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Diesel engines are widely used in various sectors such as industry. Damage to diesel engines can cause production 
disruptions and significant financial losses. Diesel engine damage can be caused by excessively high engine 
temperatures (overheating) and is characterized by high exhaust emissions. This study aims to develop an expert 
system to predict diesel engine damage integrated with IoT-based temperature sensors with machine learning 
algorithms. The machine learning model developed in this study uses a hybrid artificial neural network and fuzzy 
logic. This study uses a research and development method, which is divided into 3 stages. The first stage is the 
creation of a temperature sensor-based data logger system. The second stage is the simulation of a hybrid Neural 
network-fuzzy prediction model for diesel engine damage. The third stage is the integration of the machine learning 
model into the expert system for predicting diesel engine damage. The results of the study show that the system can 
work to store and display diesel engine temperatures along with engine conditions, namely normal, medium, and 
high. The results of the simulation of diesel engine damage prediction with the ANFIS model obtained RMSE = 0.2065 
and R² = 0.9273, which indicates a high level of accuracy and generalization ability. 
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HIGHLIGHTS 

− Diesel engines are widely used in industry.
− Temperature is a crucial parameter in diesel engines.
− Applying machine learning to monitor and predict engine damage.
− Integrating machine learning into IoT for diesel engine failure prediction.

1 Introduction 

Diesel engines are widely used in various sectors such as the mining industry, power generation, and transportation 
[1-3]. Economic growth can be achieved through transportation [4-6]. Transportation is becoming increasingly 
common due to increased industrial activity. A diesel engine has several main components: the cylinder block liner 
and piston for the engine's primary performance, the injection nozzle, the oil cooler as the cooling system, the air 
horn as the air intake, and the glow plug as the preheater [7]. 

The government is targeting renewable energy use of 23% by 2025 and 31% by 2050, with biodiesel being one of 
these renewable energy sources [8-9]. Given the dwindling supplies of natural gas, diesel, and gasoline, one of the 
biggest concerns in the modern world is the energy crisis. Furthermore, environmental damage is another 
contributing factor to resource depletion and attracting attention [10]. Due to the chemical differences between 
biodiesel and diesel, higher biodiesel blending ratios will impact diesel engine emissions and performance [11-13]. 

Research related to diesel engine failure detection is becoming increasingly important with the increasing use of 
diesel engines in the industrial sector [14,15]. Diesel engine failure can be caused by excessive engine temperature 
(overheating) and is characterized by high exhaust emissions. Poor diesel engine performance leads to higher 
exhaust emissions, indicating engine failure. Furthermore, the dwindling availability of fossil fuels necessitates 
increased use of biodiesel fuel [16-20]. 

An engine failure detection system requires sensors to measure engine temperature. A data recording method, one 
based on the Internet of Things (IoT), is required. Failure of one component can cause damage to the entire diesel 
engine, resulting in a complete shutdown. A diesel engine failure detection system is crucial in industry because it 
can help improve operational efficiency and reduce maintenance costs. With an early detection system for diesel 
engine failure, engine failure can be detected before serious damage occurs, allowing for repairs. 
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This research aims to develop an intelligent system for predicting diesel engine failures using an IoT-based 
temperature sensor integrated with a machine learning algorithm. The machine learning model developed in this 
research uses a hybrid artificial neural network and fuzzy logic. 

1.1 Neural network for predicting diesel engine failure 

An Artificial Neural Network (ANN) is a computational model inspired by biological nervous systems, designed to 
learn complex and non-linear relationships between input and output data. In diesel engine systems, operating 
conditions such as combustion quality, exhaust gas emissions, and thermal behavior exhibit highly nonlinear and 
dynamic characteristics, making ANNs a suitable approach for fault prediction and condition monitoring. ANN is an 
adaptive learning system where knowledge is acquired through adjusting the synaptic weights between artificial 
neurons [21]. This learning capability allows neural networks to identify patterns and anomalies in complex datasets, 
including sensor-based measurements obtained from industrial systems. These characteristics are very important in 
diesel engines, where indicators of damage often appear gradually and cannot be captured by deterministic models. 
ANN serves as a nonlinear data-driven modeling tool capable of extracting hidden patterns from multivariate 
datasets. ANN's ability to generalize unseen data allows it to predict future system behavior based on historical 
sensor information, which is crucial for predictive maintenance strategies in diesel engine applications [22]. 

