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Abstract: Squirrel-cage induction motors are widely used in industry for their durability,
simplicity, and cost-efficiency. However, frequent start-stop cycles, overloads, and aging can lead
to mechanical and electrical faults, reducing efficiency, causing unplanned downtime, and
increasing maintenance costs. Early fault detection is crucial to ensure system reliability and
prevent major failures. This study introduces a method for early rotor fault diagnosis by analyzing
the stator inrush current during motor startup. Unlike traditional steady-state approaches, this
method captures critical fault signatures at energization, enabling earlier and more accurate
detection. The approach is validated through lab experiments and dynamic simulations,
effectively identifying rotor bar asymmetries and other rotor issues. Additionally, steady-state
simulation results complement the transient analysis for a more robust predictive maintenance
strategy. A key finding is the identification of a distinct V-line in the Short-Time Fourier
Transform (STFT) of the inrush current, serving as a reliable visual indicator of rotor asymmetry.
This research is especially important for Mongolia, where motor condition monitoring is
underdeveloped. The proposed techniques can be integrated into regular maintenance to extend
motor life, reduce downtime, and improve industrial performance.

Keywords: Predictive maintenance, Transient analysis, Fault signature extraction, Dynamic
simulation.

1 Introduction

Squirrel-cage induction motors are the cornerstone of industrial operations due to their
robustness, simplicity, and cost-effectiveness [1]. They are widely deployed in mining,
processing, manufacturing, HVAC, and water pumping applications, especially in countries like
Mongolia where industrial infrastructure depends heavily on reliable rotating machinery. Despite
their rugged construction, these motors are susceptible to faults caused by frequent start-stop
cycles, mechanical wear, voltage imbalance, or thermal stress [2]. Rotor-related faults, in
particular, can lead to significant losses if not diagnosed early.

Common rotor faults include broken rotor bars, eccentricity, and cracked end rings, which often
begin subtly and worsen over time [3]. Undiagnosed faults can cause reduced efficiency,
increased vibration, unplanned outages, and eventual system failure [4]. Therefore, early and
accurate fault detection is essential for maintaining operational reliability, reducing maintenance
costs, and preventing critical failures in industrial systems.

Traditional fault detection approaches often rely on steady-state Motor Current Signature
Analysis (MCSA) or vibration monitoring, both of which have limitations. MCSA is widely used
but may not detect incipient faults under light load or noisy operating conditions [5].
Vibration-based methods are effective for mechanical fault diagnosis but require costly sensors
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and careful sensor placement [6]. These limitations necessitate the development of more
responsive and cost-effective diagnostic techniques.

Transient analysis of inrush current has emerged as a promising approach to overcome these
challenges [7][8]. When a motor starts, the initial surge of current—called inrush
current—contains rich time-frequency information that reflects the electromechanical state of the
motor, including any asymmetries in the rotor. Faults such as broken bars disturb the balance of
rotor-induced magnetic fields, leading to detectable distortions in the inrush current waveform

[9].

Advanced signal processing techniques, such as the Short-Time Fourier Transform (STFT),
Wavelet Transform (WT), and Hilbert-Huang Transform (HHT), have proven useful for
extracting fault features from non-stationary signals like inrush current [10], [11]. These
approaches enable the detection of faults at the early stages—before they become apparent during
steady-state operation.

However, the practical application of inrush current analysis is still limited in many industrial
environments due to the need for high-resolution data acquisition systems and complex
algorithms [12]. In Mongolia, where industrial motors frequently operate under harsh
environmental conditions and where access to advanced diagnostic equipment is limited,
systematic research on motor fault detection remains scarce. This study seeks to address that gap
by developing and validating a diagnostic methodology based on inrush current analysis,
specifically tailored for practical application in both advanced and resource-constrained industrial
settings. All validation was carried out at the Motor Repair Center.

2 Inrush Current in Squirrel-Cage Induction Motors: Characteristics and
Comparative Study

Inrush current, also known as starting or transient current, refers to the initial surge of current
drawn by an induction motor when it is energized. In squirrel-cage induction motors, this current
is typically 5 to 8 times higher than the rated current due to the absence of back electromotive
force (EMF) at the moment of startup. The magnitude and duration of inrush current depend on
several factors including supply voltage, motor design, rotor resistance, and loading conditions.

