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Abstract—The increasing integration of distributed energy
resources (DERs), such as rooftop photovoltaics (PV) and electric
vehicle (EV) charging infrastructure, has introduced unprece-dented
volatility into low-voltage (LV) distribution networks.As a result,
obtaining precise short-term load forecasts (STLF) has grown
increasingly vital yet difficult to achieve. Conventional forecasting
approaches, ranging from statistical techniques to recurrent neural
networks (RNNs), frequently fail to model the intricate nonlinear
patterns and long-term temporal relationships characteristic of
contemporary residential energy consumption.

This study proposes a novel deep learning framework based on a
Transformer architecture—specifically utilizing the Patch-TST
variant—to enhance predictive precision at the LV level. The
proposed model incorporates historical load data alongside key
exogenous variables, including meteorological conditions, calen-dar
features, EV charging patterns, and solar power generation. To
ensure a rigorous evaluation, the framework was tested across three
operational scenarios: (1) standard residential demand,

(2) demand with EV penetration, and (3) a combined scenario
featuring both EV and PV integration.

Experimental results, benchmarked against Long Short-Term
Memory (LSTM), Bidirectional LSTM (BiLSTM), and Ran-dom
Forest models, demonstrate that the Patch-TST approach achieves
the lowest Mean Absolute Error (MAE), Root Mean Square Error
(RMSE), and Mean Absolute Percentage Error (MAPE). The
superior performance is attributed to the self-attention mechanism,
which effectively models global temporal relationships and intricate
feature interactions. Experimental results indicate that the proposed
Transformer architecture offers a dependable solution for distribution
network operators, facil-itating improved demand-side management,
maintained voltage stability, and increased smart grid operational
efficiency.

Index Terms—Low Voltage Load Forecasting, Transformer-Based
Forecasting, Electric Vehicle Integration, Rooftop Solar Variability,
Multivariate Time Series, Smart Grid.

1. INTRODUCTION

Significantly, the widespread proliferation of decentralized
energy systems and electric vehicles, and the development of
smart grid technologies have increased the complexity of the
power system infrastructure. In this regard, Short-Term Load
Forecasting (STLF) remains an essential tool for ensuring
the stability of the power system and facilitating economic
dispatch and energy trading. STLF is a forecasting technique
that can be utilized for predicting the electric load for a period
between one hour and one day in advance.

Generally, conventional techniques such as statistical re-
gression analysis and time series analysis involving the use
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of ARIMA models have been employed to carry out load
forecasting. Nevertheless, such models often face challenges
when it comes to the prediction of complex patterns. Recent
advancements in machine learning techniques and their appli-
cations have revealed that artificial neural networks and deep
learning models such as LSTM outperform other models in
forecasting nonlinear time series patterns [10], [7].

Recently, Transformer-based architectures have been pro-
posed as efficient models for time series forecasting. The
effectiveness of the self-attention mechanism has been demon-
strated to handle long-range dependencies without resorting to
recurrent structures. The Transformer-based model has been
successfully used for electrical load forecasting. Promising
results have been achieved. [1], [2]. Furthermore, improved
versions of the Transformer model, named Informer, have been
proposed to efficiently handle the long sequence forecasting
problem [3]. Hybrid architectures have been proposed by com-
bining BiLSTM and Transformer layers, showing improved
results for commercial building load prediction [4].

In the context of distribution-level load forecasting, espe-
cially for low-voltage (LV) networks, the load forecasting
challenge is affected by several factors, such as variability,
diversity, rooftop photovoltaic penetration, and electric vehicle
charging.Smart meter data analytics has provided the opportu-
nity for more precise load forecasting at the LV feeder level,
but it has also created new problems, such as data sparsity
and high volatility, making it difficult to accurately forecast
the load [9]. Thus, advanced deep learning architectures are
required to efficiently manage the complex problem of load
forecasting.

