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ABSTRACT 

Machine maintenance is one of the most important aspects for maintaining productivity. 

Effective maintenance not only prevents damage, but also extends the service life of equipment 

and reduces maintenance costs. Therefore, this study aims to determine the accuracy of 

Remaining Useful Life (RUL) predictions using a hybrid Long Short-Term Memory (LSTM) 

and Gated Recurrent Unit (GRU) model, as well as to determine the optimal time to perform 

maintenance in order to minimize total maintenance costs. The data used consists of machine 

condition parameters as input and actual RUL values as the target. The hybrid LSTM-GRU 

model was developed with hyperparameter tuning using Keras Tuner to obtain the best 

architecture combination. Evaluation was conducted using the Mean Absolute Error (MAE), 

Root Mean Squared Error (RMSE), and R-squared (R²) metrics on the test data. After obtaining 

the RUL prediction results, maintenance cost optimization modeling was performed using the 

Weibull distribution approach and cost model. This model considers preventive costs and 

emergency breakdown repair costs based on the probability of failure at each point in time 

before the actual failure. The results of the study show that the hybrid LSTM-GRU model is 

capable of producing RUL predictions with excellent performance. In addition, the optimization 

model shows that performing maintenance before failure can significantly reduce total 

maintenance costs. 

                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                     

Keywords: Predictive Maintenance, RUL, LSTM, GRU, Cost Optimization
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CHAPTER I 

INTRODUCTION 

1.1 Background 

In the manufacturing industry, machine maintenance is one of the most important aspects for 

maintaining productivity. It is because the capability and reliability of machines greatly affect 

the pace of production activities (Arisandhi, 2023). According to European Committee for 

Standardization (2017), maintenance is all technical, administrative, and managerial actions 

performed during the life cycle of a piece of equipment to keep it in or return it to a condition 

in which it can perform its required functions. These maintenance activities play an important 

role in supporting the smooth running of the company's operations at all times. Effective 

maintenance not only prevents damage, but also extends the service life of equipment and 

reduces maintenance costs, thereby contributing to greater operational efficiency (Joseph 

Nnaemeka Chukwunweike et al., 2024). Therefore, an appropriate maintenance strategy is 

needed to maintain the performance and reliability of the machine. 

According to Carvalho et al. (2019), the maintenance strategies commonly used by 

industries are divided into three types, which are preventive maintenance, corrective 

maintenance, and predictive maintenance. Preventive maintenance is a maintenance method 

carried out on a scheduled basis to prevent unexpected damage (Pamungkas et al., 2021). As a 

result, machines that undergo this maintenance are guaranteed to operate smoothly and remain 

in good condition for use in production processes (Sitinjak & Silalahi, 2023). On the other hand, 

corrective maintenance is maintenance performed after a machine has experienced damage and 

can no longer function properly (Pamungkas et al., 2021). 

In industry, machine breakdowns are still very common. These breakdowns occur 

suddenly and can disrupt the smooth running of production processes, resulting in significant 

losses. To reduce this risk, companies implement preventive maintenance strategies, which 

involve conducting regular maintenance before breakdowns occur. However, implementing 

preventive maintenance too frequently without considering the actual condition of the 

machinery can result in a high maintenance frequency. This leads to increased total maintenance 

costs, both in terms of maintenance expenses themselves and the potential loss of production 

time while the machinery is shut down for maintenance. 

One of the companies implementing textile production processes in Pekalongan, PT. X, 

utilizes a batik printing machine as part of its production line. This machine is critical for 
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transferring intricate dye patterns onto fabric with precision, directly impacting product quality 

and production efficiency. To maintain its operation, the company conducts preventive 

maintenance every 30 days, resulting in approximately 160 maintenance activities per year.  

Despite implementing preventive maintenance, the companies still faces challenges in its 

production process. These preventive activities can sometimes lead to unnecessary downtime 

and resource use, as functional components may be replaced even when not required. Moreover, 

there remains a possibility of machine failures that necessitate corrective maintenance during 

operations, resulting in unexpected downtime, higher repair costs, and the risk of more severe 

damage due to undetected component degradation. 

Although preventive maintenance and corrective maintenance play an important role in 

machine maintenance, these methods have several drawbacks. Preventive maintenance, which 

is designed to reduce the risk of damage before it occurs, results in more frequent maintenance. 

This can lead to unnecessary costs. According to Hamasha et al. (2023), the main drawback of 

preventive maintenance is the increase in long-term maintenance costs if the machine continues 

to operate until it breaks down, as well as unexpected damage that can disrupt other 

maintenance work. Meanwhile, corrective maintenance, which is carried out to address 

machine breakdowns after they occur, often results in increased downtime, higher costs, and 

safety risks (Ewin & Oye, 2025). 

To overcome the limitations of these two maintenance strategies, predictive maintenance 

offers a more effective alternative. Predictive maintenance is a maintenance method that uses 

data and analysis to predict when a machine will break down, so that maintenance can be 

performed just before the machine enters a critical phase. This maintenance can predict trends, 

behavioral patterns, and correlations using statistical models or machine learning to anticipate 

delayed failures earlier, thereby improving decision-making processes related to maintenance 

activities, particularly to avoid downtime (Zonta et al., 2020). Predictive maintenance can save 

up to 12% and 30% on repair and scheduled maintenance costs, respectively, and eliminate up 

to 70% of failures (Maher & Danouj, 2020). This demonstrates that predictive maintenance has 

great potential as a maintenance strategy for reducing costs and improving operational 

efficiency. 

One of the main concepts in predictive maintenance is Remaining Useful Life (RUL). 

RUL is an estimate of the period during which a machine can operate before requiring repair or 

replacement (Achouch et al., 2022). This period can be expressed in terms of days, rounds, 
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cycles, or other quantities. Among the various approaches used to predict RUL, machine 

learning-based approaches are considered the most suitable because they can handle problems 

involving multiple variables, such as voltage, flow, and current (Kang et al., 2021). Given that 

machine parameters change with time, RUL prediction is naturally formulated as a time series 

problem. Time series data is defined as data collection points arranged in chronological order 

with consistent time intervals between observations, which helps to understand and predict the 

temporal dynamics of a particular phenomenon (Le, 2024). 

Before the development of deep learning methods, RUL predictions were mostly done 

using traditional statistical and machine learning methods, such as ARIMA, SVM, Random 

Forest, or MLP. However, these methods have limitations in capturing long term temporal 

patterns such as time series data, so approaches based on Recurrent Neural Networks (RNN) 

were developed. 

One of the most widely used methods is Long Short-Term Memory (LSTM) and Gated 

Recurrent Unit (GRU). LSTM is a method that can be used to learn patterns in time series data 

(Ningrum et al., 2021). This method can handle long-term dependencies but often requires 

longer computation time. To address this limitation, the Gated Recurrent Unit (GRU) was 

developed as a variant of LSTM. Although similar to LSTM, GRU has a simpler architecture 

with fewer parameters, making it easier to train and more efficient, but it sometimes results in 

the loss of important information (Khairunisa & Hendikawati, 2024). Therefore, this study 

proposes the use of a hybrid LSTM-GRU model. According to Wang et al. (2023), the use of 

LSTM and its variants is highly recommended for estimating RUL and long-term degradation 

conditions. This approach combines the advantages of both models, LSTM is capable of 

capturing long-term dependencies in data, while GRU offers better computational efficiency. 

This enables more accurate and faster predictions compared to other models. 

Although predictive maintenance offers many advantages, its implementation is not 

without challenges. One of the main challenges is determining the most appropriate 

maintenance timing based on RUL prediction results. This is because RUL predictions alone 

are not sufficient to provide practical decisions if they are not accompanied by an appropriate 

maintenance scheduling strategy. If maintenance is performed too early, it will increase the 

frequency and cost of maintenance that is not yet necessary. Conversely, if maintenance is 

performed too close to the end of the RUL, there is a risk of sudden failure, leading to downtime 

and high corrective maintenance costs. Therefore, an approach is needed that can optimize the 
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timing of maintenance based on RUL prediction results to minimize total costs. The optimal 

timing must be determined, which means there will be a trade off between scheduling 

maintenance earlier or later.  

Upon completion of this study, the results obtained are expected to accurately predict the 

RUL of machines using the hybrid LSTM-GRU method. This RUL prediction serves as the 

basis for determining the optimal maintenance schedule, thereby optimizing maintenance 

strategies in terms of both time and cost. As a result, the optimal maintenance timing can be 

identified, enabling companies to reduce the risk of sudden failures, minimize unnecessary 

maintenance costs, and enhance overall operational efficiency and resource utilization. 

 

1.2 Problem Formulation 

Based on the background described above, the problem formulation that can be raised in this 

study is as follows: 

1. What is the accuracy level of the LSTM-GRU hybrid model built to predict Remaining 

Useful Life (RUL)?  

2. When is the best time to perform maintenance to minimize total cost? 

3. How do the proposed methods compare with the previously used approach? 

 

1.3 Research Objective 

The following are the research objectives in accordance with the problem formulation that has 

been compiled:  

1. To determine the accuracy level of the Remaining Useful Life (RUL) prediction of the 

hybrid LSTM-GRU model. 

2. To determine the best time to perform maintenance in order to minimize total costs. 

3. To compare the performance of the proposed methods against the previously applied 

maintenance approach. 

