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A B S T R A C T

The widespread adoption of low-carbon technologies, such as photovoltaics, electric vehicles, heat pumps, and
energy storage units introduces challenges to distribution network congestion and power quality, particularly
raising concerns about voltage stability. Enhanced voltage visibility in low-voltage networks is increasingly
vital for active grid management, making efficient voltage forecasting tools essential. This study introduces
a novel data-driven approach for forecasting node voltages in low-voltage networks with high penetration
of low-carbon technologies. Using time series of power measurements from smart meter data, the study
integrates an Extreme Learning Machine with the Single Candidate Optimizer to enhance computational
efficiency and forecasting accuracy. The model is validated using smart meter datasets from two different
low-voltage networks with low-carbon technologies and is compared with several established machine learning
models. The results demonstrate that the optimization algorithm significantly improves the tuning of model
parameters, achieving up to a 17-fold reduction in computation time compared to the fastest metaheuristic
methods implemented. The proposed model demonstrated superior accuracy, with an average voltage deviation
of 0.56%. Although the computation time per node achieved is not yet suitable for real time applications, the
study shows that the optimization method significantly improves the performance of the forecasting tool.
1. Introduction

The global energy transition is accelerating with the increasing
adoption of low-carbon technologies (LCTs) such as solar photovoltaic
(PV) systems, plug-in electric vehicles (EVs), heat pumps (HPs) and
energy storage units [1]. For example, the rooftop solar PV market
increased by 50%, with installations reaching 118 GW, up from 79 GW
the previous year [2]. Similarly, the home and public EV infrastructure
expanded by 40% in 2023 compared to 2022 [3]. By 2030, HPs are
projected to heat 40% of residential buildings and 65% of commercial
buildings in Europe [4]. However, the higher integration of these
technologies poses significant congestion and power quality challenges
to low voltage (LV) distribution networks [5]. These challenges can
cause voltage stability issues, resulting in inefficiencies and threats to
network security [6]. Current network planning and operating deci-
sions often rely on assumptions and estimates regarding voltage-related
reinforcement without an automated real-time interface. An active grid
management framework has been proposed to improve network hosting
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capacity and optimize the use of network assets [7]. This framework
would allow distribution network operators to engage in proactive con-
trol room activities and address voltage issues in real time. To enable
active grid management, there is a critical need for increased voltage
visibility in LV networks. In this context, the use of voltage forecasting
models becomes increasingly important in supporting decision-making
for both distribution network planning and operational management.

Voltage calculations are fundamental to various functions within
distribution networks. Emerging technologies rely on these calculations
to ensure compliance with regulatory voltage thresholds during the op-
erational phase. In the planning process, voltage calculations assess the
impact of new connection requests and determine whether additional
interventions are necessary [8]. Traditionally, power flow analyses are
used for voltage calculations, which require detailed three-phase LV
network models, including the number of consumers, consumer types,
cable types, cable lengths, cable impedances, node points, and con-
nected LCTs. However, detailed electrical models are often unavailable
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Nomenclature

𝜖 Non-zero training error.
𝜔(𝑡) Weight parameter.
𝜔𝑗 Input connection weight.
𝜃𝑗 Output layer connection weight.
𝑏𝑗 Input connection bias.
𝑖 The number of nodes.
𝐿 The number of hidden layer samples.
𝑁 The number of training samples.
𝑃 Time series of active power measurements.

𝑄 Time series of reactive power measure-
ments.

𝑅2 Coefficient of determination.
𝑉 Time series of voltage measurements.
𝑋(𝑘) Position of the candidate solution.
ABC Artificial bee colony.
ANFIS Adaptive neuro-fuzzy inference system.
ANN Artificial neural network.
DE Differential evolution.
ELM Extreme learning machine.
EV Plug-in electric vehicle.
GA Genetic algorithm.
HP Heat pump.
KELM Kernel extreme learning machine.
LCT Low-carbon technology.
LSTM Long short-term memory.
LV Low-voltage.
MAE Mean absolute error.
ML Machine learning.
ML-Meta-KELM Multi-layer Meta-Kernel-ELM.
MLP Multi-layer perceptron.
MSE Mean squared error.
PSO Particle swarm optimization
PV Solar photovoltaic.
RMSD Root-mean-square deviation.
RMSE Root mean squared error.
SCO Single Candidate Optimizer.
SLFN Single Layer Feed-forward Networks.
SVM Support Vector Machine.

for LV networks. Network topology, connectivity, phase grouping, and
impedance information are often erroneous or incomplete, complicat-
ing this challenge. Furthermore, the rapid and unpredictable integra-
tion of LCTs into LV distribution networks exacerbates the challenge of
accurately predicting voltage.

The increasing rollout of smart meters offers a potential model-free
olution to this challenge by providing high-resolution data from LCTs.

