1 ; nodn <= nlnl); nodets){
rcant ("4, kxd[noda){pattern));

)
for (noda =1 ; noda <= nf0}; nodatt){
seanf (41, kxifnode) [pattarn));
}
)]

Jeses0ee4s and of raad data and wtialized parameters theseerine/
A1 (varaion == 1)(
dof
itcount 4= | -
it (itcount -+ nc) goto rtp;
/¢ baginning ot forsard pass ¢/
tfar (pattern = 1 ; pattern <= np; 4épattern){
for (layer = 1 ; layar <= nl ; +4 Jayerd(
i1 (layer== 3){ /¢ input layer ¢/
for (nodn = 1 ; nods <= nllaynr); s+node){
7z = 0.0; N
for (j = 1 ; j <= nUayar-11; 04500
z+=slnodn) [j1[1ayer] + xilj)}[patternl;

nat{nodnl Dlayerd = z 4 thinodel {layerl;
1-erp(-al[noda) [1ayer] tnet [noded [1ayerl);
x[node) [tayer]-uplnodel {1nyar] /(141);

} /¢ end of input layer ¢/

alrne { /¢ hidden layer to output layar +/
for (node = 1 ; node <= nllayer] ; ++node}{
z = 0.0;
for (j = 1 ; j <= nllayer-1) ; ++3){
z+~minedal (3] Dlayer] ¢ x{3illayer-1);

not{node}{layer] = z + thinode] [iayerd;

{-axp{-allnode] [1ayerIsnet [noda){1ayer));
x{nodal [1ayerJ~uplnode] (layor/(1+1);
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)

} : v ‘ /¢ end of elxé o/
} - /+ end of layer ¢/

/+ end of forward pass ¢/

/+ beginning of backzard paes ¥/
for (layer= nl; layer >0; --layer){
if (layer=-n1){ /¢ ountput layar ¢/
1or (node=1; node <= nlnl]l ; +4noda){
/"00‘00'0‘00"""'00‘009"0'0‘05"0‘bh‘b“"‘b.'.‘l5".‘0'0"0‘."‘00/
xt[node) [pattern] = x[nodel{n1];
,Q00.Q‘lOl'lQ..50"0‘0"00‘.".0‘0‘00‘.'Q‘Q‘ﬁ"‘.b'.l".."ll't‘b"‘bil/
a = - (zdInode) {pattern] - x(noda)(nil);
.b = xlnodel [n1}/uplnodel n1);
c = x{nodel{nl] ¢ (1.0 ~ b);
thoanet[noda}fnl) = a ¢ ¢ ¢ allnadel(nl];
for (j =1 ; j <= nln1=1] ; 4+3)(
dulnodal(31[n1] = - etta ¢ thoenetinodellnl] ¢ x[jIn1-11;
w(nodel [j1n1] = fulnodel[jI0nt] + dulnoda) (j1Tn1d +
kappa ¢ (twfnodal{jl[n1]) - gulnodel{jlIn11);
grlnodel (31 n1) = tulnodal (31{n1];
fwlnoda] [jI[n1] = wlnodn] [31In1];
} /¢ next § ¢/
dthinodel(nt) = - atta ¢ a ¢ ¢ ¢ atlnodn){ni]:
duplnode) [n1} = - atta ¢ a ¢ b;
datlnoda)[n)] = =~ atta ¢ a ¢ ¢ ¢ nat{noda) [n1);
thinodn)[n1] = fthinodel [n1] ¢ dthlnode)[nt] ¢
kappa ¢ (fthlnode][n1] - gthlpednl(n1l);
wplnoda}n1} = tuplnede][n1] 4 duplnoda](n1) ¢
kappa ¢ (fuplnodellni] - guplnodel(nil);
allnodal [nl] = failnodalini] ¢ dallvodalni) ¢
kappa ¢ (fa3{node](nt] ~ gallnodal(s1]);
gthlnodal[nt) = fthinodel[n1];
fthlnodel(nl) = thineda)[nl);
guplnoda] [n1] = fuplnodallnil;
fup[nods] [n1] = wplnode) (ni];
gallnodnl{nl] = fallaededinl);
fal(nodellnl] = ailnodal(ni1];

