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Abstract 

Electrical unbalance is a critical supply-related disturbance in three-phase induction motors, as it 
alters the electromagnetic behavior of the machine, degrades operating stability, and may adversely 
affect maintenance scheduling and production continuity in industrial environments. In this 
context, the present study proposes a compact and data-driven framework for the multi-class 
severity classification of electrical unbalance in variable-speed induction motors using low-
dimensional Motor Current Signature Analysis (MCSA) features. A dedicated experimental dataset 
was established from one healthy operating condition and five unbalance severity levels (U60%, 
U70%, U80%, U90%, and U110%) acquired at multiple rotational speeds. Three-phase currents 
and voltages, neutral voltage, and rotational speed were synchronously recorded at 10 kHz over 5 
s, and each acquisition was segmented into eight non-overlapping windows to generate supervised 
learning samples. Six physically interpretable indicators were extracted from each window in order 
to characterize negative-sequence effects, spectral distortion, and neutral-voltage behavior induced 
by electrical unbalance. The diagnostic capability of the resulting feature space was then assessed 
using three supervised classification models, namely a Deep Neural Network (DNN), k-Nearest 
Neighbors (kNN), and AdaBoost.M2. In addition to the baseline evaluation performed with the 
complete feature set, a systematic feature-number ablation study was carried out to quantify the 
effect of input dimensionality on classification performance. The results demonstrate that the 
proposed descriptors provide strong class separability across variable-speed operating conditions. 
In particular, kNN achieved perfect discrimination using only two features, whereas the DNN 
reached perfect performance with four features, thereby highlighting the partial redundancy of the 
extracted indicators. Overall, the findings confirm that accurate multi-class severity diagnosis of 
electrical unbalance can be achieved using a compact and physically meaningful MCSA 
representation, making the proposed approach attractive for real-time condition monitoring and 
predictive maintenance of induction-motor-driven industrial systems. 
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1. Introduction 

Three-phase induction motors are the most widely used electromechanical energy-conversion devices in 

industrial applications due to their simple construction, mechanical robustness, satisfactory efficiency, and 

favorable cost–performance ratio [1–3]. They are extensively employed in manufacturing systems, 

pumping installations, transportation infrastructure, ventilation units, and energy-conversion processes. 

Despite their inherent reliability, induction motors are continuously subjected to electrical, thermal, and 

mechanical stresses during operation, which progressively degrade winding insulation, magnetic circuits, 

and rotating components. Long-term industrial surveys and failure analyses have identified electric motors 

as a major contributor to unplanned maintenance activities and production interruptions, accounting for 

approximately 35–45% of total maintenance interventions, with unexpected shutdowns potentially 

increasing operational expenditures by 15–20% annually [4–6]. These observations highlight the necessity 

for effective condition-monitoring and fault-diagnosis strategies. Recent large-scale reviews have further 

confirmed that early-stage electrical fault detection significantly reduces downtime and maintenance costs, 

particularly when non-invasive current-based techniques are employed [7–10]. 

Among the different failure modes affecting induction motors, electrical and electromechanical faults 

represent a significant proportion of reported incidents. Stator winding inter-turn short circuits, broken rotor 

bars, air-gap eccentricity, insulation degradation, and supply-voltage unbalance are particularly critical 

because they directly alter the electromagnetic behavior of the machine and may accelerate thermal aging 

processes [5, 11]. Dash and Subudhi [12] demonstrated that neuro-fuzzy techniques (ANFIS) can enhance 

detection of stator inter-turn faults. Maraaba et al. [13] confirmed that stator current analysis provides 

reliable information for diagnosing winding faults under varying operating conditions. Liu et al. [14] 

experimentally showed that characteristic current components can effectively distinguish inter-turn short 

circuits under variable load, reinforcing the relevance of current-based diagnostics. 

In real industrial environments, induction motors often operate under complex conditions where multiple 

fault mechanisms may coexist. Electrical faults may appear simultaneously with mechanical anomalies 

such as rotor asymmetry or eccentricity, leading to overlapping fault signatures and increased diagnostic 

complexity. To address this challenge, several studies have investigated time–frequency and multi-

resolution signal-processing techniques. Menshawy et al. [5] reported that discrete wavelet transforms 

combined with adaptive neuro-fuzzy inference systems improves detection of broken rotor bar faults under 

variable load conditions. Cherif et al. [15] demonstrated that wavelet-based feature extraction combined 

with neural networks enhances stator fault discrimination compared with conventional spectral methods. 

Allal et al. [16] proposed an advanced residual mapping approach for improved sensitivity and severity 

estimation of stator faults under real operating conditions. 



Stator current monitoring has therefore emerged as one of the most attractive non-invasive approaches for 

induction motor condition monitoring, as it avoids additional sensors and mechanical modifications. 

Classical diagnostic techniques based on Motor Current Signature Analysis and Fourier-based spectral 

analysis have been widely used to detect rotor bar defects and eccentricity-related harmonics [17–19]. 

Bellini et al. [17] provided a quantitative evaluation of broken rotor bar severity using electrical signature 

analysis, while Filippetti et al. [18] demonstrated the effectiveness of artificial intelligence techniques in 

enhancing diagnostic reliability. Nevertheless, conventional spectral methods may exhibit limitations under 

variable-speed operation and in the presence of non-stationary disturbances. 

To overcome these limitations, adaptive signal-processing methods such as Empirical Mode Decomposition 

(EMD) have been introduced for induction motor fault diagnosis. Niu et al. [20] proposed a framework 

combining EMD with cyclostationary analysis and sparse representation, achieving improved fault 

characterization under varying operating conditions. Lin et al. [21] applied EMD and Hilbert modulus 

spectrum to air-gap eccentricity diagnosis, demonstrating enhanced fault-feature localization. Arifin et al. 

[22]  further confirmed the relevance of EMD-based techniques for extracting characteristics associated 

with broken rotor bars. Chen et al. [23] showed that combining adaptive decomposition with digital-twin-

based residual analysis improves early fault sensitivity under parameter uncertainties. 

