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Abstract— Electrical load forecasting is an vital module of power 

system planning and operation because accurate predictions 

regarding future electricity demand are imperative in the 

efficient management of resources and ensuring the reliability 

and stability of the power grid. Long-term load forecasting using 

machine learning approaches like ANNs in MATLAB offers 

effective resource management and maintaining reliability of the 

grid. Based on a historical load demand data set of 8,867 points, 

with a 24-hour lag feature to take care of temporal fluctuations, 

the study utilized an ANN model having 20 hidden layers and 

optimized it for both accuracy and computational efficiency. 

Three training algorithms were evaluated to check the 

convergence, accuracy, and generalization by Levenberg-

Marquardt, Scaled Conjugate Gradient, and Bayesian 

Regulation. Results directed to identification of the appropriate 

algorithm that enhances energy distribution and management. 

Keywords  Load Forecasting, Artificial Neural Network, Machine 

Learning, time series, MSE   

 

I. INTRODUCTION  

 
Over the past few decades, the rate of growth in electricity 
demand has been accompanied by power system restructuring. 
Electricity demand is inherently uncertain and intermittent [1] 
in nature, coupled with traditional error in load forecasting for 
significant challenges on the operation and planning of bulk 
power grids. Load forecasting is one of the key elements that 
must be designed into power systems as it helps manage 
energy appropriately, facilitates economic dispatch [2, 3], and 
also ensures system stability [4]. It comes more challenging 
when renewable resources have been introduced in the grid 
along with continuously varying load [5, 6].  In the face of the 
escalating intricacy of power grids and the increasing 
popularity of renewable energy resources, sophisticated load 
forecasting techniques have been essential for power grids. The 
techniques of load forecasting can be differentiated into two 
types that are traditionally statistical methods and machine 
learning-based methods [7]. Traditional methods, such as time 
series models-ARIMA and exponential smoothing have been 

widely applied in load forecasting for a long time. However, 
capturing nonlinearities and complexities in the inherent load 
patterns makes these models less effective, especially under 
various conditions of rapidly changing load demand or high 
variability associated with weather influences [8]. ANNs have 
proved themselves to be very flexible and can be used 
effectively in load forecasting studies with a high predictability 
level. Some of the architectures used in the neural network are 
feed-forward neural networks (FNN), convolutional neural 
networks (CNN) and recurrent neural networks (RNN). Among 
them, most researchers have used FNN along with back-
propagation in STLF. The choice of algorithms for neural 
network training is critical for high prediction accuracy [9]. 
Various algorithms, such as Levenberg-Marquardt (LM), 
Bayesian Regulation (BR), and Scaled Conjugate Gradient 
(SC), have been used for this optimization. Bayesian 
Regulation has demonstrated superior performance in avoiding 
overfitting and ensuring better generalization based on a 
probabilistic framework that adjusts the weights of the neural 
network. Feature selection is important to improve 
performance in load forecasting models. The most common 
input features used include historical load data, weather 
conditions, calendar variables (for example, day of the week 
and holidays) and socioeconomic factors [10]. There are also 
some of the disadvantages of neural network-based models. 
The large amounts of data for training, are sensitive to 
selection of hyperparameters, and computationally heavy. The 
future research requires deep learning techniques, hybrid 
models that combine the benefits of machine learning with the 
power of statistical methods, and the use of sophisticated 
feature engineering techniques. It includes further 
improvement of forecasting accuracy by ensemble models and 
applying transfer learning [11]. In order to address these issues, 
the use of a novel approach using machine learning for 
electrical demand forecasting is proposed herein. The ANN has 
an input layer having one or more hidden layers with an output 
layer. Training is divided into the three big steps: (a) input load 
data that is used to push forward through the network, (b) 
errors between the predicted and actual outputs are computed 
and propagated backward through the network, and (c) the 
weights of the connections between neurons get modified in a 

20
25

 8
th

 In
te

rn
at

io
na

l C
on

fe
re

nc
e 

on
 E

le
ct

ro
ni

cs
, M

at
er

ia
ls 

En
gi

ne
er

in
g 

&
 N

an
o-

Te
ch

no
lo

gy
 (I

EM
EN

Te
ch

) |
 9

79
-8

-3
31

5-
20

76
-2

/2
5/

$3
1.

00
 ©

20
25

 IE
EE

 |
 D

O
I: 

10
.1

10
9/

IE
M

EN
TE

CH
65

11
5.

