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Abstract: A correct system design can be systematically obtained from a specification model of a
real-time system that integrates hybrid measurements in a realistic industrial environment, this has
been carried out through complete Matlab / Simulink / Stateflow models. However, there is a wide-
spread interest in carrying out that modeling by resorting to Machine Learning models, which can
be understood as Automated Machine Learning for Real-time systems that present some degree of
hybridization. An induction motor controller which must be able to maintain a constant air flow
through a filter is one of these systems and it is discussed in the paper as a study case of closed-loop
control system. The article discusses a practical application of ML methods that demonstrates how
to replace such closed loop in industrial control systems with a Simulink block generated from neu-
ral networks to show how the proposed procedure can be applied to derive complete hybrid system
designs with artificial neural networks (ANN). In the proposed ANN-based method to design a
real-time hybrid system with continuous and discrete components, we use a typical design of a
neural network, in which we define the usual phases: training, validation, and testing. The gener-
ated output of the model is made up of reference variables values of the cyber-physical system,
which represent the functional and dynamic aspects of model. They are used to feed Simulink/State-
flow blocks in the real target system.

Keywords Quality real-time systems, Automated Machine Learning, Real-time embedded control
systems, Cyber-physical systems, Neural Networks.

1. Introduction

Automated Machine Learning (AML) methods for design and implementation of
real-time systems used to specify non-functional user requirements, such as time con-
straints between different system actions, are also starting to be applied successfully in
the requirement specification, design, and implementation phases of cyber-physical sys-
tems.

IoT is highlighting the huge current interest in developing autonomous driving to
organize traffic in future smart cities, and the ability to accurately control the torque of an
induction motor is crucial to enable the design of high-performance motor drive systems,
such as electric vehicles (EVs) [1].

In this context, AML methods are useful to be able to find a consistent implementa-
tion of EVs and other cyber-physical systems’ requirements, though they present serious
application problems regarding fitness calculation, overfitting, lack of scalability and a
high amount of time to compute the hyperparameters on which real-time and control sys-
tems are dependable. The problem above is worsened if we choose an artificial neural
network (ANN) to calculate the hyperparameters by following an optimization method
as the gradient descent one. Therefore, we propose in this paper to complement the com-
putationally expensive training phase of ANN with hyperparameter updates carried out
manually with the help of tools widely used in the industry, e.g., Simulink and Stateflow.
In order to achieve dependability of the target systems and quality of their software, the
values of the hyperparameters can be validated following a mixed approach that is based

© 2022 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202205.0352.v1
http://creativecommons.org/licenses/by/4.0/

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 25 May 2022 d0i:10.20944/preprints202205.0352.v1

2 of 24

on the interleaving of their value updates with the training of the neural network. Tough
this method could be considered as very model-specific, it allows us, however, to obtain
efficiently many hyperparameters of the cyber-physical model and fulfill time constraints.
Hyperparameter continuous validation technique provides the basis for obtaining a great
improvement over other approaches currently more referenced in the literature, for ex-
ample, obtaining hyperparameters using Bayesian optimization (HPO) [2].

Our approach works better for modelling analogic systems or those that capture
measured data continuously and it is inspired in some prior results obtained in solving
prediction problems with ANN [3] for Energy Efficiency systems. We aim at addressing
the issue arisen if discrete components are interrelated with continuous ones, in that case
the most common result leads to inflexible models, with parameters related to the physics
of the system that are difficult to change during the execution of simulations.

In hybrid state machines [4] the continuous behavior described by a system of differ-
ential equations associated must change as result of the occurrence of discrete events too.
Our approach gives very compact and flexible specifications of complex hybrid systems,
however there are very few tools that support this class of tools by now. In our case, we
hypothesize that there is no major problem in building a trained ANN, which can substi-
tute the PID controller of a closed loop control system, capable of reacting and producing
a correct response even in the case of discrete events, i.e., messages or signals that may
modify the values of the cyber-physical model’s hyperparameters.

The following sections are structured as described below. First, we will present some
fundamental material on AML, which is the formal foundation of our method. Next, our
proposal is applied, according to the approach we will detail, to solve a problem that often
occurs in the manufacturing industry, to produce a closed loop feedback system with real
time requirements, necessary to maintain constant the rotor speed of an induction motor
driven by a TriaC device, Figure 1, as used by an induction motor to maintain a constant
air flow through a filter in HVAC systems. The case study shows how the proposed
method can be applied to derive a hybrid system that also contains discrete components.
In the last section, conclusions and current lines of work are presented.
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Figure 1. Simulink block diagram of an induction motor controlled by a TriaC device.

2. Automated Machine Learning

Most real-time systems problems that can be solved by algorithms or heuristics are
characterized by complexities such as non-convexity, nonlinearities, discontinuities, vari-
ables of mixed nature, which involve expertise in multiple disciplines, as well as to face
high dimensionality, which renders algorithms ineffective, impractical, or inapplicable in
real time systems (RTS) software implementation. There are no known mathematically
well-founded algorithms to find the best solution to correctly implement RTS or to solve
general control problems, in general cyber-physical domains, with criticality and in a lim-
ited time.
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In order to solve such problems practically, we are compelled to search new optimi-
zation algorithms, which are typically developed by using heuristics that, despite lacking
strong mathematical foundations, are capable of reaching an approximate solution, in a
reasonable amount of time, to the aforementioned problems. These so-called metaheuris-
tic methods cannot guarantee that we will find the exact optimal solution we are looking
for, but they can provide us with a near-optimal solution in a much more efficient way.
Therefore, metaheuristic methodologies are gaining an everyday growing popularity in a
variety of application domains due to their practical appeal and ease of implementation.