The integration of Artificial Intelligence techniques has further advanced induction motor fault diagnosis 

by enabling nonlinear pattern recognition and automated decision-making. Fuzzy logic and neural-network-

based approaches have been successfully applied to stator and rotor fault diagnosis using current-based 

features [24–26]. Cleber et al. [27] demonstrated the applicability of fuzzy logic systems for broken rotor 

bar detection. More recent studies have explored deep-learning-based solutions: Susanta et al. [28] proposed 

a wavelet-kernel convolutional neural network for stator inter-turn fault identification, Turker [29] 

investigated convolutional neural networks for broken rotor bar detection, and Emanuele et al. [30] 

introduced an unsupervised deep autoencoder framework for electric motor fault detection. Kawady et al.  

[31] confirmed that ensemble AI models can effectively diagnose stator and rotor faults using stator current 

signals. 

Within this scientific and industrial context, the present study proposes an experimental data-driven 

framework for the multi-class severity classification of electrical unbalance in variable-speed three-phase 

induction motors using low-dimensional Motor Current Signature Analysis (MCSA) features. The 

methodology is developed from a controlled laboratory test bench with synchronized acquisition of three-

phase currents, three-phase voltages, neutral voltage, and rotational speed under healthy and multiple 

unbalance severity conditions. A compact set of six physically interpretable indicators, related to negative-

sequence unbalance, spectral distortion, and neutral-voltage behavior, is extracted and used to train and 



compare three supervised classifiers, namely Deep Neural Networks (DNN), k-Nearest Neighbors (kNN), 

and AdaBoost.M2. In addition, a feature-number ablation analysis is conducted to identify the minimum 

subset of descriptors required to preserve reliable diagnostic performance under variable-speed operation. 

Unlike broader fault-diagnosis approaches relying on complex multi-stage signal-processing pipelines, the 

present work intentionally focuses on a low-dimensional and interpretable MCSA representation suitable 

for accurate and computationally efficient severity diagnosis. From an industrial perspective, the early 

identification of electrical unbalance is essential not only for fault monitoring, but also for reducing 

unplanned downtime, improving maintenance scheduling, preserving equipment availability, and 

supporting production continuity in induction-motor-driven manufacturing systems. In this sense, the 

proposed framework contributes to predictive maintenance and real-time condition monitoring in line with 

Industry 4.0 requirements. 

2. Materials and Methods 

A custom-designed test bench was used to conduct an extensive experimental operation. The setup was 

carefully designed and calibrated to guarantee the collection of high-fidelity data under tightly regulated 

operating conditions, enabling a trustworthy assessment of the model's prediction skills. 

A 1.1-kW three-phase squirrel cage induction machine made by "FIMET," with 22 rotor bars, two pole 

pairs, and an accessible neutral point, was the apparatus being tested.   A magnetic powder brake was used 

to apply mechanical loading, allowing for accurate torque and speed control and repeatable experimental 

conditions in a variety of steady-state and transient regimes. 

The integration of a high-performance data gathering and signal processing system intended for real-time 

operation was a crucial component of the experimental setup, as shown in Figure 1. The dSPACE DS1104 

control and acquisition board, which directly connects with voltage and current sensors and a rotary 

encoder, is the central component of this architecture.    Four LV 25-P voltage sensors and three LA 25-NP 

current sensors, each with a sensitivity of 25 mV/V, an accuracy of 0.9%, and a bandwidth of 100 k Hz, 

were used to obtain the voltage and current readings. 

Experimental tests were performed across various operating speeds. The rotor speed was measured utilizing 

an OptoPulse EIL580-SC Speed Encoder, capable of delivering up to 5000 pulses per revolution with an 

accuracy of ±0.01% and a bandwidth of 300 kHz. These specifications guaranteed accurate high-resolution 

speed tracking and ensured precise synchronization throughout the signal acquisition process. 

This setup facilitates the concurrent and synchronized acquisition of electrical parameters, such as three-

phase voltages, line currents, and neutral point displacement, alongside mechanical variables like shaft 



speed and vibration levels. The system integrates smoothly with a host computer through 

MATLAB/Simulink and Control-desk platforms, enabling real-time signal observation, dynamic parameter 

adjustment, and organized data recording throughout the experimental process. 

 

Figure 1. Experimental test bench used for induction motor current acquisition. 

2.1. Visualization of unbalance signatures across speed and severity 

The influence of rotor unbalance on the electrical response is first illustrated through time-domain and 

geometric representations, reported in Figs. 2 (a)-(c). These visualizations are provided to (i) verify that the 

acquired dataset exhibits coherent, fault-dependent signal variations under steady-state conditions, and (ii) 

support the interpretation of the diagnostic features introduced in the subsequent sections. All plots are 

generated after removing the initial transient interval [0, 0.5] s, and the displayed time window is restricted 

to 0–0.25 s to ensure a homogeneous visual comparison across operating points. 

Figure 2 reports the phase current overlays {݅௔(ݐ), ݅௕(ݐ), ݅௖(ݐ)}for three representative speeds. For each 

speed, the three subplots correspond to the three phases, while the curves within each subplot are 

superimposed for the Healthy case and for all unbalance levels. This representation highlights that the 

current waveforms are not only speed-dependent but also progressively affected by fault severity. In 

particular, as the unbalance level increases, the waveforms exhibit increasingly visible departures from the 

nominal balanced pattern, including amplitude redistribution among phases and waveform deformation. 

Such variations are consistent with the physical expectation that unbalance introduces additional periodic 

components and asymmetry in the electromechanical system, which are ultimately reflected in the stator 



currents. The systematic nature of these changes across the three speeds indicates that the current signals 

contain reproducible information suitable for subsequent condition discrimination. 

  

  

Figure 2. Phase current overlays across unbalance levels at three rotational speeds (Trial 1). 

To provide a geometric interpretation of the three-phase behavior, Fig. 3 (a)–(c) depicts the Clarke ߚ–ߙ 

trajectories for the same three speeds. The transformation is defined as 

(ݐ)ߙ = 23 (݅௔(ݐ) − 12 ݅௕(ݐ) − 12 ݅௖(ݐ)) , (ݐ)ߚ = 23 (√32 ) (݅௕(ݐ) − ݅௖(ݐ)),                (1) 



which maps the three-phase set into an orthogonal stationary frame. In the Healthy condition, the trajectory 

forms a comparatively regular closed locus, whereas increasing unbalance levels yield progressive 

trajectory deformation, anisotropy, and spreading. These geometrical changes are clearly observable across 

all speeds in Figure 3, indicating that the Clarke plane representation amplifies asymmetry effects that may 

be less evident in individual phase waveforms. This observation motivates the use of unbalance-sensitive 

indicators derived from orthogonal components (or from their spectral content) in the proposed diagnostic 

framework. 