} /¢ next noda ¢/
} /¢ end of output laysr ¢/
wire { /Ahidden layer to lowsr/input layar ¢/
for (nods=1; node <= nllayer] ; +tnode){
a = 0.0

for (i =1 ; i <= nflaynr-1] ; ++i){
a += thoenet{i]{laysrt1] ¢ uliJ[nodel[layerti];

b = x[nodel{layer)/uplnodal [1aysr];
c = x[node][layer] ¢ (1.0 - b);
thosnetinodal (layer] = a ¢ ¢ ¢ al(nodel (1ayer];
for (j=1; j <= n[layer-1]; ++j){
dolnode] [j1(1ayer] =
~ etta ¢ thosnat[nodel{layer] ¢ x[j1(1ayer-13;
wlnode]} (j] [1ayer] =
1=[node) [§1[1ayar] + dwinodel[j){1ayer] +
xappa ¢ (folnodel [jIT1ayer] - gelnodel £j] [1aysrd);
gelnode] [33{1ayer] = fulnodel [j30tayerds
twlnods] (j3[1aysr] = wlnedel (31 1ayerl;

00

! \ S - S /¢ mext § s/
dthlnodel[layer] = - etta ¢ a % ¢ ¢ allnodel[layer);
duplnode) [Tayer) = ~ etta s a & by 4
dal(node][1ayer] = - stta ¢ o ¢ c ¢ netlnode) [tayer);
thlnoda) [layer] =

fthlnedediayerd + dthlnodel [Inyerd +
kappa ¢ (fthlnode}{1ayer] - gthlnods) (fayerl);
wplnode) [Tayer] =
{up(node] [1ayer) + duplnodal [1ayer] +
Xappa ¢ (fuplnodel(layer] - guplnode)flayerl);
allnode) [1ayerd =
1alfnedel{1ayar] + dallnodel [1ayar] +
kappa ¢ (fatnoda) [¥ayer] ~ gallnodel (layarl);
gthlnode) D1ayer] = fthlnodel [layerl;
fthlnoda}[iayer] = thinode) {1ayer);
guplnodel [layer]l = fup(nodelllayer];
tuplnode) (1ayar) = uplnodal [Yoyer];
gallnodel{iayar] = fatlnedel{layer];
1allnode}{layer] = allnadel(1ayer];
} /% next node ¢/
} . /4and of slnne/
} /¢ next layer ¢/
/+ end of backmard paes ¢/
} /¢ next pattern ¢/

/+ chack whan ta atap ¢/
$t(tant ==1){ .
roto skiply  /a¢sess pkip thir part of program, rave tima.,, #eses/

) . LT . L
alan{ . B - -
aigma v 0.0; h )
rum - 0.0;
tor (pattern = 1 ; paktern <= np ; 44pattern) {

for (noda= 1 ; node <= n{n1l; ¢inods) {
a = quad(xd{node) [pattern)- xtlnoda){pattern});

Fum = rum oo

}
}
cigma = 0.5 ¢ gum;
)
skipl:

nop = 1; /¢t nop = no operation *+/

} /¢ ond of do &/
whila{(rigma > tast) || (tect == 1)}; /+ end of do while ¢/
} /¢ end ot vorsion 1 ¢/

/+ begining of version 2 ¢/

if {varrion == 2){
do{

itcount 4= 1;

if (itcount == nc) goto stp;

/+ beginning of farward paes ¢/

for (pattern = i ; pattarn <= np; Hipattern){

for (laysr = § ; layer <= nl ; ++ layer)}{
if (iayer== 1){ /+ input layer ¢/
for (node = 1 ; noda <= nllayer]; #incda){

]




\z"= 0.0; o . ‘
for (j = 1 ; j <= n[layer-11; 4430 (
zt=wlnode} il (1ayar] ¢ xi{jllpattern];

}
not[nodel[layerd = z + thlnodel(layerd;
f=axp(-allnode] [1nyerlenet[nadal (1ayarl);
x[node) [1ayarl=uplnode] [1ayerl+
( 1/(141) - 0.5 )
}
M) /+ end of input layer ¥/
elres { /+ hidden layer to output layar ¢/
for (noda = 1 ; node <= n{layar]) ; ttnode){
2 = 0.0;
far (j = 1 ; j <= nllayer-1] ; ++3){
zt-w[nodea) (31 (1ayar) ¢ x[j]Uiayar-1);
y .
natfnode) [Iayar] = z + thinode] [layer];
t-ezxp(-al{nodal[tayer] ¢nat[noda}[2aynrd);
x{node]l [Yayear]=uplnodel [1ayar}e
C1/(141) - 0.5 )5
}
} /% and of nlsm ¢/
} /¢ and of layer ¢/

