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Abstract

The robot manipulators must have capability of controlling mechanical
interaction with objects which are involved in various tasks. In order to control the
mechanical interaction, the environment impedance which is not always known has
to be identified. In this thesis, environment impedance on-line identification
methods based on Recursive Least Squares Estimation and Neural Networks approach
are investigated in order to achieve an efficient force control. Experiments were
done for both methods with the 3-DOF Direct-Drive planer robot manipulator, by
applying a force on the environment with a robot manipulator and measuring the
force at the same time with a force sensor. The hybrid controller is used for
controlling the robot for environment impedance identification.

Currently, neural networks applications to Robotics have been studied in order
to apply their ability of acquiring and storing experiential data and -adjusting robot
controllers to new environments. Although there are several types of neural
networks robot controllers, the direct neural networks robot controller seems the
most effective application of neural networks to robot controllers. It is known that
the nonlinear neural networks are able to realize the nonlinear effects of the robot
in the networks. This ability is very useful for controlling robot manipulators.
Generally, the neural networks of the PDP model can only realize static mapping by
itself and can not incorporate robot dynamics which is essential for an advanced
controller. In order to realize dynamic mapping, past input/output information of

the robot is used as input signals for the back-propagation type of the Neural

Networks.



In this thesis, the nonlinear three-layer neural networks [ecedforward direct
controller using a dynamic back-propagation method based on past input/output
information of the plant is also proposed. This controller is used for a 3-DOF robot
applying force to the environment. The neural networks controller controls the
position (along the constraint surface) and the angle of the end-effector as well as
the force applied to the environment. The generalized delta law is used as o learning
law to adjust the weights of the neural networks at every sampling time. This
proposed controller is experimentally tested with the 3-DOF Direct-Drive planar robot

manipulator. The experimental results show the effectiveness and flexibility of the

neural networks controller for robots.
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Nomenclature

f - force vector measured by the force sensor
fd - desired force vector
q - angular position vector

- Cartesian position vector

xd - desired Cartesian position vector

X - x position in Cartesian coordinates

y -y position in Cartesian coordinates

¢ - ¢ position in Cartesian coordinates

xd - desired x position in Cartesian coordinates

yd - desired y position in Cartesian coordinates

od - desired ¢ position in Cartesian coordinates

T - command torque vector for motors

Th - command torque vector from hybrid control part of the controller
T - command torque vector for motors from the neural network controller
I - identity matrix

- diagonal selection matrix of ones and zcros for hybrid control

- inertia matrix

= ¢

- vector of Coriolis and centrifugal terms



g - gravity term vector

Iy - viscous [riction term vector

Fe - Coulomb friction term vector

J - Jacobian matrix

Kpp - position gain for position control
Kpv - velocity gain for position control
Krp - position gain for force control

Ki - integration gain for force control

ux - command vector for position control

uf - command vector for force control

wi - weight of the signal from i neuron (o j neuron
1 - learning rate of neural network

Me - inertia coefflicient of the environment

Be - damping coefficient of the environment

Ke - spring coefficient of the environment

Xe - surface displacement of the environment
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1. Introduction

Robots are expected to perform simple as well as complex applications. In
achieving some sophisticated tasks such as grinding, sanding, assembling, opening
or closing a door, window cleaning, etc., the robots are obliged to interact with the
environment. In such cases, the environment impedance should be known for
Cartesian contact force control with the environment. It is not, however, always
possible to know the environment impedance before applying the force control. This
is one of the reasons that the application of force control is far behind that of the
position control. If the environment impedance is identified, we can use it to tune the
Cartesian force control law or decide the parameters for impedance control for better
control. Friction and backlash of transmission systems also cause difficulty to force
control. Backlash of transmission systems and its friction can be removed by using
Direct-Drive motors since transmission systems are not required in this case, The
other friction of the system and nonlinearities such as centrifugal and Coriolis
forces must be compensated in the control law, Stability analysis is one of important
topics in robotics in order to understand the domain of applicability of the proposed
controller. This topic is not included, however, in this thesis which focuses on the
feasibility of some new methods for contact motion control, The stability will have,

however, to be analysed in a future work in order to complete the theoretical

analysis.

A neural network (this means an artificial neural network in this thesis) is
motivated by the research of the human brain and its nervous system. Neural

network consist of many synapses and neurons. The human brain contains roughly



10" neurons and 10'5 synapses. Neural Networks are able to store pattern or function
information in themselves. There are many types of neural network architectures
and learning laws. Although neural networks were studied for a long time since
McCulloch and Pitts first proposed a neuron model in 1943 [1], they are still subject of
research because the understanding of bioclogical neural networks is not yet
developed enough. Figure 1.1 shows a biological neuron model and an artificial
neuron model. Currently, neural networks applications to Robotics have been studied
in order to apply neural networks' ability of acquiring and storing experiential
knowledge and adapting to new environment. In Robotics, neural networks can be
used for realization of forward or inverse kinematics and dynamics, control and
identification of the system. The author applies neural networks to environment

impedance identification and robot control,
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There are mainly two contributions in this thesis. First, two kinds of
environment impedance identification methods are proposed. If we assume the
environment is not rigit, we can model it as a mass, a damper, and a spring.
Environment impedance identification means to identify these coefficients

respectively. One of these proposed methods is using the recursive least-square



estimation. The basic idea is minimising the error between the measured force and
the force which is calculated from estimated coefficients. The other is using neural
networks. The idea is reducing the error between the measured force and the force
which is estimated by neural networks. The rate of error reducing, which is called a
learning rate, must be chosen to be proper small value. If the learning rate is too big,
we will overshoot the ideal position and the error will even be increased. If the
learning rate is too small, it takes time to minimize the error. Both environment
impedance identification methods are experimentally tested by applying a force
using the hybrid position/force control on the environment with a 3-DOF direct-
drive planar robot manipulator. The hybrid position/force control is applied to
control the position (along the constraint surface) and the angle of the end-effector
as well as the force to an unknown environment. The environment is pushed using
the manipulator arm and the environment impedance is identified by the recursive
least-squares estimation or neural networks using reaction force of the
environment. Styrofoam and rubber are used for the environment. The experimental
results show that both methods are feasible. However, since the hybrid
position/force controller can not be applied to an unknown environment with
several reasons, one of the adaptive controllers must be used for the unknown
environment. Therefore, as a second contribution of this thesis, the neural networks
controller for multi-DOF robots is proposed in order to perform force control to the
unknown environment. The originality of this neural networks controller is that the
neural networks is combined with the hybrid position/force controller. This neural
networks controller is also experimentally tested with the 3-DOF direct-drive planar
robot manipulator. Styrofoam and rubber are used for the unknown environment.
The experimental results show that we can obtain desired force response with the
unknown environment by using the proposed neural network controller.

Recursive Newton-Euler formulation is used for calculating the dynamics of
the robot since Lagrangian formulation needs more calculation than Recursive

Newton-Euler formulation [2]. Since the robot is a planar robot, the effect of gravity



is ignored. Nonlineariles of the robot dynamics are compensated in the controllers.



2. Literature Review

2.1. Force Control

There are several types of force control approach, namely, stiffness
control, damping control, impedance control, resolved acceleration control
and hybrid control. Force control can be mainly categorized into two groups,
hybrid control (hybrid position/force control) and impedance control. The
hybrid position/force control was proposed by Raibert and Craig in 1981 [3].
The basic idea is separating direction for [orce control that is normal to the
constraint surface and for position control that along the constraint surface
in Cartesian coordinilte system, Then calculated Cartesian forces is transfered
to joint torques. Their controller block-diagram is shown in Figure 2.1. Similar
idea can be seen in Mason's work [4]. However, since their control algorithm
has some problems [5][6] and does not include dynamics of the robot, it has

been further developed by some other researchers [7][8]. In this thesis, this

J'fd —>  Position
Xl —{  conlrol -8 N
Xd — law \ . oy
—» Robot .
Force +
fd —1 control S
law
1

Fig.2.1 Hybrid position/force controller



modiflied hybrid position/force control was used for the robot control for
environment impedance identification. The modified hybrid position/force
control is also used for the part of the neural network controller.

The stability of the hybrid control has also been studied, using Liapunov

method [9-11]. This topic, however, is not included in this thesis.

Impedance control is an expansion of the stiffness control algorithm
{12] and of damping control [13] since the impedance is equivalent to spring-
damper system. This control algorithm is proposed by Hogan in 1985 [14]. In
this algorithm, the robot’s task fundamentally is described not in terms of
motions, nor in terms of forces, but in terms of the relation between them.
Suppose that the end-effector is moved from a desired trajectory by an
external force f.
AX(t) = xa(t) - x(1) (2.1)
In the impedance control, the relation between force and displacement,
is controlled to satisfy following equation.
MAX + BAX + Kax = { (2.2)
So that acceleration command becomes
X = Xa + MBAX + M1Kax - Mt (2.3)

The model of the impedance control is shown in Figure 2.2,
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Fig.2.2  The model of the impedance control



2.2. Neural Networks for Control and Identification

Application of neural networks to control is first stated by Widrow [15]

in 1960s. Alterwards, Kawato et al. first applied neural networks to robot

control [1G6][17] in 1980s, and later many researchers have applied neural

networks to robot control in various ways. Narendra and Parthasarathy

proposed identification and control of dynamical systems using neural

networks and showed simulation results [18]. They discussed static and dynamic

back-propagation methods for the adjustment of parameters. In this thesis,

one of the neural networks is used not for system idenfitication but for

environment impedance identification.
The identification using neural netwo-
rks is implicit method of identification.
The neural networks, however, are
used for explict identification method
in this thesis. Yabuta and Yamada
proposed a neural networks force
controller for a 1DOF robot [19][20] and
tested it experimentally. The
architecture of their neural networks
controller is shown in Figure 2.3 and
the block diagram of their system is
shown in Tigure 2.4. The neural
networks controller proposed in this
thesis is extention of this controller.
This controller is extended for
Cartesian space control of 3-DOF robot
manipulator and combined with the

hybrid controller. They studied also the
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Fig.2.3 The architecture of the
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stability of the linear ncural network controller using a Lyapunov function
[21]). Fukuda et al. applied neural networks for hybrid position/force
controller in the different way [22-24]. In this controller, neural networks
sell-tune PID parameters, as shown in Figure 2.5. Their simulation results and
experimental results show that the controller is robust to change of the
environment dynamics and the configuration of the manipulator.
Furthermore, they used neural networks to control a manipulator in order to
approach the environ-ment cfficiently and to recognize the contact with the
environment,

The neural networks controller proposed in this thesis is
cobinationation of the hybrid controller and neural networks, This type of

neural networks controller is not yet proposed in the literature.

2.3. Environment Impedance Identification

In order to apply efficiently force control to an unknown environment,
various methods are used to identify environment impedance explicitly or
implicitly. Xu et al. [25] proposed fuzzy compensation to identify an unknown

environment. Gomi and Kawato [26] used neural networks for impedance

8



control to compensate for an unknown environment. Cohen and Flash [27] also
used neural networks as a method of learning impedance control parameters.
These methods mentioned above are implicit environment impedance
idenfitication. For explicit environment impedance identilication method,
Kalaycioglu and Brown [32] used Continuous Least Square Algorithm to
identify unkown environment impedance parameters and showed simulation
results. Their method is used as one of the identification methods in this thesis
and tested experimentally. The method of environment impedance
identification using neural network, which is proposed in this thesis, is not

yet used in the proposed form.



3. Experimental Set-Up

The experimental set-up consists of a 3-DOT Direct-Drive robot
manipulator, motor drivers, a DSP based controller and a force sensor, Figure
3.1 shows configuration of 3-DOF Direct-Drive robot manipulator. The
manipulator links are made of aluminum. The manipulator geometry is given
in Appendix A. Figure 3.2 shows the experimental set-up. There are different
type of motors in each manipulator joint. The motorl is NSK 0810 (resolution
(14,400 step/rev), the motor2 is NSK 0408 (resolution 409,600 step/rev) and the
motor3 is Parker Hannifin System7 7521.250 (resolution 2,000 step/rev). The
specification of motors is given in Appendix B. The dSPACE is a development
and real lime control system based cn a DSP (TMS320C30). TMS320C30, which is
located on DS1002 processor board component of the dSPACE (see Figure 3.3), is
a CMOS 32-bit floating device in the TMS320 family of single-chip DSPs [35]. A

link 2
force sensor

motor 1 motor 3

motor 2 T

Environment

Iig.3.1 Conliguration of the robot manipulator

10



DSP - dSPACE

Motor 1 - NSK Megatorque Motor System 0810 (Max. 88.2 Nm)
Motor 2 - NSK Megatorque Motor System 0408 (Max. 9.8 Nm)

Motor 3 - Parker Hannifin Co. System7 Type 7521.250 (Max, 2 Nm)

Force Sensor - Barry Wright Co. 6-axis force sensor FS6-120A

dSPACE

- System?

Sq _\ driver

2a Force
A —\\_ Sensor
L3 N\ nsK

2 3 drivers

g

il

8 o

89

A

Fig.3.2  [Experimental Sct-Up
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|

Fig. 3.3  Block diagram of the DS1002
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10tal memory space of this DSP is 16M 32-bit words including program, data and
170 space. The cycle time of the TMS320C30 is 60 nsec. This fast cycle time
allows it to execute operations up to 33MFLOPS. The dSPACE contains ADC
(DS2002), DAC {DS2101) and incremental encoder (DS3001) [3G]. The conversion
time of the ADC is 5ps for 16-bit resolution. The full scale settling time of DAC to
0.01% is 3ys. All peripheral boards like ADC or DAC are connected to the DS1002
by using the PHS-bus. The PHS-bus is a high-speed, bidirectional synchronous
bus that allows direct 170 operations between DSP and peripheral boards
without host intervention. The PHS-bus supports 32-bit parallel transfers and
is doesigned for a maximum transfer rate of 26.7 Mbyte/s (150nsec/32-bit
transfer). On the DS1002 this bandwidth is limited by the timing of the
TMS320C30 to 16.6 Mbyte/s.