During startup, the motor rotor is stationary and acts as a short-circuited secondary winding of a
transformer. As a result, a large magnetizing current flows into the stator windings, producing
substantial electromagnetic torque to overcome inertia. This current gradually decays as the rotor
accelerates toward synchronous speed.

Traditionally, inrush current has been viewed as a transient phenomenon that must be minimized
or tolerated. However, in recent years, it has been increasingly recognized as a valuable signal for
fault diagnosis, especially for early detection of rotor faults such as broken rotor bars, end ring
defects, and rotor asymmetry.

Faults in the rotor circuit lead to asymmetries in the magnetic field distribution during startup,
which in turn distort the inrush current waveform. Unlike steady-state analysis, inrush current
analysis captures these anomalies in their early manifestation, often before they become visible
under normal operation. The key features that make inrush current useful for fault detection
include:

High fault sensitivity: ransient conditions magnify the effects of rotor asymmetries.
Short time window: Startup transients occur in seconds, reducing data collection time.
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Independence from load: Fault signatures remain visible even at low or no-load
operation.

Ease of measurement: Inrush current can be measured using standard current
transformers without interrupting machine operation.

Compared to other diagnostic techniques, inrush current analysis offers distinct advantages for
detecting rotor faults in squirrel-cage induction motors. Unlike steady-state MCSA, which shows
reduced effectiveness at low load, the inrush method provides reliable fault sensitivity during
no-load startup. Relative to vibration and thermal imaging approaches, it requires simpler
hardware and is less affected by external disturbances. Although Al-based methods can achieve
high diagnostic accuracy, they typically require complex implementation and extensive training
datasets. In contrast, inrush current analysis supplies rich, interpretable features directly during
motor startup.

Additionally, its short data acquisition period and non-invasive measurement make inrush current
analysis practical in both advanced and resource-constrained industrial settings. Taken together,
these strengths establish inrush current analysis as a highly sensitive, efficient, and pragmatic
diagnostic tool, particularly well-suited for early fault detection and preventive maintenance in
critical motor applications.

Versus Steady-State MCSA: Steady-state MCSA is the most widely used electrical diagnostic
method. It analyzes sidebands around the fundamental frequency caused by rotor faults. However,
its accuracy decreases at low load conditions where slip is minimal and fault components are
weak. In contrast, inrush current analysis leverages the higher slip and magnetic asymmetries at
startup, yielding stronger fault indicators even under low or no load [13].

Versus Vibration Monitoring: Vibration-based diagnostics are highly sensitive to mechanical
faults but require precision sensor placement and can be influenced by external vibrations or
structural resonance. Inrush current analysis offers an electrical alternative that is more robust in
noisy environments and simpler to implement for rotor-related issues [14].

Versus Advanced AI/ML Approaches: Artificial Intelligence (Al)-based diagnostic systems using
machine learning or deep learning provide high diagnostic accuracy but demand extensive
training data, computational resources, and system integration. Inrush current analysis can serve
as a feature extraction stage in such systems, offering interpretable inputs and reducing model
complexity [15].

3 Signal Processing Techniques for Inrush Analysis

The non-stationary nature of inrush current necessitates the use of time-frequency signal
processing tools:

Fast Fourier Transform (FFT): Good for steady-state spectral analysis but not ideal for
transients.

Short-Time Fourier Transform (STFT): Applies windowed FFT across time, enabling
tracking of frequency evolution during startup.

Wavelet Transform (WT): Provides multi-resolution analysis and excels in detecting
localized disturbances caused by faults.

Hilbert-Huang Transform (HHT): Effective for adaptive time-frequency representation
but computationally intensive.

While inrush current analysis holds great promise, certain challenges remain:
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Need for high-resolution data acquisition: Sampling rates in the range of 10-20 kHz are
often required to capture transient signatures.

Dependence on repeatable startup conditions: Variability in voltage or motor load can
introduce noise.

Interpretation complexity: Fault indicators in transients are often subtle and require expert
analysis or automated classification tools.

Future work should focus on integrating machine learning classifiers with inrush current features,
developing low-cost transient recorders, and establishing standardized startup protocols for
diagnostic consistency.

Inrush current analysis is emerging as a powerful tool for early and reliable rotor fault detection
in squirrel-cage induction motors. It addresses key limitations of steady-state techniques and
offers enhanced sensitivity, particularly under low-load or transient operating conditions. With
continued advancement in signal processing and hardware technology, it is poised to become a
key component in next-generation condition monitoring systems for industrial motors.

