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Keywords Abstract

Deep Learning, Resources are the most critical input in the manufacturing industry therefore, resource
LSTM, consumption is an essential issue to be minimized. On the other hand, consumption
Sliding Window Technique, depends on several parameters thus, it is difficult to estimate. Recently, Machine
Electricity Consumption, Learning (ML) and Deep Learning (DL) are powerful Artificial Intelligence (Al)
Textile Industry. subdomains for future prediction in any area. In this paper, a DL-supported electricity

prediction method is designed for the textile industry as a case study in order to prevent
resource over-consumption while the machines are in the standby state. This method
provides dynamic consumption thresholds of electricity consumption by sliding window
technique based Long-Short Term Memory (LSTM) model that helps the machines to
interrupt manufacturing in their decision. These calculated thresholds are also
compared with the results of Recurrent Neural Networks (RNN) and Gated Recurrent
Units (GRU) as the other DL methods and Automated Regressive Integrated Moving
Average (ARIMA) as a traditional method and then the results have been analyzed how
close they are to real-time electricity consumption data at standby. According to the
results, the LSTM model successfully predicts electricity consumption levels, sends an
interrupt signal to Programmable Logic Controller (PLC) unit when the consumption
levels reach the threshold and therefore prevents resource over-consumption.

TEKSTIL ENDUSTRISINDE DERIN OGRENME KULLANARAK ASIRI ELEKTRIK
TUKETIMININ ONLENMESINE YONELIK BiR VAKA CALISMASI

Anahtar Kelimeler 0z

Derin Ogrenme, Endiistrinin en kritik girdileri kaynaklardir ve bu nedenle kaynak tiiketimi endtistriyel
UKSB, siireclerde en aza indirilmesi gereken énemli bir konudur. Ote yandan, kaynak tiiketimi
Kayan Pencere Teknigji, k_)_irgok parametreye bagh Old_l_lgu icin tahrgin edilmesi zordur. Son donemlerde, Makine
Elektrik Tiiketimi, Ogrenmesi (MO) ve Derin Ogrenme (DO) kavramlari, herhangi bir alanda gelecek
Tekstil Endiistrisi. tahmini i¢in kullanilan gii¢lii Yapay Zeka alt alanlaridir. Bu ¢alismada tekstil endiistrisi

icin bir vaka ¢alismasi olarak, makinelerin bekleme durumunda asir1 kaynak tiiketimini
onlemek amaciyla DO destekli bir elektrik tahmin modeli tasarlanmistir. Bu yéntem,
makinelerin karar verme siireglerini igeren ve asir1 tiikketime nedeniyle iiretimi kesintiye
ugratmasina yardimci olan Uzun-Kisa Siireli Bellek (UKSB) tabanl kayan pencere teknigi
sayesinde elektrik tiiketiminin saatlik dinamik esik degerlerini tahminlemektedir.
Hesaplanan esik degerleri, Tekrarlayan Sinir Aglar1 (TSA) ve Kapili Tekrarlayan Birimler
(KTB) gibi diger Derin Ogrenme yontemleri ve geleneksel bir yéntem olan Otomatik
Regresif Entegre Hareketli Ortalama (ARIMA) yontemi ile karsilastirilmis, elde edilen
sonuglarin makinelerin bekleme durumundaki gercek zamanl elektrik tiiketim
verilerine ne kadar yaklastig1 analiz edilmistir. Elde edilen sonuglara gére, UKSB modeli
elektrik tiiketim seviyelerini basarili bir sekilde tahmin etmekte, tiiketim seviyeleri esige
ulastifinda Programlanabilir Mantik Denetleyicisi (PMD) {initesine durma sinyali
gondermekte ve bu sayede asir1 kaynak tiiketimini engellemektedir.
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Highlights

e Resources are the most critical input for the manufacturing industry therefore resource consumption
should be minimized.

e Deep Learning is a powerful subdomain of artificial intelligence to predict resource consumption over
time-series data taken from textile machines.

e The proposed model prevents electricity over-consumption using LSTM and Sliding Window technique.

e This study offers a different perspective from other studies focusing on the energy consumption of
machines in their standby state.

Purpose and Scope

This paper proposes a Deep Learning-supported electricity prediction method for the textile industry as a case
study in order to prevent resource over-consumption while the machines are in stanby state. The proposed study
offers a new perspective to the existing literature by focusing on the standby electricity energy consumption of
textile machines and emphasizes that standby energy consumption is an overlooked area and long waiting times
can lead to huge costs. The results of this study have the potential to contribute to the studies in the field of
energy efficiency, as well as to reduce the energy costs of enterprises and achieve their sustainability goals.

Design/methodology/approach

In this paper, an LSTM-based sliding window (SW) supported DL model is proposed in order to predict standby
electricity threshold values for preventing resource over-consumption in the textile industry. Within the scope
of this case study, an Al application that processes the electricity consumption values of the mercerization
machine in a textile company between 2021 and 2023 with an SW-supported LSTM-based method has been
developed. The proposed method predicts upcoming 4-hour consumption thresholds of electricity, learning from
the past 96-hour time series that helps the machines to stop manufacturing if needed by sending an interrupt
signal to the PLC unit when the consumption levels reach these thresholds. The proposed model was developed
on real-time data taken from the textile machines, the training and testing of the model were provided with this
data, the predictions of the model were compared with the real-time data, the errors of the model were
eliminated and it was optimized to obtain more realistic predictions. In order to measure the efficiency of the
proposed LSTM model on electricity consumption time-series data of the textile machines, the results are
compared with the results of Recurrent Neural Networks (RNN), Gated Recurrent Units (GRU) and Automated
Regressive Integrated Moving Average (ARIMA) methods for the same dataset then the results are analyzed.