Most metaheuristic methods are stochastic in nature and imitate a natural, physical,
or biological principle that resembles a search or optimization process. Evolutionary al-
gorithms, more specifically, genetic algorithms and their evolution strategy; particle
swarm, ant colony, bee colony optimization; simulated annealing, and a variety of other
methods, are among the most used nowadays.

Metaheuristics have a certain advantage over traditional optimization methods,
namely,

e [t can provide good solutions, which may be hampered by traditional
methods, for computationally easy challenges involving high input
complexity;

e Can yield solutions of sufficient quality to difficult problems, e.g.,
problems for which no exact algorithm is known, and which can be
solved in a reasonable time;

e In contrast to most conventional methods, they do not require infor-
mation on gradients and can therefore be used with non-analytical
black box or simulation-based objective functions;

. Most of them are inherently stochastic or deterministic heuristics that
are specifically designed for this purpose and have the ‘capacité’ to re-
cover from local optima;

e  Since metaheuristics can better deal with inertias in goals, they are also
able to recover from local optima;

e Most metaheuristics have only a few algorithmic changes to handle
multiple objectives.

On the other hand, cyber-physical systems usually resort to excellent tools such as
MATLAB/Simulink that are widely used in industry today to successfully complement,
and even replace, the metaheuristic methods mentioned above in IoT or Big Data applica-
tions. Currently, the use of tools that speed up the determination of the hyperparameters
of neural networks is being considered as a firm basis for the development of AML meth-
ods in an industrial environment and could certainly be considered as a sound and less
complex alternative to the development of new algorithms using metaheuristics that pre-
sent a high complexity both in their design and in the execution time they need.

2.1. Artificial Neural Networks and Gradient Based Optimization

Complex numerical and symbolic calculations can be made at incredible speed on
modern parallel computers. However, they cannot still be close to the performance of hu-
man minds to carry out perceptual tasks such as the recognition of language and images.
Computers need accurate input information and sequentially follow instruction-streams
while the human mind performs tasks in a highly distributed and parallel mode. We can
say, therefore, that a biological neural network is the basis for the design of an ANN and
thereof it must be considered as a fundamental computation model that is intrinsically
parallel and convenient to solve very complex problems in the cyber-physical domain.
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Figure 2. (a) Artificial neuron; (b) Simple artificial neural network (ANN).

Just as the human brain is formed by interconnected biological neurons, an ANN is
made up of artificial neurons, which are connected and grouped at different levels called
layers, as Figure 2 shows. For any ANN to obtain satisfactory results, it must have been
previously trained. The latter process consists of adjusting each of the weights of the in-
puts of all the neurons that are part of the neural network so that the responses of the
output layer fit as closely as possible to the known data. The optimization algorithm nor-
mally used to train ANN is called gradient-descent. The methods based on gradient de-
scent act as a measurement device to gauge the accuracy of the cost function calculation
with each step or iteration of the ANN parameters update.

2.1.1. Optimization and gradient descent

Nowadays we can obtain the model selection gradient in a reasonable time thanks to
modern parallel computers and GPU graphics cards, which are crucial to tune hyperpa-
rameters of cyber-physical models [2]. Following this approach, evaluations of the target
function results into a hyper-gradient vector instead of single values that are usually ob-
tained by other methods such as the called hyperparameter optimization (HPO).

Thanks to parallel computing we can now handle many hyperparameters of a model
[5] [6] by deploying gradient descent-based methods efficiently, more specifically, our
method for ANN applied to high-dimensional HPO problems can perform the following

tasks,
° Separately optimize the learning rate of an ANN for each iteration and
layer;
. Calculate optimal weights for each layer in the ANN;

e Reduce the likelihood of overfitting by L2 regularization for each indi-
vidual parameter.

We can, therefore, overcome the backpropagation through the complete training pro-
cedure of an ANN by carrying out hyperparameter updates offline and by possibly fol-
lowing a separate manual validation with “external” tools interleaved with the training
of the network. This method is highly model-specific but, in return, it allows us to tune
many hyperparameters of the cyber-physical model, which sets the ground for obtaining
a great improvement with respect to HPO carried out, e.g., by Bayesian optimization.

2.2. Feature Processing Algorithms

To build arbitrary size ML pipelines our approach proposes to use more than one
algorithm and dynamically add these algorithms to the parallel calculation to enlarge the
search space and then to haste select the right algorithm and its hyperparameters [7][8].

2.3 Scalability

There are currently many machine learning problems that cannot be solved directly
due to the magnitude of their scale. We will understand the term scale, in this context, as
the size of the configuration space and the high computational cost of carrying out the
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individual evaluations of the models involved. There are currently some successes in
training the neural network with small datasets and setting hyperparameter values by
hand during model training [9]. Our approach with respect to cope with the scalability
problem is to take advantage of massive parallel computing and try to full exploit large-
scale computer clusters or the thousands of SMs of GPU/CUDA multiprocessors.

2.4 Querfitting and generalization

Overfitting is an open problem when we try to apply ANN with a finite validation
set and the calculation of the model’s hyperparameters suffer from this drawback [10].
One possibility would be to use a different shuffling for each function we need to evaluate,
and thus reduce the amount of overfitting. This approach has shown to improve the gen-
eralization accuracy and recall by deploying a cross-validation strategy of the cyber-phys-
ical models. We can also use the strategy of finding stable optima instead only optima in
the objective function, as it was noted in [11].

3. Hybrid Systems Simulation

The simulation of the induction motor (IM) in Simulink, which has been used as a
case study here, can be downloaded at the address https://Isi2.ugr.es/~mcapel/miscela-
nea/motor/ . The prototype code has been structured in three separate blocks, correspond-
ing to the transformation between the reference system of magnetic fluxes, currents and
voltages in the motor, resolution of the simulation and return to the standard three-phase
reference system, as shown in Figure 4. For the model to work, it is necessary to run the
m-file included in MATLAB before opening the Simulink model. All the physical con-
stants listed in Table I have been defined using IS physical units in the ‘motordat.m’ file.

