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Short term load forecasting, namely, Long Short-Term Memory, Bidirectional Long Short-Term Memory,
Convolutional neural network, Convolutional Neural Network based LSTM, Convolutional Neural Network based
Long short term memory, BILSTM are applied for short-term load forecasting in this paper. The efficacy of the
Bi-directional long short term- various deep learning techniques for short term load prediction is compared. The technique
memory. which produces the least value of root mean squared error between real and estimated

load, is the most preferred one. The comparative analysis shows that Convolutional Neural
Network based BiLSTM technique is a better option for short term load forecasting.
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I. INTRODUCTION

A nation’s economy mainly depends on the power sector. To improve the nation’s economy, power sector must be improved. If
power system is stable, then the social stability, national security, economic growth and the overall quality of life of people is stable for
a nation. Consumers’ expectation from the power system is steadily growing and the power management in the grid is also improving
with time. Every Power dispatch center needs load forecasting data for the better load distribution. The power industries must improve
their abilities to produce power efficiently to manage the nation’s technological advancements and economic improvements [1]. The
growing smart grid faces significant challenges in energy management because of the unpredictability of power supply from renewable
energy generation and also the power demand. Accurately projecting future generation and load is essential for effective power
management [1]. Any significant deviation in the forecasts could result in technical and economic challenges. Furthermore, in
deregulated power system markets, the accuracy of forecasted demand is crucial as all participants, from energy producers to customers,
rely directly on this information [2]. Load forecasting has drawn a lot of attention from academia and industry due to the use of
sophisticated data acquisition systems (like smart meters and Advanced Metering Infrastructure meters, as well as the development of
data analytic methods and artificial intelligence. Numerous sophisticated data analysis methods have been developed and are widely
used in modern life. Data analytics are crucial to the daily planning and operation of power systems. Predictive models are being used
to analyze the demand pattern, with specific electrical generators designated to meet this demand. Load forecasting has different types,
depending on the forecasting time horizon. Medium and long-term load prediction cover periods of two weeks and three years,
respectively, whereas short-term load forecasting covers intervals of several minutes to one week [3]. Several factors specifically daily,
weekly and yearly cycles of demand as well as unpredictable electricity consumption pattern of consumers’ appliances contribute to the
difficulty of load forecasting. Load also displays a strong correlation with environmental variables like temperature, humidity, solar
irradiance, wind speed, etc.
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A direct method for forecasting net-load and an indirect method for forecasting gross load and renewable generation separately
are discussed in [4]. The findings show that the forecast accuracy is higher in the direct approach. This research also aims to forecast the
net load in a power system.

.1 LITERATURE REVIEW

While Classical models and forecasting methods typically are implemented using ARMA, SARIMA, and ARMAX modelling
techniques, in past few years Recurrent Neural Networks (RNN) and Artificial Neural Networks have also received some recognition
for possible applications in forecasting [5]. As a result of these advancements in technology, developers have begun testing and using a
variety of new models. These new models use Deep Learning techniques to identify key information within the load profile [6].
Although RNNs provide a number of benefits in modelling load time series data, they struggle to model long term dependencies
accurately because of their architecture. To solve this issue, developers created Long Short-Term Memory Networks (LSTMs) [7].
Although the base architecture of an LSTM is similar to that of a standard RNN, it incorporates memory blocks to store information.
The memory blocks contain both Subnets and Recurrent Connection units, as opposed to the Summation units that are used by the
buried layers of RNNs. LSTMs have consistently provided superior performance for solving industrial problems involving time series
data compared to RNNSs. Through the incorporation of memory units, LSTMs have consistently provided superior results for modelling
extremely long-term dependencies in multiple real-world sectors [8]. Long-term memory tasks such as predicting the secondary
structure of proteins and context-free grammar were successfully handled by LSTM models [9]. Although LSTM can learn to identify
long-term dependencies for sequential data, it is limited to working with historical data; Bi-directional LSTM (Bi-LSTM) is able to
utilize both past and upcoming context to produce highly exact estimations. Therefore, when completing tasks where bidirectional
information is necessary such as speech recognition or natural language processing, Bi-LSTM has a distinct advantage over LSTM.
Whether LSTM or Bi-LSTM should be used in a time series forecasting application will largely depend on how the forecast will be
used and on the data being analyzed [10].