.  

 

Figure 3. Clarke ߚ–ߙ current trajectories across unbalance levels for three speeds (Trial 1). 



The effect of fault severity is further emphasized by the neutral voltage overlays shown in Fig. 4 (a)–(c) for 

1400, 1460, and 1490 rpm, respectively. Compared with phase currents, the neutral voltage ݒ௡(ݐ)is 

particularly sensitive to deviations from three-phase symmetry; consequently, it provides a compact 

indicator of imbalance-induced asymmetry. As illustrated in Figure 4, the increase in unbalance severity is 

associated with a clear growth of waveform distortion and amplitude excursions, while the overall 

waveform morphology remains speed-dependent. Importantly, the adoption of identical time limits and 

consistent scaling across subpanels allows a direct visual appraisal of how the same fault level manifests 

differently as speed changes, supporting the need for speed-aware evaluation. 

 

Figure 4. Neutral voltage ݒ௡(ݐ)overlays across unbalance levels at three rotational speeds (Trial 1). 

  



2. MCSA-based feature extraction  

To quantify the signatures induced by voltage/current unbalance, we adopted Motor Current 

Signature Analysis (MCSA). Feature extraction is performed from the stator currents (and 

optionally voltage) using frequency-domain and sequence-component representations commonly 

employed in recent fault diagnosis literature. 

3.1. Clarke/Park transformation and sequence-related indicators 

First, three-phase currents are transformed into stationary orthogonal components via Clarke 

transform: 

݅ఈ(ݐ) = 23 (݅௔(ݐ) − 12 ݅௕(ݐ) − 12 ݅௖(ݐ)) ,
݅ఉ(ݐ) = 23 (√32 ݅௕(ݐ) − √32 ݅௖(ݐ)) .                          (2) 

A complex current vector can be defined as 

(ݐ)݅‾ = ݅ఈ(ݐ) + ݆ ݅ఉ(ݐ)                                                          (3) 

In addition, voltage unbalance severity can be described using symmetrical components. Let ‾ܸ1 

and ‾ܸ2 be the positive- and negative-sequence voltage phasors, then the Voltage Unbalance Factor 

(VUF) is: 

VUF(%) = 100 × ∣ ‾ܸ2 ∣∣ ‾ܸ1 ∣                                                      (4) 

 

Similarly, the Current Unbalance Factor (IUF) is: 

IUF(%) = 100 × ∣ 2‾ܫ ∣∣ 1‾ܫ ∣                                                        (5) 

These indicators are widely used to characterize unbalance conditions. 

 

 



3.2. Harmonic distortion feature 

To capture spectral distortion, we compute the Total Harmonic Distortion of a representative 

current magnitude (or of the ߚߙcurrent vector). A generic THD definition is: 

THDூ(%) = 100 × √∑ 1ܫℎ2ுℎ=2ܫ                                 (6) 

where 1ܫis the fundamental RMS component and ܫℎare harmonic RMS components up to order ܪ. 

3.3. Time-domain RMS indicator 

Since neutral voltage is sensitive to asymmetry and unbalance, we also compute a neutral-voltage 

energy measure such as: 

RMS௏೙ = √1ܰ ∑ ௡ேݒ
௡=1 [݊]2                                         (7) 

3.4 Park-vector / spectral ratio indicator 

A compact unbalance descriptor can be formed by comparing energy around frequency 

components associated with negative sequence or characteristic sidebands. In this work, we used 

a ratio-type feature such as: 

Park2fratio = ௙ܧ2௙ܧ                                                   (8) 

where ܧ௙and 2ܧ௙denote spectral energy in narrow bands around ݂and 2݂extracted from the 

Park/Clarke-domain current representation (band integration in the power spectrum). 

3. Dataset organization and sample definition 

The experimental dataset was acquired under one healthy reference state and multiple electrical 

unbalance severity levels. Each experimental trial corresponds to a single operating point defined 

by (severity level × speed setpoint × repetition). Trials include synchronized measurements of 

three-phase currents ݅௔(ݐ), ݅௕(ݐ), ݅௖(ݐ), three-phase voltages ݒ௔(ݐ), ,(ݐ)௕ݒ ܶ Signals were recorded for .(and vibration, when available)(ݐ)and motor speed ߱௠ ,(ݐ)௡ݒ neutral voltage ,(ݐ)௖ݒ = 5s 

with sampling frequency ௦݂ = 10kHz, yielding ܰ = ܶ ௦݂ + 1 samples per channel. 



To increase the number of learning samples and promote local quasi-stationarity of spectral 

descriptors, each trial is segmented into ܹ = 8 non-overlapping windows. The window length is 

therefore: 

௪ܶ = ܹܶ = 0.625 s, ܰ௪ = ௪ܶ ௦݂ ≈ 6250 samples                    (9) 

A single window constitutes one observation for ML: (ܠ௜,௪, ,(௜ݕ ݓ ∈ {1, … , ܹ}                                                              (10) 

 

where ܠ௜,௪ is the feature vector extracted from window ݓof trial ݅, and the label ݕ௜ is inherited by 

all windows from that trial. The final multi-class label set is: ࣝ = {Healthy,U60%,U70%,U80%,U90%,U110%}           (11) 

4.1. Feature extraction  

Each window is mapped to a compact vector of MCSA-related features commonly used for 

unbalance detection. The complete feature set used in this study contains up to six variables (the 

paper can report the final selection used in experiments): ࢞ = ௏೙ܵܯܴ] , ,ோெௌܨܷܥ ூܦܪܶ , 2݇ݎܽܲ ௥݂௔௧௜௢ , ,ܨܷܫ  (12)          [ܨܷܸ

All features are computed per window, producing a supervised dataset matrix ܆ ∈ ℝெ×ௗ, with ܯ 

windows and ݀ the number of selected features. 

4.2. Preprocessing and standardization 

Because the extracted features have different physical units and magnitudes, a standardization step 

is applied prior to training. Let ݔ௜,௞ be the ݇-th feature of sample ݅. Standardization is performed 

using the mean and standard deviation computed only on the training set: 

௜,௞ݔ̃ = ௜,௞ݔ − ௞ߪ௞ߤ                                              (13) 



The same ߤ௞ and ߪ௞ are then applied to validation and test sets. This is critical for (i) distance-

based models such as kNN, and (ii) gradient-based optimization in neural networks. Constant 

features (zero variance) are handled by enforcing ߪ௞ = 1 to avoid numerical instability. 

