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Abstract. Accurate detection of faults within rotary machinery components is vital for assuring
the structural reliability of equipment in manufacturing facilities and power generation systems.

Automatic fault detection is an increasingly common approach whereby data acquired from

sensors are analyzed by machine learning algorithms to distinguish between normal and faulty
component states. Vibration signatures recorded from healthy and faulty ball bearings, taken

from the Case Western Reserve University (CWRU) 12k Drive End database, were utilized in

the present study. These vibration signatures were segmented into windows of 0.1 s duration.
Standard statistical time-domain features (root mean square, kurtosis, peak value and crest

factor) were extracted from each sample. A random forest (RF) classifier was trained on vibration

data from healthy bearings and several types of faulty bearings, partitioned into training (70% of
data) and testing (30%) sets. The RF classifier distinguished healthy from faulty bearings with

98.8% accuracy across ball, inner race, outer race and normal categories. Feature importance

analysis indicated that RMS (50% importance) and peak value (28% importance) were the
most influential contributors, together comprising about 78% of the decision making. The RF

model further recorded a recall of 1.00 for the normal baseline category, indicating that healthy

bearings were identified with zero false negatives. The results demonstrate that ensemble machine
learning, combined with statistically significant time-domain features, provides a highly accurate

and physically interpretable solution for industrial condition monitoring, serving as a foundation
for more advanced rotor-dynamic fault detection.
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1. Introduction

Rotating machinery serves as the backbone of modern industrial infrastructure in Nepal and world-
wide. Faults within bearings result in detrimental component damage and financial losses arising
from equipment repair and replacement. Traditionally, experienced maintenance technicians manu-
ally used vibration equipment to test and analyze bearing components in order to assess component
health. This process requires significant experience to diagnose accurately, especially given the in-
creasingly complicated machines used in industry. Owing to advancements in sensor technology
and rising machine complexity, machines are increasingly monitored in a fully automated fash-
ion using machine learning (ML) classification programs that diagnose operating condition from
real-time vibration signals.

The principal challenge in using machine learning for fault diagnosis is converting unstructured and
dynamic vibration time series into discernible, meaningful features. Rolling element bearings are
used to support the rotating shaft. Fault detection and characterization in rolling element bearings
occur through periodic spikes in vibration that result from the impacts the rolling elements make
upon the affected area of either the inner race, outer race or ball of the bearing. During each
revolution, if a rolling element strikes any section of the affected area, a shock-like pulse is created
that can be clearly seen in the time-domain signal, especially for larger faults. While an expert
would examine this signal to diagnose bearing defects on a spectrogram plot, a machine learning
algorithm, if trained effectively, can do the same through a variety of statistical measures derived
from the same signal, such as RMS or kurtosis [1].

The phenomenon of detecting a bearing fault is closely intertwined with rotor dynamics and the
structural condition of rotating shafts. In preceding analytical work, researchers analyzed the
effect of slant cracks in rotor shafts, specifically the coupled interaction of the axial and bend-
ing components of vibration, upon rotor shaft vibration signatures [2]. A slant crack creates a
variable “breathing” phenomenon, in turn altering the rotor shaft’s stiffness matrix. The other
major source of shaft vibration in rotating machinery is a defect in the bearing components. Lo-
calized defects create a non-linear stiffness characteristic around the bearing and therefore affect
the shaft’s response during operation [3]. Thus, to produce accurate ML models for bearing defect
classification, it is vital that the engineers creating the models have a foundational understanding
of the mechanical characteristics and vibration behaviors described above. In this regard, the
present paper builds on established foundations within mechanical engineering by extending shaft
crack analysis and demonstrating how it can be utilized in a statistical feature-based classification
system to identify defects arising in rotating shafts as a result of bearing fatigue over time.

The automated fault diagnostic pipeline established in this study is derived from data gathered by
the Case Western Reserve University (CWRU) Bearing Data Center, specifically the 12k drive-end
ball bearing data, and shows the viability of time-domain statistical features in training a random
forest classifier. Furthermore, this study uses feature importance calculation as a mechanism to
address the “black box” concern surrounding modern artificial intelligence techniques, thus linking
the output of the classifier to accepted principles of mechanical engineering that can be applied by
any maintenance technician without requiring an understanding of artificial intelligence.

The specific contributions of this paper are as follows:

• A systematic evaluation of time-domain statistical features (RMS, kurtosis, peak value
and crest factor) for multi-class bearing fault classification on the CWRU 12k drive-end
dataset.

