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ABSTRACT

In modern power grids, ensuring operational stability necessitates real-time assessment of static voltage stability. This 

paper presents an advanced ensemble machine learning approach to estimate voltage stability in power distribution 

systems using data from phasor measurement units (PMUs). The methodology integrates multiple machine learning 

techniques into a unified predictive model to minimize bias and variance. A critical feature of this approach is the 

inclusion of a feature pre-processing step to eliminate redundant and irrelevant features, enhancing computational 

efficiency through dimensionality reduction. Additionally, a minority oversampling method for regression is utilized to 

address data disparity, ensuring robust model performance. Various ensemble models were evaluated using mean 

square error metrics, with the Bagging model ExtraTrees outperforming other algorithms. The proposed method's 

efficacy is validated on a 30-bus IEEE system, highlighting its potential for real-time applications. This research offers a 

robust solution for maintaining grid reliability and preventing power outages by providing accurate, real-time voltage 

stability assessments.

KEYWORDS: Ensemble Learning, Feature Engineering, Machine Learning, Phasor Measurement Units, Power 

Distribution Systems, Voltage Stability.

1. INTRODUCTION
Electrical energy systems have grown increasingly 
complex, operating with a narrow safety margin near 
their stability limits. Maintaining static voltage 
stability is essential for the reliable operation of smart 
grids. Voltage instability is usually associated with 
incremental or uncontrollable voltage drops after 
disruptions, high demand, or inability to maintain 
reactive power. Voltage collapse occurs when voltage 
unsteadiness tips to a complete loss of voltage in a 
substantial part of the system. Compared to offline 
planning, where computational speed might not be 
significant, online monitoring and real-time tools are 
crucial for determining the power system's voltage 
stability.

Traditional approaches to assess the static voltage 
stability margin typically involve methods that perform 
iterative energy calculations from the initial operating 
range to the voltage stability threshold. However, these 
model-based approaches can be unsuitable for real-
time applications due to their complexity and the 
significant computational time they require. As power 
grids expand, the complexity of data analysis in the 
power engineering and energy industries increases, 
making data mining an essential technique for 
extracting relevant models and structures from large 
datasets. Unlike SCADA's asynchronous and sluggish 
nature, using synchronized data from PMUs enhances 
decision-making and operational efficiency.

In recent times, machine-learning techniques have 
become popular due to their ability to effectively 
address nonlinear problems with high accuracy and 

speed. Traditional methods for evaluating voltage 
stability, such as time-domain simulations, require 
iterative solutions of high-dimensional differential-
algebraic equations, making them computationally 
intensive and impractical for real-time use. Data-driven 
approaches using PMU measurements have been 
advanced for actual stability evaluation. However, 
these fixed-time assessment methods require long 
observation windows, which can slow down the 
evaluation process and delay necessary control actions.

This paper presents a data-driven architecture tailored 
for online evaluation, offering low computational 
complexity, rapid processing speed, and high 
predictive efficiency. To enhance the effectiveness of 
voltage stability assessment for power system 
operations, the proposed architecture utilizes feature 
engineering techniques. Initially, a pre-processing 
technique is employed to eliminate redundant and 
irrelevant attributes from the data to advance 
computational performance. During the feature 
selection process, partial mutual information is used to 
identify primary variables by exploring connotative 
correlations. These main variables are then applied to 
the proposed ensemble model to forecast the voltage 
stability index. Experiments were conducted on the 
modified 30-bus IEEE system.

2. LITERATURE SURVEY
The complexity of modern power systems necessitates 
advanced methods for voltage stability assessment. 
Traditional approaches, such as continuation power 
flow (CPF) [5], sensitivity analysis [6], and singular 
value decomposition [7], although effective, often fall 
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short in real-time applications due to their 
computational intensity. Recent advancements in 
machine learning have provided promising 
alternatives. Techniques like neural networks [9], 
decision trees [10], fuzzy logic [11], adaptive neuro-
fuzzy inference systems [12], and support vector 
machines [13] have been leveraged for their ability to 
handle non-linear problems with high accuracy.

Recent studies have explored the use of PMU data for 
voltage stability assessment. Liu et al. [3] proposed an 
combined arrangement using restricted mutual 
information and reiterated random forest for online 
dynamic security assessment, showing significant 
improvement in predictive accuracy. Another approach 
by Liu et al. [4] employed a method for online dynamic 
safety valuation with spatial-temporal conception, 
which enhanced the decision-making process.

However, these methods still face challenges such as 
handling large datasets and real-time implementation. 
Ensemble learning models have been proposed to 
address these issues. Dietterich [22] and Breiman [26] 
discussed the effectiveness of ensemble methods in 
improving predictive performance and robustness. 
Chen and Guestrin [24] introduced XGBoost, a 
scalable tree-boosting system that has shown superior 
performance in various applications.

