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Received: 18 September 2024 Predictive maintenance involves the early detection of 

potential machine failures and subsequent maintenance to 

prevent such failures. Machine learning is a pertinent 

statistical method for predictive maintenance, enabling the 

early detection of machine failures and the implementation of 

preventive measures through a model. The development of 

the machine learning model commences with data collection 

from the machine, encompassing vibration, acceleration, 

machine temperature, and machine sound, facilitated by a 

microcontroller equipped with sensors. Subsequently, the 

data undergoes cleaning, including removing outliers or 

missing values and standardization. Data is partitioned into 

70% allocated for training and 30% for testing. After 

determining hyperparameters and their values through 

hyperparameter tuning, the training data is utilized to train 

machine learning models, such as K-nearest neighbor, 

decision tree, and random forest models. Post-training, the 

models are evaluated using the remaining test data, 

employing performance metrics such as accuracy, precision, 

recall, and F1-score. The random forest model excels due to its 

utilization of a substantial number of trees for predictions and 

the full exploitation of the variables which F1-score is 91.22%. 

The best-performing model is subsequently deployed into a 

monitoring system, providing real-time machine condition 

predictions. The deployment results validate the accurate 

prediction of machine failures. 
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1. INTRODUCTION 

The advancement of the manufacturing sector is heavily reliant on the utilization of diverse machinery 

and equipment, aimed at bolstering efficiency, curbing costs, and expediting operational workflows. As such, 

the maintenance of these assets assumes critical significance. The challenges associated with maintenance 

management are not confined to large enterprises but also impinge on conventional businesses that may lack 

a comprehensive grasp of maintenance protocols. Beyond the dearth of maintenance comprehension, the 

reactive nature of maintenance exacerbates issues, with equipment often being serviced solely upon 

malfunction. This approach precipitates various ramifications including diminished output quality, 
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processing velocity, and safety standards as equipment nears breakdown. Regular maintenance serves to 

sustain the optimal condition of machinery. Predictive maintenance stands out as an efficacious strategy to 

avert breakdowns. Grounded in prognostication tools leveraging historical data, statistical inference 

methodologies, and technical paradigms, predictive maintenance facilitates early identification of potential 

issues [1], [2]. In this regard, machine learning offers a powerful computational approach for processing large 

volumes of sensor and operational data commonly found in industrial settings. Through its ability to uncover 

complex patterns and adapt to new data, machine learning plays a critical role in solving various maintenance 

challenges, including fault prediction, anomaly detection, and maintenance schedule optimization [3], [4]. 

Predictive maintenance is considered more effective and efficient because maintenance is based on 

observations or monitoring and analysis of machine [5]–[7]. Predictive maintenance enables early detection of 

faults using predictive tools such as historical data (machine learning usage), integrity factors (such as visual 

aspects, wear and tear, and colour differences from the original), inferential statistical methods, and technical 

approaches [8], [9]. The advantages of predictive maintenance methods include the ability to know the 

condition of machines at any time, allowing operators to determine whether a machine needs to be repaired 

or not [10], [11]. The long-term use of predictive maintenance is highly economical [12], [13]. Through 

predictive maintenance, maintenance schedules can be controlled, spare parts inventory can be reduced, and 

machine damage can be minimized [14]–[16]. 

Machine condition monitoring is related to maintenance aspects based on the current and past 

condition of the machine [17], [18]. To determine the condition of a machine, sensors are installed around the 

machine to collect relevant information for analysis and decision-making regarding maintenance actions, so 

the machine can function well according to its original purpose [19]. During operation, machines provide a 

wealth of information in the form of sound, vibrations, temperature, lubricating oil condition, the quality and 

condition of the machine's electrical current, and the like [20]–[22].  

Analysis of machine condition observations can be quickly obtained with the assistance of machine 

learning [23]. Machine learning is a computer algorithm development technology that utilizes fields of 

probability, statistics, artificial intelligence, information theory, psychology, control theory, philosophy, and 

computer science to mimic human intelligence [24]–[26]. Although machine learning provides a promising 

approach to predictive problems, the performance of machine learning heavily relies on the selection of 

appropriate machine learning methods [27]. The design process of a machine learning model for predictive 

maintenance involves several steps, including historical data selection, data preprocessing, model selection, 

model training and validation, and model maintenance [27], [28].  

