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Abstract

Frequent failure in production systems is one of the most important problems
facing maintenance planners. In this paper, the methodology for estimating failure in
an electrical energy production system has been proposed. Consisting of a number of
related sub-systems, respectively, failure of any one causes the rest to stop producing.
Operating data were collected and the type of failure identified, which was classified
into three types (mechanical failure, electrical failure, and control failure). The
software (Matlab) was used in generating and training an artificial neural network
(ANN) to estimate the type of failure, through the data collected for each sub-system
of the unit under study, use 90% of the data for training, 5% for testing, and 5% for
valuation. The target matrix was built and trained, with a mean square error (MSE)
its(6.54 E-16), and regression (91%), and adopted to estimate the type of future
failure for subsequent years(2019),conformance results were for the subsequent year
between (82%-87%) for all the subsystems.

Using the artificial neural network, failure types were estimated for another
subsequent year (2020), the failure ratios were for subsystems for every ten days
during the year of estimation, were (33%) for the generator, (22%) for the boiler,
(31%) for the turbine, and (13%) for the condenser. High percentages, which can be
reduced by taking advantage of the proposed methodology that gave an
understanding of the type of failure, the time it occurred, and the location of the
failure, by building an overlapping preventive maintenance plan whose application is
approved in reducing the failure times of the unit under study. The proposed
methodology can also be applied to all other systems of different production.
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I. Introduction

Most modern industries avoid sudden maintenance that occurs in equipment,
in order to reduce workloads and costs, scheduled maintenance that follows modern
methods of predicting failure before it occurs, mitigate this, using (ANN) as an
important tool applied in scheduling, preventive maintenance and making the
appropriate decision to conduct them [VI].The theory of estimation is a branch of
modern statistical science that relies mainly on analyzing the input parameters and
making use of its results in obtaining the output parameters [X]. ANN has an
important roles in deferent applications, It has an effective role in forecasting
processes in various fields [IX]. The (ANN) consists of a large number of simple
processors an element called neurons, units, cells, or nodes. Each neuron is connected
to the other neurons by means of direct communication links, each with an associated
weight. The weights represent the information being used by the net to solve the
problem [VII]. Estimated is one of the statistical methods that rely on previous
information and data documented in a manner that helps researchers in the field of
development and improvement to build the scientific decision studied in the
scheduling of maintenance [II], Devika Chhachhiya, et al (2014) [I], research paper in
which the (MATLAB Toolbox) software, was used in the generation and training of a
(ANN), on the classification of data for glass materials, he used an developed
algorithm to identify errors that gave accurate results in determining the types of
additives for the production process. Farhad Hooshyaripor et al (2015) [V], This
paper estimates the amount of flow from dams, by training ANN to record failure
data and use the effect of parameters (water volume and height). The network
performance is acceptable, since it cannot guess a flow of less than 100 m3 / s. Erdi
Tosun, Ahmet C, alik (2016) [IV], The research expected of pregnancy failure in the
joint by training the neural network on data related to the length and width parameters
as input to the network and the load is the output, the network gave effective and
acceptable results in estimation. Emilia Sipos, Laura-Nicoleta Ivanciu (2017) [III],
This paper presents how to predict the failure that occurs in the manufacture of chips,
based on daily data and using the artificial neural network and diagrams such as
Pareto, the future values of failure have been estimated. Mahdi Saghafi, Mohammad
B. Ghofrani (2018) [VIII] This paper provides an estimate of the size of the fracture
in the coolant tubes in the nuclear power plant using the (NARX algorithm in ANN)
using the time parameter as a input to the network, the network demonstrated its
ability to estimate the fraction satisfactoril. Scalabrini Sampaio, et al (2019) [VI], the
researcher used the neural networks to estimate the failure in the motor by amount
data used in training the network. The network demonstrated the ability to schedule a
preventive maintenance of industrial equipment and machinery.

From the literature, very few researches have been done on the type of failure
using ANN. Therefore, in this study an ANN model was developed to predict the type
of future failure. The developed ANN model is used to analyze the effect of process
parameters at the time of failure and operating time of the system during three years
(2015-2017), and the year 2018 was used as a test year to check the modeling work,
and validate Experimental results before developing a model.
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condenser

Fig. 1: The system under study
II. Case Study

Fig. 1 shows the generation system under study, and its sub-systems, table 1
shows the operation and stopping time data from four years (2015-2018), the type and
location of the failure are shown in the table too, failures are classified according to
three types (mechanical, electrical, and control), the failure times and the time taken
for maintenance are clearer in the hours, as well as the date, year and hour for it to
occur.