Smart meters can acquire significant amounts of relevant data with
nique temporal precision, offering valuable insights into consumption
atterns and aiding in decision-making processes related to distribution

network planning and management thanks to forecasting methods.
Using these extensive data, data-driven approaches are emerging as
viable methods to improve voltage predictions in LCT-enriched LV
istribution networks. In [9], smart meter data are used for short-

term load forecasting at the LV level, demonstrating that simple load
models derived from these data can achieve prediction accuracies
similar to those of more complex forecasting approaches. In [10], smart
meter data are utilized to develop energy forecasting and operational
2 
planning services, such as demand and voltage profile forecasting, for
LV networks with significant distributed energy resources. The study
shows that smart meter data can estimate voltages probabilistically in
LV networks, providing early warnings of potential voltage issues.

The authors in [11] apply a data-driven approach to identify the
etwork topology for LV distribution networks including the load phase
onnectivity from the smart meter data. Similarly, a multiple linear
egression model is applied to smart meter data to estimate topology,
ine parameters, and customer and line phasing connections in LV
etworks in [12]. A 15-day data sample at a 60-m resolution (360
ata points per meter) is shown to be cost-effective for data acquisition
nd accuracy, with the possibility of shortening the duration when
sing high-precision smart meters. In [13], a smart meter-driven model

is proposed to assess the impact of distributed energy resources on
voltage behavior. It is highlighted that while the accuracy of the
oltage estimations depends on the accuracy of the estimated LV feeder

impedances, which is influenced by the correlation among input vari-
bles (e.g., active and reactive power measurements), the resulting
oltage calculations can be highly accurate. To address challenges with
mart meter data, including limited resolution, small data volumes, and
ssues with uncorrelated or unclear information, there is a growing need
or advanced machine learning (ML) models, such as neural networks.

ML-based forecasting uses smart meter data to predict voltage with-
out relying on network topology or parameters. This approach involves
eveloping a learning model (e.g., a multi-layer perceptron, MLP)
hat correlates active and reactive power measurements to predict
he voltage at each node in the distribution network [14]. In [15],

autoregressive and feed-forward Artificial Neural Networks (ANNs) are
applied to forecast voltage harmonic distortions. It is demonstrated
that a 10% penetration of smart meters in the LV network achieves
good harmonic estimation performance. In [16], a physical-model-
free approach employing deep reinforcement learning is proposed to
control rapid voltage fluctuations in real time within PV-dominated
distribution networks. In [17], a deep ANN model captures the non-
inear relationships between power measurements and node voltages
sing single-phase smart meter data in PV-rich LV networks. Building
n this, the authors in [8] introduce a new methodology to incorpo-

rate upstream medium-voltage network effects and test it on multiple
LV feeders. In [18], the voltage regulation is formulated as a con-
ex optimization problem and solved using a convex Neural Network
NN) model for rapid response. In these approaches, learning models
inimize voltage forecasting errors by optimizing parameters using
eta-heuristic algorithms like particle swarm optimization (PSO), gray-
olf optimization, or stochastic methods such as ADAM [19]. The
ingle Candidate Optimizer (SCO) has recently gained attention for

its reduced computation costs and memory requirements [20]. It con-
verges to optimal solutions faster than other algorithms [21], though
its effectiveness for quasi-real-time applications still requires further
investigation. Therefore, selecting an appropriate ML method is crucial
for ensuring accuracy, scalability, and fast computation. The relation-
hip established between input smart meter data and voltage outputs
or a given network can be extended to other LV networks. The key
haracteristics of the ML approaches discussed above are synthesized
n Table 1.

This paper presents a novel hybrid model for forecasting node
oltages in LV distribution networks with significant LCTs such as

PVs, HPs, and EVs, enabling near real-time voltage management. Our
ethodology combines the SCO with the Extreme Learning Machine

ELM) to improve forecasting accuracy while reducing model complex-
ity and avoiding overfitting. This results in more efficient and robust
oltage predictions. The proposed model is tested using high-resolution

smart meter data from two LV networks with LCTs and validated
y comparing it with well-established and hybrid ELM-based models,
ncluding MLP, Long short-term memory (LSTM), and Adaptive neuro-

fuzzy inference system (ANFIS). The evaluation is performed through
computation time and various accuracy metrics.
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Table 1
Overview of ML methods for voltage forecasting and control.

Ref. Approach Analysis type Advantages Limitations

[8] ANN Voltage forecasting Eliminates the need for network
topology data

Accuracy highly depends on the
quality of input data

[9] MLP Load forecasting High prediction accuracy for small
datasets

Limited scalability to larger networks

[10] Nonlinear NN &
regression models

Voltage and load profile
analysis

Improves robustness with
probabilistic estimates

Computationally intensive

[14] ELM Voltage forecasting High computational efficiency; low
prediction error

Real-time application remains a
challenge

[15] ANN Harmonic distortion prediction Effective with low data availability Requires extensive preprocessing of
harmonic data

[16] Deep Reinforcement
Learning

Voltage fluctuation control Handles rapid voltage fluctuations in
PV systems

Requires significant training data for
effectiveness

[18] Convex NN Voltage regulation Ensures global solutions with
optimization techniques

Computationally expensive

[22] ELM Voltage stability margin
prediction

High computational efficiency; robust
under uncertainty

Requires high-resolution input data

[23] ANN, SVM, DT, RF Voltage stability prediction Enabling the selection of the most
appropriate ML method

Heuristic method, lacking theoretical
guarantees; sensitive to misleading
data

[24] Reinforcement learning Real-time voltage control Adaptive self-learning model for grid
operation

No use of real-world data

[25] Regression-based ML
models

Voltage stability margin
prediction

Low prediction error Computationally intensive for large
datasets
The remainder of this paper is organized as follows. Section 2 details
he proposed approach, and the development of the model. Section 3

presents smart meter data analysis and discusses the testing and valida-
ion results, including identified limitations. Finally, Section 4 presents
oncluding remarks and outlines future research directions.