The torque commands of the controller installed in dSPACE are sent to
NSK motor drivers and System7 driver. The drivers provide the power for
motor motion supplied in accordance to the control command. The force sensor
(FSG-120A) sends feedback signals to dSPACE.

FSG-120A is G-axis force sensor uses 6 strain-gage transducers (o
measure the 6 force components (3 forces, 3 moments). The process in the
force sensor is shown in Figure 3.4, Each strain-gage bridgesignal is amplified
and passed through a 120Hz low-pass filter so that the bandwidth is
appropriately limited for sampling purposes. These signals are then
multiplexed under control of onboard processor for conversion by the 12-bit
A/D converter. The processor then multiplies the G sensor readings by a
calibration matrix to decouple the forces into the 6 linearly independent
orthogonal components and outputs the data through either the RS-232 output
port or the analog output port [37]. The analog output mode is chosen in the

experiment.

12



analog analog
inputs 120Hz A/D digital D/A outputs
filter converter [ | [lilter converter [

Fig.3.4  Process in the force sensor

Limitation of the bandwidth of the output data from the force sensor is
important consideration. Undersampling the analog signal cause unwanted
aliasing problem. In order to avoid this, the sampling rate must be greater
than twice the signal bandwidth., This lorce sensor's maximum internal
sampling rate is 480Hz (the process loop cycle time is 2,08msec). The 6 analog
signals (only x-direction force signal in Figure 3.1 is used for this experiment)
are filtered individually by a third order low-pass filter at 120Hz before
sampling to the force sensor. Then the signals are converted from analog
signals to digital signals by A/D converter at 480Hz even though analog signai
output mode is chosen. The force sensor filters digital signals {(bypass mode is
chosen in the experiment) and converts to analog signals again through D/A
converter at 480Hz. Therefore analog signals from the sensor includes noise
caused by D/A converting around 480Hz. This noise might cause aliasing
problem since the sampling rate used in this experiment is 1000z, Because the
noise is very close to half of the sa.ipling rate. In order to get rid of the noise,
a low-pass filter is required. The zero-order holding, which has the
characteristics of a low-pass filter, is used for sampling the signal to dSPACE.
The noise, however, is not enough reduced with this, Therefore an analog low-
pass filter should be used to get rid of this noise before sampling these signals

in the dSPACE to avoid aliasing problem,
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Experiment done in this thesis does not use analog filter before
sampling to the dSPACE. In order to prove the bandwidth (120Hz) of the force
sensor is not affected aliasing, unfiltered signals and filtered signals to dSPACE
are compared experimentally. Figure 3.5 shows signal Power Spectrum Density
of unfiltered signals and filtered signals. We can see the signals are almost
same under 120Hz. That means the bandwidth output signals is not affected by
aliasing. Therefore there is no problem to use unfiltered signals for
experiment. The spikes of [iltered signals are caused by excited internal
dynamics of the filter by 480Hz.

The 2nd-order low-pass filter used for this signal comparison is
designed to cut-off frequency at 190Hz. Figure 3.6 shows the architecture of
the fiiter [38].

14
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The transfer function ol the filter is written as

Tip(s) =
s2 + (R|+R2)/RyRaCy s + (1/R|R2CCa)

where
Ry =100Q,Ry=1.5Q,C| = 470uF, Cy = 100F
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Fig.3.7  Gain Transfer Function of the Low-Pass Filter (190Hz)
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Figure 3.7 shows the gain transfer function of the filter. We can see the filter

cut-off frequency at 190Hz as we designed.

16



4. Control of the Robot

In order to control the force applied to the environment, y-position
have to be controlled to keep in the same position and the angle of the end-
effecter have to be controlled to keep perpendicular to the environment
surface (Figure 4.1). In order to meet these requirement, hybrid position/force
controller seems to be proper controller. However, since the robot arm is not
initially at the desired position before hybrid control signals are sent to the
motors, only position control should be applied to the arm to approach the
environment. During position control, the manipulator is controlled to move
1mm every second. For position control, the resolved acceleration method is
used. When the measured force (applied force) reaches 3N, automatically the
hybrid position/force control is applied instead of only position control. Since
the noise of the force sensor is almost +2N and the evidence of contact is not

clear when the applied force is low, the position where the applied force reac-

ot \
Position i
Control
—..’ x
motor 3 B
Il link 3
Force force
motor 1 Control Sensor
¢
motor 2 .
Position )
Control Environment

Fig.4.1 Control of the robot manipulator
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ches SN is thought to be proper position for switching. Nonlinear terms
like inertia, centrifugal, Coriolis and friction terms must be compensated for
this control approach. In this chapter, the control algorithm of the robot is

explained in detail.

4.1. Relations between Joint Torque and Cartesian Force

Suppose that the position of the end-effector is described as
x = R(q) (4.1)

where x = [x,y,0]7 is end-effector position in Cartesian coordinates and q =

[q1,q2,q93]" is joint position in each link and direct-drive motor shaft
(generalized coordinates).
From the principle of virtual work
T - [Téx=0 (4.2)
where 8g and #x are virtual displacement of q and x respectively. The

definition of the Jacobian is

ax = ] &q (4.3)
Substituting into (4.2)

vrag-frjoq=_(c-JTNHaq=0 (4.4)
In equation (4.4) 6q can take any value, such that we obtain

v=]"f (4.5)

This equation describes the relationship between joint torques and

Cartesian forces.

18



4.2. Dynamics of the Robot

The dynamics equation of the robot can be written as [25].
M(q)d + h(q.q) + g(q) + Fvq + Fesgn(q) =v-J7 [ (<.6)

For the 3DOF planar robot (Figure 3.1) gravity effect does not have to be
considered. Therefore gravity term can be erased from the equation. Viscous
friction is assumed to be negligible because joint velocities are not high. The

equation (4.6) can be rewritten to
M(q)d + h{(q,q) + Fesgn(q) =+ - Jvf (4.7)

The robot dynamics without friction and applied force can be obtained
by solving Recursive Newton-Luler formulation or Lagrangian formulation,
Since Lagrangian formulation needs more calculation than Recursive Newton-
Euler formulation [2], Recursive Newton-Euler formulation is used for this

thesis (see Appendix D for details).

19



4.3. Position Control

Position control has to be applied until the manipulator enters into
contact with the environment. The resolved acceleration method is used for

position control law.

From the equation (4.7), torque equation of the robot is
v=M(q)q + h(q,q) + Fesgn(q) (4.8)

If the model is perfect and there exists no external disturbance, the end-
effector is brought to the desired trajectory in Cartesian coordinates (x = xd)
and is kept on it, with the Cartesian acceleration command ux, translated into
joint space using the equation(4.3),

x=Ja+Jd (4.9)

Equation (4.8) and (4.9) give the torque command for ux = X, an open loop

control law
1= M(@J" (us - Q) + h(a.q) + Fesgn(q) (4.10)

In practice, however, we can not avoid modeling and measuring errors
as well as external disturbances. Therefore closed loop control compensator

must be used for reducing the error.
Ux==§a+l(pv(iu-f() + Kpp (3 - %) (4.11)

We want to achieve in overdamped system because overshoot might
damage the environment. To obtain overdamping, Ky and Kpy for a linear

system must satisfy the condition

KnwZ>= 4 Kiw (4.12)



In fact, the system is nonlinear and discontinuous (the dry friction

term) and position error result,

4.4, Hybrid Control

After the manipulator enters into contact with the environment (when
the applied force reaches 5N), the force applied as well as the position and the
angle of the end-effector must be controlled. Hybrid control is used to control
position and force simultaneously. Figure 4.2 shows force data when controller
is switched from position control to hybrid control.

Using the equation (4.10) and the diagonal selection matrix S which
shows whether the force control or the position control is applied for each

direction, the control law can be written as
- =M(q)J [{I - Shux- jci] + h(q,q) + Fesgn(q) + JTfa+ JTSwr  (4.13)
The command vectors for position and force control are

U= Xa + Krw(Xd - J&) + Kpp(m- x) (4.14)

ur = Kip(fa - £) + Kaf (fa - £} dt (4.15)

Figure 4.3 shows the block-diagram of the controller. Better results
might be able to be obtained if a PID control law is used for the force control,
but the signal from the force sensor is very noisy and can not be
differentiatepl. The sample in figure 4.4 of the signal from the force sensor
shows the noise content of the signal.

Craig [28] mentioned that we can obtain the derivative of the force on

the environment as fe = kex if we know the environment stiffness ke. It is also
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Fig.4.4 Signal from the Force Sensor

possible to estimate the force derivative using a state estimation il we know
environment impedance [29]. We can not, however, use these methods before
the environment impedance is identified. Another way of obtaining the force
derivative is applying a filter to remove the noise from the measured force
signal. A Butterworth low-pass filter with a low cut-olf frequency creates a
significant time lag and makes the system unstable, while high cut-off

frequency leaves signal noisy. The equation of Nth order Butterworth [iiter
for continuous system [30] is
[H{w)! = 1/( 1+(m/mc)2N) 172 (4.16)

where

we : Cutoff Frequency



‘The position and force control loops mentioned above are coupled, The

equation (4.13) can be changed to
M(a)q = M(@)J [(1 - Syux - Jql + ] Swr (4.17)
Using the equations (4.9),(4.14) and (4.15), this equation can be written as

(l - S)[(.)‘(d - *) + va().(d - ).() + Kpp (Xd - X)] -SX

+ J M7 S[Ki(fa- 1) + Knf(fa- ) dt] = O (4.18)

Usually JM-1]r is not a identity matrix. Therefore the position control loop is
affected by force control loop. This problem can be cleared using the another
control law proposed in the literature [25] after the environment impedance
identification. We can decouple the position and force control loops by using
above mentioned environment spring constant. In the literature [25],
following control law was proposed and proved that the position and force

control loops are decoupled with this,

r=M(qQ)J'[{I-S)hux +Skeur-Ja] + h{q.q) + Cesgn(q) + J7 [ (4.19)
Us = X + Kw (X.d - X) -+ Kpp (Xd - X) (4.20)
ur = Kep(fu - ) (4.21)



4.5. Neural Networks Control

It is very difficult to obtain the desired force with the force control law
of the hybrid control which is used for environment impedance identification
mentioned before in this thesis, due to several reasons. First, the model is not
perfect. Second, we can not use a high gain for the case of the unknown
environment because its dynamics affects the system. Third, it is difficult to
compensate friction perfectly. As far as the robot manipulator is concerned,
friction depends also on configuration of the robot manipulator. Fourth, it is
impossible to avoid external disturbance completely. Furthermore, the
properties of some environments such as rubber, plastic, styrofoam, etc. is
affected by temperature and humidity, such that the properties of the
environment might change in time. In order to solve these problems, an
adaptive scheme can be considered. In particular, the neural networks control
seems to be useful to adapt the controller to unknown environments and to
compensate for disturbances. The neural networks controller which does not
require any previous environment impedance information is introduced in
this chapter.

As mentioned in Chapter 2.2., there are several types of neural networks
controllers. In this thesis, a direct neural network controller which seems the
most effective way of using neural networks for controllers is applied to the
robot. Figure 2.4 shows the typical direct neural networks controller. The
conventional controller such as the hybrid controller can be designed without
much difficulty, as shown in Chapter 2.4., and is built [irst. Then we can use
the ocutput of such a controller as the input of neural network controller.
Furthermore, by using output of hybrid controller with output of the neural
network controller as input torque commands to the robot, faster adaptation of
the neural networks controller to unknown environment can be expected.

Figure 4.5 shows the block-diagram of the controller.
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Fig.4.5  Neural Network Controller

In this control scheme, the neural networks is used to compensate the
friction term, model errors and other external disturbances. Therefore, the
hybrid controller used for this controller does not need to compensate the

friction. In this case the equation (4.13) can be reduced to
= M(@J (] - Shus - Jql + h(q,@) + )T lu+ J* Sur (4.18)

The command vectors for this controller can be changed as

k= ’.Ell + Kli\'(*d - )E) 4+ Kpp(xu - X) (4.19)
w =Kip(fu-1f) (4.20)

As we can see in the equation (+4.20), the integral of the error is not needed
any more because the neural network controller compensates the error of the
hybrid controller, Furthermore, the gain in the equation (4.20) does not need

to be changed for various environments since the neural network controller

adjusts itsell to unknown environments.
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The architecture of the neura!l network is shown in Figure 4.6. Input
signals to the neural network are the current and previous position of the
robot manipulator in Cartesian coordinates and the computed torque
commands for each motors by the hybrid controller. The configuration
(position) and the velocity of the robot manipulator can be known from the
current and the previous position (x,y and ¢). The desired acceleration of the
robot manipulator corresponding to the desired position/lorce can be obtained
from the computed torque commands of the hybrid controller. Qutput signals
from the neural network are force commands for robot manipulator in
Cartesian coordinates. The force commands are converted to torque commands
for each motors using the equation (4.5) and are added to the torque commands
from the hybrid controller. The robot manipulator receives the sum of the
torque commands from the controller. The result of the robot manipulator
movement as response of the torque commands is measured by the encoders of
each motors and by the force sensor. The weights of the necural network
controller are adjusted every sampling time (1msec) using both position and
force error. The back-propagation method is used as a learning law for the
weights adjustment,

The neural network shown in Figure 4.6 is a nonlinear three-layer
neural network controller. The number of the layer can be more than three
[33], the minimum number of the layer is chosen in this thesis since the
search of a better neural network architecture is not main purpose. The input
layer consists of 9 neurons, the hidden layer consists of 12 ncurons and the
output layer consists of 3 neurons. Signals to the input layer are multiplied by
the weights wij and summed in each neuron in the hidden layer. Each neuron
is activated if the summed value yields a threshold value. Qutput signals from

the hidden layer are multiplied by weights wjk and summed in each neuron in
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the output layer. If the summed value yields each threshold value, the neuron
is activated. Signals from the output layer are force commands for robot
manipulators in Cartesian coordinates. The weights and threshold values of the
neural network is adjusted every sampling time {1msec).
The activation function (sigmoid function) [34] used in this necural
network is written as
flu) =2/(14+eV) - 1 (4.21)

where u is input to the layer.

