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Introduction 
Industries have been increasingly using Industrial machines in various processes related to the overall 
manufacturing process, production and transportation of the goods, and automation of processes [1–25]. The 
usage of advanced machines has led to improvements with regard to productivity, efficiency of operations, quality 
of products produced, and precision of manufacturing while decreasing the manual labor and time of production. 
The list of Industrial machines includes milling machines, lathes, CNC machines, drilling machines, grinding 
machines, conveyors, hydraulic presses, and irrigation pumps. These machines are widely used in agriculture, 
automobile production, iron and steel production, construction, heavy machinery production, metallurgy, oil and 
gas production, chemical industry, aircraft production, paper mills, and others. Agriculture is one of the main 
application branches of Industrial machines. Tractors, combine harvesters, seeders, sprayers, balers and irrigation 
pumps are employed in modern agriculture for productivity improvement and decrease of human efforts. 
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Automation technologies such as robotic harvesting systems, driverless tractors, and drones are being used more 
and more frequently for precision agriculture, monitoring of crops, and for supervision of the fields [26-35]. 

Numerous mechanical and electromechanical components are part of industrial manufacturing systems, such as 
servo motors, servo drives, controllers, piston pumps, proportional valves, hydraulic systems, manifold 
assemblies, and electrohydrostatic units. Heavy equipment used in the construction sector includes excavators, 
bulldozers, cranes, loaders, graders, pavers, trenchers, and tunnel boring machines. The above machines usually 
operate under severe working conditions and can undergo wear and tear as well as suffer from unexpected 
breakdowns. The same goes for the foundry industry which uses different equipment for molding, casting, melting, 
pouring, finishing, and handling processes with the need to ensure the feasibility of their operations at all times. 

The oil and gas industry is the next one to use industrial manufacturing systems with various equipment operating 
continuously even under severe working conditions such as drilling machines, compressors, boilers, heat 
exchangers, pipes, transformers, generators, switchgears, cranes, and transportation vehicles.  Besides, chemical 
industries use technologies such as heat exchangers, centrifugal separators, hot air generators, mixers, reactors, 
and processing units. The aircraft manufacturing industry is also highly reliant on industrial manufacturing 
systems as it utilizes computer-managed machining systems to produce components like landing gears, actuators, 
turbines, structural components, motion control assemblies, and many others [36-40]. 

The proper functioning of IM is largely dependent on constant testing of a large number of operating parameters 
collected from various instruments. The instruments are responsible for recording the temperature, pressure, 
vibrations, torque, acceleration, humidity, rotational speed, displacement, and numerous other physical values. 
The temperature measuring instruments constantly take temperature readings from the various machine 
components, while the pressure measuring ones are used in hydraulic and pneumatic systems. Micromechanical 
sensors take readings of acceleration, vibrations, inclination, and movements, while the torque measuring ones 
measure the force being created during the operation of the machine [41-45]. 

In contemporary industrial maintenance practices, continuous monitoring of health conditions has become a key 
factor. The readings from the sensor devices during the machine operations can help detect all abnormal operating 
situations before the damages can take place. The received information can be sent via different industrial 
networks or wireless sensor networks to the systems responsible for processing the information. After the 
analysis of the received data, the intelligent predicting systems come into play. These systems help in the 
estimation of machine health and detection of faulty situations based on the analysis of the sensor data received. 
These predictive forms of maintenance are very useful in reducing unexpected unavailability periods of machines, 
costs connected with maintenance, along with losses in productivity of manufacturing, while at the same time 
ensuring the proper functioning of the equipment. 

Despite the existence of a number of MI-based approaches for the health monitoring, it is rather difficult to predict 
the health condition of the different IMs in a multi-fault environment because of the problems posed by the 
nonlinear behavior of the sensors used in industrial practices, the changing conditions of operation, the class 
imbalance, as well as the various types of faults. 