2. Methodology

2.1. Approach

The main structure of the proposed model architecture is presented
n Fig. 1. Our methodology combines the advantages of the SCO al-
orithm with the ELM approach to update the input weights and
idden biases of the ELM model, thereby optimizing voltage forecasting
esults. Herein, our focus is to accelerate the computation time while
ncreasing the accuracy. The ELM achieves significant training speed
y randomly assigning input weights and biases while utilizing the

Moore–Penrose generalized inverse equation to analytically determine
the output weights. The ELM may need a higher number of hidden
neurons due to the random determination of the input weights and
hidden biases. Due to the stochastic selection of input weights and
biases, the ELM algorithm may occasionally result in the hidden layer
output matrix H of Single Layer Feed-forward Networks (SLFN) not
being of full column rank, thus diminishing the efficacy of the ELM.
To overcome these issues, the proposed model structure uses the SCO
algorithm to determine the initial parameters of the ELM model. The
key advantage of using the SCO algorithm for optimizing ELM model
parameters is its ability to operate with a single candidate solution,
resulting in faster processing times compared to population based
metaheuristic algorithms [20]. As a result, the proposed SCO-based
LM model maintains competitive forecasting accuracy while reducing
odel complexity and avoiding overfitting. The steps summarizing the

prediction process of the ML-based framework proposed in this study
are as follows:

1. Data collection: Historical smart meter data were utilized from
a three-phase LV distribution network in Ireland. The details of
the collected dataset are provided in Section 3.1.

2. Data preprocessing: Data were normalized using the z-score
technique to ensure consistency. The data set was then split
into training and testing subsets, with 70% of the data used
for training and the remaining 30% for testing. Input features
included active and reactive powers and past voltage values,
which were incorporated to improve forecasting accuracy.
3 
3. ELM model parameter optimization: To enhance the ELM
model’s performance, the initial layer weights and bias values
of the ELM model, which are typically assigned randomly,
were optimized using the SCO algorithm. The SCO algorithm
takes advantage of the single candidate optimization structure
to efficiently determine the optimal initial weights and biases
without causing significant time costs. This process was executed
over 100 iterations, resulting in the optimized parameters for the
ELM model’s initial layer.

4. ELM model training: The ELM model, with its initial layer
weights and bias values set by the SCO algorithm, uses real-
time active and reactive power data along with the previous
time step voltage value as inputs during training. The training
subset of the dataset is used to determine the ELMmodel’s,
output layer weights. This completes the ELM model’s training,
enabling accurate forecasting based on the optimized parameters
and input features.

5. ELM model testing: At this stage, the pre-trained ELM model
is evaluated using 30% of the data set reserved exclusively for
testing and not used during training. This process assesses the
model’s ability to generalize and respond to previously unseen
data.

2.2. Extreme learning machine and variants

The ELM is an ML algorithm employing a neural network with
a single hidden layer. In this network, the input layer’s weights and
biases are initialized randomly, while the output weights are deter-
mined through solving a linear system. Among various neural network
architectures, the ELM has emerged as a robust and highly effective
methodology [26]. ELM is notable for its rapid learning speed, ease
of implementation, and excellent generalization in forecasting. This
section provides a detailed overview of the ELM architecture and
its variants, including Meta-ELM and Multi-Layer Meta-Kernel-ELM
(ML-MetaKELM), highlighting their core components.

The basic framework of the ELM has a SLFN composed of three
layers: the input layer, the hidden layer, and the output layer. Unlike
conventional neural networks, where the weights linking the input and
hidden layers undergo iterative adjustments via backpropagation, ELM
adopts an alternative approach. In ELM, these weights are randomly
assigned and remain fixed, resulting in an exceptionally rapid learning
process. The output of the SLFN is determined based on the input and
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Fig. 1. Flowchart of the proposed integrated approach.
connections as follow:

𝑓 (𝑥) =
𝑁ℎ
∑

𝑗=1
𝜃𝑗 ⋅ 𝜑(𝑥 ⋅ 𝜔𝑗 + 𝑏𝑗 ). (1)

Here, the input connection weights are denoted as 𝜔𝑗 , biases as 𝑏𝑗 ,
and 𝜃𝑗 represents the weight values connecting the hidden layer outputs
to the output layer. The number of hidden layers, denoted by 𝑁ℎ, along
with the bias and input link weights, is randomly determined. The
analytical computation of 𝜃𝑘 is carried out through the steps detailed
below. In this study, input data 𝑥 ∈ R𝑛 is generated using the active
power, reactive power and one-step previous voltage forecasting result.
Here, 𝑛 denotes the number of inputs.