1.2 Neural network architecture for IoT-based machine monitoring 

One of the main advantages of ANNs is their ability to learn directly from data without requiring explicit mathematical 
modeling of the physical system. ANNs as nonlinear black box models capable of estimating unknown functions with 
high accuracy. This characteristic is advantageous for diesel engines, where the combustion process and component 
degradation mechanisms are difficult to model analytically. Additionally, ANNs exhibit robustness against noisy and 
incomplete data, which is a common issue in IoT-based sensing environments highlighting that neural networks 
maintain acceptable predictive performance even when sensor measurements are affected by noise or environmental 
variations [23]. This robustness enhances the reliability of the ANN-based damage prediction system implemented 
in the real-world operation of diesel engines. 
The basic architecture of an ANN consists of an input layer, one or more hidden layers, and an output layer. In an 
IoT-based diesel engine monitoring system, the input layer typically receives data from several sensors, such as 
carbon monoxide (CO), smoke or particulate concentration, and temperature sensors. This parameter reflects 
combustion efficiency and the engine's health condition. Multilayer perceptrons (MLPs) and feedforward neural 
networks are widely used for prediction and forecasting tasks due to their ability to estimate complex nonlinear 
functions [24]. Multilayer architecture provides higher modeling accuracy compared to single-layer networks, 
especially when dealing with multi-sensor inputs and nonlinear system behavior. Therefore, the MLP-based ANN 
architecture is very suitable for predicting diesel engine damage using IoT sensor data. 

1.3 Hybrid neural network – fuzzy approach 

Despite having strong learning capabilities, ANNs are often less interpretable, which limits their effectiveness in 
decision-making processes that require human understanding. To overcome these limitations, a hybrid approach that 
combines neural networks with fuzzy logic is increasingly being adopted. In such a system, the ANN is responsible 
for learning patterns and relationships from sensor data, while fuzzy logic translates numerical outputs into linguistic 
decision variables. Recent developments in neural network research are increasingly focusing on hybrid intelligent 
systems that integrate ANNs with other computational intelligence techniques [23,24]. The hybrid neural network-
fuzzy approach enhances system flexibility, improves decision interpretability, and increases robustness in uncertain 
environments. For predicting diesel engine damage, this hybrid model allows for the classification of engine condition 
into linguistic states such as normal, warning, and critical, thus supporting effective maintenance decisions.  

2 Materials and methods 

This research develops an Internet of Things (IoT)-based engine temperature monitoring system integrated with an 
Artificial Neural Network predictive model. The system is designed to monitor engine temperature in real time and 
predict temperatures for several time intervals into the future as an early warning mechanism for potential 
overheating. Temperature data acquisition was performed using temperature sensors installed on the machine and 
controlled by a Raspberry Pi as the main processing unit. Temperature data is continuously sent and recorded with 
a data acquisition interval of 1 second. The data obtained is processed then and stored as a historical database used 
for training and testing the neural network model. A neural network model is used to predict engine temperature 
based on a number of previous temperature data points (sliding window). In this study, the model utilizes the last 10 
temperature data points as input to predict the temperature at the next interval. The training process is conducted 
offline using historical data, while the prediction process is implemented in real-time on the IoT system. 
The condition of the engine is determined by comparing the predicted temperature value against the established 
temperature threshold. Machine status is classified into four main categories: cold, warming up, normal/optimal, and 
critical. If the predicted temperature approaches or exceeds the safe limit, the system will activate a critical 
mechanism in the form of visual indicators and a buzzer as an alarm. The alarm is used for the driver to immediately 
turn off the engine. 