The main contributions of this work are summarized as follows. 
• A MI-based approach is proposed to predict the health condition of IM such as WP and MM under a multi-level 

fault environment.  
• The proposed framework integrates CTB, DCT, and NIB to develop a hybrid prediction model for health 

condition prediction.  
• The proposed model is compared with CTB, ADB, XGB, DCT, NNW, SGD, RNF, NIB, KNN, and SVM.  
• Experimental results demonstrate that the proposed method achieves superior performance in terms of CAC, 

F1, PRS, and RL for both WP and MM datasets.  
• Both 80%:20% training:testing and 5-fold cross-validation strategies are employed to validate the robustness 

of the proposed approach.  
• The proposed framework is implemented and evaluated using Python-based Jupyter Notebook 7. 
Section 2 to 8 describes related works, IM basic concepts, problem statement, methodology, results and discussion, 
statistical analysis and conclusion respectively. 
 

2. Related Works   
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Numerous authors have studied about health condition prediction of IM [1-45]. Arena et al. [1] have discussed 
about a framework to aid in the selection of the ML algorithm to be used for different predictive maintenance use 
cases. They have considered supervised as well unsupervised ML algorithms. They have compared various ML 
algorithms based on their type, advantages, limitations and application/equipment/system applicable to. Then 
based on the dataset and learning objectives, several decision variables are considered. They have applied their 
conceptual framework to two use cases and demonstrated the advantages. Arafat et al. [2] have studied about the 
use of predictive maintenance techniques for improving the accuracy of failure prediction of microgrids. 
Nowadays, microgrids are being increasingly connected to the overall power system network. Microgrids often 
utilize renewable energy sources such as solar power and wind power. This makes our electricity generation more 
sustainable. ML techniques can be used to reduce downtimes and improve safety and overall efficiency of the 
microgrid. Sherin Elkateb et al. [3] have proposed ML combined with IoT technique to predict the occurrence of 
failure in a circular knitting machine used in textile industry. Their system comprises of a customized Printed 
circuit board with a micro-controller with several sensors. They use machine speed sensor and yarn feed sensor. 
There are also several machine stop detection sensors which sense the way in which the machine stops. The data 
collected during runtime is stored in a database and analyzed using ADB. Alshboul et al. [4] have proposed a ML 
technique to proactively identify maintenance needs and reduce downtime of machines used in concrete 
production. The authors used a dataset of more than 10,000 entries for 66 machines. The dataset contained sensor 
readings like vibration, heat, ultrasonic and thermal. Thereafter seven ML algorithms are used to analyze the data 
which are Logistic regression, DCT, artificial NNW, LightGBM, XGB, CTB and RNF. 
 
Xu et al. [5] have proposed a novel health indicator model based on unsupervised learning. They have used NNW 
to predict remaining useful life of the roller bearing in rotating machinery. They have measured similarity using 
the Wasserstein distance method. Their proposed model is able to give better prediction results and avoids false 
alarms compared to similar models proposed in this field. Qin et al. [6] have proposed a supervised auto-encoder 
for predicting the degradation state of rotating machinery. Vibration sensors are used to capture the vibration 
signals in the rotating machinery. Experiments are conducted on a wind turbine gearbox bearing dataset and an 
aero propulsion simulation dataset. The proposed method is found to be superior to existing state of the art 
models. Lin et al. [7] have studied about the prediction of remaining useful life of rotating machinery. They have 
considered a CNN model that is pre-trained to recognize the various faults. After that, CNN and GRU are used to 
build the target network. A specific loss function is also used to transfer the features from source network to target 
network. An et al. [8] have discussed about the application of ML in healthcare industry. Data collected from the 
body area network is transferred to the cloud via internet. Thereafter ML algorithms like data mining, 
classification, prediction, deep learning, NNW are used to remotely monitor the patient’s health. 
 