3.1 Physical Modeling of an Induction Motor

The most difficult component to model is an induction motor is the IM drive itself,
as specialized Simulink blocks are needed that include differentiation operators, or de-
velop them manually, as Figure 4(b) shows. The other devices in the model that includes
the IM can be modeled by means of simple switches or a combination of them.

An induction motor works according to the physical principle of mutual induction
between electrical circuits traversed by a varying magnetic flux @. Applying Faraday's
law, which is given by the following equation, we can obtain the magnetic flux through
the winding of a motor,

£= — (N ®p), (1)

The magnetic flux passing through a motor winding only depends on the current
conducted by the circuit. It turns out to be independent, for example, on the number of
poles of the motor. Therefore, we will assign a self-induction constant L to any circuit
being affected by magnetic induction, according to the equation,

N-®=L"lree, ()

The actual winding of induction motors consists of three windings, each winding
drives with a voltage phase separated 27/3 rad. from the next phase, for obtaining a ro-
tating magnetic field in the stator core of the motor, as shown in Figure 3(a). We call syn-
chronous speed the magnetic field’s rotational speed e, which is an important parameter
of induction motors.
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(a) (b)

Figure 3. (a) Motor winding; (b) Rotating reference system.

If we short-circuit the rotor winding of a three-phase wound induction motor, then a
current is induced which produces an electromagnetic force, and the motor will start to
rotate at the speed @ due to the change in the direction of the magnetic field, which is a

consequence of the synchronous angular speed . of the magnetic field B in the stator.
The difference between both rotational speeds (oe and or) is another parameter of induc-
tion motors, which is called slip.

Table 1. Constants and variables of the physical variables of an induction motor.

Observables and references of the IM physical system

d: direct axis of the rotating reference = 1/(1/ys+1/yw+1/xm): total reactance with the
system loses for magnetizing (ym)

g: quadrature axis of the rotating refer- ig, iss: currents of the g and d stator axis

ence system

s: subindex for the stator variable igr, iar: currents of the g and d rotor axis

r: subindex for the rotor variable p: number of poles of the motor

Fi=®j, magnetic linkage, where i=gor d |: inertia momentum

and j=sorr

vgs, Vas: stator voltages Me.: motor’s electromagnetic torque (output
variable)

Vgr, var: TOtOT VOltages Mi: load torque (input variable)

Ry, Rs: rotor and stator resistors oe: stator synchronous speed (input variable)

s stator reactance (e-Lis) =2 -mfo: angular speed corresponding to the
electric frequency of the motor feeding volt-
age.

yir: rotor reactance (e-Lir) or: rotor angular speed (output variable)

3.2 The two phases synchronous rotating frame
We can assume a reference system that rotates at the synchronous speed @ of the

stator to ease the representation of the rotating magnetic field B and the inductance
linkages ¢, as shown in Figure 3(b). The induction motor is therefore modeled by two
reels, the first one intended to drive the current in the stator to generate the rotating mag-
netic field. The second reel will generate the magnetic field induced in the rotor and the
force that makes it rotate. We can very accurately represent the magnetic coupling be-
tween the stator and rotor windings of an induction motor with this simple model. The
first axis in the Figure 3(b) is called the direct axis (d) and the second one is called the
quadrature axis (q), and both constitute the rotating reference system d-q.

In addition, the rotor angle & must also be considered as another important parame-
ter of the induction motor model. An induction motor with a short-circuited rotor winding
(called “squirrel cage”) will keep its voltages vy and var at zero. All the values of constants
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and variables of the linear differential equations system of the above model have been
summarized in Table 1.

3.3. Calculation of the electromagnetic torque generated by the motor

Now, applying the theory of electromagnetism, we can obtain a mathematical ex-
pression that serves to calculate the electromagnetic torque generated by the motor. We
will derive, therefore, the mechanical power given by the motor from the following elec-
tromagnetic equation,

3 .
Pme(.'h= E( wb. ¢sq_ wb' ¢sd’ l,s‘q) (3)

and the magnetic linkage 4)“] o only depends on the angular speed and the mag-
netic flux Fij= @-@j. The mechanical power can be made equivalent to the electrical torque

M. generated by the motor, then we can obtain,
3p.1 . .
M, = E (E)w_b (Fdslqs - Fqslds) 4)

from the magnetic linkages Fas, Fss, and currents, which are obtained by solving a system
of differential linear equations, graphically represented by Figure 4(b), with concrete val-
ues of p (the number of poles) and w: (stator speed) as the input data to the induction
motor model.

The angular speed «r of the rotor can also be calculated since the load torque M: and
inertia | are also parameters of the induction motor model. As the above equation (4)
shows, the electrical torque and the angular rotor speed depend on the number of poles
of the rotor winding, on the contrary of what happens with the magnetic couplings

3.4 Model of an Induction Motor Drive
The model of an induction motor can be structured in 3 main blocks, Figure 4(a):

1. Transforms the three stator voltages vs, v, vc, with a phase of 21/3 between each two,
into the rotating reference system d-gq;

2. The block representing the induction motor itself (which inputs the three phase volt-
ages, the synchronous angular speed @ and the load torque Mi);

3. This block returns the expression of the model variables in the d-q system back to the
three phases “abc’ reference system, since the latter one gives us the standard graph-
ical representation of currents in the stator.

Two specific blocks have also been designed, one to calculate the electromagnetic
torque M. given by the motor and another to calculate the rotor angular speed @, in Figure
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Figure 4. (a) Simulink model of the IM; (b) The block “dg-model of...” that implements the IM
drive in the d-q rotating reference system.