/¢ end of forward pans ¢/

/¢ baginming of backuard paen ¢/
for {laysr= n1; layer >0; --layer){
i1 (layer-=n1){ /¢ output layer ¢/
tor {noda=1; hada <= nlnl] ; ¢inoda){
/nnnunnnucauuunuounon.uuuuuouuu-uuuuunun/
xt[noda) [pattarn) = x(nodal(n1d;
/‘".""6}'0“"0‘.’....b'.‘.'."""0..."0'.‘""0"’.".."'00."”/
a = = (xd{nodal(pattarn] - xinodel(nll);
b = xI[nede) [n1]/uplnodal Inld;
c = (x[noda) [n1]+ 0.Geuplnodn]Inll) ¢ (0.6 - b);
thoanat[nodalfn1d = a ¢ ¢ ¢ allnode]inl];
for (j =1 3 j <= nlni-11 ; +43)(
dulnodal [j1{n1] = - etta ¢ thoanat{nodalini] ¢ x[jI1(ni-1];
wlnodn) [31[n1] = twlnode}[3]1[n1] ¢ dwlnode] [31(n1) +
xappa ¢+ (fulnode) {j)In1} - gwlnode) [j1n1]);
golnode) [310n1] = fwlnodel [33(n1];
twlnods) [31(n1] = winodel (j1n1];
> /% next § ¢/
dehlnoda)[ni] = - etta ¢ a ¢ ¢ ¢ allnodelnl];
dupfnodal(nl) = -~ stta ¢ a ¢ b;
dallnodnl (n1] = - ettx ¢ a ¢ c ¢ nat{nodal{n1];

nonon

thinoda) [n1] = 1th(nodeln1) 4 dthlnodal(n1] ¢
kappa ¢ (fthinode)[nl1) - gthinodel(nll);
upfnodel{n1] = tuplnedel[n1) + duplnedelni] +
kappa * (tuplnode) [n)] - guplnodelnil);
allnedalin1] = fallnodn){n)] + dallnodelini] +
xappa ¢ (fallnodalnld - gallnodnl(n1l);

gthlnodel fnl] = fthinodel[nld;
fthinodal[n1) = thinode)[nt];
puplnodel [n1) = fuplnoda)nil;
tuplnodel [n1) = upinode] [n1];

9

7 .gallnodel[n1]

N = 1al[nedal{nl];
. . FOR - fallredel)nl] =

allnode) [nid;

I3 ) L - /% next node ¢/
} T - /% end of output layer +/

alce { /+hidden Yayer to Yauwer/input layer ¢/

for (node={; node <= nliayer] ; #inode){
a = 0,0;
for (3 =1 ; i <= nllayer-13 ; +41)(
a += thoenet[iJUlayer+1) ¢ wlillnedelflayer+1);

b = xInode) [1ayer)/uplnodel [1ayerd;
c = (x[nodal[layer+ 0.5¢uplnodel [Tayer]) + (0.5 - b);
thoenat{nodel{layer] = a ¢ c ¢ allnodel{layar];
for (j=1; j <= nllayer-1]; #4j){ =
delnode] (j1(1ayer) =
- etta ¢ thoenet{nodel Dlayer] ¢ x{i)0layer-11;
wlnode]l [j1[1ayer] =
fulnode] (] L1ayer] + dulnnde]l (j1[1ayer) +
Xappa ¢ (fwlnodal[j1{1ayer] ~ gulnodel[j1[1ayer]);
gelnode] (j111ayer] = fulnodal{jll2ayer);
tulnode) [§1liayar] = vinodel [j1(1ayar];

} /% next § 4/
dthlnodel{iayer]l = - atta ¢ a ¢ ¢ allnode) {1ayar];
duplnodn) [Iayar] = - atta ¢ a ¢ b;
dat{nodal{taynr] = -~ atta ¢ a ¢ ¢ ¢ nat{nodel (1aynr];
thnoda) [iayer) =