Table 1: The operation and stopping time for a unit under study.
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III. Methodology

The data collected for the electric power generation unit under study is shown
in table 1, the 84 system failures of four years, when scanning the collected data, the
failure was in the boiler (24), turbine (17), Generator (34), and the condenser (9).
This data was entered using Matlab to generate a default matrix called the target
matrix which is the main matrix by which the malfunctions are estimated, the size of
the matrix depends on the largest number of failure occurrences and the types of
failure in each sub-system. This means that the matrix is under study (35x12), table 2
illustrates the method of constructing the target matrix.

The total number of hours during this period is (4 years x 365 days) = 35064
hours, this period is divided by (34) is the largest number of failures (failure becomes
between one period and another approximately 1031.3 hours), to get 35 equal time
periods first start From (0) hours and the last ending with (35064) hours, as shown in
the first column of the target matrix, table 3 . The number (1) means that a failure has
occurred in the place indicated within the time period, the type of failure of the
subsystem, while a number (0) means no failure has occurred in the same period,
built digital matrix (0,1) .

Using the Matlab Software - Artificial Neural Networks - fitting net neural
command, the data are entered into the target matrix to generate a neural network
used for prediction, where the input parameters are time interval values, and the
output parameters are the type of failure Digital code consists of 12 numbers as
previously explained. Fig.2 shows the structure type of the (ANN) used in the search,
it consists of an input layer that contains one neuron representing the time of failure, a
hidden layer containing 100 neurons, and an output layer of eight neurons
representing 12 exits of the type of failure and its location, the figure also shows the
type of function used for each layer, full connection of neurons in all layers. The
network trained on (90 %) of the data entered, (5 %) for testing, and (5 %) for
valuation. The (ANN) shown in Fig. 2, by using eq. 1 the value of the MSE was
calculated (6.54 E-16),and the regression (91%) after its training, Fig.3 shown the
training, test ,and validation, for the purpose of using it to estimate the type of failure
in the future.

MSE =~ 37 (h; — Ry )2 )
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Where h;&h,, the real and forecasted output value.

The output matrix and test after network training is shown in table 4 for year
data (2015-2018), fig. 4 shows the amount of congruence of the target matrix with the
output matrix. The (ANN) can be adopted to estimate the types of failures for the
following years.

Table 4 shows the results of the estimation of the type of failure and its
location in the subsystems of the production unit under study for the year 2019, when
entering cumulative times for every 100 working hours. The estimation of the type of
failure and its location in the sub-systems for the year 2020 is shown in table 5.

IV. Results and Discussion

. The system is under study of the type of continuous flow production, that is,
it is supposed to work (24) hours throughout its service period. The process of
scheduling, preventive maintenance for this type is difficult, as well as sudden
maintenance. Because the subsystems have a series connected in a row as shown in
fig. 1 this system is connected in parallel with similar systems, thus facilitating the
maintenance process and keeping the production going. Table 1 shows the data
collected to present the methodology of estimating the type of failure, which is very
important and every production institution must document from the moment of
operation of its production systems, in order to give a better accuracy of the reality of
its operation, as the data size was greater and comprehensive, the results of the
methodology for forecasting were better and closer to Reality.

. The number of failures in the system under study is very large at a rate of 21
times per year, and such systems require time to suspend, maintain, and operate
longitudinally, estimated at a number of days to assume a week in the event that the
necessary spare parts are available to maintain the failure, meaning that they leave the
service by up to 40%. Therefore, care must be taken in reducing these times by
scheduling their preventive maintenance for the recurring parts that fail, and merging
the maintenance times of the other parts together, thus reducing the times of leaving
the service.

. The failure rates in the sub-systems differed depending on the type and
components of the sub-system. The highest percentage was in the generator (40.5%)
with a failure number of the years under study (34), followed by the boiler by
(28.5%), then the turbine (20.3%), and the last condenser (10.7%). So the generator is
the ruling part in determining the number of rows in the input system for the neural
network program to determine the appropriate network type for data, which is
illustrated by the tables (2 and 3).

. Fig. 2 shows the network that was adopted to estimate the type of failure after
its training, where during the training it reached the lowest (MSE), and the best
regression rate for the data as shown in Fig.3, of the program used. Conformance
results were good after re-entering the same times into the network and shown in
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table 4. This ANN, was adopted to estimate the type of failure of the sub-systems of
the generation unit under study for the coming years.