4. Modeling Method

In the proposed method we will use different ANN classes [3] to design a hybrid real-
time system with continuous and discrete components, we use a typical design of a neural
network, in which we define training, testing and validation (Figure 5). The output gen-
erated or “measured” from the IM Simulink model, which represent the functional and
dynamic aspects of model, are the training data.

During the execution of the system model implemented with Simulink, the main var-
iables of the cyber-physical system acquire values that are used to train the ANN. The
MATLAB Deep Learning tool allows us to generate Simulink blocks that implement dif-
ferent types of neural networks (Feed Forward, NARX, ...).

A Simulink block implementing a trained ANN can replace any PID controller in a
closed-loop control system, such as those typically used in industrial systems to keep the
output signal constant and produce a predictable system response, even in the case of
disturbances in the input signals or noise.

Input dataset features
Va,.Vb, Ve, stator
synchronous speed,

load torque,

Selection of specific

> ANN and its architecture:

number of hidden layers,
neurons per layer....

Testing (25% of Training (75% of
the initial dataset) the initial dataset)

repeal previous step

Trained model General neural
of the Induction o
Motor (IM)
! Model validation of
(R ihe cyber-physical iUk DTy
el simulation

Figure 5. Diagram of the approach to deploy the general model of a cyber-physical system; there is
only one neural network that learns from input data and outputs the next value.
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4.1 Registry

The training data were obtained by simulation using the Simulink model of the IM
drive shown in Figure 4. The problem of data logging, although facilitated by the assis-
tance offered by the Simulink software, requires the application of algorithms such as the
classical ICP, or some of its adaptations [13].

The proposed method starts from N sets of point clouds:
{(War Vb, Ve, g, Uy, iey My, 0 ) Y1, whose points have information of a 3D static property, i.e.,
the voltages: vs, vb, vc and currents: is, i, ic of the stator, and of two dynamic properties,
which have been chosen to be the load torque M: and the @ synchronous angular speed
of the stator (see Table 1).

The point clouds for ANN training can be obtained in several ways: by direct meas-
urement of the physical device (IM) using a rotating torque meter or obtained directly
(off-line) from an experimental database for three-phase induction motor rotor fault de-
tection and diagnosis [14], or they can be obtained by simulating the IM drive with Sim-
ulink, which is the option chosen in this study. The acquisition of the training data must
be repeated several times and outliers must be eliminated. In the end, the objective of the
first stage of the proposed method is to obtain a realistic point cloud in which the evolu-
tion of the rotor’s angular speed @r and the rotor’s electromagnetic torque M. in the real
physical system can be visualized. On the other hand, the objective model sought by the
method, in order to accurately predict the values of the above variables, must be able to
react and self-stabilize against variations of input voltages, the load torque M: and stator
angular speed w., to achieve this the IM drive Simulink model proves to be of great help.

N
N
_o

270§

Rotor Speed (rad/s)
5 S
(=] n

2501 N

245 | 1 1 1 I 1 1 | 1
0 5 10 15 20 25 30 35 40 45 50

Offset=0 Time (seconds)

Figure 6. Applied reference rotor speed. Training data are collected from the Simulink model of the
IM drive.

The training data have been collected assuming initially a reference stator speed w=
2-7 fo, where fv is the frequency of the feeding voltage (=100 s.) in the stator winding and
M is the load torque, whose values are in the range [0.0...330.0] Nxm during the simula-
tion. The collected data from the Simulink model are the voltages and currents in the three
phases of the named ‘abc’ reference system. Figure 6 shows the reference rotor speed r,
which is assumed to change over the simulation time. The simulation time was 50 s. The
simulation has been done with a sample time of 0.0005 s. and the size of data points is
250,000 points. The rotor speed - has been stored in the MATLAB workspace as a time
series represented by a table with the same time step as the simulation sampling time.
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4.2 Design of the ANN

The type of ANN is very important to get an accurate estimation of the electromag-
netic torque and speed of the IM. The MATLAB Deep Learning toolbox has been used to
implement the ANN deployed in this study.

A shallow multilayer neural network with 2 hidden layers has been initially defined,
Figure 7 (a). The training function of both ANN has been chosen as the Levenberg-Mar-
quardt (‘trainlm’) one but any other could have been chosen instead.

The objective function selected was the mean squared error (MSE). Of course, the
number of hidden layers and the number of neurons in each layer can be tuned to obtain,
with the maximum possible performance, the estimated speed within a time window
(50s.). We have selected here 20 and 10 neurons for the first and second hidden layers,

respectively.
= T[_t-l; e
b 9. 'l
'S a—Ty
oo T
- 10

(a) (b)
Figure 7. Architectures of the neural networks deployed in the study.

In the second part of the study a non-linear autoregressive with exogeneous input
neural network has been used, Figure 7 (b). A 2-layer feed forward NARX, with 10 neu-
rons and a sigmoid transfer function (depicted as one Simulink block with curved line),
which takes an input data matrix and returns another one where each column vector con-
tains a single value ‘1", with all other elements equal to ‘0. In the output layer, 1 linear
transfer function (Simulink block with an oblique straight line) has been defined.

4.3 Training the ANN

The main objective of ANN training is to minimize the objective function iteratively
by fitting I1i = {&, 5,7...} hyperparameters with respect to K training samples, which have
been initially chosen to be a subset of the point clouds yielded by the prior registry stage,
ie.,

x = vk, vl vl ik, i, 16, M, 01}, (5)
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This process can be expressed by the following equation, ming,F(x,1I;), such that
FCe, 1) = L. ({vh, vh, vl ik, i), i, M, b )y, 1) + (1) (6)

Where F is the objective function, L.r. represents a linear relationship between each
set of samples and the hyperparameters I1;, and the function r(-) that represents the pen-
alties that the application of each set of hyperparameter values may incur.