By using Bi-LSTM, an analyst can represent complicated patterns and relationships in the data much more efficiently than with
unidirectional LSTM operating only in one direction. Combining Empirical Mode Decomposition with the Bi-LSTM approach allows
for highly accurate forecasting of both short-term and long-term dependencies of electrical load. The advantages of the new model are
evident when considering that it produces more accurate short-term load forecasts than any of the previous models have produced; thus,
it is very likely to be an effective method of forecasting energy consumption [11]. Recently, studies investigating the benefit of
Convolutional Neural Networks (CNN) for short-term load prediction are conducted. In contrast to LSTM networks, temporal CNN
could produce a forecasting model that was both effective and dependable. In this paper, it is suggested using an integrated CNN-LSTM
model to predict the future load. Lastly, a unique parallel LSTM-CNN network that was trained for both CNN and LSTM was
developed to resolve the short term load estimation problem in smart grids. Results proved that the LSTM-CNN demonstrated good
performance [12]. CNN-Bi-LSTM is another model used for load forecasting. CNN handles the missing data, while Bi-LSTM is used
for the long term load forecasting. By combining both the models, the results are better for load forecasting for discontinuous dataset
[13].

1.2 OBJECTIVES OF THE RESEARCH

By looking into the literature, a detailed study comparing the various deep learning models for short term load estimation is
missing. Hence, in this paper, an analysis is conducted on the four prominent deep learning models - LSTM, Bi-LSTM, CNN-LSTM,
and CNN-BIi-LSTM, to determine the best technique for load estimation in accordance with the evaluation of results [14]. The primary
goal is to identify the optimal approach for load estimation in the power system by assessing the deviation between the real load and the
estimated load. In this paper, an aggregated dataset of electrical load profiles from New England, USA is utilized which is not used in
the above mentioned papers. Program code for the deep learning models is created using Python.

I1. DEEP LEARNING NETWORK ARCHITECTURES
1.1 LSTM ARCHITECTURE

Traditional RNNs have problems in capturing long-term dependencies because of their single hidden state that persists over
time. LSTM networks address the issue with long-term storage found in traditional RNN models through a special component called the
memory cell which has the ability to hold on information for much longer duration of time. Therefore, LSTM models are excellent at
learning temporal relationships over many different time periods and are commonly used in areas such as voice-to-text transcription,
translating between different languages and predicting future values based on the data available. Figure 1 shows LSTM model’s
architecture. In the overall structure of an LSTM model, there are three primary areas known as gates. The input gate is where the new
piece of information enters; the forget gate is the place to remove data that is no longer find useful; and the output gate is the point
where the information needed is taken out from the memory cell. By selectively controlling the retention and discarding of information
at each step, LSTM networks effectively manage long-term dependencies and facilitate strong learning processes [15].
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Figure 1: Architecture of LSTM.
Source: Authors, (2026).

1.2 BI-LSTM ARCHITECTURE

Figure 2 demonstrates the architecture of Bi-LSTM model which is a type of sequential model consisting of two LSTM layers:
one for handling sequences in forward direction and another for treating sequences in reverse direction. The outputs of both LSTMs are
converted to a probability vector and combined to create the final output [9]. Bi-LSTMs are often used when performing Natural
Language Processing tasks because they allow the model to have a greater understanding of the complex interrelations between
elements of a sequence by using the context to infer the meaning of certain elements.
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Figure 2: Architecture of Bi-LSTM.
Source: Authors, (2026).

11.3 CNN-LSTM ARCHITECTURE

Combining CNN with LSTM creates a fusion network for Deep Learning that can analyze different types of sequential
information. It uses the benefits of both CNN and LSTM networks to learn both spatial and temporal characteristics in sequential data,
creating an effective solution for tasks related to video classification, action recognition and spatiotemporal forecasting. In a typical
CNN-LSTM architecture illustrated in Figure 3, the role of CNN is to perform the extraction of the spatial features of the data, while the
role of the LSTM is to model the temporal dependencies and sequential nature of the data. CNN networks are particularly good at
extracting information such as feature maps or key frames using their various convolutional and pooling layers. The CNN network
produces a series of spatial feature vectors, which are then fed to the LSTM network to learn the temporal dependencies present inside
the data. LSTMs are especially effective at modeling long-term dependence on sequential data since they maintain a memory cell to
store and update the values of previous time steps. Therefore, if CNN is employed to pull out spatial peculiarities, and LSTM is used to
simulate temporal dependencies of sequential data, then the combined model of CNN-LSTM can learn how the spatial feature vectors
relate temporally. The combination of CNNs with LSTMs provides an open way for CNN-LSTM to process and understand complex
and sequential information. Because an image or video may be viewed as a sequence of images overtime, this makes it very useful for a
variety of applications such as video understanding, action recognition or forecasting time series data [11]. The CNN-LSTM
architecture provides a method to analyze both spatial features and temporal features at the same time, making the architecture flexible
and very effective at understanding the context of an input sequence as well as recognizing patterns and relationships between elements
within that sequence.
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Figure 3: Architecture of CNN-LSTM.
Source: Authors, (2026).