4.3. Data splitting strategy 

The dataset is partitioned into training, validation, and test subsets using a fixed random seed for 

reproducibility. A typical split used in this work is 70% training / 10% validation / 20% test (or 

70/20/10 depending on the experiment) [32, 33]. Importantly, splitting is performed at the trial 

level so that each trial and its windows belong exclusively to one subset. 

The validation set is used for hyperparameter selection and early stopping, while the test set is 

reserved exclusively for the final reporting of performance metrics. 

4. Classification models 

5.1. Deep Neural Network (DNN) 

A deep feedforward neural network (multilayer perceptron) is used to learn a nonlinear mapping 

from the standardized feature vector ̃ܠ to class posterior probabilities [34, 35]. For ܮ hidden layers, 

the network computes: (1)ܐ = ܠ̃(1)܅)߶ + ,((1)܊ (௟)ܐ = ߶ (1−݈)ܐ(௟)܅) +  (14)            ((௟)܊

followed by an output layer: ܢ = (௅)ܐ(1+ܮ)܅ +  (15)                                                               (1+ܮ)܊

Class probabilities are obtained via softmax: 

)݌ ݕ = ܿ ∣∣ ܠ̃ ) = exp(ݖ௖)∑ exp (௞∈ࣝ  ௞)                                                      (16)ݖ

Prediction is: ̂ݕ = arg max ࣝ∋௖݌ ( ݕ = ܿ ∣∣ ܠ̃ )                                                             (17) 

Training objective and optimization 

The DNN is trained by minimizing multi-class cross-entropy: 



ℒ(ߠ) = − 1ܰ ∑ ∑ ૤(௖∈ࣝ
ே

௜=1 ௜ݕ = ܿ)log ݕ)݌ = ܿ ∣  ௜)                 (18)ܠ̃

using backpropagation and gradient-based optimization. A validation set is used to monitor 

generalization and avoid overfitting via early stopping. In practice, the architecture (number of 

layers and units) is selected to balance expressiveness and stability given the dataset size. 

5.2. AdaBoost.M2 (Multi-class Boosting Ensemble) 

AdaBoost.M2 is a stage-wise ensemble learning method designed for multi-class classification, 

where a strong classifier is built by combining a sequence of weak learners [36]. Unlike bagging-

based ensembles, boosting is sequential: each new learner is trained to correct the mistakes of the 

previously trained learners by increasing the importance (weights) of difficult samples. This 

mechanism is particularly well suited for fault severity diagnosis, where misclassifications often 

occur between adjacent unbalance levels (e.g., U70% vs. U80%) and where speed variations can 

create overlapping feature distributions. 

In the multi-class setting, AdaBoost.M2 maintains an adaptive distribution that penalizes samples 

that are repeatedly misclassified and, more generally, samples whose correct class is not 

sufficiently separated from competing classes. Consequently, subsequent learners focus on the 

most ambiguous observations, leading to improved class discrimination and often stronger macro-

averaged performance. 

Weak learners and model capacity control. In this study, each weak learner ht is a shallow decision 

tree trained under the current sample weights. Trees are used because they naturally model 

threshold-based relations in diagnostic features (e.g., unbalance factors, THD, spectral ratios). 

Importantly, weak learners are constrained in complexity (e.g., limited number of splits and 

minimum leaf size) to preserve the weak-learning regime and reduce overfitting. 

After ܶ boosting rounds, the final ensemble decision is obtained via a weighted vote: 

(ݔ̃)ܨ = arg ௖∈஼ݔܽ݉ ∑ ௧்ߙ
௧=1  ૚ (ℎ௧(̃ݔ) = ܿ)                                               (19) 

 



where ܶ is the number of boosting iterations and ߙ௧ > 0 is the contribution weight of learner ݐ, 

typically increasing when the weighted classification quality of ℎ௧ is higher. The weights ߙ௧ are 

derived from a multi-class boosting loss (pseudo-loss), ensuring that learners performing better 

than random guessing receive more influence in the final classifier. 

5.3. k-Nearest Neighbors (kNN) 

kNN is a non-parametric classifier that performs classification based on local neighborhood 

structure in the feature space. It is particularly useful as a baseline for engineered diagnostic 

features, because strong performance indicates that the extracted features yield naturally separable 

clusters between operating conditions (healthy vs. unbalance severities)[37]. 

Given a standardized test vector ̃ݔ, kNN computes the distance to all training samples. Using 

Euclidean distance: ݀(̃ݔ, (௜ݔ̃ =∥ ݔ̃ − ௜ݔ̃ ∥2                                                                            (20) 

the ݇ closest training samples define the neighborhood ௞ܰ(̃ݔ). 

The predicted class is obtained by majority voting: 

ݕ̂ = arg ݉ܽݔ௖∈஼ ∑ ૚(௜∈ேೖ(௫̃) ௜ݕ = ܿ)                                                    (21) 

Optionally, to increase robustness to borderline samples, a distance-weighted voting scheme can 

be used: ̂ݕ = arg ௖∈஼ݔܽ݉ ∑ ௜௜∈ேೖ(௫̃)ݓ  ૚(ݕ௜ = ܿ) , ௜ݓ = ,ݔ̃)1݀ (௜ݔ̃ + ߳           (22) 

where ߳ is a small constant to avoid division by zero. 

 

5. Model evaluation and statistical reporting 

Confusion matrix analysis 

A confusion matrix ۻ ∈ ℕ௄×௄ is computed for each classifier. The element ܯ௜௝ counts samples 

from true class ݅ predicted as class ݆. This analysis reveals where confusion occurs (commonly 

between neighboring severity levels). 



Accuracy 

Acc = 1ܰ ∑ ૤(ே
௜=1 ௜ݕ̂ =  ௜)                                                              (23)ݕ

Precision, recall and Macro-F1 

For each class ܿ: 

Prec௖ = ܶ ௖ܲܶ ௖ܲ + ܨ ௖ܲ , Rec௖ = ܶ ௖ܲܶ ௖ܲ + ܨ ௖ܰ                              (24) 

The class-wise F1 is: 

F1௖ = 2 Prec௖  Rec௖Prec௖ + Rec௖                                                              (25) 

and the macro-average is: 

F1௠௔௖௥௢ = ܭ1 ∑ F1௖௄
௖=1                                                            (26) 

Macro-F1 is reported because it treats all severity levels equally and is robust to class imbalance. 