With Eq. (1) covering 𝑁 training samples, we can derive 𝑁 equa-
tions accordingly. These equations can be clearly represented using
4 
matrix–vector notation, denoted as matrix 𝐻 .

𝐻 =
⎡

⎢

⎢

⎣

𝜑(𝑥1𝜔1 + 𝑏1) ⋯ 𝜑(𝑥1𝜔𝑁ℎ
+ 𝑏𝑁ℎ

)
⋮ ⋮ ⋮

𝜑(𝑥𝑁𝜔1 + 𝑏1) ⋯ 𝜑(𝑥𝑁𝜔𝑁ℎ
+ 𝑏𝑁ℎ

)

⎤

⎥

⎥

⎦𝑁 𝑥𝑁ℎ

(2)

The equation below represents the output weights and their corre-
sponding target values for each output.

𝑇 = 𝐻 𝛾 , 𝛾 =
⎡

⎢

⎢

⎣

𝜃1
⋮

𝜃𝑁ℎ

⎤

⎥

⎥

⎦

, 𝑇 =
⎡

⎢

⎢

⎣

𝑡1
⋮
𝑡𝑁 .

⎤

⎥

⎥

⎦

(3)

The determination of the output connection weights requires comput-
ing the inverse of the Moore–Penrose matrix 𝐻 .

𝛾̂ = 𝐻+𝑇 . (4)

The Meta-ELM network utilizes several ELMs, with each ELM
trained on a distinct subset of the dataset. The output connection
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weights of the combined ELMs are established using the ELM learning
rule, leveraging the entire dataset. Integrating kernel functions into
the ELM can enhance stability and generalization. This upgraded it-
eration is known as the Kernel Extreme Learning Machine (KELM).

onsequently, the Kernel theorem is formulated as follows:

𝐾𝐸 𝐿𝑀 = 𝐻 𝐻𝑇 , 𝑎𝑛𝑑 𝐾𝐸 𝐿𝑀
(

𝑥𝑖, 𝑥𝑗
)

= ℎ(𝑥𝑖)ℎ(𝑥𝑗 ), (5)

𝑓 (𝑥) = ℎ(𝑥)𝐻 𝑡(𝐾𝐸 𝐿𝑀 + 1
𝐶
)−1𝑇 , (6)

Based on previous research findings [27,28], the regularization param-
eter C is set to 50 in this study.

Kernel functions satisfy the Mercer condition, making them suit-
ble for practical applications. Various kernel functions are available,

such as the Polynomial, Gaussian, Hyperbolic tangent (Sigmoid), and
avelet kernels. In this paper, the Radial Basis function Kernel is

nalyzed. In the context of the Kernel-based Meta ELM, which employs
he kernel function 𝐾(𝑥𝑖, 𝑥𝑗 ), the equation is formulated as follows:
‖

‖

𝐾𝑁 𝑥𝐿𝛽 − 𝑇 ‖
‖

2 < 𝜀, (7)

In this context, 𝜀 denotes a non-zero training error, while 𝐿 represents
he number of hidden layer samples, with 𝑁 consistently exceed-
ng 𝐿. To mitigate the error, norm minimization and sample number
onstraints are applied, resulting in the following formulation of the
ptimization problem:

𝑀 𝑖𝑛𝑖𝑚𝑖𝑧𝑒 1
2
‖𝛽‖2 + 1

2
𝐶 ‖

‖

‖

(

𝐾𝑁 𝑥𝐿𝛽 − 𝑇
)

‖

‖

‖

2
. (8)

The output vector can be represented as follows:

𝛽 =
[ 1
𝐶

+𝐾𝑇
𝑁 𝑥𝐿 𝐾𝑁 𝑥𝐿

]−1
𝐾𝑁 𝑥𝐿𝑇 . (9)

The predicted output is derived as:

𝑓 (𝑥) =
⎡

⎢

⎢

⎢

⎢

⎣

𝐾(𝑥, 𝑥1)
𝐾(𝑥, 𝑥2)

⋮
𝐾(𝑥, 𝑥𝐿)

⎤

⎥

⎥

⎥

⎥

⎦

[ 1
𝐶

+𝐾𝑇
𝑁 𝑥𝐿 𝐾𝑁 𝑥𝐿

]−1
𝐾𝑁 𝑥𝐿𝑇 . (10)

2.3. Single candidate optimizer based ELM model

The SCO algorithm is a unique optimization method that differs
from traditional search algorithms by focusing solely on a single can-
didate solution during the optimization process. Unlike swarm-based
algorithms, which involve the concurrent exploration of multiple par-
icles, SCO focuses its efforts solely on refining one solution, thereby

amplifying the efficacy of optimization outcomes [29]. Dividing the
optimization process into two phases, SCO employs various strategies
nd mechanisms designed to enhance both exploration and exploitation
apabilities. This unique combination of the single-candidate approach
nd the two-phase strategy makes SCO a powerful and versatile op-
imization algorithm [20]. In the first phase of SCO, the candidate

solution’s position is updated according to the following formula:

𝑋(𝑘) =
{

𝑋𝑏(𝑘) +𝑤(𝑡) ⋅ |𝑋𝑏(𝑘)| if 𝑟1 < 0.5
𝑋𝑏(𝑘) −𝑤(𝑡) ⋅ |𝑋𝑏(𝑘)| otherwise, (11)

𝑤(𝑡) = 𝑒−(𝑏.𝑡∕𝑡𝑚𝑎𝑥)
𝑏
, (12)

where, 𝑋(𝑘) denotes the position of the candidate solution, where 𝑘
is the dimension, 𝑤(𝑡) is the weight parameter, 𝑋𝑏(𝑘) indicates the
best candidate for each iteration, 𝑏 is a constant parameter, 𝑡 is the
iteration, 𝑡𝑚𝑎𝑥 refers to the maximum iteration, and 𝑟1 is a random
number between 0 and 1.

During the second phase of the SCO algorithm, a systematic explo-
ation is initiated, starting with the immediate vicinity of the superior
osition identified in the initial stage. Unlike the first phase, this
tage employs a counter that increments with each iteration where no
mprovement is observed in the cost value of the updated candidate
5 
solution. When the counter reaches a predefined threshold for unsuc-
cessful attempts (e.g., m = 5), it is reset, and the candidate solution’s
position is updated using a specific mechanism. As the phase pro-
gresses, the search becomes increasingly focused, enabling a detailed
valuation of the most promising regions while ensuring comprehensive
overage of the search space. The process guiding these adjustments is
ystematically defined by the equation presented below:

𝑋(𝑘) =
{

𝑋𝑏(𝑘) + 𝑟3 ⋅
(

𝑢𝑏(𝑘) − 𝑙𝑏(𝑘)
)

if 𝑟2 < 0.5
𝑋𝑏(𝑘) − 𝑟4 ⋅

(

𝑢𝑏(𝑘) − 𝑙𝑏(𝑘)
)

otherwise, (13)

where, 𝑢𝑏(𝑘) and 𝑙𝑏(𝑘) denote the boundary values, 𝑟2, 𝑟3, and 𝑟4
represent random numbers. The Eq. (13) for updating the position is
fundamental in facilitating the transition of the candidate solution from
exploitation to exploration within the SCO algorithm. This transition is
critical for assisting the algorithm in breaking away from local optima,
where the candidate solution risks becoming trapped in sub-optimal
regions of the search space. By implementing this adjustment to the
position update mechanism, the SCO algorithm can effectively traverse
multiple regions of the search space, thus minimizing the potential for
sub-optimal solutions and improving the search for superior optimiza-
tion outcomes. If, during this phase, the counter value remains below
the predefined threshold 𝑚, the SCO algorithm determines the updated
position of the candidate solution based on Eq. (14) as follows:

𝑋(𝑘) =
{

𝑋𝑏(𝑘) +𝑤(𝑡) ⋅ 𝑟6 ⋅
(

𝑢𝑏(𝑘) − 𝑙𝑏(𝑘)
)

if 𝑟5 < 0.5
𝑋𝑏(𝑘) −𝑤(𝑡) ⋅ 𝑟6 ⋅

(

𝑢𝑏(𝑘) − 𝑙𝑏(𝑘)
)

otherwise. (14)

The SCO process can be used to optimize the parameters of forecast
models. In the authors’ previous study in [14], the SCO algorithm
was employed to determine the optimal MLP parameters. Compared
to well-known metaheuristic approaches including particle swarm opti-
mization and differential evolution, the SCO-based model demonstrated
superior performance. This scenario has encouraging promising out-
comes regarding the SCO’s integration with more innovative and faster
algorithms like ELM.

In the basic ELM, the parameters are typically initialized randomly
r stochastically, a practice that can result in inefficient ELM perfor-

mance, including potential overfitting issues. To address this challenge,
this paper uses the SCO algorithm to determine the initial parameters
f the ELM model. In Eq. (1), the weights and biases are input to

the SCO process, which outputs the best optimal parameters based
n the single candidate solution described above. During the training
rocess, the weights are adjusted to minimize the error between the
orecasted output and the actual output. The SCO is adapted to tune

the weight and bias values of the ELM parameters in this paper. This
proposed hybrid model is called ELM-SCO. In this paper, the ELM-SCO
relates active power (P), reactive power (Q) measurements from smart
meter data along with one-step-ahead forecasted voltage results (V)
in the input layer to voltage measurements in the output layer. Our
main aim is to predict voltage deviations for each node in a real LV
network. Active power, reactive power and voltage measurements in
one-minute resolution for each node collected for a rural LV network
with heavily low-carbon loads are used. The determination of input is of
great importance for the accuracy of the model. By utilizing historical
time series measurements of active power 𝑃𝑖 = [𝑃𝑖,1, 𝑃𝑖,2,… , 𝑃𝑖,𝑇 ],
reactive power 𝑄𝑖 = [𝑄𝑖,1, 𝑄𝑖,2,… , 𝑄𝑖,𝑇 ], and node voltage, 𝑉𝑖−1 =
[𝑉𝑖−1,1, 𝑉𝑖−1,2,… , 𝑉𝑖−1,𝑇 ], the ELM-SCO model is first trained to capture
the nonlinear relationships between the inputs (𝑃𝑖, 𝑄𝑖 and 𝑉𝑖−1) and
the corresponding outputs (𝑉𝑖+1) for the 𝑖 + 1th node, given by Eq. (15).