Findings
The realtime results show that the proposed model successfully predicts threshold levels of electricity values for

preventing over-consumption of the textile machines on their standby state. Additionally, the proposed model is
a powerful tool for controlling the productivity of these textile machines.

Originality

As in this case study, to the best of our knowledge, there exists no LSTM based DL supported electricity
consumption model using SW technique in the literature for the textile manufacturing industry, in order to
prevent over-consumption of electricity of the machines in their standby state by sending an interrupt signal to
the Programmable Logic Controller (PLC) unit when the consumption levels reach the predicted thresholds. The
real-time data is taken from mercerization machines of a textile company during their manufacturing processes.

1. Introduction

In today's world, factories and their processes are getting smarter day by day thanks to recent intelligent
technologies. The most important factors to be "smart" for factories are the automation of their processes, the
possibility of unmanned production, the inclusion of robots in the processes, the development of sensor
technologies and most importantly the decision-making of the machines (Gonzalez Garcia et al., 2019). These
learning and decision-making processes of the machines are called Machine Learning (ML) and Deep Learning
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(DL) which are the subdomains of the Artificial Intelligence (Al) domain (Forootan et al., 2022).

In order to produce their products, factories need different resources in various processes. The very first need is
energy which is a critical parameter for the industry due to its expense therefore, the resources should be used
optimally. This is an essential but difficult issue in predicting the energy need in the industry to be considered
(Wang et al.,, 2020). On the other hand, the resource over-usage may cost much hence it should not be higher than
the price of each product. To overcome this problem, there are many consumption prediction methods have been
proposed in the literature.

Predicting energy consumption may lead to an increase in manufacturing processes. In the literature, there are
several ways to save energy. Recently, one of the most emerging ways of energy saving in industrial processes is
minimizing energy consumption using Al-supported technologies. Related to this, DL methods are the main
solutions to predict energy consumption that help the enterprise for managing all processes. Besides, while the
resource consumption data is in a continuous form, these prediction methods need to be considered in the time
series domain. Therefore, long short-term memory (LSTM) is a powerful DL method that is working well on
periodic data for forecasting long-term trends (Fagerstrom et al., 2019).

While the industrial processes are being adopted by Industry 4.0 with the support of Industrial Internet of Things
(IToT), the textile industry benefits more from ML and DL techniques recently in supply chain decision-making,
product quality, production scheduling, product engineering and such areas (Arora and Majumdar, 2022). Not
only today but also in the future, IoT and I1oT will be in touch with Al technologies for smart industries (Milic et
al,, 2023). Therefore, in this paper, an LSTM-based Sliding Window (SW) supported DL model is proposed in order
to predict electricity threshold values for preventing resource over-consumption in the textile industry. Within
the scope of this case study, an Al application that processes the electricity consumption values of the
mercerization machine in a textile company between 2021 and 2023 with an SW-supported LSTM-based method
has been developed. If the electricity consumption values reach the predicted threshold values, the proposed
model sends an interrupt signal to the PLC of the machine.

This study offers a different perspective from other studies focusing on the energy consumption of machines.
Generally, while the energy consumption of the machines is examined during active operation, the energy
consumption situation is ignored while the machines are in the standby state. This study emphasizes the
importance of the energy consumed while the processes are paused and draws attention to a potential that can
cause great costs. Considering the situations where the waiting time can be long, it is important to examine the
energy consumption not only during active operation but also while waiting. How long the machine spends in the
standby state is a critical factor in determining energy costs and increasing operating efficiency. Therefore, this
study shows that taking certain precautions as a result of analyses on standby energy consumption can avoid large-
scale costs. Optimizing energy consumption and managing it efficiently, especially when waiting is required, can
reduce the costs of textile enterprises and contribute to their sustainability goals.

The proposed model aims to prevent excessive use of electrical energy in the production processes of the textile
company, where resources are valuable and resource use is critical. The proposed model was developed on real-
time data taken from the textile machines, the training and testing of the model were provided with this data, the
predictions of the model were compared with the real-time data, the errors of the model were eliminated and it
was optimized to obtain more realistic predictions. In order to measure the efficiency of the proposed LSTM model
on electricity consumption time-series data of the textile machines, the results are compared with the results of
Neural Networks (RNN) and Gated Recurrent Units (GRU) as the DL methods and Automated Regressive
Integrated Moving Average (ARIMA) as a traditional method for the same dataset then the results are analyzed.