. The network that adopted the data collected for the years (2015-2018) in
estimating the type of failure for the year 2019,for every 10 days (240 hours), table
(5) shows the results of the estimation in the sub-systems of the generating unit,
where the failure rate in the generator (33%), in the turbine (29%), in the boiler
(21%),and condenser (17% ),Fig. 5 show that, The percentage of conformity with the
real reality of a type of failure and its location for the year 2019 was between (82 %-
87%) for all the sub-systems of the unit.

The failure type ratios for the year 2020 for every 10 days are shown in the Fig 6 and
table 5 where the ratios were (33%) for the generator, (23%) for the boiler, (31%) for
the turbine, and (13%) for the condenser.

Table 2: The target matrix of the Matlab
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Table 3: Matrix of the real target
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Where:

CM = Mechanical failure in Condenser.

CE = Electrical failure in Condenser.
Cc = Control failure in Condenser

GM = Mechanical failure in Generator.
GE = Electrical failure in Generator.

Gc = Control failure in Generator.
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TM = Mechanical failure in Turbine.
TE = Electrical failure in Turbine.
Te = Control failure in Turbine.

BM = Mechanical failure in Boiler
BE = Electrical failure in Boiler.

Bc = Control failure in Boiler.
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Table 4: The Results of the estimated 2019
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Fig. 5: The estimated failure type for (2019)

Table 5: The results of the estimated 2020
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Fig. 6: the estimated failure type for (2020)
V. Conclusions

. The methodology proposed in this paper yielded results that match with the
data used in it, and high affinity ratios (82%-87%) with the following year. This
percentage can be increased by retraining the network by entering data for subsequent
years that will improve weights between neurons in all layers of the network.

. Estimating the type of failure for future years, decision makers and
professionals in the field of maintenance are happy with estimating times for
preventive maintenance, setting the necessary plans to purchase spare parts, and
interfering with maintenance plans and their timing. Thus, it will reduce downtime
and reduce costs.

. The proposed methodology was applied here to the flow production system.
It can be applied to other types of production such as batch production, mass
production, and others.
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The higher the size and accuracy of data, the more accurate the estimate for

this type of (ANN), because it requires a large amount of data. Therefore, it is
necessary for institutions to document operating and stopping data, type of failure,
maintenance teams, materials needed, and purchase prices.

References

L

II.

1L

Iv.

VI

VIL

VIIL

IX.

Devika Chhachhiya, Amita Sharma, Manish Gupta "Case Study on
Classification of Glass Using Neural Network Tool in MATLAB" International
Journal of Computer Applications, 0975 — 8887), (2014).

D. Bose, G. Ghosh, K. Mandal, S.P. Sau4 and S. Kunar "Measurement and
Evaluation of Reliability, Availability and Maintainability of a Diesel
Locomotive Engine" International Journal of Engineering Research and
Technology, Volume 6, Number 4, pp. 515-534, 2003.

Emilia Sipos, Laura-Nicoleta Ivanciu "Failure Analysis and Prediction Using
Neural Networks in the Chip Manufacturing Process "Research Gate, DOI:
10.1109/1SSE.2017.8000931, May 2017

Erdi Tosun, Ahmet C, alik "Failure load prediction of single lap adhesive joints
using artificial neural networks" Alexandria Engineering Journal vol. 55,
ppl1341-1346,2016

Farhad Hooshyaripora, Ahmad Tahershamsib, and Kourosh Behzadian
"Estimation of Peak Outflow in Dam Failure Using Neural Network Approach
under Uncertainty Analysis" Pleiades Publishing, Vol. 42, No. 5, 2015

Gustavo Scalabrini Sampaio, Arnaldo Rabello de Aguiar Vallim Filho, Leilton
Santos da Silva and Leandro Augusto da Silva" Prediction of Motor Failure
Time Using An Artificial Neural Network" Sensors, 19, 4342;
doi:10.3390/s19194342, 2019

Laurene V. Fausett, “Fundamentals of Neural Networks: Architecture,
Algorithm, and Application”, Florida Institute of Technology, First Edition,
December, 1993.

Mahdi Saghafi , Mohammad B. Ghofrani "Real-time estimation of break sizes
during LOCA in nuclear power plants using NARX neural network" Nuclear
Engineering and Technology doi.org/10.1016/j.net.2018.11.017

M. Goya-Martinez, “The Emulation of Emotions in Artificial Intelligence,”
Emotions, Technology, and Design. pp. 171-186, 2016

Walter, E.; Pronzato L., "Identification of Parametric Models from
Experimental Data", London, England: Springer-Verlag, 1997.

Copyright reserved © J. Mech. Cont.& Math. Sci.
Asmaa Jamal Awad et al

69