 

1.4 Benefits of Research 

The following are the expected benefits of this research: 

1. For the author, this research was conducted as a requirement for obtaining a Bachelor's 

degree (S1) in Industrial Engineering, Faculty of Industrial Technology, Universitas Islam 
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Indonesia. Additionally, this research provides experience, insights, and knowledge in the 

implementation of Industrial Engineering principles. 

2. For companies, the results of this research can serve as a reference for companies in 

implementing predictive maintenance to optimize machine maintenance. 

3. For the academic world, this research can serve as a benchmark and reference for future 

studies in optimizing predictive maintenance models in industry. 

 

1.5 Research Limitation 

The limitations of this study are as follows:  

1. The study uses data that was not collected directly (secondary data). 

2. The study only considers cost aspects and does not consider reliability aspects. 

3. The maintenance costs used are those at the time the data was collected and are considered 

to remain constant throughout the study period. This is because some maintenance fluids 

are imported, and there are fluctuations in the dollar exchange rate. 

4. The study does not aim to compare the hybrid LSTM-GRU method with other methods.
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2 CHAPTER II  

LITERATURE REVIEW 

2.1 Literature Review 

Study by Joseph et al. (2022) shows how predictive maintenance can be used for robot cells 

using big data from an automotive company. They developed a Long Short-Term Memory 

(LSTM) model with hyperparameters. The results show that the model can predict the day of 

failure pretty accurately based on the severity of the alarm. This research aids in scheduling 

maintenance activities and provides a solid foundation for companies in implementing 

predictive maintenance.  

Study by H. Wu et al. (2020) proposes a Long Short-Term Memory (LSTM)-based 

Recurrent Neural Network (RNN) model to detect manufacturing system damage and predict 

its future health condition for predictive maintenance. In this model, the time-sequential 

characteristics of historical sensor data are taken into account. To test the validity of the 

proposed model, it was applied to a bearing vibration dataset. The results obtained show that 

the model has good accuracy in critical conditions (warnings and failures) of the bearing. 

Study by Krishna et al. (2024) discusses the limitations of previous research on Battery 

Management Systems (BMS) by proposing an Internet of Things (IoT) approach, a Long Short-

Term Memory (LSTM) model, and a predictive model to analyze battery aging in BMS. This 

model was trained using a verified NASA Li-ion battery dataset and applied to real time data 

for Remaining Useful Life (RUL) prediction. Experimental results show that this model 

achieves higher accuracy than previous models, reducing the Root Mean Square Error (RMSE) 

from 0.0949 to 0.00665. 

Study by de Pater & Mitici (2023) Rproposes a Long Short-Term Memory (LSTM) 

autoencoder to improve health indicators in aircraft systems. These health indicators are then 

used to predict the Remaining Useful Life (RUL) of aircraft systems using a similarity-based 

matching approach. This study illustrates the method on a turbofan engine. The results show 

that considering operational conditions improves the monotonicity of health indicators by 97%. 

Additionally, the approach yields accurate RUL estimates with a Root Mean Square Error 

(RMSE) of 2.67%, and a 19% reduction in RMSE compared to existing supervised learning 

models. 
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Study by Yousuf et al. (2022) proposes a Long Short-Term Memory Network (LSTM)-

based regression model for predicting Remaining Useful Life (RUL) in Ring Oscillator (RO) 

circuits that utilize the most important electrical features of the device. The LSTM network is 

capable of capturing temporal dependencies in time-series data and eliminating the vanishing 

gradient problem encountered in conventional Recurrent Neural Networks (RNNs). This has 

shown that the decrease in RO frequency is fundamentally dependent on three main factors: 

operating temperature, voltage, and device aging parameters. The research results indicate that 

over 90% of RUL prediction cases for stages 13 and 21 are constrained by supply voltage 

variations ranging from 0.7 V to 0.9 V, with prediction deviations of 2 to 6 days. 

Study by Wang et al. (2023) proposes a Self-Attention Long Short-Term Memory (SA-

LSTM) prediction model for lithium-ion batteries. The proposed prediction model enables the 

estimated values of health indicators for the next cycle to be repeatedly estimated using the one-

step-ahead method. Additionally, the Remaining Useful Life (RUL) value can be predicted after 

the predicted signal decreases. The results obtained demonstrate the effectiveness and 

advantages of the proposed prediction method. 

Study by Yi et al. (2025) proposes a method for predicting the Remaining Useful Life 

(RUL) of proton exchange membrane fuel cells (PEMFC) based on the Matrix Long Short-

Term Memory (M-LSTM) network. The results of the study indicate that, compared to the one-

step LSTM prediction model, M-LSTM reduces MAE and MSE by 76.3% and 58.2%, 

respectively, while increasing R²  by 2.3%. In multi-step predictions, M-LSTM reduces MAE 

and MSE by 79.4% and 60.4%, respectively, while increasing R² by 5.2%. 

Study by Cahyani et al. (2023) discusses the prediction of national staple food prices. The 

study chose the Long Short-Term Memory (LSTM) method because the data used is non-linear 

and time series-based. Based on normality tests, four basic commodity prices were selected: 

cooking oil prices, bulk cooking oil prices, fresh chicken meat prices, and low-quality rice 

prices. Additionally, the Adaptive Gradient (ADAGRAD), Adaptive Moment Gradient 

(ADAM), and Root Mean Square Error (RMSProp) optimization methods were used to 

optimize prediction results as test scenarios. Based on the experiments, the best RMSE model 

evaluation values for cooking oil prices, bulk cooking oil prices, fresh chicken meat prices, and 

low-quality rice prices were obtained in the following order: 0.0313, 0.0531, 0.0937, and 

0.0492. 
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Study by Ul Haque et al. (2025) proposes a cost-based maintenance approach for multi-

component systems, with the aim of minimizing total production costs lost due to downtime. 

This research predicts Remaining Useful Life (RUL) using a CNN model based on C-MAPSS 

simulation data, then integrates the results into a developed mathematical cost optimization 

model. Furthermore, a Genetic Algorithm is used to determine the most efficient maintenance 

schedule sequence. Case study results show that this cost-based approach yields significant 

savings, with total costs decreasing from USD 10,038,505 to USD 9,994,368, and a 28% 

reduction in production loss costs. This study confirms that maintenance scheduling based on 

cost impact can enhance operational efficiency. 

Study by Cai et al. (2022) proposes a Condition-Based Maintenance (CBM) method that 

utilizes Remaining Useful Life (RUL) predictions in systems with many components. This 

model considers imperfect maintenance using the concept of virtual age, as well as the 

integration of spare parts management strategies to reduce preparation and inventory costs. 

Optimization is performed using a Genetic Algorithm to determine maintenance thresholds and 

spare parts quantities. The results show that this approach can minimize total operational costs 

and downtime, while improving overall system efficiency. 

Study by Li et al. (2020) discusses a proposed Gated Recurrent Unit (GRU)-based 

approach for predicting Remaining Useful Life (RUL). This study incorporates selected 

features into a GRU-based Recurrent Neural Network (RNN) to predict RUL. Subsequently, 

the effectiveness of the proposed method is demonstrated on NASA's Commercial Modular 

Aero Propulsion System Simulation (C-MAPSS) data. The research results validate that the 

proposed approach achieves better prediction performance than other methods. 

Study by Purnomo (2022) discusses the optimization of capacitated planned maintenance 

using two deep analysis techniques. First, accurate prediction of binding machine failure based 

on Mean Time Between Failure (MTBF) data using deep analysis with Gated Recurrent Unit 

(GRU). Second, optimizing total maintenance costs within the available time. The results of 

this study indicate that the proposed deep learning data analysis technique can improve MTBF 

prediction accuracy by up to 66.12% and reduce total maintenance costs by up to 4% compared 

to the initial model. 

Study by Soladoye et al. (2025) developed a stroke prediction system using Gated 

Recurrent Units (GRUs) and a variant of Recurrent Neural Networks (RNNs) using secondary 

data from the Afrocentric Stroke Investigative Research and Education Network (SIREN) 
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dataset. Comparisons were made with traditional machine learning algorithms (Logistic 

Regression, SVM, KNN) and Long Short-Term Memory (LSTM). The GRU-based system 

achieved a performance accuracy of 77.48%, an AUC of 0.84, and a prediction time of 0.43 

seconds, outperforming all other models. Logistic Regression achieved 73.58%, while LSTM 

reached 74.88% but with a longer prediction time of 2.23 seconds. The GRU-based system 

demonstrated superior performance in stroke prediction, offering an efficient and measurable 

tool for healthcare. 

Study by Chen et al. (2025) aims to predict the state of health (SOH) of lithium-ion 

batteries based on fragmented charging data and an enhanced Gated Recurrent Unit (GRU) 

neural network. The study developed a GRU model to achieve accurate lithium-ion battery 

SOH estimation with easier feature extraction and limited training data. The results showed that 

the built model could accurately estimate battery health conditions with truncated training data, 

yielding an average error of less than 1%. Additionally, the model was validated on various 

battery types, demonstrating better generalization capabilities. 