The back-propagation method is described as follows:

E=1/2%(yd - y)? (<4.22)
uj = Z(wijyi) (4.23)
yi = f(uj) (4.24)
where
E: Squared Error

yd : Desired Output from the Neural Network
y : Output from the Neural Network

uj : Input to the Neuron j

yj : Output from the Neuron j

wij : Weight for the signal from the Neuron i to the Neuron j

The sigmoid function for the neuron j is

f(uj) = 2/(1+e) - 1 (4.25)

Using the squared errors given by the equation (4.22), the adjustment of

the weights from the hidden layer to the output layer can be obtained as



Awik = niB/iwjk
= n(aE/ay(dy/duk}(auk/awjk)
= ek {uk) yj (4.26)
where

v : Learning Rate

The adjustment of the weights from the input layer to the hidden layer
can be obtained as follows
Awij = naE/awij
= n(aE/ayj)(dyj/duj){duj/awij)
= n(£(aE/ay)(dy/duk){auk/ayj) X dyj/duj)(auj/ awij)
=n Z(ek [(uk) wik) {'(uj) vi (4.27)

From the equation (4.26) and (4.27), new weights are written as
wij(k) = wil(k-1) + nZ(ek(K)P(uk)wik(k-1))f'(uj)yi(k) (4.28)
wik(k} = wik(k-1) + nek(k)f'(uk)yi(k) (4.29)

In this neural network controller, the error in the equation (4.22) is the
difference between the desired robot manipulator position/force and the
measured robot manipulator position/force, therefore, tracking the desired

position/force can be expected with no significant error with this algorithm.



5. Environment Impedance Identification

In this chapter, two kinds of environment impedance identification
methods are described. First, environment impedance identification method
using least square estimation and then environment impedance identification
method using neural networks are presented.

If the environment is not rigid, it can be modeled as a lumped mass, a
damper, and a spring system (see Figure 5.1).

MeX+BeX+Kexe=f {(5.1)
where Me, Be and Ke are mass inertia coefficient, damping coefficient and
spring coefficient respectively. They are assumed unknown parameters which
depend on environment properties and X, %, xe and f are assumed measurable.
Environment impedance identification means the evaluation of the unknown

parameters Me, Be and Ke, explicitly or implicitly.

Fig.5.1 ‘The Environment Model
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5.1. Application of Least Square Estimation Method

The environment impedance coefficients Ke,Be and Me will be identified
on line using the Recursive Least Squares Estimation Method. From the

equation (5.1), reaction force equation can be rewritten as
f=¢T0 (5.2)
where ‘
$T(0) = [R(1) X(t) xe(t)]

0T(t) =[ Me Be Ke]

The vector ¢(t) contains measured values, while o(t) is an vector of

unknown parameters.

The basic idea of this method is to make the output, computed from the
model! in equation (5.2), agree in the sense of least squares as closely as
possible with the measurement of f(t) [31). Let us define the error between

estimated force and measured force as

e(t) = £(0) - Ko = £V - 4T(1) 0 (5.3)
We introduce the notation

K1) = {{(1) £(2) ... kO] T

E(t) = [(1) e(2) o e(t)] T

T = [$T(1) $7(2) o TN T

The least-square error can be written as

Lo, = 1/21i.:|c(i)2 = 1/2 2 () - §7(3) 8)2 = 1/2 IEI2 (5.4)



This function is minimal if the estimated parameters vector # is given by
aTrf = 4TF (5.5)
If the matrix T4 is nonsingular, the minimum is unique and can written as

o = (q)Tcp)-hpTF (5.6)

We can obtain the estimated coefficients vector 0(t) recursively. In this
way, the results obtained at time t-1 can be used to calculate the estimated

coefficients vector at time t.

By = 0(e-1) + K(o)e(t) (5.7)
where
k(1) = p(e)(t) (5.8)
p(t) = {p(t-1)"! + $(t)pT(1))"! (5.9)
¢(t) = (1) - $7(0) H(r-1) (5.10)

In this method, an vector 0(t) of unknown parameters is assumed to be

constant. If it is time-varying, a forgetting factor can be applied.

Ke,Be and Me can be obtained by other off-line or on-line methods

under the limited condition.

Ke = /% (whenx=0,%=0)
Be = (F*Kexe)/% (when £ = 0 and Ke is known)

Me = (f-Kex:-Bex)/% (when Be and Ke is known)

Then we can compare the results with previous ones. However, it is difficult to

obtain Be and Me with this method because velocity and acceleration signals

are small and noisy.
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5.2. Application of Neural Networks

Neural networks are known to be able to identify the system implicitly,
and they can identify the system even if it is nonlinear because of their
capability of taking into account of the nonlinearities implicitly.

The neural networks (different from the neural networks for the
neural networks controller) are introduced for environment impedance
identification in the force loop of the controller as shown in Figure 5.2, They
are placed parallel with actual environment. Position, velocity and
acceleration information of the robot manipulator, which is same information
used for environment impedance identification using the least-square
estimation, is sent to the neural networks. The neural networks output is the
calculated force. The weights of the neural network are adjusted every
sampling time (1msec) by the error between calculated force and measured
force.

The architecture of the nonlinear three-layer neural networks for

environment impedance identification is shown in Figure 5.3. The input layer

/

Neural
Networks

fd + T X r

Controller Robol tEnvironment >

y

Fig.5.2 Environment Impedance Identification



Wik

Fig.5.3 Three Layer Neural Network for Identification

consists of 3 neurons, the hidden layer consists of 4 neurons and the output
layer consists of 1 neuron,

The process which is done in the neural network is same as that of the
neural network controller explained in Chapter 4.5. The weights and the
threshold values of the neural network are adjusted by back-propagation

algorithm every sampling time (1msec).

After the neural network finished learning, or even during the
learning process, it realizes the model of environment impedance in
themselves implicitly because of their learning ability. However, if we input
some dummy values which are close to learned values (actual input values) to
the neural networks, it is possible to approximately obtain the coefficients
explicitly by comparing dummy input values with output value. We must be
careful for chosing dummy input values. If they are far different from
learned values, the output of the neural network would be wrong. Because the
neural networks store the relation between given inputs and output. Valid
Output of the neural network can be obtained only when learned inputs are
given. Therefore if we do not know learned input values, this explicit
identification method can not be used. However, if we know learned input

values this method is useful for explicit identification. For example, if we know
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the robot manipulator push the environment about 1mm to obtain the desired

force and its velocity and acceleration are small, we can input x. = 0.001 m, x=0
m/sec and X = 0 m/sec? to the neural network. Then the spring coefficient Ke

(N/m) which is realized in the neural network itself can be obtained

approximately by dividing the estimated output force (N) by xe.

% =0001m ——
Learning
x =0 m/sec — M
. N.N.
¥ =0 m/seci———>

Ke = {/x (N/m)

Next, we input X = 0.001 mm, ¥ = 0 m/sec? and small velocity % = 0.01
m/sec to the neural network, The damping coefficient can thus be obtained
approximately by subtracting the force which is produced by the displacement

0.001m from the estimated output force and dividing it by x.

x=000lm —
Learning
% = 0.01 m/sec ————> 1

N.N.
¥=0m/secZ —

Be = (f-Kex)/%x (Nsec/m)

Furthermore the inertia coefficient can also be obtained approximately in the

same way.
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6. Experimental Results

Experimental study was performed with the configuration explained in
Chapter 3. In this chapter, experimental results for environment impedance
identification using least square estimation is first shown. Then experimental
result of environment impedance identification using neural networks is
shown. In the end, experimental results of the neural network controller are
shown. The choice of numerical values for the gains of the hybrid controller
for environment impedance identification is by trial and error and should be
later justified by further studies. Remember, the controller used for
environment impedance identification is different from the neural network

controller,

Environment impedance identification was done with the hybrid
controller explained in Chapter 4.4 since exact desired force control is not
demanded for identification. One inch thickness styrofoam and rubber are
used as environment. The gains in the equation (4.15) for the force control law

are chosen as follows by trial and error

For Styrofoam : Kin = 1.0, Kn =0.003
For Rubber : K¢ =0.25, Kn=0,0015

The initial position of the robot manipulator for environment
impedance identification is decided as the position where the robot
manipulator applies a SN force to the environment, since the initial position
for identification is not evident when the force applied is low. For example, for

a styrofoam environment, the surface of the environment is rough. so that

37



some force must be used for eliminating the gap between the environment and
the force sensor and a gap in the force sensor itsell. For this reason, the
controller is switched from the position control to the hybrid control when
the measured force becomes 5N. In the force control, 120 Hz (bandwidth of the
force sensor) 2nd-order Butterworth low-pass filter is used for the measured
force after sampling to the dSPACE to get rid of noise.

For identification, measured force f, robot manipulator position x,
velocity % and acceleration X are used; a 35Hz Butterworth low-pass filter is

used only for the noisy acceleration signal,

The gains in the equation (4.14) for the position control law are chosen

as follows by trial and error to achiving an overdamped system
Kp]: = 40‘0.0 ’ K;w = 80.0

These gains are used for the position control law of the position controller, the

hybrid controller and the neural network controller.

6.1. Identification using Least Square Estimation

The experimental results of identification using least square estimation
(LSM) for the siyrofoam and rubber are shown in Figure 6.1 to 6.5. These
graphs show the measured force, the surface displacement of envirnment by
the robot manipulator, the spring coefficient calculated from the measured
force and the surface displacement of envirnment, identified coefficients Me,
Be and Ke using the least square method for first 4 seconds of identification,
The identification starts after the measured force reaches 5N, when the
controller is switched from position control to hybrid control. The initial

values for the coefficients are chosen as O Nsecz/m, O Nsec/m and 2*105 N/m
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for Me,Be and Ke respectively. The desired force is 20N.

The results in Figure 6.1 show that the coefficients are practically
identified during first 0.12 seconds. After first 0.12 seconds, the values of the
coefficients change less significantly. These experimental results show that
the environmental impedance can practically be identified in a very short

time using the least square method. It is difficult to compare the estimated val-
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ues of Ke in (¢} and (f) in this Figure since the values change a lot in the

beginning of identification. Some time after the time slot shown in Figure 6.1 is

shown in Figure 6.2 in order to compare the estimated values of Ke in (¢) and (f)

in the same scale.

As we can see from this result, the spring coefficient Ke is a realistic

vaiue since the estimated values of Ke in (c) is 6.8K{(N/m) and (f) is 7.2K(N/m)
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Iig.6.3 Identification Result from raw input signals for Styrofoam (LSM)

which are almost same (less than 6% difference). The damping coefficient Be
seems realistic. Unfortunately there is no way to prove this value is correct
since it can not be estimated in another way in the same experiment and it is
affected by experimental condition (temperature, humidity, etc.). The value of
the inertia coefficient Me is unrealistic as it results negative. In this

particular case, one of the reasons for this result is that the inertia coefficient
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Me is very small coefficient. It is very difficult to estimate exactly Me. If we use
another combination of unfiltered and filtered input signals for the
identification the results become even more unrealistic. For example, if we use
all raw input signals (unfiltered input signals), the measured force f{, robot
manipulator position x, velocity % and acceleration % for identification, as

shown in Figure 6.3, both the inertia coefficient Me and the damping

coefficient Be result negative.
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However, as far as the spring coefficient Ke is concerned, the estimated

value is realistic since it is always almost the same as the calculated spring

coefficient from the surface displacement of the environment and measured

force measurements.

Next, the experimental result of identification using least square method

(LSM) for the Rubber are shown (Figure G6.4). These graphs also show the

measured force, pushed distance by the robot manipulator, the spring coeffici-
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ent calculated from the measured force and the surface displacement of the
environment, identified coefficients Me,Be and Ke using the least square
method.

The coefficients are practically identified during first 0.05 seconds.
After first 0.05 seconds, the coefficients change only a little. It is difficult to
compare the estimated values of Ke in (c) and (f) in this Figure since the
values change a lot in the beginning of identification. Some time after the
time slot shown in Figure 6.4 is shown in Figure 6.5 in order to compare the
astimated values of Ke in (¢) and (f) in the snme scale. As we can see from this
result, the spring coefficient Ke of the rubber is realistic value since the
values of Ke in (c) is 44K(N/m) and (f) is also 44K(N/m) which are obtained in
different ways. The damping coefficient Be seems realistic. Again, there is no
way to prove this value is correct. The value of the inertia coefficient Me is

unrealistic as it is negative,



6.2. Identification using Neural Networks

The identification using neural networks is an implicit method but
explicit values for the coefficients can be obtained with proper input values
(see Chapter 5.2). In these experiments, the desired force is 20N and the
learning rate v of the neural network is set to 0.0001 after some experiment. If
the learning rate becomes smaller, the neural networks take more time to
learn (see Figure 6.0). If the learning rate is too large, learning may never
converge. The experimental results for the identification using neural
networks (N.N.) for Styrofoam are shown in Fig.6.7. The fixed dummy input
values (surface displacement of the envirnment, its velocity and acceleration}
to the neural networks for explicit identification for Styrofoam environment

to obtain the coefficients are chosen as follows

Displacement $Xe=2mm
Displacing Velocity : X = 10mm/sec

Displacing Acceleration :X = 1m/sec?