To the best of our knowledge as in this case study, there exists no LSTM-based DL-supported electricity
consumption model using the SW technique in the literature for the textile manufacturing industry, in order to
prevent electricity over-consumption by sending an interrupt signal to the Programmable Logic Controller (PLC)
unit when the consumption levels reach the predicted thresholds for the machines are in the standby state. The
proposed model also provides continuous prediction values as the time series while adding real-time data to its
training process.
The contributions of this study are;
e The proposed DL model predicts the electricity consumption thresholds of a mercerization machine in a
textile enterprise using LSTM method while the machines are in the standby state.
e Using SW technique allows the model to learn from the predicted thresholds therefore, the learning
process stays continuous.
e The proposed model sends an interrupt signal to the PLC unit of the textile machine even if its electricity
consumption reaches the predicted thresholds therefore it prevents the machines from energy over-
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consumption by the predicted thresholds.

o With this developed model, even when the machine is in the standby state, it also helps to find out a
possible malfunction whether it consumes more than it should.

e The proposed model can help textile enterprises to reduce energy resource and machine maintenance
costs and to contribute to their sustainability goals.

The rest of the paper is organized as follows. Literature survey on energy, ML, DL, LSTM, SW and the textile
industry are summarized in Section 2. Problem definitions and the proposed model of the current study are given
in Section 3. The experimental results of the study are given in Section 4. Finally, Section 5 concludes the study.

2. Literature Survey

The smartening of industrial machines is possible when artificial intelligence and 1oT fields become an inseparable
whole under the Industry 4.0 concept. Machine learning and deep learning are artificial intelligence subdomains
that are frequently preferred in the loT ecosystem.

In the industry, the resources are valuable therefore, energy consumption is a key factor to be minimized. To this
end, Yucesan et al. (2021) proposed a daily natural gas consumption prediction framework on the data in the case
of Turkey using regression, time series, ML and metaheuristics. Malakouti et al. (2022) proposed a novel ML
algorithm to predict wind turbine power by randomized trees, light gradient boosting machine and the LSTM
method. Similarly, Ikeda and Nagai (2021) proposed an optimization method for central energy (power, air
conditioning and hot water) and storage systems of buildings using ML and metaheuristics. Besides, the price of
energy is an essential issue to be considered in economics. To this end, Yang et al. (2022) suggest an improved
model for predicting electricity prices using ML techniques.

Besides, in the literature, there are many models used for electricity consumption prediction such as
autoregressive integrated moving average (ARIMA), autoregressive moving average (ARMA) and linear regression
models (Lee et al. 2022). In addition, Albuquerque et al. (2022) compared traditional models with ML models for
the prediction of electricity consumption using a high-dimensional dataset. According to their work, ML models
such as Random Forest outperforms the benchmark models. Oprea et al. (2021) proposed an unsupervised ML
technique in order to detect anomalies in the time series of electricity consumption values by analyzing large
datasets of smart meters in Ireland. For smart farming, Shine et al. (2018) analyzed the performance of ML
techniques such as random forest, decision tree, ANN and support vector machines on electricity and water
consumption of Irish dairy farms. Mirandola et. Al. (2021) reviews the performance of ML methods such as
Gradient Boosting (GB), Random Forest (RF), Kernel Ridge and Artificial Neural Networks (ANN) for the prediction
of energy consumption in metal forming and radial-axial ring rolling processes. Awan et al. (2022) proposed a
supervised ML-based energy consumption prediction model using regression, regression trees and ANN for cut-
off grinding of oxygen-free copper which has high energy consumption rates in the industry.

For predicting the long-term values of time series data, LSTM-based methods have been widely used in the
literature. Fagerstrom et al. (2019) proposed an LSTM-based algorithm for early detection of septic shock namely
LiSEP LSTM using Keras and TensorFlow. LiSEP LSTM has been trained with the health data containing vital signs
and laboratory data received from 59 thousand of patients that predicts upcoming septic shock up to 40 hours
before. Alazab et al. (2020) proposed a multidirectional LSTM model for predicting the stability of a smart grid.
The results have been compared with Gated Recurrent Units (GRU), traditional LSTM and Recurrent Neural
Networks (RNN) methods which have 99% accuracy compared to the other methods. Wang et al. (2020) proposed
a novel model using LSTM for predicting energy consumption periodically on a cooling system. Their proposed
model outperforms the other models such as ARMA, ARFIMA and BPNN.

In time series SW technique is also useful for several cases. To this end, Bhatt et al. (2022) proposed an SW-
supported DL model for solar irradiance forecasting that is useful for controlling, managing and optimizing the
power generation in microgrids. Chen et al. (2022) proposed an LSTM model supported by SW to predict rainfall
distribution levels in two cities, Rize and Konya, in Turkey using monthly data in 41 years range. Similarly,
Kulanuwat et al. (2021) designed an LSTM model using SW technique for anomaly detection on hydrological time
series data. Sun et al. (2022) proposed a Support Vector Machine (SVM) based SW-supported model for predicting
desert locust presence in Somalia, Ethiopia and Kenya using the data from 2000 to 2020.