Study by Zhi-Wen et al. (2024) performed carbon emission forecasting based on the 

Gated Recurrent Unit (GRU) model to empirically evaluate data from 16 coastal cities in China 

from 1997 to 2021. Carbon emissions in China's coastal cities were estimated using eight 

scenarios from 2022 to 2031 to investigate the combined effects of factors driving carbon 

emissions. The study results predict an increase in carbon emissions from 2022 to 2031, with 

growth significantly slower compared to carbon emission changes from 1997 to 2021. 

Additionally, changes in driving factors significantly influence carbon emissions, and economic 

size significantly influences carbon reduction. 

Study by Yang et al. (2025) proposes a two-stage approach based on Gated Recurrent 

Unit (GRU) to improve real time flood depth forecasting by incorporating gutter height 

forecasting. For comparison, Long Short-Term Memory (LSTM) networks and Bidirectional 

LSTM (BiLSTM) networks were used as reference models alongside the GRU-based model. 

The results showed that the GRU-based model performed better than the other models in 

predicting channel levels and flood depth. The Nash-Sutcliffe efficiency (NSE) value for one-

hour-ahead flood depth forecasting is 0.488. By integrating the results from the channel level 

forecasting model, the accuracy of the flood depth forecasting model improves to 0.746. This 

indicates that the proposed method has significance for advancing early warning systems. 



  10 

 

Study by Xia et al. (2024) discusses a new prediction method that uses a Bidirectional 

Gated Recurrent Unit (BiGRU) network with multi-source feature fusion to predict the State of 

Health (SOH) and Remaining Useful Life (RUL) of lithium batteries. The uncertainty of RUL 

prediction results is analyzed using Monte Carlo (MC) simulation. This study utilizes two 

battery degradation datasets from the NASA Ames Prognostics Center and the University of 

Oxford. The proposed method can accurately predict the SOH and RUL of batteries. The Root 

Mean Square Error (RMSE) and Mean Absolute Error (MAE) for SOH prediction results can 

achieve values below 0.3% and 0.6%, respectively. The maximum absolute error of RUL for 

NASA and Oxford batteries is between 3 and 100, respectively. 

Study by Tang et al. (2024) proposes the Gated Recurrent Unit (GRU) method for 

predicting total electron content (TEC) in the ionosphere at different latitudes and longitudes. 

This method aims to address the low accuracy issues of traditional neural networks and the 

challenges faced in training long-term time series. The GRU model was built using TEC data 

from the European Orbit Determination Center (CODE) from 2016 to 2018, geomagnetic 

indices, and solar activity indices. A comparative experiment was conducted with the 

International Reference Ionosphere (IRI) model and the Long Short-Term Memory (LSTM) 

model. The results show that the GRU model outperforms the other models in terms of 

accuracy, meaning that the GRU model has better performance than the IRI and LSTM models. 

Study by Hong et al. (2024) aims to predict the state-of-charge (SOC) for vehicle battery 

systems using a hybrid Long Short-Term Memory and Gated Recurrent Unit (LSTM-GRU) 

neural network. In this study, the prediction results were validated using real-world vehicle data 

from spring, summer, autumn, and winter seasons, and the proposed method achieved minimum 

MAPE and MAE of 1.03% and 0.73, respectively, under summer conditions. Meanwhile, the 

minimum standard deviation of the prediction was 0.06% under experimental conditions. The 

research process demonstrates that this method achieves high accuracy when applied to large 

datasets and is expected to be applicable for multi-forward-step SOC prediction of vehicle 

battery systems in the future. 

Study by Bayramova & Kazimov (2025) investigated the effectiveness of deep learning 

models in assessing software system reliability and the application of Recurrent Neural 

Network (RNN) algorithms in reliability prediction. A hybrid model combining Long Short-

Term Memory (LSTM) and Gated Recurrent Unit (GRU) models was proposed to predict 

software system reliability. Along with historical data collected during testing, several 
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environmental factors including the software lifecycle and software code complexity were 

taken as inputs. Combining LSTM and GRU is a promising approach to creating a more robust 

and flexible RNN. The selection of specific architectures and hyperparameters depends on the 

specific characteristics of the data and the requirements for the model. The selection of specific 

combination methods and the evaluation of their effectiveness require comprehensive 

experimental studies. 

Table 2.1 State of Arts 

No. Author Object 

Method 

RUL LSTM GRU IoT 
Cost 

Optimization 

1. Joseph et al. (2022) Robot cell ✓ ✓  ✓  

2. H. Wu et al. (2020) Motor bearing  ✓ ✓  ✓  

3. Krishna et al. (2024) Lithium battery ✓ ✓  ✓  

4. de Pater & Mitici (2023) Aircraft system ✓ ✓  ✓  

5. Yousuf et al. (2022) Ring Oscillator ✓ ✓    

6. Wang et al. (2023) Lithium-ion battery ✓ ✓  ✓  

7. Yi et al. (2025) PEMFC ✓ ✓  ✓  

8. Cahyani et al. (2023) Commodity prices  ✓    

9. Ul Haque et al. (2025) Turbofan engine ✓   ✓ ✓ 

10. Cai et al. (2022) Subsea Tree ✓   ✓ ✓ 

11. Li et al. (2020) C-MAPSS ✓  ✓ ✓  

12. Purnomo (2022) Manufacturing engine ✓  ✓  ✓ 

13. Soladoye et al. (2025) Stroke   ✓   

14. Chen et al. (2025) Lithium-ion battery ✓  ✓ ✓  

15. Zhi-Wen et al. (2024) Carbon emissions   ✓   

16. Yang et al. (2025) Waterlogging   ✓   

17. Xia et al. (2024) Lithium battery ✓  ✓ ✓  

18. Tang et al. (2024) Ionospheric TEC   ✓   

19. Hong et al. (2024) Vehicle battery ✓ ✓ ✓ ✓  

20. Bayramova & Kazimov (2025) Software system  ✓ ✓ ✓  

21. This study Batik printer engine ✓ ✓ ✓ ✓ ✓ 

Based on the literature review, RUL prediction has been implemented using various 

methods, including machine learning approaches such as SVM and SVR, as well as 

optimization based models focusing on cost efficiency. However, deep learning methods, 

particularly LSTM and GRU, have proven more effective in capturing temporal dependencies 

for accurate RUL estimation. Hybrid LSTM–GRU models further improve prediction 

robustness and accuracy. In addition, integrating IoT enables machine monitoring, and 

combining predictive models with cost optimization ensures economically efficient 

maintenance decisions. Therefore, this study employs a hybrid LSTM–GRU model with cost 



  12 

 

optimization, leveraging both predictive accuracy and operational cost efficiency in predictive 

maintenance implementation.  

2.2 Theoritical Basis 

2.2.1 Maintenance 

According to Pintelon & Parodi-Herz (2008), maintenance is an activity that encompasses all 

technical, administrative, and managerial actions carried out during the life cycle of an asset to 

maintain or restore it to a certain condition. The purpose of maintenance is to ensure that 

equipment continues to function optimally, avoid unwanted damage, and support the smooth 

running of production or operational processes.  

Maintenance itself is divided into three type, which are preventive maintenance, 

corrective maintenance, and predictive maintenance (Carvalho et al., 2019). Preventive 

maintenance is a maintenance method carried out on a scheduled basis to prevent unexpected 

damage. Corrective maintenance is maintenance carried out after a machine has experienced 

damage so that it cannot function properly (Pamungkas et al., 2021). Finally, predictive 

maintenance is a maintenance method that uses data and analysis to predict when a machine 

will experience damage, so that maintenance can be carried out just before the machine enters 

a critical phase. 

2.2.2 Predictive Maintenance 

One of the modern maintenance strategies that is currently growing rapidly is predictive 

maintenance. This type of maintenance differs from corrective maintenance, which is carried 

out after damage has occurred, and preventive maintenance, which is carried out periodically 

without considering the actual condition of the machine. Predictive maintenance aims to 

estimate when a machine or component will experience damage, so that maintenance can be 

carried out just before the damage occurs. The implementation of predictive maintenance in 

overall industrial management will optimize the availability of process machines and 

significantly reduce maintenance costs (Mobley, 2002).  

The principle of predictive maintenance is that regular monitoring of the actual 

mechanical condition of machines and the operational efficiency of process systems will ensure 

maximum intervals between repairs, minimize the number and cost of unscheduled 

maintenance caused by machine failures, and increase the overall availability of the operating 

plant. This maintenance uses data-driven strategies and technologies to anticipate when 

machinery will fail, enabling proactive scheduling of maintenance (Akbar Gozali et al., 2025). 
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Data such as temperature, vibration, pressure, rotational speed, or even operational data like 

operating hours are collected using sensors or digital monitoring systems, then analyzed to 

detect early signs of failure or performance degradation.  

One important concept in predictive maintenance is Remaining Useful Life (RUL). 

RUL is an estimate of the remaining operational time or cycles of a machine before it reaches 

a failed state (Achouch et al., 2022). RUL is used as the basis for decision-making in 

determining the most optimal time to perform maintenance. By accurately predicting RUL, 

companies can avoid premature maintenance that causes cost waste or delayed maintenance 

that causes downtime or severe damage (Kang et al., 2021). 

2.2.3 Machine Learning 

Machine learning is a branch of Artificial Intelligence (AI) that designs algorithms to enable 

computers to learn from past data for model learning, thereby achieving optimal performance 

in extracting information from a data set (Darmawan Sidik et al., 2022). Essentially, the 

machine learning process involves three main components: data, model, and algorithm 

(Alpaydın, 2020). Data serves as the learning material, the model is a mathematical 

representation of the process being studied, and the algorithm is used to adjust the model to 

better recognize patterns in the data. The more data used and the higher its quality, the better 

the model's performance will be. 