20
25

.1
09

59
52

2

Authorized licensed use limited to: INSTITUTE OF ENGINEERING & MANAGEMENT TRUST. Downloaded on August 15,2025 at 18:35:07 UTC from IEEE Xplore.  Restrictions apply. 

USER
Typewritten Text

USER
Typewritten Text

USER
Typewritten Text



way to try to minimize the mean squared error. The input data 
that is entered undergoes transformations by the hidden layers 
using activation functions till it produces the final output. The 
architecture of neural networks, in terms of the depth and 
number of neurons in the hidden layers, affects model 
performance to a great extent. Although deeper networks can 
learn more complex features, caution must be exercised to 
avoid over fitting. Empirical studies indicate that a moderate 
number of neurons is generally the best for load forecasting, 
keeping in mind the scope and nature of the dataset. The 
advantage of the ANN model is its self-learning and self-
organizing ability, and such ability can enable the model to be 
adaptive and enhancing its forecasting capability with time. 
This method promises to address the obstacles involved in 
long-term electricity demand forecasting by giving a tool that 
may help enhance the reliability and stability of power systems 
amid increasing demand and limited infrastructure expansion. 
The implementation of such advanced neural network models 
is crucial for enhancing the efficiency and accuracy of 
electricity demand forecasting, thereby supporting better 
operational and planning decisions in power systems [12]. The 
performance of load forecasting models is measured against 
mean squared error (MSE), mean absolute error (MAE), and 
root mean squared error (RMSE). In cross-validation tests, 
ANNs seem to perform better than traditional models 
especially when the patterns are nonlinear. However, the 
success of an ANN model is also determined by the quality of 
data as well as robust feature engineering practices.  

 

II. PROBLEM DESCRIPTION AND FORMULATION 

 
Accurate load forecasting is crucial in efficient power system 
operation and planning. Utility firms rely on the precise 
forecast to monitor generation schedules, optimize operations 
of the power grid, maintain stability, and subsequently save on 
generation costs. The process is complex owing to nonlinear 
patterns caused by changing weather, economic activity, or 
consumer behavior. This article aims at building a stable ANN-
based STLF that provides an accurate hourly estimate for a 
period of 24 hours. ANNs were selected for their capability to 
capture complex dependencies beyond the reach of traditional 
statistical techniques. The past load values are the only input to 
capture any time of patterns [13]. In this project, a 24-hour lag 
is utilized to predict the next 24 hours of load demand. 
Depending upon the availability of data, additional features 
such as temperature, day-of-the-week, and holiday indicators 
can be added to improve model performances. A feed forward 
neural network with an input layer, one or more hidden layers, 
and an output layer is used. For this project, it has 20 hidden 
neurons in the model. Bayesian Regulation (trainbr) is the 
algorithm used to optimize weights of model for finding the 
best predictive value and preventing over fitting. 

Inputs:  and represents the input feature 
for time . 

Outputs: in which   represents load 

prediction for  hour of forecast horizon. 

The ANN model is defined as a nonlinear function f that maps 
the input features X into the output  where θ 
represents the ANN's parameters, that is, weights and biases. 
The load forecasting model performance can be assessed using 
metrics like Mean Absolute Error, MSE, and RMS error. 
Where   is the actual load and ( )  is the predicted load 
for each time step i, and N is the total number of predictions. 

The model assumes that its training is based on high quality 
historical load data and the underlying patterns in the data are 
stationary over time. The features in the input are presumed to 
be adequate to capture the dependencies underlying accurate 
load forecasting. Machine learning approaches, particularly 
ANN have shown great promise in load forecasting. ANNs can 
model complex and nonlinear patterns in data. Therefore, they 
can be applied to document detailed electricity consumption 
patterns. Different studies prove that ANNs generally perform 
better than conventional methods, especially when load 
demand data are affected by several variables such as 
humidity, temperature, time of the day, and consumer 
behavior.  

 

III. METHODOLOGY AND IMPLEMENTATION 

 
Traditional statistical methods often fail to capture the intricate, 
nonlinear dynamic inherent in load data, which could be due to 
economic growth, climate variation, and societal trends. 
Artificial Neural Networks (ANNs) seem to be the necessary 
tool that seeks to attack this complexity. ANNs can learn 
complex patterns from historical data, which is the reason they 
should be used with good prospects for long-term load 
forecasting.  