Sensor technologies have a close relationship with the textile industry, especially in body sensor networks. For
instance, Fang et al. (2021) developed ML assisted wearable waterproof textile sensor for monitoring pulse and
cardiovascular condition. Vu and Kim (2018) provided an ML-supported model of human motion recognition by
wearable textile sensors. Similarly, the textile industry also benefits from artificial intelligence technologies day
by day. Consequently, demand for the products needs to be predicted for better manufacturing. Therefore, Yasir
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et al. (2022) investigated the significance of endogenous and exogenous indicators of demand forecasting for the
textile industry using ML models such as linear regression (LR), support vector regression (SVR) and LSTM.
Medina et al. (2022) proposed an ML model including regression, SVR and KNN in order to predict demand
forecasting in the textile industry. Giiven and Simsir (2020) designed an ML model using color parameters
including ANN and SVR for demand forecasting in the textile industry. Majumdar et al. (2022) developed a Genetic
Algorithm (GA) supported hybrid ML-based model to predict cotton properties using ANN.

3. Material and Method
3.1. Deep Learning Model

Deep Learning (DL) is a branch of ML that can solve complex problems by mimicking the human brain and this
structure is called Artificial Neural Networks (ANN) which is a common algorithm for DL. Besides, Convolutional
Neural Network (CNN), RNN, LSTM, Wavelet Neural Network (WNN), Deep Belief Neural Network (DBN), Radial
Basis Function (RBF) algorithms are the members of the DL domain (Forootan et al., 2022).

LSTM is a very effective algorithm in DL space that can successfully predict values on time series data (Garg and
Alam, 2020). In other words, In other words, LSTM is an artificial neural network belonging to the RNN family,
where the traditional feed-forward neural network receives data only from the input node and the data only
proceeds from the input layer to the hidden layer and finally to the output layer (Agga et al.,, 2022). To be more
specific, an LSTM cell is given in Figure 1. According to the figure, an LSTM cell is formed by an input gate (i), a
forget gate (f) and an output gate (0). The input gate includes tanh function ranging from —1 to 1 and it takes the
input data (x,) and previous cell output (h;_,) and C,_; values for processing. Similarly, the forget gate includes o
and tanh as the activation functions. The output gate determines the output data (Chen et al., 2022; Alazab et al,,
2020; Yasir et al., 2022).

The gates of an LSTM cell can be summarized as follows (Rani et al., 2022; Sundar and Patchaiammal, 2022);
1. Forget Gate: It is responsible for the decision about the information that should be kept or removed from
the cell state.
2. Input Gate: In this gate, the input data is decided by the sigmoid function where tanh function is used for
the connection of possible values of input data. Both sigmoid and tanh functions update cell state.
3. Output Gate: It is the final part of the cell where the sigmoid function decides the cell state to be passed as
the output.

All of the equations used in Figure 1 are given in Equation [1 - 6] where o is the sigmoid function, b is the bias
value for the gates and W is the weight.

i;=o0W. [ht_l,xt] + b)) (1)
fi=o (Wf. [he—1, x:] + bf) (2)
RARA Y AT SN
C= f; ®Ciq + it®Ct (5)

h = o, @ tanh (C,) (6)

he

Xt

Figure 1. An illustration of LSTM cell
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3.2. Sliding Window Approach

The Sliding Window (SW) is a useful technique for predicting values in ANN-based networks, LSTM in this study,
that process a fixed range of previously observed values as input data and predicts the next values of the time
series as output data then includes this predicted value to the next input data while removing same fixed size of
values from initial data (Vafaeipour et al., 2014) which is also known as Rolling Window technique. To be more
clear, an illustration of the Sliding Window technique is given in Figure 2. According to the figure, the data from ¢,
to t, is used for training and the predicted values from ¢, to t,,,, is generated according to this range. The size of
the window is therefore s, = t, — t, = n and the size of prediction is s, = t,;q —t,;, = a. In the next step, the
predicted values are included in the data. Therefore, for sliding the window to the right, the initial values from ¢,
to t, will be removed in order to save window size where it is calculated as sy, = t, — t, = a after sliding. With
this technique, the upcoming values can be predicted by learning from the previous values on time series data.

1\

\

Values

Sliding - Window Pr:adict&)n
Figure 2. An illustration of the sliding window technique

3.3. Proposed Method

According to the data taken from the textile machines, LSTM is chosen for resource consumption prediction in a
textile factory due to its memory layer for the time series of electricity usage. In this case study, the LSTM model
is used with the SW technique in order to calculate the predicted thresholds of each resource consumption value
based on prior information. These thresholds are predicted by the LSTM model after learning the resource
consumption values of the last 96-hour time series. The flowchart of the proposed method is given in Figure 3.

When the proposed model initializes, the electricity consumption values are obtained from the mercerization
machine. In the first step, as in every ML model, the proposed model analyzes the data and cleans it. In the second
step, the proposed model is training the past 96-hour time series in order to predict upcoming 4-hour electricity
consumption threshold values using the LSTM model and SW technique.

In the third step, these predicted values are stored in the PLC unit of the textile company. When these 4-hour time
series begin, the PLC unit checks the real-time electricity consumption values against the predicted thresholds. If
the real-time consumption values reach the predicted threshold values in this 4-hour time span, the proposed
model sends an emergency signal to the PLC unit to interrupt the process. If the consumption values do not reach
the predicted thresholds after a 4-hour time span, the proposed model includes these 4-hour electricity
consumption values at the end of the data without sending an interruption signal.