Moshawrab et al. [9] have discussed about the use of federated learning in ML. Organizations do not want to share 
their data due to data privacy issues. Hence a way to circumvent this problem is to use federated learning. This 
technique allows the organization to share parameters rather than share their data to train a model. This allows 
the organizations to maintain data privacy as well contribute to the development of robust ML models. Feng et al. 
[10] have proposed a GA based system for predicting the health of surface wear of gear of a manufacturing system. 
The proposed scheme can predict the remaining useful life of the gearbox system. A GRU network is used for 
predicting the remaining useful life. The developed system is compared with other ML systems like CNN, LSTM 
and Deep belief networks. It is found that the developed system is superior to other systems. Yan et al. [11] have 
studied about the health state and remaining useful life of a machine. They have proposed a deep learning model 
consisting of four modules. A shared module consists of a bidirectional LSTM layer, an encoding layer and sampling 
layer. MMOE layer, HS layer and RUL layer are the other layers. The MMOE layer is built to identify different 
information, the HS layer is used to evaluate health state of the machine and RUL layer the remaining useful life of 
the machine. Soori et al. [12] have studied about the application of ML to predict the tool wear in CNC machines. 
Deep learning techniques are used to obtain tool wear data. The cutting forces in milling operation are analyzed 
using ML. Further the cutting power used in CNC machining operations is estimated using ML techniques.  
 

3. Basic Concepts on IM 
That is why industrial machines (IM) become an important part of modern manufacturing and industrial systems. 
Using those types of machines allows the companies to execute complicated, repetitive, and high-load work with 
better precision, efficiency and reliability when compared to the use of human labor. Consequently, the 
implementation of industrial machines enables increasing production capacity, decreasing labor costs, improving 
quality of products and decreasing times of manufacturing. 
 
The use of industrial machines is particularly common in industrial sectors connected with material handling, 
machining, assembly, transport and automation of processes. Such industrial machines as cranes and forklifts are 
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used for loading and transporting various materials, while machine tools such as milling machines, lathes, drilling 
machines, grinding machines and CNC machines are responsible for production of accurate units. These machines 
help to produce complex mechanical parts with the required dimensional accuracy allowing the enterprises to 
operate in various industries, especially in such sectors where there are strict requirements for quality of 
processes and products. 
 
There is a reliance on heavy industries on equipment to ensure mass production which comprises iron and steel 
production, among other processes. Automobile companies’ technologies rely on automated assembly lines that 
apply robotic devices for handling operations such as welding and inspection tasks. The mining sector utilizes 
various technologies that include excavators and dump trucks to achieve the required efficiency even in harsh 
climatic conditions. The logistics sector utilizes some technologies in the transportation of raw materials and 
products. 
 
Most equipment in the manufacturing sector operates constantly under fluctuating loads and environmental 
conditions. This is the factor that leads to a gradual malfunction of equipment and any unwanted failures. Failure 
of important parts of the equipment may lead to stopping the production process, increasing the maintenance 
costs, and putting employees at risk. Therefore, there is a need for constant health monitoring of manufacturing 
equipment. 
 

4. Problem Statement 
Industrial equipment functions in different working environments and experiences numerous fault levels due to 
its constant working cycle, wear of its components, and changes in load conditions. Accurate prediction of 
machinery status is important to avoid unexpected faults and high maintenance costs. However, it is difficult to 
create a good machine health prediction model because real industrial datasets are usually unbalanced and some 
health conditions are more represented than others, which makes most of the machine learning models biased 
towards the majority classes. To address this challenge, this work proposes a novel MI-based hybrid framework 
for predicting the health condition of industrial machinery operating in a multi-level fault environment. The 
proposed approach is designed to effectively learn from imbalanced datasets and accurately classify different 
machine health conditions. By improving the discrimination capability among majority and minority classes, the 
proposed method enhances the prediction performance in terms of CAC, F1, PRS, and RL, thereby providing a 
reliable solution for industrial health condition monitoring and predictive maintenance. 
 

5. Proposed Methodology 

In this section, initially the system model is discussed. The system model provides the abstraction of the system 
with three important components such as a hypothetical machine, ML-integrated computer system, and output of 
the prediction. Secondly, the dataset preparation step is presented. After that, the balanced splitting is explained. 
Then, the proposed fault classifier is explained. At last, the evaluation metrics are discussed. 
 