In the proposed methodology, training an ANN model on a 
comprehensive dataset combining historical load data, 
economic indicators, and meteorological factors is considered. 
The typical network is composed of an input layer with several 
hidden layers along with an output layer. The input layer takes 
the mentioned features, and the hidden layers operate based on 
nonlinear activation functions to extract complex patterns and 
relationships. The output layer produces the predicted load 
values. Advanced techniques such as feature engineering, data 
normalization, and optimization algorithms are used to 
improve the accuracy and robustness of the model. Feature 
engineering is the process of creating meaningful features from 
raw data, which may include seasonal components, trend 
components, and holiday effects. Data normalization ensures 
that features fall within a common range, thus improving 
training efficiency. Optimization algorithms, such as gradient 
descent and Adam, were employed to adjust the parameters of 
the network for optimal error between predicted and actual 
load values. The proposed ANN model has the following 
advantages over traditional approaches.  
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 ANNs can capture nonlinear relationships, adapt to changing 
load patterns, and handle noisy and uncertain data. 
Nonetheless, problems in data quality, model complexity, 
computational cost, and interpretability need to be addressed 
judiciously to yield accurate and reliable forecasts. In this light, 
by mitigating these challenges and reaping the effectiveness of 
ANNs, one is able to reap considerable improvements in long-
term load forecasting so that the power industry can make 
more informed decisions.  

A. Data Collection and Preprocessing 

Accurate collection of historical load data forms the crux of the 
beginning stage and has a major impact on the model's overall 
performance. The data is required to adequately capture all 
significant features that affect electricity demand, including 
temperature, humidity, day of the week, seasonality, and other 
external influences known to have impacts on consumption 
patterns. This data is usually put in an organized Excel format 
where the structured columns clearly identify the relevant 
features and the target variable, i.e., load demand. The data are 
imported into MATLAB using read table functions, such as 
xlsread, or readtable for more flexibility. This allows access to 
numeric values from multiple sheets, so it can easily extract 
and analyze these data for model training in practice. Data 
typically not numeric, like day types or categorical variables, 
need to be translated into a useful numerical representation. 
For example, days of the week could be represented as integers 
in order to make analysis easier. Missing or missing data 
values, or those that are inconsistent, will badly affect model 
performance when left alone. Interpolation is one technique 
used to estimate missing values by relying on neighboring data. 
Data cleaning can then be done to correct anomalies and 
outliers that could mislead the algorithm in its predictions. 
Following import and data cleansing, the raw dataset needs to 
be transformed into a format suitable for neural network 
training. MATLAB's tonndata function is very useful in this 
regard, transforming the data into a time series format such that 
the neural network could handle sequential inputs aptly. In load 
forecasting, historical values are highly correlated with future 
loads.   

Input and target series define the data set preparing for 
modeling. This usually includes past load values along with 
additional predictive features that could be weather conditions 
or time-related variables. The targets constitute the future load 
values towards which the model will direct its prediction. 

Separating the data allows the network to learn the mapping 
from the historical inputs to future outputs. Segmentation of 
data into meaningful input-output pairs ensures the model 
captures temporal dependencies critical for proper forecasting. 
Preparation of data in this structured fashion forms the 
necessary base for effective training and prediction by a neural 
network. 

B. Model Design of the Neural Network 

A  TDNN is used to capture the relationship between past and 
future load values; it exploits the capability of TDNN in 
modeling time-dependent processes. The TDNN architecture 
is configured such that input delays are set to span from 0 to 
24 hours so as to capture load patterns efficiently throughout 
the day. These input delays would allow the network to 
understand how values for earlier hours of the day influence 
both current and future loads to be demanded. 

Designing the hidden layer is a crucial step in determining 
model complexity. The number of neurons, such as 10 in this 
case, is chosen based on a trade-off between model 
expressiveness and overfitting risk. Too few neurons may lead 
to underfitting, where the model fails to capture essential data 
patterns, while too many can cause overfitting, where the 
model becomes too specific to the training data. The neural 
network is built with MATLAB's timedelaynet function that 
provides a structured way of building time-series networks. 
Other options like activation functions, and the parameters for 
learning, can also be configured to optimize performance. 
  

C. Data Partition 

T   The division of data into training, cross-validation, and testing 
sets is essential to building an effective model. The division is 
usually done as follows: 

Training Set (70%): Their purpose is to learn model 
parameters. This portion contains the most data, allowing the 
model to recognize patterns and relationships within a dataset. 
Validation Set (15%): This set is used for tweaking the model 
parameters, like the number of neurons or learning rates. The 
validation set thereby prevents the problem of overfitting 
because it indicates to the model when it learns too many 
details from the training data, thus lowering its generalization 
ability. 
Testing Set (15%): It is used to test the strength of the 
machine learning model after training and validation. This is 
an unbiased measure of how the model would perform on 
new, unseen data. 
In the  MATLAB , divideParam is used to define parameters 
for splitting the data. It ensures that the process is consistent 
and systematic in dividing the data, which is essential for 
reliable model performance assessment. 
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D. Training the Neural Network 

The three algorithms train three neural networks, and the best 
algorithm is chosen for the model of load forecasting.  