• A feature importance analysis within the random forest framework to produce a physically
interpretable diagnostic model, bridging the “black-box” nature of artificial intelligence
with established mechanical engineering principles so that the model’s decisions are trans-
parent to maintenance engineers.
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• A demonstration of the practical viability of this approach for real-time condition mon-
itoring in resource-constrained industrial environments such as Nepal’s hydropower sec-
tor, where computationally efficient and interpretable diagnostics are prioritized over deep
learning complexity.

2. Methodology

The research follows a methodological pathway comprising four key steps: acquisition of the experi-
mental data, signal processing by partitioning the data into time segments (windowing), extraction
of relevant statistical features from those segments, and classification into fault categories using an
ensemble learning approach. The overall pipeline is summarized in Fig. 1.

Data Acquisition (CWRU 12k DE) → Windowing (1200 samples, 0.1 s) → Feature

Extraction (RMS, Kurtosis, Peak, Crest Factor) → Random Forest Classification → Fault
Label + Feature Importance

Figure 1. Proposed diagnostic pipeline for bearing faults.

2.1. Data Acquisition. The experimental data were obtained from the CWRU Bearing Data
Center database [4]. The test setup includes a 2 HP Reliance Electric motor coupled to an en-
coder/torque transducer and connected to a power meter that logs voltage and current. Vibration
data are obtained from accelerometers installed at the drive end (DE) of the motor.

Following common practice in the bearing fault detection literature, the 12,000 Hz (12 kHz) sam-
pling rate dataset was chosen for this study so that the outcomes of the methodology can be directly
compared against previous research [5]. The data collected included readings for the bearing in
normal operation (normal baseline), inner race (IR) fault, ball (BL) fault and outer race (OR)
fault. The IR, ball and OR faults are further classified as having a fault diameter of either 0.007
in or 0.014 in. Faulty bearings in these categories, all single-point faults, were induced via electro-
discharge machining (EDM). For the outer race defects specifically, faults were introduced at the
six o’clock position. For the normal baseline, multiple operating load levels were used, including
0, 1, 2 and 3 HP. The composition of the dataset is summarized in Table 1.

Table 1. Summary of the CWRU 12k Drive End Dataset and Sample Distribution

Category Fault dia. (in) Motor load (HP) RPM (approx.) Windows (samples)

Normal baseline N/A 0, 1, 2, 3 1797–1730 ∼400
Inner race fault 0.007, 0.014 0 1797 ∼200
Ball fault 0.007, 0.014 0 1797 ∼200
Outer race fault 0.007, 0.014 0 1797 ∼200

Total dataset ∼1000

2.2. Signal Preprocessing. The raw data extracted from the CWRU dataset consist of continu-
ous and complex vibration signals generated during motor rotation. Machine learning algorithms
require this time-dependent information to be presented in a more tractable form. Accordingly,
a segmentation (windowing) process was applied to transform the continuous vibration streams
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into smaller, discrete samples. The signals, acquired at sampling frequency fs, were divided into
separate samples of 1200 data points each. Given the sampling rate of 12 kHz, each sample covers
a 0.1 s interval, as expressed in (1):

Tw =
Nw

fs
=

1200

12000
= 0.1 s, (1)

where Tw is the window duration andNw is the number of samples per window. This window length
was chosen to strike a compromise between capturing sufficient data for statistical significance and
keeping computational cost low. For a motor running at approximately 1797 RPM, a 0.1 s interval
corresponds to nearly three shaft rotations, capturing rolling element impacts multiple times within
a given sample. As a result, the original limited number of .mat files was transformed into a data
bank of 10,553 labelled bearing vibration examples spanning the fault and normal classifications,
sufficient for a machine learning model to learn meaningful patterns [6].

2.3. Feature Extraction. Four key statistical features were computed from each 1200-sample, 0.1
s window. These features represent reduced dimensions that nonetheless encode crucial diagnostic
information about the health of the rolling element bearings. They were selected for their known
sensitivity to the transient, impulsive and energetic characteristics associated with the vibration
produced during component wear. The extracted features are as follows.