1thlnoda) (1ayer) ¢ dthlnoda) (iayer] +
kappa * {fthlnode]{layar) ~ gthlnods] [Isyar]);
up{nodel [1ayer} = - : -
: * tuplnoda) [1ayar] + duplnoda) [taysr) # !
kappa ¢ (fuplnede] [1aynr) - guplnodel [1ayer));
allnode) {21agar) =
1allnedel {1ayar] + dallnodal [1ayerd 3
kappa ¢ (tallnode) layerd - gallnode}[1aysr]);
gthinods) [layar) = fthlnoda)[layer];
1th{podal (1ayer) = thlnoded Ulayer];
guplnoda) [layer) = fupnodel (1ayer);
tuplnedo] [1ayer] = wplnnde)(layard;
ratinede] (1ayar] = fallnedel[layer];
fallnode) {1ayar] = alfnodel {1ayord:
s /¢ moxt noda 4/
/tond of elen/
/4 next layer ¢/
+ ond of backuard pass ¢/

B

/+ next pattern ¢/

/* chack chen to stop ¢/
it{tant ==1}{
goto skip2; [ee444¢ gkip thiz part of program, eave time... *rees/

elna{
sigma =0.0;
cum = 0,03
for (pattern = 1 ; pattarn <= np ; +4pattern) {
for {node= 1 ; nods <= nlnl); ++node) {
a = quad(xd{node)[pattarn] - xt{nodnl{patternl);
rum = sum & a

m




sigma = 0.5 ¢ sum;

£kip2:
nop = 1; /4% nop = no operation ++/
} /¢ end of do ¢/
shile{{signa > test) {] (test == 1)}; /+ end of do whila ¢/

} /+ end of varsion ¢/

if (version == 3) {
dof
itcount 4= 1;
if (itcount == nc) goto stp;
/¢ beginning of foruard pass ¢/
for (pattarn = 1 ; pattarn < npti; +ipattarn){
for (Iayar = 1 ; layar < nltl ; +% layar){
it {1ayer== 1){
for (node = 1 ; nods < n[layar]+i; #inode){
z = 0.0;
for (§j =1 ; 3 < nliayar-1341; 445)(
z¢-ulnode) {jI {layer] ¢ xilj){pattern];
}
nat[nodel [layer) = 2z 4 thlnodelClayer];
teaxp(-natnoda) [laysr]);
x{node) [tayar)-1/(1¢1);
)

/+ inpnt laynar ¢/

} /¢ ond of input layar '/7

sira { /¢ hiddan-output layers/
for {nods = | } nods < nllayar]+1 ; +inode){
x ® 0.0
for (3 =1 ; § < nllayar-1241 ; #4350
x¢=wlnoda) [J]1[1ayar) o x[§)Llaysr-13;
}

nat[noda) [layar] = z + thinode) [tayer];
f=axp(-net(node) [aynrl);
x[nodal{layar)=1/(1+1);
b
} /¢ and of airm s/
} /+ end of layer ¢/

/+ and of forward pass #/

/+ baginning of backward pass ¢/
for (layer= nl; layer >0; --layer){
it (Jaysr==nmi)}{ /¢ output layer ¢/
for (node-1; node < n{n1)+i ; +inode){
O I L T S Y TN R PR R A T YR T Y
xt[node] [pattern] = x[node) [n1);
I R O e T Ty N TR T
a = ~ (xdlnode]fpattern] - x{node][n1l);
b = x[node [n1];
¢ = x{node)(n1] + (1.0 - b);
thoenetnode)nl1] = a ¢+ ¢ ;
for {j =1 i j < nlnl-1]+3 ; #43)(
delnode] {j1n1] = - etta ¢ thosnatnodel (n1] ¢ x[ji(n1-1];

a1

wlnode} [j3In1] . = 1 [nndﬂ[J][ul] + ds [-\cdvjf_ﬂ[nl) v
appa. ¢ (dxlnedel {33 (m] - nu[nndn][]][nl]),
gelnedel [J](nl] = felnode) [j1[n13;
folnode) [§1In1] = wlnodel [3][n1d;
' } /¢ next j ¥/
dthlnodel[n1] = - etta ¢ a ¢ ¢ ;
thi{nodel{n1) = fthlnodel[nl} + dthlnode}[ni] +
xappa ¢ (fthinatelnt) ~ gthlnodel(n)]);
gthlnodellr1] = fthlnedel [n1];
fthinedelnl] = thinedel [n1];
} /¢ next node ¢/
} /4 end of output layer */
/¢ hidden-input layer #/
for (node-1; node < nllayer}+1 ; ++node){ -y
a = 0.0;
for (i =1 ; i < n(layer-1J#1 ; #43)(
a += thoanet[i)[layer+1) ¢ wli)nodelllayar+1d;

