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Abstract

Increasing variability in electricity load patterns, driven by end-use behaviour, grid-related
technological changes, and socio-economic factors, calls for more accurate and efficient
short-term load prediction (STLP) models. This study evaluates the predictive perfor-
mance of four hybrid models for short-term Amp-load prediction: Adaptive Neuro-Fuzzy
Inference System (ANFIS) combined with Genetic Algorithms (GA) and Particle Swarm
Optimisation (PSO), as well as convolutional neural networks (CNN) integrated with
long short-term memory (LSTM) and extreme gradient boosting (XGB). The models were
developed using hourly Amp-load data collected from a power utility substation in Kenya,
together with corresponding meteorological data (temperature, wind speed, and humidity)
covering a period from January 2023 to June 2024. Results show that the ANFIS-PSO
and ANFIS-GA models outperform the CNN-based models, achieving MAPE values of
4.519 and 4.363, RMSE values of 0.3901 and 0.4024, and R? scores of 0.8513 and 0.8481,
respectively, due to the adaptive nature of ANFIS, which enables effective modelling of the
irregular, nonlinear, and complex temporal behaviour of the Amp load. Enhanced predic-
tion accuracy was observed across all models when variational mode decomposition (VMD)
was applied to pre-process the input data. This result was corroborated through further
analysis of the Amp-load signals using Taylor plots. Among all of the configurations tested,
the CNN-LSTM-VMD model exhibited the highest overall prediction accuracy, with MAPE
of 2.625, RMSE of 0.1898, and R? of 0.9702, marginally outperforming the ANFIS-PSO-VMD
model, thus making it more suitable for short-term load prediction applications.

Keywords: machine learning; fuzzy inference system; neural networks; load demand;
optimization

1. Introduction
1.1. Context of Short-Term Load Prediction

Accurate and efficient short-term electrical load prediction (STLP) plays a vital role in
ensuring reliable power system operation and cost-effective energy dispatch. Moreover,
as power grids increasingly integrate variable renewable energy from non-dispatchable
energy sources, along with smart metering infrastructure and electric mobility systems,
the importance of accurate STLP has become even more apparent. Errors in short-term
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electric load predictions can significantly affect the availability of generation units, unit
commitment, economic dispatch of scheduled units, spinning reserve allocation, as well as
overall system losses and stability margins [1].

A load in an electrical grid can be measured as apparent power (KVA) or inferred
from line current at a transformer or feeder at a given operating voltage and power factor
(Amp load). Therefore, the profile of Amp load follows the pattern of power consumption
of a network. Normally, power is transmitted from the generating units to substations at
high voltage, then distributed from substations to transformer stations at medium voltage.
According to the IEC 60038 standard, medium voltage (MV) is defined as voltages from
over 1 KV to 35 KV.

The available literature over an eight-year period (2015-2022) indicate that 54% of
electricity load prediction studies relied on weather, time and economic factors, whereas the
remaining 46% focused on household behaviour patterns and historical energy consump-
tion data [2-7]. This distribution highlights the methodological acceptance and feature
importance of weather features and historical load in future load prediction modelling.
Time-related effects include calendar parameters such as the day of the week and hour of
the day, as well as seasonal influences like calendar holidays. Variations in electric load de-
mand over time are periodic and mirror human activity patterns, including work routines,
social time, and sleeping cycles. These time effects became strongly evident during the
early COVID-19 period when most industrial and commercial units closed or operated on
reduced capacities, leading to noticeable changes in load demand levels, alongside a shift
in domestic electricity consumption driven by the widespread adoption of the ‘work-from-
home’ policy. Weather is often considered a pivotal point that can lead to power system
unreliability by lowering power supply efficiency [8]. For countries around the Equator,
the weather factors that are widely used for STLP include temperature, humidity and wind
speed. The accuracy of STLP can be enhanced by employing hybridized forecasting mod-
els with the integration of weather variables, historical load data and time-based factors.
Despite being a widely researched area of study, there remains some open questions that
need further research, such as the optimality of input data and the hybridization approach.