The research was conducted using supervised machine learning techniques, namely K-nearest 

neighbor, decision tree, and random forest. K-nearest neighbor (KNN) is a classification algorithm that uses 

labelled training data, which is divided into several classes, and this algorithm will classify new data that is 

fed into the existing groups [29], [30]. The study used an areca nut peeling machine as the research object, 

where the machine learning model was built based on its characteristics. The obtained machine learning model 

was applied to the operating machine, allowing for real-time predictions of the machine's condition. Through 

this research, a monitoring system was developed to oversee the machine's status and predict its condition. 

The research aimed to assist businesses, especially small and medium-sized enterprises, in implementing 

maintenance management in their production units to reduce costs incurred due to breakdowns. The variables 

measured on the equipment used included vibration acceleration, temperature, and sound. 

 
2. MATERIALS AND METHODS   

This research consists of several stages: data collection, machine learning model development, model 

performance verification, and implementation. 

 

2.1. Data Collection 

Condition monitoring data refers to measurements linked to the health status (indicators) of machines. 

These condition monitoring data are highly versatile and can include various types, such as vibration data, oil 

analysis data, acoustic data, temperature, pressure, moisture, humidity, weather data, or environmental data 

[32]. The data collected in this research are online data, including vibration, temperature, and sound. These 

three types of data are used because the characteristics of normal machine data and faulty machine data differ 

and can serve as good indicators. Data collection was carried out using sensors attached to the NodeMCU 
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ESP8266. The ADXL345 sensor was used to capture vibration data, the Type K Thermocouple sensor was used 

to capture temperature data, and the FC-04 sensor was used to capture sound data. The data were stored in 

CSV (comma-separated values) file format for further processing using the Python programming language. 

 

   
(a) ADXL345 vibration sensor (b) Type K thermocouple sensor (c) FC-04 sound sensor 

 

Figure 1. Sensor placement on the machine with the arrangement: (a) shows the ADXL345 vibration sensor 

placed on top of the engine body. The sensor is placed on top of the engine body so that it can record the 

overall vibration of the engine; (b) is the placement of the Type K Thermocouple sensor placed on top of the 

engine exhaust which is the heat exhaust from the engine; (c) shows the FC-04 sensor placed on top of the 

engine so that it can capture all the sounds produced by the engine. 

 

2.2. Machine Learning Model Development 

The collected data were then processed using Python programming language with Jupyter Notebook as 

the supporting software. Data processing began with the data preprocessing stage to prepare clean data for 

input into the machine learning model. Data exploration was also performed using various types of graphs to 

gain insight into the data characteristics. For the K-nearest neighbor method, the data were standardized first. 

The data processing was then continued by splitting the data into two parts: training data and test data [31]. 

Before feeding data to the machine learning model, the data must be free from missing values and outliers. 

The data is then trained, and hyperparameter tuning is performed to obtain high model accuracy. The selection 

of the best hyperparameters is done using the cross-validation method. In practice, the cross-validation 

method in machine learning has been widely used [33]. The most popular cross-validation method is called 

K-fold cross-validation, which can divide the training dataset into K folds. Suppose there are hyperparameters, 

then for each fold, it is studied using the remaining K1 folds as the training dataset and testing the model's 

performance on that fold. Then, continue by calculating the average performance over K folds. 

Hyperparameters are determined in the search process so that the average performance in cross-validation is 

maximized [33], [34]. After the data was prepared, the next step was the development of the machine learning 

model.  The following is an input-process-output model in the development of a machine learning model for 

predictive maintenance in Figure 2. 
 

 

 

 
 
 
 
 
 
 
 

 

 

Figure 2. Diagram input-process-output 
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2.3. Machine Learning Performance Verification  

Once the machine learning model was obtained, its performance was verified. The verification was carried 

out by testing whether the model produced the correct output and by measuring the performance of the 

machine learning model. Model performance was measured using three evaluation metrics: accuracy, 

precision, recall, and F1-score [36]. Precision is used to select the model that minimizes errors in classifying 

positive classes, while recall is used to select the model that minimizes errors in classifying negative classes. 