In the last step, the proposed model removes the initial 4-hour values from the beginning of the data after including
the 4-hour prediction values. This makes the window slide from the beginning to the end while it saves fixed
window size which is a 96-hour time span. In fact, if the consumption values reach the predicted consumption
values or not, the model includes the real-time consumption values at the end of the data in order to learn from
the past values using the SW technique. Therefore, learning, training and prediction steps become the continuous
processes of the proposed model.
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Initialize Model

Get electricity consumption data

. . = Clean and analyze the data
from textile machines

1

Take the resource Predict threshold values of
consumption data from the = electricity for the next 4-hours
past 96-hour time series using LSTM

|

Store the threshold values
Remove xy consumption values in PLC unit
from the data and add x,,, to
the data using
Sliding-Window technique

v

] NO Consumption
values reach the

estimated

threshold?

l YES
Q— Send interrupt signal to PLC unit

Figure 3. Flowchart of the proposed LSTM model

Figure 4. Mercerization machine 117 which executes the proposed LSTM model in the case study

The electricity consumption values obtained from a sample mercerization machine which is numbered 117 in the
enterprise as shown in Figure 4, have been analyzed by Entes MPR63 energy analyzer. The electricity signals taken
from the energy analyzer have been transferred to Siemens S7-1200 PLC devices. After that, these PLC devices
transmit electricity information over CAT-6 ethernet cable using network switches and Profinet communication
protocol to the main network of the enterprise. Then, the data collected through the application written with .NET
technology is transferred to the server which has the MSSQL databases where the electrical energy consumption
values of all machines are stored. Finally, the DL model proposed in this case study is also executed on this server
to predict upcoming electricity threshold values. After predicting the next 4-hour electricity consumption values,
this threshold data has been sent back to the PLC unit in order to compare electricity consumption values. If the
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consumption values reach the threshold value, the proposed method sends the interrupt signal to the PLC unit.
The PLC unit and energy analyzer are given in Figure 5, respectively.

Figure 5. Siemens S7-1200 PLC unit (left)

Table 1. Data set of electricity consumption values

Date Total Electricity Unit Electricity Standby
Consumption Values (kWh) | Consumption Values (kWh) Time (min)
01.01.2021 00:00 3.99989 0.01674 238.90000
01.01.2021 04:00 3.99989 0.01692 236.40000
01.01.2021 08:00 2.99987 0.01265 237.20000
01.01.2021 12:00 3.99994 0.01696 235.80000
01.01.2021 16:00 2.99991 0.01254 239.20000
23.03.2023 20:00 13,00000 0.30374 42.80000
24.03.2023 00:00 24.00000 0.26667 90.00000
24.03.2023 04:00 30.00000 0.24000 125.00000
24.03.2023 08:00 25.00000 0.11236 222.50000
24.03.2023 12:00 17.00000 0.35343 48.10000
Date Week_ly Electricity Date Normalizec! Electricity
Consumption Values (kWh) Consumption Values
03.01.2021 0.01421 01.01.2021 00:00 0.01289
10.01.2021 0.10472 01.01.2021 04:00 0.01321
17.01.2021 0.07343 01.01.2021 08:00 0.00538
24.01.2021 0.16620 01.01.2021 12:00 0.01329
31.01.2021 0.10874 01.01.2021 16:00 0.00519
19.02.2023 0.12097 23.03.2023 20:00 0.53867
26.02.2023 0.06737 24.03.2023 00:00 0.47075
05.03.2023 0.11580 24.03.2023 04:00 0.42190
12.03.2023 0.09221 24.03.2023 08:00 0.18806
19.03.2023 0.27037 24.03.2023 12:00 0.62970
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Weekly Electricity Consumption Values

Energy Consumption Values (kW/h)

2021-01 2021-04 2021-07 2021-10 2022-01 2022-04 2022-07 2022-10 2023-01 2023-04

Figure 6. Weekly electricity consumption values of textile machines between january 2021 to April 2023

In this case study, the prediction model is developed with Python. Besides, several Python libraries are used for
cleaning the data, mathematical calculations, training the model and predicting thresholds. To this end, Keras and
Scikit-learn are used for teaching and training the LSTM model, Numpy and Pandas are used for statistical
calculations and Matplotlib is used for generating the graphics. The data is taken from a mercerization machine,
which is given in a weekly form between 01.01.2021 and 24.03.2023 in Figure 6, where the data consists of 15706
lines of electricity consumption values. For the SW technique on this time series data, the past 96 hours are
processed with the model to predict the upcoming 4 hours. The dataset used in this case study is given in Table 1.

For the LSTM model, the number of epochs is 15, the learning rate is 0.005, the train size is 80% and the test size
is 20% of the data. In order to determine these parameters, the trial and error method was used then the most
suitable parameters were found in terms of performance, time and accuracy. However, Hyperparameter Tuning is
not preferred in this study due to its time consuming, resource and computational requirements. Moreover, the
Adam optimizer used in this study optimizes the training process by updating these hyperparameters. There are
2 hidden layers that are also used for the model. For a better model, Rectified Linear Unit (ReLU) is used as an
activation function and Mean Absolute Error (MAE) is used as a loss function. In order to measure the efficiency of
the proposed model, the prediction values are also generated using RNN and GRU models using the same data for
comparison. All parameters of the proposed model are given in Table 2.