One-vs-rest ROC and Macro-AUC 

For each class ܿ, a one-vs-rest ROC curve is derived from model scores ݏ௖(̃ܠ). The AUC is 

computed per class and averaged: 

AUC௠௔௖௥௢ = ܭ1 ∑ AUC௖௄
௖=1                                                     (27) 

This provides a threshold-independent measure of separability. 

6. Results and discussion  
7.1.Statistical Characterization of the Extracted MCSA Features 

Table 1 reports the mean ± standard deviation of the extracted MCSA-related features, computed 

at the window level and then aggregated over all speeds and repetitions. The Healthy condition 

exhibits consistently low values for all unbalance-sensitive indicators, whereas faulty conditions 

show clear increases, confirming the relevance of the proposed feature set for severity 

discrimination. 



Figure 5 illustrates the class-wise distributions of the six extracted MCSA-related features using 

boxplots. Each box represents the interquartile range (IQR), the central line indicates the median, 

whiskers extend to 1.5×IQR, and isolated points correspond to outliers. The distributions are 

computed from all windowed samples and aggregated over the different operating speeds and 

repetitions. 

Table 1. Statistical Analysis of Low-Dimensional MCSA Features Across Variable Rotational 

Speeds and Unbalance Severities. 

Severity Level VUF (%) IUF (%) Park2f Ratio THDIvec (%) CUFRMS RMSVn (V) 

Rotational Speed: n=1400 rpm 
      

    Healthy  0.0088±0.0002 0.0296±0.0017 0.0390±0.0020 11.74±0.63 1.0234±0.0030 11.96±0.01 

    U60% 0.1618±0.0001 1.5297±0.0138 0.5973±0.0036 320.56±40.19 4.0245±0.0742 27.47±0.03 

    U70% 0.0996±0.0002 0.4877±0.0031 0.4856±0.0027 155.68±3.69 2.4808±0.0192 21.74±0.06 

    U80% 0.0545±0.0002 0.3052±0.0010 0.3202±0.0015 75.70±6.59 1.6871±0.0027 15.66±0.28 

    U90% 0.0251±0.0003 0.1735±0.0017 0.1890±0.0012 38.73±3.15 1.3075±0.0054 12.28±0.02 

    U110% 0.0443±0.0006 0.1467±0.0008 0.1371±0.0035 38.17±3.81 1.2770±0.0024 15.15±0.04 

Rotational Speed: n=1420 rpm 
      

    Healthy 0.0092±0.0001 0.0299±0.0004 0.0405±0.0006 11.50±0.69 1.0236±0.0007 11.85±0.01 

    U60% 0.1604±0.0002 1.3624±0.0076 0.6320±0.0023 393.87±52.47 5.3685±0.1066 27.39±0.06 

    U70% 0.0987±0.0004 0.5608±0.0007 0.5281±0.0050 165.44±21.83 2.9785±0.0056 21.59±0.04 

    U80% 0.0538±0.0003 0.3375±0.0009 0.3445±0.0021 82.95±16.98 1.7971±0.0034 15.22±0.02 

    U90% 0.0251±0.0002 0.1916±0.0004 0.2042±0.0031 40.11±1.62 1.3512±0.0012 12.14±0.08 

    U110% 0.0438±0.0004 0.1619±0.0021 0.1537±0.0027 37.64±1.80 1.3016±0.0047 15.10±0.03 

Rotational Speed: n=1440 rpm 
      

    Healthy 0.0088±0.0001 0.0355±0.0007 0.0491±0.0006 11.65±0.41 1.0328±0.0010 11.79±0.03 

    U60% 0.1601±0.0003 1.2003±0.0014 0.6510±0.0080 321.43±130.19 9.1240±0.0259 27.35±0.03 

    U70% 0.0977±0.0002 0.6288±0.0009 0.5703±0.0017 145.49±5.50 3.6118±0.0099 21.71±0.03 

    U80% 0.0538±0.0003 0.3797±0.0007 0.3761±0.0036 76.72±6.94 1.9476±0.0022 14.92±0.02 

    U90% 0.0252±0.0001 0.2174±0.0006 0.2290±0.0007 38.57±0.97 1.4006±0.0018 12.49±0.01 

    U110% 0.0439±0.0005 0.1911±0.0011 0.1728±0.0030 37.66±2.07 1.3331±0.0024 15.25±0.02 

Rotational Speed: n=1460 rpm 
      

    Healthy 0.0095±0.0002 0.0332±0.0019 0.0481±0.0022 9.93±0.84 1.0309±0.0026 11.86±0.02 

    U60% 0.1586±0.0003 1.0787±0.0014 0.6692±0.0038 343.30±96.00 19.63±0.24 27.37±0.05 

    U70% 0.0973±0.0004 0.7275±0.0007 0.5974±0.0092 163.41±32.69 4.9556±0.0119 21.78±0.06 

    U80% 0.0554±0.0017 0.4464±0.0153 0.4172±0.0124 80.47±16.19 2.2442±0.0800 15.66±0.36 

    U90% 0.0257±0.0003 0.2458±0.0016 0.2511±0.0004 35.10±2.01 1.4958±0.0050 12.72±0.05 

    U110% 0.0441±0.0004 0.2102±0.0012 0.1943±0.0013 40.42±3.06 1.3578±0.0027 15.44±0.03 

Rotational Speed: n=1480 rpm 
      

    Healthy 0.0087±0.0001 0.0370±0.0009 0.0544±0.0011 7.63±0.50 1.0397±0.0014 12.20±0.01 

    U60% 0.1427±0.0005 1.1633±0.0449 0.6480±0.0123 173.12±27.46 6.0928±2.0543 29.77±0.03 

    U70% 0.0971±0.0001 0.7694±0.0004 0.6223±0.0010 121.87±12.00 5.2893±0.0094 21.96±0.03 

    U80% 0.0560±0.0004 0.4997±0.0012 0.4513±0.0054 75.20±8.28 2.5205±0.0124 16.30±0.34 

    U90% 0.0249±0.0002 0.2630±0.0004 0.2622±0.0004 33.05±1.52 1.5471±0.0011 13.00±0.03 

    U110% 0.0433±0.0001 0.2271±0.0011 0.2177±0.0012 35.48±1.97 1.4407±0.0014 15.91±0.01 

Rotational Speed: n=1490 rpm 
      

    Healthy 0.0083±0.0002 0.0380±0.0011 0.0535±0.0011 5.19±0.60 1.0413±0.0010 12.33±0.01 