The optimization of the objective function F can be performed by several techniques:
reinforcement learning, heuristics, gradient descent, ... In our method we have chosen the
latter because the functions describing the cyber-physical model are all differentiable and
F maintains the same properties, so that the calculation of ming, F (x,I1;) does not usually
diverge if gradient descent application is chosen.

The training of each of the ANNSs used in the study has been performed offline, using
the recorded currents and voltages data during a representative run of the IM drive
model, to save implementation time. The motor speed was then predicted (‘estimated
speed’) by training first the FF ANN and then the NARX ANN. The same process has been
carried out for the estimation of the electromagnetic torque Me.

4.4 Validation of the ANN

In order to obtain a useful objective function, adapted to our case study, we will de-
fine a cost function to be optimized and build the complete performance evaluation
model, which we have named MSE ("mean square error") model based on four key factors:
Ux, ix, @r and the M.. (see definitions in Table 1) affecting the reliability and efficiency of the
IM model.

Therefore, we can interleave the dimensions of the model (v, ,1,, M., @) to obtain a
multidimensional evaluation of performance, such that the MSE can guide the iterations
during the application of the gradient descent technique,

—_—_ 2
- o)
L, =Yt 2

7)

S 8)
/ziii(Mei - My )
Moy= "% ——

2K (@, = oy
, = Ve (10)
The reference values of the 4 key factors for MSE calculation are the measured values
of currents, voltages, torque and synchronous speed in each one of the K training samples.

We can find the optimal model by minimization of
F(H)=log(a-Ekx+B-Ikx+y-Mek+6-er) (11)

We consider that the natural logarithm can substitute the square root. In the latter
equation a, , ¥ and J denote the weight hyperparameters and Ekx, Iy, M, Wik represent
the performance factors of input voltages, currents, torque, and motor speed, respectively.

First, we create the network by executing name= feedforwardnet ([20 10])of DLT;
i.e., we create a 2 layer feed forward network with 10 and 5 hidden neurons, respectively.
In the second part of the study, we repeated the process by creating a NARX network by
issuing the command name= narxnet (10). By executing the command view (net_name),
for each of the 2 networks created we can visualize the images (a) and (b) in Figure 7.

We have validated and tested both ANNSs to prove the performance and accuracy of
the feed forward and narx networks. Tests have been performed by calculating the MSE of
the estimated values of or and M. by applying regression. The estimated values should be
tested with all the data available (training, validation, and test) up to that point. If the


https://doi.org/10.20944/preprints202205.0352.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 25 May 2022 d0i:10.20944/preprints202205.0352.v1

12 of 24

accuracy of the results is not satisfactory, the previous steps should be repeated, as shown
in the diagram of Figure 5

4.5 Exporting the Simulink Block

At this stage, after checking the efficiency and accuracy of the ANN generated in the
previous phase of the method, the neural network can be exported as a Simulink block
using the command gensim (net_name) of the DLT application. The steps to obtain an ac-
curate estimate of the @ and M. can be carried out as in the listing below. This code shows
that the FF ANN has been selected to obtain these predictions and that it has two hidden
layers of 10 and 5 neurons, respectively,

1. Implement a Simulink model of the IM
2. Simulation running of the Simulink model

3. Collect the input signals (currents, voltages, load torque, stator
synchronous speed)

4., Collect the output signals, i.e., values of rotor speed and electro-
magnetic torque for training the ANN

5. Design the ANN as result of issuing similar commands as the next
ones: ff net=feedforwardnet ([20 10]);

ff net.trainFcn= 'trainlm’;

ff net.divideFcn='dividetrain’;
ff net.divideMode='sample’;
ff net.trainParam.Epochs=1000;

6. Configure and train the ANN as result of the commands:
ff net= configure(ff net, input signals, output signals);
[ff net,tr]l=train(ff net, input signals, output signals);

o .
-"‘a'&i backforward v,
,+* hidden layers hyperparameler’+,
» s dropautlayer  AjUStment ‘o‘

Simulink
4— model

MODEL VALIDATION TIER

000l

Figure 8. The parallel architecture of the generated models.
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4.6 ANN Parallelization Assessment

A fully connected network that contains two hidden layers of size 2K has been de-
fined, and one of them is constituted as a 50% dropout layer between them to avoid over-
fitting. As shown in the parallel model of Figure 8. Each of the K-sub-networks is suscep-
tible to be run in parallel. The optimal value of K will depend on the number of CPU/GPU
cores available on the machine, and all K models are started in parallel to follow a process
that interchanges training and model validation by coding the algorithm to operate on
separate data partitions, according to the SPMD parallel data execution paradigm. The
assessment, which is carried out during the execution of the application, consists of the
comparison and fitting of the hyperparameters of the cyber-physical system by using for
this purpose the Simulink model of the IM drive, see Figure 4(b). In this way it is possible
to accelerate the convergence of the optimal values with respect to the application of the
approximate gradient descent only

5. ANN-based Speed Estimator

The input and output signals of @ and M. estimators can be obtained during the train-
ing phase by simulation of the IM drive, which construction is shown in Figure 4. Feed-
forward ANN rotor speed estimator is exported as a Simulink block with the input
x1(time, currents, voltages) and the output yI(rotor_speed) signals, as they are shown in
Figure 9(a).

'F:-.

Feed-Forward Neural Network

§
s

'
)
[

(a) (b)

Figure 9. (a) The construction of the FF ANN block in Simulink; (b) Detailed implementation of the
IM drive Simulink model including the generated block.

5.1 FF Network Based Rotor Speed Estimator

The MATLAB DLT application has been used to train, validate, and test the ANN
(created as “££ net’). Figure 10 shows the architecture of the FF ANN, information about
the algorithm selected for training and the objective function deployed in the validation
phase, as well as other characteristics of ‘£f net’ and the total execution time spent train-
ing this network.
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Epoch ) 1000 1000
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Figure 10. Architecture of the ANN for rotor speed estimator training.

