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Abstract

This bachelor’s thesis is a case study of approximation of the pneumatic muscle actuator
model (PMA) in antagonistic connection with pulse width modulation (PWM) control input
by means of artificial neural networks. Three different neural network architectures and
their static and dynamical version were derived and programmed (open-source, Python) and
tested for their ability to handle nonlinearity of PMA with PWM.
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1 Introduction

When it comes to robot human interaction main things people must think of safety,
compatibility and ease of operation. Common pneumatic cylinders are usually exploited to
actuate robots to mimic some basic human motions. But it has been realized that because of
their size and large weight these actuators are not very suitable and safe for most of the
applications. That is why it’s more essential to use Pneumatic Muscle Actuators (PMA) that
are very light weight, small-sized and compliant which make them suitable for applications
involving robot human interaction. However, there are some certain shortcomings that
make them not so widely used; their highly nonlinear and time dependent behavior can
cause some crucial problems.

This thesis is a case study of approximation of PMA model [8][9] using various neural
networks when inflation and deflation is controlled by two valves with single control input
via pulse width modulation [24].

In the first section the design, construction and experimental testing of the pneumatic
artificial muscles developed in different arrangements is reviewed. | also described the
various methods of modeling PMA with a strong emphasis on the artificial intelligence
approach.

The main objective of the further work is to design the neural networks, capable of
effectively approximating the given model of pneumatic muscle actuator; three different
neural network architectures that would be trained and tested are proposed. In order to tune
and optimize the networks parameters the suitable learning algorithms and an appropriate
initial setup is chosen.

Furthermore, | experimentally compared the designed neural networks in terms of
efficiency and accuracy by calculating the values of Sum of Squared Errors and the
Coefficient of Determination and most importantly in respect to their ability to approximate
the specific nonlinearity of PWM actuated PMA [24].

The final goal is the summarization of all obtained results and their discussion, and to
conclude whether the chosen methods of approximation are suitable and can be applicable
in the field of PMA control.
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2 State of the Art

2.1 Review of Pneumatic Muscle Actuators

As one can see from the recently published papers Pneumatic Muscle Actuators (PMA)
have been widely used in the various fields such as industrial applications and robotics and
apparently become quite popular over commonly used pneumatic cylinders and linear
actuators. Apart from advantages mentioned above, the main reason of their increasing use
is that these actuators are simple and easy to construct and predict. Typically, they are
constructed from a thin walled rubber (latex or non-vulcanized rubber) cell and a braided
sheath [1]. The left side of the rubber tube is shut while an air hose is implemented into the
right end to inflate or deflate. Once the inner part of the rubber tube is inflated, it tends to
expand and the diameter of the rubber-sheath, called usually the “muscle”, effortlessly
increases. If one attaches a mechanical load to this end of the muscle and there will be an
external work done at a higher rate on the load, he can end up achieving very high power
rate. Since PMA are light in weight and most likely flexible, they can provide safe and soft
interaction due to high performance and are more suitable for robot-human interactions
applications. Clearly, they also have rather high power to weight ratio and big volume to
weight ratio thus are suitable especially for wearable robotic applications [1]. However,
despite the mentioned advantages, PMA have not been extensively used in the past due to
its inherent drawbacks such as complexity of controlling and unpredictability of the system.
Still, recent results show that there are certain ways of solving this task, for instance, neural
network technique seems to be very effective to identify a broad category of complex
problems concerning PMA. Summarizing, pneumatic muscle actuator is the general type of
the family of inflates-deflates tube-like actuators that are designated by a decrease in
actuator length when the pressure is applied and they have more significant advantages
compared to other types of actuators.

2.1.1 Modeling PMA with a Spring

In paper [2] authors are dealing with a driving system that is supposed to be large when
it comes to the large compressors which are usually exploited along with pneumatic
actuators. They proposed the low-pressure, low-volume pneumatic actuator for
manipulating a robot hand that can be used safely by people and a five-fingered robot hand
where they would install those actuators.

The driving force of the pneumatic artificial muscles differs when air becomes input
from when air is output. It occurs due to the hysteresis characteristics of the pneumatic
actuators [2]. To analyze that, authors in [2] built a model by using a spring element (see
Fig.1), which signifies the driving force of the pneumatic pressure, and a damper element,
which denotes the hysteresis part. They constructed a 1-link arm with one degree of
freedom using pneumatic actuators; and also implemented a Proportional-Integral—-
Derivative (PID) controller system in order to check the efficacy of the model in an
experiment (see Fig.2). Each parameter of PID controller was defined so that integral
squared error value is minimized and the overshoot becomes 5% or less of the actual value.

The gains of the system were determined with a simulation that uses the mentioned
above 1-link arm model, and after that using the obtained data the step response of the joint
angle was examined.

Authors also derived the characteristics of the relationship between the driving force and
displacement obtained in the experiment at a pressure 100 kPa and velocity of 10x10-3 m/s.
They assumed that the characteristics of the pneumatic actuator are easier to be analyzed
this way. The coefficient of determination when the multiple regression analysis was
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performed was equal to 0.95, which is a very high value showing the success of the
experiment [2].

K
—— W F
C
I_ X

Fig.1 Spring and damper element model of pneumatic actuator, as shown in the paper

[2]

1-Link Arm

+ PID ifg W PMA regulator
- | controller

A\ 4

Fig.2 PID controller system (Experiment), as illustrated in [2]

2.1.2  Arrangement in Antagonistic Connection

Pneumatic muscles actuators can be also connected in the antagonistic manner. The
pneumatic muscles act one against another and the final position of the actuator is given by
steady state of all the forces according to different pressures in muscles. In papers [3][4]
authors designed a model of the system consisting of ON/OFF solenoid valves and
pneumatic muscle actuators in antagonistic connection. The designed model of the
antagonistic actuator responds with different dynamics of the pneumatic artificial muscle by
inflation and deflation of compressed air into or from muscle.

Work of the designed PMA-based antagonistic actuators was realized by applying
pressure in one of the artificial muscles and at the same time reducing pressure in the other
(antagonistic) artificial one. Since both artificial muscles are active, they require
synchronous pressure adjustment in both muscles. It’s a very complex procedure because
the equilibrium condition between air pressure (/volume) increment in one artificial muscle
and air pressure (/volume) decrement in the other artificial muscle has to be performed.
Otherwise they could obtain the uneven motion of the actuator arm.

Generally speaking, authors designed the antagonist actuator on the basis of theoretical
analysis of the actuator function, mathematical description of the main actuator components
and experimental measurements using the block diagram. The main drawback of PMA
based antagonistic actuator is its non-linearity of the system, which causes the non-linearity
of the end position of air filling pressure vessel in the muscles.

Paper [4] also specifically suggests a dynamic model of the system consisting of four
ON/OFF solenoid valves and two pneumatic artificial muscles in antagonistic connection.
This model deals with different dynamic characteristics of the pneumatic artificial muscle
actuated by inflation and deflation of compressed air into or from muscle.
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Fig.3 The experimental setup for testing the antagonistic actuator, adopted from [3]

The model in [4] was created in Matlab's Simulink software, and the main part of
simulation model of pneumatic artificial muscle based actuator was subsystem of muscle
nonlinearity and its dependence between pressure in muscle and air flow rate into or from a
muscle. Another part of model is a subsystem of solenoid valve, where dependence between
air flow rate and pressure difference in front of the valve and behind the valve was also
used. Eventually they used a subsystem of actuator nonlinearity based on approximation of
the measured static characteristics of the realized pneumatic muscle actuator for creating the
model. Obtained model was simulated with various time dependent control signals of the
inlet (outlet) solenoid valves and with different muscles parameters.

2.2 Computational Intelligence Methods for PMA

This subsection reviews mainly neural network approaches for PME; however, some
other approaches as fuzzy systems or hybrid ones are reviewed as well. Here | will analyze
and weigh pros and cons of different intelligence approaches of controlling the PMA.