The F1-score is used to maximize the performance of both precision and recall. Data collection is repeated if 

the model does not produce satisfactory results [33], [34]. The best machine learning model is selected based 

on the highest average value obtained from the three-evaluation metrics. 

 

2.4. Implementation (Model Deployment)   

The best machine learning model obtained was implemented in real-time to detect the condition of 

equipment or machines. The implementation was carried out using NodeMCU ESP8266 to receive data from 

the sensors, which were then sent to a laptop for real-time processing by the designed program. The predicted 

machine condition output is displayed directly on the laptop processing the sensor data. 

 

3. RESULTS 

3.1. Data Preprocessing 

The collected data includes vibration acceleration on the x-axis, vibration acceleration on the y-axis, 

vibration acceleration on the z-axis, machine temperature, and machine-generated sound. The machine data 

to be collected encompasses the characteristics of the machine when it is in normal condition and the 

characteristics of the machine when it is in an abnormal or damaged state. The NodeMCU ESP8266 was 

programmed to read data generated by sensors every 200 milliseconds or 0.2 seconds. The data successfully 

collected for normal machine conditions amounted to 2396 rows, and for failure conditions, there were 2300 

rows of data. 

The collected data will undergo a preprocessing stage. During this phase, the removal of missing values 

will take place. Missing values can occur due to errors in data reading by the microcontroller. Data collection 

errors can stem from two sources, namely sensor errors when capturing vibrations, temperature, or sound, or 

errors during the data recording process, particularly during encoding and decoding. Outliers in the data must 

be eliminated. Prior to eliminating outliers, the data will be standardized using the Z-Score. Data that is 

eliminated or categorized as outliers are those that exceed 1.5 standard deviations. Standardization of the data 

also serves to enhance the speed of training machine learning models. The training data is randomly selected, 

comprising 70% of the total available data, while the testing data is 30%. In addition to dividing the data into 

training and testing sets, the data is also split into two parts: predictor data and target data. 

 

3.2. Exploratory Data Analysis 

Exploratory data analysis is a data analysis process used in statistics to understand the basic 

characteristics of a dataset before conducting more in-depth analysis or statistical modelling. The main goal of 

EDA is to gain an initial understanding of the data, identifying patterns, relationships, anomalies, and other 

important properties that may be hidden in the dataset. Table 1 shows the average for each variable from 

normal machines and failure machines. 

 

Table 1. Mean machine variables 

 

Variable 
Machine condition 

Normal Failure 

Acceleration X 15.60622 16.06302 

Acceleration Y 15.308746 16.109932 

Acceleration Z 12.890949 13.230661 

Temperature 106.512274 112.236182 

Noise 122.137274 107.923077 
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Comparing characteristics between normal and failure machine data is shown by the average of variables from 

each class. In failure machines, the engine vibrates more strongly, and the resulting temperature is also higher, 

thus the average value of failure machines is higher compared to normal machines.  

 

3.3. Model Training 

Model training is the stage where data is fed into the model to be learned so that the model can make 

predictions based on the given data. On the other hand, hyperparameter tuning is the process of finding the 

combination of hyperparameters in the model that yields the highest accuracy. Table 2 shows the 

hyperparameter tuning results of each model. 

 

Table 2. Model hyperparameters 

 

Model Hyperparameter Value 

KNN n_neighbors 23 

Decision Tree max_depth 2 

Random 

Forest 

n_estimators 100 

max_features 2 

max_depth 9 

 
The K-nearest neighbor model is a model that utilizes the Euclidean distance, and as such, data needs to 

be standardized to reduce the risk of errors and enhance computational speed. The K-nearest neighbor model 

has a hyperparameter called n_neighbors, which determines the number of nearest data points to be selected 

for making predictions. The range of n_neighbors used in hyperparameter tuning is from 1 to 150. The 

selection of the best hyperparameter is done using cross-validation.  

In the K-nearest neighbor model, the optimal n_neighbors that provides the highest accuracy is found to 

be 23. This means that for each test data input, the model will choose 23 nearest data points to the test data, 

and the majority class among these 23 nearest data points will be assigned as the class for the test data. It's 

important to note that the hyperparameter n_neighbors must be an odd value to avoid ties in the nearest data 

points' classes, ensuring that one class doesn't have more instances than the others. 