}

else

b = x(node) {layer);
¢ = x[noda)[1ayar) ¢ (1.0 - b);
thoanat [noda) {1ayar) = a- ¢ ¢ ;
for (5=1; § < nllayer-13¢1; +43){
dulnoda) [} [tayer) =
- etta ¢ thoenot{nsds){layer) ¢ x[j1{layar-1];
wneded (j) [1ayer) ~
fulnoda) [j)[1ayer] + d=(noda) [J3101ayer) +
kappa ¢ (folnoda}{3)(1ayer) - 5v[nnda]£)](lnynr]):
gelnadel [j1[tayar) - telnode)[j){1ayer]);
tulnada] [)J[l.:y'-r] = wlnoda) (3] [lapr].
"} /¢ next j o/
dnh[nndnllhynr) - nlta ¢ 3¢
th(nodu][l\yur] = fthlnode) {1ayar] ¢ dlh[nodn][hynr] ]
kappa ¢ (fthinede)[tayer] - gthlnodnl{layer));
gthinndn)(1aynr) = fthinodal[layer);
fth{noda] [layar] = thinedelllnyerd;
) /¢ naxt node ¢/
b Jeond of elznt/
} /¢ naxt layer ¢/
/% end of backuward pars ¢/
} /¢ next pattern ¢/
/* check when to rtop v/ -
*if(tart ==1){
goto rkipld;  /¢¢444s gkip thir part of program, rave time... ¢eé4/

elso{
sigma = 0.0;
sum = 0.0;
for (pattern = 1 ; pattern <= np ; 4ipattarn) {
far (nodn= 1 ; nods <= n{n1l; +4noda) {
a = quad(xd[node)[pattern] - xt[noda][pattern))‘
Fum = rum + a ;

LS

sigma = 0.5 ¢ sum;
}
skipl:
nop = 1j /++ nop = no opsration ¢+/
} /¢ end of do ¢/




s shile({sigma > tert) || (test == 1)); /+ ond of do vhile ¢/
} /+ end of version 3 ¢/ N )

/% printout learned parameters and related data ¢/
stp:
print{("¥d\n", version);
printf("%d\n”, np);
printf("¥%d %d %d Yd\n", n[0],n[1],n[2],n033);
print?t ("4f %f\n", etta, kappa);
print? (“%f %f\n", test, sigmn);
printt (“%d\n", itcount);
print? ("¥%d\n", 2¢np);

tor (laysr = 1 ; layar <= nl ; d4layer) {
for (node = 1 ; noda <= nl{layer] ; +inode) {
it ((version == 1) || (varsion == 2)){
print1(*%f %? %", thlnodel[layer],
upnoda) [1ayer] ,al[nodal flayerl);
printf("\n");

it (version == 3){
printf(“2¢", thinede) [1ayarl);
printf(*\n");

)
)
)
for (layer = 1 ; layar <= nl § 44layer) {
for (nods = 1 ; node <~ n{layar] ; 4¢noda) {
for {j = 1; 3 <= nllayar-1) ; ++j) {
printf ("%t *, wlnodal [j1Utayarl));
i1 (%5 == 0){
printf(“\n");
}
printf("\n");
}
printf("\n");
3}
printt ("\n"};
*itdaf DEBUG
/¢ input pattern ¢/
for (pattern =1; pattern <= np; +tpattern) {
for (node =1 ; noda <= n[3]; ++node) {

printt("%4f *, xdlnode](patternl);
it (node¥%3--0){
printf{"\n");
}
}
for (node =1 ; noda <= nl0]; ++nade) {
print1("%f ", xilnode][pattern]);
}
printf{("\n"};
}
fendif
/+ end of printout ¢/

m

end: . <o . o bv' : ~-
printf("\n"); o - :
} /* end of main() program ¢/

double fabs{a,b)
double a,b;
{
if (a-b >=0.0)
return (a-b);
elsn
return {-{(a-b));
}

double guad(x)
double x;
{

raturn{ x ¢ x);