As was mentioned before, thanks to the obvious advantages of PMA such as high power
to weight ratio and muscle like behavior, it is considered an appropriate and safe actuator to
use in devices operating in human proximity compared to electric or hydraulic actuators.
Recently, in various papers PMA were described as a suitable alternative to hydraulic and
electric actuators in medical and rehabilitation robot applications. Commonly used tools
such as analytical and numerical approaches are appropriate only for modeling a nonlinear
system that is time independent. On the other hand, time varying nonlinear system
characteristics can be best modeled using artificial intelligence-based regression models
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when training data is available. That is why the very first method | will analyze is the
artificial intelligence approach. In paper [1], authors tried to accurately predict the uncertain
and nonlinear characteristics of PMA using Artificial Intelligence (Al). In this research they
made an attempt to analyze Mamdani Fuzzy Inference System (FIS) and Takagi-Sugeno
(TS)-based fuzzy systems by means of analyzing the time series data obtained from a real
system. They adjusted and tuned these models to achieve higher accuracy and analyzed
their parameters, which were tuned using backpropagation through time algorithm (see
section 3.4.4) where fuzzy parameters were tuned using three different methods: gradient
descent method (GD), genetic algorithms (GA) and Modified Genetic Algorithm (MGA)
[1]. They obtained the result that showed that the Takagi-Sugeno fuzzy inference system
tuned by Modified Genetic Algorithm gives better accuracy and can also model the time
dependent behavior of PMA. The designed TS fuzzy system was found to achieve better
results in terms of precision and high deflection when compared to the previous methods in
the past. From that one can conclude that the analytical and numerical approaches cannot
entirely predict the muscle behavior because most of the research on PMA modeling had
been performed for constant loading, and PMA has not been dealing with varying loads,
that’s why there are numerous features that have to be taken into account.

Al methods can also be used to deal with a higher degree of uncertainty and ambiguity,
which appears as one of their advantageous characteristics as well. Fuzzy logic and ANN
are the two well-known approaches generally suitable to establish a mapping between
inputs and their associated outputs. Initially, there are two architectures used for ANN
modeling, namely, feed forward network and recurrent networks (I will get to them more
closely later on). It has been said in the literature that the recurrent networks have restricted
performance compared to the feed forward architect of ANN [5], because the feedback loop
of a recurrent network passes the data back and forth thus sometimes causes the instability
of the system. That is why authors used a multilayered feed forward ANN as a tolerable
compromise. Similarly, they described fuzzy logic system approach because of its better
accuracy [5]. Speaking more in details, their multilayered feed forward networks were made
up of three (or more during testing) layers consisting of input, output and one (or more)
hidden layers. Algebraic computations were performed at the hidden layer before passing
the inputs to the output layer. As always identification of correct weight matrices was the
key to the accuracy of an ANN. In order to identify weight matrices and other key
parameters of ANN, researchers used various learning methods such as Reinforced learning,
Hebbian learning, Stochastic learning, Gradient Descent (GD) learning, etc. Eventually
results obtained from the ANN and the fuzzy models were plotted and analyzed; the fuzzy
model approach was found to be more accurate, because it could accurately predict the
mapping between force, length, change in length and the pressure inside PMA.

In another paper [6] authors developed an in-house pleated PMA that showed improved
response time with rather low hysteresis. In order to deal with the non-linearity and
transient nature of pneumatic muscle actuators, authors also proposed an Artificial Neural
Network based approach. They came up with a so-called hybrid approach where they
combined back propagation (BP) algorithm with Modified Genetic Algorithm (MGA) in
order to optimize ANN model parameters. Results they obtained showed that the hybrid
approach was able to model the PMA behavior closely; experiments they carried out
validated the proposed ANN model and confirmed the advantage of the applied method.
Simultaneously authors proposed an artificial neural network approach to model the non-
linear indigenously developed pleated pneumatic muscle actuators (PPMA). The trained
ANN was able to represent the relationship between force, length, and pressure of the
PPMA. The results obtained from the hybrid approach were analyzed in terms of their
maximum deviation and convergence rate. It was found that the model developed in this
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manner could also accurately predict the mapping between force, length, change in length
and the pressure inside PMA.

Air Supplwy

Presure Regulating
Valve %=

|

Presure Sensor "
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(Simulink)

Position Sensor »
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Fig.4 The overall system configuration used for the PMA and PPMA testing, adopted
from [6]

In paper [7] authors were engaged with the control of a 3-DOF robot arm actuated by
pneumatic artificial muscles. Since the model is intensely non-linear, it was difficult to
predict its behavior, so that they needed a stable and robust controlling method. In order to
reduce the effects of nonlinearities and uncertainties, authors proposed a combined
execution strategy based on neural network and the concept of sliding mode control (SMC).
Dealing with this control structure, they used a simple two-layer feed forward neural
network with online adaptive learning technique in order to analyze uncertain dynamics and
eliminate the so-called “chattering phenomenon” in common SMC [7], and the algorithm
was derived from Lyapunov stability analysis.

The execution of Neuro-Sliding Mode technique showed that the trajectory following
ability is good; the tracking errors converged to small values less than 0.04 degrees as it
was required by the studies of stability analysis and the convergence time was less than 2
seconds (see Table 1) [7]. The algorithm showed good performance when minimizing the
nonlinearities in the robot system, and it was also trainable at improvement by supplying
neural networks with more input signals in spite of robot nonlinearity and uncertainties
caused by system dynamics. Thanks to the property of neural networks as universal
approximators, authors were able to work with a two layer neural network in order to
reconstruct unknown and unmodelled robot dynamics. It was shown through experiments
that the proposed method has a good control performance for the highly nonlinear system,
such as the PMA manipulator.

A muscle model analysis was split into two main parts, mechanical and pneumatic.

Table 1 Comparison of Neuro-Sliding mode using NN and conventional Sliding mode
control as shown in [7]

Typical Sliding Mode

Neuro-Sliding Mode [7] Control
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Response time Joint1:1.5s Joint 1:3 s
P Joint2:1.5s Joint 2:4.5s
“Chattering” Insignificant Significant

Static Error

Joint 1: 0.02 degree
Joint 2: 0.04 degree

Joint 1: 0.1 degree
Joint 2: 0.4 degree

Fig.5 The schematic diagram of experimental setup, adopted from [8]

The general description of the model of the type of pneumatic muscle actuator is given in
[8][9], authors came up with the illustrated above experimental setup.

The main problem of authors’ work was to come up with a model of one degree-of-
freedom pneumatic artificial muscle-based actuator used for applications in industry (see
Fig.5). This model was supposed to be a plant model defining its dynamics that could be
used for the control system design using simulation. The aim behind the research was the
design of control system for low-cost PMA-based system (the exploitation of on/off valves
instead of proportional ones) using desirable nonlinear control techniques capable of
dealing with the system’s nonlinear and hysteretic properties. The chosen method was to
create an analytical model using so-called grey-box modelling (i.e. modelling using the
combination of first principle modelling and experimental parameterization of the model).
(More detailed information on what parameterization they used is thoroughly given in the
source [8]) It turned out that there was a certain advantage in taking this method as a
working one compared to a pure blackbox modelling (e.g. using neuro/fuzzy modeling
techniques) in obtaining a model with clear physical interpretation (concerning the
modelled physical laws as well as the model parameters) which implies its integrity suitable
for modelling an actuator with muscles with different parameters. However, the limitations
of this method are also evident when the obtained results were analyzed. Previously
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mentioned simplifications in modelling resulted in a model with higher valued errors that
would probably have been most likely the case for neuro/fuzzy techniques. It is evident that
this model could not be used as a hundred percent suitable model but it is acceptable as a
model used for PAM-based industrial design applications. In conclusion authors say that
there is still a place for further refinement of the model in order to decrease the modelling
errors so that the reliance on robustness of the control technique could be diminished.

