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Table A.1 Performance of LSTM Model on 12 Test Sets

Performance of LSTM model on 12 test sets

Set Data types Date of Performance of LSTM models
data set MAPE (%) | MAE (kW) | RMSE (kw)
1 Long 2023-01-02 15.76 102.81 156.36
holiday 2023-01-03 12.27 134.20 228.64
2023-01-04 11.34 97.46 126.41
2 Weekdays | 2023-02-01 24.72 397.40 765.97
during the | 2023-02-02 12.36 180.62 283.29
school 2023-02-03 24.01 280.92 424.00
term

3 Exam 2023-03-01 6.34 90.21 157.10
period 2023-03-02 5.93 83.05 145.60
2023-03-03 10.59 126.19 192.18

a4 Summer 16.49 135.60 199.88 16.49
season 8.49 68.27 102.64 8.49

9.31 111.19 188.19 9.31

5 Weekdays 8.24 90.70 131.63 8.24
during the 20.35 298.40 452.52 20.35
school 18.12 288.76 439.26 18.12

term

6 The start of | 2023-08-01 13.39 110.15 173.10
the 2023-08-02 6.78 59.18 93.66
semester | 2023-08-03 15.00 313.06 486.03
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Set Data types Date of Performance of LSTM models
data set MAPE (%) | MAPE (%) | MAPE (%)

7 Compensation | 2023-09-02 13.10 141.77 226.18
holiday period 2023-09-03 11.15 104.84 150.12
2023-09-04 11.09 236.59 401.60
8 Rainy season 2023-09-10 38.89 277.84 415.75
2023-09-11 15.71 306.48 490.29
2023-09-12 12.21 207.54 344.20
9 Weekdays and 2023-10-01 9.72 122.79 23352
weekends 2023-10-02 10.31 187.96 314.12
2023-10-03 12.33 173.16 256.57
10 Exam period 2023-10-16 10.99 200.85 330.97
2023-10-17 8.72 148.79 230.52
2023-10-18 9.05 149.75 247.86
11 Term break 2023-11-01 13.50 201.88 318.32
2023-11-02 12.40 191.58 301.04
2023-11-03 19.65 229.27 350.74
12 Winter season 2023-12-25 26.53 404.89 625.17
2023-12-26 12.48 187.36 325.77
2023-12-27 19.21 354.07 564.38




APPENDIX B

Implementation and Experimental Setup

B.1 Bi-LSTM model forecasting code

import numpy as np

import pandas as pd

import matplotlib.pyplot as plt

from sklearn.model_selection import TimeSeriesSplit

from sklearn.preprocessing import MinMaxScaler

from tensorflow.keras.models import Sequential

from tensorflow.keras.layers import LSTM, Dense, Dropout, Bidirectional
from tensorflow.keras.optimizers import Adam

from tensorflow.keras.callbacks import EarlyStopping

from sklearn.metrics import mean_absolute_error, mean_squared_error

def mean_absolute_percentage_error_manual(y_true, y pred):
y true, y pred = np.array(y_true), np.array(y_pred)
return np.mean(np.abs((y true -y pred)/y true)) * 100
def create_bilstm_model(input_shape, (stm_units=100, dropout_rate=0.2,
learning_rate=0.001):
model = Sequential()
model.add(Bidirectional(LSTM(units=lstm_units), input_shape=input_shape))
model.add(Dropout(dropout rate))
model.add(Dense(1))

optimizer = Adam(learning rate=learning_rate)



model.compile(optimizer=optimizer, loss="mse")
B.1 Bi-LSTM model forecasting code (continued)
return model
def create_sequences(X, y, timesteps):
Xs,ys =, [I
for i in range(len(X) - timesteps):
Xs.append(X[i:i+timesteps])
ys.append(y[i+timesteps])

return np.array(Xs), np.array(ys)

file_train_val = r'D:\New folder\Load forcasting 02\Data\trainNvalidation.xlsx'
file_test = r"D:\New folder\Load forcasting 02\Data\test.xlsx"
df train val = pd.read_excel(file_train_val)

df test = pd.read_excel(file test)

selected features = [
Yearly Hours', 'Quarter-Hourly Interval', 'Weekdays and Weekend',
'Daytime and Nighttime', 'Compensatory Holiday', 'Long Weekend',
'Lag_1Day Smoothed Load', 'Ambient Temperature', 'Relative Humidity']

features = df train_val[selected features].values

target = df train_val[Pure Load '].values.reshape(-1, 1)

test features = df test[selected features].values

test target = df test['Pure Load l.values.reshape(-1, 1)

test time = df test.ilocl;, 0]