The performance of the ANN-based rotor speed or estimator of the IM has been ob-
tained by the MSE calculated during 1000 epochs of training and it is shown in Figure
11(a). The error histogram is shown Figure 11(b).
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Figure 11. (a) Performance of the ANN-based rotor speed estimator considering mean squared error
(MSE); (b) Error histogram of the ANN-based rotor speed; (c) Regression between the rotor speed
estimated by the FF ANN and the measured in the IM drive

As it can be seen, the figures show a linear regression between the estimated (pre-
dicted by ‘££f net’) and the measured (in the IM drive) rotor speed values. The regression
calculation between the estimated and measured rotor speed or has been displayed in
Figure 11(c).

5.2 NARX Network Based Rotor Speed Estimator

In addition to the above speed estimator, obtained from an FFANN, another NARX
has also been trained to predict a time series y(t) from the past values of the feedback
signal y(t) and the values of the exogeneous input series x(t). The time series y(¢) contains
values of - and the series x(t) the vectors of the motor input currents and voltages in the
‘abc’ phase-normal reference system.
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Table 2. Created NARX characteristics.

. . Number of Features
Series role Time steps
features
Predictors: x(t) 250004 7 (time, iq, ip, ic, Va, Vb, Ve)
Responses: y(t) 250004 21 (time, or)

! Exogeneous signal components.

NARX neural networks can be applied in three different forms for making predic-
tions,

. Open loop;

. Closed loop;

. Open/closed multistep prediction.

In general, with the next value of the dependent output signal y(t) a regression is
performed on previous values of this output signal and the previous values of the exoge-
nous independent input signal x(t).

A series-parallel architecture based on an FF ANN can be efficiently used for training
a NARX neural network when modeling dynamic systems, since doing so is faster than
training the parallel configuration directly. We are going to apply the created NARX for
an open/closed multi-step prediction, i.e., the so-called ‘narx_net’ can initially be imple-
mented using a feed forward ANN to approximate the following function,

y@® = f =10,y =2),...y(t=n,),x(t=1),  x(t=2),.. x(t —n,)) (12)
xt)_ |1 1
L N L A
_——'I>IIIIIIIII___}-/:2 -
Y(t) — g IE 5 —
L

(a) (b)

Figure 12. (a) NARX model implemented with feed forward neural network to approximate the
function f. (b) Parallel configuration for multi-step-ahead prediction.

Figure 12(a) shows the series-parallel architecture that has been used for training the
‘narx_net’. Subsequently, the feedback loop is closed to convert such architecture into its
parallel configuration as shown in Figure 12(b) for performing predictions of values in the
series y(t). This technique is very useful for performing multi-step forward prediction in
modeling nonlinear dynamic systems such as the IM drive we are concerned with in this
study.

The protocol to be followed to obtain an accurate estimate of wr and M.is given in the
following list of actions and commands of the DLT. The following code shows that the
‘narx_net’ has been selected to obtain the above predictions (estimates) and that it has 1
hidden layer of 10 neurons,

1. Implement a Simulink model of the IM

Simulation running of the Simulink model

3. Collect the input signals (currents, voltages, load torque, stator
synchronous speed)

4. Collect the output signals, i.e., values of rotor velocity and elec-
tric torque for training the ANN

5. Design the NARX ANN as result of issuing similar commands as the next
ones: delayl=[1:2]; delay2=[1:2];
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narx net=narxnet (delayl,delay2,10); narx net.trainFcn= ’'trainlm’;
narx net.trainParam.min grad=le-10; narx net.trainParam.Epochs=1000;
6. Configure and train the NARX ANN as result of the commands:
[p,Pi,Al,t]= preparets(narx net,X,{},Y);
narx net=train(narx net,p,t,Pi);
7. Close narx net for obtaining multi-step predictions of target values:
narx net closed= closeloop(narx net);

The training data must be used with a tapped delay with respect to the inputs of both
signals. The above code listing has defined 2 identical delays ([1:2]) for both predictors
and responses, so that the training of the network begins with the third data point in the
input (X) and output(Y) to the series-parallel network ‘narx net’. Using the ‘preparets’
configuration command means that a lot of data preparation is required before training
the network’s tapped delay lines, which must be filled with initial conditions. Finally, the
‘narx_net closed network’ is prepared to make predictions after the execution of the
‘closedloop’ command converts the trained network into its parallel configuration.

Since with NARX neural networks it is more frequent to get into overfitting situa-
tions, in this part of the study it was decided to manually divide the dataset into 70% for
training, 15% to validate that the ANN is generalizing correctly and stop it before overfit-
ting, and 15% to test the generalization performed by the ANN. Therefore, the histogram
of errors and the regression between estimated data and actual data must be displayed
for each of the mentioned subsets (training, validation, testing), as shown by the different
graphs in Figure 13.

Error Histogram with 20 Bins

Best Validation Performance is 0.00064065 at epoch 1000 x10°

Instances

Mean Squared Emor (mse)

w0t
[

W0 a0 500 60 W0 #o & ? 9 s
1000 Epochs Errors = Targets - Outputs

(a) (b) (c)

Figure 13. (a) Performance of the NARX-based rotor speed estimator considering mean squared
error (MSE); (b) Error histogram of the NARX-based rotor speed estimator; (c) Regression between
the rotor speed estimated by the NARX and the measured in the IM drive during training, validation
and testing of the speed estimator.

5.3 Results and Discussion

The DLT MATLAB application was used to validate the complete target system as-
sociated with the ANNs for motor speed and electromagnetic torque estimation.