Adaptation mechanism
Reference
model

+
Fuzzy
Control k

v

+
WA x ] PMA .

input

Fig.6 The simplified scheme of the hybrid adaptive fuzzy controller with system
adaptation [9]

Particularly in [9] authors proposed a fast hybrid adaptive control method, where they
placed a conventional PD controller into the feed forward branch and a fuzzy controller into
the so-called ‘adaptation’ branch. The fuzzy controller was supposed to compensate for the
actions of the PD controller under chosen conditions (see Fig.6). The fuzzy controller of
Takagi—Sugeno type was also modified by means a genetic algorithm using the dynamic
model of a pneumatic muscle actuator. The results showed the capability of the designed
system to provide robust performance under the conditions of varying inertia. They also
confirmed that a fuzzy controller with a simplified fuzzy rule was capable of achieving very
good performance (in terms of dynamics errors and uncertainties) even under conditions of
a varying inertia moment. The signal adaptation also proved to be fast in achieving
improved performance.

3 Used Approaches

In this section | will review and describe the possible approaches of approximating the
model of PMA.

The general scheme of our recurrent neural network model is depicted in Fig. 7. General
input vector X is defined (as in [10]) as follows:

x=[yn(k) Yn(k=2) ... yp(k=ny+D) u(k) u(k-1) ... u(k—nu+1)]T

where u(k) denotes measured control input and yn(k) stands for neural output (i.e. neural
model of controlled variable) both at reference time index k of a constant sampling.
For neural network models later in this work, however, the augmented vector x will be

used as:
Xg =1
X

The main benefit of using this model is that it is able to make more accurate long-term
predictions under similar conditions in comparison with the typical feedforward model, the
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training approach in this model, which is consistent with either Levenberg-Marquardt
algorithm or a variation of Backpropagation Through Time [10], is built on the trials and
error correction learning rules and starts the training process using random initial weights.

_______ step
I delays
I oK)
| yn(k-1)
-_— :
Yn(k—ny +1) Neural Network — v (k+1)
") T Model of PMA "
uk)—  u(k-1)
i u(k—n, +1) i
X

Fig. 7: Principle scheme of recurrent neural network model for PMA.

After determining the output of the model for the input presented in the training set, the
error resulting from the difference between the model output and the expected values is
calculated and it drives the system to keep on going until the finite number of training
epochs is reached.

3.1 Dynamic Linear Neural Unit

The architecture of the DLNU used in this study is shown in the following equation:
y(k+1)=¢(w-x)
where w vector of neural weight as follows

W:[WO WoWwp ... Wl+nu+ny]

Where the meaning of n, and ny is classified in Fig. 7 and sigmoid function ¢(v) is given as

follows:
1

0= 1+e7 v l

3.2 Dynamic Quadratic Neural Unit

Recurrent QNU [10][11][14] is shown in the following equation where y, (k+n;+1)
is the neural output (predicted value), W is upper triangular weight matrix augmented with
neural bias wo g , n is the number of internal neural recurrent feedbacks, y; stands for real
measured value, n; is the number of real values feeding the neural unit, k is index of discrete
time, and T stands for vector or matrix transposition:

L+ +n, 14+ 40,
Yak+y+D)=g( D D wyx-xj)=g(X -W-x)

i=0  j=0

X=[yp(k+n) ynk+n =1 ... y,(k+D) vy (k) y.(k—=n,+D]
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Wo,0 Wo,0 W0, 1+ny +n,
W= 0 w, Wi 140, +n,

0 0 Wiinn, ltn+n,

3.3 Dynamic MLP networks

_ \ A
Yn(k) B 7
e | ¢,
| 61
yn(k'ny+1) J\
—» WX
u(k ¢, 7 Vx( >
u(k-1) Yn(k+1)
un(k'nu+1) \ WX 4/3
X L —

Fig.8 Dynamic MLP structure with one hidden layer

The dynamic MLP network consists of layers of units, each of which carries out a
relatively simple operation on its own inputs [12]. The very first layer is made up out of one
node for each of the components of the dynamic input data. The neurons in this layer have a
transfer function of unity, and their only goal is to spread the inputs to the units in the
second layer. The outputs of first layer are connected to the inputs of the second layer. The
outputs of the second layer are connected respectively to the inputs of the third layer, and so
on. The final layer generates the output values of the MLP. In this manner, the layers
between the first and last are not observable from outside the network, and are hence
referred to as 'hidden layers'. The connections of the outputs of a layer to the inputs of the
next layer have a weight mapped with them. The unit outputs are multiplied by these
weights before coming to the inputs of the next layer.

The complete characterization of a MLP demands a number of parameters. These
include the number of layers, the number of nodes in each layer, the transfer function used
by the nodes, and all the connection weights. Frankly there is no theoretical method for
determining the optimum number of hidden layers; however, typically one hidden layer is
sufficient for most practical applications as we will see later on. An example of the used
dynamic MLP is shown in Fig.8. As for the number of nodes in each layer, the number of
input layer nodes is equal to the dimension of the input vector. The number of output nodes
is usually determined by the application. There is no conventional way to figure out the
optimum number of hidden units; the usual practice is to use a trial and error approach, as
that will be shown later. The computation performed by a node on its inputs is referred to as
activation or somatic function. Out of the several activation functions that have been
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proposed, the most popular is the logistic or sigmoid function (5). Typically, a threshold
term is included in x. This threshold is accounted for by augmenting the number of nodes in
the input and hidden layers with an additional node that has a constant output of 1. The
function mapping ability of the MLP can be used to either learn the relationship between a
set of real-valued inputs and real-valued outputs or binary-valued outputs. In the former
case, the MLP functions as a multi-class classifier [12]. In the training batch, the desired
outputs for a given input are all agreed to be set to zero, except for the node that
corresponds to the correct category of the input. This node receives a desired output of one.
After the network is trained and put into operation, the output node with the highest value
(and perhaps also satisfying some threshold condition) is declared to be the class to which
the input vector belongs. The connection weights are determined using a training algorithm.

3.4 Learning algorithms

There are various types of algorithms for training the neural network. Basically, the
purpose of every algorithm is to estimate the local error at each neuron and systematically
update the network weights. In this study, the neural networks were trained with the
standard Levenberg-Marquardt (L-M) algorithm in case of static NN, and a variation of
Backpropagation Through Time (BPTT)[10] in case of dynamic NN to estimate/assess their
search efficiency and accuracy in the application for pneumatic muscle actuators. The
details on the most common algorithms are given in the following paragraph.

3.4.1 Gradient Descent Adaptation

Fundamental gradient descent rule is as follows:
Considering a static model:

Yo (k) = f(x,w) (9)
with an error:
e(k) = Yrear (K) = Yo (K), (10)
one gets weight increment derived from gradient descent formula
1 oek)’ oy, (k)
AW, = —= p——"—=—pe(k) ———= 11
= u = e (1)

and weight update:
W, =W, + AW, (12)

3.4.2 Levenberg- Marquardt Batch Training

The Levenberg—Marquardt algorithm (LMA) is a variation of the Newton’s method and
it gives a numerical solution to the problem of minimizing a function, generally nonlinear,
over a space of parameters of the function. This algorithm calculates weight updates taking
into account all obtained data at once (batch training).

Basic formula:

For a single weight one can avoid inverse matrix [13]:

s
AW, = J—el (13)
(Ji-Ji+-)
y7]
where e-column vector of all errors, Ji- i-th column of Jacobian.
For multiple weights the use of inverse matrix is needed:
Aw:(JT-J+1-|)'1JT-e (14)
)7,
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In order to train the neural network with L-M algorithm the following steps have to be
taken:

1 Define initial values for weights and a learning rate

2 Insert data of all inputs to the network and calculate the corresponding network
outputs and errors. Compute the sum of squares of errors over all inputs of e.