According to (Kusumaningrum, 2021), machine learning can be divided into three main 

types, which are supervised learning, unsupervised learning, and reinforcement learning. 

1. Supervised Learning is a type of machine learning that uses labeled data as a reference in 

the training process. The model maps inputs to corresponding outputs based on the 

provided examples, such as classification and regression.  

2. Unsupervised Learning is a type of machine learning used when data does not have labels. 

The model attempts to discover hidden structures in the data, such as clustering or 

associations between data points. 

3. Reinforcement Learning is a type of machine learning that involves interaction with the 

environment, so it is not entirely unsupervised, but the data does not always have labels 

during machine training, so it is not entirely supervised either. The system will 

continuously interact with the environment in search of desired behavior and receive 

feedback from the environment. 

Some machine learning methods that are often used for RUL prediction include: 
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1. Support Vector Machine (SVM) is a method that works by finding a regression function 

that can minimize prediction errors in high-dimensional space. SVR is widely used in RUL 

estimation due to its ability to handle non-linear data (Widodo & Yang, 2007). 

2. Random Forest (RF) is a decision tree based ensemble method that can improve prediction 

accuracy by combining multiple trees simultaneously. RF is capable of handling highly 

complex and noisy data, making it a popular choice for predictive maintenance (Zhang et 

al., 2017). 

3. K-Nearest Neighbor (KNN) is a method that predicts the remaining life of a machine based 

on the similarity of new data patterns to historical data. This method is simple but effective 

for datasets with clear distributions (Y. Wu et al., 2018). 

Although these machine learning methods can provide good results, their weakness is that they 

are highly dependent on the quality of the extracted features. Therefore, for complex time series 

sensor data, deep learning methods are often superior because they are capable of automatic 

feature extraction. 

2.2.4 Deep Learning 

Deep learning is a further development of machine learning that uses artificial neural network 

architecture with many hidden layers. With its deep architecture, deep learning is capable of 

extracting data representations hierarchically and automatically, making it superior to 

traditional machine learning methods in processing complex and large data sets (Goodfellow et 

al., 2016). 

 The main structure of deep learning is an artificial neural network with many layers. 

Each layer performs a non-linear transformation on the input, allowing the network to gradually 

build a representation of the data from low to high levels. These layers are connected through 

weights that are updated using backpropagation algorithms and specific optimizers. The deeper 

the network architecture, the more complex the patterns that can be captured by the model. 

Some commonly used deep learning methods for RUL estimation are as follows: 

1. Convolutional Neural Network (CNN). CNN was initially widely used for image 

processing, but in RUL research, CNN has also proven effective in extracting features from 

sensor data (e.g., vibration, temperature, or pressure). CNN can recognize local patterns 

from time series related to machine degradation processes (Zhang et al., 2017). 
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2. Recurrent Neural Network (RNN). RNN is a deep learning architecture specifically 

designed to handle sequential or time series data. With a memory mechanism, RNN can 

remember previous information to predict future conditions. Therefore, RNN is widely 

used in machine RUL prediction research (Yin et al., 2014). 

2.2.5 Long Short-Term Memory (LSTM) 

Long Short-Term Memory (LSTM) is a type of RNN used to prevent gradient accumulation or 

long-term dependency issues in time series data prediction. Therefore, LSTM is more suitable 

for time series data containing long-term patterns (Hochreiter & Schmidhuber, 1997). 

The difference between LSTM and other RNN methods lies in the hidden state process, 

which consists of a forget gate, input gate, cell state, and output gate (Cahyani et al., 2023). 

Each of these gates functions to regulate the flow of information within the network so that the 

model can “remember” important information over a long period of time. This structure allows 

the model to store relevant information and discard unimportant information, resulting in more 

stable performance when processing long data sequences. To provide a visual representation of 

the LSTM structure, the basic architecture of this network is shown in Figure 2.1 (Dobilas, 

2022). 

 

Figure 2.1 LSTM Architecture (Dobilas, 2022b) 

The first step in LSTM is to decide what information to discard from the cell state. This 

decision is made by a sigmoid layer called the forget gate. The forget gate value is obtained 

using equation (2.1). 

𝑓𝑡 = 𝜎(𝑊𝑓 ∙ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓) (2.1) 

Description: 

𝑓𝑡 = forget gate 
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𝜎 = sigmoid activation function 

𝑊𝑓 = weight of forget gate 

ℎ𝑡−1 = hidden state at the previous timestep  

𝑥𝑡 = input 

𝑏𝑓 = bias value of forget gate 

The next step is to decide what new information to store in the cell state. This step 

consists of two parts. First, a sigmoid layer called the “input gate” decides which values to 

update. Next, a tanh layer creates a new candidate cell state, which can be added to the state. 

The functions of both can be seen in equations (2.2) and (2.3). 

𝑖𝑡 = 𝜎(𝑊𝑖 ∙ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖) (2.2) 

𝐶̃𝑡 = tanh(𝑊𝐶 ∙ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝐶) (2.3) 

Description: 

𝑖𝑡 = input gate 

𝑊𝑖 = weight of input gate 

𝑏𝑖 = bias value of input gate 

𝐶̃𝑡 = new cell state candidate 

𝑊𝐶 = weight of cell state 

𝑏𝐶 = bias value of cell state 

In the next step, the two results obtained will be combined to make updates to the state. 

This produces a new cell state value, which is scaled based on how much it was decided to 

update each state value. The function can be seen in equation (2.4). 

𝐶𝑡 = 𝑓𝑡 ∗ 𝐶𝑡−1 + 𝑖𝑡 ∗ 𝐶̃𝑡 (2.4) 

Description: 

𝐶𝑡 = cell state  

𝐶𝑡−1 = cell state at the previous timestep 

 After that, enter the output gate stage. Here, the sigmoid activation function will be used 

again. The output gate value is used to generate a new hidden state value together with the cell 

state value. Then, the output gate value obtained will be used as the hidden state output value 

using the tanh function. The output gate is obtained using equation (2.5), while the hidden state 

is obtained using equation (2.6). 

𝑜𝑡 = 𝜎(𝑊𝑜 ∙ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑜) (2.5) 
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ℎ𝑡 = 𝑜𝑡 ∗ tanh(𝐶𝑡) (2.6) 

Description: 

𝑜𝑡 = output gate 

𝑊𝑜 = weight of output gate 

𝑏𝑜 = bias value of output gate 

ℎ𝑡 = hidden state 

 The latest cell state and hidden state results will be used as input in the next LSTM 

process. This loop will continue until it reaches the end of the sequence. 

2.2.6 Gated Recurrent Unit (GRU) 

Gated Recurrent Unit (GRU) is another development of RNN that has similar performance to 

LSTM. However, GRU has a simpler structure with only two main gates, namely the update 

gate and reset gate. Despite its simpler structure, GRU is still able to retain important 

information in the long term with higher efficiency (Khalis Sofi et al., 2021). To provide a 

visual representation of the GRU structure, the basic architecture of this network is shown in 

Figure 2.2 (Dobilas, 2022). 

 

Figure 2.2 GRU Architecture (Dobilas, 2022a) 

The first step in GRU is to receive two main inputs, namely the current input and the 

hidden state from the previous time. This hidden state functions as a memory of information 

that has been processed at the previous time. Then, GRU calculates the update gate that 

determines how much information from the previous hidden state will be passed on to the 

current time. The update gate value is obtained using equation (2.7). 

𝑧𝑡 = 𝜎(𝑊𝑧 ∙ [ℎ𝑡−1, 𝑥𝑡]) (2.7) 

Description: 

𝑧𝑡 = update gate 

𝜎 = sigmoid activation function 
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𝑊𝑧 = weight of update gate 

ℎ𝑡−1 = hidden state at the previous timestep  

𝑥𝑡 = input 

The next step is to calculate the reset gate, which regulates how much the previous 

hidden state contributes to the new information to be processed. The reset gate value is obtained 

using equation (2.8). 

𝑟𝑡 = 𝜎(𝑊𝑟 ∙ [ℎ𝑡−1, 𝑥𝑡]) (2.8) 

Description: 

𝑟𝑡 = reset gate 

𝑊𝑟 = weight of reset gate 

After the two main gates are calculated, the next step is to process the information to 

form hidden state candidates. The results of these hidden state candidates do not immediately 

become the output, but are combined with the previous hidden state using the update gate to 

form a new hidden state. This process allows the network to retain some of the old information 

while updating it with new, more relevant information. Both functions can be seen in equations 

(2.9) and (2.10). 

ℎ̃𝑡 = tanh(𝑊ℎ ∙ [𝑟𝑡 ∗ ℎ𝑡−1, 𝑥𝑡]) (2.9) 

ℎ𝑡 = (1 − 𝑧𝑡) ∗ ℎ𝑡−1 + 𝑧𝑡 ∗ ℎ̃𝑡 (2.10) 

Description: 

ℎ̃𝑡 = hidden state candidate 

𝑊ℎ = weight of hidden state candidate 

ℎ𝑡 = new hidden state  

 Just like LSTM, the final result of GRU, namely the latest hidden state, will be used as 

input in the next GRU process. This process occurs repeatedly (loop) until the entire data 

sequence has been processed. 