In this paper, the STLP performance of hybridized machine learning (ML) models
based on artificial neural networks, decision tree ensembles and a fuzzy inference sys-
tem approach with different learning algorithms and data decomposition are evaluated
and compared. The results can provide decision-makers with valuable insights towards
improving the choice of ML optimization algorithms and hybridization approach for
STLP applications. Therefore, the primary contributions and novelty of this study are
summarized as follows:

e The study provides a comparative benchmark for medium-voltage Amp-load
forecasting under consistent hybridization and variational mode decomposition
(VMD) pre-processing.

e  Dual-stage evaluation of the performance of the hybridized ML models on both train-
ing and testing datasets provides enhanced understanding of the models’ performance
characteristics and valuable insights for practical applications.

1.2. Short-Term Load Prediction Techniques

Short-term electricity demand prediction has been widely investigated, with exist-
ing methods in the literature commonly grouped into two broad categories: statistical
(time-series) methods and machine learning (artificial intelligence) approaches. Statisti-
cal methods model electricity demand by capturing trends and seasonal patterns using
historical data. However, a fundamental limitation of these methods is their inability to
effectively represent the complex and nonlinear relationships between future electricity
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demand, past load behaviour, and meteorological variables, which often results in reduced
prediction accuracy [1]. To address the challenges of statistical methods, machine learning
(ML) methods have been widely utilized for short-term electricity demand predictions. ML
approaches employ diverse optimization techniques to model nonlinearities and enable
adaptive learning without requiring prior assumptions about load—-weather relationships.
ML algorithms are trained based on available data to generate an outcome by supervised
or unsupervised learning.

Recent studies in the literature on STLP have predominantly employed individual
machine learning (ML) techniques using weather data, time factors and past load data
as predictors [9-13]. While the individual ML models achieved acceptable accuracy, they
tended to overfit or underfit especially where the data was noisy. Indeed, it is noteworthy
that each individual ML method has some inherent deficiencies and their performance
varies under different conditions, which poses limitations in practical applications. In
order to address the limitations of individual ML methods and improve the efficiency and
accuracy of the predictions, several studies have proposed hybridization of ML techniques.
As reported in the literature [2,14-20] different hybrid ML-based models for electrical
load prediction consistently improved the prediction accuracy by almost 3.5% compared
to the closest-performing individual model. From this finding, it is apparent that the
hybridization of ML-based techniques is the best approach to improve prediction accuracy.
While the improvement may appear marginal, in power system forecasting even small
percentage reductions in error translate into significant economic benefits. In this study, the
predictive capability of four hybrid machine learning models is comparatively evaluated.
The models comprise an adaptive neuro-fuzzy inference system (ANFIS) combined with
Particle Swarm Optimization (PSO), an ANFIS combined with Genetic Algorithms (GAs),
convolutional neural networks (CNN) coupled with a long short-term memory algorithm
(LSTM), and CNN integrated with an extreme gradient boosting (XGB) machine.

2. Machine Learning Methods for STLP

The basics and structure of the algorithms for each of the proposed ML models are
presented and discussed here. However, the detailed mathematical theory of these models
is widely available in the literature and will not be presented in this paper.

2.1. Convolutional Neural Networks (CNN)

A CNN is a deep neural network technique with the capability to extract local trends
from contiguous data [21]. Figure 1 adapted from Tudose et al. 2021 [21] is a schematic
representation of the structure of CNN model.

Convolutional Fully

Flattening layer connected layer

Dropout layer
Figure 1. Schematics of typical CNN model structure.

The input layer accepts the input data and passes it to the subsequent layers. The
convolution layer applies a set of filters/kernels to the input data to extract features from
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the data. Considering a one-dimensional input, the convolution operation can be described
by the following equation:

S(i) = (IxK)(i) = )_I(i+n) x K(n) 1)
n
where * represents the convolution operator, while I and K are the one-dimensional input
and the kernel, respectively. The output of the convolution operation is the feature map.
A nonlinear activation function is applied to the output of the convolutional layer to
introduce nonlinearity into the network. The pooling layer reduces the spatial size of the
feature maps generated by the convolutional layer by down-sampling them, i.e., it extracts
the maximum or average value of adjacent elements from a feature map. The dropout layer
randomly drops out some of the neurons in the network by randomly setting a fraction of
the activations to zero during training to prevent overfitting. The flatten layer converts the
multi-dimensional feature maps generated by the previous layers into a one-dimensional
vector that can be passed to a fully connected layer. The fully connected layer connects
every neuron in the previous layer to every neuron in the current layer, while the output
layer produces the final output of the network. However, it is noteworthy that the number
of layers and their configuration in the CNN model depends on the characteristics of the
input data.