3 Compute Jacobian matrix

4 Calculate Aw and update weights

343 RTRL

Real-time recurrent learning (RTRL) [16] is a gradient-descent based method which
calculates the error gradient vector at every time step. It is therefore appears appropriate for
online learning applications [19]. The effect of weight change on the network behavior can
be noticed by simply differentiating the network dynamics by its weights.

Basic RTRL learning rule for discrete dynamic neural networks [17][11][10] is based on
application of gradient descent learning rule (11) to recurrent adaptive (neural) models,

ayrl (k + nS)

where partial derivatives of neural inputs ————= are recurrently calculated as auxiliary
i

recurrently evolving variables, as it is indicated by the following example of Jacobian

vector for weight w;; as

ij ij ] ]
Regarding properties of RTRL, here we may cite from [19]: “high computational cost
makes RTRL useful for online adaptation only when very small networks suffice.”
However, the solved problem in this thesis uses still small network.

jij

3.4.4 Avariation of BPTT

A variation of Back propagation through time (BPTT) algorithm [10] can be implemented
as a batch training gradient-based technique for training recurrent neural networks. It can be
described as combination of Gradient Descent and Levenberg-Marquardt algorithm:

2 2
Yo =Woo +Wo,1X1 +Wo,2X2 +W1,1X1 +W1,2X1X2 +W2,2X2 -
Xo Xy

0%z X (16)
Xl Xl

I
2

:[Wo,o W0,1 Wo,z W1,1 W1,2 Wz,z]’

X1X2
| X

Small note concerning RTRL and BPTT: In very recent implementations of LNU and
QNU during experimental analyses , it appeared that recurrent derivatives , as indicated in
(15), can be neglected and RTRL and BPTT techniques work also fine for identification and
control analysis, e.g. [20]. Therefore, the recurrent derivatives are further neglected in
programming the codes in this thesis.

3.5 Description of the Used PMA Model

Simulation model of PMA based actuator was realized in Matlab’s Simulink
environment [8][9]. The main part of the model PMA [8][9] enhanced with PWM [24] is
depicted in Fig.9.
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Fig.9 PMA model, adopted from [8][9] extended with PWM

To illustrate a practical application of the techniques described in previous sections, the
PMA model is considered to control pressure input by changing the valve position from -1
to 1 (open/closed).

The subsystem of the PWM looks as follows:

pulse width <0,1>

switch for inflating or deflating or inactive

my pwm
Fig.10 Subsystem of PWM, model [8][9] with PWM extension [24]

Real data obtained from the Simulink model of PMA by means of using PWM s
illustrated in Fig.11.

One of the specifics of the given PMA model is that it differs from the classical SISO
(single input-single output) system because the pulse-width modulation technique was
involved.

18 of 47



1.0 Input data

05

0.0

—0.5f

-1.0 0

k
Output data

50

[
i [

Fig.11 Real data obtained from the model

Classical SISO system looks as follows:

1.0

roughly approximated
output y in general SISO
system

0.5

0.0

e input u

Fig.12 Classic SISO system, the output data usually reflects the input

Our model of PMA[8][9][24], on the other hand, shows that output data doesn’t fully
respond to changes in input data due to pulse-width modulation:
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Fig.13 Input-output of our model [8][9][24]

4 Experimental Analysis

In this section | will outline the stages of designing the programs for training and testing
of the neural networks explained in the previous chapters. Using the above theory, twelve
different programs will be written in Python programming language for training and testing
static and dynamic LNU, QNU, and MLP. Furthermore, I will calculate the Sum of Squared
Errors and the Coefficient of Determination in order to compare the efficacy of the designed
neural networks.

There are many different attributes that have to be taken into consideration when dealing
with neural networks, such as learning/training paradigms, network topology, and network
function, special features, etc. Commonly used approaches for defining the outlines of
selection of the initial setup can be found in [15]. In this case the assessment must include:
selecting a common existing structure for which training algorithms are available; adapting
an existing structure to suit the application, so that neural network would show better
performance [23]. The architectures and learning algorithms of these networks are briefly
described in the previous section. Here, in the experimental analysis for approximation
purposes | decided to use various types of neural networks since it’s the fairest method to
identify the most suitable one for this work.

4.1 Used Criteria

As the main identifiers of how well the neural network performs I will take two values
that are:
1. The so-called Sum of Squared Errors which is calculated as follows:

N
SSE =3(y, - )%, (17)
0

where yr is a value from a real data, y is a value of a trained neural network that is to be
predicted.

SSE is a measure of the deviation between the given data set and a designed model. The
smaller the SSE, the better our model fits to the data.
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2. The second term that will be used is the Coefficient of Determination, also
known as R squared, it shows the ‘goodness’ of fit of the neural network model. The higher
the coefficient of determination, the greater dependence one sees between the real variable
and a predicted one. All in all, it acts as a total measure of the usability of a system.[21] It
is derived as follows:

EN:(yr -y)°
RP=1-90 — (18)
2()/r y)°

where Y is a mean value of the renormalized data set.

Author in [22] came up with following outlines concerning the coefficient of
determination:

1. A generalized coefficient of determination should be consistent with the
classical coefficient of determination when both can be computed;

2. Its value should also be maximized by the maximum likelihood estimation of a
model;

3. It should be, at least asymptotically, independent of the sample size;

4. Its interpretation should be the proportion of the variation explained by the
model;

5. It should be between 0 and 1, with 0 denoting that model does not explain any
variation and 1 denoting that it perfectly explains the observed variation;

6. It should not have any unit.

R?>0.9 can be considered as a good overall fit.

Later on, | will calculate these values and compare them in order to analyze the
performance and efficiency of each network.

The data consisting of 1000 samples was normalized in order to reduce the noise and
avoid inconsistency. During the update procedure | will use the Levenberg-Marquardt
algorithm and the Back Propagation Through Time (see the previous section on learning
algorithms). The network training process is performed by providing input-output data to
each network, which targets minimizing the error by optimizing the network weights and
performing the corresponding computations.

Initial setup for Python codes (see full codes in Appendix):

ny---- range of the real output data y in dynamic model system

nyr --- range of input data u in dynamic model system

=1+ny,+n,----(vector matrix X - first column in the Fig. 7)
mu () --- learning rate of the neural network, its optimal value was found

experimentally for each network

epochs--- number of epochs

w=randn(ny)/n,---- we’ll set initial weights to some random values in range
Nw=N,.

The learning rate and the random weight range are two basic network parameters that
significantly affect the performance of the model by changing its weights. At first they can
be set at default values and if the model is unstable they can be made smaller until it
stabilizes. Later on, one will be able to see that changing the weight range or the learning
rate does not necessarily result in large changes in model accuracy. The deviation in
precision is approximately in the same range as that of the random start, which initializes
the weights. Because of the variation in model performance caused by using different neural
networks and learning algorithms respectively, | will run all network configurations at least
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three or four times using the same predetermined random values, produced by the Python’s
random number generator. Thus | will optimize the network parameters and network
architecture based on the average of the several random starts.

When the training is complete, | also would like to check the network performance and
determine if anything needs to be changed to the training process, the network model or the
data sets.

At first the learning rate parameter was typically set to 0.01, but was adjusted every once
in a while for each network so that the learning rate was decreased if the system become
unstable and vice versa.

The ‘SSE vs. the iteration number’ diagrams were also plotted and the smallest value of
SSE was found. The weights derived at the error minimum for the train/test set were
selected and considered as the optimal weights, since these give the best generalization
properties. It was verified that the size of the training set (1000 samples) was large enough
by examining the generalization properties as the number of samples of the training set was
varied. Furthermore, in order to emphasize the specific nature of each learning algorithm
and to avoid the neural network getting undesirable error values, every training procedure
was repeated at least 5 or 6 times and the best fits of the those sessions were used.