2.3.1. Root Mean Square. The RMS is computed as the square root of the average of the squares
of the signal, as given in (2):

xRMS =

√√√√ 1

N

N∑
i=1

x2
i , (2)

where xi is the ith sample of the window and N is the number of samples. RMS provides a
statistical measure of the magnitude, or overall vibrational energy, of the signal. Faults inherently
create shock-like impacts that increase the energetic content of the signal, making RMS a primary
indicator of defect magnitude. The increase in RMS with increasing defect size, observed here
from 0.007 in to 0.014 in, results from higher overall kinetic impact energy during rolling element
passage.

2.3.2. Kurtosis. This statistic measures the degree to which a distribution is prone to peaks, and
is defined in (3):

K =
1
N

∑N
i=1 (xi − x̄)

4[
1
N

∑N
i=1 (xi − x̄)

2
]2 , (3)

where x̄ is the mean of the window. In signal processing, kurtosis is commonly used to detect
“spikiness” indicative of shock events or impulses related to mechanical defects such as cracked
elements or surface imperfections. A perfectly Gaussian distribution has a kurtosis of 3. A bearing
in good working condition exhibits a kurtosis value close to 2.9, while defective bearings typically
exhibit higher values as a consequence of the impulsive, non-Gaussian nature of the impacts.

2.3.3. Peak Value. This feature measures the largest absolute amplitude of the signal within a
1200-sample interval, as defined in (4):

xpeak = max
1≤i≤N

|xi| . (4)

It directly captures the strongest shock pulse recorded within each observed 0.1 s portion of the
rotating shaft’s motion.
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2.3.4. Crest Factor. The crest factor is calculated as the ratio of the peak value to the RMS of the
signal, as given in (5):

CF =
xpeak

xRMS
. (5)

It is a dimensionless parameter used to identify the impulsivity or sharpness of the signal. High crest
factors can indicate localized defects such as cracks before the damage extends into a widespread
surface imperfection.

Representative values of the four extracted features for each bearing condition are presented in
Table 2.

Table 2. Extracted Statistical Features for Different Bearing Conditions

Bearing condition Fault dia. (in) RMS (g) Kurtosis Peak value Crest factor

Normal baseline N/A ∼0.07 ∼2.9 ∼0.2 ∼3.5
Inner race fault 0.007 ∼0.29 ∼5.4 ∼1.4 ∼4.9
Inner race fault 0.014 ∼0.19 ∼21.7 ∼1.6 ∼8.1
Ball fault 0.007 ∼0.13 ∼2.9 ∼0.5 ∼3.4
Ball fault 0.014 ∼0.14 ∼7.3 ∼0.8 ∼5.4
Outer race fault 0.007 ∼0.66 ∼7.6 ∼3.2 ∼4.8
Outer race fault 0.014 ∼0.10 ∼3.0 ∼0.35 ∼3.4

2.4. Classifier Configuration. Following the extraction of statistical features, the samples were
labelled according to health status: normal, inner race fault, outer race fault and ball fault. To
emulate testing under real-world industrial conditions, the finalized feature matrix was divided
into a 70% training set and a 30% test set. This separation prevents data contamination, which
could otherwise lead to exaggerated estimates of classifier accuracy [7]. A random forest classifier
was employed as the ensemble method of choice. It was selected for its resistance to overfitting, its
ability to handle feature-rich data effectively, and its capacity to compute feature importances that
aid interpretability. The forest was assembled from 100 decision trees to ensure reliable predictions.
The implementation used the scikit-learn library [8].

3. Results and Discussion

This research produced significant outcomes regarding the automated diagnosis of bearing faults
through the analysis of vibration signals and the assessment of random forest classification perfor-
mance.

3.1. Preliminary Data Visualization. Initial inspection of the time-domain signals provided
clear evidence of mechanical distress in faulty bearings, as shown in Fig. 2.

Two observations follow from Fig. 2. First, regarding the steady-state baseline, normal and healthy
bearing vibration signals are predominantly smooth, low-amplitude waveforms with amplitude
generally within ±0.2g. Second, regarding the impulsive fault signature, outer race faults (0.007
in) display distinctly patterned spikes exceeding the range of a healthy signal, reaching up to 3g.

3.2. Classification Performance. The random forest classifier exhibits strong diagnostic capa-
bility, yielding high precision and recall figures across all fault types, as reported in Table 3.

Based on the evidence presented in Table 3, the method achieved 99% average classification accu-
racy on unseen data. Notably, the model reached perfect precision (1.00) for the ball (0.007 in),
inner race (0.007 in), normal and outer race (0.007 in) categories. The corresponding confusion
matrix is presented in Fig. 3, which indicates that almost all samples were categorized correctly,
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Figure 2. Time-domain vibration signals for healthy and faulty (0.007 in) bearing conditions.