2.2. Long Short-Term Memory (LSTM)

LSTM models are extensions of recurrent neural networks (RNNs) that can handle
sequential data. LSTM models were developed to overcome the vanishing and exploding
gradients problem, which occurred with conventional RNNs when processing information
that requires long-term or short-term dependencies. They have memory cells and gates
that allow them to selectively remember or forget information from previous time steps.
The fundamental structure of an LSTM module consists of three logistic sigmoid gates and
one tanh layer as displayed in Figure 2 [19]. Each one of these gateways takes on a state
variable at a particular time phase.

——F—

Tl Cell State
+ Cy >

) Input Gate

tanh

Figure 2. Fundamental structure of LSTM model.

The input gate uses a sigmoid function to control information that is passed from the
current input and the previous hidden state into the memory cell while the forget gate
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decides how much information from the previous memory cell enters the current memory
cell. The memory cell is the internal state of the LSTM. The output gate uses the sigmoid
function and tanh function to control the flow of information from the memory cell to the
current hidden state and output [16]. The study by Muzaffar and Afshari [22] revealed that
the LSTM model has the potential to predict electric demand load for short time horizons.
The main drawback of an LSTM is the tendency to overfit and the difficulty with applying
a regularization technique to curb this issue. Combining LSTMs with other deep neural
networks like CNNs can mitigate the shortfall and improve the quality of predictions as
demonstrated in the work by Guo et al. [23].

2.3. Adaptive Neuro-Fuzzy Inference System (ANFIS)

ANFIS is a hybrid system of neural networks and fuzzy systems, with the ability
to make fuzzy logic decisions with neural network computational capability. The fuzzy
system component defines the membership functions while the neural network component
is used to automatically extract fuzzy IF-THEN rules from numerical data and adaptively
tunes the parameters of the membership function through a hybrid learning process [24].
A membership function maps crisp input values to a fuzzy degree (between 0 and 1),
indicating how much the input belongs to a fuzzy set as described by Equation (2), where
#A(x) is the membership value, x is the input value and A is a fuzzy set. This approach
leverages the trainability of neural networks and the high decision-making power of fuzzy
systems in conditions of uncertainty and certainty.

Considering a first-order Sugeno fuzzy model with two inputs x and y and one output f,
a rule set with two fuzzy if-then rules can be expressed as shown in Equations (2) and (3), in
which p1, 41, and 1 and ps, g5, and 1, denote consequent parameters learned during training,
and Aj, Ay, B, and B, are fuzzy membership functions [25,26]:

Rule 1: IF (x = Ay and y = B1) THEN (f1 = p1x + g1y + 11) (2)

Rule 2: IF (x = Ay and y = By) THEN (f5 = pox + goy + 1) 3)

The equivalent ANFIS network structure can be described by Figure 3, which com-
prises five layers. Layer 1 is the input or fuzzification layer that converts numerical inputs
into fuzzy values using membership functions. Layer 2 is the rule layer that applies fuzzy
inference rules to model relationships in the data. Layer 3 is where normalization is per-
formed using the weights of all neurons in the layer, ensuring the rule strengths sum to 1.
Defuzzification occurs in layer 4 converting fuzzy output into a crisp predicted value while
the final output is produced in Layer 5.

Layer 1 Layer 4
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‘;;;/’ \ - Normalization | |
"““ Multiplication ‘ol
Xy
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Figure 3. The structure of the ANFIS network.
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2.4. Genetic Algorithms (GAs)

A genetic algorithm (GA) is a search-based algorithm for solving constrained and
unconstrained optimization problems based on principles inspired by natural genetics to
evolve solutions to problems. The basic idea is to maintain a population of chromosomes
that represents candidate solutions to a problem, and the candidate will evolve over a
period of time through competition and controlled variation. Details of the GA framework
can be reviewed in the work by Katoch et al. [27] and other studies available in the literature.
Figure 4 is a flowchart of a GA solution search process. The algorithm terminates when
either a maximum number of generations has been produced, or a satisfactory fitness level
has been reached for the population.

Population initialization Is termination No
& fitness evaluation criterion satisfied?

Yes l

Start Output best solution Selection
(select parents)

Selection & fitness evaluation Reproduction
(update the population) (generate offsprings)

Figure 4. Flowchart of the general framework of a GA solution search.