This study builds on these advancements by proposing 
an ensemble machine learning model that integrates 
multiple techniques to enhance voltage stability 
assessment. The proposed method utilizes feature 
e n g i n e e r i n g ,  m i n o r i t y  o v e r s a m p l i n g ,  a n d 
dimensionality reduction to improve computational 
efficiency and predictive accuracy. The Bagging model 
ExtraTrees demonstrated superior performance in the 
experiments conducted on a 30-bus IEEE system, 
highlighting its potential for real-time applications in 
power distribution systems.

3. THEORETICAL BACKGROUND 
 CONTINUATION POWER FLOW
The Continuation Power Flow (CPF) method is crucial 
for identifying the PV characteristics of an electrical 
power system [21]. The CPF also establishes the 
maximum loading point of the procedure. It addresses 
the issue of the Jacobian equation environment 
becoming singular at the voltage stability boundary by 
creating consecutive load flow solutions based on the 
specified situation. CPF involves two stages: 
prediction and correction. In the prediction stage, a 
tangent predictor estimates the next solution from a 
well-known basic solution conforming to a specific 

pattern of load increment. The correction stage then 
calculates the exact solution using the traditional 
Newton-Raphson power flow technique. This iterative 
process continues until the tangent becomes zero, 
indicating the critical point. An illustration of the 
predictor-corrector approach is shown in Figure 1.
Figure 1. Predictor-Corrector Phase

Mathematical Reformulation: For the        node in an
    node system, the injected power can be written as 
follows: 

     (1)
   

     (2)

     (3)

Here, generation and load demand are denoted by the 
subscripts GGG and DDD, respectively. A load 
parameter   is added to the real and reactive power 
loads to pretend a change in load. 

     (4)

     (5)

The actual load demands on the       node are    
and             and are designated to scale about near to    
By replacing the existing demand powers in equations 
3 to 5, a new set of equations can be expressed as: 

θ in this context means the vector containing the angles 
of node voltages, while V denotes the vector containing 
the magnitudes of node voltages. The fundamental 
answer for    is derived by doing a power flow 
calculation calculation. 
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The chosen continuation parameter is represented by 
the state variable xk, whereas the anticipated value of 
this state variable is indicated as η. The solution to 
Equation (11) is obtained by employing a modified 
Newton-Raphson power flow approach. The 
loadability margin (λ) is employed as the Voltage 
Stability Index in the proposed system. This technique 
generates n different operation points, and the 
loadability of each operation point is calculated. The 
loadability margin clearly indicates the system's 
current ability to maintain voltage stability, allowing 
operators to assess the system's safety level both 
intuitively and accurately.

4. SMOTE FOR REGRESSION (SMOTE-R)
SMOTE-R, which stands for Synthetic Minority Over-
sampling Technique for Regression, is a technique 
utilised in regression analysis. The SMOTE approach 
is utilized to tackle uneven class distributions in 
classification problems[22]. The main benefit of this 
approach is its ability to combine regular sub-sampling 
with minority class over-sampling. Chawla et al. 
highlighted the benefits of this technique over 
additional sampling methods across various actual 
world issues and classification algorithms. Luis Torgo 
and colleagues advanced this work by introducing 
SMOTE-R, a variant tailored for regression tasks to 
predict extreme values accurately[23]. The original 
SMOTE algorithm generates synthetic instances with 
infrequent target values using an over-sampling 
technique. Chawla et al. suggested an interpolation 
strategy to generate these synthetic instances by 
picking one of the k-nearest neighbors for each case 
from observations with rare values. These two 
observations are then combined to produce a new 
example, merging the attribute values of the original 
cases.  While S M O TE is typically used for 
classification problems focusing on a single class of 
interest in the target variable, SMOTE-R can be 
combined with any regression algorithm to establish a 
framework for predicting unusual extreme values in a 
continuous target variable.

5. BOOSTING TECHNIQUES
Each successive model in the boosting process is 
designed to rectify the mistakes caused by the 
preceding models, as seen in Figure 2. This approach 
encompasses other iterations, such as Adaptive 
Boosting (ADB) and Gradient Boosting (GB). ADB 
enhances efficiency by employing a combination of 
techniques to train a sequence of feeble classifiers from 
an empirical dataset, finally amalgamating them into a 
robust predictive model

Figure 2. Boosting model representation

XGBoost (XGB) extends the standard boosting 
techniques used in the CART community [25]. In the 
tree-boosting ensemble method, each iteration's 
primary function predicts the group's new membership. 
Soft classifiers, continuously refined based on the 
errors of previous classifiers, generate the best 
predictions. In the subsequent step, the classifier 
assigns higher weights to incorrectly classified 
samples, enabling it to focus on their output in later 
iterations. The final classification is critical because it 
relies on the collective development of all previously 
constructed trees. The objective function, which 
balances training loss and regularization, guides the 
interpretation of these classifiers.