    U60% 0.1426±0.0002 1.2007±0.0024 0.6450±0.0011 186.61±21.61 4.7099±0.0651 29.62±0.36 

    U70% 0.0956±0.0003 0.8367±0.0012 0.6179±0.0014 98.54±16.19 4.1133±0.0055 22.07±0.01 

    U80% 0.0556±0.0004 0.5245±0.0014 0.4557±0.0050 89.88±24.77 2.5477±0.0093 16.27±0.03 

    U90% 0.0242±0.0002 0.2710±0.0012 0.2590±0.0013 30.49±3.23 1.5500±0.0044 13.23±0.04 

    U110% 0.0438±0.0003 0.2379±0.0011 0.2272±0.0029 42.42±8.96 1.5108±0.0025 16.29±0.02 

The boxplots confirm a clear statistical separation between the Healthy condition and the 

unbalance severity levels. In particular, VUF and IUF show strong discrimination power: both 



indicators remain close to zero under healthy operation and increase significantly under unbalance, 

reflecting the emergence of negative-sequence components. Similarly, ܶܦܪூ௩௘௖ exhibits a 

pronounced rise for faulty cases especially for U60%, indicating substantial spectral distortion 

caused by supply asymmetry. The ܲܽ2݇ݎ ௥݂௔௧௜௢  also provides consistent separation across severity 

levels, suggesting that the second-harmonic-related energy content in the transformed current 

signature is highly sensitive to unbalance. 

 

Figure 5. Class-wise boxplots of the extracted MCSA-related features aggregated across 

operating speeds and repetitions. Boxes indicate the interquartile range (IQR), the central line is 

the median, whiskers extend to 1.5×IQR, and markers denote outliers. 

In contrast, ܨܷܥோெௌ presents larger dispersion and occasional outliers in the most severe 

condition(s), highlighting the influence of operating variability (speed-dependent effects and 

experimental fluctuations). Nevertheless, its median values still follow the expected trend, 

supporting its role as a complementary descriptor rather than a standalone indicator. Finally, ܴܵܯ௏௡  exhibits an evident gap between Healthy and faulty conditions, confirming the sensitivity 

of neutral voltage to electrical asymmetry. 



Figure 6 presents the Pearson correlation heatmap of the extracted MCSA-based features {RMS௏೙, CUFோெௌ, THDூ௩௘௖, Park2f_ratio, IUF, VUF}. This analysis aims to quantify the level of 

redundancy between features and to support the interpretation of the feature-number study. 

 

Figure 6. presents the Pearson correlation heatmap of the extracted MCSA-based features {RMS௏೙, CUFோெௌ, THDூ௩௘௖, Park2f_ratio, IUF, VUF}. 

the heatmap reveals that most variables are strongly positively correlated, indicating that they 

capture closely related physical effects induced by electrical unbalance. In particular, VUF and 

IUF exhibit a very high correlation (ߩ ≈ 0.97), which is expected because both metrics are derived 

from symmetrical components and reflect the magnitude of negative-sequence content. Similarly, RMS௏೙is highly correlated with VUF(ߩ ≈ 0.98) and IUF(ߩ ≈ 0.95), confirming that the neutral 

voltage RMS is a reliable proxy for supply asymmetry. 

Spectral descriptors also show strong associations with sequence-related indicators: THDூ௩௘௖ 

correlates with VUF(ߩ ≈ 0.90) and with IUF(ߩ ≈ 0.88), suggesting that increasing unbalance not 

only increases negative-sequence components but also enhances harmonic distortion. The 



Park2f_ratiois also strongly correlated with VUF and IUF(ߩ ≈ 0.92 and ߩ ≈ 0.91, respectively), 

supporting the interpretation that modulation effects captured in the ߚߙ representation intensify 

with unbalance severity. 

Among all features, CUFோெௌ shows comparatively lower correlations (approximately 0.66–0.73) 

and thus provides more complementary information, potentially improving robustness when used 

jointly with the other descriptors. 

Implication for modeling. The strong correlations indicate that the six-feature set contains 

redundant information, which explains why high classification performance may be achieved 

using only a subset of features. This observation motivates the incremental feature-number 

analysis (ablation study) and supports the use of models capable of handling correlated predictors 

(e.g., boosted ensembles and neural networks). 

Figure 7 shows the two-dimensional PCA projection of the extracted MCSA feature vectors. The 

first principal component (PC1) explains 86.7% of the total variance, while PC2 explains 7.4%, 

indicating that most of the information is captured along PC1. The projection reveals well-

structured class clusters: The Healthy samples form a compact group clearly separated from 

unbalance conditions, confirming that the selected features strongly discriminate normal operation 

from faulty states.  

Moreover, the unbalance severity levels exhibit an ordered separation mainly along PC1, 

suggesting that PC1 is closely associated with the magnitude of supply asymmetry and negative-

sequence effects. In particular, the U60% class appears far from the other clusters and shows the 

largest spread, which is consistent with the highest disturbance level and with stronger sensitivity 

to operating variations (e.g., speed-dependent effects and window-to-window variability).  

The intermediate classes (U70%–U110%) remain distinguishable and form compact clusters, 

supporting the suitability of the feature set for multi-class severity classification. Overall, this PCA 

visualization provides qualitative evidence that the proposed low-dimensional MCSA descriptors 

yield a separable feature space, which explains the near-perfect performance achieved by DNN 

and kNN classifiers. 



 

Figure 7. 2D PCA projection of the extracted MCSA feature vectors for the six classes. 

7.2.Baseline Model Comparison Using the Full Feature Set ( ࢑ = ૟ ) 

This subsection analyzes the baseline classification performance obtained when using the complete 

MCSA feature vector ( ݇ = 6 ), by comparing three supervised models (DNN, AdaBoost.M2, and 

kNN) through (i) global metrics, (ii) confusion matrices, and (iii) macro-averaged ROC curves. 