Ray et al. [28] successfully applied a GA to obtain the optimal parameters for an LSTM
model, which was then applied to predict the hourly electricity load using hourly weather
data obtained from the Australia Bureau of Meteorology and hourly electricity load data
obtained from the Australian Energy Market Operator. Also, Santra and Lin [29] used a
hybrid model with LSTM and a GA to predict hourly to daily electricity load one hour to
one week ahead, with good accuracy.

2.5. Particle Swarm Optimization (PSO)

PSO is a collective intelligence algorithm based on the concept of swarm intelligence,
with ability to perform a global search and optimization [24]. A population of random
solutions is used to initialize the PSO algorithm and the search for an optimal solution is
done by updating the positions of the particles at each successive iteration. PSO scatters a
population (swarm) of candidate solutions (particles in a swarm), and the movement of
each particle is affected by its best position and the best position of the swarm. The basic
structure of the PSO algorithm in shown in Figure 5. Details of the governing equations for
PSO algorithms are widely available in the literature and will not be repeated here. PSO has
been used by different researchers to improve the performance of artificial neural network
models in various prediction applications. Ozerdem et al. [30] used PSO for short-term
electric load forecasting. The results obtained showed that the PSO-optimized feedforward
networks are suitable regressors for modelling energy demand. In another study, Chafi
and Afrakhte [31] applied a deep neural network and PSO in short-term load forecasting,
achieving fast convergence and a relatively low mean absolute error. This was further
explored by Hong and Chan [32], who combined PSO and a CNN to study hourly load data
in Taiwan Power Company. The simulation results indicated better predictive performance
in comparison to an Autoregressive Integrated Moving Average model, which underscores
the merits of PSO.
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Initialize population of particles for PSO‘

| Evaluate the fitness function |

Y
Convergence test e > Output results
NO

Update best position for each particle (pPest)
and best position for the swarm (g°est).

Update velocity and position of each particle

Figure 5. Particle swarm optimization (PSO) algorithm.

2.6. Extreme Gradient Boosting Tree Ensemble (XGB)

A decision tree ensemble model is a machine learning method that combines multiple
decision trees to make better and more generalized predictions. Each decision tree in the
ensemble takes input data and splits it into smaller groups based on different features. Each
split creates branches and at the end of these branches are the predictions. The ensemble
combines all these individual predictions to make a final, more accurate prediction [33,34].
Figure 6 represents the structure of the XGBTE search algorithm.

Data Set Sample data

D, D, D

residual residual residual

Construction of

decision-trees

Final Output

Final Results
Figure 6. Structure of the XGBTE search and prediction algorithm.

Gradient boosting builds an ensemble of decision trees sequentially such that the set
target outcomes are dependent on the gradient of the error versus the prediction. Each new
tree model added to the ensemble tries to correct the errors made by previous ones. At the
m-th iteration, a simple tree model h;,(x) is added to the previously built overall model,
and it is fitted to predict the residuals of the model H,, _1(x) available from the previous
(m — 1)-th iteration, giving a new prediction model, H;;(x). The parameter 7 is the learning
rate (scaling factor).

Hp(x) = Hy—1(x) + 17l (x) 4

The final prediction is the weighted sum of the predictions from all of the trees. A
loss function is optimized using the gradient descent method, reducing errors iteratively.
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One drawback of this technique is the possibility of the solution becoming too complex
and overfitting the data, leading to poor generalization. To optimize the performance, it is
essential to tune the hyperparameters (number of trees, learning rate, tree depth, minimum
samples per leaf and shrinkage).

3. Materials and Methods
3.1. Hybridization of the Models

This study explores the hybridization of machine learning (ML) models and the
application of different learning and optimization algorithms in short-term electric load
prediction to overcome the limitations inherent in individual ML algorithms. Four different
hybrid ML models are evaluated, namely CNN-LSTM, CNN-XGB, ANFIS-PSO, and ANFIS-
GA. The basics and structure of the algorithms for each of these models are presented and
discussed in the sections that follow.

3.1.1. CNN-LSTM

The structure of the CNN-LSTM model assessed here involves convolutional neural
network (CNN) layers for feature extraction (spatial and local temporal patterns) on input
data combined with LSTMs to support learning and Amp-load prediction. The LSTM
uses cells and gates to regulate information flow through the network, and can memorize
information over longer sequences, thereby overcoming the vanishing gradient problem.
Figure 7 illustrates the algorithm for the CNN-LSTM model implementation. A rectified
linear unit (ReLU) activation function has been used for each convolutional and fully
connected layer.