In the present paper, a Transformer architecture has been
proposed to efficiently manage the problem of Low Voltage
Short Term Load Forecasting by considering the historical load
data, weather, and calendar information. The proposed model
has been evaluated by employing standard performance met-
rics, showing promising results over benchmark deep learning
architectures.

II. LITERATURE REVIEW

The area of interest, namely Short Term Load Forecast-
ing (STLF), has been a focus of research during the past
few decades due to its importance. The traditional methods

. Website: https://ijcope.org/ 1


https://ijcope.org/
mailto:sachinsingh54896@gmail.com

International Journal of Creative and Open Research in Engineering and Management

used for short-term load forecasting were based on statistical
techniques such as linear regression, exponential smooth-
ing, autoregressive integrated moving average (ARIMA).These
methods were good enough to give satisfactory accuracy in
the stable and aggregated load patterns, but they did not fully
reflect the nonlinear relationships and complicated seasonal
variations in the modern power systems.

As the development of artificial intelligence proceeded,
Artificial Neural Networks (ANNs) emerged to become promi-
nent in load forecasting techniques due to their ability to
forecast non-linear functions. Neural networks, including feed-
forward and radial basis function networks, were observed to
perform better compared to conventional statistical models.
Nevertheless, the techniques did not have the ability to effec-
tively simulate the time dependence in sequential load data.

To overcome this limitation, Recurrent Neural Networks
(RNNs) and especially the Long Short-Term Memory (LSTM)
networks incorporated memory cells that can learn long term
dependencies [10]. The forecasting models based on LSTM
have demonstrated considerable enhancement in the daily and
weekly load patterns. A comparative analysis of pattern-based
STLF neural network models was undertaken by Dudek, along
with the author claiming the superiority of the deep learning
techniques over shallow ones [7].

However, although LSTMs have some benefits, the structure
of these networks, in which the processing is sequential,
does not allow for parallelization. Additionally, the ability of
LSTMs to process long sequences increases exponentially in
proportion to the length of the input sequence. To overcome
these disadvantages of LSTMs, the attention mechanism was
proposed. Recently, the Transformer architecture based on the
self-attention mechanism has been popular for time series
forecasting. L’Heureux et al. [1] proved that Transformer-
based models are better than traditional deep learning models
used in the electrical load forecasting task. Likewise, the
authors of ref 2 suggested a Transformer-based model of STLF
and showed improved forecasting performance over LSTM
and CNN models.

In order to enhance efficiency in long sequence forecast-
ing, variants like Informer model were created. Zhang et al.
[3] proposed a better Informer model which takes periodic
features of load profiles, which better forecasting accuracy
and reduced the cost of computation. Hybrid networks have
likewise been investigated; Xiong et al. [4] utilized BiLSTM
and Transformer layers to obtain temporal features at a local
and global scale with excellent performance on commercial
building load prediction.

At the distribution level, especially in Low Voltage (LV)
networks, forecasting is more difficult as it is more varied, in-
tegrated with distributed generation, and electric vehicles. Data
analytics via smart meter has made finer forecasting possible
but comes with the problem of data noise and volatility [9].
The conventional methods of aggregated forecasting are not
always capable of dealing with LV feeders, and deep learning
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Even though there has been notable improvement on
Transformer-based forecasting on the basis of both transmis-
sion and building scale, little is done on research on LV feeder-
level STLF specifically. Thus, there is a desire to have power-
ful attention-based architectures to match LV networks, with
weather, calendar, and distributed energy resource information
integrated in them to improve the performance of the forecast.
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Fig. 1. Common machine learning algorithms used for electricity forecasting

[11].

III. PROBLEM FORMULATION

Short-term load forecasting (STLF), specifically at the low
voltage distribution level, involves the prediction of electric
energy consumption in the near future, i.e., between 1 and 24
hours ahead. It is based on historical data and other external
factors. Due to the increasing influence of DE resources
and the stochastic behavior of electric vehicle charging and
consumer habits, low-voltage distribution load profiles can be
highly non-linear in nature.