We have carried out a double validation of the ANN-based estimator response for
rotor speed ar in this section considering a time span of 50 s from the training speed and
the load torque M: has been maintained constant. Figure 14 shows the measured speed
with the IM driver model and the estimated speed based on the FF ANN. Figure 15 shows
the actual reference speed of the IM driver and the speed estimated by the NARX ANN-
based estimator. We can see that the measured and estimated rotor speeds have the same
trajectory, so we can conclude that the accuracy of the two speed estimators based on 2
different types of ANN has been correctly validated.
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Figure 14. (a) Rotor speed @ measured (orange) using the IM drive Simulink model, estimated
(blue) by the generated block from ‘££ net’; (b) Rotor speed error between measured and esti-
mated ar (scaled to 1.0).

However, in Figure 15 we can observe that perturbations in the response (@) of
NARX-based estimator are evident up to 8 s of run time, although the output signal tends
to stabilize soon after. In general, we can observe that the rotor speed wr follows the
changes produced in the synchronous @ angular speed in the stator, since any change in
the value of @ angular speed in the stator, since any change in the value causes rapid
oscillations around the new value in the rotor speed @, such oscillations are more dra-
matic at the beginning in the NARX-based estimator, this is probably caused by the closed
loop of the feedback signal that brings the output values of the speed back to the input of
the estimator. Therefore, we could state in view of the @r response plots that the NARX-
based estimator performs worse and takes longer to self-stabilize than the FF-based esti-
mator. The plots in Figures (b), which show the error between the measured and estimated
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values of the rotor speed, also agree that the error shown by the FF-based open-loop esti-
mator is smaller than the error produced by the closed-loop NARX-based implementa-
tion. In addition, Figure 15(a) shows a perturbation of the rotor speed at 31 s that has no
effect on the estimated output speed, which confirms the self-establishing capability of
the first estimator.

Rotor Speed
T

== T T T T T T T T
—— NARX-based rotor spoed (estimated)
350 —— Simulated rotor speed (measured) | |
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| | 1 1 | | | | 1
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(b)
Figure 15. (a) Rotor speed &r measured (orange) using the IM drive Simulink model, estimated (blue)
by the generated block from ‘narx_net’; (b) Rotor speed error between measured and estimated or
(scaled to 1.0).

6. ANN-based Electromagnetic Torque Estimator

We have carried out a double validation of the ANN-based estimator response for
electromagnetic torque Me in this section considering a time span of 50 s from the training
speed and the load torque has been maintained constant.

Electric torque (output signal) and load torque (Te, TI)
T T T T T T T

Electric torque (output signa) and load torque (Te, Tl)
T T T T T T

200 T
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Figure 16. (a) Zoomed electromagnetic torque (blue) M. (Nm) measured with the Simulink model
of the IM drive and load torque (orange)M: (Nm) input to models during simulation; (b) Same
measurements spanning the 50 s time run.
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Feed-forward and NARX ANN rotor speed estimators are exported as DLT gener-
ated blocks for their use in the target Simulink model with the input x1(time, currents,
voltages) and the output y1(electromagnetic_torque) signals.

The load torque M, which has been applied to obtain the training data, and the elec-
trical torque Me measured with the IM drive have been shown in Figure 16.

6.1 FF Network-based Electromagnetic Torque Estimator

The input data to the FF ANN estimator are based on the measured currents and
voltages in the IM drive model of Figure 4, with respect to the ‘abc’ phase-standard refer-
ence system. The output data are the electromagnetic torque M. and the speed r in the
rotor over time.

The DLT of MATLAB has been used to train, validate and test the FF ANN M, esti-
mator. The input and output data have been collected during the training by simulation
with the Simulink IM drive system. The generation of the FF ANN block in Simulink is
performed with the DLT commands,

TqTT= timeseries2timetable (Torque) ;

TqTl= [seconds (TgTT.Time), TqTT.Datal;

Tg= tonndata (TgTl,false, false);

W= [XT1(:,1:4),2T1(:,2:4)]1;%(time, currents, voltages)
[ff net, trl= train(ff net, W, Tq);

genism(ff net); %Simulink- FF ANN block generated

o U w N

The performance of the FF ANN-based electromagnetic torque M. estimator has been
obtained by calculating the MSE for 1000 epochs of training, as shown in Figure 17(a). The
error histogram in Figure 17(b) shows that more than 99% of all the instances exhibit al-
most negligible error. (<0.020).

Training: R=0.9996

Best Training Performance is 4.2749 at epoch 1000 108 Error Histogram with 20 Bins Ol oua

——Tain 45 -G 300
Best | o Eror

Y=T
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Mean Squared Error (mse)

©

3
100 200 300 400 500 600 700 800 900 1000 Errors = Targets - Outputs 0
1000 Epochs.
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Target
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Figure 17. (a) Performance of the ANN-based electromagnetic torque M. estimator considering
mean squared error (MSE); (b) Error histogram of electromagnetic torque M.; (c) Regression be-
tween the electromagnetic torque M. estimated by the FF ANN and the measured in the IM drive.

It can be seen that there is a linear regression between the estimated and measured
electromagnetic torque for the rotor with the IM driver. The regression has been calculated
from the IM Simulink model and the results are presented in Figure 17(c).

6.2 NARX Network-based Electromagnetic Torque Estimator

A second NARX ANN-based estimator of electromagnetic torque M. for the rotor has
been generated with the DLT commands,
1. narx net= narxnet (narx net,delayl,delay2,10);
2 [x,xi,ai,t]= preparets(narx net,W,{},Tq);
3. narx net= train(narx net, x, t, xi, ai);
4

narx net closed= closeloop (narx net);
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5. %Simulink- NARX ANN block generated
6. genism(narx net);

The time series y(t) contains now values of Me and the series x(t) the vectors of the
motor input currents and voltages in the ‘abc” phase-normal reference system.

Table 3. Created NARX characteristics.