6. BAGGING TECHNIQUES
The goal is to aggregate various models (such as 
decision trees) to produce a standardized result. As 
illustrated in Figure 3, the bagging strategy, also known 
as Bootstrap Aggregating, uses subsets (bags) to offer a 
comprehensive interpretation of the distribution. 
Bootstrapping is a sampling technique that involves 
drawing multiple random samples from the training 
dataset [26].

Figure 3: Bagging model representation

Random Forest (RF) is a method that builds many 
decision trees during the training phase and then 
combines their outcomes to produce a class average. 
Introduced by Breiman et al., RF incorporates 
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additional randomness into the traditional bagging 
method [27]. This approach is highly adaptable, 
suitable for both regression and classification tasks, and 
works well with a variety of attributes and functions. 
The benefits of RF include noise reduction through the 
random selection of variables and data for tree 
construction, the ability to handle high-dimensional 
datasets and various data types (both categorical and 
continuous) without needing standardization, and 
reduced processing costs achieved through parallel 
computation during training.

The Extremely Randomized Trees (ET) classifier 
employs a meta-learning technique to enhance 
detection accuracy and mitigate overfitting. It achieves 
this by training numerous randomized decision trees on 
many subsamples of the dataset [28]. For each split, the 
tree is evaluated using the subsequent stages: 1) Choose 
K attributes at random, 2) Generate a random split for 
each attribute, and 3) Choose the split that maximizes 
the mark by means of a normalized version of Shannon 
information gain.

7. METHODOLOGY
This section presents the proposed approach for 
forecasting the voltage stability of a test system 
utilizing ensemble learning models. The suggested 
technique relies on the interpretation of data obtained 
from several Phasor Measurement Units (PMUs) as 
well as the state of the network's switches. Figure 4 
depicts the block diagram of the proposed system.

Figure 4: Block Schematic of Proposed System

The planned system can be described in three phases: 
(1) Feature Engineering, (2) Feature Relevance and 
Extraction, and (3) Using Ensemble Learning to 
Predict the Loadability Factor.

8. FEATURE ENGINEERING
Feature engineering involves transforming operating 
variables into features that more accurately represent 
the underlying problem in predictive models, thereby 
enhancing model accuracy for unseen data. In this 
study, the Power System Analysis Toolbox (PSAT), an 
open-source tool based on Matlab, is employed to 
conduct Continuation Power Flow (CPF) analysis on 
power systems. PSAT simulates the test system under 
various operating conditions to generate the training 
data required for ensemble learning. Additionally, 
selecting appropriate input operating variables is 
essential for effectively training the ensemble machine 
learning model. Training data is generated by altering 
network configurations (e.g., sectional switches), 
varying loads, and introducing generator outages. 
Phasor Measurement Units (PMUs) are deployed at 
each node of the test system (refer to Figure 5), and 
sectional switches are installed on each power line. 
After each simulation, the training data is saved in CSV 
format, containing information from PMUs, sectional 
switch statuses, and the corresponding loadability 
margin.

Figure 5: Test System

8.1 Feature Importance:
The feature pre-processing method eliminates 
insignificant characteristics from the CSV data prior to 
being fed into the ensemble machine learning method. 
Feature significance metrics aid in data interpretation 
by prioritizing and finding the most significant features 
for a predictive model. These relative scores highlight 
the importance of several features, with some being 
crucial to the aim and others being of lesser 
significance. The significance scores serve as a guide 
for determining which characteristics should be kept or 
discarded. 

This simplifies the problem, accelerates the modeling 
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process (referred to as dimensionality reduction), and 
perhaps enhances the efficiency of the model. This 
simplifies the problem, accelerates the modeling 
process (referred to as dimensionality reduction), and 
perhaps enhances the efficiency of the model. PMUs, 
unlike conventional data collection methods, have the 
ability to quickly and exactly measure the voltage 
phasor at a specific point and the current phasor of the 
lines connecting to that point. Hence, voltage stability 
can be evaluated in real-time by utilizing PMU data 
obtained from wide-area networks. In order to 
effic ien t ly  hand le  unexpec t ed  ope ra t i ona l 
circumstances, it is necessary to regularly update the 
model in real-time applications. Thus, a model 
upgrading process is built to enhance the simplification 
capability of the stability valuation model and assure 
smooth online assessment.

Variable reduction is a technique used to lower the 
number of input variables, as a larger number of 
features can lead to increased complexity in the 
predictive modeling process. Dimensionality reduction 
methods are commonly employed for data conception, 
but they can also be utilized for classifiers or regression 
prototypes using higher dimensional data. Principal 
Component Analysis (PCA) is a commonly used 
technique in ensemble machine learning to reduce the 
dimensionality of datasets. It is based on principles 
from linear algebra and is often used as a preprocessing 
step before fitting models.