O N
L I

 N
 E

F 
I R

 S
T

http://www.engineeringscience.rs/


Journal of Applied Engineering Science 

Vol. 24, No. 3, 2026 
www.engineeringscience.rs 

 

 
publishing 

 
Rizqi Fitri Naryanto et al. - Diesel engine damage 
prediction using IoT-based sensor-integrated 
hybrid neural network-fuzzy 

 

3 

The hardware specifications and wiring diagram for this system consist of several main components that are 
integrated with each other. The Raspberry Pi 4B is used as the data processing center, with one unit. The DS18B20 
waterproof temperature sensor is used to measure temperature with an accuracy of ±0.5°C, making it suitable for 
use in humid or wet environments. As a warning indicator, a 5V active buzzer is used, which functions as an alarm 
when certain conditions are met. To support data communication on the DS18B20 sensor, a 4.7 kΩ 1/4W resistor 
was installed as a pull-up. In this study the hardware used is shown in Table 1. 

Table 1. Hardware specification 

Component Specification Quantity Description 

Raspberry Pi 4B 1 Processor 

Temperature sensor DS18B20 Waterproof 1 Accuracy ±0.5˚C 

Buzzer Active 5V 1 Alarm 

Resistor 4.7kΩ 1/4W 1 Pull-up for DS18B20 

Cabble Male-Female 5 Connection 

Power Supply 5V 3A 1 For Raspberry Pi 

Case Optional 1 Protection 

The components are connected using five male-female jumper wires. This system is powered using a 5V 3A power 
supply specifically for Raspberry Pi to maintain stable performance. Additionally, a casing (optional) is used to protect 
the circuit from physical interference and the surrounding environment. The wiring diagram is shown in Figure 1. In 
order to immediately monitor the engine's operating temperature, a temperature sensor was installed on the diesel 
engine's cylinder head. Since the cylinder head is one of the parts most exposed to heat during combustion, the 
sensor was positioned there. Real-time temperature data from the cylinder head is utilized to identify early signs of 
overheating and possible diesel engine damage. An Internet of Things (IoT)-based system then transmits all 
measurement findings, allowing for more efficient and continuous monitoring and analysis of engine damage 
forecasts. 
Overheating can be detected in the cylinder head because this component is the part of the engine that receives 
heat directly from the combustion process in the combustion chamber. During diesel engine operation, the 
combustion temperature is first transferred to the cylinder head before being distributed to the cooling system and 
other components. As a result, when problems such as cooling system failure, excessive combustion, poor 
lubrication, or excessive engine load occur, temperature increases will be more quickly visible in the cylinder head 
area than in other engine parts. 

 
Fig. 1. System wiring diagram 

Data collection in this study was conducted with the diesel engine idling, or without additional workload. Idle 
conditions were chosen because engine speed tends to be more stable, allowing for more consistent and accurate 
temperature fluctuations. Furthermore, testing at idle conditions aims to minimize the influence of external variables 
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such as load changes and engine speed variations on temperature sensor measurements. With these stable 
operating conditions, the temperature data obtained is more representative for the analysis process and development 
of IoT-based diesel engine failure prediction models. 
The software specifications and data processing flow in this system consist of several computational modules that 
work simultaneously and are integrated. The data acquisition algorithm is used to read the actual engine temperature 
from the sensor in real-time as the main system input. The intelligent computing module is applied to generate the 
predicted value and simultaneously calculate the model's accuracy percentage to validate any deviations in the 
reading data. For historical analysis purposes, the raw data is processed into temperature statistics, which include 
daily averages and extreme values. Early anomaly detection is performed by the Trend Analysis algorithm, which 
monitors the direction of temperature gradient changes (increasing/decreasing/stable). As a safety indicator, the 
Warning System is programmed with threshold logic to trigger an alarm when critical conditions are reached. The 
entire data dynamics are presented through the temperature and prediction graphs on the user interface, while the 
system control algorithm functions to take automatic executive actions to maintain device stability. The system 
flowchart is shown in Figure 2. 