)
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AR R N N AR A RN s
+ 3 - D TRAJECTORY
¢ Fropram name :fr.c. This program read data that had already been

-

’
»
trained by bp.c and calculats the presanted input data throwgh *
forward pagg procedure and print-cut the comparison between desired ¢
¢ or actual output and ¥X outpnt. *
I R Ty Ry Y R RN Yy 4
ginclude <stdio.h>

finclude <math.h>

#define PJ 3.1415926536

main()
{ ) /tetart of main()e/

douhla etp(), sqrel);
double fabe(),gquad();

double  x1[60) {507, /% input patterns ¢/
xa(£0) [50), /v desired output,just for output compariron ¢/
x{60] (£0], /% output nodes in hidden layers ¢/
net {60) {33 ; /4 (eum of Wex) + threshold th ¢/

double  u{601(60]{3]; /% trained waighte ¢/

doubla thiLo){3); /¢ trainad threchold o/

d&nhln‘ up[hO)[J]; - /+ trainad upsilon ¢/

double al(n0](3); /4 trained atpha ¢/
doubls 7, 1 }
double xdes(4], ydee{4), rden(a];
doubla xact(4], yact(43, zact{4); N
double zphy[4); /raqnired to make the system physically realizablet/
double arri4); e
doubls stta, kappa, taet, rigma, rum, arrtot;
int version,np,nin, nl, pattern, layer, nods,dods, 3.
long int itcount;
int nl4);
int flag;
nl = 3;
e

/% rend data from backprop.dat and initinlize parameters ¢/

/¢ read important paramsters ¥/
scant{("%d” kversion);

scanf ("%d", &np);

ccant("%d %d Xd Yd", &n[0},an[1],%&n[2],4n(3]};

scanf(“li',»&attn);

scant ("%17, kxoppa);

scanf("%f %17, Ktact, ksigma);

scant (*7d”, kitcount); : L

) scant (174", amin); c RO

/¢ _read )nnrﬁing‘bﬁraqﬁnré_'/‘f

' ;if {(version ) 11 (version

| printt("\n");

for (layer = 1 ; layer <= nl ; #++layar){
for (node = 1 ; node <- nllayer) ; ++noda){
scanf ("%t %t %f", sthlnade] [Vayer],
#uplnodal [1ayar],&at[nodal {1nyer]);
x[nodel{inyer] = 0;

}
}
}
slse if (verrion == 3){
tor (layer = 1 ; layer <= nl ; #+layer){
for {node = 1 ; node <= n{layer] ; ++node){
scantf ("%1", kthlnode) [layer]);
uplnodal}[1ayer]=1.0;
allnodel [layerl=1.0;
x[node] [1ayer] =0.0;
}
}
3
else {
printf{“arror in varsion number, pleare check it. bya..\n");
goto end;
}
tor (layer = 1 ; layar <-nl ; ++layer) {
for (noda = 1 ; node <= n{layer] ; ++nods) {
for (§ = 1; § <+ n(iayar=1] ; #43) {

scant(*%t *, aulnodn] (j1T1nyerl);
3}

)

/¢ and of read data and intialized paramatere ¢/

/¢ initialize {aput matrix, Loba calcnlated hy u¥ ¢/
O I R T T N R T Y R T P T U AT YT P Y'Y
¢ MOTE al) desired valuan, xd, mint ba physically realizabie t ¢
R O R R R E I I oo it ettt e reserseetieesntosirasatisine/
for (pnttnrnf!; pattarn << nin; 0'pnttnrn)(
for (noda =1 ; nods <~ nlnll; node = node 41)
rcant ("%1", %xd{node) {patternl);
for (node = ¥; node <= n[0]; +tnoda)
scanf ("%t”, kxilnode] (patternl);

/¢ print header */

printt("\n");

printf("\n");

printf ("\n");

printf (" This 3-layer HN with %d %d %d %d contiguration,n[0],n[1],n(2],n[3]);
print? (" has benn trained with\n");

if(test== 1){

printf (" %d patterns, etta= Zf, kappa= %f\n“”, np,etta, kappa);

else{ . i

printf (" % bntterns. stta= ¥%t, kappa= %f,and stoping criteria”,np,etta,kappa);
“printf (" test=Yf\n",test);

} = .