Considering the significant importance of the network architecture, in this part before
exploiting different types of neural network models, some points related to the network
architecture should be mentioned: in order to find the optimal number of neurons, an
attempt was made to evaluate different networks with different number of neurons.
Therefore, 2 to 15 neurons were used while search of the best fit; each network was trained
at least 10 times and in order to compare their performance, the SSE in the test data (which
included 50% of the whole data) was also set as the criteria. Finally, the optimal number of
neurons was found individually for each one and the optimal number of hidden layers was
determined to be 1 because the addition of unnecessary hidden layers can make the network
too complex and use more epochs for training.

Frankly, the neural network structure that gives the best possible result can only be
determined experimentally, there is no other way to say if the network is capable of solving
this task. The quality of a performance of a neural network is strongly dependent on the
network parameters such as initial set of weights and learning time, which influences the
networks’ capabilities to generalize the whole data; generalization is the ability of the
neural network to ‘understand’ and process the data that it has not seen before. Later on |
will focus on investigation of how well it learned from the training data and how it handles
the brand new sets of values. The size and the characteristics of the training data set
together with the number of iterations are the other factors affecting the generalization
capabilities of a neural network, so it must be taken into consideration as well.

4.2 Approximation of PMA with Linear Neural Unit

4.2.1  Static LNU Using L-M Algorithm

As in every preliminary theoretical research, the linear neural setting should be
considered as the first simple case to be studied. The advantage of the static linear neural
unit is that the network can easily be built with a simple optimizing algorithm (e.g.
Levenberg-Marquardt). Nonetheless, the static LNU also has several drawbacks for some
applications. First, it may fail to produce a satisfactory solution because the training data
can require more complex approach. Second, static LNU cannot cope well with major
changes that were never learned in the training phase.
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Fig.14 Static LNU trained with L-M Algorithm (nyr=12, nur=12, 1 =1, SSE=0.102, sampling=0.1 sec, epochs=100). The values

of SSE and R? are fine (see Table 2), however, the neural network doesn’t seem to learn well due to the specific
behavior of our SISO system, it couldn’t capture the nonlinear character of the PMA’s input and output.
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4.2.2 Dynamic LNU Using BPTT Algorithm

Reference and Dynamic LNU model outputs

60

- I i \
300 200 400 600

800 1000
K
10° Sum of Squared Errors
o
o
o
0}
o
=
c
s ]
—
=
a
a
wl
v
w
10t L I I ]
0 50 100 150 200 250 300

training epoch

i
400

420

i
440

i
460

480

k
Weights

i
500

520

0.20

0.00

-0.10

20

25

Fig.15 Dynamic LNU trained with BPTT Algorithm (nyr=12, nur=12, £ =0.0001, SSE=33.436, sampling=0.1 sec, epochs=300).

As one can notice the values of SSE have increased, although I significantly decreased the learning rate in order to
improve stability of the algorithm and the stability of neural network itself. Higher values of learning rate tend to

disable the whole system.
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4.3 Approximation of PMA with QNU

4.3.1  Static QNU Using L-M Algorith
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Fig.16 Static QNU using L-M algorithm (nyr=6, nur=6, x=0.1, SSE=0.164, sampling=0.1 sec, epochs=400).
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SSE per training epoch

4.3.2 Dynamic QNU Using BPTT Algorithm
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Fig.17 Dynamic QNU using BPTT algorithm (nyr=6, nur=6, x=0.0001, SSE=36.125, sampling=0.1 sec, epochs=400). | had to

choose small learning rate in order to maintain approximation accuracy and tolerable values of SSE and R2. Also |
noticed that the speed of convergence in this case highly depends on the size of training set and several other user-
defined parameters such as nyr, nur, etc.
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4.4 Approximation of PMA with Static MLP Network

4.4.1 Static MLP Using L-M Algorithm

Reference and Static MLP model outputs
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Fig.18 Static MLP using L-M algorithm (nyr=5, nur=10, xW=0.01, #V=0.005, SSE=0.169, sampling=0.1 sec, epochs=600).
Here | was trying to adjust the learning rates ranging from 1 to 0.0001 and eventually found the most suitable one that
helped me achieve the stable and acceptable result. This neural network showed the best performance in terms of
efficiency and values of SSE and R Plus it has a tendency to compensate the specific behavior of the given SISO

system (see Fig.13).
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4.4.2 Dynamic MLP Network Using BPTT Algorithm
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Fig.19 Dynamic MLP network using BPTT algorithm (nyr=5, nur=10, 4 W=0.0, xV=0.005, SSE=5.653, sampling=0.1 sec,
epochs=500). The results demonstrate that the number of neurons in the hidden layer were sufficient for the network to
learn the training samples.
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4.5 Testing of the Neural Networks

To verify if the neural networks have adequately learned the input domain I will perform
the testing procedure with similar data as that used in the training set (last 500 samples). The
testing procedure is very important, because one needs to know if the trained neural
networks meet the requirements to the solution of approximation of PMA.

The results of the testing of the networks are shown in the following pictures.

Testing of the Static LNU:

TESTING: Reference and Static LNU model outputs

0.6

Fig.20 Testing of Static LNU: SSE=0.528, sampling=0.1 sec

When | applied the trained model of LNU on the independent data set | saw that the
curve of the trained model was quite similar to the curve of the tested model, the value of R?
was equal to ~0.99, which is supposed to indicate the close fit of both real and tested data
(as a reminder: if R? = 1, this means that there is a precise linear relationship between
outputs of the neural network and the real data. If R? is close to zero, then there is no linear
relationship whatsoever). However, as in case of training | was still facing the problem of
avoiding the specific nature of the input-output mapping of our SISO, even in the testing
phase it was not possible to prevent the neural network’s output curve from simply
following the input curve.

Dynamic LNU:

TESTING: Reference and Dynamic LNU model outputs
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Fig.21 Testing of Dynamic LNU: SSE=38.209, sampling=0.1 sec.
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Fig.21 shows the testing results for dynamic LNU, which basically suffers from poor
capability for generalization. The slopes are very steep and the testing curve is pretty far

from the actual (real) one. The coefficient of determination also was quite small: ~0.23.
Static QNU:

The difference between the training and testing sets in case of the static QNU was smaller; it
was trained with smaller learning rate than LNU which resulted in a lower SSE for both the
training and testing. Thus, it yielded to the network with slightly better generalization ability.

TESTING: Reference and Static QNU model outputs
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Fig.22 Testing of Static QNU: SSE=3.177, sampling=0.1sec.
Dynamic QNU:

TESTING: Reference and Dynamic QNU model outputs

v
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Fig.23 Testing of Dynamic QNU: SSE=38.966, sampling=0.1 sec

As it is seen in Fig.23, the SSE in this case significantly increased compared to the static
QNU due to specific features of dynamic QNU, R?~0.35.
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Static MLP: The testing of static MLP showed better generalization capability, and the
values of SSE and R?in Table 3 indicates the superiority of static MLP over the rest of the
tested neural networks, because only this network seemed to manage the behavior of PMA.

TESTING: Reference and Static MLP model outputs
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Fig.24 Testing of Static MLP: SSE=5.837, sampling=0.1 sec

Dynamic MLP: one of the main features | noticed about the testing of dynamic MLP is
that it takes less time processing the data, although the accuracy of testing was worse than in
case if static MLP:
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Fig.25 Testing of the Dynamic MLP: SSE=8.864, sampling=0.1 sec
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5 Results on Comparison of Neural Networks

In this section | will summarize and conclude which one of the neural networks showed
the best ability to learn during training and the best ability to generalize during testing. To
do so, I calculated the values of SSE and R? that would help to decide whether the neural
network was able to capture the characteristic behavior of the model of PMA.