1.4 CNN-BI-LSTM ARCHITECTURE

CNN-BILSTM is a network architecture that integrates CNN with Bi-LSTM networks demonstrated in Figure 4. By utilizing
the information from CNN's features before inputting them into Bi-LSTMs, they benefit from the existing knowledge of how to process
inputs. Initially, the dataset was segmented into load profiles containing load values for each day (i.e., load profiles for a 24 hour
period) and these profiles were then combined to create a single input for the One Dimensional (1D) CNN layer of the architecture.
During the extraction of features from the load profile, the 1D CNN layer used 64 filters with a kernel size (i.e., width and height of the
filter) of 3 by 1 and a default stride of 1 when generating a feature vector for each input load profile. After extracting the features from
the input load profile data, those raw feature map data are still subjected to max-pooling which decreases the dimensionality of the
features but also, likely, loses some of the important aspects of the data; therefore, this loss of important information may account for
the decrease in accuracy experienced by the Bi-LSTM networks [12].
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Figure 4: Architecture of CNN-Bi-LSTM.
Source: Authors, (2026).

The feature vector output from the extraction layer of the network will then feed into the Bi-LSTM networks to become the
sequential load demand forecasts for the succeeding day's load profile. The fully-connected layer of the network will also include
rectified linear unit activation functions for use when creating forecast load profiles, however, the CNN-LSTM versions of the network
will only utilize standard, one-way directed LSTM networks for the sequential time series forecasts.

1. METHODOLOGY
111.1 DATASET PREPARATION

The data used in this research comes from aggregated electricity usage profiles in the New England Region in the United States
[16]. This dataset used consists of hourly (60 minute) data for active power beginning from January 2019 to January 2024. As part of
load forecasting, this study focuses solely on active power measurements. Additionally, as presented in Table 1, the data is classified
according to time into training and test sets, which are created using the provided timestamps. In order to prepare the data for use with
the models, min/max normalization will be applied to the dataset based on the equation (1).

Xnorm :(X - Xmin) / (Xmax‘ Xmin) (1)
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111.2 TRAINING AND TESTING

The dataset used in this study is made up of total load, which was first divided into training and test dataset. The training dataset
is then utilized to build up various neural network architectures: LSTM, Bi-LSTM, CNN-LSTM, and CNN-Bi-LSTM; with the test
dataset being specifically used to assess the model's efficacy. 70% of data are utilized for training the models and 30% for testing which
is shown in Table 1.

Table 1: Data division into training and testing set.
Data Description Starting date Ending date
Training Set 06/01/2019 06/07/2022
Test Set 07/07/2022 09/01/2024
Source: Authors, (2026).

Before being passed onto the model during the actual training phase, the training dataset is normalised. The model has been
tasked with predicting the demand for the next 24 hours in accordance with the previous history of data [17]. The time window will
be moved forward by 1 hour, from the previous hour, during each iteration (1 hour), until all data entries in the dataset are used to
train the model. In order to achieve optimal results, increased training set size and well-tuned parameters (Batch Size, Number of
Cells, Number of Layers) are helpful. When the model has been trained, a walk-forward testing method can be used to assess the
technique's efficacy. To evaluate the performance of the trained model, Root Mean Square Error (RMSE), Mean Absolute Error
(MAE) and Mean Absolute Percentage Error (MAPE) are the metrics adopted. RMSE is given by equation (2).

s [P = 02
n
@

In this context, 'n' denotes total number of load data within the 24-hour period, where P; denotes the real load at the 'i™™ hour
and Oj signifies the estimated load at the 'i™ hour [18]. MAE is the mean absolute deviations between estimated and actual loads.
MAPE is the mean absolute percentage deviation between estimated and real loads.

IV. RESULTS AND DISCUSSION

During the testing phase, load is forecasted for the testing period day by day from 07/07/2022 to 09/01/2024, with load
forecasted for one day at a time. Figure 5 depicts the plot of actual versus predicted load by all the models, over a 24-hour period for
one such testing day which is 4™ November 2023. The performance of each model is discussed below.

Actual vs Predicted Load
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Figure 5: Real Vs forecasted load by all the models.
Source: Authors, (2026).

IV.1LSTM BASED LOAD FORECASTING

Figure 6 depicts the plot of actual versus predicted load by LSTM model over a 24-hour period for the above mentioned testing
day. Figure 7 displays an hourly RMSE plot that compares the real load with the forecasted load. Lower RMSE values indicate more
precise estimations. The LSTM forecast method achieves an average daily RMSE score of 0.060051 kW considering all the test days.
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Figure 6: Real Vs forecasted load by LSTM. Figure 7: Hourly RMSE values for LSTM networks.
Source: Authors, (2026). Source: Authors, (2026).

Figure 8 shows the plot between training and validation loss which shows that LSTM model is a good fit model and it converges
in 47" epoch.
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Figure 8: Training vs Validation loss for LSTM model.
Source: Authors, (2026).