CNN LSTM Fully

I layers layers connected
ayer T P en | layer

[nput

Output
layer

=

1 ]
] ]
1 ]
] I
i i
] I
] 1
1 ]
1 ]
| i
i |
] ]

]

L]
[

Figure 7. Flowchart of the algorithm for the integrated CNN-LSTM Model.

3.1.2. CNN-XGB

The hybrid model of a CNN combined with XGB leverages both deep learning and
ensemble learning for robust short-term load prediction. The CNN component extracts
features (captures spatial dependencies) from historical load data and other input variables
using convolutional layers. The extracted feature maps are flattened into feature vectors.
The feature vectors are passed into XGB, which builds multiple decision trees and optimally
weights them using gradient boosting. The trained model predicts the short-term electricity
load using the optimized tree ensemble where each decision tree casts a vote and the
ensemble predicts the majority vote of all of its trees. Figure 8 is a schematic representation
of the training and prediction algorithm.

3.1.3. ANFIS-PSO

The ANFIS-PSO system combines metaheuristic optimization and fuzzy logic-based
modelling for accurate short-term load prediction. In this study, the ANFIS was initialized
with fuzzy membership functions and inference rules to predict the Amp load through
adaptive learning. The Gaussian membership function was used because it is smooth and
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differentiable and provides better adaptability for machine learning models. The optimized
ANFIS model learns from historical data and updates the parameters accordingly. The
trained ANFIS-PSO system was then applied to predict the short-term Amp-load. Each
particle in PSO represents a candidate set of ANFIS parameters. Figure 9 illustrates the
ANFIS-PSO algorithm.

Input CNN XGBoost
| layers P
ayer T P : L : g e : Ou‘tput
% | 3 :f—_,:.:g layer
| 1 Y
I —>1 i ¢ 9 |
| e "Um Uil | ] leess
] i
0 | : ki @
: | ¥ 9
*********************************************** Iy

Figure 8. Flowchart of the algorithm for the integrated CNN-XGB model.

Initialize the data

TPSO Optimization

the param of

each ANFIS-PSO

!

Y Set particle parameters &
Evaluate objective |

function ()

Fuzzy set for ANFIS-PSO

Generate all initial parameters
for each ANFIS-PSO particle

Stopping criteria

Apply local search
to find fitness function

| F’red‘iction |

b4

@ ——nitialize p"** & select g

Figure 9. Flowchart of ANFIS-PSO algorithm.

The particle velocities and positions are updated based on their own best solution
(pbest) and the global best solution (gbest) using velocity and position update formulas:

vi(t+1) = wo;(t) + ¢y r1 (pbest; — x;(t)) + cara (gbest(t) — x;(t)) (5)

xi(t—i—l) :xi(t)+vi(t+1) (6)

where w is inertia weight, ¢; and c; are learning factors, 1 and r, are random values, v; is
particle velocity and x; is particle position.

3.1.4. ANFIS-GA

The hybrid ANFIS-GA model integrates the learning capabilities of ANFIS with the
global optimization power of GAs. The GA optimizes the structure and parameters of the
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ANFIS by simulating evolutionary selection and mutation. The ANFIS parameters (shape,
centre, and spread of membership function, weights in the neural network structure, fuzzy
rules) are encoded into a genetic representation as genes in a chromosome. The fitness of
each chromosome is evaluated using the ANFIS prediction accuracy, which is RMSE for
this study. The GA selects the best-performing solutions and evolves them over iterations
(crossover and mutation). The best set of parameters is used for ANFIS training and the
best-trained ANFIS model is used for prediction. Figure 10 illustrates the ANFIS-GA.

Population
initialization by GA

Using GA Operators

Build ANFIS structure using for next iteration
generated parameters | [ T

\
ANFIS Model

Crossover

Evaluate fithess
function with GA

Stopping criteria

A

Figure 10. Flowchart of ANFIS-GA.

3.2. Dataset

The actual historical load data covering the period of January 2023 to June 2024,
comprising hourly electrical Amp load, was obtained from the Rivatex substation in Kenya.
The data was recorded from a 45 MVA transformer operating at distribution voltage of
33 KV/11 KV. The Amp load was measured at the circuit breakers (CBs) connecting the
transformer to different load feeders. The CBs were rated at 80% of the total load. The
weather data, consisting of temperature, wind speed, and humidity were obtained from
a Moi University weather station, within the neighbourhood of the Rivatex substation.
Figure 11 depicts the normalized hourly Amp-load profile spanning one week (168 hourly
loads) as recorded at the Rivatex power utility substation. To capture the complex features
of the load profile, the Amp load values from the previous week’s hourly loads were used
alongside the weather data as input to the model.

