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Machine Learning for Monitoring of the Solenoid Valves Coil Resistance Based on Optical
Fiber Squeezer
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Solenoid valves represent indispensable elements in various engineering systems. Their
failure can lead to unexpected problems. This failure may be caused by fluctuations in the
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coil resistance of the electromagnetic solenoid (EMS) which actuates these solenoid
valves. Hence the need to monitor this parameter for a preventive maintenance of these
actuators. The proposed method consists to use supervised machine learning to monitor
coil resistance of the EMS valve. The EMS valve is coupled to an optical fiber squeezer
which, acts as a force sensor. The solenoid armature applies a mechanical force to the
optical fiber and changes the polarization state of the light that travels through the optical
fiber and then this force infects the power of the light. A Simulink model is used to
determine the open loop system step response. The identification of the system allows
obtaining its transfer function, which depends on the parameters of the EMS and in
particular on its coil resistance. By varying the coil resistance while fixing the other
physical parameters of the EMS, we generate a database whose elements are the
coefficients of the transfer function of the solenoid open loop and the electrical resistance
of its coil. The generated database is used for training several supervised machine learning
models whose predictors are the elements of the transfer function; the response is the coil
resistance. The Gaussian process for regression allows to predict the variations of the coil
resistance with the smallest relative error although it takes a relatively long time for the
training compared to the other models used.
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1. INTRODUCTION

Electromechanical solenoids (EMS) have relatively an
inexpensive conception [ 1], their control circuit and design are
simple. They are very reliable and require low power for
control [2]. They are used in a wide range of modern industrial
equipment such as digital actuator arrays [3], gas valve [4],
robotic manipulators [5], positioners [6], anti-braking systems
[7], vehicle vibration control systems [8], and polarization
controllers where they are used as a mechanical actuator to
adjust the light power at the output of an optical fiber [9]. To
improve the security measures and performance of the systems
based on the EMS, a strategy of regular maintenance of these
EMS certainly reduces the failure rate [10]. These failures can
be caused by the wear of the contact surfaces of the friction
assemblies or/and by the fluctuations of its parameters [11, 12]
namely the mass of the armature, the stiffness of the spring,
the coefficient of friction, the inductance of the coil and its
electrical resistance [13, 14]. Other studies have shown that
EMS failure can occur gradually due to the exhaustion of the
coil in relation to voltage and mains frequency, and spring
stiffness [15, 16]. These EMS failures can lead to serious
accidents in the economy and in the safety field such as
railway braking system, nuclear power plants and aviation
engine [17]. Studies based on signal processing and machine
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learning were used to develop a sensor to detect anomalies [18,
19] or a method of grouping EMS failures [20] without giving
a physical explanation of the failure modes related to the EMS
parameters [21]. In one of our previous studies [14], we used
a method of monitoring EMS parameters based on an optical
fiber squeezer coupled to an artificial neural network (ANN).
In this study, we propose to use supervised machine learning
to monitor fluctuations in the coil resistance of the EMS. The
predictors are the coefficients of the EMS transfer function
while the response is its coil resistance. The database used for
the training of the machine-learning model is generated from
a Simulink model by varying the coil resistance of the EMS,
and each time, the transfer function is determined by
identification of the dynamic open-loop step response of the
EMS. Different regression models are used to predict
fluctuations in coil resistance: linear regression (LR) [22],
support vector machines for regression (SVM) [23], gaussian
process regression (GPR) [24], regression trees (RT) [25], and
ensembles of tree (RTE) [26]. the GPR model presents
advantages in terms of root mean square error (RMSE) and
relative error on the prediction of the variations of the
resistance of the coil although it requires a relatively long time
for the learning. the SVM model is disadvantageous in terms
of RMSE and learning time.


https://crossmark.crossref.org/dialog/?doi=10.18280/jesa.540511&domain=pdf

2. THE MODELING OF THE EMS
2.1 Structure of the EMS based on fiber squeezer

The EMS based on fiber squeezer (Figure 1) consists of an
EMS coupled with an optical force sensor [14].
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Figure 1. Structure of the EMS with fiber squeezer

A birefringence is created by applying a force to the optical
fiber. This birefringence affects the polarization of the light
that propagates through the optical fiber [9]. The force is then
measured by analyzing the light power at the output of the
optical fiber detected by the photodiode.