IV.2 BI-LSTM BASED LOAD FORECASTING

Figure 9 illustrates the plot of actual versus predicted load over a 24-hour period by Bi-LSTM. Figure 10 showcases an hourly
RMSE plot for the same test day. The BiLSTM forecast method achieves an average daily RMSE score of 0.060781 kW.

BiLSTM BiLSTM - Hourly RMSE
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Figure 9: Real Vs forecasted load by Bi-LSTM. Figure 10: Hourly RMSE values for Bi-LSTM networks.
Source: Authors, (2026). Source: Authors, (2026).

Figure 11 shows the plot between training and validation loss which shows that BiLSTM model is another good fit model and it
converges in 49" epoch.
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Figure 11: Training vs Validation loss for BiLSTM model.

Source: Authors, (2026).
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IV.3 CNN-LSTM BASED LOAD FORECASTING

Figure 12 displays the plot of actual versus predicted load over a 24-hour period by CNN-LSTM model. Figure 13 presents an
hourly RMSE plot comparing the actual and predicted load demand. The CNN-LSTM forecast method achieves an average daily
RMSE score of 0.061192 kW.
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Figure 12: Real Vs forecasted load by CNN-LSTM. Figure 13: Hourly RMSE values for CNN-LSTM network.
Source: Authors, (2026). Source: Authors, (2026).

Figure 14 shows the plot between training and validation loss which shows that CNN-LSTM model is also a good fit model
and it converges in 49" epoch.
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Figure 14: Training vs Validation loss for CNN-LSTM model.
Source: Authors, (2026).

IV.4 CNN-BIiLSTM BASED LOAD FORECASTING

Figure 15 illustrates the plot of actual versus predicted load over a 24-hour period for CNN-BILSTM model. Figure 16 depicts
an hourly RMSE plot that showcases the contrast between the actual and predicted load demand. The CNN-BiLSTM algorithm brings
about an average daily RMSE result of 0.058449 kW.
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CNN-BILSTM CNN-BIiLSTM - Hourly RMSE
Test Day-1: 2023-11-04

,\\ == Actual Load
13000 A o4 N =—— Predicted Load 0.06 -

12500 4

=4
=}
vl

12000 A

11500 4

RMSE (kW)
o
=3
B

11000 4

Electrical Load (kW)

10500 - 0.031

10000 A
0.02

9500 -

LS s S S e s S S S N S S
T T 1T Tt v T T T T 1 2 3 45 6 7 8 9 1011 12 13 14 15 16 17 18 19 20 21 22 23 24
123 45 6 7 8 9 10111213 14 15 16 17 18 19 20 21 22 23 24

Hour of Day (h) Hour of Day (h)
Figure 15: Real Vs forecasted load for CNN-BIiLSTM. Figure 16: Hourly RMSE values for CNN-BIiLSTM network.
Source: Authors, (2026). Source: Authors, (2026).

Figure 17 shows the plot between training and validation loss which shows that CNN-BILSTM model is a good fit model and it
converges in 49™ epoch.
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Figure 17: Training vs Validation loss for CNN-BIiLSTM model.
Source: Authors, (2026).
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IV.5 COMPARISON OF RESULTS
The average RMSE values, MAE values and MAPE % for the different models are presented in Table 2.

Table 2: Prediction error for various algorithms.

Algorithms RMSE (kW) MAE (KW) MAPE (%)
LSTM 0.060051 0.043350 20.883416
BiLSTM 0.060781 0.043708 20.948451
CNN-LSTM 0.061192 0.044336 21.759486
CNN-BILSTM 0.058449 0.042286 20.667672

Source: Authors, (2026).

According to the results shown in Table 2, the CNN-BILSTM model exhibits the least RMSE, MAE values and MAPE
percentage in comparison to the other techniques. The CNN-BILSTM model's ability to extract features effectively and to process data
bidirectionally, contributes to more valid estimations. For load forecasting in regions like New England, the CNN-BIiLSTM model
stands out as the best model based on its performance.

V. CONCLUSIONS

Due to the need for sound load forecasting methods for the power industry, this research paper deals with the application of four
deep learning algorithms namely, LSTM, BILSTM, CNN-LSTM, CNN-BIiLSTM for short-term load forecasting. These models were
trained to forecast the aggregated load of New England Region in the United States, one day in advance based on the previous history
of load profile. Results from this study, indicate that the CNN-BiLSTM architecture produces the lowest RMSE error values of any of
the models that were tested against it, including LSTM, BILSTM and CNN-LSTM. The authors speculate that this is due to the
combined strength of the hybrid model. Automatic Feature Extraction by CNN and Temporal Dependency Learning by BIiLSTM
attribute to an accurate modeling of electricity demand patterns.
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This research is very much useful to the power industry to advance power system management strategies in the framework of
increasing renewable energy integration and smart home technologies. Future evaluations will progressively compare the performance
of the models using more dynamic and less predictable data-sets like weather information and wide ranging load profiles.
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