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Abstract: - In the present environment, the concept of Power Quality (PQ) is of high interest for any
power system researcher. The majority of loads at the consumer end are designed using power electronic
components and also integration of renewable energy resources, which introduces PQ issues in terms
of voltage and current. Hence, appropriate monitoring and forecasting methods of PQ parameters are
essential for maintaining grid reliability and stability. In this paper, we introduce a data-driven method
for forecasting PQ disturbances using LSTM networks and ANFIS models in a power system
environment. A dataset generated from MATLAB/Simulink simulations of an isolated distribution
system with nonlinear loads is used for model training and evaluation. The models are evaluated using
key performance metrics, including Mean Absolute Error (MAE), Mean Squared Error (MSE), and
Coefficient of Determination (R?). Additionally, a comparative benchmarking analysis with
conventional machine learning models, including Multilayer Perceptron (MLP), Random Forest (RF),
and XGBoost (XGB), is presented. Experimental results demonstrate that LSTM achieves superior
predictive accuracy (R* > 0.998), while ANFIS offers competitive performance and interpretability.
These findings underscore the potential of Al-based techniques for proactive PQ monitoring and
forecasting in power system environments.

Keywords: Power Quality Monitoring, LSTM, ANFIS, Machine Learning, Deep Learning, Time-Series
Forecasting, Performance Benchmarking.

1. Introduction

PQ plays a crucial role in maintaining the operational efficiency, stability, and reliability of
modern power systems. Due to the need for a reduction in carbon emissions, the present power
system environment includes the integration of renewable energy resources for power
generation. This design includes a large number of power electronics devices which contribute
to current-related PQ issues such as harmonics, and based on the integration of renewable
resources, the voltage variation occurs at the supply terminal, which contributes to voltage-
related PQ issues such as voltage sag, swell, or harmonics. These PQ issues can result in
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equipment failure, malfunction of switchgear equipment, an increase in power loss, and a
reduction in system stability and reliability.

The traditional PQ monitoring approaches implement hardware compensations such as custom
power devices to provide voltage and current-related compensations, which lack adaptability
and predictive intelligence. In order to overcome this issue, intelligent approaches such as
artificial intelligence (AI) and machine learning (ML) methods are designed using a
programming platform for classifying, predicting, and generating appropriate control signals
to provide suitable compensation.

The work explained in this paper mainly focuses on Long Short-Term Memory (LSTM)
networks, a deep learning method for time-series data, alongside the Adaptive Neuro-Fuzzy
Inference System (ANFIS), which merges fuzzy logic with neural networks for interpretability
and precision. A comparative performance analysis is also conducted using conventional ML
models Multilayer Perceptron (MLP), Random Forest (RF), and XGBoost (XGB) to evaluate
their forecasting capabilities under various PQ disturbance conditions simulated in a
MATLAB/Simulink-based power system network. The objective is to benchmark these
intelligent methods to identify the most effective approach for predictive PQ monitoring in
smart grid environments. Numerous studies have contributed to this domain, focusing on
classification, prediction, and data visualization for power system stability.

One major strand of research involves deep learning methods for PQ disturbance detection. For
instance, Machlev et al. [1] proposed an open-source PQ disturbance dataset along with a
convolutional neural network (CNN) and bidirectional LSTM (BiLSTM) classifiers, offering
a foundational reference for future benchmarking. Similarly, various works [2], [3], [4] have
integrated LSTM with hybrid approaches such as particle swarm optimization and fuzzy logic
for predicting disturbances and enhancing voltage stability under dynamic conditions.

The application of distributed computing frameworks has enabled scalable PQ analysis by
handling large volumes of real-time energy data. Guo et al. [5] discussed how distributed
computing tools like Apache Spark and PySpark can process high-volume sensor data for real-
time system health assessment and renewable energy forecasting. These platforms have been
successfully used for implementing classification and clustering tasks using models such as
random forest, gradient boosting, and support vector machines.