2.2.7 Internet of Things 

Internet of Things (IoT) is a concept in which physical objects are equipped with sensors, 

software, and other technologies to connect and exchange data via the internet without direct 

human involvement (Atzori et al., 2010). In the manufacturing industry, the application of IoT 

enables companies to monitor machine conditions in real time with a high degree of precision. 

Sensors on machines can record important parameters such as temperature, vibration, pressure, 
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current, and voltage, then send them to a central system for continuous analysis (Mohammed 

et al., 2023). 

With data obtained through IoT-based systems, companies can implement more 

accurate and efficient predictive maintenance strategies. IoT enables the collection of historical 

and real time data, which forms the basis for developing RUL prediction models. In this study, 

IoT serves as a tool for collecting machine condition data, which is then used as input in 

machine learning-based RUL prediction models. 

2.2.8 Optimization Model 

Optimization model is a mathematical or analytical approach used to find the best solution from 

a number of alternatives based on specific criteria, such as minimum cost, minimum time, or 

maximum efficiency (Taha, 2017). In machine maintenance, optimization models are often 

used to support more rational and measurable decision-making, especially when there are 

resource constraints or a need to balance various operational factors.  

One approach to maintenance optimization is to use an cost optimization model, which 

calculates the expected cost based on the probability of component failure within a certain 

period of time. The criteria of this model is to minimize the maintenance cost. This model 

generally utilizes probability distributions such as the Weibull distribution to model system 

failure behavior. The Weibull distribution is the most commonly used probability distribution 

in reliability engineering to represent the service life of components. This distribution is flexible 

and can describe various failure patterns, depending on the value of its shape parameter (Si et 

al., 2011). 

The objective function of the model usually consists of two main components, which 

are expected predictive maintenance cost and expected emergency repair maintenance cost. 

Predictive costs occur when maintenance is performed before failure, while repair costs arise 

when maintenance is performed after failure. The probability of failure at a given time is used 

to weight each cost component, resulting in a total cost function that can be minimized. Through 

this approach, companies can determine the best time to perform maintenance relative to the 

predicted failure time, thereby balancing the risk of downtime with cost efficiency. 
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3 CHAPTER III  

RESEARCH METHODOLOGY  

3.1 Research Object 

This study focuses on PT. X in Pekalongan, a Batik manufacturing company that uses 

technology in its production process. One of the main tools they use is a batik printing machine, 

which is used to print patterns on fabric in a mass and efficient way. The object of this research 

is that batik printing machine, where the machine data they get will be analyzed to figure out 

the best maintenance time for the batik company, so the production process can run more 

effectively and efficiently. 

 

3.2 Data Collection 

The type of data used in this study is secondary data, which is data that has been collected and 

made available previously from the company's internal system or other sources. This data was 

not obtained directly by researchers through experiments or interviews, but rather from existing 

historical documentation. The secondary data used includes historical information on machine 

conditions such as temperature, workload, last maintenance, and working hours during the 

machine 4800 days operating time. 

 

3.3 Research Flow 

Below is the research flow chart: 
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Figure 3.1 Research Flow Chart 
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1. Start 

This is the beginning of the research. 

2. Determination of Research Object 

The research began with determining the object to be observed. The object of the study is 

a batik printer machine. 

3. Problem Identification and Formulation 

Identify machine downtime issues that can cause losses to the company. These issues are 

formulated into the focus of the research, which is how to predict Remaining Useful Life 

(RUL) and determine the optimal machine maintenance time to minimize costs. 

4. Literature Review 

Conduct a review of theories and previous research relevant to the research topic, such as 

the concept of maintenance, LSTM-GRU machine learning methods, the Internet of 

Things, and optimization models. This review forms the basis for selecting the methods 

and approaches used in the research. 

5. Secondary Data Collection 

Data was obtained from existing historical documentation containing machine condition 

sensor data. This data includes historical information on machine conditions such as 

temperature, workload, last maintenance, and operating hours. This data will then be used 

to build and test the RUL prediction model. 

6. Data Pre-processing 

The raw data that has been collected is processed so that it can be used for model training. 

This process includes normalizing feature values and separating data into training and test 

sets. 

7. Implementation of the LSTM-GRU Model for Machine RUL Prediction 

A hybrid LSTM-GRU model is used to predict machine RUL based on processed sensor 

data. The model is trained, validated, and evaluated using specific metrics such as MAE 

and RMSE to measure prediction accuracy. The trained model is used to predict RUL on 

test data.  The prediction results are then analyzed to determine the model's performance 

in mapping machine lifespan before failure occurs. 

8. Optimization Model Development 

After obtaining the RUL prediction results, a cost optimization model is needed to 

determine the best time to perform maintenance in terms of cost. The maintenance 



  23 

 

optimization model is developed using the RUL data, which follows a Weibull distribution. 

This model integrates the estimation of failure risk, predictive maintenance costs, and risk 

costs due to failures in the form of emergency breakdown repair costs.  

The probability of machine failure before the predictive maintenance time t (measured 

as hours before RUL equals zero) is expressed as: 

𝑃𝑓𝑎𝑖𝑙(𝑡) = {
1,
0,

1 − 𝐹𝑊𝑒𝑖𝑏𝑢𝑙𝑙(𝜂 − 𝑡; 𝛽, 𝜂),
 

𝑡 ≤ 0
𝑡 > 𝜂

𝑓𝑜𝑟 0 < 𝑡 ≤ 𝜂
 

(2.11) 

Description: 

𝑃𝑓𝑎𝑖𝑙(𝑡)  = probability of failure before time t 

𝐹𝑊𝑒𝑖𝑏𝑢𝑙𝑙 = Weibull cumulative distribution function 

𝜂  = shape parameter of the Weibull distribution 

𝑡  = predictive maintenance time 

𝛽  = shape parameter of the Weibull distribution 

This probability quantifies the likelihood that a failure occurs before maintenance at time 

t, thus enabling risk based cost consideration. 

Next step is finding the predictive maintenance cost per event. The cost for a single 

predictive maintenance event at time t consists of a fixed cost plus the cost associated with 

the risk of failure due to downtime, which is modeled as an emergency breakdown repair 

cost: 

𝐶𝑒𝑣𝑒𝑛𝑡(𝑡) = 𝐶𝑃𝑑𝑚 + 𝑃𝑓𝑎𝑖𝑙(𝑡) × 𝐶𝐸𝐵𝑅 (2.12) 

Description: 

𝐶𝑒𝑣𝑒𝑛𝑡(𝑡) = cost per maintenance at time t 

𝐶𝑃𝑑𝑚 = cost per predictive maintenance event 

𝐶𝐸𝐵𝑅 = cost of emergency breakdown repair if failure occurs 

After that, calculate the expected interval between maintenance. This represents the 

average operational time before the next maintenance event once maintenance is performed 

at time. Assuming the interval between maintenances follows the residual life distribution 

of the Weibull, the expected interval for maintenance after performing it at time t is: 

𝐸[𝐼𝑛𝑡𝑒𝑟𝑣𝑎𝑙𝑡] =
∫ (𝑥 − 𝑡)𝑓𝑊𝑒𝑖𝑏𝑢𝑙𝑙(𝑥; 𝛽, 𝜂)𝑑𝑥

𝜂

𝑡

𝑆𝑊𝑒𝑖𝑏𝑢𝑙𝑙(𝑡; 𝛽, 𝜂)
 

(2.13) 

Description: 

𝐸[𝐼𝑛𝑡𝑒𝑟𝑣𝑎𝑙𝑡]= expected interval between maintenance after time t 
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𝑓𝑊𝑒𝑖𝑏𝑢𝑙𝑙      = Weibull probability density function 

𝑆𝑊𝑒𝑖𝑏𝑢𝑙𝑙      = 1 − 𝐹𝑊𝑒𝑖𝑏𝑢𝑙𝑙 is the probability the machine operates beyond time t 

The final step is multiplying the maintenance frequency by the cost per event to generate 

the total predictive maintenance cost. Below is the formulation: 

𝑓(𝑡) =
𝑇

𝐸[𝐼𝑛𝑡𝑒𝑟𝑣𝑎𝑙𝑡]
 

(2.14) 

𝐶𝑡𝑜𝑡𝑎𝑙(𝑡) = 𝑓(𝑡) × 𝐶𝑒𝑣𝑒𝑛𝑡(𝑡) (2.15) 

Description: 

𝑓(𝑡) = frequency of predictive maintenance during T 

𝑇  = total operational period 

9. Total Cost Maintenance Calculation 

The total maintenance cost for one machine period is calculated based on the model that 

has been developed. The calculation is performed with the help of Python programming. 

10. Analysis of Results 

Conduct an analysis of the accuracy of the prediction model and the cost efficiency of the 

maintenance strategy. This analysis will serve as the basis for concluding the effectiveness 

of using the LSTM-GRU model in machine maintenance decision-making. 

11. Conclusion and Recommendations 

Conclusions are drawn based on the analysis of the data that has been collected and 

processed. Recommendations are then formulated as suggestions that the company can use 

to improve its maintenance strategy. 