1

971
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B.1 Bi-LSTM model forecasting code (continued)
# Normalize

scaler X = MinMaxScaler()

scaler_y = MinMaxScaler()

X scaled = scaler Xfit transform(features)

y scaled = scaler y.fit transform(target)
timesteps = 8

X seq,y seq = create_sequences(X scaled, y scaled, timesteps)

tscv = TimeSeriesSplit(n_splits=>5)
val_metrics = []
fold =1
for train_idx, val_idx in tscv.split(X_seq):
X _train, X _val = X_seq([train_idx], X_seg[val_idx]
y train,y val =y seqtrain_idx], y_seq[val idx]
model = create_bilstm_model((timesteps, X_train.shape[2]))
early stop = EarlyStopping(monitor='val_loss', patience=10,
restore_best weights=True)
model.fit(X_train, y_train, epochs=50, batch size=32,
validation_data=(X val, y val),
callbacks=[early stop], verbose=0)
y val pred scaled = model.predict(X val)
y val pred = scaler y.inverse transform(y val pred scaled)
y val actual = scaler y.inverse transform(y val)

mae_val = mean_absolute_error(y val actual, y val pred)
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rmse_val = np.sgrt(mean_squared_error(y val actual, y val pred))
B.1 Bi-LSTM model forecasting code (continued)
mape_val = mean_absolute percentage error manual(y val actual, y val pred)
val_metrics.append((mae_val, rmse_val, mape val))
print(f"\nFold {fold} Validation Metrics:")
print(f"MAE: {mae_val..4f} kW, RMSE: {rmse_val:.4f} kW, MAPE: {mape_val:.2f}%")

fold +=1

X _test scaled = scaler X.transform(test features)
y test scaled = scaler y.transform(test target)
X _test seq, y test seq = create_sequences(X test scaled, y test scaled, timesteps)
test time = test_time[timesteps:]
y test pred scaled = model.predict(X test seq)
y test pred = scaler_y.inverse transform(y test pred scaled)
y_test actual = scaler_y.inverse transform(y test seq)
test _df = pd.DataFrame({
"Time": test_time.reset_index(drop=True),
"Actual™: y_test actual.flatten(),
"Predicted": y_test pred.flatten()
)
test_dff'Date'] = pd.to_datetime(test_df[ Time']).dt.date
print("\nTest Set Metrics by Day:")
for date in test_df['Date'l.unique():
daily = test dfftest df['Date'] == date]
mae = mean_absolute_error(daily['Actual’l, daily[Predicted)

rmse = np.sqrt(mean_squared_error(daily['Actual], daily['Predicted’))
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mape = mean_absolute percentage error_manual(daily['Actual'], daily['Predicted])
B.1 Bi-LSTM model forecasting code (continued)
print(f'{date} -> MAE: {mae:.2f} KW, RMSE: {rmse:.2f} kW, MAPE: {mape:.2f}%")

plt.figure(figsize=(14, 6))

plt.plot(y val actual, label="Actual Load (Validation)', linestyle='"-, linewidth=2)
plt.plot(y val pred, label='Predicted Load (Validation), linestyle="--', linewidth=2)
plt.title(Actual vs Predicted Load (Validation Set - Last Fold))

plt.xtabel('Time (15-min intervals))

plt.ylabel('Load (kW))

plt.legend()

plt.grid()

plt.tight layout()

plt.show()

plt.fisure(figsize=(14, 6))

plt.plot(test df'Actuall.values, label="Actual Load (Test), linestyle="-', linewidth=2)
plt.plot(test df[ Predicted].values, label='Predicted Load (Test), linestyle="--,
linewidth=2)

plt.title('Actual vs Predicted Load (Test Set)')

plt.xtabel('Time (15-min intervals))

plt.ylabel('Load (kw))

plt.legend()

plt.grid()

plt.tight layout()

plt.show()
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Test Set Load Forecasting Performance