The transition toward smart grid environments has been supported by the adoption of smart
sensors and Internet of Things (IoT) frameworks, as noted in Zayas et al. [6]. These
infrastructures facilitate real-time data acquisition and enable predictive maintenance through
ML-driven anomaly detection. Additional emphasis on hardware-in-the-loop systems and
synchro phasor-based PQ analytics [7] has further enhanced operational reliability in dynamic
scenarios.
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In terms of software tools, Python has become a preferred language for both academic and
industrial applications. Goémez Tapias et al. [8] and Milano [9] introduced Python-based PQ

diagnostic tools like HCE-PQD and Pandapower, which support modular analysis and
visualization of power disturbances, including harmonic distortion, voltage sag, swell, and
flicker. Visualization strategies leveraging dashboards and analytics libraries such as Grafana
[10], Tableau, Dash, and Power BI [11] have become common for interpreting large-scale
energy datasets effectively.

Several studies [12], [13], [14] have investigated the value of interactive and data-driven
visualizations for performance monitoring and fault localization. Meanwhile, efforts by Itagi
[15] and Akhter et al. [16] emphasized the predictive modeling of renewable generation
systems, using time-series models for solar photovoltaic (PV) power forecasting and dynamic
load estimation.

The research carried out in [17], [18] is to develop ML models such as SVM, RNN, and Q-
learning to obtain a solution for voltage profile improvement and to address the issues related
to power loss minimization. Additionally, power system simulators and educational packages
[9], [19] are increasingly used to train models and test forecasting frameworks under controlled
and realistic scenarios.

Recent technological developments include the deployment of low-cost, real-time PQ
analyzers using embedded systems and Python-based microcontrollers [20], as well as
applications in lithium-ion battery diagnostics [21], [22], where ML is used for estimating state-
of-charge and cycle life analysis [23], [24]. These studies highlight the growing convergence
of power electronics, embedded systems, and intelligent data processing for sustainable energy
management.

2. Methodology

This study adopts a simulation-driven approach to generate a comprehensive dataset
representing various power quality (PQ) disturbances in a low-voltage distribution system. The
methodology encompasses three primary stages: system modeling and data acquisition, data
preprocessing, and prediction using intelligent models namely, Long Short-Term Memory
(LSTM) networks and Adaptive Neuro-Fuzzy Inference System (ANFIS). Comparative
evaluation is also performed using conventional machine learning (ML) algorithms.

(1) Power System Simulation and Data Acquisition

A three-phase isolated power system is modeled using MATLAB/Simulink to simulate PQ
events under diverse operating conditions. The network includes a renewable energy-based
generation system consisting of solar photovoltaic (PV) panels, a wind turbine, and a battery
storage unit, supplying power to nonlinear loads through a transmission line. Nonlinear lo
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behavior introduces harmonic distortions in the current, while dynamic variations in the supply
system create voltage sags, swells, and imbalances.

The simulation captures critical electrical parameters at both the supply and load ends. These
include voltages, currents, real and reactive power, and power factor across three phases. The
resulting dataset consists of 21,876 rows and 19 attributes, offering a rich basis for time-series
forecasting. Data is exported in Excel format for further processing.

(1) Data Preprocessing

Feature normalization was conducted via Min-Max scaling to align all variables within a 0—1
interval for model consistency. For time-series analysis, the dataset is restructured into
sequences of 50 consecutive timesteps per sample. This sliding window method allows each
model to predict the next time step based on historical trends.

The normalized and sequenced dataset is divided into training and testing subsets with an 80:20
ratio, ensuring sufficient data for model learning and generalization.

(ii1))  Predictive Modeling Framework

a) Long Short-Term Memory (LSTM): It is a powerful “recurrent neural network system
designed to overcome the vanishing gradient problems that typically arise when
learning long term dependencies” [25].

Two types of LSTM architectures are implemented:

e Multi-Target LSTM: Independent LSTM models are trained for each voltage phase
(e.g., Vabcl, Vabc2, Vabce3), for predicting the next voltage value in terms of 50-step
input windows.

e Multi-Output LSTM: A single LSTM model simultaneously predicts multiple output
variables (Vsl, Vs2, Vs3), capturing inter-phase dependencies.