The combination of these values has to be close to actual combination of input

signals to the neural networks as explained in Chapter 5.2. In order to obtain

Estimeted
coefficient

smaller learning rate

Time

Fig.0.6  Effect of smaller learning rate
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the spring coelficient Ke, the surface displacement of the environment
(pushed distance)} xe is set t0 2Zmm and pushing velocity % and acceleration X
(velocity and acceleration of the robot manipulator) are set to 0. These signals
are dummy inputs to th2 neural network. We can obtain the spring coefficient
Ke (N/m) approximately by dividing output of the neural networks by Xe. For
the damping coefficient Be, displacement x. is set to 2mm, displacing velocity is
set to 10mm/sec and displacing acceleration is set to Om/sec? as dummy input
signals to the neural networks. Then we obtain the damping coefficient Be
(Nsec/m) approximately by subtracting the force caused by x. from the output
of the neural network and dividing by %. For the inertia coefficient Me,
displacement X is set to 2mm, displacing velocity is set to 10m/sec and
displacing acceleration is set to Im/secz as input signals to the neural network.
Then we obtain the inertia coefficient Me (Nsec:/m) approximately by
subtracting the force caused by the x. and X from the output of the neural
network and dividing by X.

If some of the input signals to the neural network are much larger than
others, those input signals dominate the other input signals which are almost
ignored. In order to avoid this situation, iff we know the order of magnitude of
the input signals a scaling is useful such that very small signals are multiplied
by constants such that all inputs are in the close order of magnitude. For
identification of Styrofoam environment, the displacement x is multiplied by
1000 and displacing velocity % is multiplied by 100 since they are small
compared to other input signals.

Figure 6.7 shows the environmental impedance identification result
using neural networks for Styrofoam. As we can see in Figure 6.7, after about
0.6sec the environment impedance is practically identified. Figure 6.8 shows
the error of the neural networks output, i.e. the "c'lif-férence between the

measured force and the estimated force by the neural networks. This data also



Be(Hosacln)

shows that it takes about 0.6sec for the error to become almost zero. 'The

identified coefficients by the neural networks seem good since the spring

coefficient Ke is almost same since calculated Ke from (c) is 6.7K(N/m) and

estimated Ke from (f) is 6.6K(N/m). The damping coefficient Be is similar to the

value which is estimated by the least square method and the inertia coefficient

Me is a small positive value. These values seems realistic. However, there is no

way to prove these values are correct.
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The experimental results of identification using neural networks (N.N.)
for Rubber are shown in Figure 6.9. The fixed dummy input values for explicit

identification for Rubber environment are chosen as follows

Displacement : x = 200un
Displacing Velocity 1 X = 10mm/sec

Displacing Acceleration : X = 0.5m/sec?

The coefficients can be obtained approximately in the same way as before. In
order to avoid that some input signals dominate the input signal, displacement
x is multiplied by 10,000 and displacing velocity % is multiplied by 100, since
they are small compared to other input signals,

As we can see in Figure 6.9, it also takes about 0.6sec to identify
environment impedance. The identified spring coefficient Ke for Rubber
environment by neural network also seems realistic since calculated Ke from
(c) is G2K(N/m) and estimated Ke from (f) is 56K(N/m). The damping
coefficient Be results smaller than the value which is estimated by the least

square method. The inertia coefficient Me also seems realistic since it is a small

positive value.
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This identification method can be improved following further study for

the efficient tuning of the neural network. In this thesis the focus is on the

comparative study of identification methods for environment impedance.
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6.3. Force Control by the Neural Networks Controller

The neural network controller introduced in Chapter 4.5. controls the
force applied to the environment, y position and the angle of the end-effector
of the robot in Cartesian coordinates (see Figure 3.1). The purpose of this
experiment is to verify the possibility and the effectiveness of the neural
network controller for force control of the robot manipulator in contact with
an unknown environment. For the unknown environment, Styrofoam and
Rubber are used in this study, As we explained in the Chapter 6.1. and 6.2., the
gains of the hybrid controller for environment impedance identification had
to be changed depending on the property of the environment. [lowever, the
gains of the neural network controller do not have to be changed since this
controller is adjusted to unknown environment. The gains in the equation
(4.19) and (4.20) of the hybrid control part of the neural network controller
are chosen as the same as the gains used for the above mentioned hybrid

controller for the Styrofoam environment impedance identification
Ko = 400.0 , Kpw = 80.0, K = 0.25

In this experiment, these gains are used for both Styrofoam and Rubber
environment. In the force control, 12011z (bandwidth of the force sensor) 2nd-
order Butterworth low-pass filter is used for the measured force after
sampling to the dSPACE to get rid of noise,

In order to show the neural networks effect in the neural networks
controller, the force response of the robot manipulator by the hybrid
controller without the neural networks is tested with the gains shown above.
The experimental force response result is shown in Figure 6.10. The desired
force (target force} is changed every 2.5 seconds between 10N and 20N. Since

the gain for force control is low and there is no error integral (the hybrid
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Fig.6.10 TForce Response of the Hybrid Controlier for Styrofoam

controller for environment impedance identification used error integral), the
applied force {measured force) can not reach the desired force.

Figure G.11 shows a 4sec time slot of the force response result of the
robot manipulator for Styrofoam with the neural networks controller about 10
seconds after the experiment is started. The desired force (target force) is
changed every 2.5 seconds between 10N and 20N. The learning ratc v ol the
neural network is chosen 0.00005 after some experiment. The result shows that
the robot manipulator follows acceptable well the desired force.

Figure 6.12 shows another experimental result for Styrofoam. The
desired force is combination of step signal which is changed every 2.5 scconds

between 10N and 20N and sinusoidal signal 4sin(xt). The learning rate is same
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as before. The result also shows that the robot manipulator follows acceptable
well the desired force.

If the learning rate n is too small, the neural network controtler can not
adapt immediately to the desired force which changes every 2.5 scconds
between 10N and 20N. Figure 6.13 shows the example of force response of the
robot manipulator with a small learning rate (y = 0.00001). It can be seen that
the force response can not follow the desired force immediately. llowever,
because of the neural network ability of learning, the force output of the
robot manipulator is able to follow the desired force after a few minutes, as
shown in Figure 6,14, This means even if we use a small learning rate for the

neural network, the desired force response can be obtained at a later time.

Desired Force

—a&— Measured Force

Force (N)

Time (sec)

Fig.6.13 Force Response with a small learning rate
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Fig.6.14 TForce Response with a small learning rate after a few minutes

Figure 6.15 shows the desired force, measured force, measured y position
and measured angle of the end-effector of the robot manipulator for
Styrofoam environment. In this case, the desired y position and the desired
angle are always zero. It can be seen, however, that the measured y position
and angle arce not zero. There are two major reasons, First, the position control
which is executed before the neural network controller works is not accurate
and therefore, there are some errors in y position and the angle of the robot
manipulator before the neural network controller is executed. Second, the
environment used for this experiment is soft and once force is applied, the
end-effector sticks on the environment, In such a situation, it is difficult to

position the end-cffector accurately.
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Fig.6.15  BExperimental Result of the Neural Network Controller

Figure 6.16 shows the force response of the robot manipulator for
Rubber environment with the neural network controlter about 10 seconds
after the experiment is started. The desired force (target force) is changed
every 2.5 seconds between 10N and 20N as same as before. The learning rate v
of the neural network is 0,00005. This result also shows the robot manipulator
follows pretty well to the desired force,

Figure 6.17 shows the beginning of another experiment result for
Rubber. The desired force is a combination of a step signal, which is changed
every 2.5 seconds between 10N and 20N, and a sinusoidal signal 4sin{=t}). The
learning rate is the same as before. The result also shows that the robot

manipulator follows well to the desired (orce.
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Fig.6.16 Torce Response of the Neural Network Controlier for Rubber - NO.1
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Fig.6.17 Force Response of the Neural Network Controller for Rubber - NO.2
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This experimental results also show that the neural network controller
can adapt in almost 5 seconds. This adapting time depends, however, on the
learning rate of the neural network, as | mentioned before and if the learning

rate is small, it takes more time for adaptation.
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7. Conclusions

7.1. Conclusion for Environment Impedance Identification

Two kinds of environment impedance identification methods are analysed in
this thesis. The identification of the spring coefficient Ke, both methods give realistic
resuits. For damping coefficient Be, both methods seem to give realistic values. For
inertia coefficient Me, the least square method gives a negative value while the
neural networks give a realistic result. Therefore the identification method using
neural networks seem to be able to give suitable values for the coefficients compared
to the identification method using least square estimation.

The coefficients with the least square method are obtained, however, faster
than with neural network method. The input signals to the neural networks have to
be similar values to actual input signals and scaled for the similar order of
magnitude, which sometimes becomes an inconvenience, especially for the
identification of unknown environment,

This thesis shows that the feasibility of two kinds of on-line environment
impedance identification methods for practical use, though both of them have a little
drawback. It depends on the situation that which method is preferred to be used. For
example, if identification of the inertia and damping coefficients is not very
important and quicker identification is required, the identification method using
least square estimation is preferred, and if identification of all coefficients is

important, the identification method using neural networks is preferred.

7.2. Conclusion and Future Work for Neural Network Controller

The application of neural networks to robot control is proposed and

experimentally tested in this thesis. The experimental results show that the neural
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networks controller proposed in this thesis is able to obtain the desired force in
Cartesian coordinates. This ability is not only for fixed desired force, but also for time
varied desired force. However, this thesis analyses only the feasibility and the
effectiveness of the application of neural networks to robot control in order to obtain
desired force in Cartesian coordinates and the search of a better neural networks
controller is not main purpose of this thesis. Therefore it is necessary to study
further the best learning rate, how many hidden layers are required and how many
neurons are required to perform a better control, since the neural networks
controller proposed in this thesis is not the best tuned controller. It is also important

to study the stability of the controller and select a better architecture ofl neural

networks from the variety of neural networks.
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APPENDIX A:
MANIPULATOR LINK DIMENSIONS
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APPENDIX B:
SPECIFICATION OF MOTORS
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APPENDIX B: Specitication of Motors

20 - 80% humidity

. NSK NSK System 7
tem 0408 0810 7521.250
Maximum Torque 9.8 Nm 83.2 Nm 2 Nm
NMaxi e
) iamn%%?lqi;lcuon 98 Nem 441 Nem .
Axial Load -
Capacity 1764 N 4508 N -
Moment Load
Capacity 19.6 Nm 78.4 Nm -
Rotor Inertia 0.009 kgfm? 0.084 kgfmz 0.28 kgem?
Weight 6.5 kgf 24 kef 1.9 kef
Resolver 614,400 or 409,600 or
R vy | 153,600 count/rev | 102,400 count/rey | 2:000 counvrev
0 - 40° C operating temperature
Environment -

71




APPENDIX C:
MANIPULATOR KINEMATICS

#I



APPENDIX C: Manipulator Kinematics

C1. Manipulator Kinematics
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81 _—V Y 02 % 03 AV y M >
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- -] — > -

D-H Transformations
Table of Link Parameters

variable | link-i | frame 0 |di | ai | e | CO | SO Ca | Sa
81 1 0-1 gr | 0 a1 | O | Cor} SO 1 0
82 2 1-2 o2 | 0 a2 | O Coz2 | Sez 1 0
03 3 2-3 g3 | 0 a3 | O Ce3 | Se3 1 0
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APPENDIX C: Manipulator Kinematics

0 az2Ciz+ai1C1
S1z Ciz 0O aSiz+ai1Si
T2 = Ai1A2 = 0 0 1 0 (1'2)
0 0 0 1
Ci23 -S123 0 as3Cizz+azCiz+a1Ci
S123 Ci23 O asSi123+azS12+a1S1
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0 0 0 1
Task Space Values
Zg
Euler G(¢,84) = Rz(¢)Ry{8)Rz(v)
Y _ —
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¢ . (9.0,9) (9) 0 0 1 0
g 0 0 O 1
1 0 0 x
Trans(xyz)=| 0 1 0 ¥
0 0 1 O
0O 0 0 1
Zg
Yg
Z0 a3
o — — — - -
/ / Xg
s
Z
X0 X
Co -S¢ 0 x
T3=[Transx,_,:|[E1 :|= S C 0 vy .
(x,y,2) uler G o 0 1 0 (1-4)
| 0 0 O 1]
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Ciz -S1z2 0 -a3Cy+x

T2 = T3A3 = Scl)z C(;z ? -a3$¢6+y (1-5)
0 0 0 1

C1 -S1 0 -aCrz-asCo+x

_ 4 St €1 0 -azS12-a3S¢+y i
Ti=TA2 = Al = o 0 1 0 (1-6)
0 0 O 1

Equate T3 (Eqn.(1-3)&(1-4)) t11
(1-7)

01+02+03 = ¢
Equate T2 (Eqn.(1-2)&(1-5)) t14 & t24

a2C12+a1C1 = -a3Ce+x
a2512+a1S1 = -a3S¢+y
square these two equations,

a2’Cl2 +2a1a261zC1+a12Ci = (-a_=,Cq>+x)22
a72S12 +2a12251281+a1°ST = (-a3Sp+y)

add these two equations,
alvar’+2a122C2 = (-a3C¢+x)2+(-a38¢+y) ‘

Cp e 22 201 4 (-a3Ce+x) + (-a3Se+y)”
2a1az

2 2 2 2
82 = acos( —2—2* HF&;ET;;{) +(-a35¢+y) ) (1-8)

Equate T1 (Eqn.(1-1)&(1-6)) t14 & t24

-a2C12-a3C¢+x = a1Ct
-a2512-a3S¢+y = aiS1
then
(-a1-a2C2)C1+a25152 = a3C¢-x
(-a1-a2Cz)S1-22C152 = a3S¢-y

So
M(-w-azCz))Sl

a3Ce-X
(-a1-a2C2+ —50- a252)Ci = (-a2S52+ 2350-y
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S ¢ (a3S¢-v)(-a1-a2C2)+(a3C¢-x)azs2}
C1 ((a3C¢-x)(-a1-azCz)-(a38¢-y)a2$z)

01 = atanZ(((asSqry)(-a1-azC2)+(a3C¢-x)azSz),((a3Cq>-x) (-a1-a2C2)-(a3S¢-y)az2S2))

(1-9)
From Eqn.(1-7),(1-8),(1-9),
03 = ¢~01-62 (1-10)
C2. Manipulator Jacobian
x = a3Ci23+a2Ci1z2+a1C1
y = a35123+a2512+a1S1
¢ = 01-+02+03
-a3S123-a2S12-a1S1  -a3S123-a2812 -a3S123
J=| asCizz+azCi2+a1iC1 asCiz3+a2Ci2 aszCi123 (2-1)
1 1 1
The inverse Jacobian matrix is
a2C12 a2S12 a3a2S3
Jl = 2252 -a2C12-a1C1  -a3S12-a1S1 -a3(azS3+a1S23) (2-2)
14 aiCi aiS1 a3a1523+a1a282
Derivative of Jacobian matrix is
| -asCi23-a2C12-a1C1 -a3Ciz3-a2C12 -asCi23
]=| -a3S123-a2S12-a1S1 -a3S123-a2812 -a3S123 (2-3)

0 0 0
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APPENDIX D: Manipulator Dynamics

Notation
A
Frame 2
Link 2
1
Frame 1 P2 S
-~ Q2
Center of Mass
Link 1 R2
R

/ P2x S2x
P2} =| p2y| , S2}=|Szy
P2z S2z

Frame O
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Manipulator Dynamics
Manipulator dynamics can be obtained by solving Recursive Newton-Euler
Equations.