As it was mentioned before, SSE and R? are the most commonly used criteria for
comparing different models in accurate forecasting of the results. In many studies the SSE
criterion is used as a measure of fitting accuracy of models and includes all the features of
the other criteria including taking into consideration the outer data and comparing the
accuracy of models as well as showing the error differences. Therefore, it was quite
reasonable for me to build the assumptions on the basis of the mentioned criteria. The
results of comparison have been presented in Table 2 and Table 3. As shown there, the static
neural networks in general perform better in comparison with the dynamic neural network
models.

Table 2 Coefficients of Determination R? and SSE for TRAINING of Neural
Architectures

Neural network Coefficient of determination Sum of Squared Errors
LNU 0.996 0.102

DLNU 0.294 33.436

QNU 0.993 0.164

DQNU 0.405 36.125

MLP 0.958 0.169

DMLP 0.504 5.653

Table 3 Coefficients of Determination R? and SSE for TESTING of Neural

Architectures

Neural network Coefficient of determination Sum of Squared Errors
LNU 0.994 0.528

DLNU 0.238 38.209

QNU 0.994 3.177

DQNU 0.347 38.966

MLP 0.980 5.837

DMLP 0.986 8.864

Using the obtained values of SSE and R” from the tables above | created two diagrams
that graphically show those values for each network (Fig.26 and Fig.27).
As one could notice, the values of SSE and R? presented above don’t necessarily reflect

the real situation in the given case, because the majority of used neural network couldn’t
handle the specific nature of the PMA, which occurred due to the use of pulse-width
modulation (see Fig.15, Fig.17, Fig.19).

For example the static LNU (Fig.14) has excellent values of SSE and R, but it couldn’t
apprehend the peculiar behavior of our SISO system, which makes it not a good choice for
the approximation procedure.

As for the network that performed better than others, I would say it was the static MLP
(Fig.18), because it was able to capture the nonlinear action of the PMA model and
practically handle its characteristic nature. The values of SSE and R? were also quite good,
so that it would make the static MLP by far the most suitable neural network for the given
model.

Other neural networks were not capable of dealing with the model, because it turns out
they don’t perform well in terms of capturing nonlinearities and handling them, so when it
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comes to the specific nonlinear behavior of PMA they are not the optimal solution for
approximating techniques.

SSE and R2 during training of neural networks
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After completion of all required sections in this thesis, a number of key points with
respect to its main objectives can be outlined. The primary goal of this thesis was the
practical comparison of the different neural networks for approximation of the pneumatic
muscle actuator. First of all, | reviewed recently published papers on studies of PMA and
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the ways to control it with a strong emphasis on the neural network approach. There are
various methods for dealing with PMA, and, as one could notice, the neural networks are
slowly gaining popularity in the field of PMA control due to their numerous advantages,
such as performing less time consuming training, simplicity of implementation, ability to
quickly detect complex nonlinear relationship between input and output data in case of the
supervised training, and the possibility to choose the suitable training algorithms. The given
model of PMA had the very specific issue concerning the behavior of the input-output
system, which occurred to due the use of the pulse-width modulation, so that dealing with
that issue was one of my main objectives as well. Next, | outlined the basic concepts of the
most commonly used nowadays neural networks, namely LNU, QNU, and MLP, and the
algorithms they could be trained with, because in order to achieve the desired results | had
to choose ones that would be most suitable for this application. The next objective of this
thesis was to carry out the experimental analysis on approximation of PMA where the
attempt was made to find out which neural network shows better convergence and has a
better ability to generalize. During the training phase | implemented Levenberg-Marquardt
and a variation of Backpropagation Through Time algorithm to update weights and
calculate new (trained) outputs. After the completion of training phase the testing procedure
was performed in order to see if the neural networks were able to generalize the data. Then |
also calculated the values of SSE and R?, so it could help out with the evaluation of the best
approximated neural network. However, the main issue of this work was handling the
nonlinearity of the given model of PMA that occurred due to the presence of the pulse-width
modulation (PWM), so that values of SSE and R? weren’t the solid factors | could
completely rely on. For instance the Static LNU had excellent values of SSE and R?, but this
neural network couldn’t deal with the nonlinearity of the model (Fig.14). As in case of
Dynamic LNU, QNU, and MLP (Fig.15, Fig.17, Fig.19), these neural networks suffered
from poor capability for training and generalization due to the same problem caused by
PWM, however dynamic MLP indicated better capability to handle approximate PMA than
QNU in this work. As a conclusion | could say that the static MLP (Fig.18, Fig.24) showed
the best performance during both training and testing compared to other tested neural
networks, and the values of SSE and R?also corresponds to this assumption. Importantly,
the static MLP was best in dealing with the specific behavior of this specific SISO system,
while others couldn’t seem to handle this issue (two-valve PWM actuated PMA). With this
result | can see more research should be provided in the field of approximation by means of
the neural network approach: larger sets of data can be used and other techniques can be
implemented in order to apprehend the nonlinear behavior of the PWM actuated PMA.
Practically, MLP networks resulted as the best candidate out of LNU and QNU for
approximation of PWM actuated PMA in this case study and can be considered in a control
design.
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Appendix
Static LNU:

#importing modules

I numpy import ¥

1 matplotlib.pyplot import *

1 numpy.random import randn, rand
from numpy.linalg import inw

$f----initializing files with real data
$%Selecting only first Ntrain samples of TRAINING DATL

HNtrain=500

u=loadtxt ("u.TxL")
u=u[0:500]
meanu=mean (1)
ztdu==td (u)
yr=loadtxt('v.TXC")
yr=yr[0:500]
stdy=s=std({vr)
meany=mean (yr)
HN=len(u)

# resampling
dn=1 # 1... no resampling
if dn>1:
uw=u[range (0,N,dn) ]
yr=yr[range (0,H,dn)]
N=len (u)

#standardization of data
yr=(yr-meany)/3/stdy
u=(u-meanu) f3/3tdn

fzetup

nyr=12 #range of v in the model =system
nur=12 #range of u in the model svystem
nx=l+nyr+nur

nw=nx

mu=l#flearning rate

epochs=100

w=randn (nw) /nw Fkeeping weights =mall
Xx=onesz (nx) F=[0]=1

J=ones( (H,nw)) #Jacokbian matrix with N x nw dimension
L=eve (nwW)

S55E=zeros (epochs)

y=zeraos( (M) )

e=zeras | (H) )

Nstart=max (nyr,nur)

yv[0:HNstart+l]=vr[0:Hstart+l] # i.c.
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for epoch in range (epochs):

for k in range (Nstart,N-1):
X[range(l,nyr,1l)1=vr[range (k, k-nyr,-1}1]
X[range (nyr+l,nx, 1) 1=ul[range (k, k-nur, -1} ]
J[k+l:]1=x

y=dot (w, J.T) # does no calculate walues up to Hstart

v[0:Nstart+l]=vr[0:Nstart+l]

e=yIr—y

JJ=J[HNstart:,:1]
eg=e [Nstart:]
dw=dot (dot (inv (dot (JJ.T,JJ) +1/mu*L), JJ.T),ee)

w=w+dw

55E [epoch]=dot (ee,ee)

print (35E [epoch])
# de-normalization
uw=u*3*stdutmeann
y=y*3I*stdy+meany
vr=yr*3*stdy+meany

figure ()

subplot (221)

plot (u,color="kblack", linewidth=1.5, linestyle="-")}
plot (yvr,color="blus", linewidth=1l.5, linestyle="-")}
legend (loc="upper left')

plot (v, color="green", linewidth=1.5, linestyle="-")}
subplot (222)

plot(ua, "k")

plot (yvr,color="blus", linewidth=2.5, linestyle="-")
legend (loc="upper left')

plot (v, color="green", linewidth=2.5, linestyle="-")}
subplot (223)

zemilogy (55E, color="red", linewidth=2.5, linestyle="-")
subplot (224)

plot (W, color="klack", linewidth=1l.5, linestyle="-"}

§----TESTING of the trained neural architecture
# on the rest of data

u=lpadtxt ('u.cxo’

v=u[Ntrain-1:]

yr=loadtxt('y.txt")

yr=yr[Ntrain-1:]

N=len (u)

# resampling

$#dn=1 # must be same a3 in training
if dn>l:

u=u[range(0,N,dn}]
yr=yr[range (0,N,dn)]
H=len(u)
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f resampling
FFdn=1 # must be same as= in training
if dn>1:
uv=u[range (0,H,dn) ]
vr=yr[range (0,N,dn}]
H=len (u)

fztandardization of data
yvr=(yr-meany) /3 /stdy
u=(u-meanu) /3 scdu

y=vyr.copv() # covers alszoc i.c.