12. End 

The research has been completed. 
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4 CHAPTER IV  

DATA COLLECTING AND PROCESSING 

4.1 Data Collection 

The data used in this study is secondary data obtained from an IoT-based machine monitoring 

system on batik printing machines. The data includes machine condition parameters, such as 

temperature and other parameters relevant to machine health. In addition, there is also data on 

Remaining Useful Life (RUL) and machine maintenance costs. The following is the machine 

data used in the study that have been collected during the machine 4800 days operating time: 

Table 4.1 Batik Printer Machine Data Parameters 

No. 
Temperature 

(C) 

Load Usage 

(Units) 

Last Maintenance 

(Days) 

Operating Hours 

(Hours) 

RUL 

(Hours) 

1 69,09 601 41 296 48 

2 62,89 580 42 360 54 

3 76,31 525 41 344 43 

4 94,61 407 40 304 24 

5 68,73 552 38 280 52 

6 64,20 355 42 328 60 

7 52,65 448 39 312 69 

8 73,22 487 44 320 46 

9 91,60 498 42 336 27 

10 54,08 462 35 304 69 

11 86,30 593 35 328 29 

12 59,36 459 35 320 65 

13 65,32 526 36 352 59 

14 83,56 401 41 296 34 

15 87,07 533 40 312 31 

16 51,34 549 38 288 69 

17 72,68 423 42 360 49 

18 54,52 543 39 280 71 

19 70,87 358 45 296 46 

20 95,14 427 45 296 23 

21 68,49 619 44 288 48 

22 74,12 505 40 280 43 

23 55,36 412 42 320 63 

24 77,57 496 44 360 38 

25 64,90 542 41 360 57 

26 91,01 388 36 288 30 

27 71,23 474 38 304 45 

28 62,59 455 43 352 56 

29 75,17 431 37 328 47 
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No. 
Temperature 

(C) 

Load Usage 

(Units) 

Last Maintenance 

(Days) 

Operating Hours 

(Hours) 

RUL 

(Hours) 

30 85,64 567 44 320 34 

31 77,89 611 35 352 38 

32 94,18 593 38 288 25 

33 52,16 441 40 312 72 

34 68,32 356 36 352 53 

35 87,42 433 43 288 33 

36 86,34 328 44 288 35 

37 94,98 462 41 360 20 

38 74,73 512 41 352 39 

39 51,61 510 45 320 70 

40 67,92 584 37 288 49 

41 60,63 574 39 320 62 

42 63,90 584 42 280 59 

43 54,86 364 44 328 69 

44 61,64 425 36 312 56 

45 64,79 575 44 352 54 

46 84,76 442 42 312 37 

47 52,24 441 37 344 65 

48 88,12 457 35 312 31 

49 91,28 389 39 360 25 

50 67,76 351 38 304 50 

51 71,18 467 35 360 46 

52 68,47 392 41 344 48 

53 83,22 491 35 352 38 

54 60,64 615 41 352 61 

55 73,19 623 41 344 45 

56 66,21 472 43 280 53 

57 90,16 449 40 320 29 

58 68,12 471 39 344 54 

59 67,73 391 43 296 51 

60 54,45 620 35 360 61 

61 94,85 375 43 280 26 

62 52,70 592 41 296 69 

63 87,61 550 42 288 28 

64 62,29 568 39 336 60 

65 54,07 337 37 296 69 

66 93,60 622 36 288 25 

67 67,60 561 36 328 54 

68 74,00 588 41 336 41 

69 61,82 358 42 336 57 

70 58,34 581 44 312 56 

71 91,94 596 35 320 24 

72 88,17 470 38 304 30 

73 73,66 404 35 312 46 
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No. 
Temperature 

(C) 

Load Usage 

(Units) 

Last Maintenance 

(Days) 

Operating Hours 

(Hours) 

RUL 

(Hours) 

74 92,74 433 42 352 22 

75 75,62 410 37 280 49 

76 74,33 372 43 296 44 

77 60,98 481 41 320 58 

78 55,62 491 44 360 60 

79 80,35 526 38 320 38 

80 92,24 563 37 328 23 

81 83,31 573 39 296 32 

82 68,07 499 37 320 56 

83 84,00 358 41 336 36 

84 53,31 505 45 344 72 

85 78,74 406 37 320 44 

86 76,39 397 37 296 48 

87 59,60 464 40 312 59 

88 75,44 339 43 304 48 

89 68,20 574 39 280 55 

90 91,06 463 40 344 27 

91 74,04 364 41 296 47 

92 89,24 518 43 288 31 

93 68,96 526 39 352 52 

94 83,84 575 44 320 32 

95 66,28 430 41 344 50 

96 85,38 624 39 328 34 

97 63,90 362 42 344 62 

98 71,25 404 41 320 47 

99 77,12 347 40 328 41 

100 55,46 395 35 320 62 

 

The next data is maintenance cost data. These costs consist of several activities, with 

each type of maintenance having different activities. The following are the details of machine 

maintenance costs: 

Table 4.2 General Maintenance Cost Data 

General Maintenance Activity Cost (Rp) 

Lubrication 50.000 

Cleaning 75.000 

Component Inspection 80.000 

Minor Repair 25.000 

Small Parts Replacement 100.000 

Medium Parts Replacement 150.000 

Major Overhaul 200.000 

Emergency Breakdown Repair 200.000 
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This table shows the costs of various general machine maintenance activities. The activities 

recorded include lubrication, cleaning, component inspection, minor repairs, replacement of 

small to medium components, major overhauls, and emergency repairs due to sudden damage. 

This data is used as a basic reference for calculating the total cost of a particular maintenance 

strategy. 

Table 4.3 Preventive Maintenance Cost Data 

Preventive Maintenance Activity Cost (Rp) 

Lubrication 50.000 

Cleaning 75.000 

Component Inspection 80.000 

Minor Repair 25.000 

Total 230.000 

The table above shows the costs for preventive maintenance, which are activities carried out on 

a scheduled basis to prevent damage. Preventive maintenance costs are relatively lower, totaling 

Rp230,000, consisting of routine activities such as lubrication, cleaning, component inspection, 

and minor repairs. 

Table 4.4 Predictive Maintenance Cost Data 

Predictive Maintenance Activity Cost (Rp) 

Lubrication 50.000 

Cleaning 75.000 

Component Inspection 80.000 

Small Parts Replacement 100.000 

Total 305.000 

This table adds the replacement of small components to routine activities, increasing the total 

cost to Rp305,000. This strategy is based on the actual condition of the machine, so that 

replacement activities are carried out only when necessary, rather than simply according to 

schedule. 

Table 4.5 Corrective Maintenance Cost Data 

Corrective Maintenance Activity Cost (Rp) 

Component Inspection 80.000 

Minor Repair 25.000 

Medium Parts Replacement 150.000 

Major Overhaul 200.000 

Emergency Breakdown Repair 200.000 

Total 655.000 

Corrective maintenance incurs much higher costs, namely Rp655,000. This is because 

corrective maintenance is carried out after damage has occurred, so that the activities involved 
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include component inspection, minor repairs, moderate component replacement, major 

overhauls, and emergency repairs. These high costs reflect the consequences of only performing 

maintenance after the machine has failed to operate. 

4.2 Data Processing 

4.2.1 Remaining Useful Life (RUL) Prediction 

The steps for performing RUL prediction are as follows, with the support of Google Colab 

serving as the Python tool: 

1. Import Library 

In the data processing for Remaining Useful Life (RUL) prediction, the first step is to 

import the necessary libraries. These libraries include data manipulation libraries such as 

pandas and numpy, deep learning development libraries such as TensorFlow and Keras, 

and visualization libraries such as matplotlib. Additionally, scikit-learn is used for 

preprocessing and model evaluation, and keras_tuner is employed for hyperparameter 

optimization. The use of these various libraries enables complex processes such as the 

creation of a hybrid neural network architecture (combining LSTM and GRU), data 

normalization, visualization of prediction results, and automatic hyperparameter tuning. 

 

Figure 4.1 Import Library 

2. Load Data 

The next step is to load the dataset from the Excel file. This dataset contains important 

parameters measured from industrial machinery, such as temperature, load, duration since 
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last maintenance, and operating hours. This data is crucial as input for the machine learning 

model, because each parameter can have a significant relationship with the RUL value. 

 

Figure 4.2 Load Data 

3. Preprocessing Data 

Before the data is used to train the model, important preprocessing in the form of 

normalization and data division is carried out. In this stage, MinMaxScaler is used to scale 

feature and target values to a range of 0 to 1. The features used include temperature, load 

usage, last maintenance, and operating hours, while the target is Remaining Useful Life 

(RUL). The data is then divided into training data and test data with a ratio of 80:20. The 

data split of 80% for training and 20% for testing was chosen because it is generally 

considered to provide an optimal balance between the model's ability to learn patterns well 

and its ability to be evaluated on new data (Sivakumar et al., 2024). 

 

Figure 4.3 Pseudocode of Preprocessing Data 
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Figure 4.4 Preprocessing Data 

4. Definition of Hybrid LSTM-GRU Model Architecture 

This section defines the model to explore various combinations of hyperparameters. The 

model being built is a hybrid model consisting of sequential LSTM and GRU layers, 

equipped with a dropout layer to prevent overfitting, and a Dense output layer to generate 

RUL prediction values. The hyperparameters being optimized include the number of 

LSTM and GRU units, the dropout rate, and the Adam optimizer learning rate. 