The decision tree model has a hyperparameter called max_depth, which represents the depth of a decision 

tree. The range of max_depth used for hyperparameter tuning is from 1 to 35. This means that 35 decision 

trees are generated, each with varying depths. The selection of the best tree is done using cross-validation. The 

hyperparameter max_depth that provides the best performance is a max_depth value of 2. This means that 

the decision tree model has a depth of 2 levels.  

Figure 3 illustrates the model of the decision tree. This figure shows that the tree's root node is the variable 

"Machine_Temp" or machine temperature with a Gini index value of 0.495. The Gini index measures the purity 

of a variable. A smaller Gini index indicates a purer variable. A smaller Gini index makes it easier to distinguish 

between normal and faulty machine conditions. In the constructed decision tree model, the root node divides 

the data into two conditions: when the machine's temperature is greater than 109.125°C and the sound is less 

than 245, it is categorized as faulty. On the other hand, if the machine's temperature is less than 109.125°C, it 

is categorized as normal. 
 

 
 

Figure 3. Decision tree model 
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3.4. Model Evaluation 

Verification of the machine learning model is done using previously divided test data. Using the 

constructed model, predictions are made using the test data. The model's performance or prediction results 

can then be assessed through a confusion matrix. A confusion matrix is a matrix that maps correct and incorrect 

prediction results. 

The evaluation of the performance of the three models is done using the F1-score metric. A good model 

is one that has an F1-score value close to 1 or equal to 1. The F1-score metric can effectively measure the 

performance of a machine learning model because it maximizes models with high precision and recall. This 

means that the model can accurately map the classes. 

The prediction results of the K-nearest neighbor model, as shown in Figure 4(a), successfully predicted 

600 normal machine conditions and 443 damaged conditions out of a total of 1,141 test data samples. This 

means that the model failed to predict 98 test data points, where 72 data points were predicted as normal 

machines but were actually damaged, and 26 data points were predicted as damaged machines but were 

actually normal. Calculations were performed for all models, and a recapitulation was carried out to select the 

model with the best performance. 

 

   

(a) KNN model (b) Decision tree model (c) Random forest model 

 

Figure 4. Confusion matrix for: (a) KNN model; (b) decision tree model; (c) Random forest model 

 
The model selection is based on the highest F1-score value. Based on the calculation results, the random 

forest model provides the highest F1-score value, which is 91.22%. Therefore, the random forest model will be 

chosen for the implementation of the predictive maintenance system for fruit peeling machines. 

 

Table 3. Model evaluation performance 

 

Metrics 

Model 

KNN 
Decision 

Tree 

Random 

Forest 

Accuracy 91.41% 91.67% 92.55% 

Precision 94.45% 98.83% 97.35% 

Recall 86.01% 82.52% 85.82% 

F1-Score 90.03% 89.94% 91.22% 

 

3.5. Model Deployment  

The deployment process is the process of applying or implementing the best machine learning model into 

a system for prediction [36], [37]. The model chosen for implementation is the random forest model with an 

F1-score of 91.22%. The model is implemented into an integrated system consisting of data collection, 

processing, and prediction processes.  

Figure 5 depicts the architecture of a monitoring system that integrates Internet of Things (IoT) 

components and machine learning to enable automated data-driven decision-making. The process is divided 

into three main stages :1) Microcontroller & Sensor: At this initial stage, various sensors (such as temperature, 

vibration, or sound sensors) are interfaced with a microcontroller to acquire real-time data from the physical 

environment. The microcontroller serves as a bridge that preprocesses and transmits the data to the next stage. 
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2) Data Storage: The data transmitted from the microcontroller is stored in a centralized or cloud-based 

database. This intermediate step ensures that data is systematically archived and readily available for further 

processing and analysis. 3). Storing & Prediction: In the final stage, the stored data is analyzed using machine 

learning algorithms deployed on servers or edge devices. This step enables pattern recognition, anomaly 

detection, or predictive analytics, ultimately supporting informed decision-making. 