Both models use two stacked LSTM layers followed by a Dense output layer. Training is
conducted over 20 epochs using the Adam optimizer with mean squared error (MSE) as the
loss function. Predictions are inverse-transformed to the original scale before evaluation.

b) Adaptive Neuro-Fuzzy Inference System (ANFIS)

The ANFIS model is configured to map three-phase supply voltages (Vabcl, Vabc2, Vabce3)
as inputs to predict the corresponding three-phase load voltages (Vsl, Vs2, Vs3). Each input
variable is associated with three Gaussian membership functions, and the system uses a hybrid
learning rule combining least-squares estimation and backpropagation for training. The model
runs for 50 epochs and produces phase-wise predictions with interpretable fuzzy rules.

(iv)  Benchmark Models
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To contextualize the performance of LSTM and ANFIS, three standard ML models are
implemented for comparative analysis:

e Multilayer Perceptron (MLP): A feed-forward neural network with ReL U activations
and dense layers.

o Random Forest (RF): An ensemble of decision trees trained on bootstrap samples.

o Extreme Gradient Boosting (XGBoost): A sequential ensemble model using gradient
boosting optimization.

All models are trained on the same normalized dataset and evaluated using identical metrics
for fair benchmarking.

3. Evaluation Metrics

The performance of the designed model is measured using metrics like Mean absolute Error
(MAE), Mean Squared Error (MSE) and coefficient of determination(R?). These metrics are
considered to be the standard evaluation metrics as per the literature review carried out. Let me
explain each of the metrics along with it’s corresponding equation used for calculation.

a) Mean Absolute Error (MAE): It is the average magnitude of prediction errors. The
lower the value of MAE, the better the prediction model is considered. It is calculated
as

MAE = %Zﬁi‘(yi —y;) where y;= actual value (1)

y; =Predicted value
n=Number of samples.

b) Mean Squared Error (MSE): It calculates larger errors via squared differences. The
lower the value of MSE, the better the prediction model is considered. It is calculated
as

MSE= = %Zi? (y; — y;)? where y;= actual value 2

yl-A =Predicted value
n = Number of samples.

c) Coefficient of Determination (R?): Indicates the proportion of variance explained by
the model. If the value of R? =1, then the prediction is said to be a perfect prediction.

_ IR 0ii)?

R%? =1 =
izt i-y)?

where y;= actual value 3)

y; =Predicted value
n = Number of samples.
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Each metrics are calculated based on the above equation parameters and based on the obtained
value, the output is inferred. For the model to be considered as perfect prediction model, the

value of MAE, MSE should be lower and value of R? should be approximately equal to 1.
These metrics are calculated for all the five different approaches. The MLP, RF and XGBoost
models are considered as a benchmark reference models and the LSTM model and ANFIS
model performance are compared with the benchmark models to analyze which model
performs best.

4. Machine learning coding

This section presents the performance comparison of the developed LSTM and ANFIS models.
In LSTM model, two different algorithms are derived (i) Multi-Target LSTM and (ii) Multi-
Output LSTM. The MLP, RF, and XGBoost models are analyzed using key evaluation metrics
such MAE, MSE, and Coefficient of Determination (R?). In this study, the variable considered
for prediction analysis is voltage parameter. Since no controllers are introduced in the system,
the supply voltage is same as the load voltage. Hence prediction performed on supply voltage
(Vabce) is same as prediction performed on the load voltage (Vs).

a) Multi-Target LSTM (MTLSTM) Model for Power Quality Prediction

In this type of algorithm, the prediction is done for multiple target variables separately. one
LSTM model is trained to predict one target variable. In the algorithm defined below, the target
variables considered are the three-phase supply voltages Vabc1, Vabc2, and Vabe3. The model
is trained for one independent variable LSTM per target using a fixed window of 50 timesteps,
which is further used to predict the next value of the target variable. Hence, the Dense layer
with 1 neuron(output) is considered in the code. Each model computes Mean Absolute Error
(MAE), Mean Squared Error (MSE), and the Coefficient of Determination (R?) value.