Table 3. Classification Performance Metrics for the Random Forest Model

Fault category Precision Recall F1-score Support

Normal 1.00 1.00 1.00 416
Inner race (0.007 in) 1.00 1.00 1.00 31
Inner race (0.014 in) 0.97 0.95 0.96 39
Ball (0.007 in) 1.00 1.00 1.00 27
Ball (0.014 in) 0.89 0.86 0.87 28
Outer race (0.007 in) 1.00 1.00 1.00 28
Outer race (0.014 in) 0.97 1.00 0.99 37

Accuracy 0.99 606

with the limited misclassification that did occur arising predominantly between the ball (0.014 in)
and inner race (0.014 in) categories.

Fig. 3 illustrates the nearly flawless classification performance of the random forest model for the
normal baseline and the 0.007 in faults. Importantly, not a single false negative was recorded
in which a faulty bearing was declared healthy, a critical characteristic for the industrial domain,
where false negatives often have severe repercussions for the operation of the bearing and ultimately
the machine. Confusion between the ball (0.014 in) and inner race (0.014 in) categories was
observed. As the fault diameter becomes larger, the impacts generated by a ball rolling over the
race path begin to share similar shapes in the time domain, creating confusion between these types.
Even with such minor differences between fault characteristics, the diagnostic accuracy remained
above that of typical thresholding schemes, owing to the feature selection adopted in this study.

3.3. Feature Importance and Interpretability. To understand how machine learning models
“see” faults compared with traditional mechanical engineering practice, the importance of individ-
ual statistical features within the classification was examined. The result is presented in Fig. 4.

As shown in Fig. 4, the RMS feature ranks highest and is responsible for over 50% of the model’s
predictions. According to mechanical vibration principles, the presence of a defect causes an
imbalance, which in turn leads to greater energy in the vibration signal. Following RMS, peak
value accounts for around 28% of decisions, trailed by kurtosis at approximately 15%. Kurtosis
and peak value are effective at capturing the impulsive and “spiky” vibration caused by bearing
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Figure 3. Confusion matrix of the random forest classifier on the testing set.

Figure 4. Relative importance of statistical features in the classification process.

defects. The crest factor, at approximately 7%, also indicates shock events during a fault but is
less significant than the other selected features within this particular ensemble structure.

3.4. Comparison to Traditional Rotor Dynamics. The significance of the energy-based RMS
feature and the impulse-based peak feature resembles findings in previous analytical research on
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slant cracks in shafts. Just as slant crack characteristics induce variations in rotor system stiffness
due to repetitive contact, localized faults on a race or in a ball also result in recurring impacts, which
are detected, analyzed and interpreted by the random forest model through multiple dimensionally
reduced statistical indicators present in the vibration signal. Furthermore, the 99% classification
accuracy achieved on the CWRU 12k drive-end dataset is consistent with published benchmarks for
time-domain feature-based methods. For instance, classical spectral methods have been reported
to achieve accuracies in the range of 90% to 97% on the same dataset [5], while unsupervised
feature learning approaches have demonstrated accuracies reaching approximately 98% [6].

4. Conclusion

This study develops an intelligent fault diagnosis framework for rolling element bearings based on
time-domain statistical features and the random forest classifier, leveraging data from the CWRU
12k drive-end bearing fault dataset to bridge raw vibration measurements and classified bearing
health.

The following conclusions are derived from this study. Time-domain statistical features, in partic-
ular RMS and peak value, enable reliable detection of a wide array of fault categories in mechanical
machinery, with RMS alone accounting for approximately 50% of the decisions made by the model.
The random forest model produced an average accuracy of 99% on unseen data, and the classifier
produced a recall of 1.00 for normal baseline bearings, meaning that zero false negatives were
recorded in identifying a healthy bearing. Through feature importance analysis and confusion ma-
trices, the internal workings of the machine learning algorithm are demystified; these parameters
help translate artificial intelligence, which can appear opaque or “black box” in nature, into the
familiar mechanics and engineering principles applied by maintenance personnel. Finally, window-
ing and feature selection offer a computationally efficient methodology suitable for real-time fault
detection in rotating machinery, a framework that will be beneficial to industries such as the power
sector in developing countries like Nepal.

In future work, the authors intend to employ frequency-domain features and deep learning archi-
tectures to detect and diagnose early-stage faults.
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