3.3. Data Processing

Data pre-processing was performed on the raw dataset to remove distorted data and
unwanted variabilities that are not related to the feature variables, such as a sudden drop
of load resulting from a change in large industrial or commercial load in the grid. The
initial step was to clean the data by correcting erroneous data, removing duplicate entries
and addressing missing values. The missing values were handled through imputation,
while outliers were removed using a z-score method in MATLAB 2017a. This method is
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preferable when compared with simple statistical rules (e.g., mean filtering or interquartile
range) or regression-based methods because it is simple, scale-independent and adapts
better to varying load levels. Thus, it prevents possible the misclassification of peak-hour
loads as outliers to preserve the underlying load demand pattern. The noise in the historical
data was reduced using moving average smoothing. The data was then normalized by
mean centering and variance scaling in order to ensure consistent predictions and avoid
the disproportionate influence of various features. The pre-processed dataset contained
12,000 datapoints that were divided into a training part (75%), and a testing and validation
part (25%). Note that owing to very high number of datapoints and the narrow interval,
plotting the data before cleaning and smoothing is not feasible as the plots generated from
raw data are excessively dense and visually cluttered.

1 o
©
o
o
= 0.8
o
£
<
9
& 069
©
£
5
> 0.4+
Sun Mon Tue Wed Thur Fri Sat
0.2 T T T T T T 1
0 24 48 T2 96 120 144 168
Hours

Figure 11. Normalized hourly aggregated demand profile for one week (December 2023).

Figure 12 shows the statistical distribution of the data, while Figure 13 shows the
correlation analysis results between the Amp load and weather variables. The dependent
variable is the Amp load, and the independent variables are the weather parameters. The
colour bars in the right of each figure represent the range of the correlation coefficient, and
the numbers in the figure represent the correlation coefficient. Among the weather variables,
air temperature has the most significant impact on the Amp load with a correlation of 0.43.

500 Load (A) 2000 Temperature (°C)
= =
£ 400 2
= =1 1000
2 200 L
L L
0
10 20 30
Windspeed (m/s) Humidity (%
2000 2000 y (%)
) =
Qo Q
[ [
S 1000 S 1000
8 g
B WHWWWM - |
0 0
10 20 30 0 50 100

Figure 12. Statistical distribution of the data.
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Figure 13. Correlation heat map of the variables.

3.4. Summary of Hyperparameters

The hybrid models were implemented in MATLAB, with custom optimization routines.

The simulations were conducted on a Windows-based workstation using an Intel Corei7

CPU with 16 GB RAM. The key hyperparameters are summarily presented in Table 1.

Table 1. Summary of the hyperparameters.

Model Component Hyperparameter Values
CNN-LSTM CNN Number of Conv1D layers 2
Number of filters 64
Kernel size 3
Activation function RelLU
LSTM Number of LSTM layers 75
Dropout rate 0.2
Neurons 200
Fully connected layers 1
Training Learning rate 0.001 (base)
Batch size 24
Epochs 48
Loss function MSE
CNN-XGB CNN Number of Conv1D layers 2
Number of filters 64
Kernel size 3
Activation ReLU
XGB Model type XGBoost
Number of trees (estimators) 100
Learning rate 0.01
Maximum depth 8
Subsampling rate 1.0
Loss function MSE
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Table 1. Cont.

Model Component Hyperparameter Values
ANFIS-PSO ANFIS Number of inputs 4
MFs per input 3
MF type Gaussian
Number of fuzzy rules 16
PSO Swarm size 25
Inertia weight (w) 0.8
Maximum iterations 1000
Fitness function RMSE
ANFIS-GA ANFIS Number of inputs 4
MFs per input 3
MEF type Gaussian
GA Population size 25
Number of generations 100
Crossover rate 0.7
Mutation rate 0.09
Selection method Roulette wheel
Fitness function RMSE
4. Results

This study explored different hybridizations of machine learning models and evalu-
ated their comparative prediction performances. The models were hybridized to assess
the effectiveness of combining different machine learning algorithms to improve accu-
racy and reliability in predicting Amp-load behaviour over short time horizons. The
results of the study are presented in this section. The Amp-load data was recorded at a
one-hour resolution.