Algorithm for MTLSTM:

Input:

Dataset from Excel (sheet 'AllData’)

Target Variables T: Vabcl, Vabc2, Vabc3

Hyperparameters: Time Steps = 50, Epochs = 20, Batch Size = 64
Output:

Evaluation metrics: MAE, MSE, R? for each target

Visualization: Actual vs Predicted plots and Metric Comparison Chart

Start

Load dataset from the Excel (sheet ‘AllData’)
and remove the 'Time' column from Excel sheet
Define target columns T
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Initialize lists: y_test list, y pred list, metrics_list
For each target t in T Do

Separate features X and target y, where y = column t
Normalize X and y using Min-Max scaling
Create sequences for LSTM:

Fori=1 To (length(X) - Time Steps) Do
X seq[i] = X[i: i+ Time Steps]

Y seq[i] = Y[i + Time Steps]
End For
Split X seq and Y _seq into training (80%) and testing (20%) sets
Initialize the LSTM model:
Input Layer: shape = (Time Steps, Features)
LSTM Layer with 64 units, return_sequences = TRUE
LSTM Layer with 32 units
Dense Layer with 1 neuron (output)
Compile the model with Adam optimizer and MSE loss
Train model for 20 epochs with batch size 64 and validation split = 0.2
Predict Y _pred for X test
Inverse transform Y _pred and Y _test to the original scale
Compute metrics:
MAE = Mean Absolute Error
MSE = Mean Squared Error
R? = Coefficient of Determination
Append predictions and metrics to the respective lists
End For

Visualization:
a) For each target t in T Do
Plot Actual vs Predicted for the first 100 points
Display metrics on each subplot
End For
b) Generate a bar chart for MAE, MSE, and R? across all targets

Print a summary table of metrics.
End

The pseudocode for the multi-target LSTM method derives the value of MAE, MSE, and R?
value for the three-phase supply voltage as shown in the Table 1.
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Table 1: Evaluation metrics for MTLSTM model

Three Phase | MAE | MSE | R?
Voltage
Vabcl 4.906 | 40.672 | 0.998
Vabc2 2.627 | 18.664 | 0.999
Vabc3 3.427 | 29.179 | 0.999

The plot representing the actual value and the predicted value across timestamps is shown in
the Figure 1. The plot indicates the output graph of actual voltage and predicted voltage graph
independently plotted for each voltage. It is observed that the actual and predicted graph are
almost in line to each other. In this method, since separate models are required to train each
target variable, the computational expenses are high. The main disadvantage of this type of
model is that it ignores the relationship among the target variables. In order to overcome this
disadvantage, a multi-output LSTM is developed.

Vabcl Vabc - Prediction vs Actual

\

— MAE: 4.91
MSE: 40.67
R 0.998

Voltage
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Predicted
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Time Step
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Figure 1: Actual and Predicted voltage plot for MTLSTM model for three phase voltage.
b) Multi-Output LSTM (MOLSTM) for Multi-Phase Voltage Prediction

In this type of algorithm, the prediction is performed on multiple target variables
simultaneously. One LSTM model can predict multiple target variables. Hence, the
computational expenses are reduced as compared to the multi-target LSTM model. The
algorithm also builds interdependency between different target variables.

Algorithm for MOLSTM:

Input:

Dataset D from Excel (sheet 'AllData’")

Target columns T: Vsl, Vs2, Vs3

Features: All columns except T

Hyperparameters: Time Steps = 50, Epochs = 20, Batch Size = 64
Output:

Performance metrics: MAE, MSE, R? for each target

Visualization of Actual vs Predicted voltages

Start
Load dataset
Remove the time column
Define target columns T and feature columns X cols=D\T
Split the dataset into:

X = features, y = targets

Normalize X and y using Min-Max scaling
Create sequences:

Fori=1 To (len(X) - Time Steps) Do
Append X]i : i + Time Steps] to X _seq
Append y[i + Time Steps] to y_seq

End For

Split X seq, y_seq into:
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Training set (80%) and Testing set (20%)

Define Multi-Output LSTM model:
Input Layer: shape = (Time Steps, Features)
LSTM Layer with 64 units (return_sequences = True)
LSTM Layer with 32 units
Dense Layer with N outputs (N = number of targets)
Compile the model with Adam optimizer and MSE loss
Train the model on the training data:
Epochs = 20, Batch Size = 64, Validation Split = 0.2
Predict on testing data — y pred scaled
Inverse transform y _pred scaled and y_test to the original scale
FOR each target t in T Do
a) Compute metrics:

MAE = Mean Absolute Error

MSE = Mean Squared Error

R? = Coefficient of Determination

b) Plot Actual vs Predicted for the first 100 samples

Display a summary table of metrics for all targets
End

The pseudocode for the multi-output LSTM method derives the value of MAE, MSE, and R?
value for the three-phase system voltage as shown in the Table 2.