 
Fig. 2. System flowhart 

The software implementation in this system is divided into several functional modules that are integrated with each 
other. The main processing module, temperature_system.py, serves as the core of the system, integrating sensor 
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data acquisition, neural network logic processing using the MLPRegressor algorithm for prediction, and model 
performance evaluation based on the R² Score. This module also manages the alarm (buzzer) control mechanism 
and acts as a Flask and SocketIO-based backend server for real-time data transmission. On the user interface 
(frontend) side, the dashboard.html file is designed using HTML, CSS, and JavaScript with the Chart.js library to 
present temperature data visualizations in the form of dynamic graphs and provide access to system control features 
such as model retraining and shutdown. To ensure ease of deployment and operability, the system is equipped with 
the install_dependencies.sh script, which automates the creation of a virtual environment and library installation, as 
well as automotive_monitor.service, which configures systemd to automatically execute the application after booting 
(auto-start). 
The model's performance was evaluated using Mean Absolute Error (MAE), Root Mean Square Error (RMSE), 
coefficient of determination (R2) to assess the accuracy and suitability between the actual temperature and the 
predicted temperature [25]. Where 𝑥𝑥𝑥𝑥 is the true engine temperature prediction value while 𝑦𝑦𝑦𝑦 is the output of the 
proposed network at time k. MAE is shown in equation (1). Equation (1) shows MAE serves to measure the average 
absolute difference, which describes how closely the model's estimates align with the actual values without 
considering the direction of positive or negative deviations. The coefficient of determination is shown in equation (2). 

MAE =  1
𝑘𝑘
∑ |𝑥𝑥𝑥𝑥 − 𝑦𝑦𝑦𝑦| 𝑘𝑘
𝑘𝑘=1   (1) 

     𝑅𝑅2 = 1 − ∑(𝑦𝑦𝑖𝑖−𝑦𝑦𝚤𝚤�)2

∑(𝑦𝑦𝑖𝑖−𝑦𝑦�)2
    (2) 

RMSE =  �1
𝑘𝑘
∑ (𝑥𝑥𝑥𝑥 − 𝑦𝑦𝑦𝑦)2𝑘𝑘
𝑘𝑘=1    (3) 

Based on equation (2), the coefficient of determination (R2) is used to show how well the model is able to explain the 
variation of actual data against the predicted results. The R2 value is in the range of 0 to 1, where the closer it is to 
1, the better the model is considered to predict the data. Where 𝑦𝑦𝑖𝑖 is the actual data, ŷi  is the data predicted by the 
model, and y̅ is the average of the actual data. Meanwhile, RMSE on equation (3) is used to detect more extreme 
variations in error, with RMSE specifically presenting the magnitude of this deviation back in the original units of 
measurement for easier interpretation. The low scores on all three metrics indicate that the model has good 
generalization ability and a high level of precision in mapping the characteristics of diesel engine temperature. 

3 Results and discussion 

Based on the research results, the development of the hybrid ANFIS machine learning model demonstrated high 
accuracy in predicting diesel engine failure based on engine temperature conditions. The learning curve of the ANFIS 
model is shown in Figure 3. Figure 3 shows the learning curve of the Adaptive Neuro-Fuzzy Inference System 
(ANFIS) model in simulating temperature prediction of diesel engine damage. This curve illustrates the change in 
error value with the number of epochs during the training process. It can be seen that at the beginning of training 
(around the first five epochs), the error value experienced a very significant decrease, from around 0.248 to around 
0.215. 

 
Fig. 3. Learning curve of the ANFIS model 

This indicates that ANFIS is able to quickly learn the pattern of the relationship between temperature and the level 
of diesel engine damage. After around the 10th epoch, the curve shows a stable trend, indicating that the training 
process has reached convergence and there is no significant increase in model accuracy. This stability of the error 
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value also indicates that the training process is proceeding well without indications of overfitting or unusual 
fluctuations. Overall, these results indicate that ANFIS has a good ability to map the relationship between temperature 
as an input variable and engine damage as an output variable and demonstrates efficiency in the learning process. 
This model has the potential to be used as an effective temperature-based damage prediction tool in diesel engine 
monitoring systems. 