Table 2. LSTM model parameters

Deep Learning Model LSTM with Sliding Window (SW)

Resource Type Electricity

Type of Textile Machine Mercerization

PLC Siemens S7-1200

Energy Analyzer Entes MPR63

Data Size 15706

Data Range 01.01.2021 to 24.03.2023 (812 days or 19488 hours)
Test Data Range 18.10.2022 to 24.03.2023 (162 days or 3768 hours)
Sliding Window Size Past 96 hours

Prediction Size Upcoming 4 hours

Number of Epochs 15

Learning Rate 0.005

SEED 123

Dropout Rate 0.1
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Batch Size 128

Train Size 80%

Test Size 20%

Number of Hidden Layers 2

Activation Function Rectified Linear Unit (ReLU)

Loss Function Mean Absolute Error (MAE)

Optimizer Adam

Comparison Models RNN,GRU and ARIMA

Development Environment Python

Packages Scikit-learn, Keras, Pandas, Numpy, Matplotlib

4. Experimental Results

After the training process, the electricity consumption data between 18.10.2022 and 24.03.2023 are applied to the
proposed LSTM model for the prediction where the range of the test data is 162 days or 3768 hours. In order to
compare the predicted values with the actual values, the predicted values were converted to the original scales.
Thus, the prediction values of the test data set will be reached on a real scale. In other words, the predicted values
of the target variable based on the input data in the test data set of the model are reversed by the inverse scaling
method. The real-time electricity consumption values and the predicted consumption threshold values of the
proposed LSTM model are given in Figure 7.

Predicted and Real-Time Electricity Consumption Values

—— Actual Values
+—— Predicted Values

0.4+

Standby Electricity Consumption Values (kW/h)

0.1

Jlm ) )

18.10.2022 23.11.2022 29.12.2022 02.02.2023 10.03.2023
Date

0.01

Figure 7. Real-time electricity consumption values and predicted threshold values using the proposed LSTM model

For testing the model performance, accuracy, success and comparison, the same data is also applied to RNN and
GRU models using SW technique. In addition, this time series data is applied to the ARIMA model in order to
compare the predictions obtained by the traditional methods with the results obtained by the DL methods. The
real-time electricity consumption values and the predicted consumption threshold values by the GRU, RNN and
ARIMA models are given in Figure 8, Figure 9 and Figure 10, respectively. According to the results, the proposed
LSTM model predicts the threshold values closer to the actual values than the other DL models as RNN and GRU.
On the other hand, it is observed that the ARIMA model obtains lower prediction results compared to DL models
used in this study.

1392



YURDOGLU and GULEC

10.21923/jesd.1308899

Standby Electricity Consumption Values (kW/h)

Standby Electricity Consumption Values (kW/h)

Predicted and Real-Time Electricity Consumption Values (RNN)

—— Actual Values
—— Predicted Values

_ o

k |
| H L] ]l

|

I w‘d :

H

|
M&

0.0
18.10.2022 23.11.2022 29.12.2022 02.02.2023 10.03.2023
Date
Figure 8. Real-time electricity consumption values and predicted threshold values using RNN
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Figure 9. Real-time electricity consumption values and predicted threshold values using GRU
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Predicted and Real-Time Electricity Consumption Values (ARIMA)
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Figure 10. Real-time electricity consumption values and predicted threshold values using ARIMA
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The total number of parameters in the model summary determines the complexity of the model and the amount
of information it can learn. If the model has more parameters, it can carry more learnable information and capture
more relationships. But this also requires more computational power and needs to be trained with more data. The
total number of parameters has an impact on the performance and accuracy of the model but is not a stand-alone
indicator. However, the risk of over-learning should also be considered. RNN has 30401, GRU has 91601 and LSTM
has 121301 parameters. The summary of the models is given in Table 3.

Table 3. Summary of the DL models

RNN GRU LSTM
Model Parameters 30300 91500 121200
Dense 101 101 101
Total Parameters 30401 91601 121301

The results of learning performances per epoch of the proposed LSTM model, RNN model and GRU model are given
in Figure 11 (a), 11 (c) and 11 (d), respectively. When the loss values of the models created with LSTM, GRU and
RNN layers are compared according to the figure, it is seen that the best result is obtained from the LSTM model
due to the decrease in MAE loss values between target values and predictive values in both training and test data
sets. In addition, in LSTM model, the fact that the loss values in the training and test data sets are very close to each
other makes the model performs better. Figure 11 (b) visualizes the relationship between actual values and
predicted values in the LSTM model. According to the figure, the agreement between the actual values and the
predicted values is understood from the distribution of the points. The points of the values are located
symmetrically around the line dividing the graph in the middle.
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Performance of Proposed Method Predicted and Real-time Values on Regression Line
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Figure 11. Learning performance results per epoch according to train and test values of LSTM, RNN and GRU and predicted
and real-time values of electricity consumption on regression line of the proposed model

While the number of epochs increases, the loss percentage of the proposed model exponentially decreases by the
train and the test values. The loss value measures how well the model fits the training dataset after each training
epoch. Alower training loss indicates that the model better fits the training data and performs better. The training
loss is expected to decrease over time, as the model aims to better understand the data and learn to make
predictions more accurately. Test data is generally used to evaluate the generalization ability of the model. A lower
test loss indicates that the model performs better overall and also fits well with the new data which is expected to
decrease or remain the same over time. Average loss and error comparison results are given in Table 4.