. . Number of Features
Series role Time steps
features
Predictors: x(t) 250004 7 (time, iy, ip, ic, Va, Vb, Vc)
Responses: y(t) 250004 21 (time, M)

1 Exogeneous signal components.

As we did for the speed estimator, the dataset has been manually divided into 70%
for training, 15% for validation, and 15% for testing. Therefore, the histogram of errors
and the regression between estimated data and actual data must be displayed for each of
the mentioned subsets (training, validation, testing), as shown by the different graphs in
Figures 18 (a)-(c).

3 & 10° Error Histogram with 20 Bins
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Figure 18. (a) Performance of the NARX-based electromagnetic torque M. estimator consider-
ing mean squared error (MSE); (b) Error histogram of electromagnetic torque M.; (c) Regression
between NARX-estimated and measured (Simulink IM model) electromagnetic torque Me during
training, validation, and testing phases.

6.3 Obtained Results and Discussion

The DLT of MATLAB has been used to train, validate and testing the FF ANN and
NARX electromagnetic torque estimator considering a time span of 50 s from the training
speed and the load torque has been maintained constant and equal to 145 Nm in the plots.

Figure 19 (a) shows the zoomed capture of the measured data (used for training) and
of the estimated electromagnetic torque values after training the FF ANN estimator. The
input data of the FF ANN are based on the measured voltages and currents in the ‘abc’-
phases representation and the electromagnetic torque of the rotor. The output and input
data can be obtained during the training stage by simulation of the IM drive (Figure 4)
with Simulink.

The errors, scaled to 1.0, obtained between the estimated and measured M. for the
rotor are shown in figures 19(b) and the results shown validate the accuracy and effective-
ness of the FF ANN estimator implemented as a Simulink block by using DLT.

Figure 20 (a) shows the actual reference torque M. produced by the IM drive and the
output of the NARX ANN-based estimator. We can see that the measured and estimated
electromagnetic torques have the same trajectory, so we can conclude that the accuracy of
the two torque estimators based on 2 different types of ANN has been correctly validated.

On the other hand, if we perform a closed loop-based estimation with the electro-
magnetic torque M. controlled by the NARX, exported as a Simulink block, we are appar-
ently obtaining worse results than with the FF ANN estimator, as can be seen in the error
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plot between the measured and estimated values in Figure 20 (b). However, we can ob-
serve that the error plot of the electromagnetic torque M. produced by the induction motor
with respect to a constant load torque M of 145 Nm will only have significant oscillations
at the beginning of the simulation, i.e., while the system is trying to reach a stabilization
point. The oscillations shown represent approximately 50% of the target torque value M.,
(200 Nm.) but these oscillations are caused by dynamic conditions during motor operation
which subsequently attenuate and are probably an unwanted side effect of the closed loop
of the feedback signal. The initial output values of the electromagnetic torque for the rotor
are not accurate, however the estimator input is also fed with these values.
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Figure 19. (a) Electromagnetic torque (orange) M. -measured for training. M.-estimated (blue) by
the FF ANN-based predictor; (b) M. error (scaled to 1.0) between measured and estimated electro-
magnetic torque for the rotor.
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Figure 20. (a) Electromagnetic torque (orange) M. -measured for training. M.-estimated (blue) by
the NARX ANN-based predictor; (b) M. error (scaled to 1.0) between measured and estimated elec-
tromagnetic torque for the rotor.

7. Conclusions and Future Work

We have presented one method and application derivation scheme to obtain a correct
control system with real-time features. Automated Machine Learning methods together
with a certain class of ANN will allow us modelling continuous and discrete dynamic
systems, such as the induction motor (IM) drive that is the case study.

Four estimators, based in a feed forward (FF) and a NARX ANN have been used
for estimating 2 output signals: the rotor speed and electromagnetic torque of an IM drive.
Simulink blocks have been implemented and analyzed for the ANN-based estimators in
this article. The validation of the estimators has been performed using MATLAB and Sim-
ulink, as well as the Deep Learning Toolbox (DLT) that provides a specific command for
transforming certain types of ANNSs in to blocks that can be directly used in cyber-physi-
cal models designed with Simulink. The training, validation and testing of the FF and
NARX-based estimators has been detailed as a useful reference for engineers and
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researchers. The estimated rotor speed and electromagnetic torque follow the same track
than the measured ones from the IM drive.

Therefore, we have shown that PID (proportional integrative differential) controllers
can be substituted by trained ANN of different classes. FF and NARX have been used here
to integrate continuous components in a hybrid real/time system design without any ac-
curacy or timeliness losses. However, unlike other proposals that attempted to overcome
the same problem, our methodological scheme also includes a set of guidelines as a
method, which have proved to be of use for deriving a verifiable model of a cyber-physical
complex system.

A possible objection to the work carried out in this paper has to do with the basic
classes of ANN deployed (FF and NARX), which is due to hyperparameter optimization
only performed in the case study with an approximate gradient method that may not be
used with Recurrent Neural Networks (RNN), which seem to be more appropriate for
obtaining accurate and performant estimators of relevant cyber-physical variables in in-
dustrial systems as the induction motor drives. In future work, other classes of ANN, such
as RNN must be used and tested, which may produce an improvement of the effectiveness
and of the estimation accuracy with respect to the ANN deployed in this paper.

Finally, the proposed method has been defined for its easy integration in industrial
environments for simulation (Simulink) and can also be used with standard libraries for
neural networks development, such as SkLearn [11] in order to interoperate with the Py-
thon NumPy and SciPy numerical and scientific libraries, and PySpark, which has been
launched to support collaboration between Apache Spark and Python, is actually a Python
API for Spark. PySpark allows us to use a GPU cluster architecture and SparkGPU data
transfer. As future work, we plan to develop a tool capable of automated code generation
of real-time and embedded system software for several computing platforms.
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