Table 2: Evaluation metrics for MTLSTM model

Three Phase | MAE MSE R?
Voltage
Vsl 3.887393 | 51.830163 | 0.998056
Vs2 3.040819 | 25.772454 | 0.999043
Vs3 2.637553 | 28.164954 | 0.998954

The plot representing the actual value and the predicted value across timestamps is as shown
in the Figure 2. It represents the plot of actual and predicted values for three three-phase
voltages independently. It is observed that compared to MTLSTM, the value of MSE is higher

in MOLSTM. Hence ANFIS model is designed to reduce the MSE value and derive a efficient
predictive model.
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Figure 2: Actual and Predicted voltage plot for MOLSTM model for three phase
voltage.

c) ANFIS: ANFIS-Based Multi-Target Voltage Prediction

This approach integrates fuzzy logic with neural network learning, providing both
interpretability and adaptability. It uses fuzzy rules to model nonlinear relationships and an
adaptive mechanism to fine-tune membership functions and consequent parameters during
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training. This model is advantageous when rule-based decision-making is required alongside
predictive capability.

Input:
Dataset D (sheet 'AllData’)
Input feature set X cols: Vabcl, Vabc2, Vabce3
Target set T : Vsl, Vs2, Vs3
num_mfs = 3 #per input variable#
epochs =50
Output:
Performance metrics (MAE, MSE, R?) for each target signal
Prediction plots (Actual vs Predicted)

Start

Load dataset D; remove the Time column.

Form input matrix X « D[X cols].

Form target matrix Y «— D[T].

Normalize X and Y using Min-Max scaling — X norm, Y_norm.

Split X norm, Y_norm into Training (80%) and Testing (20%) sets.

num_inputs <—: number of columns in X _cols.

Generate fuzzy rule base:

rules «— CartesianProduct({0.num_mfs-1} repeated num_inputs times).
num_rules «— |rules|.

Initialize premise (membership) parameters:
For each input i and MF j: centers c[i,j] ~ U(0,1); spreads o[i,j] ~ U(0,1).

Initialize consequent parameters O[num_rules][num_inputs + 1]. // bias + linear terms

For each targett in T Do
y_train « training column of Y norm for t
y_test « testing column of Y norm fort

#Training#

For epoch =1 To epochs Do
(y_train, NormFire) «— ForwardPass(X train, ¢, G, 0, rules)
err <— y_train — y_train
loss «— MeanSquare(err)

#Update consequents by batch Least Squares#
Build design matrix A:
For each sample s:
For each rule r:
row_extend NormFire[s,r] * [1, X train[s,1], ..., X _train[s,num_inputs]]
Solve 6 « Reshape( Pseudolnverse(A) * y_train ).
IF epoch mod 10 == 0: print loss.
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End For

#Testing #
(¥ _test, )« ForwardPass(X test, c, o, 0, rules)
Rescale § test and y_test back to original units using Y scaler.
Compute metrics:
MAE « MeanAbsoluteError(y_test actual, y pred actual)
MSE « MeanSquareError(y_test actual, y pred actual)
R? « CoefficientOfDetermination(y_test actual, y pred actual)
Append (t, MAE, MSE, R?) to Results.

Plot the first 100 samples: Actual vs Predicted for target t.
End For

Display Results table (all targets).
End

The pseudocode for the multi-output LSTM method derives the value of MAE, MSE, and R?
value for the three-phase supply voltage as shown in the Table 3.