Table 4. Average loss and error comparison results

RNN GRU LSTM
Training Loss 0.0813 0.0830 0.0798
Test Loss 0.0853 0.0824 0.0820
RMSE 0.07149 0.0697 0.0728
MAE 0.0465 0.0449 0.0447

5. Result and Discussion
Recent technologies lead processes smarter in the manufacturing industry. While the production is continuous,

these processes need more resource consumption. In recent years, free resources dramatically decrease therefore,
their usage needs to be minimized. Thus, smart manufacturing should be optimized for resource consumption.
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In this paper, LSTM with Sliding Window technique-based Deep Learning method is proposed for preventing the
over-consumption of electricity in a textile factory as a case study. The proposed study offers a new perspective to
the existing literature by focusing on the standby electricity energy consumption of textile machines and
emphasizes that standby energy consumption is an overlooked area and long waiting times can lead to huge costs.
The results of this study have the potential to contribute to the studies in the field of energy efficiency, as well as
to reduce the energy costs of enterprises and achieve their sustainability goals.

The proposed method predicts upcoming 4-hour consumption thresholds of electricity, learning from the past 96-
hour time series that helps the machines to stop manufacturing if needed by sending an interrupt signal to the PLC
unit when the consumption levels reach these thresholds. The calculated thresholds are also compared with the
results of RNN and GRU methods and the real-time resource consumption data in order to ensure the high accuracy
of the proposed model. According to the results, the proposed model successfully predicts threshold levels of
electricity values for preventing over-consumption. Additionally, the proposed model is a powerful tool for
controlling the productivity of these textile machines.

On the other hand, in the textile industry, the resources are not limited to electricity. The other most important
resources for textile machines are steam, hot water and natural gas therefore, the consumption of these resources
should also be minimized. In future studies, the consumption values of these resources will be together taken into
account.

Resource consumption in textile manufacturing depends on several parameters such as fabric type, machine type
and process type that may change the resource consumption values thus making its estimation difficult. In this
work, these parameters have not been included in the model. In order to predict resource consumption, these
parameters will also be considered for future work. Additionally, the time spent and the performance of the
proposed method in this case study should be also optimized. Therefore, the proper metaheuristic-based solutions
will be implemented in the next model.

Acknowledgement

This research is supported in part by R&D Department of Menderes Tekstil A.S., Denizli, Tiirkiye. The authors
would like to thank Menderes Tekstil A.S. for the support they provide for sharing real-time data of textile
machines.

Conflict of Interest
No conflict of interest was declared by the authors.

References

Agga, A, Abbou, A, Labbadi, M,, El Houm, Y., and Alj, I. H. 0., 2022. CNN-LSTM: An efficient hybrid deep learning architecture
for predicting short-term photovoltaic power production. Electric Power Systems Research, 208, 107908.

Alazab, M., Khan, S,, Krishnan, S. S. R,, Pham, Q. V., Reddy, M. P. K,, Gadekally, T. R., 2020. A multidirectional LSTM model for
predicting the stability of a smart grid. IEEE Access, 8, 85454-85463.

Albuquerque, P. C., Cajueiro, D. O., Rossi, M. D., 2022. Machine learning models for forecasting power electricity consumption
using a high dimensional dataset. Expert Systems with Applications, 187, 115917.

Aparna, S., 2018. Long short term memory and rolling window technique for modeling power demand prediction. Second
International Conference on Intelligent Computing and Control Systems (ICICCS), 1675-1678.

Arora, S., and Majumdar, A., 2022. Machine learning and soft computing applications in textile and clothing supply chain:
Bibliometric and network analyses to delineate future research agenda. Expert Systems with Applications, 117000.

Awan, M. R, Gonzalez Rojas, H. A., Hameed, S, Riaz, F.,, Hamid, S., & Hussain, A. (2022). Machine learning-based prediction of
specific energy consumption for cut-off grinding. Sensors, 22(19), 7152.

Bhatt, A, Ongsakul, W., and Singh, ]. G. (2022). Sliding window approach with first-order differencing for very short-term solar
irradiance forecasting using deep learning models. Sustainable Energy Technologies and Assessments, 50, 101864.

Chen, C,, Zhang, Q., Kashani, M. H,, Jun, C,, Bateni, S. M., Band, S. S,, ... & Chau, K. W. (2022). Forecast of rainfall distribution based
on fixed sliding window long short-term memory. Engineering Applications of Computational Fluid Mechanics, 16(1), 248-
261.

Drewil, G. I, Al-Bahadili, R. ], 2022. Air pollution prediction using LSTM deep learning and metaheuristics
algorithms. Measurement: Sensors, 24, 100546.

Fagerstrom, J., Bdng, M., Wilhelms, D., Chew, M. S., 2019. LiSep LSTM: a machine learning algorithm for early detection of septic
shock. Scientific reports, 9(1), 15132.

Fang, Y. Zou, Y., Xu, |, Chen, G., Zhou, Y., Deng, W.,, ... & Chen, ]. (2021). Ambulatory cardiovascular monitoring via a machine-
learning-assisted textile triboelectric sensor. Advanced Materials, 33(41), 2104178.