X=ones (nx) F#x[0]1=1

for kE in range (Nstart,H-1):
X[range (l,nyr,1l) ]l=yvr[range (k,k-nyr,-1)]
X[range (nyr+l,nx,1) ]=u[range (k, k-nur, -1} ]

yv[k+l]=dot (w, x) # does no calculate values up to Hstart

e=Vr-y
figure ()
plot (u, color="klack", linewidth=2.5, linestyle="-"},legend('u'")
plot (vr,color="kblue", linewidth=2.5, linestyle="-"), xlabel("k")

legend (loc="upper left')

Dynamic LNU: Same initial setup as in case of Static LNU, training is performed as
follows:

J=onesz( (H,nw)) #Jacobkbian matrix with W ®x nw dimen=zion
L=eve (nw)

S5E=zeros=s (epochs)

y=zerosz | (H) )

v[0:nx]=yr[0:nx] # i.c. for dynamical LHU
e=zeroz | (H) )

Hstart=max (nyr,nur)
v[0:HNstart+l]l=yr[0:Nstart+l] § i.c.

for epoch in range (epochs) :
for k in range (Hstart,N-1):
X[range (l,nvr,1l) ]=v[range (k, k-nyvr,-1} 1]
X[range (nyr+l,nx,1l) |=ul[range (k, k-nur, -1} ]
J[E+1l:]1=x
v[E+1l]=dot (W, x)
e=yr—y

JIJ=J [H=tart:, =]
ee=c [N=start:]

dw=dot (dot (inv (dot (JJ.T, JJ) +1/mua*L), JJ.T),ee)
W= HdwW
S55E [epoch]=dot (ee,ee)
print (55E [epoch] )
¥ de-normalization
u=u* F*scdut+meanu
y=y*I*avdy+meany
yr=yr*3*stdy+meany

Testing of Dynamic LNU:
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F5
$#-——-TESTING of the trained neural architecture
# on continuing data

u=loadtxt {"u.txt")

uv=u[Ntrain-1:]

yr=loadtxt ("v.Txt")

yr=yr[Htrain-1:]

H=len {(ua}

# resampling

##dn=1 # must be same as in training
if dn>l:

u=u[range (0,H,dn) ]
vr=yr[range (0,M,dn)]

H=len(u)

fstandardization of data

yr=(yr-meany) /3 /stdy

u=(u-meanu) /3 /stdu

vy=yr.cop¥() # covers also i.c.

X=ones (nx) Fx[0]=1

for k in range (Hstart,N-1):
X[range (l,nyr,1l) ]=v[range (k, k-nvr,-1)]
X[range (nyvr+l,nx,1l) ]=u[range (k, k-nur, -1} ]
v[k+ll=dot(w, X) #F does no calculate values up to Hstart
e=yr-y

Static QNU:

Fsetup

nyr=e

nur=a
nx=l+nyr+nur
nw=(nx**2+nx) /2

mu=0.1
epochs=200
w=randn (nw) /nw
yv=zeros( (H))
v[0:inx]=yr[0:nx]
e=zeros [ (H))
L=evye (nwW)
55E=zeros (epochs)
X=ones (nx)
colx=ones (nw)

HNstart=max (nyr,nur)
yv[0:Nscartc+l]=yr[0:HNstarc+l] # i.c.

J=ones | (N, nw) )
for epoch in range (epochs):
for k in range (Nstart,N-1):
X[range(l,nvr,1l) ]=yvr[range (k, k-nyr,-1)]
X[range (nyr+l,nx,1l) ]=u[range (k, k-nur,-1)]
pom=0
for i in range (0,nx):
or j in range (i,nx):
colx[pom]=x[i]*x[]]
pom=pomn+1
J[k+1, :]=colx
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v=dot (w, J.T)
v[0:Hestart+l]=yr[0:N=tart+l]
S=VI-VY

JIJ=J [Hstart:, :]
ege=g [Hatart:]

dw=dot (dot (inv (dot (JJ.T, JJT) +1/mu*L), JJ.T),ee)

wW=W4dw
S5E [epoch]=dot {ee, ee)
print S55E[epoch]

# de-normalization
u=u*3*stdut+meanu
Y=y *3*stdy+meany
Vr=yr*3*stdy+meany

Testing of Static QNU:

zigmal=zeraos | (H) )
sigmaZ=zeros | (H))
x=ones (nx) Fx[0]=1
colx=ones (nw)
J=ones [ (N, nw) )
for k in range (Nstart,N-1):
X[range (l,nyr,1l) ]=yr[range (k, k-nyr,-1)]
X[range (nyr+l,nx, 1) J=u[range (k, k-nur, -1} ]
pom=0
for i in range (0,nx):
for j in range {(i,nx):
colx[pom]=x[i]*=x[]]
pomn=pom+1
J[k+l, :]=col=x
v=dot (w, J.T)
v[0:Nastart+l]l=yr[0:N=start+l]
eE=yIr-y
JI=J[N=start:,:]
eg=e [Hastart:]
S55E=dot (ee, ee)
print (S55E)

# de-normalization
u=u¥*3*=stdut+meannu
y=y*3fstdy+meany
yr=yr*3*stdytmeany
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Dynamic QNU:

ma=0.0001
epochs=200
w=randn (nw) /oW
v=zeros | (M)} )
v[0:nx]l=vr[0:nx]
e=zeros | (M) )

L=eve (nwW)

S55E=zeros (epochs)
X=ones (nx)
colX=ones [(nw)
Nestart=max (nyr,nur)
yv[0:Nstart+l]=yr[0:N=start+l] # i.c.

J=ones | (N, nw) )

epoch in range (epochs) :

for k in range (Nstart,N-1):
X[range (l,nvr,1l) ]1=v[range (k, k-nvr,-1)1]
X[range (nyr+l,nx,1) ]=u[range (k, k—-nur, -1} 1]
pom=0
for i in range (0,nx):

for j in range (i,nx):
colx[pom]=x[i]*x[]]
pom=pom+1

J[k+1, : ]=colx

v[k+l]=dot (w, colx)

elk+l]l=yr[k+1l]-v[k+1]

JIJ=J[N=tart:,:]
ee=g [Natart:]

dw=dot (dot (inv (dot (JJ.T, JJ)+1/mu*L), JJ.T),ee)
w=w+dw

55E [epoch]=dot (ee,ee)
print S55E [epoch]

Testing of dynamic QNU:

-~ k in range (Hstart,N-1):

X[range (l,nvr,1l) ]l=y[range(k,k-nyr,-1)]
X[range (nyr+l,nx,1l) ]=u[range (k, k-nur,-1) 1
pomn=0
for i in range (0,nx):
for j in range (i,nx}:
colx[pom]=x[i]l*x[]]
pomn=pom+l
J[k+1l, :]=colx
yv=dot (w, J.T)
v[0:Hstart+l]=vr[0D:Nstart+l]
e=yr-y
JIJ=J[H=ztart:,:]
ee=g [Haztart:]