Table 3: Evaluation metrics for ANFIS model

Three phase | MAE MSE R?
voltage
Vsl 0.025215 | 0.001324 1
Vs2 0.022459 | 0.001150 1
Vs3 0.022281 | 0.001094 1

The plot representing the actual value and predicted value across timestamps is shown in the
figure. It represents the plot of actual and predicted values for three three-phase voltages
independently.
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Figure 3: Actual and Predicted voltage plot for ANFIS model

Comparative Performance Analysis of MLP, Random Forest, and XGBoost Models
Algorithm: Model Comparison (MLP, Random Forest, XGBoost)

Multilayer Perceptron (MLP): MLP is a feed-forward neural network that consists of multiple
fully connected layers, where each neuron applies a nonlinear activation function suc
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ReLU. It excels in capturing complex nonlinear relationships between input and output
variables, but does not handle temporal dependencies since it lacks recurrent connections.
Training is performed using backpropagation with optimizers like Adam.

Ensemble Models (Random Forest and XGBoost): These models combine predictions from
multiple decision trees to improve accuracy and robustness. Random Forest uses bagging,
where multiple trees are trained on random subsets of data, and predictions are averaged for
regression tasks. XGBoost employs gradient boosting, sequentially building trees that correct
the errors of previous trees. These methods are efficient for structured data and offer strong
predictive performance for non-sequential problems, but cannot model long-term dependencies
inherent in time-series data.

Input:
Dataset D with columns: Time, Vabcl, Vabc2, Vabce3, Vsl
Output: Vsl
Performance metrics: MAE, MSE, R? for each model
Summary table of comparison

Start
Load dataset D from the Excel sheet 'AllData’.
Remove column 'Time' from D.
Define:
X « {Vabcl, Vabc2, Vabc3}
y — {Vsl}
Normalize features and target using MinMaxScaler:
X scaled « scale(X)
y_scaled «— scale(y)
Split X scaled and y_scaled into:
Training set (80%) and Testing set (20%)

Define evaluation function Evaluate Model(name, y true, y pred scaled):
Inverse transform y _true and y pred scaled to the original scale
Compute MAE, MSE, and R? Score
Print metrics
Return (MAE, MSE, R?)

Phase 1: Train the MLP Neural Network
Define MLP with layers:

Input — Dense(32, ReLU) — Dense(32, ReLU) — Dense(16, ReLU) — Dense(1,
Linear)
Compile MLP with 'adam' optimizer and 'mse' loss.
Train MLP on (X_train, y_train) for 50 epochs with batch size = 64.
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Predicty pred mlp «— MLP(X test)

Evaluate MLP « Evaluate Model("MLP", y test, y pred mlp)

Phase 2: Train Random Forest Regressor

Define RandomForestRegressor with n_estimators = 100

Train RF on (X_train, y_train)

Predicty pred rf «— RF(X test)

Evaluate RF « Evaluate Model("Random Forest", y test, y pred rf)

Phase 3: Train XGBoost Regressor

Define XGBRegressor with n_estimators = 100, learning_rate = 0.1, max_depth =4
Train XGB on (X train, y_train)

Predicty pred xgb «— XGB(X_test)

Evaluate XGB « Evaluate Model("XGBoost", y test, y pred xgb)

Create results table:
Model | MAE | MSE | R* Score
MLP | Evaluate MLP
RF | Evaluate RF
XGB | Evaluate XGB
Print Model Comparison Summary.
End

The above code gives the output in terms of MAE, MSE & R? as tabulated in Table 4 for MLP
model, Table 5 for RF model and Table 6 for XG boost model. It is observed that RF model
has best prediction performance compared to MLP and XGBoost model, since it has lower
value of MAE and MSE. The R? value also equals to one, which defines the best prediction
model.