Levenberg-Marquardt: This algorithm has high efficiency with 
small datasets, with fast convergence. It minimizes the error 
by iterating on the model parameters, using a balance between 
gradient descent and Gauss-Newton method. Although trainlm 
is extremely efficient it does have significant memory 
requirements that may not be ideal for large datasets. Bayesian 
Regularization (trainbr): This algorithm provides 
regularization to avoid overfitting. It adjusts the complexity of 
a network using a probabilistic framework by ensuring that, 
even in the case of new data instances, the model functions 
well. The Bayesian approach dynamically weights the 
contribution of every neuron, hence leading to a more refined 
model. Scaled Conjugate Gradient (trainscg): This training 
algorithm is especially efficient in larger datasets and it is 
memory-aware since it never needs to compute a Hessian. The 
utility of this approach makes it very suitable for scenarios in 
which there is a serious memory constraint. 
The train function in MATLAB is called to start the training, 
and a structure (tr) returns, displaying the activity and 
performance of the model at each iteration. 
  

E. Performance Measurement of the Model 

 Model performance can be measured with a number of 
metrics and visualizations. Using the perform function MSE 
has been calculated. It measures the average of the squared 
error in the predicted and actual load value. The smaller the 
MSE value, the better the model. The training performance 
plots used to show the decrease in the error produced as time 
advances how well the model is learning. The training state 
displays all significant parameters, including gradients and 
learning rates throughout the training process to give an image 
when things start to go wrong or improve. In this article 
network response plot is also shown. Network response is a 
plot comparing the actual load values to forecasted values to 
gauge the model's prediction accuracy.Error Autocorrelation is 
applied to test the residual (differences between actual and 
predicted values) for any significant patterns. The absence of 
autocorrelation establishes that the models have captured the 
underlying patterns appropriately.Wheres input-error 
correlation is a measure to check for relationships between 
input features and errors; it may be an area of improvement 
with respect to feature selection or model design. 
  

F. Delay Removal and Early Prediction 

 When processing the result post-training, MATLAB's 
removedelay function can be used to eliminate any delayed 
inputs. This step simplifies the trained network by eliminating 
dependencies that do not arise early in prediction. Preparation 
of the input data involves preparing the data with respect to 
early prediction, which is achieved using the command 
preparets. Since the model still makes good predictions even 
for fewer input values, this is essential for applications where 

rapid forecasting is needed, such that early predictions may 
assist in proactive decision-making. 
  

G. Model Comparison 

 Once all the models are trained, a thorough comparison is 
done. Performance is compared in terms of MSE values, 
Correlation Coefficients, and Visual Plots to perceive which 
of the models recognizes the load patterns best. Bayesian 
Regularization is often quoted as a strong contender due to 
robustness. Levenberg-Marquardt for fast convergence and for 
memory efficiency Scaled Conjugate Gradient. The strengths 
and weaknesses of each model are discussed, and the most 
reliable one is finally selected for deployment into the real 
world. 
  

H. Implementation  

Finally, the chosen model is implemented in a real-time load 
forecasting system. Testing it through live scenario-based 
analyses will be crucial, as this integration is expected to 
perform consistently and accurately. Future directions of 
research might include feature additions, such as real-time 
weather data, or even more advanced neural network 
architectures like the LSTM (Long Short-Term Memory) or 
GRU (Gated Recurrent Unit), which are specialized for 
sequential data. Also, ensemble techniques that compose 
models can make forecasts better while the system is more 
resilient. 
 

 IV. SIMULTAION RESULTS 

 
This paper has considered a set of load data based on hourly 
voltage (V), current(I) and power factor (pf) information 
available at 33/11 KV substation (Godishala, huzurabad, 
Telangana state, India) [14]. Lagged values of the load data are 
most often used as input to account for the temporal 
dependencies. Research has shown that it is sufficient to take a 
24-hour lag in most cases for daily load patterns.  