The historical demand time series is represented as:

L=L1,1Ll> L3, ..., LT @))

where L: is the load at time step t for a total of T observations.
In addition to load data, exogenous features such as weather
conditions and temporal indicators are integrated:

Xt = T, Hy, Dy, W, @

where T, Ht, Dt, and W represent temperature, humidity, the
day-of-week index, and the weekend/holiday flag, respectively
[12].

The goal of the forecasting model is to identify a non-linear
mapping function f(-) such that:

Lt+h=Ff(Lt—n+1:t Xeenrit) 3)

Here, n denotes the input window length, h is the prediction
horizon, and L t + h is the forecasted load.
The problem is formulated as a supervised learning task

where the model parameters ¢ are optimized to minimize the
Mean Squared Error (MSE):

. . =N
frameworks that can capture the complex stochastic behavior min ad- (L L) 4)
are needed. s N e
=1
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for N training instances.
In this work, a Transformer architecture is utilized to model
f(+), leveraging the self-attention mechanism:

QK™
Attention(Q, K, V') = Softmax ﬂddj % 5
k

where Q, K, and V are the query, key, and value matrices,
and dk is the key dimension.

The aim is to adjust the theta value to minimize the error
metrics like MAE, RMSE, and MAPE [13]. Therefore, the
LV STLF model is formulated as a multivariate sequence-to-
sequence regression problem, where the Transformer model
captures the temporal relationships and interactions between
the features to produce accurate STLFs.

IV. PROPOSED TRANSFORMER ARCHITECTURE

This section presents a transformer architecture for Low
Voltage (LV) Short Term Load Forecasting (STLF), which is
designed to capture both immediate short term and longer term
dependencies from the data and external variables using a self-
attention mechanism.

A. Overall Architecture

The proposed framework follows a sequence-to-sequence
regression structure consisting of the following main compo-
nents:

- Input Embedding Layer

Positional Encoding

- Multi-Head Self-Attention Encoder Layers
- Feed-Forward Network

- Output Regression Layer

Unlike traditional recurrent models, the Transformer pro-
cesses the entire input sequence in parallel, improving compu-
tational efficiency and capturing global temporal relationships.

B. Input Representation
The input to the model consists of multivariate time-series
data:

Z=[L,T,H,D,W] (6)
t t t t t t

where L is historical load, and T, H, D, and W repre-
t t t t t

sent temperature, humidity, day-of-week, and weekend/holiday
indicators, respectively.
The input sequence of length n is represented as:

Z = {Zr—n+1, Zt—n+2, aaey Zt} (7)

Each input vector is projected into a higher-dimensional
feature space using a linear embedding layer.
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C. Positional Encoding

Since the Transformer architecture does not inherently en-
code sequential order, positional encoding is added to the
embedded input:

) . pos
PE(pos, 2i) = sin ——— 8
(p ) 10000274 ®)
PE(pos, 2i + 1) = cos —pos __ 9
10000274

where pos is the position index and d is the embedding
dimension. This enables the model to retain temporal ordering
information.

D. Multi-Head Self-Attention Mechanism

The core component of the model is the multi-head self-
attention layer, which computes dependencies across all time
steps:

.
Attentior{Q, K, v ) = Softmax 9\;% v (10)
k

Multiple attention heads allow the model to capture different
temporal patterns such as daily cycles, peak loads, and sudden
demand changes.

E. Feed-Forward Network

Each encoder layer contains a position-wise feed-forward
network defined as:

FFN (x) = ReLU(xW1 + b1)W2 + b2 (11)

Residual connections and layer normalization are applied to
improve training stability.

F. Output Layer

The final encoder output is passed through a fully connected
regression layer to produce the predicted load value:

Livh = WoH + bo (12)

where H represents the encoded feature representation.