 
Fig. 4. Fuzzy membership function 

Figure 4 shows the membership function of the fuzzy logic system after the training process. The X-axis shows the 
input value (input1) mapped into several fuzzy sets with a range of 65 to 120. The Y-axis depicts the degree of 
membership with a value between 0 and 1. A value of 0 means the input is not included in the fuzzy set. A value of 
1 indicates that the input is fully included in the set. The graph displays three membership functions, namely in1mf1 
(blue) representing the “Low” category, in1mf2 (red) for “Medium,” and in1mf3 (yellow) for “High.” Each is triangular 
in shape, indicating the use of the Triangular Membership Function. Operationally, input values between 65–80 have 
the highest membership in the “Normal” category, the range of 90–95 in the “Medium Damage” category, and values 
above 110 in the “High” category. In overlapping areas, such as input 85, the value can have partial membership in 
two categories at once. Thus, this graph visualizes how each input value is mapped into a fuzzy category before 
being processed in a fuzzy logic system to support decision-making. 
Based on the ANFIS simulation results, three triangular membership functions were obtained, representing the 
engine condition categories: normal, light damage, and severe damage. In Figure 4, the input1 collection function 
shows that the low temperature range (65–85°C) is dominated by the normal category, the mid-range (80–100°C) is 
mapped to light damage, and the high temperature range (95–120°C) is categorized as severe damage. 
During the training process, ANFIS, with three fuzzy rules, 15 parameters, and 1,009 training data sets, demonstrated 
stable error convergence. The training error decreased from 0.248 in the initial epoch to 0.214 after 50 epochs, 
indicating the model successfully learned the relationship between temperature and engine condition. Evaluation on 
test data demonstrated that the model was able to classify engine conditions with reasonable accuracy. For example, 
a temperature of 65–75 °C is predicted as normal (category 0), a temperature of 85–95 °C is recorded as light 
damage (category 1), while a temperature of 100–120 °C is recognized as heavy damage (category 2). The fuzzy 
prediction results (continuous values) are also consistently close to the categorical targets, with slight variations due 
to the interpolative nature of ANFIS. The distribution of conditions in the prediction system is shown in Table 2. 

Table 2. Prediction of engine damage based on engine temperature 

Temperature (oC) Condition / Status Alarm 

30-60 Normal (Cold) OFF 

61-90 Normal (Warming Up) OFF 

91-100 Moderate (Warning) OFF 

>100 High (Critical) ON 

Overall, the model performance shows a value of RMSE of 0.2065 and R² of 0.9273, which indicates a high level of 
accuracy and generalization ability. This proves that the ANFIS approach is effective for predicting diesel engine 
damage conditions based on temperature with a combination of fuzzy logic and adaptive learning. Development of 
an expert system for engine prediction based on engine temperature conditions. The data logger system has 
successfully displayed temperature and engine condition graphic data. Both normal, medium, and high conditions. 
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Diesel engine damage prediction using an IoT-based temperature sensor-integrated hybrid neural network-fuzzy 
logic model which is monitored in real-time is shown in figure 5. 

 
Fig. 5. Temperature diesel engine monitoring neural network (1) engine temperature; (2) system accuracy; (3) 
prediction; (4) temperature statistics; (5) temperature trends; (6) warning system; (7) temperature history and 

predictions; (8) system control 

Based on figure 5 it is described as follows: 
1. Engine Temperature: This is the actual or real temperature value obtained directly by the sensor at a specific 

timestamp. This value serves as the ground truth or primary reference for validating the physical condition of 
the hardware in the field. 

2. Accuracy: Accuracy is the percentage of successful system outcomes. The smaller the difference (error) 
between the sensor temperature and the computer prediction, the higher the accuracy value (approaching 
100%). 

3. Prediction: This is the estimated temperature value generated by the algorithm based on historical data 
patterns. This value is used for comparison. 

4. Temperature Statistics: This is a numerical summary that describes the characteristics of the temperature 
data distribution within a specific period. 