4 Field Measurements under Rotor Fault Conditions

Field measurements were conducted at the Baganuur coal mine, specifically targeting the cooling
fan motors of the dragline excavator model D111-10/70. The purpose of these measurements was
to validate the rotor fault diagnosis methodology under real industrial conditions, using inrush
current and electromagnetic torque analysis. The squirrel-cage induction motors assessed during
field measurements—7.5 kW, 11 kW, and 22 kW units used for cooling fan operation—are shown
in Figure 1.
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Figure 1: Diagram of measurement in field and labs

To diagnose rotor faults without dismantling the motors, a combination of non-invasive
diagnostic tools was employed:

Phase Sequence Tester (KT8030): Used to verify the correct phase sequence before
connecting diagnostic instruments. This ensured that the motors were connected properly
to the three-phase supply system. The KT8030 provides visual indicators: a green light
for correct phase order and a red light for incorrect connection.
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Infrared Thermometer (SKF T5-600/62 MAX): Used to measure the surface temperature
of motors before and during operation. This device detects infrared radiation emitted by
heated objects and converts it into visible signals, allowing early identification of
abnormal heating. Since equipment typically emits infrared radiation when its
temperature rises above zero degrees Celsius, this tool is essential for monitoring the
thermal condition of the motors. The SKF T5-600/62 MAX is particularly effective for
detecting early-stage overheating due to rotor faults.

Condition Monitoring System (SKF EXP4000): This high-precision diagnostic device
was used for non-invasive evaluation of the motors' electromagnetic torque, voltage, and
current characteristics. The EXP4000 enables full-spectrum condition monitoring based
on frequency-domain analysis of current and torque signals. It provides a comprehensive
picture of motor health by integrating parameters such as electrical load, power quality,
and dynamic torque behavior. The SKF EXP4000 is commonly used in global industry
and research for condition-based maintenance and motor diagnostics. It is portable,
durable, and can operate under low-voltage or battery-powered conditions. It is
well-suited for field use in heavy-duty environments such as mining.

The motor diagnostic measurements were carried out by connecting the diagnostic instruments in
compliance with safety protocols and proper phase sequencing. The captured data was later
analyzed to detect and classify rotor faults. Among these, STFT and WT are most commonly
applied in rotor fault diagnosis using inrush current due to their balance between computational
effort and accuracy.

The reliable operation of squirrel-cage induction motors is crucial for various industrial
applications. However, these motors are susceptible to faults, particularly in the rotor bars, which
can significantly affect motor performance and lead to unexpected downtime. To better
understand and diagnose rotor faults, controlled field measurements were conducted using motors
with varying degrees of rotor damage.

The starting point of the study involved the assessment of a motor operating under normal,
healthy conditions. The rotor of this motor, which exhibited no mechanical or electrical faults, is
shown in Figure 2. This baseline motor served as a reference to compare and analyze changes in
electrical signatures caused by rotor faults during subsequent testing phases.

Figure 2: Motor with no faults

To simulate realistic fault scenarios, rotor bar damages were mechanically introduced in the
laboratory environment. The objective was to replicate the different severities of rotor faults that
may occur due to manufacturing defects, mechanical wear, or operational stresses such as thermal
expansion and mechanical vibrations. This controlled fault induction allowed for a systematic
study of the rotor's behavior under varying fault conditions.

The rotor bar damage was created by drilling holes in the rotor bars, a method commonly used to
replicate broken bars in experimental setups. The severity of the faults was varied by increasing
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the number of drilled holes, as illustrated in Figure 3. The following levels of rotor damage were
studied:

(a) One hole: Representing a minor fault with limited impact on rotor performance.

(b) Three holes: Indicating a moderate level of damage affecting a larger section of the
rotor.

(c) Six holes: A severe fault condition causing significant degradation in rotor integrity.

(d) Eight holes: The most extreme fault scenario, simulating extensive rotor bar failure.

(a) One hole (b) Three holes

(c) Six holes (d) Eight holes
“Figure 3: Motor with rotor faults

The laboratory test of the motor was conducted according to the setup shown in Figure 4.

‘Figure 4: Experimental setup and field study
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5 Discussion and Results

Let us consider the algorithm used for analyzing the transient behavior of the motor’s
electromagnetic torque. When the rotor of an induction motor exhibits asymmetry or faults, a
characteristic "V"-shaped curve appears in the instantaneous frequency of the stator current. This
V-line the fundamental basis for diagnosing rotor asymmetry or bar faults. The shape and nature
of the V-curve are directly influenced by the motor load and electrical parameters.