5.1 Proposed System Model 
In this model, a hypothetical machine is considered that is continuously monitored by n different sensors (S1, S2, 
….., Sn) deployed at different components of the machine. These sensors record the component readings in an 
assigned time intervals. The sensors’ readings are supplied to a ML-integrated computer system that continuously 
gathers the data, and predicts the fault-level of the machine in real-time using a pertained ML model. The sketch 
of the proposed system model is presented in Fig.  
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Fig. 1: Proposed System Model 
 
5.2 Dataset Preparation 
 
5.2.1 Dataset acquisition and balancing 
Algorithm 1 describes the acquisition of dataset. It explains how the sensor readings can be accumulated to form 
a dataset. Here, data is collected from n sensors in regular time interval. The dataset is prepared with n attributes 
(columns) and m readings (rows) using Algorithm 1. Dt is the data point accumulated in time t having all jth 
attributes i.e., Dtj is the reading at time t by jth sensor. The last attribute Dt(n+1) is the fault-level assigned to the data 
point or row Dt.  

Algorithm 1: Dataset Acquisition (S, n, F_L) 

Input: S ← {  } //Initially no data present 
           n ← Number of sensors 
           F_L ← {f1, f2, …., fk } Set of faults 
Output: Dataset D 

1. D ← {  } 
2. for t ← 1 to m  (//time) 
3.    Dt ← {  } 
4.    for j ← 1 to n + 1 (//Sensor + Label) 
5.       if (j < = n) 
6.             Dtj ← Dtj | Stj 
7.       if (j = = n + 1) 
8.             Dtj ← Dtj | F_Lt 
9. return D 

Step 2 for-loop is meant for time and Step 4 for-loop is the data accumulated in time t by n sensors with 
classification label information (fault-level) in (n+1) location. The operation ‘|’ is used in Steps 6 and 7 for 
concatenation of readings to make a row. Step 9 returns the dataset D. 
 
The dataset generated by Algorithm 1 is passed through the Algorithm 2. If the dataset is imbalanced one then it 
is balanced by Algorithm 2 otherwise the same dataset is retuned by Algorithm 2.  
 

Algorithm 2: Imbalance Data Treatment (D) 

Input: D 
Output: Balanced Dataset D 

 
1. if D is imbalanced  
2.     Apply upsampling to minority class and downsampling to majority class 
3. return D 

Algorithm 2 describes the process to convert the imbalanced dataset to balanced dataset. If the dataset is 
imbalanced, resampling method is adopted to make it a balanced one. The resampling method includes both 
upsampling and downsampling to achieve the same (Step 2).  
 
5.2.2Preparation of train and test sets 
We employ two methods: balanced hold out, and balanced k-fold cross validation for preparation of train and test 
sets. 
Balanced hold out 
• Decide a ratio of split (x:y) where x% of samples are considered for training and rest y% is used for testing. 
• Both the training and testing set contain balanced samples that means must cover all the classes with same 

number of samples. 
• Suppose the balanced dataset D contains t classes and m records then each class will contain m/t records.  
• So, x%  × |D| /t of each class is given to train set and y%  × |D| /t is given to test set. 
Balanced k-fold cross validation 
• In balanced k-fold method, each fold contains |D| /k samples and each fold has |D| /k ×m number of samples 

from each class where m is the number of classes. 
 
5.3   Proposed fault classifier 
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The proposed framework adopts a stacking-based ensemble strategy by combining CTB, DCT, and NIB as the 
primary learning models, while RNF serves as the meta-classifier for the final prediction of the health status of MM 
and WP. The overall architecture of the proposed framework is illustrated in Fig. 2. Initially, the input dataset is 
independently processed by the three base learners (CTB, DCT, and NIB), each of which generates its own 
prediction based on the learned data patterns. The outputs obtained from these base models are subsequently 
combined and supplied as input to the RNF meta-classifier. The meta-classifier integrates the complementary 
strengths of the base learners and produces the final prediction of the IM health condition. The selection of CTB, 
DCT, and NIB as the base models, together with RNF as the meta-classifier, is intended to improve the overall 
classification capability by reducing individual model limitations and enhancing predictive robustness. As a result, 
the proposed stacking framework achieves more accurate and reliable health condition prediction than the 
individual MI models considered in this study. 
 