oth 𝑤𝑗 𝑘 and 𝑏𝑗 are adjusted to improve the performance of the model.
he voltage forecasting for each node is represented as follows:

𝑉𝑖+1 = 𝑓𝐸 𝐿𝑀−𝑆 𝐶 𝑂
(

𝑃𝑖, 𝑄𝑖, 𝑉𝑖−1, 𝑤𝑗 𝑘,𝑖, 𝑏𝑗 ,𝑖
)

(15)

Fig. 2 shows the flow diagram of the operation of the SCO-based
ELM model.
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Fig. 2. Flowchart of the proposed SCO based ELM model (ELM-SCO).
3. Experimental results

3.1. Smart meter data presentation and analysis

In this study, the historical smart meter data extracted from a
three-phase LV distribution network in Ireland are used, where several
single-phase customers are equipped with various LCTs such as HPs,
EVs, rooftop PVs, and battery energy storage units. The LV distribution
network considered in this study reflects the characteristics of typical
Irish networks, comprising a mixture of overhead and underground
conductors. It predominantly serves residential customers in rural and
coastal areas, with some industrial and commercial users included. This
study builds on the framework established in our previous work [30],
which provides a detailed analysis of similar LV networks and their
operational characteristics. 37 dwellings were equipped with detailed
data logging metering infrastructure from September to January. Net
active and reactive power exchange with the grid, node voltage varia-
tion, active and reactive power coming from rooftop PVs, HP power
consumption, and EV charging power values, if available, were ob-
tained. Fig. 3 shows the active and reactive power, and voltage profiles
for a dwelling over seven consecutive days. As seen from the box plots,
although the median values of both active and reactive power display a
trend, both datasets contain many outliers. These highly volatile power
variations make forecasting challenging.

A subset of 10,000 data points, as shown in Fig. 4, was utilized for
the analysis of active and reactive powers and node voltages. As shown
in the figure, the node voltages fall within the range of the nominal
line-to-neutral voltage 𝑈𝑛±10% (253 V; 207 V), in compliance with the
specifications outlined in the European Standard EN50160.
6 
Table 2
The computation time (s) results of hybrid MLP algorithms using meta-heuristic
algorithms.

Iteration 100 500 3000

PSO-MLP 17.30 48.33 318.51
DE-MLP 12.26 47.24 289.80
GA-MLP 12.77 55.38 334.80
ABC-MLP 24.3 99.8 558.28
SCO-MLP 2.15 3.58 16.68

3.2. Testing and validation

We first evaluate the performance of the SCO approach in terms of
computation time, comparing it to several well-known metaheuristic
methods. Specifically, we apply the SCO to optimize the MLP model and
compare it with optimization techniques including PSO, Differential
evolution (DE), Genetic Algorithm (GA), and Artificial Bee Colony
(ABC). All experiments are implemented in Matlab R2020b on Windows
10 with a 2.5-GHz Intel Core i5 7200U processor and a 64-bit operating
system with 8 GB of RAM. Computation times for each method are
reported in Table 2. Comparisons are made across 100, 500, and 3000
iterations. As shown, the SCO-MLP approach demonstrates significantly
faster computation times. Notably, with 3000 iterations, the SCO algo-
rithm outperforms the fastest DE approach by over 17-fold. Despite the
time disadvantage of hybrid metaheuristic approaches, the SCO-MLP
approach proves to be substantially more efficient.

Secondly, we assess the performance of the proposed ELM-SCO
model during the training phase. To validate the model, we compared
it against three alternative ELM-based models: ELM, Meta-ELM, and
Multi-layer Meta-Kernel-ELM (ML-Meta-KELM). For a comprehensive
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Fig. 3. Active and reactive power, and voltage profiles.
Fig. 4. Time series of smart meter data selected: active power (top), reactive power (middle), and node voltage (bottom).
A

a

p

evaluation, we also included three widely recognized ML models: MLP,
LSTM, and ANFIS. These models were selected for their established
capabilities in time-series forecasting. While they have not previously
been applied specifically to voltage forecasting in the literature, their
architectures and learning mechanisms are well-suited to address chal-
lenges similar to those encountered in voltage forecasting, such as
capturing temporal dependencies (LSTM) and modeling complex non-
linear relationships (ANFIS). MLP is a traditional feed-forward NN,
widely used for regression and forecasting tasks.

The SCO algorithm was used to optimize the initial parameters
of all implemented models. Their performance was evaluated using
7 
Mean Squared error (MSE), Root Mean Squared Error (RMSE), Mean
bsolute Error (MAE), and Coefficient of determination (𝑅2) metrics.