Definitions
Ixx -Ixy -Ixz 0 -Cz Cy
(M} =] -Iyx Iyy -lyz [DevC]=| Cz 0O -Cx
“lzx -lzy 2z -Cy Cx O

0 -Qz Qy 0 Q2 Qy 0 -Qz Qy.’
[Deval=| Q@ 0 -OQx|4+| Q= O -« Qz 0 -Qx
-Qy Ox 0 Qy Qx 0 Qy Qx O J

Starting Values for Forward Equation

Angular velocity Angular acceleration

0

. 0
0 0

Velocity of Origin of Frame 0 Acceleration of Origin of Frame O

0 . 0
Vo=| 0 Vo=| 0
0 0

D1. Forward Equations (Link 1

D1-1. Angular velocity of link 1

0 Ci S1 O 0 0
Q1 = [Rotl]¥(fQ0} +]| 0 [} =|-S1 C1 O 0l=1]0
61 0 0 1 0 01
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D1-2. Angular acceleration of link 1

0 0
&1 = [Rot1jt({S0} + 0 | + [Dev o] O )
o1 o1

Cil S1 0O 0 0
S1 C1 O O[=t0
0 0 1 o1 01

I

D1-3. Acceleration of origin of Frame 1

V1 = [Rot1]t{Vo} + [Dev A1] {P1}

0] [o 6 olfa] [0 & of|0 -8 O}fa
=lol|+|8 o ollo|l+{e& o o|j@m 0 0]|0
| {0 0 ojl0]l0 0 0[O0 O O 0

~a1612]
= ai1d1
| -8

D1-4. Acceleration of the center of mass of link 1 |

Sl::
a1 ={Vi} + [Devaill 0
0-
~a1912 0 S1x612 -(a1+S1x)_€:312
=| aig1 | +| Sixb1 | + 0 ={ (a1+Six)o1
-8 0 | 0 -g
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D1-5. Effective force

-mi(a1+S1x)012
mi{a1+S1ix)81
-mig

F1 =mifai} =

D1-6. Effective torque

N1

[f1]{1} + [Dev 1] [[1}{Q1}

0 0 o|loO 0 -0 0 0
0 0 0|0}« 0 0 0 |=
0 0 | 7% .91 0 O 0 Lize O1

It

D2. Forward Equations (Link 2)

D2-1. Angular velocity of link 2

0 C2 S2 O 0
Q2 = [Rot2]H ({1} +] O |) =|-S2 C2 O 0
. 62 0 0 1 || &b

D2-2. Angular acceleration of link 2

0 0]
Q2 = [Rot2]t({€1} +| O | + [Devei]| O |)
82 éz_
Cz S2 0O 0 0
=i-S2 C2 O 0 =| 0O
0 0 1 || 8&+6 ?:)'|+'62_

81

0
= 0
01402
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D2-3. Acceleration of origin of Frame 2

V2 = [Rot2]t§V1} + [Dev A2] {P2}

cz s2 ol[-aéz| | o -@+8) 0 ||a2
=)|-82 C2 O|| aié1 |+|01402 O 0|0
c 0 1 -8 0 0 0||0

0 -(01+62) 0 -(6i+62) O || a2

0
Hoee 0 ollasez 0 0f)0
o o ojl o o o}f[o
-a1612C2+a10152-a2(61+62)2
=| a101252+a101C2+az2(B1+82)
-8

D2-4. Acceleration of the center of mass of link 2

S2x

az = {V2} + [Dev a2l O

0]
~a1012C2+a161S2-a2(61+62)2 0 -(B1+02) O |!S2x
= a161282+a101C2-a2(G1+62) |+|61+62 O O || O
g o o o]llo

0 -(+2) O] O -(6r+62) O | [S2x
+ 0402 0 Off6i+62 0 00
o o o]fl o o 0j|0

-a1812C2+a101S2-(a2+S1x) (61+62)2

= | a161282+2101C2+(az+S1x)(61+62)
-8
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D2-5. Effective force

-a1612C2+a181S2-(a2+S1x) (61-+62)2
F2 = m2{az2} = m2| 2a161252+a161C2+{a2+S1x)(B1+02)
g

m2(-a1612C2+a181S2-(22+S1x) (61+62)2)
=| m2(a161252+a181C2+(az+S1x)(01+02))
-m2g,

D2-6. Effective torque
N2 = [I2]{©2} + [Dev Q2] [12]{Q2}

(0 0 o] o] o -ééy) 0| O
=0 0 O N 0 + 01402 0 0 0 _
! 0 0 Iz 01-+62 0 0 0 L2 (BI'I'OZ)

0
= 0
i [222 (EH‘HZ)

D3. Forward Equations (Link 3)
D3-1. Angular velocity of link 3

0 C3 S3 O 0 0
Q3 = [Rot3]t(fQ2} +; O |) =|-S3 C3 O 0 = 0
03 0 O 1 || 61+62+03 01+62+03

&3
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D3-2. Angular acceleration of link 3

0 0

O3 = [Rot3]H({Q2} +| O | + [Devez]| O |)
03 03
C3 S3 O 0 0
=83 C3 O 0 = 0

0 0 1 B1-+62+63 01482463

D3-3. Acceleration of origin of Frame 3
V3 = [Rot3]t{V2} + [Dev A3] {P3}

C3 S3 0 || -a1612C2+a10152-a2(61+62)2
=[-83 C3 0 || a1612S2+a161C2+az(01+62)

0 0 1 g
[ 0 _.-(é'1+§z+'63) o[ as
+le+02+403 O 0|10
i 0 0 0, _0
[ 0 .-(él+62+63) 0.] | . 0 ] ~(61402+03) © [as
+ B1+02+83 O O || o+02463 O 0|0
0 o ofl o o o}jlo

L

—a1612C23+a181523-22C3 (61+62) 2+2253 (61+62)-a3(81+02+63) 2
~| 21612523+2181C23+a253(61+62) 2+a2C3(8)+62)+a3(01+82+63)
-g
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D3-4. Acceleration of the center of mass of link 3

S3x
a3 = {V3} + [Dev a3]| O
0]
\:/3x N 0 -(81+62+63) O |[S3x
=| V3y| +| @+82+83 O 0|0
V3z 0 0 0110
0 -(61+62+83) O ] P .-(él+éz+63) 0 {]S3x
+| G1+62463 O 0| 61462483 O 0llo
0 0 0 0 0 0{l0

-a1612C23+2181S23-22C3 (61+62)2+2253 (61+62)-(a3+53x) (81+62+463) 2
=| 21612823+a181C23+a253(61+62)2+a2C3 (61+62)+(a3+S3x) (B1+62-+63)
g
D3-5. Effective force

F3 = m3{as}

m3(-a1612C23+a181523-a2C3(61+62) 2+a253 (61+62)-(a3+S3x) (01-+62+63)2)
= | m3(a1012523+a161C23+a2S3 (61+62)2+a2C3 (61+62)+(a3+S3x) (61+62+63))

-m3g
D3-6. Effective torque
N3 = [I3]{23} + [Dev Q3] [I3]{Q3}
(0 0 o] o 0 (8ebasdy) O o |
=|0 0 O || O |+ o+6+63 O 0 o
I 0 0 I | 61+62+63 0 0 0 || Iz (01+62+403)
0
= .IOO
| Loz (1462:+63) |




Starting Values for Backward Equation

Force Exerted on the Environment by link 3

Torque Exerted on the Environment by link 3

0
ng=10
0

D4. Backward Equations (Link 3)

D4-1. Total force exerted on link 3 by link 2 at joint 3

F3x

f3 = [Rot4]{fo} + {F3} =| F3y
F3z

D4-2. Vector to conter of mass

a3+S3x
Qs={P3}+1{S3t=| O
0

D4-3. Total torque exerted on link 3 by link 2 at joint 3
n3 = {Rot4]{ng} + [DevP3][Rot4]{fe} + [DevQ3]{F3} + {N3}

0
= -(a3+S3x)F3z
(a3+S3x)F3y+lsz (01+62+63)
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D4-4. Torque applied by motor

0
<3 = [n3}t[Rot3]t{ O
1
O -0 e (1]
={n3jt| 0| = (a3+S3x) F3y+lau (01+62-+63)
1

DS. Backward Fquations (Link 2)

D5-1. Total force exerted on link 2 by link 1 at joint 2
f2 = [Rot3]{f3} + {F2}

C3 -S3 0] F3x F2x F3xC3-F3yS3+F2x
=| S3 C3 O || F3y | +| F2y | =| F3xS3+F3yC3+F2y
0 O 1} Fz F2z F3z+F22

D5-2. Vector to conter of mass

az2-Sax
Qz={P2} +{S2}=| O
0

DS-3. Total torque exerted on link 2 by link 1 at joint 2
nz = [Rot3]{n3} + [DevP2][Rot3]{f3} + [DevQz}{F2} + {N2}

C3 -S3 0 0
=l S3 C3 O -(a3+S3x)F3z
| 0 0 1 ]|(a3+S3x)F3y+hua (61+62+83)
0 0 O F3xC3-F3yS3 0 0 0 Fa2x 0
+( O O -az || F3xS3+FyC3|+|0 O -(az+Sa2x)| Fay|+ 0
0 az O F3z 0 a2+S2x O F2z| | L (61+62)
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(a3+-S3x)F3253
= -(a3+S3x)F32C3-a2F3z-(a2+S2x)F2z
(a3+S3x) F3y+Lzz (81+02+83) +a2(F3xS3+F3yC3) +(a2+S52x) F2y+lau (61-+62)

D5-4, Torque applied by motor

0 0
2 = {n2}Rot2]t | 0 | ={n2}t| O
1 1

= (23+83x) Fay-+lse (81+82+63) +22(F3xS3+F3yC3) +(a2+S2x) Fay-+Tz: (81+82)

D6. Backward Equations (Link 1)
DG-1. Total force exerted on link 1 by link O at joint 1
f1 = [Rot2]{f2} + {F1}

C2 -S2 0|} fx Fix f2xC2-f2yS2+F1x
=1 S2 C2 O || fay|+| Fiy|=| f2x82+f2yC2+F1y
0 0 1 f2z Fiz f2z+F12

DG-2. Vector to conter of mass

a1-Six
Q={P}+{S1}=; O
0



APPENDIX D: Manipulator Dynamics

D6-3. Total torque exerted on link 1 by link O at joint 1
n1 = [Rot2]{nz2} + [DevP1][Rot2]{f2} + [DevQi]{F1} + {N1}

cz2 82 0O n2x 0O 0 O foCZ-nySZ
S2 C2 O ||nzyl+] O 0 -a1 [] faxS2+f2yC2
0 0 1{|n2m 0 a1 O f22

il

0 0 0 Fix 0
+{0 0 <(a1+Siwx)| Fiy|+ 0_.
0 ai+Six O Fiz Tz 91

n2xC2-n2yS2
n2xS2+n2xC2-a1f2z-(a1+S1x)Fiz .
n2z+a1(f2xS2+f2yC2)+(a1+Six)Fly+hiz 61

il

D6-4. Torque applied by motor

0 0
1 = {m}fRotl]t| 0 | =imit| O
1 1

= n2z+a1(F2S2+f2yC2)+(a1+51x) Fly+iz: 1

where
ml=12.88 kg, ha=0.138841 kgmz
m2 = 5.95kg, lx=0.039523 kgm?
m3 = 0.44 kg, L= 1.339%103 kgm:
al =0.2207 m, Six=-0.0476 m
a2 =0.1603 m, S2x=-0.0619 m
a3=0.1508m, S3x=-0.0918 m
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APPENDIX E: Computer Code

% N.N. Error Compensation Cartesian Controller for Unkown Environment */
1* Programmed by Kazuo Kiguchi */

/% declaration of input / output functions */
Mleat ds3001(Jong base, long channel):
Moat ds2002(1ong base, long channel);

void ds2101(Tong base, long channel, Mout value);

finclude <d:\c30tools\math.h>

* declaration of gains for the controller ¥/

Moat k1 = 4.0000000E+02;
float bl = -0,8000000E+02;
foat k2 = 0,.2500000E+00;

1* declaration of variables */

Mot m = 1,2880000E+01;
Toat m2 = 5. 9500000+,
float m3 = 0.4400000E5+X),
Moat al = 0.2207000E+00;
Most 12 = O, 1603000E+0,
Toat a3 = 0. 1508000E+00;
Moat Tz = 0. 13884 1OE+(X);
Moat 12722 = 0.0395230E400;
Moat 132z = 1.3300000E-03;
Noat S1x = -0.04760006+00;
Moat §2x = -0,061900E-(X),
Moat 83x = -0.0918000E+(X),