4.1. Model Training and Testing

A fitness function (objective function) was employed for the training and testing of
the proposed hybrid models. Three frequently used metrics described by Equations (7)—(9),
namely the mean absolute percentage error (MAPE), root mean square error (RMSE) and
coefficient of determination (R?) were utilized to evaluate the performance of the models.

A

100% &

MAPE = =" % ?)
i=1 !
AN2
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RMSE = | =} (vi = §i) ©)
i=1

Presented in Figure 14a—d are the outcomes of model training and testing for the four
hybrid models considered, i.e., ANFIS-PSO, ANFIS-GA, CNN-LSTM, and CNN-XGB.

4.2. Model Training and Testing with Load Data Decomposition

To improve the accuracy of prediction, the Amp-load data was pre-processed using
the variational mode decomposition (VMD) technique. The raw Amp-load signal was
broken down into sub-signals called Intrinsic Mode Functions (IMF) with distinct spectral
characteristics to extract intrinsic features related to Amp-load pattern. This enables
better analysis of the load data by reducing the uncertainty and irregularity in the load
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data. Details of VMD can be reviewed in the work by Ahajjam et al. [35]. The influential
parameters, mode number and the penalty factor need to be determined in advance. The
default value of the penalty factor, o« = 2000, is used in this paper. The data was decomposed
into 7 IMFs as shown in Figure 15. The optimal number of modes was determined by
k-means clustering of the data. In determining the number of modes, it is noteworthy that
a high number of modes may result in mode mixing or purely noisy modes, whereas a
low number of modes may lead to duplicate modes [36]. Highly correlated IMFs were
grouped and recombined into representative sub-signals to avoid multicollinearity. The
reconstructed signal (formed from clustered IMFs) was then used as the input load feature
for the hybrid models.

All the CNN hybridized models incurred a shorter training time of between 1 and 2 min
compared to the ANFIS hybridized models that incurred a relatively longer training time of
between 4 min and 4 min 26 s.
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(c) Training CNN-LSTM
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Figure 14. Results of the model training and testing: (a) training and testing of the ANFIS-PSO model;
(b) training and testing of the ANFIS-GA model; (c) training and testing of the CNN-LSTM model;
(d) training and testing of the CNN-XGB model.

Presented in Figure 16a—d are the results of model training and testing with variable
mode decomposition of the load data for the four hybrid models considered, i.e., ANFIS-
PSO, ANFIS-GA, CNN-LSTM, and CNN-XGB.
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Figure 15. Variational mode decomposition (VMD) of load signal.
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(d) Training CNN-XGB-VMD
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Figure 16. Results of the model training and testing with load data decomposition: (a) training
and testing of the ANFIS-PSO-VMD model; (b) training and testing of the ANFIS-GA-VMD model;
(c) training and testing of the CNN-LSTM-VMD model; (d) training and testing of the CNN-XGB-
VMD model.

5. Discussions

The predictive performance of the four hybrid models was analyzed using three key
metrics, namely the MAPE, RMSE and R?. The results are compared using radar plots
as shown by Figure 17. The models with a lower MAPE and RMSE and a higher R? on
the testing data perform better. From Figure 17, it is noticeable that hybrid models with
variational mode decomposition (VMD) are highly effective for STLP, achieving relatively
low MAPEs and RMSEs, with high R2 scores. Overall, two hybrid models, CNN-LSTM-
VMD and ANFIS-PSO-VMD, outperformed the other models in all metrics.

For the models tested without data decomposition, ANFIS-GA and ANFIS-PSO
achieve slightly lower MAPEs and RMSEs, and higher R?s, suggesting better predic-
tive accuracy than the CNN-LSTM and CNN-XGB models. Nonetheless, it is noteworthy
that models based on evolutional optimization (PSO, GA) show competitive results when
properly tuned [24,28]. The ANFIS can capture fuzzy rules and learn them adaptively,
enabling accurate approximation of nonlinear relationships, and when optimized with GA
or PSO, it can fine-tune rule sets and membership functions efficiently [25].

For the deep-learning models, CNN-LSTM outperformed CNN-XGB in terms of
MAPE and RMSE, indicating marginally lower error magnitude on average and better
handling of peak loads. The relatively inferior performance by CNN-XGB is attributed to
the design of the CNN that is optimized for spatial data and is not efficient for capturing
temporal patterns observed in electric load behaviour.
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Figure 17. Radar plots of the performance metrics for the hybrid models assessed.