The input and target data for power consumption have been 
shown in Figure 1. The results during the implementation of 
the machine learning technique, have been shown in the Table 
1. The Levenberg-Marquardt algorithm, or trainlm, is very 
efficient and generally used when training a mid-sized neural 
network. The 6115 data points were used for training and Mean 
Squared Error (MSE) is 1.1187×105. The MSE represents an 
average squared deviation between actual and estimated load 
values in the training procedure. A low MSE value suggests 
good performance. A Correlation Coefficient (R) of 0.9664 is 
obtained. The correlation coefficient is the strength and 
direction of the linear relation between the predicted and actual 
values. An R value close to 1 indicates that the model is doing 
a proper job in fitting the data. In the validation, MSE is 
1.3592×10⁵ and R is 0.9602 are obtained for 1310 observation 
points;  and testing phase, MSE is 1.3104×10⁵ and R is 0.9590 
for the same observation by this algorithm. The trainlm 
algorithm achieves a high R value across training, validation, 
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and test sets, indicating strong performance. However, the 
increasing MSE from training to validation and test sets 
suggests potential overfitting, where the model may be slightly 
too tuned to the training data.  

The Bayesian Regulation (trainbr) algorithm is particularly 
effective at regularizing neural networks, helping to prevent 
overfitting by incorporating Bayesian principles. The Bayesian 
Regulation Algorithm (trainbr) algorithm performs an 
outstandingly good, as its lowest MSE is at the training phase 
and its R values are consistently high. The absence of a 
separate validation phase corresponds to the capacity of the 
algorithm to be internally regularized. The algorithm really 
performs very well on load forecasting because it handles 
complexity well and brings strong predictions. 

Table I 
Observation by trainlm, trainbr and traincg algorithms 

trainlm Observations MSE R 

Training 6115 1.1187e+05 0.9664 

Validation 1310 1.3592e+05 0.9602 

Test 1310 1.3104e+05 0.9590 

trainbr Observations MSE R 

Training 7425 8.9432e+04 0.9734 

Validation 0 NaN NaN 

Test 1310 1.2021e+05 0.9619 

traincg Observations MSE R 

Training 6115 1.2501e+05 0.9620 

Validation 1310 1.3874e+05 0.9558 

Test 1310 1.5729e+05 0.9556 

The Scaled Conjugate Gradient Algorithm Results (traincg) is 
designed to minimize the computational complexity for 
training large-scale problems. The traincg algorithm realizes 
the highest values of MSE, as well as the lowest R's, which 
means it might be worse for this task than other variants, like 
trainlm and trainbr. Though it is efficient for some tasks, in 
this case, it's just not good enough for this particular load 
forecasting. 
The output response of power consumption model and error 
with respect to actual consumption has been shown in Figure 
2. A error histogram has been presented in Figure 3 with 20 
bins and a comparison of actual and estimated amount of 
power consumption for 24 hours is also shoen in Figure 4. 
 

  
Fig 1. Input and target time-series values of power consumption 

 

 
Fig 2. Output response of power consumption model and error 

with respect to actual consumption. 

 

Fig 3. Histogram for error of the proposed model 
 

 
Fig 4. Actual and estimated amount of power consumption for 

a day. 
 

V. CONCLUSION 

Electricity load forecasting is a critical component of power 
system planning and operation because accurate predictions 
regarding future electricity demand are imperative in the 
efficient management of resources and ensuring the reliability 
and stability of the power grid. This aids in optimizing 
generation scheduling, load balancing, and infrastructure 
maintenance and leads to lower operational costs and 
enhanced service quality. In this article, machine learning 
approaches have been introduced for long term load 
forecasting in MATLAB platform. The article focuses on the 
improvement of forecasting accuracy based on artificial neural 
networks to aid optimal decision-making in energy 
distribution and management. The dataset used in this research 
comprises 8,867 data points, capturing detailed historical load 
demand over a specific time horizon. This data contains 
temporal fluctuations and complex load patterns that are 
helpful in building a reliable forecasting model. To eliminate 
daily swing cycles and recurring load trends, 24-hour lag 
feature has been implemented. It enables the model to use 
information from the previous day to make intelligent 
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predictions about future load demand. The ANN architecture 
was designed with 20 hidden layers, a configuration based on 
rigorous empirical analysis to balance model complexity, the 
ability of the model to learn, and computational efficiency. 
Each algorithm had its unique strengths and limitations in 
terms of convergence rate, accuracy, and generalization of the 
model. A thorough comparison was made to assess and 
confirm the performance of these algorithms, identifying the 
most suitable choice of algorithm for our load forecasting 
application.  
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