 
Fig. 2 Proposed Stacking 

 
During the training phase, the dataset is partitioned into k equal folds for cross-validation. For each iteration, the 
CTB model is trained using k−1 folds, while the remaining fold is used for validation and prediction. This procedure 
is repeated until every fold has served once as the validation set. After completing the cross-validation process, 
the CTB model is retrained using the entire training dataset to generate predictions for the test dataset. The same 
procedure is independently performed for the DCT and NIB models. The prediction outputs obtained from these 
three base models on the training data are then combined to form a new feature set, which serves as the input to 
the RNF meta-classifier. Finally, the RNF integrates the information learned from the base models to generate the 
final prediction of the IM health condition on the test dataset, thereby improving the overall classification 
performance of the proposed stacking framework. 
The proposed stacking method works as follows. 
• Train Base Models 
Suppose there are n different base models such as MD1,MD2,…,MDn. Each model is trained on the training dataset 
DT. 
For each base model MDn, MDn can be trained using the train data to get the model parameter Pn. For a new input 
i, the the prediction from MDn can be MDn (i, Pn). 
• Generate Predictions for Meta-Model Training 
Cross-validation method can be used to generate predictions from the base models. For each data point id, the 
predictions from the base models can be obtained as MDn (id, Pn). These predictions can be collected into a new 
dataset D′. 
• Train Meta-Model 
The meta-model MM can be trained on the dataset D′. This model learns to combine the base models’ predictions 
to make the final prediction. 
• Generate Final Predictions 
For a new data point idnew, the predictions from all base models can be collected. These predictions can be 
combined using the meta-model to get the final prediction. 
 
5.4 Evaluation Metrics 
We use four evaluation metrics to measure the performance of classification models. A comparison among the 
classification models is presented based on these four metrics: classification accuracy (CAC), F1 score (F1), 
precision (PRS) and recall (RL).   
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Fig. 3:Methodology 
 

Fig. 3 describes the methodology. Here, the WP and MM dataset are processed using the MI based methods such 
as CTB, ADB, XGB, DCT, NNW, SGD, RNF, NIB,  KNN and SVM and the proposed method which is the 
hybridization/staking of  CTB, DCT and NIB to track the health status of IM using test and score (TS) mechanism. 
Here, RNF is considered as metal model for final health status prediction of IM. The proposed approach and other 
methods are compared in terms of CAC, F1, PRS and RL to predict the health codition of IM such as WP and MM. 
 

6. Results and Discussion 
The simulation of this work is carried out using Python based Jupyter Notebook 7.  This work is focused on the 
MM and WP datasets taken from the source [46, 47] and [48] respectively. The MM dataset consists of 10000 data 
points and the WP dataset consists of 10445 WP sensor data with 7, 10000 and 438 numbers of broken, normal, 
and recovering cases respectively with 52 sensors units. The results of several methods using k-fold cross 
validation (5-fold cross validation) for MM and WP datasets are mentioned in Table 1 and Table 2 respectively. 
The results of several methods using 80%:20% training: testing mechanism for MM and WP datasets are 
mentioned in Table 3 and Table 4 respectively. 
 

Table 1: Results of several methods using k-fold cross validation for MM dataset 

Model Performance Metrics (in %) 

CAC F1 PRS RL 

Proposed Method 93.8 93.7 93.8 93.7 

CTB 91.7 91.7 91.6 91.6 

ADB 88.7 88.6 88.6 88.7 

XGB 87.2 87.1 87.1 87.1 

DCT 85.3 85.2 85.3 85.2 

NNW 83.9 83.8 83.8 83.9 

SGD 81.7 81.5 81.5 81.6 
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Fig. 4 Results representation in terms of CAC for MM Dataset using k-fold cross validation 

 
Fig. 5 Results representation in terms of F1 for MM Dataset using k-fold cross validation 