The quality of the predictions by the hybrid models presented here was further com-
pared using the Taylor plots as shown in Figure 18, based on the actual Amp-load signal
and not standardized scores. These plots enable direct visual assessment of how closely
each hybrid model matches the observed load in terms of amplitude (standard deviation),
pattern similarity (correlation) and centred root mean square error. They are particularly
appropriate for comparing machine learning models, where pre-processing techniques
such as data decomposition or feature extraction may change the variance characteris-
tics of the predicted model. The balance between standard deviation (radial distance),
correlation and RMSE determines overall model quality [37]. The observed data repre-
sents the reference point with standard deviation equal to that of the observations. If
the model point lies farther from the origin than the reference point, it has a larger stan-
dard deviation than the observations, and if it lies closer, it has lesser variability than
the observations. However, a significantly lower standard deviation would indicate an
over-smoothing effect, which may lead to the loss of critical patterns in the load signal,
such as peak loads. The angle from the x-axis represents the correlation coefficient. The
smaller the angle (model point is closer to the x-axis), the higher the correlation with the
observations. Hence, a point that lies directly on the x-axis has a correlation coefficient
of 1. The centred root mean square error (RMSE) is represented by the Euclidean dis-
tance of the model point from the reference point. A smaller distance corresponds to a
smaller RMSE.

From the results displayed by Figure 18a,b, models trained and tested with data de-
composition (VMD) lie closer to the reference point, with a correlation coefficient closer to
unity, which demonstrates their superior predictive performance. The results corroborate
our initial findings whereby hybrid models demonstrated better performance than convo-
lutional deep learning hybrid models in short-term load prediction. But variational mode
decomposition of the load data improved the prediction accuracy across all models.
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Figure 18. Taylor plots of (a) training data and (b) testing data.

6. Conclusions

This paper presents a comparative assessment of the prediction performance of hy-
bridized machine learning (ML) models comprising convolutional neural networks with
long short-term memory networks and gradient boosting ensembles, and a fuzzy inference
system with evolutionary optimization, for short-term Amp-load prediction in medium-
voltage electric networks. Based on three statistical indicators, namely MAPE (for accuracy),
RMSE (for error minimization) and R? (for predictive power), and without data decomposi-
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tion, the adaptive neuro-fuzzy hybrid models with evolutionary optimization (ANFIS-PSO,
ANFIS-GA) achieved better performance against CNN-based models. The performance
metrics were further evaluated using Taylor plots, which corroborated these findings. The
relatively inferior performance by the convolutional neural network hybrid models (CNN-
LSTM, CNN-XGB) is attributed to the design of a CNN that is not optimized to model time
dependencies, but spatial data. The feature representation in the CNN occuring through
convolving learnable filters (kernels) is not efficient for capturing temporal patterns ob-
served in electric load behaviour. The results indicate that if tuned well, hybrid models
based on an adaptive neuro-fuzzy approach and optimized with evolutionary algorithms
are well suited for short-term load prediction in medium-voltage electric networks given
the temporal pattern of the Amp-load behaviour.

Lastly, the pre-processing of the load data by variational mode decomposition (VMD)
improved the prediction accuracy of all the models, owing to enhanced feature extraction.
When VMD pre-processing was applied, CNN-LSTM-VMD and ANFIS-PSO-VMD out-
performed the other models in all metrics. Overall, CNN-LSTM-VMD achieved the best
performance, marginally surpassing ANFIS-PSO-VMD.

It is noteworthy that the generalizability of our findings is limited by the single-substation
dataset. The future work will extend to multi-substation and network-wide forecasting.
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Abbreviations

The following abbreviations are used in this manuscript:

VMD  Variational Mode Decomposition
STLP Short-Term Load Prediction
CNN Convolutional Neural Networks
LSTM  Long Short-Term Memory

XGB Extreme Gradient Boosting

ML Machine Learning
PSO Particle Swarm Optimization
GA Genetic Algorithms

ANFIS  Adaptive Neuro-Fuzzy Inference System
MV Medium Voltage
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MAPE Mean Absolute Percent Error
RMSE  Root Mean Square Error

IMF Intrinsic Mode Functions
RNN Recurrent Neural Networks
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