2.2 Mathematical modeling of the EMS with fiber squeezer

The EMS based on fiber squeezer is subdivided into three
sub-blocks, a mechanical block, an electrical block and an
optical block. The differential Eq. (1) models the mechanical
part of the EMS [27]:
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where, x is the armature displacement, X is the initial air gap
between the armature and the frame backside, m is the
armature mass, K is the spring stiffness, Fem is the
electromagnetic force created by the solenoid coil, and B is the
coefficient of the system. The electrical block is modeled by
the differential Eq. (2):

dL(x)
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where, U is the electrical voltage across the EMS coil, R is the
electrical coil resistance of EMS, i(t) is the electromagnetic
coil current, and L is the coil inductance of the EMS. The
differential Eq. (3) interprets the comportment of the EMS
optical block [14]:
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where, P; is the input light power of the optical fiber, Py is the
output light power of the optical and § is the phase difference
between two polarized lights along the squeezing axis and its
orthogonal axis that can be expressed as [28]:
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where, F is the intensity of squeezing force, A is the
wavelength of the used light and d is the diameter of the used
optical fiber core.

2.3 Simulink model of the EMS based on fiber squeezer

The Simulink model of the EMS fiber squeezer consists of
three interconnected sub-blocks, the mechanical sub-block,
the electrical sub-block and the optical sub-block (Figure 2).
The mechanical sub-block and the electrical sub-block model
respectively the two differential Eqns. (1) and (2) while the
optical sub-block models the two Eqns. (3) and (4). The
electromagnetic force generated by the coil represents an entry
of the mechanical sub-block. The position and the velocity of
the armature calculated by the mechanical sub-block constitute
a feedback to the electrical sub-block. The optical sub-block is
interconnected to the mechanical sub-block via the squeezing
force.
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Figure 2. Scheme of Simulink model of the EMS based on
fiber squeezer

2.4 Estimation of the open loop transfer function

The Simulink model is simulated with the following
parameters values: The coil resistance R=10€2, the inductance
L=20mH, the spring stiffness constant K=2000N/m, the
friction coefficient B=2Ns/m, and the mass plunger m=300g.
The open-loop step response of the system (Figure 3) shows
that the system is stable with a damped pseudo-periodic
regime.
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Figure 3. Open loop step response

The open loop step response is used to estimate the system
transfer function using “tfest” function which, is a function
integrated in Matlab [29]. The transfer function obtained is
expressed in the following form:

B num
s? +den2s +den3

Tf (5)

where, num is the numerator of the transfer function (in
rad®.A%s?), den2 (in rad.s') and den3 (in rad’.s?) are the



coefficients of the numerator polynomial of the transfer
function. For the EMS parameter values indicated in section
2.4. The estimated transfer function is:

~ 231.3
s? +6.857s+ 6759

(6)

The estimate of the transfer function is established with the
following performances: The fit percent of the estimation is
99,39% and the MSE is 1,76.107.

2.5 Variation of the coil resistance and creation of the
database

The EMS parameters are fixed to the values indicated in
section 2.4. However, we vary the coil resistance from 10 to
50Q and each time, the Simulink model is executed to obtain
the step response of the open loop system. Then the system is
identified using the tfest function to determine the coefficients
of the system transfer function. The coil resistance of the EMS
and those of the transfer function are saved in a database which,
has four columns (R, num, den2 and den3) and 10000 rows.
Finally, a preprocessing of this database is executed to remove
the outliers. The flowchart presented in the Figure 4
summarizes the different steps followed to create this database.
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Figure 4. Flowchart of database generation