 

Figure 4.5 Pseudocode of Define Model 

 

Figure 4.6 Define Model 

5. Hyperparameter Optimization 
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In this section, the process of searching for the best hyperparameter combination is 

performed using the Random Search method. The tuner will run several model 

configurations based on the function that has been defined previously. This process aims 

to find the model configuration that produces optimal performance in predicting RUL. 

 

Figure 4.7 Pseudocode of Hyperparameter Optimization 

 

Figure 4.8 Hyperparameter Optimization 

6. Build the Best Model 

The best model from the tuning process was rebuilt and trained for 100 epochs to obtain 

optimal performance. This model is expected to be able to capture temporal patterns in the 

data to accurately predict RUL. 
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Figure 4.9 Build the Best Model 

7. Evaluate Model 

The model was evaluated by calculating the loss value and mean absolute error (MAE) in 

the test data. MAE is the main measure used in this study to measure how far the RUL 

prediction results deviate from the actual values on average. 

 

Figure 4.10 Evaluate Model 

8. RUL Prediction on Test Data and Return to Original Scale 

Predictions are made on test data using the best model resulting from tuning. The predicted 

RUL values and actual targets are then returned to their original scale (in time units). 

 

Figure 4.11 Plot Actual vs Predicted RUL 

9. Calculation of RMSE and R-squared Values 

To evaluate the model's performance in more detail, the Root Mean Square Error (RMSE) 

and coefficient of determination (R²) values were calculated. RMSE describes the 

magnitude of prediction errors in hours, while R² indicates how much of the variation in 

actual values can be explained by the model's predictions. An R² value close to 1 indicates 

that the model has excellent predictive performance. 

 

Figure 4.12 Compute RMSE and R-squared 

10. Actual RUL vs. Predicted RUL Visualization 
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Line graphs are used to compare actual and predicted RUL values for each test data sample. 

The closer the two curves are to each other, the better the model's accuracy in mapping the 

actual condition of the machine. 

 

Figure 4.13 RUL Visualization 

 

Figure 4.14 Actual vs Predicted RUL Graph 

11. Visualization of Artificial Neural Network Architecture 

To improve understanding of the internal structure of the model, the architecture of the 

artificial neural network was visualized. This visualization depicts the number of neurons 

in the input layer, hidden layers (LSTM and GRU), and output layer, as well as the 

connections between neurons. The colors of each layer are differentiated to indicate the 

function of each layer, which are blue for input, green for hidden layers, and red for output. 
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Figure 4.15 Plot Neural Network Architecture 
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Figure 4.16 Neural Network Architecture 

12. Training Data Table 

This section displays the training data that has been processed in DataFrame format. The 

last column shows the target value (RUL) used during model training. 

 

Figure 4.17 Training Data 

13. Test Data Table and Prediction Results 

The test data is presented in a table containing feature values and two additional columns 

showing the actual RUL values and the model's prediction results.  
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Figure 4.18 Testing Data 

4.2.2 Maintenance Cost Calculation with Optimization Model 

The steps for performing optimization model are as follows, with the support of Google Colab 

serving as the Python tool: 

1. Import Library 

The first step in building a maintenance cost optimization model is to import the necessary 

libraries. The numpy and pandas libraries are used for data manipulation, scipy.stats for 

fitting the Weibull distribution, and matplotlib.pyplot for visualizing the analysis results. 

 

Figure 4.19 Import Library 

2. Determination of Weibull Distribution Parameters 

This step is to model the distribution of the Remaining Useful Life (RUL) of the machine 

using the Weibull distribution. At this stage, fitting is performed using the Maximum 
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Likelihood Estimation (MLE) method. The shape (β) and scale (λ) values are estimated 

based on actual RUL data from test data. 

 

 

Figure 4.20 Determining Weibull Parameters 

3. Visualization of Weibull Distribution Fitting 

To evaluate the suitability of the Weibull distribution for RUL data, a Weibull Probability 

Plot is used. This plot compares the theoretical quantiles of the Weibull distribution with 

the actual quantiles of the data. 

 

Figure 4.21 Weibull Visualization 

 

Figure 4.22 Weibull Visualization 
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4. Setting Cost Parameters and Probability Functions 

After the RUL distribution is modeled, the next step is to define the cost parameters and 

probability functions. Costs consist of the fixed costs of predictive maintenance and 

additional costs in the event of a sudden failure (emergency breakdown repair). In addition, 

define the probability function of failure before maintenance time, the probability density 

function and survival function of the Weibull distribution, and the expected remaining life 

function of the machine. 

 

Figure 4.23 Setting Parameters and Function 

5. Calculation of Maintenance Costs per Event and Total Costs 

After calculating the probability of failure and expected interval, the next step is to 

calculate maintenance costs. The total cost per event is obtained by adding the cost of 

preventive maintenance and the possible cost of breakdown if failure occurs before 
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maintenance time. The total cost over the operational cycle depends on the expected 

number of hours the machine will last. The more frequently maintenance is performed, the 

higher the frequency but each event is cheaper. On the other hand, if maintenance is too 

infrequent, the risk of failure increases, leading to high emergency costs. 

 

Figure 4.24 Cost Calculation 

6. Identify the Optimal Maintenance Time 

To determine the optimal time, a search is conducted for the t value that results in the lowest 

total cost. This value is used as a recommendation for the maintenance time in order to 

minimize operational costs. 

 

Figure 4.25 Finding Optimal Time 
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Figure 4.26 Optimal Time and Cost Result 

7. Visualization of Total Cost vs Maintenance Time 

Once all cost values have been calculated for each t value, the graph can be used to identify 

the minimum cost point. The minimum point on this curve is the optimal time to perform 

maintenance in order to minimize total costs during the operating period. 
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Figure 4.27 Cost Visualization 

 

Figure 4.28 Cost vs Time Graph  
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5 CHAPTER V  

DISCUSSION  

5.1 Remaining Useful Life (RUL) Prediction Using the LSTM-GRU Hybrid Model 

Predicting Remaining Useful Life (RUL) plays a crucial role in predictive maintenance systems 

in the industrial sector, particularly in the context of operational sustainability of machinery and 

maintenance cost control. In this study, a hybrid model combining Long Short-Term Memory 

(LSTM) and Gated Recurrent Unit (GRU) was used to predict RUL values for machinery based 

on time series data. The combination of two neural network architectures in a single model is 

intended to leverage the strengths of each, where LSTM excels at maintaining long-term 

dependencies, and GRU is lighter and more computationally efficient yet still reliable in 

recognizing temporal patterns. 

 The hybrid LSTM-GRU model was trained using historical sensor data from the 

machine, with a preprocessing process that included MinMaxScaler normalization, sequence 

formation to capture temporal context, and separation of training and test data. In addition, this 

model was optimized using the hyperparameter method. The hyperparameter tuning process 

was carried out using the Random Search method with the help of the Keras Tuner library. A 

total of 10 experiments were conducted with 2 executions per experiment to improve the 

reliability of the results. The best model was selected based on the smallest validation loss value 

achieved, which was 0.0016. This model was then used as the final model in the training and 

evaluation process for the test data. 

 

Figure 5.1 Hyperparameter Tuning Result 

 After training, the model was tested against test data to predict the actual RUL value. 

The prediction results were then evaluated using regression accuracy metrics, which are Mean 

Squared Error (MSE), Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and R-

squared (R²). Based on the evaluation results, the train MSE value was 0.00306, the train MAE 

value was 0.0465, the test MSE value was 0.00345, the train MAE value was 0.0478, the RMSE 

value was 3.1624, and the R² value was 0.9499. These values indicate that the model has good 

predictive capabilities, with relatively small errors and high accuracy. An R² value close to 1 
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indicates that the model can explain nearly all of the variability in the target data, so it can be 

concluded that the hybrid LSTM-GRU model used is sufficiently reliable and suitable for 

application in a predictive maintenance system. 

 

 

Figure 5.2 Evaluation Result 

 The model does not exhibit overfitting, as indicated by the small difference between 

training MAE (0.0465) and test MAE (0.0478), with only about a 2.7% gap. Similarly, the test 

MSE shows only a slight increase compared to the training MSE, which reflects a good 

generalization ability. According to Goodfellow et al. (2016), overfitting occurs when the 

training error is much smaller than the test error, while no universal threshold exists because 

the degree of acceptable error difference depends heavily on the dataset characteristics. 

The visualization of the prediction results also shows good accuracy between the actual 

and predicted values. The graph comparing actual RUL with prediction results shows that the 

model is able to follow the trend of remaining useful life decline well, although there are some 

deviations at certain points. These deviations are likely caused by sensor signal fluctuations that 

do not fully reflect the real time condition of the machine, or the presence of noise in the input 

data that has not been completely filtered. 

The proposed LSTM-GRU model in this study achieved an MAE of 0.0478, which 

means that the average deviation between the predicted and actual values is relatively small. 