Table 3 summarizes the results, demonstrating that the ELM-SCO model
achieved the lowest MSE of 0.0018, outperforming both ELM-based
nd traditional models. It also achieved the lowest MAE of 0.0279

and the highest 𝑅2 of 0.9343, reflecting superior accuracy, fewer
rediction errors, and better explanatory power. Among ELM-based

models, ELM-SCO outperformed ELM (MSE: 0.0020, 𝑅2: 0.9310), Meta-
ELM (MSE: 0.0024, 𝑅2: 0.9152), and ML-Meta-KELM (MSE: 0.0022,
𝑅2: 0.9235). Similarly, it surpassed traditional ML models: MLP (MSE:
0.0022, 𝑅2: 0.9169), LSTM (MSE: 0.0023, 𝑅2: 0.9210), and ANFIS
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Fig. 5. Training results of the implemented ML models.
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(MSE: 0.0019, 𝑅2: 0.9337). While ANFIS achieved a comparable 𝑅2,
ELM-SCO consistently demonstrated better overall performance across
all metrics.

Fig. 5 demonstrates the training results of the implemented models,
howing the normalized voltage over the number of samples. The
roposed ELM-SCO model closely follows the target values, indicat-
ng its superior accuracy during the training phase. Compared to the
LM, Meta-ELM, and ML-Meta-KELM, the ELM-SCO model demon-
trates a better fit, with fewer deviations from the target values. This
igure underscores the quantitative findings in Table 4, highlighting the

robustness of the ELM-SCO model in the training phase.
Finally, Table 4 presents a comparison of the testing performance

or the implemented ML models. The results show that the ELM-SCO
model consistently outperforms all other models across all metrics. It
achieves the lowest MSE (0.0023), RMSE (0.0487), and MAE (0.0321),
demonstrating superior accuracy and predictive reliability. It has also
been observed that it outperforms, including MLP (MSE: 0.0022, RMSE:
0.0469, MAE: 0.0309), LSTM (MSE: 0.0023, RMSE: 0.0475, MAE:
0.0325), and ANFIS (MSE: 0.0019, RMSE: 0.0522, MAE: 0.0327). Fur-
thermore, the ELM-SCO model achieves the highest 𝑅2 value of 0.8834,
demonstrating its superior ability to explain the variance in the data.
While ANFIS achieves the highest 𝑅2 value of 0.9337, among tradi-
tional ML models, followed by LSTM (0.9210) and MLP (0.9169), all
remain below the performance of the ELM-SCO model. These findings
highlight the ELM-SCO model’s effectiveness in improving predictive
accuracy and reliability across diverse ML approaches.

Fig. 6 presents the test results of the implemented models, highlight-
ing the normalized voltage over the number of samples. The ELM-SCO

odel consistently outperforms the other implemented models, closely
ligning with the target values. This consistency between training
nd testing phases underscores the proposed model’s reliability and
eneralization capabilities, making it a strong candidate for practical
oltage forecasting applications.

Fig. 7 displays the 𝑅2 values for the implemented models, high-
lighting the proportion of variance explained during both the training
and testing phases. The ELM-SCO model achieves the highest 𝑅2 value,
underscoring its superior ability to capture underlying data patterns.
8 
Table 3
Train forecasting performance results of the implemented ML models.

Models MSE RMSE MAE 𝑅2

MLP 0.0022 0.0469 0.0309 0.9169
LSTM 0.0023 0.0475 0.0325 0.9210
ANFIS 0.0019 0.0522 0.0327 0.9337
ELM 0.0019 0.0443 0.0289 0.9310
Meta-ELM 0.0024 0.0491 0.0330 0.9152
ML-Meta-KELM 0.0021 0.0467 0.0309 0.9235
Proposed (ELM-SCO) 0.0018 0.0433 0.0279 0.9343

Table 4
Test forecasting performance results of the implemented ML models.

Models MSE RMSE MAE 𝑅2

MLP 0.0026 0.0510 0.0344 0.8724
LSTM 0.0027 0.0515 0.0362 0.8697
ANFIS 0.0027 0.0488 0.0327 0.8663
ELM 0.0024 0.0491 0.0327 0.8816
Meta-ELM 0.0027 0.0521 0.0355 0.8663
ML-Meta-KELM 0.0026 0.0510 0.0342 0.8718
Proposed (ELM-SCO) 0.0023 0.0487 0.0321 0.8834

This metric is crucial for understanding how well the model captures
the underlying patterns in the data, and the ELM-SCO model’s high 𝑅2

alue signifies its effectiveness in this regard. Fig. 8 presents a Taylor
diagram that summarizes model performance in terms of standard devi-
ation, correlation coefficient, and root-mean-square deviation (RMSD).

he ELM-SCO model is the closest to the ideal point, demonstrating
uperior performance across these metrics. This indicates that the ELM-
CO model achieves a strong balance between high correlation with the
arget values, low standard deviation, and minimal RMSD, making it a
obust and effective forecasting tool.

To validate the generalizability and performance of the proposed
LM-SCO model, we utilized one second resolution residential power

consumption and voltage smart meter dataset collected from a typical
household in Alabama [31]. The results demonstrate that the ELM-SCO
model consistently outperformed other models across all evaluation
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Fig. 6. Test results of the implemented ML models.