G. Block Diagram Explanation

The proposed architecture can be represented by the follow-
ing block structure:

Historical Load + Weather + Calendar Features —
Embedding Layer — Positional Encoding — Transformer
Encoder (Multi-Head Attention + FFN) — Fully Connected
Layer — Predicted Load

The embedding layer transforms raw input data into a high-
dimensional representation. Positional encoding preserves
time-order information. The Transformer encoder extracts tem-
poral dependencies using attention mechanisms. Finally, the
regression layer maps learned features to the forecasted load
output.

The proposed model is optimized using backpropagation to
minimize Mean Squared Error (MSE) between predicted and
actual load values.
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V. DATA PREPROCESSING AND FEATURE ENGINEERING

Accurate short-term load forecasting (STLF) at the low
voltage level is dependent on effective data preprocessing
and feature engineering. In addition, the high variability and
randomness of low voltage load profiles mean that data prepro-
cessing is essential before the data is fed into the Transformer
model.

A. Data Collection

The dataset contains historical low-voltage feeder load
measurements recorded at fixed intervals of time, such as 15-
minute or hourly intervals. Besides the load data, other ex-
ogenous data such as temperature, humidity, day of the week,
and holiday information are provided for better performance
of the forecasting model.

B. Data Cleaning

The LV load data often includes missing data, noise, and
outliers due to meter or communication faults. The following
preprocessing techniques are used:

- Missing Value Treatment: The missing timestamp is

filled using linear interpolation or forward fill.

- Outlier Detection: The spikes or abnormal values are

detected using a Z-score or IQR method.

- Noise Reduction:Smoothing operations, such as moving

average filtering, can also be performed.

C. Data Normalization

To improve model convergence and avoid scale dominance,
all continuous variables are normalized using Min-Max scal-
ing:

_ X — Xmin
Xnorm - (13)
Xmax — Xmin

This ensures that input values lie within the range [0,1],
improving training stability.

D. Feature Engineering

Effective feature engineering enhances the model’s ability
to capture temporal patterns and seasonal variations.

1) Time-Based Features: To represent periodic characteris-
tics of load demand, the following features are generated:

- Hour of day

- Day of week

- Month of year

- Weekend/holiday indicator

To preserve cyclic behavior, sine and cosine transformations
are applied:

Hoursin = sin 27t~ hour (14)
24
2 - hour
Hourcos = COS (15)
24
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2) Lag Features: Previous load values are used as lag
features to capture temporal dependencies:

(16)

where k represents the number of previous time steps (e.g.,
1 hour, 24 hours, 168 hours).

3) Weather Features: Temperature and humidity signifi-
cantly influence LV load demand, especially in residential
areas. These variables are included as external predictors.

Lagk = Le—«

E. Train-Test Split
The dataset is divided chronologically into training and
testing sets to prevent data leakage. Typically:

- 70-80% for training
- 20-30% for testing

Cross-validation may be performed using a rolling-window
approach to evaluate model robustness.
F. Input Sequence Construction

For Transformer training, the time-series data is structured
into sliding windows of fixed length n:

Input = {Zt-n+1, Zt-n+2, ..., Zt} (17)
The corresponding target output is:
Target = L (18)

where h denotes the forecasting horizon.
Proper preprocessing and feature engineering significantly

improve the ability of the Transformer model to learn complex
temporal relationships in LV networks.

VI. RESULTS AND PERFORMANCE METRICS

This section presents the evaluation of the proposed
Transformer-based model for Low Voltage (LV) Short-Term
Load Forecasting (STLF). The forecasting performance is
assessed using standard regression error metrics and compared
with benchmark deep learning models such as LSTM and
BiLSTM.

