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Abstract. Ensuring the reliable operation of electrical equipment is paramount
for industrial and commercial facilities. This paper presents a systematic analysis
approach to develop algorithms for comprehensive diagnostics of electrical
machinery and systems. The proposed solution integrates signal processing, multi-
criteria evaluation, and advanced data analytics to effectively identify, isolate, and
interpret potential failures. By employing real-time monitoring and fault-prediction
techniques, the algorithms provide early-warning indicators for maintenance
planning and system upgrades. Experimental results suggest that the proposed
approach can enhance both the accuracy and speed of fault diagnosis, thereby

reducing downt ime and associated operational costs.
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1. Introduction
The reliability and availability of electrical equipment significantly influence
the overall efficiency and safety of industrial operations. Traditional diagnostic

methods often rely on limited monitoring techniques or periodic offline inspections,
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which can lead to unplanned downtime and increased operational costs. In response,
the integration of systematic analysis methods—encompassing real-time data
gathering, big-data analytics, and fault prediction models—has become increasingly
crucial.

Systematic analysis entails breaking down complex systems into manageable
components and examining their interactions to uncover hidden relationships and
failure patterns. This paper focuses on designing novel algorithms that leverage
systematic analysis to provide timely and accurate fault detection and isolation in
electrical equipment. By incorporating signal processing, data fusion, and machine
learning, the proposed diagnostics framework is expected to reduce maintenance
costs, increase equipment lifespans, and ensure the continuous operation of critical
electrical systems.

2. Methodology

This section describes the structured methodology used to develop and validate
the diagnostic algorithms for electrical equipment. The methodology comprises six
core steps, each addressing a critical aspect of the diagnostic process: data
acquisition, signal processing, feature extraction, multi-criteria evaluation, algorithm

development, and system validation.

2.1 Data Collection and Preprocessing
1. Sensors and Data Acquisition

o Data Types: Voltage (V), current (1), temperature (T), and vibration (a)
readings are continuously collected from a network of strategically placed
Sensors.

o Sampling Rate Selection: A sampling rate of 10 kHz is chosen for vibration
signals to capture high-frequency fault signatures, while a lower rate (1 kHz)
suffices for current and voltage signals.

o Data Logging: Measurements are timestamped and stored in a database for

subsequent processing.
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2. Data Cleaning and Normalization
o Noise Reduction: A low-pass Butterworth filter is applied to remove high-
frequency noise, while wavelet denoising is used for more subtle, transient
anomalies.
o Normalization: To harmonize features of different scales, each signal x is

normalized using:

X T Xmin

anI‘m -

Xmax — Xmin

Outlier Detection: Extreme values exceeding three standard deviations from

the mean are flagged and treated via interpolation or removed based on domain

expertise.
Typical Data Acquisition Parameters Table 1.
Parameter | Sensor Type | Sampling | Range Purpose
Rate

Voltage (V) | Hall effect 1 kHz 0-600 V | Monitoring power
supply stability

Current (1) Hall effect 1 kHz 0-200 A | Detecting
overload/fault currents

Temperature | Thermocouple | 10 Hz -40— Thermal condition

(T) 200°C | monitoring

Vibration (a) | Accelerometer | 10 kHz +50 g Early detection of
mechanical wear

2.2 Signal Processing and Feature Extraction
1. Time-Domain Analysis
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o Statistical Features: Mean, variance, skewness, and kurtosis are
computed to capture the distribution of sensor readings over a given
time window.

o Peak Detection: Identifies abrupt changes that may signify transient
faults or mechanical impacts.

2. Frequency-Domain Analysis

o Fourier Transform: Fast Fourier Transform (FFT) is performed to
locate characteristic frequency bands associated with specific fault
types, such as bearing defects or rotor imbalances.

o Power Spectral Density (PSD): Assesses energy distribution across
different frequencies, enhancing the ability to distinguish normal
operation from incipient failures.