 
Fig. 6 Results representation in terms of PRS for MM Dataset using k-fold cross validation 

RNF 81.2 81.1 81.1 81.1 

NIB 80.4 80.4 80.3 80.3 

KNN 79.5 79.4 79.4 79.5 

SVM 78.4 78.3 78.4 78.3 
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Fig. 7 Results representation in terms of RL for MM Dataset using k-fold cross validation 
 

Table 2: Results of several methods using k-fold cross validation for WP dataset 
 

 
Fig. 8 Results representation in terms of CAC for WP Dataset using k-fold cross validation 

Model Performance Metrics (in %) 

CAC F1 PRS RL 

Proposed Method 95.4 95.2 95.3 95.4 

CTB 93.6 93.6 93.6 93.6 

ADB 89.8 89.7 89.7 89.8 

XGB 88.4 88.3 88.3 88.2 

DCT 86.7 86.6 86.6 86.6 

NNW 84.9 84.8 84.8 84.9 

SGD 82.6 82.5 82.5 82.6 

RNF 82.4 82.3 82.3 82.4 

NIB 81.5 81.4 81.3 81.3 

KNN 80.6 80.5 80.5 80.5 

SVM 79.6 79.4 79.4 79.4 
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Fig. 9 Results representation in terms of F1 for WP Dataset using k-fold cross validation 
 

 
Fig. 10 Results representation in terms of PRS for WP Dataset using k-fold cross validation 

 

 
Fig. 11 Results representation in terms of RL for WP Dataset using k-fold cross validation 
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Table 3: Results of several methods using 80% : 20% Training:Testing for MM dataset 
 

 
Fig. 12 Results representation in terms of CAC for MM Dataset using 80%:20% training:testing 

 

 
Fig. 13 Results representation in terms of F1 for MM Dataset using 80%:20% training:testing 

Model Performance Metrics (in %) 

CAC F1 PRS RL 

Proposed Method 95.9 95.8 95.9 95.9 

CTB 94.2 94.2 94.1 94.2 

ADB 91.2 91.1 91.1 91.1 

XGB 90.8 90.8 90.7 90.8 

DCT 88.7 88.7 88.6 88.6 

NNW 87.9 87.8 87.8 87.9 

SGD 85.6 85.6 85.6 85.6 

RNF 84.3 84.3 84.2 84.3 

NIB 83.7 83.6 83.6 83.5 

KNN 82.6 82.5 82.6 82.4 

SVM 81.6 81.5 81.4 81.5 
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Fig. 14 Results representation in terms of PRS for MM Dataset using 80%:20% training:testing 

 

 
Fig. 15 Results representation in terms of RL for MM Dataset using 80%:20% training:testing 

 
Table 4: Results of several methods using 80% : 20% Training:Testing for WP dataset 

Model Performance Metrics (in %) 

CAC F1 PRS RL 

Proposed Method 97.2 97.2 97.1 97.1 

CTB 95.3 95.2 95.2 95.3 

ADB 92.4 92.4 92.3 92.4 

XGB 91.6 91.6 91.6 91.6 

DCT 90.7 90.6 90.6 90.6 
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Fig. 16 Results representation in terms of CAC for WP Dataset using 80%:20% training:testing 

 
Fig. 17 Results representation in terms of F1 for WP Dataset using 80%:20% training:testing 

 

 

NNW 89.9 89.8 89.8 89.9 

SGD 88.6 88.5 88.5 88.6 

RNF 87.3 87.3 87.2 87.3 

NIB 86.7 86.6 86.6 86.5 

KNN 85.6 85.5 85.5 85.5 

SVM 83.5 83.4 83.4 83.4 
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Fig. 18 Results representation in terms of PRS for WP Dataset using 80%:20% training:testing 

 
Fig. 19 Results representation in terms of RL for WP Dataset using 80%:20% training:testing 