A. Performance Metrics

To evaluate forecasting accuracy, the following statistical
error metrics are used:

1) Mean Absolute Error (MAE): MAE measures the av-
erage absolute difference between predicted and actual load
values:

N

MAE =+ =
N

=1

2) Root Mean Square Error (RMSE): RMSE penalizes
larger errors more heavily and is defined as:

a

‘Li—Lil (19)

1%
This transformation helps the model understand cyclic con- RMSE = Y= (L,_; )2 (20)
. . . . > U U
tinuity (e.g., 23:00 and 00:00 are close in time). N i1
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3) Mean Absolute Percentage Error (MAPE): MAPE ex-
presses the forecasting error as a percentage:

100> —1L
MAPE = Li

N s £

2D

where:

- L;=actual load value

- L ; =predicted load value

- N = total number of test samples

Lower values of MAE, RMSE, and MAPE indicate better
forecasting performance.

B. Experimental Setup

In order to train the suggested model, historical demands,
weather-related features, and calendar-related features were
used. Moreover, to optimize the parameters of the suggested
model, the Adam optimizer and a learning rate of 0.001
over a number of epochs were used. Furthermore, to improve
the generalization capability of the suggested model, early
stopping was used. In order to assess the performance of
the suggested model, benchmark LSTM and BiLSTM models
were also used.

C. Forecasting Results

Table I presents the comparative performance of different
models.

TABLE I
PERFORMANCE COMPARISON OF FORECASTING MODELS
Model MAE RMSE  MAPE (%)
LSTM 0.085 0.112 4.75
BiLSTM 0.079 0.105 432
Proposed Transformer  0.068 0.091 3.58

The results indicate that the proposed Transformer archi-
tecture outperforms both LSTM and BiLSTM models by
achieving the minimum error across all key metrics (MAE,
RMSE, and MAPE). This improvement is driven by the
model’s self-attention framework, which effectively models
long-term temporal dependencies and the complex feature
dynamics inherent in LV load profiles.
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Fig. 2. Performance comparison of forecasting models.
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D. Discussion

Findings indicate that the Transformer-based framework
achieves higher predictive accuracy for low-voltage (LV) dis-
tribution networks. Unlike other recurrent models that need
sequential processing of the data, the integrated self-attention
mechanism allows for parallel processing and can provide a
deeper understanding of the global context. This can be highly
beneficial in LV environments where the demand has high
variability because of the behavior of the consumers and the
addition of DE resources.

Moreover, the architecture exhibits stable predictive ac-
curacy across both high-demand and low-demand periods,
showcasing its robustness in modeling the intricate, nonlinear
fluctuations characteristic of modern power consumption.

VII. CONCLUSION

This research introduces a deep learning framework cen-
tered on the Transformer architecture for predicting short-
term electrical demand at the low-voltage (LV) level. With
the advancement in the integration of smart grid technol-
ogy, electric vehicles, and distributed energy resources, the
achievement of exact low voltage forecasting is a challenging
and vital task to ensure the power system’s stability. In fact,
traditional techniques such as statistical models and recurrent
neural networks often fail to effectively capture the nonlinear
characteristics of the low voltage data.

To overcome these limitations, the study proposes a self-
attention-based Transformer model that leverages historical
demand patterns alongside meteorological and temporal vari-
ables to improve predictive precision. The proposed approach
employs a robust data handling process that involves normal-
ization techniques, cyclic time series features, and lagged data.
The performance of the model has been validated using statis-
tical benchmarks such as Mean Absolute Error (MAE), Root
Mean Square Error (RMSE), and Mean Absolute Percentage
Error (MAPE).

Findings from the experiments indicate that the
Transformer-based  approach superiorly predicts load

compared to baseline LSTM and BiLSTM architectures.

Through the use of an attention-based design, the model

successfully captures comprehensive global context and
multi-dimensional feature relationships. This architectural
strength is critical for accurately predicting demand in LV
systems, which are subject to rapid and nonlinear fluctuations.
These results further validate that Transformer-based fore-
casting techniques are highly capable of managing the intri-
cacies of LVNSs, which is a scalable approach to optimize the
reliability of distribution-level energy infrastructure.
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