S55E=dot (ee, ee)
print S55E

Static MLP:
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from numpy import *

from matplotlib.pyplot import #*

from numpy.random import randn, rand
from numpy.linalg import inv
f-——defining functions

def phi (ny):
bz=2./(1l.4+exp(-nv))-1

def dphidny(ny):
bzz=2%exp (-nv)/ (l.+exp(-nv) ) **2

f-———initializing filesz with real data
##5electing only first Ntrain samples of TRALINING DATA

Htrain=500

u=loadtxt [('n.TxT')
u=u[0:500]
meanu=mean (u)
stdu==td (u)
vr=loadtxt ("v.Txt')
vr=yr[0:500]
stdy=std (vyr)
meany=mean (¥yr)
H=len (u)

# resampling
dn=1 # 1... no resampling
if dn>1:
u=u[range (0, HN,dn) ]
yr=yr[range (0,N,dn) ]
H=len (u)

Fzetup

nyr=5 #Frange of v in dynamic model system
mur=10 #range of u in dynamic model =ystem
muW=0.1 #learning rate for hidden laver
mu¥V=0.05 #learning rate for output neurons
nl=5 #neurons in hidden laver

nx=1+9 #length of the input vector

nv=1l+nl #fnumber of output neuron weights
nxi=nv #number of =i

epochs=300

F-——INITIALIZATICH-—-

Fweights

W=randn (nl,nx) /nx fkeeping init weights =mall
v=randn (nv) /ov

e=zeros (M)

y=zeros (H) #network output

43 of 47



¥[0:nyr]=yr[0:nyr]
Xi=ones (nxi)
dxidny=zeros (nl+l)
dydv=zeros ([ (H,nv) )
Lv=evye (nv)

Lw=evye (nx)
dydW=zeros ([ (N, nx,nl))
S553E=zeros (epochs)
X=ones (nx)

Hatart=max (nyr, nur)
v[0:H3tart+l]l=yr[0:Nstart+l] # i.c.

for epoch in range (epochs):
for k in range (Hstart,H-1):
X[range (1,nyr,1l) |]=yr[range [k, k-nyr,-1}]
X[range (nyr+l,nx,1) ]=u[range (k, k-nur, -1} ]

Fx[2]=ulk]
ny=dot (W,x) #
Fphi=2/ (l+exp|-ny))-1

Xi[1:]=phi (ny)
v[kl=dot (v, x1i)
e[kl=yr[k]-¥[k]
fderivatives for jacobians
foutput neuron
dydv[k, :]=x1i
fhidden neurons
dxidny[1l: ]=dphidny (nv)
#for neuron in range (nl):
for 1 in range(l,nl+l): #for zall weights of esach neuron
dydW[k, :,i-1]=v[i] *dxidny[i] *x
fupdate output neuron
Jv=dydwv
dwv=dot (dot (inv (dot (Jv.T, Jv)} +1. /muV*Lv) ,Jv.T) , e}
v=v+dv
#update hidden neuron
for i in range(l,nl+1):
Jw=dydW[:,:,1i-1]
dw=dot (dot (inv (dot (Jw.T, Jw) +1. /muW*Lw) , Jw.T) , )
W[i-1,:]1=W[i-1,:]+dw
ege=g [N=start:]
SE5E [epoch]=dot (ee, ee)
print SS5E[epoch]

# de-normalization
u=u*3*stdut+meannu

V=Y * 3T stdy+meany
Vr=yr*3*stdy+meany

Testing of static MLP:
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Hh
[N ]
=

~ k in range (Nstart,HN-1):

X[range (1l,nyr,1) ]=yr[range (k, k-nyr,-1})]
X[range (nyr+l,nx,1) |=u[range (k, k-nur, -1} ]
ny=dot (W, x)

Xi[l:]=phi(ny)

Vk]l=dot (v,x1)

e=yr-y

ege=e [Hatart:]

S55E=dot (ee, ee)

print S55E

Hh
[N ]
=

~ k in range (Nstartc, N-1):
sigmal=yr[k]-v[k]
sigmaZz=yr[k] -meany

E=1- (zum(sigmal) /sum(sigmaz) )

print ("E=", R)

Dynamic MLP:
Fzetup
nyr=5 #range of v in dynamic model =vstem

nur=10 #range of u in dynamic model =svstem
muW=0.1 #learning rate for hidden laver
muV=0.05% #learning rate for output neurons
nl=5 #neurons in hidden laver

nx=14+9 #length of the input wvector

nv=1+nl fnumber of output neuron weights
nxi=nv #number of =i

epoch=s=500

#-——INITIALIZATION---

fFweights

W=randn (nl,nx)/nx fkeeping init weights =small

v=randn (nv) /nv
e=zeros (H)

y=geros (N) #network output
V[0 :nyr]=yr[0:nyr]
Xi=ones (nxi)
dxidny=zeros (nl+l)
dydv=zeros (| (N,nv))
Lv=evye (OV)

Lw=evye (nx)
dydiW=zeros( (N, nx,nl))
S5E=zero= (epochs)
X¥=ones (nx)

Hetart=max (nyr,nur)
yv[0:Hstart+l]=yr[0:Hstart+l] # i.c.
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or epoch in range (epochs) :

k in range (N=start, N-1):
X[range(l,nvr,l)]=v[range (k,k-nvr,-1)1
X[range (nyr+l,nx,1) ]=u[range (k, k-nur, -1} ]
Fz[2]=ulk]
ny=dot (W,x) #
fphi=2/ (l+exp(-nv))-1
Xi[l:]1=phi (nv)
vik]l=dot (v,=x1)}
elk]l=vr[k]-v[k]
fderivatives for jacokians
#output neuron
dydv[k, : 1==xi
fhidden neurons
dxidny[1l: ]=dphidny (nv)

#for neuron in range (nl):

for i in range(l,nl+l): #for all weight=s of each neuron
dydiW [k, :,i-1]=v[i] *dxidny[i] *=x

fupdate output neuron

Jv=dydwv

dv=dot (dot (inv (dot (Jv.T,Jv)+1. /muvV*Lv) ,Jv.T) ,e)

v=w+dwvw

$update hidden neuron

for i in range(l,nl+1):
Jw=dydW[:,:,1i-1]
dw=dot (dot (inv (dot (Jw.T, Jw) +1. /muW*Lw) , Jw.T) ,e)
W[i-1,:]=W[i-1,:]4+dw

ee=g [Nstart:]
55E [epoch]=dot (ee,ee)

55E [epoch]=dot (ee,ee)
print S55E [epochl]

Testing of dynamic MLP:

FF
$#———-TESTING of the trained neural architecture

w=loadtxt ("u.Txt")
uw=u[Htrain-1:]
vr=loadtxt ("vV.TXLT")
vr=yr[Htrain-1:]
H=len (u)

¥ resampling
#F#dn=1 # must be =same as in training
if dn>»l:
v=u[range (0,NH,dn)]
vr=yr[range (0,N,dn}]
N=len (u}
sigmal=zeraos | (H))
sigmaZ=zeraos | (H))
fztandardization of data
yr=(yr-meany) /3 /stdy
w=(u-meanu) /3 /stdu
y=yr.copyl() # covers also i.c.
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H

k in range (Nstart,N-1):

X[range (1l,nyr,l) ]=yv[range (k, k-nyr,-1)]
X[range (nyr+l,nx,1l) ]=u[range (k, k-nur,-1}]
ny=dot (W, x)

Xi[l:]=phi (nvy)

v[k]=dot (v, x1i)

E=yYr—-y

ege=e [HN=atart:]

S55E=dot (ee,ee)

print S55E

k in range (HNstart, NH-1):
sigmal=yr[k]-v[k]
gigmal=yr|[k] -meany

E=1-(sum(=igmal) /sum(=igmalZ))
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