2.6 The effect of varying the coil resistance on the transfer
function parameters

The transfer function coefficients depend on the EMS
parameters [14]. In particular, the variation of the coil
resistance varies the system transfer function. The following
figures (Figure 5(a) to Figure 5(c)) represent the variation of
the transfer function coefficients as a function of the coil
resistance. Note that all the transfer function coefficients
decrease when the coil resistance increases.
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Figure 5. (a) Variation of num as function of R; (b) Variation
of den2 as function of R; (c¢) Variation of den3 as function of
R

3. MONITORING OF THE SOLENOID VALVES COIL
RESISTANCE

3.1 Machine learning training

We propose to use the supervised machine learning to
predict the coil resistance value from the open loop step
response of the EMS. The regression learner toolbox
integrated in the Matlab environment can performs this kind
of task. With this toolbox, we can use different models of
regression: linear regression (LR) [22], support vector
machines for regression (SVM) [23], gaussian process
regression (GPR) [24], regression trees (RT) [25], and
ensembles of tree (RTE) [26]. In our case, the predictors are
the transfer function parameters (num, den2, and den3) and the
response is the coil resistance (R). Table 1 summarizes the
performances of these different models.



Table 1. Performance of the used different regression

methods
SVM LR RT RTE GPR
R-squared  0.99 1 1 1 1
RMSE 1.06 010 0.09 0.02 0.00

3.2 Prediction of coil resistance & testing of ml models
performance

To predict the coil resistance value, it is sufficient to run the
Simulink model (R is unknown) to determine its open loop
step response. The coefficients transfer function of the EMS
are determined using the tfest function. These coefficients are
injected into the machine-learning model to find the coil
resistance value at the exit of the model.

The flowchart presented in the Figure 6 summarizes the
different steps followed to predict the coil resistance and the
relative error on this prediction.

Random Simulink Open loop
value of R. model step response
Prediction Predicted ML Estimation
error value of R. model of Tf

Figure 6. Flowchart of coil resistance prediction

Table 2. Relative error of the used different regression

methods
Test 1 Test 2 Test 3
R 16.79Q  29.80Q 33.60Q
SVM 0.2864% 1.2900% 2.5528%
LR  7.6946% 4.5220% 3.7306%
RT 0.4670% 0.1477% 0.0115%
RTE 0.0275% 0.0777% 0.0528%
GPR 0.0085% 0.0302% 0.0379%

4. RESULTS AND DISCUSSION

The figures Figure 5(a) to Figure 5(c) show that the three
transfer function coefficients of the EMS strongly depend on
the coil resistance. Each of these coefficients decreases when
the coil resistance increases. The machine learning models
used allow to predict the coil resistance of the EMS with
differences in precision and training time. The training time is
relatively long for the SVM and the GRP models. Table 1
shows that all the methods have a good R-squared coefficient
(about 1), which, implies that there is a good correlation
between the coil resistance and the transfer function
coefficients [30]. The RMSE coefficient varies depending on
the model used. So RT, RTE, and GPR have good performance
(RMSE close to 0), which implies that the predicted values are
close to the real values. The Table 2 represent the relative error
of the prediction on the coil resistance. Note that the prediction
quality is good for the RT, RTE, and GPR methods. But the
GRP method has the lowest relative error (less than 0,03%).

5. CONCLUSION

In this work, an approach is proposed to detect fluctuations
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in the coil resistance of an EMS valve. A Simulink model of
the EMS valve is used to determine the dynamic open-loop
step response. This response depends on the physical
parameters of the EMS. A database is generated by varying the
coil resistance of the EMS valve while keeping the other
parameters fixed. This database is used for training various
supervised machine-learning models. The models used are the
linear regression (LR), the regression tree (RT), the regression
tree ensemble (RTE), the support machine vector for
regression (SVM) and the Gaussian process for regression
(GPR). The models used have different performance in terms
of training time and the root mean square error (RMSE). The
GPR model takes a relatively long time to train, but it allows
to predict the coil resistance of the EMS valve with the
smallest relative error (less than 0.03%).

In the future work, another study is envisaged for the
monitoring of all physical parameters of EMS valve using the
supervised machine learning.
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