Noat x1 = (0.4540000E+00;
foat x2 = Q.0000N00E+O0;
float x3 = 0.0000000E+00;

Noat xel = QOONONNDEHX);
Mot xe2 = O.0000000E+0;
Moat xe3 = 0.LO0000000EH0;
[Toat fe = 0.0000000E+00;

oat M[31[3];
Moat OMG|3]:
MNoan J13113):
float 1331135
loat JDJ3Y(3);
Moat x§30;

ot Me = 00000000E+U);
float Be = 0.0000000E+00;
float Ke = 2.0000000E+04;
Mo Me_1,Be_1.Ke_1:
Noat Kem =0.;

1* gain Kpp ¥/
I gain Kpv */
/* gain Kip */

1* mass | (k) %/
/* mass 2 (kp) */
* mass 3 (kg) */
* link 1 (m) */
* link2 (m) *
* link 3 (m) *

¥ X dircction displacement */
/* y dircetion displacement */
* angle fai */

f* % position control input ¥/
¥ y position control input */
M fui position control input */
I* force control input */

I* Incrtin Matrix */

f* Corillis cte, ¥/

1% Jacobian Murix */

f* Inversce Jacobian Matrix %/
* derivative of Jacobian */

I* eqnivalent mass cocflicient */

/* equivalent dumping cocflicient */
/* equivalent spring cocfTicient */
/* previous coclTicients */

* equivalent spring cociiicient caleutated from wlf/x( #/
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* initial variables ¥/

float x1d = 4.5400000E-01 ;
Mot x2d = 0.0000000E+D,
Toaut x3d = O.0000000E+N);
Noat ul = -0.5377671E+(X);
float u2 = 1.320501 1E+(X);
flout u3 = -0.7827340E+(X);

Moat ufd = 2,.0000000E+01 ;
float uf = 0.0000000E+00;

* output variables */

float y1 = 0.0000000E-+00);
Mout y2 = 0.0000000E+00;
flat y3 = 0.0000000E+(X);

/* other vurinbles */

Moat st = 1L.OOOOE-03:

APPENDIX B Computer Cocde

¥ desired x position */

* desired y position */

* desired tai angle */

* meror 1| measured angle */
* motor 2 measured angle */
% molor 3 ¥/

I* desired foree */
/* measured foree from foree senser */

* ouput of the hybrid controtler for motort */
/* output of the hybrid controller for motor2 */
* output of the hybrid controller for motord */

I* sampring time */

float to! =1().;
flom 02 =0.;
Naat 103 =0,
Moatul_1=0,;
foat wi_2=0.;
float ulT = 0.;
Noatuff_1=0.;
ot wif_2=0,;
float x1_1=0.;
flont x2_1 =0.:
float x3_1 =0,
Moat xlv=10.;
Moat x2v = 0.;
float x3v = (.;
Mout x1v_l =0.;
float x2v_1 =0.;
oat x3v_1 =0.;
Noal xlv_2=0;
float x2v_2=0,;
Moat x3v_2=0.;
Moat xIvl =0.;
float x2vi' = (),
Moat x3vi = 0.;
Toat x1vl_1 =0.;
iloat x2vi_t =0
float x3vi_1 =0,
Moat xIvi_2=0,;
float x2vf_2=0.;
Toat x3vl_2=0.;
Toat xla= 0.
float x1n_1 =0;
flomt xlu_2=0.;

* torque to apply motor 1 for foree control */
/* torque to apply mator 2 for Toree control */
#* 1orque to apply motor 3 for foree contrat */

I* Tiltered mensured loree */

1* x dircction velocity */
/% y dircetion velocity */
* angle velocity */

* x direction liliered velocity */
#* y dircetion filtered velocity */
* angle liltered velocily */

1* x direction aceeleration */

02



Moat xtal ={).;
Noat xlal 1 =0.;
Noat xlaf_2 =1(;
Noat ufde = 0,5
Noatui_1 =0.;
Mo w2_1 = ().;
oat u3_1 =0,
Noat u3_2 = 0.,
Noat w3 = 0,
MMoat u3l_1 =0
Noat wdr_2 =10,
Noat ulv ={,;
Mot w2y =1).;
flewtt ulv = Q.
Toulv_1 =0.;
flomt u2v_1 =10.;
flomulv_) =0;
flom u3v_ 2 =10,
Mo w3vl =0,
et udvi_1 =0,
MToat udvl 2 =0,
Toat ula =4,
Mot u2a =(0,;
MToat u3a =A{).;
Aoat ulu_t =0.;
Moat ula_ 2=10;
Noatulal = 0.;
MNoatwlal_l =0.;
Noatulal_2=10.;
Noat u2a_1 =0
Mloat w2a 2 =0.;
Mot u2al’ = Q.
Moat u2al _1 =0
loat w2ai 2=0;

intN=2;
int Nl =0
int N3 =11,
int ij;

tnt 8 = ()

fout s1,¢1,82,c2,83,¢3;
Poal $12,612,523,023 51230123
Toat G ib, e tuy;

Noat den;

floatui_i ;

Moat x0;

{Toat xle;

float col = (.

Mot co2 = ().

Mot sgnt;

Toat sgn2;

APPENDIX E: Computer Code

#* x dircction liltered aceeleration */

/* instunt desired foree */

* angular velocity of Hnk | */
 angular veloeily of link 2 %/
* angular velocity of link 3 */

* angular aceelersion of link1 */
* angular acecleration ol link2 #/
% anpular accelerition of link3 */

* counter Tor plotting */
#* caunter for position control */
* counter Tor changing desired loree */

% Toree/position mode */
/* emporary varinbles ¥/

/* temporary variables ¥/
¥ lemporary variables */

——

* initial forec */

* initial position of faree control */
1% pushed distance */

* coeficient of friction comp, */

* coeficient of {riction comp. */

¥ sign lor lriction comp. Motor | #/
#* sign for friction comp, Motor 2 */
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1* Initial Weights of Nevral Network */

foat wil = -1,000E-03"
Noat wit = {.439E-03,
float w21 = 1,275E-03;
float w3l = 2,550E-03;

MMout w81 = 1.750E-(13;
Moat wol = 4,100E-03,
Moeat w2 = =1L 100E-03;
lout w12 = 6,700E-03;
MMoat w22 = 7.500E-03;
Noat w32 = L200E-03;
float w42 = -2.878E-03;
float w52 = 1.732E-03;
Nowt w2 = 1.238E-03;
Now w72 = -1.937E-03;
floal w82 = R.100E-03;
Noat wo2 = 2.580E-03;
fToat w03 = -1.200E-03:
Moat w13 = -1.300E-03;
float w23 = 1,532E-03;
Mot w33 = 1L.400E-03;
float w43 = S5.120E-013,
float w53 = 1.097E-03;
Moal we3 = 2.005E-03;
flont w73 = 5.800E-03;
Moat w3 = 1.178E-03;
float w93 = -1, .800E-(13;
float wid = -1.300E-03;
float wld = 3.927E-03;
float w24 = 4.190E-(3;
Moat w34 = -8.450E-(13;
foal wad = -8.475E-03;
float w54 = 3.938E-03;
Mtoat wod = -1.838E-03;
Towt w74 = -1.622E-03;
float wi4 = -2, 750E-(3;
Noat wod = 0.172E-03;
loat w05 = -1.400E-03;
Moat wis = 1.476E-03;
float w25 = 0.900E-(13:
{loat w35 = (0.667E-()3;
Toal w45 = 4.619E-03;
Moal w55 = 0.BRUE-()13;
Moat was = LOKDE-(13;
Noat w75 = 4.600E-03;
float w5 = 1.525E-03;
[Toat w95 = 0.105E-03;
ftoar w6 = -1,500E-03;
Moat wie = 1.333E-03;

float w41 = -3.500E-03;
fAoat w51 = 1.300E-03;
Noat wel = 1.Y915E-03;
Noat w71 = -4, LF0E-03;
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Nost w26 = |LAORE-O3;
ol w36 = 1,250E-03;
Mot wa6 = 1.333E-03;
MMoat wih = LOGTEAD;
Mo woh = 1.524E-03;
flowt w76 = 1L.750E-03;
Noat wis = 3.800E-03;
Moat wos = (L 106E-03;
Moat w7 = -L7T0E-03,
{lont wi7 = 1.381E-03;
{loat w27 = 0.921E-03;
ot w37 = -6.550E-03;
Toat wa7 = -4.286E-03;
Nout w7 = 1LIROE-03;
(Toat w67 = O.TTRE-03;
flom w77 = LBSOE-03;
Noat w7 = 1L120E-03;
out wb7 = (LIOTE-(03;
Toat wig = - 1.700E-03;
float wik = 1,.500E-03;
Moat w2kt = 1.548E-(3;,
Moal w3k = 1.403E-(3;
float wdR = 1.387E-(13;
Noat w8 = 1,.500E-03;
Toat woB = 1.ROGE-03;
ftont w78 = 1, 700E-03;
lMont wid = 1.225E-03;
float wor = O.108E-03;
Moat wiR = -1 BO0E-(3
Mot wiv = 1.502E-03;
loat w29 = L542E-03,
float wiv = LAO2E-03;
Mot wd9 = 1.382E-003¢
float wav = 1.502E-03;
flnat w69 = 1.BO2E-03;
Noat w79 = 1.702E-03;
[Moat w9 = 1.222E-003:
float woo = (0, 102E-03:
Moaut wix = - 1LUOOE-03;
fTow wix = 1.503E-03;
Moat w2x = 1LS3E-03;
flont wix = 1L403E-(3;
float wex = 1LIR3E-03;
fToat wsx = 1,503E-03;
Moat wox = 1L.BO3E-03;
loat w7x = 1.703E-(3.
float wlx = 1,223E-03;
Moat wox = 0.103E-03;
fNoat wix! = -1.133E-013;
Noat wisxl = .504E-(13;

Mfom w2x| = 1.544E-03;
Nloat wix!l = 1, 44E-03;

float wax | = 1.384E-03;
float wSx1 = 1.504E-03;
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Noat wéxl = 1L.ROGE-03;

{Tom w7x1 = 1.704E-03;
Noat w1 = {.224E-03;
Mowt woxl = (. 104E-03;
Moat wOx2 = -1,234E-03;
float wix2 = 1,505E-03;
float w2x2 = 1.545E-03;
loat w3x2 = L405E-03;
Moat wdx2 = [3RSE-03;
Noat wsx2 = 1.505E-03;

float wéx2 = 1,805E-03;
Mom w7x2 = 1,705E-03;
float w8x2 = 1.225E-03;
Noat wox2 = (.105E-03:

float vO1 = -1,050E-03;
Mot vil =-3.415E-03;
float v21 =-1.570E-03;
Moat v31 = 3.138E-03;
Nout v4i = -6.800E-03;
float v51 = -2.212E-03;
fowt v6l = 1,976E-03;
Moat v71 = -9,512E-03;
floal v81 = K.026E-03;
float vO1 = -4.162E-03;
flont vx1 = 3.532E-03;
Nout vx 11 =-1.23E-03;
float vx21 = -].650E-03;
float v02 =-1.150E-03;
float v12 = 1.075E-03;
flomt v22 = -6.9508-03;
fioat v32 = 7,500E-03;
float v42 = -4.200E-03;
Moat v52 = -8.750E-03;
float va2 = -1.039E-03;
float v72 = 5.650E-03;
[Tomt v&2 = -2, 756E-03;
{loat v92 = .5,352E-03;
NMoat vx2 = -R.803E-03;
out vx12 = -6,244E-(3;
float vx22 = -5,.537E-03;
Moat v03 = -1.658E-03;
float v13 = 1.242E-03;
Noat v23 = -2.742E-03;
{lout v33 = -1.030E-03;
flout v43 = 2,921E-03;
{lowt v53 = -6.420E-03;
float v63 = -4.420E.03;
foat v73 = 2.921E-03;
MNoat v83 = R418E-03;
Nout vo3 = 8.935E-03;
float vx3 = 9.605E-03;
Roat vx13 = -5,594E-03;
Noat vx23 = 8.905E-03;
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flowt h1 h2,h3,0h4,h5,h6 07 h8 RO h1OKE 1L RE2,0EA2,3,

Noat difl 1, dil2,dil3;

float sh1,sh2,sh3,sh4,5hS,5h6,5h7,5h8,5h0 sh10,sh 11,8 12,501,512 513,

float sh1d sh2d sh3d,shdd shsd,shod,sh7d,sh8d,shod sh10d,sh 1 Td,sh12d st 1d,s12d 53d;
Moat st1_1,852_ 1,583 _1,iv),iv2,iv3,ivd,ivs,ive,iv7,ivR,ivo,vden;

Nowt erl er2,er3 erd.erSer6,er7,erf e erlert Lerl2;

float ford for2 for3; * Torue commands lor the motor */
{Tout &l = -1O00E-04; {* Learning Rate */
e_intlx)
{
w_2=ul_i;
ul_l=ul;

ufl_2=uiT_1;
ufl_1=ulT;

ul’ = -200%(ds2002(0x00000020,0x 000001 N -ul _i);

ufT = L0913l + 0.1826%ul_1 + 0.0913*ul_2 + 0.9824*%ull_| - (.3477*ull_2; % 120H2 */
il {8 == O){
iF{N1 == 5000){
x1d = 0.456;
x2d =-0.10)
3d =0.40r
}

il (N1 == 6000){
xd = x 10001,
X2d =040

3d=00;
NI = 5000;
}

NT++;

}

xi_l=xl:

x2_1=x2;

x3_1=x3;

xiv_2=xlv_I;
v _l=xiv;
sviL2=xiviLl
vl T=xivi;
X2v_2=x2v_1;
X2v_1=x2v;
N2 2=x2v_I
A2 1=x2vl
X3v_2=x3v_I;
83v_l=x3v:
X3 J=x3vi_1;
XaAvi_I=x3vly
ul_1=ul’
ul_l=ul;
u2_I=u2;
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ud_2=u3_1;
ud_l=u3;