3. Time-Frequency Domain Analysis
o Wavelet Transform (WT): Used for non-stationary signals, providing

localized information in both time and frequency domains.

Each extracted feature is represented in a feature vector, f=[f; f,......, /], which
serves as the input to subsequent classification and fault isolation steps.

2.3 Multi-Criteria Evaluation

To capture the complexity of electrical equipment, multiple Key Performance
Indicators (KPIs) are evaluated concurrently. Let Ky Ks......, Ky, be the selected KPIs
(e.q., efficiency, harmonic distortion, component temperature, vibration level). Each

Kj is assigned a weight w; such that:

m
Zwi:l and 0<w; <1.

i=1

A composite health index H can then be derived as:

i=1
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This composite index H provides a single metric to assess equipment health,

facilitating rapid decision-making regarding maintenance and fault mitigation.

Results
The experimental evaluation was conducted under normal operation and
progressively induced fault conditions (e.g., partial short circuit, bearing wear). Key
findings include:

« Fault Detection Rate: The developed algorithm achieved a detection
rate of over 95% accuracy across multiple fault types.

«Computation Efficiency: Real-time processing was successfully
demonstrated with an average detection time of 0.5 seconds, significantly
reducing latency compared to traditional offline methods.

«Robustness to Noise: Signal preprocessing and advanced feature
extraction techniques mitigated the effects of ambient noise, maintaining
stable performance even under low signal-to-noise ratio conditions.

4. Discussion
The high fault detection accuracy and relatively low computational burden
confirm the viability of a systematic analysis approach in real-time diagnostic
environments. Several factors contributed to these positive outcomes:

1. Comprehensive Feature Extraction: By analyzing signals in
time, frequency, and time-frequency domains, the algorithm effectively
distinguishes normal operational states from anomalous ones.

2. Adaptive Multi-Criteria Evaluation: The weighted summation
of KPIs (H) offers a flexible framework for prioritizing various failure modes.
Maintenance teams can tailor the weights (w;) to their particular systems,
emphasizing critical performance indicators (e.g., temperature for

overheating-prone equipment or vibration for rotating machinery).
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3. Scalability: The methodology can be expanded to encompass
additional sensors (e.g., ultrasonic, thermal imaging) and data streams (e.qg.,
operational logs, SCADA events). This adaptability allows the system to
handle large-scale industrial installations.

4.1 Sensitivity to Model Selection

While SVM and Random Forest produced commendable results, the choice of
machine learning models significantly impacts performance. More computationally
heavy algorithms like Deep Neural Networks (DNNs) or Convolutional Neural
Networks (CNNs) could yield higher accuracy but may demand more extensive
datasets and powerful processing hardware.

4.2 Data Quality and Rare Faults

The accuracy of the diagnostic system relies heavily on representative datasets.
Rare or compound fault types may not appear frequently enough in the training data,
limiting the model's ability to generalize. Advanced data augmentation techniques or
physics-informed simulation models can help address this limitation.

4.3 Extension to Predictive Maintenance

The outlined methodology can be extended beyond fault detection and
classification. By incorporating prognostics models—such as remaining useful life
(RUL) estimation—operators can transition to a predictive maintenance strategy,
scheduling repairs and part replacements before faults evolve into catastrophic
failures.

Conclusion

This paper demonstrates that systematic analysis is a robust framework for
developing comprehensive diagnostic algorithms for electrical equipment. By
integrating advanced data acquisition, feature extraction, machine learning, and
multi-criteria evaluation, the proposed methodology shows great potential for

improving fault detection speed and accuracy. Through real-time monitoring and
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predictive analytics, system operators can realize notable reductions in maintenance

costs and unplanned downtime.

Future work will involve expanding the dataset to include more diverse fault

types and exploring deep learning approaches to further enhance diagnostic

precision. The ultimate goal is to develop a fully integrated, intelligent diagnostic

system capable of providing automated, predictive insights for complex industrial

environments.
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