Fig. 7. 𝑅2 results of the implemented models.
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Fig. 8. Taylor diagram for standard deviation, correlation coefficient, and RMSD results of the implemented models.
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metrics. During the training phase, the ELM-SCO model achieved the
lowest MSE (0.000948), RMSE (0.0308), and MAE (0.0218), along with
he highest 𝑅2 value (0.9589). In comparison, other models performed

lower performance: ELM achieved an MSE of 0.000958 and 𝑅2 of
0.9584, while ANFIS recorded an MSE of 0.000954 and 𝑅2 of 0.9586.
Models such as MLP and LSTM demonstrated significantly higher error
ates. For the testing phase, the ELM-SCO model consistently outper-
ormed all alternatives, achieving the lowest MSE (0.0016), RMSE
0.0397), and MAE (0.028), with the highest 𝑅2 value (0.9234). By
ontrast, ELM and ANFIS recorded MSE values of 0.0024 and 0.0018,

and 𝑅2 values of 0.8827 and 0.9148, respectively. Meta-ELM, ML-
Meta-KELM, MLP, and LSTM exhibited significantly higher error rates,
ighlighting their limitations in effectively capturing the underlying
atterns in the data. These results further demonstrate the robustness
nd effectiveness of the ELM-SCO model in accurately forecasting node
oltages and capturing voltage variations.

3.3. Discussion and limitations

The results demonstrate that the proposed ELM-SCO model con-
sistently outperforms traditional ELM-based models and other ML ap-
roaches. Unlike traditional ELM models that rely on random ini-
ialization, the SCO algorithm optimizes the initial weights and bi-
ses, significantly improving convergence, accuracy, and robustness.
he ELM-SCO model’s single-layer architecture ensures faster train-

ng times and lower computational costs compared to deep learning
odels like LSTM, which require extensive hyperparameter tuning and
igher computational resources. Additionally, ELM-SCO demonstrates
obustness against variability and outliers in the data, a limitation
f models like ANFIS and MLP when applied to similar forecasting
asks. Consequently, the ELM-SCO model consistently achieves higher
2 values across both training and testing phases, indicating its ability

o generalize effectively across diverse datasets.
While the proposed approach shows significant advantages, there

re limitations that warrant further study and model enhancement.
irst, the current study evaluates the ELM-SCO model using relatively

small-scale datasets. Additional validation on larger, more diverse net-
works is essential to further assess the model’s scalability and gener-
alizability. Second, handling large volumes of smart meter data, par-
ticularly identifying uncorrelated or ambiguous information, remains
10 
a challenge. Employing advanced methods, such as large language
models, could help efficiently manage and classify this data, improving
data quality and enabling more reliable forecasting results.

4. Conclusions

This study has proposed a data-driven model for forecasting node
voltages within LV distribution networks with LCTs by exploiting active
and power measurements from smart meter data. To achieve com-
putational efficiency for potential voltage control in an active grid
management framework, we optimized ELM model parameters using
the SCO metaheuristic method. The model was trained and tested
n smart meter data from two datasets: a realistic LCT-enriched LV
etwork and an additional residential dataset with different load behav-

ior. Its performance was evaluated against several well-established ML
models, several ELM-based models, including MLP, LSTM, and ANFIS,
to ensure a comprehensive benchmark analysis.

The results demonstrated a significant improvement in computation
time, with the proposed SCO-optimized ELM achieving up to a 17-
fold reduction compared to the fastest alternative metaheuristic method
implemented. While the computation time per node achieved is not yet
sufficient for real-time voltage control, the SCO demonstrated notable
improvements in the ELM model’s convergence to optimal values.
Factors such as data size and computational resources also influence
computation time. This highlights the importance of selecting appropri-
ate smart datasets to accurately model non-linear relationships between
power measurements and node voltages.

In terms of voltage forecasting, the proposed model outperformed
he other ML models, achieving the lowest average voltage deviation
f 0.56% compared to measured values. When tested on an additional
mart meter dataset, the ELM-SCO model consistently demonstrated
uperior accuracy across all metrics, further validating its robustness
nd generalizability. This high level of accuracy is particularly benefi-
ial for distribution network operators as they manage the increasing
ntegration of LCTs.

The proposed model’s predictive capabilities could serve as a foun-
dation for future smart grid applications, such as assessing hosting
capacity and enabling proactive voltage regulation, both of which are
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crucial for improving network reliability and reducing energy losses.
sing smart meter data for voltage forecasting with advanced ML
ethods like the one proposed offers network operators a powerful tool

or managing voltage stability and improving grid efficiency.
Future work will proceed in two key directions: First, employ-

ng large language models to efficiently manage and classify smart
eter data, especially when handling large datasets and identifying

uncorrelated or unclear information. This approach will be crucial
for enhancing data quality and improving the model’s input features,
leading to more reliable forecasting results. Second, further improving
the accuracy of the voltage forecasting model by integrating advanced
signal processing techniques and optimizing dataset selection.
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