W3 2=u31_1;
u3l_1=u3l:
ulv_l=ulv;
u2v_l=ulv;
udv_2=uldv_l;
udv_l=u3v;
ula_2=ula_1;
ula_l=ula;

ulaf 2=ulal_J:
ulaf_l=ulal;
20 _2=ula_1;
u2a_l=ula;
ual_2=udai_I;
uZal_1=ulaf’,

ul = (-0.5377671 E+00)- 1*ds300 1000000040, 0x00000001)7.01 16578;

u2 = (1.320501 1E+00)- 1*ds300 1 (000000040, OxODKN2).XTT6:

u3 = (-0.7827340E+00)- 1 ¥ds3001 (OxQONDMS0, Ox000XKXI3)/3, 79IRG5E-05;
u3l = 0.0104%u3 + Q.0209%u3_1 + 0.0104%u3_2 + 1,691*u3{_1 - 0.7327*u31_2;

s1 =sin{ul);

¢l =cos(ul);

82 = sin(u2);

€2 = cos(ul):

$3 = sin(u3;

5 = cos(u3l);

812 = sin{u!+u2);

¢l2 = cos(ul+ul);

$23 = sin{u2+u3l);

¢23 = cos(u2+u3l);
$123 = sin{ul +u2+u3l);
¢123 = cos{u l+u2+u30);

x| =a3¥%c123 + 12%¢]12 + al*el;
X2 = u3%5123 + a2*%812 + al*sl;
3 = ul+u24udl;

xlv=(xI1-xI_1)st;

XIvl = 0.0104%x v + Q.0209%x1v_1 + 00109%x1v_2 + 1L.691%x1vI_| - 0,7327%x1vI_2:
X2v = (X2-x2_1)MsL;

X2 = 0.0104%x2v + 0L0209%x2v_1 + O0.0104%x2v_2 + 1.691%x2v1_| - 0.7327%x2v(_2;
X3v = (x3-x3_1)Ist

3vf = 0.0104%3v + 0.0209%3v_1 + 0,0104*x3v_2 + 1.691%x3vi_ | - 0.7327*x3v[_2;
xla 2=xla_I;

xla_1 =Xl

xlai_ 2=x1a_1;

xlal_1 =xlaf;

xla=(xlv-xiv_1)st

saf = 0.0104%x 10 + 0.0200%x Ta_1 + 0.0104%x 1a_2 + 1.691%x lad_] - (L7327%x huf_2:

ulv =(ul-ul_I)/st;

98



APPENDIX B Computer Code

v = (u2-u2_1)/st;

udv = (u3-ud_l)st;

udvl = 0.0104%u3v + 0.0200%03v_ 1 + 0.0104%03v_2 + L.691*udvi_1 - 0.7327*u3v[_2;
ula = (ulv-ulv_1)/st;

u2a = (W2v-ulv_1)/st;

udiv = (3 vl-u3vi_I)st,

uwlal = 0.0104%ula + 0.0200%Fula_] + 0.0104%u1u_2 + L6D1*ulal_1 - 0.7327*%ulal_2;
u2al = 0.0104%u2a + 0.0200%u2a_| + 0.0104%u20_2 + L6V 1*e2ad_1 - 0.7327*u2al_2;

il (ult > O.80){
irs==0)x0=xlt;

s=1
}
i (ult < 0.00 && s == 1){
=10,
NI =400,
}
ifs=1){
if(N3 == 2500) {
ufd = 10.0;
x2d =0.0;
}

if(N3 == S00) {
uid = 20,0
x2d = 0.0

N3 =),

}
uldt = ufd; /* + 4*sin(3. 141 592654* 51*N3); */
if(N==2

{

Xle=xl1-x()
iltx1e 1= 0) Kem = ufl/xlc;

asm(” trape 27"); * call TRACE3( */
N=0;
}

Ne-+;

N3+

}
if(ulv>0) spnl = 1.;
clse iffuly <) sgnl = -1,
clse sgnl = 0.;
if(fubstulv) <= 0,002) col = (abs(ulv)/0,002;
if(u2v > 0) sgn2 = 1.
else if(u2v < O) sgn2 =-1.;

else spn2 = 0,5

ilf(fabs(u2v) <= 0.002) co2 = {abs(u2v)/0.002:
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J[0][0] = -a3*5123-a2%5]2-al*s1;
JIOI] = -a3%s123-02%512;

HOY2) = -a3%s123:

JIN0] = a3*c123+a2*ci2+al*cl;
JI[1] = a3*c1234a2%¢12,
JINI2) = a3%c123;

J2110]=1.;

I2i =1

Ji2i21=1.

den = al*u2*s2;

if (fabs(den) > 0.001) {

1J10][0] = a2*¢12den;

1O = a2*s12/den;

IHO2] = a2*a3*3/den;

LBII0) = (-a2%c12-al*¢l)/den;
U] = a2*s12-a1 %5 1 )iden;
W[112] = -u3*% (2 *63+a | *¥23)/den;
LI[2[[0] = al*el/den;

U211 1) = al*s1/den;

L2]12] = ol *¥(a3*s23+u2%52)/den;

}

JD{0][0] = -3%*¢123-w0%¢12-a l ¥el;
ID[O)] 1] = -a3%¢123-a2%c12;
IDI0)2) = -3%c123;

ID[1}10] = -a3*$123-22%s 12-a1*s1;
ID[1)]1] = -a3%s123-02%512;
ID[Y|[2] = -a3%5123;

it = u2*e3+a1¥c234+034+83x;

b = 02*53+01*523;

e = a24u1*e2+82x;

MO0} = 1 zz4 1272413 724m3 % * (2] *c23+02% 3403 +S3X)+m3%th* (01 523402 %3 M- m2* (CH - 2% | ¥ 1 #52% 50
+mi*(al+S1x)*(a1*S1ix);

MO 1] = 122241 3774+m3%a* (02 %A+ 3+ 83X ) 4+mI* 2% 3% b+ m2* (a2+S2x ) *1¢;

MI0J(2) = 13224m3 334+ 83x)* L

METI0] = D224 13774m3% (01 ¥ 234023434+ S3x)* (0 2% 33+ S HMI* a2 3% (0 ¥ 23H02% 6 3)+m2* (424 S 2X)
*(al*c2402482x);

MI [T = 1222413 724m3*(02* 34034 83 X)*(02%¢34+034+-S3x - m3Fa2* 2% 3% 3+ mI* (0 24- 525 (12 4-82x);

MILTN2] = 13274+m3%(u34-83X)* (12*¢3+:13+83x);

MI210} = 13274+m3* 3 +83x)* (] *c23+02%3+u3+853x);

MI2111] = 13z2+m3*(u3+S3x)* (13+53x)+m3*u2*3;

MI2]12] = I377+m3*(13+S3X)*(:3+53x);

v = {ulv-rulv+udv *(ulv4ulvauldvi);

OMG({0] = (m3*u1*s23*10-m3%u | *c23* b+ m2*a | #s2%(e-m2%a 1 *a } *0 | *s2%2%c2)*u | v¥ul v + (m3*a2%s3%-
m3*a2%c3*h-m2%a 1 *a ] ¥52%2% (224 S2x))* (Ul v4u2v)*(u ] v+u2v) - m3*1b*(u3+S3x)*1uv;

OMG[1] = (m3*{a2*c3+u3+S3x)*ul *$23-m3%a 1 *a2*535c23+m2%a 1 *825(02482x))*u L viulv + (m3*u2*s3
*(02*c3+u3+53x)-mI*u2*u2*53*%cI ¥ (u L v+udv)*(ul v+u2y) - m3*a2*s3*(W3+S3x)* v,

OMG[2] = m3*(u3+S3x)* (0 1*$23*ulv¥ulv + u2*s3%(u lv4u2v)*(u lv4u2v));

xcl =kI¥xId-x1)+b1*xIvl; /* control law for x */
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xe2 = k13(x2d-x2)+bEEx2vf; * control law fory */
xe3 = K13(x3d-x3)+h 1 =3[ * control law for fai */
iMs= 14

e = k2%(uldi-ulfy,
}

x0] = xe | -(UIDIO]O ¥ 1v+ID{O] H [*udv-+HI DO [2[* 3yl
1] = xR0 ulv+ID] E] 1 *u2vI D L2 u3vD);
2] = xe3-(DI2 O ulv+ID121] 1 P*u2v+ID] 2] 2 [*u3vl);

101 = JJOHO*Te+uldy;
102 = JJOJ ¥ (Fe+uldt);
103 = JJO) 2| (fe+uldt);

if(s==0){
y1 = MIOHOPFITONOPOMLION 11T IO [2D+MIOJ I HOPEXIOIL T[T+ 21812
AMIOIZ P ZHOPXIOMII2H X 112021 * X [21)+OMG[G]+5g0 1 *col *0.9%0.8;

y2 = MO0 ORI T FESTLIION2PE2D+MITITFAITIOPES[ORLITNTTPE D2 *(2])
M2 2001 O 22 N21* X 21)+OMG] ] [4sgn2*co2*(0.3;

y3 = < PHMI21OP(IOTOPIORLION 1] HLON2 = [2D+MI2][ 1% TIOPEIOLIT L[]+ 1] [2)*x12))
FMIZN 21RO I0M+UI2T ST I[211212X12)+0OMG2));
% y3 = - 1%(MI2)10PFutaf+M[2]] t FudareM| 22X UI2HOPF O #2121 [2)+OMG[21); %

}

i (s=1){

y1 = MIOJLOPI[OI PEXLLHII0] 21|21+ MO UECIN X L] 1215 2D+MIOH2 211 1*x] U+ [2]12]
*X{2D+OMG{0}+101; .

y2 = MUETOPFCUTOI L P*XTU+LIO 21 2D+MI U *ESTUIP D02 2DHMITE2IR 2] 12X +512]12)
*x[2[H+OMO] | J+o2;

y3 = - U(MIZPOPEAOT] 1 TEXTHION2 =X 2D+MI2E U UTTETU+BE 2 2D+MI2] 2112 T*x[1]
+20[21*x | 2)+OMG| 2 [ +103);

}

1* Newural Networks ¥/
ifMs=Nn{

ivl = x1;

iv2 = x2+0,01;
ivd = x3+0.01;
ivd=xi_I;

ivs = x2_1+0.01;
ive = x3_1+0.01;
iv7=yl;

ivR =y,

o =1y3;

hl = wOl+w TR Iaw2 v 2ew3 T3iv34wd L¥ivdew S T Riv SHwa T ¥ ivaew T 1 ¥ vIHwB 1 XivR+wO 1 ¥ivD;
h2 = wO2+w 1 2%V 1 W22 % iv 24 W3 2% v34+waA2 Fivd+w 52 v S+w B 2% vE+ W 72%i v 7+ WwB X vB+wO2 %{vD;
h3 = WOS+W I3%iv 14w Iv24+w33% va4wd3 S ivd v S3% v S+WO3* vEHW T3 *i v+ WB3 VB WO *{vO:
h4 = wObrw 14%iv I+w24%iv24w3I4*ivi+wdd* ivd+wS4%ivS+wid s ivet wT4%i v 74wB4% i vB+wid*ivo,
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hs = wOS+W I 5%iv I +wW2S%iv2EwR S* I va+waAS ¥ ivd waS %S v Srwa SR iver W TS¥ IV THWRSFIVR+WOSEivO;

h6 = wOREW 16%iv I+W20%iIv2HW3 6% I vI+WdOFivd wS6%i v SEWOHF IVHH W TERF IV THWROF IVR+WOER | vY:

h7 = wOT+HwW17%iv I+w2 7% 24 w3 75 v34wWdTHivA4w S TH v WO TRV W TTR IV THW B TRivB+wo 73 1y 0:

h8 = wOB+wWIB*iv I +WIB*iv2+w3B*ivI+waB*) vad4w SR*iv SHwWERR v+ w7R* i v 7w BR* ivB+wORvO;

h9 = WO+wW 9%y I+W29%iv I+ W30F I vI4awd0% v 4w SO¥ v SHWEO* v G- w70 v 74+ wRO¥ivB+wO0 s jyy):

h10 = WOXHW IX¥IV WK W3R RV 3ewdn Fivg - WX F v S WO FIVOEW TN FIVTEWBR FIvE+ WO R v,

hll = wOXT+w IXT¥iv AW TRiv2hw3x LRv34wdn L Fivdew S TE v S+wOs 1 EIvEHw TR T FivTHwRS LR iviRewOx |
*jvo:

W12 = wOX 24w EX2%Fv w2 2% v AW 2 ¥ IV 34w X 2F v w SN 2 v S WO 7 VG4 W TN 25 v T B 2R v R WOy 2
*jv,

shl = 2/(1+exp{-h1))-1.;
sh2 = 2/(1+exp{-h2))-1.;
sh3 = 2/(1+exp(-h3))-1.;
shd = 2/(1+exp(-hd))-1.;
sh5 = 2/(1+cxp(-h5))-1.;
sh6 = 2/(1+exp({-h6))-1.;
sh7 =2/(t+exp(-hT)-1.;
sh8 = 2/(t+exp(-h8))-1.;
§hY = 2/(1+exp(-ho)-1.;
sh10 = 2/(1+exp(-h1N)-1.1
shll =2/(1+exp(-ht1))-1.;
sh12 = 2/(1+exp(-h12))-1.;

11 = vOL4+v L 1Fh I4v2 1¥h24v3 ¥ h3+v4 L ¥hdev S EhS+vS L RhGHvT L THvB I h&4+vO 1 2004 vx XD 10+vX L1 *hT |
+vx21*h12;

12 = v24+v | 2%h 1 4v22*h24v32*h3 4+ v42 ¥ R4+ v S2* h S+ vA2 S hAHv T2*h THVRIA R+ vO2* ho4-vx 2*h 104vX 12241
+vX22*h12;