5. Trend: An indicator showing the direction of temperature gradient movement over time. In this system, the 
trend is visualized with an arrow symbol. 

6. Warning System: Automatic classification logic that maps temperature values into threshold-based risk 
categories. This system generates status labels such as "COLD", "WARMING UP", and 
"CRITICAL/EMERGENCY" to provide early notification to operators or trigger safety alarms. 

7. Temperature history and predictions: A time-series visual representation that plots the Engine Temperature 
curve (actual line) and the Prediction curve (expected line) on a single coordinate plane. This graph facilitates 
visual analysis to identify data divergences, overshoots, and recovery times. 
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8. Control System: Information and data management along with system control. Figure 6. shows the warning 
system variety conditions. 

 
Fig. 6. Warning System variety condition 

This warning system uses automatic classification logic that maps machine temperature values into threshold-based 
risk categories. Based on the table, conditions are grouped into “Normal” (30-90°C) status as shown in Figures 6 A 
and 6 B, “Warning” (90-100°C) in Figure 6 C, to “Critical” (>100°C) in Figure 6 D, which will automatically trigger a 
safety alarm (Alarm ON) as an early notification of the risk of machine damage. 

 
Fig. 7. Prediction vs. actual data temperature engine diesel 

Based on the results of testing and evaluating the performance of the engine temperature prediction model using a 
neural network, relatively low error values were obtained between the actual temperature and the predicted 
temperature. The analysis results show that the Mean Absolute Percentage Error (MAPE) value is 1.91%, the Mean 
Absolute Error (MAE) is 0.71 °C, and the Root Mean Square Error (RMSE) is 1.13 °C, indicating that the predicted 
deviation from the actual conditions is within a very small tolerance. This shows that the model has good ability in 
minimizing the difference between the prediction and the actual conditions, thus significantly reducing the 
temperature estimation error rate. 
The low error value is directly proportional to the high accuracy level of the model, indicating that the patterns of 
temperature increase and stabilization of the engine can be learned and well represented by the neural network 
model. This high accuracy is also supported by the coefficient of determination (R2) value, which shows a very strong 
relationship between the actual temperature data and the predicted data. Based on the temperature prediction results 
and real-time actual data obtained, the system is able to accurately determine the engine condition status, ranging 
from cold/warming up, normal/optimal, to warning conditions. This engine status determination is done by comparing 
the predicted temperature values against the temperature thresholds that have been set in the system. Thus, 
integrating the neural network model into the IoT-based temperature monitoring system not only provides accurate 
predictions but also plays an effective role in classifying machine conditions and providing early warnings to prevent 
overheating. 
This research still has limitations because the system being developed is at the modeling stage of an IoT-based 
monitoring and alarm system. The designed system is capable of real-time temperature monitoring, but its anomaly 
detection capabilities are still limited to gradual temperature increases. In conditions of sudden temperature spikes, 
the system is not yet fully capable of providing an optimal response and anomaly identification. Therefore, further 
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development is needed to improve the system's response speed and analytical capabilities for sudden extreme 
temperature changes in diesel engines. 

4 Conclusions 

This research successfully developed an IoT-based intelligent system integrated with a hybrid artificial neural network 
and fuzzy logic model to predict diesel engine damage through real-time temperature monitoring. The system proved 
effective in acquiring data via DS18B20 sensors and classifying engine conditions into normal, medium, and high 
status based on specific thresholds. The simulation results demonstrated high accuracy and generalization capability, 
achieving an R² score of 0.9273 and an RMSE of 0.2065, which indicates precise mapping of temperature 
characteristics. Furthermore, the integration of a warning system with visual and audio alarms allows for the early 
detection of overheating, thereby enhancing operational efficiency and preventing severe engine failure. The 
implementation of more adaptive data analysis methods or artificial intelligence algorithms is necessary to enable 
the system to provide faster and more accurate alarm responses. Future research is also recommended to conduct 
tests under various engine operating conditions, such as load conditions and engine speed changes, so that the 
monitoring system's performance can be more comprehensively evaluated. 
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