From Tables 1–4 and Fig. 4 - Fig. 19, it is observed that the proposed method consistently outperforms CTB, ADB, 
XGB, DCT, NNW, SGD, RNF, NIB, KNN, and SVM for the health condition prediction of both MM and WP under 
different evaluation strategies. The exceptional performance of the method reveals its ability to accurately classify 
various health conditions while ensuring consistency in prediction results across various validation techniques. In 
terms of MM data, the proposed method utilizes both the 5-fold cross-validation and 80%:20% training:testing 
strategies to successfully predict the machine health statuses like HDF, OF, PF, RF, TWF, and NF. The method 
provides the CAC, F1, PRS, and RL values of 93.8%, 93.7%, 93.8%, and 93.7%, respectively, in the case of the 5-fold 
cross-validation strategy, while the corresponding performance values obtained through the 80%:20% 
training:testing strategy amount to 95.9%, 95.8%, 95.9%, and 95.9%, respectively. The findings demonstrate that 
the technique provides better prediction results as compared to the other models used for comparison, according 
to all evaluation parameters. 

Likewise, applying the proposed method to the WP dataset leads to the prediction of machine health conditions as 
broken, recovering, and normal. When tested using the 5-fold cross-validation method, the method attained CAC, 
F1, PRS, and RL scores of 95.4%, 95.2%, 95.3%, and 95.4%, respectively. Testing the method under the 80:20 
training:testing method resulted in scores of CAC, F1, PRS, and RL, which are  97.2%, 97.2%, 97.1% and 97.1%. 
The experimental results showed that the proposed method outperforms CTB, ADB, XGB, DCT, NNW, SGD, RNF, 
NIB, KNN, and SVM regarding classification. 
A comparison between the two evaluation methods shows that the 80:20 method has better results than the 5-
fold cross-validation method for both datasets. However, the proposed method still has high CAC, F1, PRS, and RL 
ratings in both evaluation methods, which proves its sustainability and capability for health condition assessment 
in multi-fault conditions. 
 

7. Statistical Analysis 

7.1 One-Way ANOVA Analysis 

Table 5. One-Way ANOVA for MM Dataset (k-fold Cross Validation) 

Source F-value p-value Significance 

Between Models 28235.80 <0.001 Significant 
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The one-way Analysis of Variance (ANOVA) has been applied to the results of prediction models that are developed 
for the MM dataset based on the data gotten from k-fold cross validation, and its results can be found in Table 5. 
The test results show F-value of 28235.80 which has p < 0.001 that means the differences in performance of the 
examined models are statistically significant. Therefore, the null hypothesis which states that the performance of 
the examined models is equal has been denied. The proposed method has consistently attained the highest 
performance metrics for CAC, F1, Precision, and Recall. Thus, it can be concluded that the superiority of the 
suggested method is statistically grounded and cannot be attributed to random variation. 
 

Table 6. One-Way ANOVA for WP Dataset (k-fold Cross Validation) 

Source F-value p-value Significance 

Between Models 23522.51 <0.001 Significant 

For the WP dataset, the ANOVA also demonstrates a statistically significant difference among all evaluated models 
(F = 23522.51, p < 0.001) as mentioned in Table 6. The proposed method significantly outperforms CTB, ADB, XGB, 
DCT, NNW, SGD, RNF, NIB, KNN, and SVM. Hence, the proposed approach exhibits superior predictive capability 
under k-fold cross validation. 

Table 7. One-Way ANOVA for 80:20 Train-Test Evaluation 

Dataset F-value p-value Significance 

MM Dataset 24171.49 <0.001 Significant 

WP Dataset 23199.06 <0.001 Significant 

The ANOVA results for the 80:20 train-test experiments further validate the effectiveness of the proposed method. 
Both datasets exhibit extremely high F-values with p < 0.001 as mentioned in Table 7, indicating statistically 
significant performance differences among the compared models. These findings confirm that the proposed 
method maintains its superiority irrespective of the evaluation protocol. 