The bar chart in Figure 8 summarizes the overall performance of each classifier. Two models DNN 

and kNN achieve near-perfect results, with Accuracy and Macro-F1 close to 1, and Macro-AUC 

equal to 1. This indicates that the six selected features provide a highly discriminative 

representation where class boundaries are either strongly non-linear but learnable (DNN) or 

already well separated in feature space (kNN). 

In contrast, AdaBoost.M2 exhibits substantially lower performance (very low Accuracy and 

Macro-F1 and Macro-AUC close to 0.5). In practice, an AUC close to 0.5 indicates behavior close 

to random ranking. This gap suggests that the boosting configuration (weak learner complexity, 

number of cycles, learning rate, or class-score calibration) did not converge to a meaningful 

separation of the six classes under the current settings. 



 

Figure 8. Bar-chart comparison of the three classifiers (DNN, AdaBoost.M2, and kNN) in terms 

of Accuracy, Macro-F1, and Macro-AUC on the test set when using the complete MCSA feature 

vector (k = 6). 

Figure 9 provides the confusion matrices, which allow a fine-grained interpretation of the 

misclassifications. DNN (left matrix), the matrix is almost perfectly diagonal, meaning each class 

is predicted correctly. The absence of off-diagonal counts confirms that the learned decision 

boundaries generalize well across the test samples and do not confuse neighboring severity levels 

(e.g., U70% vs. U80%). For kNN (right matrix), similarly, the matrix is perfectly (or near-

perfectly) diagonal. This is a strong indication that the classes form compact and well-separated 

clusters in the standardized feature space, so that a local neighborhood rule is sufficient to classify 

all samples. AdaBoost.M2 (middle matrix), the matrix shows a highly degenerate behavior, with 

most samples being assigned to a single class (dominant column/row effect). This pattern typically 

occurs when the ensemble collapses to predicting one label due to poor weak-learner 

discrimination, an unsuitable number of boosting rounds, excessive regularization, or issues in 

score-to-class conversion. From a diagnostic perspective, this means AdaBoost.M2 (in its current 

configuration) fails to capture the class structure present in the feature space. 



 

Figure 9. Test-set confusion matrices obtained with DNN, AdaBoost.M2, and kNN using the 

full feature set (k = 6). 

The macro-averaged ROC curves in Figure 10 confirms the previous observations. Both DNN and 

kNN produce ROC curves close to the top-left corner, with Macro-AUC = 1.0, indicating perfect 

separability and ranking of the correct class against the rest (one-vs-rest, then macro-averaged). 

This supports the conclusion that the selected MCSA indicators are extremely informative for the 

considered unbalance severity classes. Conversely, the AdaBoost.M2 ROC curve follows the 

diagonal line, with Macro-AUC around 0.49, consistent with near-random discrimination. This 

further indicates that the boosting model, as currently tuned, did not learn a useful mapping from 

features to class labels. 

 

Figure 10. Macro-averaged one-vs-rest ROC curves on the test set for DNN, AdaBoost.M2, and 

kNN using the complete feature set (k = 6). 



7.3.Effect of the Number of Input Features on Classification Performance 

This subsection evaluates how the number of input features ݇ affects the classification 

performance of DNN, AdaBoost.M2, and kNN on the test set. Starting from a single feature and 

progressively adding features up to the full set (݇ = 6), the objective is to identify the minimum 

feature subset that preserves high accuracy and to assess the robustness of each model when the 

input information is reduced. 

The confusion matrices (Figure 11) obtained using the best-performing ݇ for each classifier 

indicate that both DNN and kNN can reach perfect discrimination with a reduced feature set. The 

DNN achieves a strictly diagonal confusion matrix with ݇ = 4, meaning that all severity levels are 

correctly classified with no confusion between neighboring classes. kNN reaches the same 

behavior already with ݇ = 2, suggesting that the feature space becomes linearly separable at the 

local scale with only two carefully chosen indicators. In contrast, AdaBoost.M2 attains its best 

performance at ݇ = 1, but still presents off-diagonal errors, highlighting weaker robustness to 

multi-class separation under the current ensemble configuration. 

 

Figure 11. Best-performing confusion matrices using the optimal number of features for each 

model. 

The evolution of Macro-F1 as a function of ݇ presented in Figure 12 confirms these observations. 

kNN rapidly saturates and reaches Macro-F1 close to 1.00 from ݇ = 2 onward, indicating that a 

small subset of MCSA features is sufficient to produce compact class clusters after standardization. 

The DNN improves progressively with increasing ݇, reaching near-perfect Macro-F1 around ݇ =4, which suggests that the neural network benefits from combining complementary descriptors to 



refine decision boundaries between close severity levels. Conversely, AdaBoost.M2 shows a sharp 

degradation when additional features are added: after ݇ ≥ 2, Macro-F1 collapses to very low 

values, indicating that the current boosting settings do not exploit multi-dimensional correlated 

inputs effectively. 

 

Figure 12. Effect of the number of input features on Macro-F1 (test set). 

The accuracy presented in Figure 13 trends follow the same pattern as Macro-F1. kNN attains 

near-perfect accuracy with only two features and remains stable thereafter, while DNN reaches 

perfect accuracy once ݇ approaches four. The agreement between Accuracy and Macro-F1 for 

these two models suggests that performance is not dominated by a single class but is consistent 

across all severity levels. The heatmap in Figure 14 summarizing Macro-F1 across models and 

feature numbers further highlights early saturation for kNN, gradual improvement for DNN, and 

the instability of AdaBoost.M2 once the feature dimension increases. 

Finally, the macro-averaged ROC curves (Figure computed using the best ݇ per model show that 

DNN (݇ = 4) and kNN (݇ = 2) achieve Macro-AUC equal to 1.00, confirming perfect class 

separability in a one-vs-rest setting. AdaBoost.M2 improves in its best-݇ scenario compared to the 

full-feature baseline, but remains below DNN and kNN, indicating incomplete discrimination 

capability. 

 



 

Figure 13. Effect of the number of input features on Accuracy (test set). 