13 = vi3+v 1I3* 14232 W24 v 334 h3+v43*¥ hd+v S3* h S+vE3*hGHv T3 h T+vEIF hB+VO3 *hO+vx3*h 104y x 13% K1 |
+vx23*h 12,

stl = 40/(1+exp(-t1))-20.0;
§12 = 20/{ 1 +exp(-12)}-10.0;
s3 = 2/(1+exp(-13))-1.0;

forl = y1+J[0J[07*st 1+ 1 {01 s2+32][0)*s13;
for2 = y242{0][ 1 [*st 1431 1) 1]*st2432 )11 J*s13;
for3 = y3+J|ON2 P sL -+ 11215512431 2112 *s13;

if (forl > 16.0} forl=16.0; * lorque saturation Tor motor 1 */
elseil (forl < -16.0) {forl =-16.0;

if (for2 > 2.5) for2=2.5; #* torgue saturadion for molor 2 */
clse il (for2<-2.5) for2 = -2.5;

if (for3 > 0.6) for3=0.6; /¥ torque saturation for motor 3 */
clse if {for3<-0.6) for3 = -0.6;

ds2101{0x 00000080, 0xOO000001, forl/BR.2);
ds2101(0x0000008C, Ox00000002, Tor2/9.8);
ds2101(0x00000090, Ox000M3, Tor3/2.0,

dif'l = ufdi-ulT;
dif2 = x2d-x2;
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dild = x3d-3;

stld = dFexp{-t A +exp-tD*(14exp(-t1)))
st2d = 20%exp(-t2)/(( 1+exp(-12))*( 1-+exp(-12)));
s13d = 2%exp(-B)((1+exp(-B))* {1 +exp(-B)):

shid = 2*exp(-h1)K(1+exp(-h)Y*(1+exp(-h1));
sh2d = 2%exp(-h2)/(( 1+exp(-h2))*(1+cxp(-h2)});
sh3d = 2*exp(-h3M((1+exp(-h3))*( 1+exp(-h3))):
shdd = 2%exp(-hd)(() +exp(-hd))*(1+exp(-hd)));
sh5d = 2*exp(-hSY((1+exp(-hS)*(1+exp(-h5)));
shed = 2*exp(-hOY((1+exp(-h6)1*(1+exp(-h6)});
sh7d = 2%exp-h(( -+exp(-h7)*(1+exp(-hTn):
shitd = 2¥exp(-hR)(( I +exp(-h8)1*(1+exp(-hR)));
shod = 2*exp{-hO({ +exp-h)y*(1+exp(-h9)));
sh10d = 2%exp{-h 1 1+exp(-h IMP*{ 1+exp(-h 1O0));
shl1d = 2%exp{-h] DA(1+expl-h 1 DY*(1+exp(-h 1 1));
sh12d = 2%exp{-h12)K( 1 +exp(-h 12))*( 1+exp(-h12)));

erl = dif 1*stld®v ) 14+diR*s12d*v 1 2403 *s3d*v 13

er? = dil1 *FsUd*v2 1+dif2*512d* v 2213 %5 3d*v23;

er3 = Qi E*sUd*v3 1 +AiIRF 2% v324 il *s13d* v33;

erd = dil' 1511 d*vA 1 +dir2*s12d* v424+-dil3%53d* v43;

orS = dif 1*51 1 d* v 51 4+dil2* a1 2d* v S2+dil3* 513 d* v 53

or6 = Jil 1 5st1d*vEe 1 Hdil2*s12d* vE2+dil 3 %5 3d* v63;

or7 = dif 155t L d*vTL+dil #1220 v 724 i3 #513d*v73;

or = dif | *st 1d*vR 1 +-dil2*s12d *vR2+-di3 %513 d*vR3;

or9 = dif 1 #s 1 *vO 1 4+dil2* 512 * vO2+ i (3 ¥ 53 d*vO3;

ert0) = i 125 1 d*vx 1+ *s12d* vx 2+dif3 *513d% v 3;

ert 1 = dif1*stid*vx 1 1+dif 2% 81 2d*¥vx 1 24-dil3*s3d*vx 13
er12 = dif1*st 1 d*vx 2 -RAIT2* 8 20* v 224 di 1 3%53d*vx 23,

will = wiH-all*eri*shld;

w2 = w2t >er2*sh2d;

w3 = wO3-al{*crd*sh3d;

wiM = wiM-alf*erd*shdd;

w5 = wOS-ul®er5*shsd;

w6 = wOG-ul{*er*sh6d;

w7 = wO7-all*cr7*sh7d;

wOR = wOR-al*erR¥shid;

wi = wiv-allFerv*shid,

wOX = wOx-all*er 1 0%sh 10d;
wix ! = wOx 1-all*erl 1*sh1 1d;
WOXZ2 = wOx2-l*er12*sh12d;

wll = wll-al*crl*shld¥ivl;
wi2 = wi2-all*cr2*sh2d*ivl;
w13 = wid-all*er3*sh3d*ivi;
wld = wid-all*erd*shdd*iv];
w15 = wiS-ulf*er5*sh5d*ivl,
w6 = wiG-alf*eré*shodivl;
w17 = wi7-allFer7*sh7d*ivl;
Wi = wiB-ull*ceR¥sh8d*ivl;
w19 = wi9-all*erO¥shSOd*ivi,
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wix = wix-all*erl(®shi0d¥iv];

wlixl = wix)-all*erl 1*sh] 1d*iv]:
WIx2 = wix2-alt*er12¥sh12d*iv];

w21 = w2l-all*er] *sh1d*iv2;
w22 = w22l *er2*sh2d*iv2;
w23 = w23-ali*er3*sh3d*iv2;
w24 = wld-al*cerd*shdd*iv:
w25 = w2S-ali*erS*shSd*iv2;
w26 = w26-all*er*shcd*iv;
w27 = w7-all¥er7*sh7d*iv2;
W28 = waH-al*erR¥ shid*iv,;
w20 = w2G-al*er9*shOd*iv2;
w2 = w2x-alPFer1 0%Fsh 10d*iv2;

wax1 = wax -aif*erl 1*sh1 1 d*iv2,
w2x2 = wax2-all*er ) 2%sh 1 2d*iv2;

w31 = w3l-alf*cr 1 *sh | d*iv3;
w32 = w32 all*er2*sh2d*iv3;
w33 = wil-all*er3*sh3d*iv3,
w34 = w34-nl*cr4*shdd*iv3;
w35 = w3S-ail*er5*shad*iv3,
w36 = w36-ul*crG*sh6d*iv3;
w37 = w3T-al*cr7¥sh7d*iv3;
w38 = waR-ul*erR*shBd¥iv3;
w39 = w39-al{*er9*shOd*iv3;
w3x = wix-ali*er1 0*sh10d*iv3;

w3x1 = w3xl-all*crl 1*sh11d%iv3;
w3x2 = waAx2-all*er12%sh 1 2d*iv3;

w4l = wal-alf*eri*shld*ivd,
w42 = wal-ull*cr2*sh2d*ivd,
w43 = wa3-al{*cr3*sh3d*ivd;
w44 = wad-alf*crd*shdd*iva;
w45 = waS-al *erS*shid*iva,;
wd6 = waG-al[*erG*shod*iv4;
w47 = wadT-all*er7*sh7d*ivd;
wdR = waB-nl(*crR*shdd*iv4,
w49 = wa9-al{*crO*shOd*ivd;
wax = wax-aff*er10%sh | Od*ivd;

wax | = wax l-alf*erl 1 *sh 1 1d%ivd,
wa4x2 = wax2-all*er12*sh 1 2d%iv4,

w51 = wSl-ulf*er 1 *shld*ivs;
w52 = wS52-all*er?*sh2d*iv5;
w53 = wi3-l*er3*sh3d*iv5;
w54 = wS4-all¥cra*shdd*ivs;
w55 = w55-ull*erS*sh&i*ivs;
w56 = w56-ul[*er6*sh6d*ivs;
w57 = w5T-al*er7*sh7d*ivs;
w58 = waB-all *er8*sh8d*iv5;
w59 = wSO-all*erO*shOd*ivs;
wSX = wSx-all*cr1 0*sh 10d¥*iv5;

wSx1 = w5x1-all*crl 1 *shi 1d*iv5;
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w5x2 = wSx2-all*er 2*sh 1 2d*iv5;

whl = whl-ali*er] *sh1d*ivG;

w62 = whZ-ali*er2*sh2d*ive,

w63 = wild-ali *er3*sh3d*ive;

w6d = wod-al*erd*shdd*ive;

W65 = whS-ul*erStsh5d*ive;

W66 = wih-al [ *erOshGd*ive;

w7 = whT-all*cr 7 shTd*ive;

wil = woR-all*crB*shRd*ivh;

w6t = wav-nll*erU*shOd*ive;

wox = wox-al*er] O*sh 1(kI*ive;
w6x ] = wox -all*erl 1*sh] 1d*ive,
Ww6x2 = wox2-ali*er12%sh | 2d*ive,

w71 = w7l-alf*eri*shid*iv7;

W72 = w72-all*cr2*sh2d*iv7,

w73 = w73-ail*cr3*sh3d*iv?,

w74 = wid-all*crd*shdd*ivT,

w75 = w7S-all*erS*sh5d*iv7,;

w76 = w76-ul{*ert*shod*iv7;

w7 = wi7T-ull*er 7*sh7d*iv7,;

wit = w7R-all*crl*shid*ivy,

w79 = w-al*erd*hod*ivT,

w7x = wix-all*eri (Fsh 10d*iv7;
w7x1 = wixl-all*erl 1*%sh] 1d*iv7,
w7x2 = wTx2-all*eri 2%sh 1 2d*iv7;

wRI = wRl-all*er1*sh1d*ivR;

w2 = wR2-ull®er2*sh2ud*ivg;

w3 = wi3-all*er3*sh3d*ivB;

wid = witd-ali*crd*shdd*iv;

w85 = whS-all*cr5*shSd*ivR;

wh6 = wib-al{*er6*shéd*ivg;

wR7 = wlT7-all*or7*sh7d*ivR;
Wi = wlR-all*¥erReshBd*ivR;
WY = wRO-alFerd*shod*ive;

wRx = wBx-ull*er(Fsh 10d*ivE;
wBx 1 = whx l-alf*erl 1%sh11d*ivE;
WEN2 = wB2-ul¥er12%sh 1 2d*iv8;

WOl = wol-al(*cr 1 *sh1d*ivY;

WO = wO2-nl{*er2*sh2d*ivo;

wo3 = wid-al®er3*sh3d*ivo,

WO = wOd.al*erd*shdd*ive;

WY5 = wOs.all*erS*shSd*ive,
w6 = wOs-nll*cré*shod*ivy;

w7 = wOZ-al*er7*sh7d *ivo;,

WOR = wOR-uli*crR*shRd*ivy;
WO = wOOal{*erb*shd*ivy,

wOx = wOx-al*cr | 0®sh 10d¥*ivo;
WOXT = wOxl-all*ert L¥sh 1 1d¥*ivY;
WOX2 = wOx2-ull*cr 1 2%sh 1 2d *ivY;
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vl = vOl-all*dif 1 *st1d;

vil = vil-al*difl *s1id*shl;
v21 = v2 1l *dil 1 *s1]1d*sh2;
v31 = v3 L-alt*dif 1 *stld*sh3;

v4l = vai-alf*dif 1 *st1d*shd;
v51 = vA1-all*dif | *st1d*sh5,;
v61 = v6 1-all*dil 1 *st 1 d*sh6;

v71 = v71-all*dil' 1 *st1d*sh7;
vB1 = vRI1-all*dil' 1 *st 1d*shi3;
vOl = vOL-all*Jil 1*stld*shY;

vx ] = vx L-ul*dil 1%s1 [d*sh 14,
vl = vx 1 L-all*dil 1*stld*shl 1,
vx2 1 = vx21-a(*dil 1 *st1d*sh12;

v(12 = v02-alP*dil2*s12d;

v12 = v12-0ll*dil2*si2d*shl;
v22 = v22-iM*dir2*st2d*sh2;
v32 = v32-ali*dif2*s12d *sh3;
v42 = v42-all*dil2*s12d*shd;
vA2 = vE2-all*Jif 2%5120*shS;
v62 = vO2-all*dif2*s12d*sh6;
V72 = v72-0l[*dilr*s0d*sh7,;
vR2 = vA2-nl(*dil2*s12d*shi;
vO2 = vO2-al(*dil 2¥s12d*shY;
v&2 = vx 2= dil2¥s512d*sh 10,
vx12 = vx 12-alf*dil2¥s512d*sh1 1,
vx22 = vx22-al*dif2*st2d*sh 125

v02 = v03-al*dil3*s3d;

v13 = vI3-al*dil3*s3d*shl;
v23 = v23-lt*dil3*s3d*sh2;
v33 = v33-ulP*dil3*s13d*sh3;
v43 = v43-0li*dil3*s13d*shd;
v53 = v53-al{*dif3*s3d*sh5;
v63 = vo3-nl{*dil3*s13d*shé6;
v73 = v73-al*dil3*s3d*sh7;
vE&3 = vE3-all*dil3*s13d*shi;
vO3 = vO3-ul*dif3*53d*sh9;
vx3 = vx3-al*dil3*s3d*sh10);
vx13 = vx 13-al*dil3*st3d*sh 1 1;
vx23 = vx23-al (*dil3*st3d*sh 12,
}

}

void init();
void timer](Noat time);

matin()
{

init();
timer! {(1.0000000E-03);
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for (i=0sie=2:++i){
OMGLi] = D.0000000EHXD,
x[i] = 0.0000000E+00;
Tor (j=0y<=2:++j){
JIifl§] = LOODOOOOE+00;  /* Jacobian Matrix ¥/
L1 = OK0000E+00; /% Inverse Jucobiun Matrix */
JD([j = 00000000E+00; /¥ derivative ol Jucobian */
MIi]l}] = 0.0000000E+(XY,
)
}

ul_i = ds2002(OxON00N020,0x 000000 1)
for (3

}
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