The instantaneous frequency variation of the stator current is defined as:
fion®) = |f1(1 - 25)' (€3]

To obtain the V-line instantaneous frequency line, the Hilbert Transform is applied. The Hilbert
Transform is given by:

+oo
- -1, 1l x® @
HT(x(t) = y(t) = x() = 7f . dt
This can be expressed in complex form as:
x (6= x(t) + jy(®) = A" @)

Where:

AQ) = [xz(t) + yz(t)]T ¢(t) = arctan arctan %

Using only the real part, the instantaneous frequency is defined as:

1 darg(xa) 1 dp
V= T T a @
During motor startup, the motor speed becomes a function of slip frequency, which is given by:
s@®) = (QS - Q(t))/ﬂs )

Assuming the slip function is quantized in time, a vector of N slip values can be formed. This
leads to the generation of two instantaneous frequency curves.

1. The Thevenin equivalent voltage Vi, contains the theoretical frequency values
corresponding to the calculated slip:

vyl = |f, @ = 2:s[k]) ©

2. The instantaneous frequency (V-line ) calculated from the actual data, denoted as Vg is
similarly defined by taking the real part and calculating the phase:

v, [k = |f,@ = 2s[k]) )

The correlation between these two curves can be used as an indicator of rotor fault severity. The
correlation coefficient is calculated as:

, k=1.,N

, k=1.,N

_ cov (vTh,v[F) 3
Y= ®)

cou(vm,v”) ‘cov (VIF,V[F)

The covariance between V, and Vi is defined as:
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N —_— —_—
cov(up,,v,e) = 3 B Opyli] = vy )0, 11 = v, ) ©

Using these transformations, an algorithm was developed to analyze the transient V-line plot of
the motor using the Fast Fourier Transform (FFT), as illustrated in Figure 5.

‘Figure 5: Algorithm of V-line of the motor using the Fast Fourier Transform

The simulation program based on this algorithm was developed in MATLAB. Motor input
parameters were optimized in our previous studies to ensure that the simulated motor outputs
closely matched the actual parameters specified on the motor nameplate [16], [17], [18], [19],
[20], [21], [22], [23].

The V-line represents a time—frequency spectrogram generated using the Short-Time Fourier
Transform (STFT) of the inrush current signal. The color scale of the V-line indicates the signal
magnitude (amplitude or power) at each time—frequency point, expressed in decibels (dB). Red /
Dark Red indicates a high magnitude (0 to —20 dB), representing dominant frequency components
and the strongest signal energy. Yellow / Green indicates a medium magnitude (20 to —60 dB),
representing moderate activity with smaller harmonic or sideband components. Blue / Dark Blue
indicates a low magnitude (80 to —120 dB), representing weak or negligible signal energy.
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The transient stator current and V-line of a healthy squirrel cage induction motor, obtained from
dynamic simulation, are shown in Figure 6a and Figure 6b, respectively [24] and [25].
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a) Stator current
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b) V-line in the STFT
Figure 6: Dynamic simulation of a healthy motor
Laboratory-measured transient stator current and its V-line of a healthy motor are illustrated in
Figure 7a and Figure 7b, respectively [25].
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Figure 7: Healthy motor in the laboratory.
Figure 8a-b present the simulated motor’s stator current and its corresponding V-line for a motor
with a rotor bar fault. The V-line is clearly visible [25].

100

50

current, A
o

-50

-100
time, sec

a) Stator current

Lo

Tneto
b) V-line in the STFT
Figure 8: The dynamic simulation with broken rotor bar faults.
Figure 9a—e presents the V-line plots under transient conditions for motors with experimentally
induced broken-rotor-bar faults consisting of one, three, four, six, nine, and thirteen drilled holes
in the laboratory. These results validate the simulated motors with rotor-bar faults.
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Figure 9: V-line in the STFT of the experimental motor in the laboratory
From Figure 9, the X-axis (Time in seconds) represents the duration of the motor’s startup or
transient period, while the Y-axis (Frequency in Hz) indicates the frequency content of the stator
current. The color scale shows the intensity (magnitude, in dB), where red/yellow corresponds to
high magnitude and blue corresponds to low magnitude. In healthy or low-fault motors, the plots
typically exhibit a dominant supply frequency component (around the synchronous frequency)
with relatively smooth contours. As the number of broken rotor bars increases, however, sideband
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frequencies, subharmonics, and oscillations become more pronounced, reflecting higher levels of
fault severity.