“printf (" version = %d and training time = %d iteration\n",version,itcount);

s
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printf("  DESIRED VALUES SN DUTPUTS \n™);

printf(® X Y z X Y 2 Iphy ")
printf(“XD-XN YD-YN ZD-ZP LS. ERR.\n%);

printf(™\n");

/v begining af farvard pass ¢/
pattern = 0.0;
white (4ipattern <-nin ) {
for (layer = 1 ; laysr <= nl ; ++ layer){
i1 {(layer== 1}{
for (node = 1 ; noda <= n(layer]; +tnoda){
z = 0.0;
for (j = t; § <= nllayar-13; +1j)(
z¢=u{noda) (j1Ctayer) ¢ xi[j}Ipattern];

/+ input layer #/

) .
net[node)[1ayer] = z + thinode][layer];
f-exp(-allnodal (1ayar)snat{nodel {1ayer)};
it ({version == 1) 1l (varsion == 2))}{
x(node] [1ayer] -uplnoda) (tayar}/(1¢1);
}
it (vereion == 2 ) (
xlnode) [1ayer] = uplnade) [1ayer]) ¢
- (1/7{1t1) - 0.8);
} N
)
) R /v and of input layar ¢/
wiea { - - /+ hiddan Layer to output layar ¢/
- for (node = 1 ; nods <= nliayar] ; +tnoda){
‘ zn 0.0;
for (3 = 1 ; 3 <= nllayer-1] § #43)(
ze-slnoda} [J10ayard ¢ x[§10inyer-13;
)
net{node)[1ayer] = z + thlnodal[layar];
f-arp(-at{node] [1aysr)+natlanda) [1ayard);
i1 ((version == 1) || {vearsion == 3))
x[node] [1ayer]-up[nodal [layard/(1¢1);
if (version == 2 )
x[node} [iayer] = uplnode) [layer] o
(1/7(141) - 0.56);
1.
}
} /+ end of slce ¢/
} /+ und of layer ¢/

/% end of forward pass */

/¢ printout resuolt 4

/4 initialization ¢/ T

xdac[0]vxdes[1]vxdns [2]=xde=(3] =
ydes[0}=ydes[13=ydes (2] =ydes[3] =

zdes[0)r7dns (1) -2des[2)-2da= (3] = 0.0;
raet[0J-xact [1]-ract[2]=xact{1] = 0.0;
yact[0)-yact [11-yace (M) -yace(3] = 6.0;
zact[0)-zact 1] -zact [2)=zact(3] = 0.0;
zphy[0]=zphy (1) -zphy (2} -zphy{3) = 0.0;

for {node = 1 ; noda <= n(3] ; nodex node + 3){
A R RN R R Y R R R R Y TR AT TR U R RATS AR Y
* NOTE all desired values must ba physically realizable ! ¢
“"“l'l.."‘l‘.|'...00"""'""".‘ClQQtO'ODOQtOl"O'Q./
i1 {noda == 1)}{
xdes[1]= xd[node] {pattern];
yder[1]= xd[nodat1]) {pattarn];
zdes[1]= xd{nods+2] [pattarnl;
xact{1]= x(node)(n1];
yact(1l= x{noda+1){nt);
zact[1]= x[nodet2)[nl];
it {zact[1]-zact[0] < O){
zphy[1] = zphy(0) - eqre( (1/3.0)¢(1/3.0)
~quad(xact[1) -xace [0])
~quad{yact[1]-yacel0]} );
}
elra {
zphy (13 = =phyl0) + aqre{ (1/3.0)+(1/3.0)
~quad{ract[1]}-ract{0))
-quad(yact[1)-yace{0)) );
}

it (xdez(3] == 9.0){

printy (Me----  —--ee ————— ")

}

nlas {

printt (430 %3t %00 %, xdee(1),ydac(1],7dac(1]);
}

print? ("%.3¢ L3t %.af %3t ¢, xacels),yact (1], zact (1), 2phy [3);