When compared to the study by Yuan et al. (2024) which applied Support Vector Regression 

(SVR) to wind turbine components with an MAE result of 0.075, the model proposed in this 

study provides better accuracy. Meanwhile, the study by Xia et al. (2024) which performed a 

Bidirectional Gated Recurrent Unit (BiGRU) to predict the State of Health (SOH) and RUL of 

lithium batteries, achieved MAE values as low as 0.3% and 0.6% for SOH prediction. Although 

the proposed model in this study does not reach those exceptionally low error rates, its 

performance is still competitive. This comparison highlights that while advanced architectures 

such as BiGRU can deliver extremely high accuracy in specific domains, the hybrid LSTM–

GRU approach remains a robust and effective method for predictive maintenance applications 

in industrial settings. 
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Overall, the application of the hybrid LSTM-GRU model in this study provides very 

good RUL prediction results. This model not only accurately captures the patterns of machine 

lifespan degradation but also has the potential to be integrated into real time industrial 

maintenance systems. With these RUL prediction results, more efficient maintenance strategies 

can be designed by utilizing them to determine the most optimal maintenance timing based cost 

considerations. 

5.2 Maintenance Time Optimization Using a Cost Optimization Model 

After obtaining the Remaining Useful Life (RUL) prediction results using the LSTM-GRU 

hybrid model, the next step is to determine the optimal time for predictive maintenance to 

minimize the total maintenance costs during the machine's operational period. For this, a 

Weibull distribution based approach is used as a probabilistic failure model, as well as a cost 

estimation model that takes into account the fixed costs per maintenance and potential 

additional costs due to machine failure. 

First, Weibull distribution fitting was performed on the actual RUL data in the test data, 

with parameter estimation using the Maximum Likelihood Estimation (MLE) method. Based 

on this fitting, the shape parameter (k) was obtained as 3.8314 and the scale parameter (λ) as 

51.5411 hours. These values indicate that the RUL data follows a Weibull distribution with an 

increasing failure rate, which is common in industrial equipment that experiences wear and tear 

over time. 

The optimization model considers two main cost components, which are the fixed cost 

of predictive maintenance amounting to Rp305,000, and the emergency breakdown repair 

amounting to Rp200,000, calculated probabilistically based on the probability of failure before 

maintenance is performed. Additionally, the expected interval between two maintenance 

activities is calculated based on the actual RUL distribution. By considering the required 

maintenance frequency during the machine's operational period, an estimate of the total 

maintenance cost is obtained for various possible maintenance times. 

 In this study, it was found that the optimal time for predictive maintenance is 1 hour 

before RUL=0, with a predictive maintenance cost per event of Rp384,094 and a maintenance 

frequency during the operational period of 92.90 times. The minimum total predictive 

maintenance cost obtained from this configuration is Rp35,683,892. The graph result clarifies 

the relationship between maintenance time and cost, if maintenance is performed too far from 

the end of the service life, the frequency increases, leading to high total costs. Conversely, if 
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performed too close to RUL=0, the likelihood of failure increases, driving up the cost per event. 

Therefore, the optimal time is achieved at the balance point between maintenance frequency 

and failure risk. 

 After obtaining the cost optimization results, the next step is to compare them with the 

maintenance strategy previously used by the company. In comparison, preventive maintenance 

carried out routinely every 30 days during the 4800 operating time results in a frequency of 

around 160 times with a total cost of Rp36,800,000. Corrective maintenance shows a much 

higher cost, namely Rp65,500,000, with a frequency of 100 times because maintenance is only 

carried out after damage occurs. Meanwhile, predictive maintenance with the proposed cost 

optimization approach results in a frequency of 92.2 times with a cost of Rp35,683,892. 

Table 5. 1 Maintenence Strategy Comparison 

Strategy Frequency Total Cost 

Preventive Maintenance 160 Rp36,800,000 

Corrective Maintenance 100 Rp65,500,000 

Predictive Maintenance 92.2 Rp35,683,892 

 

 

Figure 5. 3 Maintenance Cost Comparison 

 From the table and visualization above, it can be seen that corrective maintenance incurs 

the highest costs compared to other strategies. Preventive maintenance has lower costs than 

corrective maintenance, but is still slightly higher than predictive maintenance due to its more 

frequent maintenance schedule. However, predictive maintenance remains more efficient 

Preventive Maintenence Corrective Maintenence Predictive Maintenence

Rp35,683,892Rp36,800,000

Rp65,500,000
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because it can reduce the frequency of maintenance while maintaining machine reliability at a 

relatively lower cost. These results confirm that the implementation of predictive maintenance 

is not only relevant from a technical standpoint, but also provides significant financial benefits 

for companies. 

Thus, this approach allows for more accurate maintenance timing based on predictions of 

actual machine conditions and failure distribution characteristics. The optimal timing obtained 

can be used as a basis for maintenance decisions in the implementation of predictive 

maintenance in real production systems, with the hope of reducing maintenance costs and 

minimizing the risk of downtime due to sudden failures. 

5.3 Study Limitations 

This study has several limitations that need to be considered as a basis for future development. 

The first limitation is the assumptions regarding maintenance cost parameters used in the 

optimization model. In this study, all cost parameters are assumed to be constant throughout 

the analysis period. In reality, some maintenance cost components, particularly maintenance 

fluids, are obtained through imports. Therefore, costs are greatly affected by fluctuations in the 

dollar exchange rate. Exchange rate changes can cause significant price increases or decreases, 

so the total cost calculations used to determine the optimal maintenance timing may not fully 

reflect actual field conditions. A more realistic approach should consider these price dynamics 

to ensure that optimization results are more accurate and relevant to market conditions. 

Second, this study uses historical time series data and does not utilize real time data 

from sensors directly on the machines. This limitation may affect the accuracy of RUL 

predictions and maintenance timing recommendations, as the model relies solely on past data, 

which may not fully reflect the actual conditions at the time of decision-making. With the 

integration of real time data in the future, it is expected that the model will provide more 

accurate predictions and respond more effectively to changes in machine conditions in real 

time. 

Lastly, this study analysis is focused only on the cost aspects of different maintenance 

strategies, without considering reliability aspects. While cost efficiency is an important factor 

in maintenance decision making, it does not provide a complete picture of machine performance 

in the long term. Reliability factors such as how consistently a machine can operate without 

failure, or how maintenance actions affect the durability of components, are not incorporated 

into the model. As a result, the conclusions of this study primarily emphasize financial 
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efficiency, and may overlook potential risks associated with machine downtime or reduced 

operational stability. For future research, it would be valuable to integrate both cost and 

reliability perspectives to provide a more holistic understanding of maintenance optimization.
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6 CHAPTER VI  

CLOSING 

6.1 Conclusion 

Based on the results of the research that has been conducted, the following conclusions can be 

drawn: 

1. The hybrid LSTM-GRU model successfully provided Remaining Useful Life (RUL) 

predictions with a high degree of accuracy. Based on the evaluation results on the test data, 

the Mean Squared Error (MSE) value was 0.00369, the Mean Absolute Error (MAE) was 

0.0524, the Root Mean Squared Error (RMSE) was 3.1624, and the coefficient of 

determination (R-squared) was 0.9499. This indicates that the model is able to effectively 

capture temporal patterns in machine data and provide very good RUL predictions. 

2. Based on the RUL prediction results obtained, the timing of predictive maintenance was 

optimized using an cost optimization model based on the Weibull distribution. The 

optimization results showed that the optimal time to perform maintenance was 1 hours 

before RUL=0, with an estimated minimum total maintenance cost of Rp35,683,892 during 

the machine's operating period. This model balances the costs of preventive maintenance 

and the risk of failure, resulting in cost efficient maintenance decisions. 

3. The comparison between the proposed predictive maintenance model and the previously 

applied approaches shows that the predictive strategy provides a more cost-efficient 

solution. The corrective maintenance strategy resulted in the highest total cost, reaching 

approximately Rp65,500,000 with 100 occurrences. Preventive maintenance was able to 

reduce the total cost to around Rp36,800,000 with 160 scheduled interventions. In contrast, 

the proposed predictive maintenance model achieved the lowest cost of about 

Rp35,683,892 with only 92.2 interventions. These results demonstrate that predictive 

maintenance not only minimizes costs compared to corrective and preventive strategies but 

also reduces the frequency of interventions, making it the most effective and efficient 

approach for maintaining batik printing machines. 

 

6.2 Sugesstion 

Based on the results of the research that has been conducted, there are several suggestions that 

can be considered for future research and future improvements: 



  50 

 

1. The optimization model used in this study is based on fixed cost parameters. In the future, 

research can develop models that consider more dynamic cost factors that takes into 

account changes in the prices of components and maintenance materials, particularly 

maintenance fluids that are imported and affected by fluctuations in foreign exchange rates. 

This approach would provide more realistic and accurate cost estimates for determining 

the optimal timing of maintenance. 

2. This study uses time series data that is already available. For further development, it is 

recommended to collect real time data from direct sensors so that prediction and 

optimization results are closer to actual conditions. This will enable the model to adjust 

predictions and maintenance recommendations based on the actual condition of the 

machine in the field. 

3. Future research is suggested to not only focus on cost aspects but also incorporate reliability 

considerations. By integrating both perspectives, the analysis will provide a more 

comprehensive evaluation of maintenance strategies, ensuring not only cost efficiency but 

also sustained machine performance and operational stability. 

4. For companies, the results of this research can serve as an initial reference when 

considering the implementation of predictive maintenance approaches. By leveraging RUL 

predictions and optimal maintenance timing calculations, companies can gain insights into 

the potential cost efficiency of future machine maintenance. 
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