Table 4: Evaluation metrics for MLP model Table 5: Evaluation metrics for RF model

MAE MSE R? MAE MSE R?
Vsl 0.45457 | 0.270441 | 0.99999 Vsl 0.01358 [ 0.001594 | 1.00
Vs2 0.30953 | 0.151271 | 0.99999 Vs2 0.01456 | 0.001828 | 1.00
Vs3 0.29449 | 0.112273 | 0.99999 Vs3 0.01480 | 0.001545 | 1.00

Table 6: Evaluation metrics for XGBoost model

MAE MSE R’
Vsl Vs |0.687878 | 0.961183 0.999965
Vs2 Vs [0.674199 | 0.906099 0.999967
Vs3 Vs | 0.682151 | 0.921466 0.999967
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The figure 4, figure 5 and figure 6 indicates the graph plotted in terms of actual value and
predicted value for all three phase voltages separately.
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Figure 4: Actual and Predicted voltage plot for MLP, RF & XGBoost model for Vsl.
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Figure 5: Actual and Predicted voltage plot for MLP, RF & XGBoost model for Vs2.
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Actual vs Predicted (Vs3_Vs) Across Models
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Figure 6: Actual and Predicted voltage plot for MLP, RF & XGBoost model for Vs3.

\oltage

The Random Forest model exhibited the most accurate results across all voltage targets,
outperforming deep learning models in terms of error metrics. However, its suitability for time-
dependent data is limited compared to LSTM, which can better capture temporal patterns.

5. Discussion

In this section, the results of five different methods, such as multi-target LSTM, multi-output
LSTM, ANFIS, MLP, random forest, and XGBoost algorithms, are consolidated in terms of
mean absolute error, mean squared error, and coefficient of determination. The bar chart
represents the comparison of all 5 methods under three different metrics. Figure 7 shows the
representation of MAE, which indicates that the random forest algorithm has the least value of
MAE. As per the standards, the lower the value of MAE, the better the prediction model. Hence
RF model is considered as a bench mark model for determining the prediction accuracy out of
LSTM and ANFIS. By comparing the output of LSTM and ANFIS model with RF model
output, it is observed that ANFIS has least MAE error and proves to be the best predictive
model compared to LSTM.
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Figure 7: Comparison chart for Mean Absolute Error.

Figure 8 shows the representation of MSE, from which we can conclude that ANFIS has less
value of MSE compared to LSTM model. The value of MSE is almost nearer to the benchmark
value obtained from RF model. Hence even in terms of MSE, Anfis model proves to be the
best prediction model.

MEAN SQUARED ERROR[MSE]

B Vabcl ®Vabc2 Vabc3

28.164954

I 1330163

~ <

s o <

8 o

g g o R
L © w3 I n D S R R S & 9 8 & 8
n S - 3 o 2 S 3 A S S 34 o 8 I
E o o o R 0 o o o o © O o
& & o N o o S & o o & o
I I S S o S o o S S S S S o
MTLSTM MOLSTM ANFIS MLP RANDOM XGBOOST

FOREST

Figure 8: Comparison chart for Mean Squared Error.

Figure 9 shows the representation of R? value, which indicates that the random forest algorithm
has the highest value of R?, i.e, 1. As per the standards, if R? = 1, it is considered to be the best
prediction model. ANFIS model also has the R? value equal to 1. This proves that ANFIS is
best prediction model in terms of R? also.
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Figure 9: Comparison chart for coefficient of determination value.

Hence, the study justifies that ANFIS model have the best prediction capability compared to
LSTM model in terms of all evaluation metrics. This prediction can be further used to generate
control signal to provide suitable compensation for the voltage related PQ issues in terms of
reactive power injection.

6. Conclusion and future scope

This study presents an intelligent power quality forecasting framework using LSTM and
ANFIS models, benchmarked against conventional machine learning techniques. Through
simulation-based data generation and structured time-series analysis, multiple models were
trained and evaluated under identical conditions to ensure fair comparison.

The ANFIS models demonstrated high predictive accuracy, confirming their effectiveness in
handling sequential PQ data. LSTM model, both multi-target and multi-output model, provided
an interpretable alternative with competitive performance. Among the benchmark algorithms,
Random Forest emerged as the top performer in terms of numerical accuracy, though it lacks
the ability to model temporal dependencies.

Overall, the results validate the potential of deep learning and neuro-fuzzy systems in
enhancing proactive power quality management in smart grids. The proposed approach can be
extended to include additional PQ parameters and real-time deployment for advanced fault
detection and grid optimization. Future work may involve integrating real sensor data,
optimizing model parameters further, and exploring ensemble strategies that combine temporal
learning with feature interpretability.
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