7.2. Descriptive Statistics 

Table 8. Descriptive Statistics of Average Performance (%) 

Dataset Mean Standard Deviation Maximum Minimum 

MM (k-fold) 85.26 5.16 93.75 78.35 

WP (k-fold) 87.10 5.33 95.33 79.45 

MM (80:20) 88.10 4.80 95.88 81.50 

WP (80:20) 89.91 4.39 97.15 83.43 

Table 8 demonstrates the statistical measures reveal that prediction performance improves consistently from MM 
dataset to the WP dataset and from k-fold validation to 80:20 train-test evaluations. The suggested approach 
performs well with consistent average performance throughout the experimentation, while the low standard 
deviation of the proposed technique shows that the classification performance is consistent and reliable. 

7.3. Percentage Improvement Analysis 

Table 9. Improvement of Proposed Method over the Second-Best Model (CTB) 

Dataset Proposed (%) CTB (%) Improvement (%) 

MM (k-fold) 93.75 91.65 2.29 
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WP (k-fold) 95.33 93.60 1.85 

MM (80:20) 95.88 94.18 1.80 

WP (80:20) 97.15 95.25 1.99 

This technique is better than CTB by constant margin in all evaluation scenarios which is shown in Table 9. The 
improvement in the proposed approach is between 1.80% and 2.29%, which indicates that the framework 
performs better in terms of prediction accuracy while still improving its F1 score, precision, and recall. This shows 
that the approach is getting more and more reliable and generalizable in different datasets and validation 
techniques.  
 

8. Conclusion 
This work presented a MI-based approach for predicting the health condition of IM, including WP and MM, in a 
multi-level fault environment. The proposed method is based on the hybridization of CTB, DCT, and NIB, and its 
performance is evaluated against CTB, ADB, XGB, DCT, NNW, SGD, RNF, NIB, KNN, and SVM using both 5-fold cross 
validation and 80%:20% training:testing mechanisms. For the MM dataset, the proposed method achieved CAC, 
F1, PRS, and RL values of 93.8%, 93.7%, 93.8%, and 93.7%, respectively, using 5-fold cross validation, which 
further improved to 95.9%, 95.8%, 95.9%, and 95.9%, respectively, using the 80%:20% training:testing 
mechanism. Similarly, for the WP dataset, the proposed method achieved CAC, F1, PRS, and RL values of 95.4%, 
95.2%, 95.3%, and 95.4%, respectively, using 5-fold cross validation, while the corresponding values increased to 
97.2%, 97.2%, 97.1%, and 97.1%, respectively, using the 80%:20% training:testing mechanism. These results 
demonstrate the consistent superiority of the proposed method over all benchmark models across both datasets 
and evaluation strategies. The statistical analyses further validated the effectiveness and robustness of the 
proposed method. The one-way ANOVA results revealed statistically significant differences among the competing 
models for both MM and WP datasets under 5-fold cross validation (F = 28235.80 and 23522.51, respectively; p < 
0.001) as well as under the 80%:20% training:testing mechanism (F = 24171.49 and 23199.06, respectively; p < 
0.001), confirming that the observed performance improvements are statistically significant rather than due to 
random variation. Furthermore, the descriptive statistical analysis showed stable classification performance with 
mean values of 85.26%, 87.10%, 88.10%, and 89.91% for the MM (k-fold), WP (k-fold), MM (80:20), and WP 
(80:20) datasets, respectively, together with SD values ranging from 4.39 to 5.33, indicating reliable and consistent 
model performance. The percentage improvement analysis further demonstrated that the proposed method 
outperformed the second-best model (CTB) by 2.29%, 1.85%, 1.80%, and 1.99% for the MM (k-fold), WP (k-fold), 
MM (80:20), and WP (80:20) datasets, respectively, highlighting its superior predictive capability and 
generalization performance. In conclusion, the MI-based framework that has been suggested is an efficient, 
accurate, and highly reliable solution for the multi-level fault prediction and smart health condition monitoring of 
induction motors. Future research will be aimed at improving and extending the framework that has been put 
forward through the introduction of more advanced ensemble and deep learning algorithms, larger and more 
varied datasets, and real-time IIoT-enabled predictive maintenance systems. 
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