 

 
 

Figure 5. Monitoring system diagram [34] 

 

To obtain data as input for the model to make predictions, a tool or medium is needed to collect data. In 

this research, a NodeMCU ESP8266 microcontroller along with sensors is used. Machine data is collected every 

500 milliseconds and sent to a database. The data stored in the database must then be received or captured 

immediately to prevent it from being overwritten with new data. To receive this data, a program is created 

along with a dashboard for monitoring and supervision of the machines. The dashboard can monitor the 

machine's performance in real-time. 

The dashboard will receive every sent data, which will be used for maintenance purposes. Each sent data 

will be fed directly into the machine learning model to obtain predictions regarding the machine's condition. 

On the dashboard, you can select the machine learning prediction display for data from temperature, 

vibration, and sound sensors. The dashboard for the fruit peeling machine used to predict the machine's 

condition is shown in Figure 6(a) and Figure 6(b) related to engine failure caused by temperature. Figure 4(a) 

displays the dashboard's interface for predicting normal machine conditions, while Figure 6(b) shows the 

dashboard's interface for predicting failure machine conditions. 

 

  

(a) For normal condition (b) For failure condition 

 

Figure 6. Display of the dashboard under: (a) normal condition; (b) failure condition 

 

4. DISCUSSION 

Predictive maintenance by predicting machine conditions based on machine characteristics can be done 

using machine learning models. To predict machine conditions using machine learning, data is first collected 

from a machine that can be used to predict machine conditions. In this research, variables such as machine 

vibrations, machine temperature, and machine sound are used. Data collection is done with the help of a 

microcontroller equipped with sensors. Data is collected from machines that are operating normally and 

machines that are in a damaged condition. The collected data is then cleaned of outliers and missing values to 

prepare it for input into a model. After data cleaning, the data characteristics are studied using a series of 

graphs. The data is then fed into a machine learning model. Hyperparameter tuning is also performed to obtain 
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hyperparameters that yield the best model performance. The obtained models are then verified to determine 

their accuracy levels. The most crucial stage in predicting machine conditions using machine learning is 

deployment. The mentioned stages constitute the machine learning workflow, which consists of a series of 

steps starting from data collection, data preprocessing, model training and hyperparameter tuning, 

verification, and finally, model deployment. 

The machine learning models used in this research are K-nearest neighbor, decision tree, and random 

forest, with F1-score values of 90.03%, 89.94%, and 91.22%, respectively. The random forest model is superior 

because it constructs a number of decision trees using all available data knowledge, and through the 

predictions of each decision tree, a voting process is performed, which becomes the output of the random 

forest model. Although the decision tree model provides high accuracy, it does not use all available variables 

for prediction, which may not fully maximize the potential of the data for prediction. Additionally, decision 

tree predictions can be localized optima. The model with the best accuracy is then selected for application 

(deployment) into a system. The model is applied to a program that receives input variables such as machine 

vibration acceleration, machine temperature, and machine sound collected using a microcontroller. These 

variables serve as input for the model to make predictions. The designed program not only predicts machine 

conditions but also serves as a monitoring system for the machines. The application results show that the 

model can effectively predict machine damage as well as normal machine conditions. 

 

5. CONCLUSION 

In conclusion, this study successfully demonstrates the application of machine learning models to 

predictive maintenance by predicting machine conditions based on vibration, temperature, and sound data 

collected from machines in both normal and faulty states. Data preprocessing, including the removal of 

missing values and outliers, along with standardization, was crucial for preparing the dataset for model 

training. The study employed K-nearest neighbor, decision tree, and random forest models, with the random 

forest model achieving the highest F1-score of 91.22%, making it the optimal choice for deployment in a 

predictive maintenance system. 

The deployment process integrated the random forest model into a real-time monitoring system, using a 

NodeMCU ESP8266 microcontroller to collect data every 500 milliseconds. The model's implementation in a 

dashboard system enables real-time predictions of machine conditions, enhancing the effectiveness of 

maintenance strategies. The results indicate that machine learning models, particularly the random forest, are 

effective in predicting machine conditions, offering significant potential for improving maintenance practices 

and minimizing machine downtime. 

Further research is expected to explain the division of categories of engine damage levels (low, medium 

or severe) based on the time interval between engine damages so that the time between damages will be useful 

in predicting the remaining service life of the engine or the time when engine maintenance must be carried 

out. 
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