 

Figure 14. Heatmap summary of Macro-F1 as a function of model type and feature number (test 

set). 

these results in Figure 15, demonstrate that the proposed MCSA feature set is highly informative 

but partially redundant: near-optimal diagnosis can be achieved with a reduced number of features, 

which is beneficial for real-time deployment. In this dataset, kNN is the most efficient model in 

terms of feature economy (perfect results with ݇ = 2), while DNN requires slightly more 

information (݇ ≈ 4) to reach the same ceiling. The observed sensitivity of AdaBoost.M2 suggests 



that boosting requires careful hyperparameter tuning (learning rate, number of cycles, and weak 

learner complexity) to reliably benefit from multi-feature inputs. 

 

Figure 15. Macro-averaged ROC curves on the test set using the best feature subset per model. 

The PCA decision-map in Figure 16 provides an intuitive view of how well the selected best-k = 

4 MCSA features separate the six operating conditions. Each point represents one windowed 

sample, projected from the original 4-D feature space onto the first two principal components. The 

horizontal axis (PC1) explains 82.8% of the total variance and therefore captures the dominant 

structure of the dataset, while PC2 explains an additional 9.9%. Together, PC1 and PC2 retain 

roughly 92.7% of the information contained in the selected features, meaning this 2-D projection 

is a reliable summary of the original feature space. 

A clear class organization is observed mainly along PC1, indicating that the primary discrimination 

between conditions is driven by one dominant combination of the extracted MCSA descriptors. In 

particular, the U60% samples appear far to the right (large positive PC1) and form well-separated 

subclusters, suggesting a strong and consistent signature of this unbalance level that may also vary 

across operating regimes (e.g., speed). The U70% class is clustered around intermediate positive 

PC1 values and remains relatively compact, which reflects stable feature behavior under this 

severity level. The U80% samples concentrate near PC1 close to zero, indicating a moderate 



deviation from the healthy reference but still separable from both U70% and the more severe 

conditions. 

 

Figure 16. PCA projection (PC1–PC2) of the test samples using the best-k selected MCSA 

features (k=4), together with the DNN decision regions. 

On the left-hand side of the map (negative PC1), the Healthy cluster is compact and clearly isolated 

from the majority of faulty classes, confirming that the extracted MCSA features are sensitive to 

the presence of electrical unbalance. The U90% and U110% samples occupy a nearby region 

around negative PC1 and exhibit partial proximity in this 2-D representation, which suggests that 

these two high-severity conditions may share similar spectral characteristics and therefore 

constitute one of the more challenging separations. The spread of these classes in PC2 further 

indicates that secondary variability—captured by PC2—contributes to refining boundaries 

between the most similar severities. 

The colored background corresponds to the DNN decision regions learned in the same PCA plane 

and complements the scatter plot by showing the model’s global partitioning of the feature space. 

The fact that most samples fall inside their corresponding decision zones confirms that the selected 

low-dimensional feature set is highly discriminative and that the DNN operates with large margins 

for most classes. The decision boundaries become tighter mainly in areas where classes are closest 



(typically between adjacent severities), which is consistent with the physical expectation that 

electrical unbalance levels evolve gradually and may produce partially overlapping signatures. 

8. Conclusion 

This study proposed a compact and data-driven framework for the multi-class severity 

classification of electrical unbalance in variable-speed induction motors using low-dimensional 

MCSA features. The methodology was validated on an experimental dataset built from one healthy 

operating condition and five unbalance severity levels, using synchronized measurements of 

electrical variables and rotational speed. By combining physically interpretable indicators with 

supervised learning, the proposed framework was designed to assess whether a reduced and 

meaningful feature space can preserve reliable diagnostic performance under variable-speed 

conditions. 

• The statistical analysis of the extracted features demonstrated a clear separation between the 

healthy condition and the faulty classes, confirming that the selected low-dimensional 

descriptors effectively capture the progressive impact of electrical unbalance on motor 

behavior. In particular, the most unbalance-sensitive indicators exhibited consistent and 

structured variations across the considered severity levels. 

• The correlation analysis showed that several descriptors are strongly related, indicating that 

the six-feature set contains partially redundant information. This result is important because 

it justifies the feature-number study and supports the possibility of reducing the 

dimensionality of the diagnostic representation without significantly degrading classification 

performance. 

• The PCA-based feature-space visualization confirmed that the proposed descriptors generate 

a well-structured and separable representation of the six operating conditions. The healthy 

state formed a compact and clearly isolated cluster, whereas the faulty classes remained 

ordered mainly along the first principal component, which reflects the progression of 

unbalance severity. 

• In the baseline comparison performed with the complete feature set, both DNN and kNN 

achieved near-perfect classification results, with Accuracy and Macro-F1 close to unity and 

Macro-AUC equal to 1.0. The associated confusion matrices were almost perfectly diagonal, 



showing that the proposed features preserve sufficient information to discriminate not only 

healthy and faulty conditions, but also neighboring unbalance severity levels under variable-

speed operation. 

• By contrast, AdaBoost.M2 showed substantially lower performance in its current 

configuration. Its confusion matrix revealed a degenerate prediction behavior and the 

corresponding ROC performance remained close to random discrimination, indicating that 

this model did not adequately exploit the structure of the extracted feature space under the 

present tuning settings. 

• The feature-number analysis provided one of the most significant outcomes of the study. It 

demonstrated that perfect or near-perfect diagnosis can be maintained with a reduced subset 

of descriptors: kNN reached perfect classification with only two features, while the DNN 

achieved the same performance with four features. This confirms that the proposed low-

dimensional MCSA representation is not only discriminative, but also compact and suitable 

for computationally efficient implementation. 

• The evolution of Macro-F1, Accuracy, and Macro-AUC with the number of input features 

further confirmed that kNN rapidly saturates with a very small subset of indicators, whereas 

DNN benefits from progressively combining complementary features. These results highlight 

the robustness of the proposed framework and show that accurate severity diagnosis can be 

achieved without relying on high-dimensional feature engineering. 

From an applied and industrial perspective, these findings confirm that low-dimensional MCSA-

based diagnosis constitutes a promising solution for predictive maintenance of variable-speed 

induction motor systems. Early identification of electrical unbalance severity can contribute to 

better maintenance planning, improved machine availability, and reduced unexpected stoppages 

in production environments. Future work should therefore focus on extending the framework to 

wider load conditions, combined fault scenarios, and additional machines, while also integrating 

real industrial datasets and online deployment constraints. A further relevant perspective would be 

to explicitly combine the present current-based descriptors with vibration-related indicators in 

order to strengthen the relationship between electrical fault severity, electromechanical 

disturbances, and production-oriented condition monitoring. 
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