9. PREDICTION OF LOADABILITY 
 FACTOR USING  ENSEMBLE LEARNING 
After successful feature pre-processing, the data is fed 
into the ensemble machine learning model to predict 
the loadability factor for the given test data. Various 
ensemble learning models were validated for 
predictive modeling in this research. Initially, the test 
system is set with initial values, as depicted in Figure 6. 
PMU data is collected across the network, and the 
loadability margin is determined using PSAT software 
by adjusting the operating conditions and sectional 
switching statuses. The training data, saved in a CSV 
file, contains the PMU data and the corresponding 
loadability factor. For training purposes, 1000 different 
operating conditions were considered. After training 
the ensemble model, an unseen test case was used as 
test input to predict the loadability factor.

10. RESULT AND DISCUSSION TRAINING   
 OF ENSEMBLE MODELS
Before the training phase, feature engineering, feature 
importance, and extraction take place. As described in 
above subsection of Prediction of Loadability Factor 

using Ensemble Learning, the training data contains 
1000 instances of various network operating conditions 
in predicting loadability margin. There are 30 features 
in the original dataset, including 30 PMUs data 
(V1,V2,V3,…,V30) obtained by PSAT simulation 
after each change in operating parameters or network 
topology. The feature subset should be robust and 
adaptable in order to achieve the smallest feature subset 
that  does not drastically reduce regression 
performance. Therefore, we utilized a feature 
assortment method constructed on the correlation 
coefficient to choose relevant variables and removed 
redundant ones by analyzing the feature correlation 
matrix.

The correlation matrix is an essential tool in data 
investigation, employed to investigate the connections 
between various variables and facilitate informed 
decision-making. The matrix consists of rows and 
columns that represent variables. The value in each cell 
reflects the correlation coefficient between the related 
features. The Pearson correlation coefficient is an 
extensively utilised measure for evaluating the 
association between features and the target variable. It 
provides a mathematical value that ranges from -1 to 1, 
indicating the strength and path of the link. A number of 
-1 denotes a complete negative correlation, where one 
variable increases while the other drops.

Figure 6: Flow Chart of the Proposed System
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A value of +1 implies a perfect positive correlation, 
where both variables increase together. A value of 0 
indicates no linear correlation between the variables. 
Figure 7 depicts the correlation map of the training data 
for the proposed system.

Figure 7: Correlation plot

Every cell in the grid signifies the correlation 
coefficient among two variables. A square matrix is 
generated in which each row and column represent the 
same set of variables, with the number of rows being 
equal to the number of columns. A positive correlation 
with a high value (near to 1.0) suggests a strong 
relationship where both variables increase together. 
Diagonal cells in the matrix indicate the correlation of 
each variable with itself, resulting in all diagonal 
elements being equal to one.

Furthermore, we utilized Recursive Feature 
Elimination (RFE) with the correlation matrix to 
identify significant features. Recursive Feature 
Elimination (RFE) use an iterative process to identify a 
subset of attributes. It begins with all attributes and 
gradually eliminates the least significant ones. This is 
achieved by training the model using a machine 
learning algorithm, assessing the value of each feature, 
disregarding the least significant variables, and 
subsequently retraining the model. This method 
persists until the desired quantity of characteristics 
remains. We utilized the Recursive Feature Elimination 
(RFE) technique to create a graph illustrating the 
correlation between the number of chosen features and 
the cross-validation score. This graph is displayed in 

Figure 8. The evaluation also includes ranking each 
characteristic, as depicted in Figure 9.

Figure 8: Number of Features Vs Score

Figure 9: Feature importance plot

Evaluation of Ensemble Learning Models
For this investigation, we utilized four distinct 
ensemble machine learning models: Adaboost 
Regressor, Gradient Boosting Regressor, Random 
Forest Regressor, and Extra Trees Regressor.
The efficiency of ensemble learning algorithms was 
assessed by measuring the mean square error (MSE) 
and the standard deviation (SD) metrics. The Mean 
Squared Error (MSE) for n samples can be calculated 
by comparing the predicted value ŷi of the ith sample 
with its corresponding actual value yi using the 
following formula:
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Table 1. Performance metrics of the ensemble learning 
models

11. CONCLUSION 
In this study, an ensemble learning method based on 
PMU data is developed to assess voltage stability. The 
algorithm used in the proposed scheme is Gradient 
Boosting. This scheme provisions online model 
updates and adjusts to unforeseen system changes. It is 
efficient and fit for online voltage stability evaluation, 
helping system operators to gain better insights and 
make informed operational decisions. Additionally, the 
method is robust against noisy data and data with 
omitted values. The feasibility of the proposed scheme 
is demonstrated through case studies using the IEEE 
30-bus system.
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