The subfigures in Figure 9 are explained as follows:
a) 1-bar fault (one hole)

Only minor distortion is observed, and the V-line is not clearly visible.
The dominant component remains strong, showing limited impact on motor performance.
Early signs of rotor asymmetry appear, but they are weak.

b) 3-bar fault (three holes)

Disturbances become more evident, while the V-line is still indistinct.
Oscillatory patterns begin to emerge, indicating increased severity.
Rotor asymmetry becomes more noticeable compared to the 1-bar fault.

¢) 4-bar fault (four holes)

Sideband activity becomes stronger, and the V-line starts to appear.
The distortion pattern reflects clear mechanical and electrical asymmetry.
Fault progression is evident with higher disturbance levels.

d) 6-bar fault (six holes)

Disturbances grow, with multiple bands visible.

The V-line is now clearly identifiable.

Motor imbalance increases, and the dominant component weakens compared to early
faults.

e) 9-bar fault (nine holes)

The V-line becomes very distinct, with clear separation of fault-related components.
Disturbances spread widely, showing strong asymmetry.
Multiple oscillatory signatures indicate significant rotor damage and instability.

f) 13-bar fault (thirteen holes)

A severe fault signature is observed, with the V-line clearly visible.

Widespread distortion dominates the spectrum.

Strong asymmetry and instability indicate a critical fault condition where motor
performance is heavily degraded.

The stator current measurements during the transient operation of a pelletizer motor in an
industrial field are shown in Figure 10a, and the corresponding V-line is presented in Figure 10b.
From these results, a clear V-line appears in the STFT.
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Figure 10: Mill motor of the industry field

The results demonstrate that the V-line serves as a key diagnostic signature for detecting broken
rotor bars during motor startup. As the number of broken bars increases, the V-line becomes
progressively clearer, reflecting higher levels of rotor damage. This progression from weak or
indistinct V-lines (incipient faults) to sharp and well-defined V-lines (severe faults) provides a
reliable method for assessing rotor fault severity under transient operating conditions.

6 Conclusion

This study has demonstrated the effectiveness of inrush current analysis as a reliable and sensitive
diagnostic method for the early detection of rotor faults in squirrel-cage induction motors. By
focusing on the transient startup phase, the proposed approach captures distinct fault
signatures—such as rotor bar asymmetries and end-ring defects—that are often undetectable
through traditional steady-state analysis techniques. Advanced time-frequency signal processing
methods, including the Short-Time Fourier Transform (STFT) and Wavelet Transform (WT),
have proven instrumental in extracting these subtle fault indicators from the non-stationary inrush
current signals.

Laboratory experiments involving motors with controlled rotor bar damage, along with field
measurements conducted under harsh industrial conditions at the Baganuur coal mine, validated
the robustness and practical applicability of the method. The results confirm that inrush current
analysis not only offers higher fault sensitivity under low- or no-load conditions but also requires
simpler and more cost-effective hardware compared to vibration-based or Al-driven diagnostic
approaches. This makes it particularly well-suited for industrial environments with limited access
to advanced diagnostic tools, such as those found in Mongolia.

A key finding of the study is that the presence of rotor faults is clearly validated by the
appearance of a distinct V-line in the STFT of the motor’s inrush current. This V-line serves as a
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reliable visual indicator of rotor asymmetry, making it a powerful diagnostic signature for early
fault detection.

Furthermore, this research highlights the wvalue of transient condition monitoring in
complementing steady-state diagnostics, enabling a more comprehensive assessment of motor
health. It facilitates predictive maintenance strategies that can extend motor lifespan, reduce
unplanned downtime, and enhance overall operational efficiency.

In summary, the developed diagnostic methodology based on inrush current analysis represents a
practical, accurate, and cost-effective solution for rotor fault detection in squirrel-cage induction
motors. Its integration into routine maintenance programs has the potential to significantly
improve industrial reliability and productivity, addressing a critical gap in motor condition
monitoring both locally and globally. Future work will focus on integrating machine learning
algorithms to automate fault classification and on developing standardized protocols to further
enhance diagnostic consistency and usability.
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