1396



YURDOGLU and GULEC 10.21923/jesd.1308899

Forootan, M. M,, Larki, I, Zahedi, R, and Ahmadi, A, 2022. Machine learning and deep learning in energy systems: A
review. Sustainability, 14(8), 4832.

Garg, D.,, and Alam, M., 2020. Deep learning and IoT for agricultural applications. Internet of Things (IoT) Concepts and
Applications, 273-284.

Gonzalez Garcia, C., Nufiez Valdéz, E. R,, Garcia Diaz, V., Pelayo Garcia-Bustelo, B. C., and Cueva Lovelle, J. M., 2019. A review of
artificial intelligence in the internet of things. International Journal Of Interactive Multimedia And Artificial Intelligence, 5.

Giiven, I, and Simsir, F. (2020). Demand forecasting with color parameter in retail apparel industry using artificial neural
networks (ANN) and support vector machines (SVM) methods. Computers & Industrial Engineering, 147, 106678.

Ikeda, S., and Nagai, T., 2021. A novel optimization method combining metaheuristics and machine learning for daily optimal
operations in building energy and storage systems. Applied Energy, 289, 116716.

Kulanuwat, L., Chantrapornchai, C., Maleewong, M., Wongchaisuwat, P., Wimala, S., Sarinnapakorn, K., & Boonya-aroonnet, S.
(2021). Anomaly detection using a sliding window technique and data imputation with machine learning for hydrological
time series. Water, 13(13), 1862.

Lee, M. H. L,, Ser, Y. C, Selvachandran, G., Thong, P. H., Cuong, L., Son, L. H., Nguyen, T. T., and Gerogiannis, V. C., 2022. A
comparative study of forecasting electricity consumption using machine learning models. Mathematics, 10(8), 1329.

Majumdar, A, Jindal, A., Arora, S., and Bajya, M. (2022). Hybrid neuro-genetic machine learning models for the engineering of
ring-spun cotton yarns. Journal of Natural Fibers, 19(16), 15164-15175.

Malakouti, S. M., Ghiasi, A. R, Ghavifekr, A. A,, Emami, P., 2022. Predicting wind power generation using machine learning and
CNN-LSTM approaches. Wind Engineering, 46(6), 1853-1869.

Medina, H., Pefia, M., Siguenza-Guzman, L., and Guaman, R. (2022, April). Demand Forecasting for Textile Products Using
Machine Learning Methods. In Applied Technologies: Third International Conference, ICAT 2021, Quito, Ecuador, October
27-29, 2021, Proceedings (pp. 301-315). Cham: Springer International Publishing.

Mili¢, S. D., Purovié, Z., and Stojanovié, M. D. (2023). Data science and machine learning in the IIoT concepts of power
plants. International Journal of Electrical Power & Energy Systems, 145, 108711.

Mirandola, I., Berti, G. A., Caracciolo, R,, Lee, S., Kim, N., & Quagliato, L. (2021). Machine learning-based models for the estimation
of the energy consumption in metal forming processes. Metals, 11(5), 833.

Oprea, S. V., Bara, A, Puican, F. C, and Radu, I. C,, 2021. Anomaly detection with machine learning algorithms and big data in
electricity consumption. Sustainability, 13(19), 10963.

Shine, P., Murphy, M. D., Upton, ]., and Scully, T., 2018. Machine-learning algorithms for predicting on-farm direct water and
electricity consumption on pasture based dairy farms. Computers and electronics in agriculture, 150, 74-87.

Sun, R, Huang, W., Dong, Y., Zhao, L., Zhang, B,, Ma, H,, ... & Li, X. (2022). Dynamic Forecast of Desert Locust Presence Using
Machine Learning with a Multivariate Time Lag Sliding Window Technique. Remote Sensing, 14(3), 747.

Sundar, G., and Patchaiammal, P. (2022, February). Comprehensive Deep Recurrent Artificial Neural Network (CDRANN):
Evolutionary Model for Future Prediction. In International Conference on Computing, Communication, Electrical and
Biomedical Systems (pp. 217-234). Cham: Springer International Publishing.

Wang, J. Q. Du, Y., Wang, J., 2020. LSTM based long-term energy consumption prediction with periodicity. Energy, 197,117197.

Vafaeipour, M., Rahbari, 0., Rosen, M. A, Fazelpour, F. Ansarirad, P., 2014. Application of sliding window technique for
prediction of wind velocity time series. International Journal of Energy and Environmental Engineering, 5, 1-7.

Vu, C. C,, and Kim, J. (2018). Human motion recognition by textile sensors based on machine learning algorithms. Sensors, 18(9),
31009.

Yang, W., Sun, S, Hao, Y,, and Wang, S., 2022. A novel machine learning-based electricity price forecasting model based on
optimal model selection strategy. Energy, 238, 121989.

Yasir, M., Ansari, Y., Latif, K., Maqsood, H., Habib, A., Moon, ]., Rho, S., 2022. Machine learning-assisted efficient demand
forecasting using endogenous and exogenous indicators for the textile industry. International Journal of Logistics Research
and Applications, 1-20.

Yucesan, M., Pekel, E., Celik, E., Gul, M., Serin, F., 2021. Forecasting daily natural gas consumption with regression, time series
and machine learning based methods. Energy Sources, Part A: Recovery, Utilization, and Environmental Effects, 1-16.

1397