/¢ calcularing and printing arror ¢/
i1 (xdaclt] == 8.0)(
printt ("----~  ~eee- ———— meeas \n");
}
else { .
arrl1] = quad(xdes(1]-xact{13) + quad(ydrr[1I-yact11)
+ q\l:\d(lduﬁ[!)'?{‘h"{’])}
printt ("¥%.32 %.37 %.31 %.37\n", xdee(1)-xacc[1],
ydac{1]-yact[1], zdes{11-zphy[1], eqre({err33));
3

} /tond of node = 1 ¢/

if {(node == 4){

xdas[2]= xdlnedel [pattornl;
ydes{2]= xd[nodat1]{pattarnl;
zdag[2]= xd[noda+2}{pattarn];
xact[3]= x(nods) Inil;

R © yact(2]= x(nodat1linid;

- zact(2)= x(node+2][n1];
© o Af (zact[2] - zact{13 < 0)( ‘ )
N zphy[?.],,%zphy[!] - sqre( {1/3.0)+(1/3.0)

o




—qund(XACl[RJ—;atY[l])
—quad (yact{2]-yact (1)) );

) .

alee

zphy(2) = zphy (1] + sqre( (1/3.0)¢(1/3.0)
~quad(xact[2)-xact[1])
—quad(yact[2)-yact(t]) );

}

if (xdes[2] == 8.0){

slse {

printf ("4.37 %3t %.31 ", xdes[2),ydes[2],zdes[2]);

}

printd (*%.3t %.3f X%X.3f %.31 ", xact[2],yact[2),zact{2],zphy(2]);
/¢ calculating and printing error ¢/

if (xdes[2) == B.0){
printf (Me-o-m soeen amooo oo \n*);
}

atre
orr[2) = guad(xdas{2)-xact[2]) 4 quad(yden[2)-yact[2))
+ quad{zdes[2)-zphy(2]);
prantt ("%.31 5.3 X34 X.3\n", xdes{2])-zaee[],
ydaal2]-yact[2), zdac[2)-zphy[2], eqrt(arr{2]));
}

} /+ snd of node = 4 ¢/

i1 (node ws 7)(

xdnel3) = xd{nods]{pattern);

ydsel3}« xd(nodat1)[pattarn);

zder[3)» xd[nodei]) [pattwrn);

xact[3) = xlnoda) (m1);

yact{3)* x(uodet1)(n1d;

zact{3)2 x{nodnata] [n1];

{1 (zact(3) - zactl2) < O){

zphy{3) = 7phy(2) - sqre( (1/3.0)+(1/3.0)
~quad (xact [3)-xact2])
~quad(yact[3]-yart[2]) );

}

eles {

zphy[3) = zphy[2] + eqre( (1/3.0)+(1/3.0)
-quad {xact [3]-xact[2])
~quad(yactld]-yact[2]) );

}
it (xdes(3] == 9.0){

else {

printf ("4.32 %.3¢ %.3f ", xdes(3),ydes[3],zdes[3]);

}

printf ("%.3¢ ¥%.3¢ %.3t .3t *, xact{3),yact(3),7zactlal,zphy(a));

/* calculating and printing srror ¢/

if (xdes[1) 8.0){

prinef (Memwemc mmem eeen e \n");
}

else {

112

orr (3] = guad(xdes[3]-xact[3]) 4 gquad(rdes[3)-yact[3])

. + quad(zdes{3)-zphy(3]); -

prined (431 U3¢ 31 T.31\n", xdes[3l-xact 3],
ydos[3)-yact[3], 2des{3}-zphy (27, sartlerr(3)));

}
} /¢ end of node = 7 ¢/
} /v end of node ¥/
sum = rqrt{err(1)) + sgri(err[2]) 4 eart(arr[3]);
#YTtot = errtot + cum;
printf ("\n");
3} /4 end of uhila ¢/

and:
printf ("\n"); -
printt ("E = 4f, tatal error = Lf\n", gigea, errtot);
} /¢ end of e11n() pragram ¢/

doubla fabs(a,b)
dowhla a,b;
{
i1 (a-b >-0.0)
raturn (a-b);
alea
roturn {-(a-n));

doub)n quad(h)
double h;
€

raturn (h ¢ h);

}

[Lik}
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