Actual vs Predicted Load (Forecasted by Full Day)
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Figure C.1 Performance evaluation graph of the model's test suite: a) Moving average,

b) DNN, c) LSTM, d) Bi-LSTM, e) CNN-LSTM, and f) Attention-LSTM



102

Actual vs Predicted Load (Test Set)
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Figure C.1 Performance evaluation graph of the model's test suite: a) Moving average,

b) DNN, ¢) LSTM, d) Bi-LSTM, e) CNN-LSTM, and f) Attention-LSTM (continued)
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Actual vs Predicted Load (Test Set)
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Figure C.1 Performance evaluation graph of the model's test suite: a) Moving average,

b) DNN, ¢) LSTM, d) Bi-LSTM, e) CNN-LSTM, and f) Attention-LSTM (continued)
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Figure C.2 Performance evaluation graph of the model's test suite: a) Bi-LSTM (Top 3
Features of SHAP) and b) Bi-LSTM (Top 3 Features of M)
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Figure C.3 Performance evaluation results for test data set of ISO-NE Data: a) Moving

average, b) DNN, ¢) LSTM, d) Bi-LSTM, e) CNN-LSTM, f) Attention-LSTM and g) Top 3

Features
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Actual vs Predicted Load (Test Set)
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Figure C.3 Performance evaluation results for test data set of ISO-NE Data: a) Moving
average, b) DNN, ¢) LSTM, d) Bi-LSTM, e) CNN-LSTM, f) Attention-LSTM and g) Top 3

Features (continued)
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Actual vs Predicted Load (Test Set)
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SHAP-Based Feature Importance Analysis
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Figure D.1 SHAP Value of Each Model of SUT’s Data: a) Moving average, b) DNN, c)
LSTM, d) Bi-LSTM, e) CNN-LSTM, and f) Attention-LSTM
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Figure D.1 SHAP Value of Each Model of SUT’s Data: a) Moving average, b) DNN, ¢)

LSTM, d) Bi-LSTM, e) CNN-LSTM, and f) Attention-LSTM (continued)
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Figure D.1 SHAP Value of Each Model of SUT’s Data: a) Moving average, b) DNN, c)

LSTM, d) Bi-LSTM, e) CNN-LSTM, and f) Attention-LSTM (continued)
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Figure D.2 SHAP Value of Each Model of ISO-NE Data: a) Moving average, b) DNN, ¢)
LSTM, d) Bi-LSTM, e) CNN-LSTM, and f) Attention-LSTM (continued)
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Abstract—This study proposes supervised deep learning
(DL) techniques via long short-term memory (LSTM), gate
recurrent unit (GRU), Bi-LSTM, and Bi-GRU to forecast
electrical loads based on Day-Aware Data Arrangement. The
data features are historical electrical loads with arrangement in
the form of time series for the model training and evaluation.
The proposed model was verified by three accuracy indices:
Mean Absolute Error (MAE), Mean Absolute Percentage Error
(MAPE), and Mean Square Error (RMSE). Among the study
models, the GRU model demonstrates fastest processing speed
due to its simpler structure, while LSTM model has the highest
forecasting efficiency.

Keywords—Load forecasting, Long Short-Term Memory,
Gated Recurrent Unit, Bidirectional LSTM, Bidirectional GRU

I.  INTRODUCTION

Efficient energy management, including effective energy
planning and load balancing for university or similar facilities,
is challenging due to fluctuating or intermittent electrical load
data during certain periods. To improve the efficiency of
university energy management, accurate short-term load
forecasting (STLF) and the development of reliable load
forecasting models are essential. However, since traditional
forecasting relies on statistical data or overly complex models.
Suranaree University of Technology, Nakhon Ratchasima
Province, Thailand is an area with continuous and highly
fluctuating electricity consumption, both from teaching and
various activities held every day. It is necessary to have
efficient energy management, reduce unnecessary energy
costs through the energy management system (EMS), and help
plan and manage energy balance effectively [1]. Short-term
load forecasting (STLF) is crucial for EMS, as its accuracy
directly impacts system efficiency and performance [2].

Models for load forecasting are crucial, and numerous
techniques have been created to achieve this goal. For
decades, load forecasting has been a popular topic, and
numerous articles using a variety of methods have been
published [3], [4]. Regression-based, artificial intelligence,
and time-series approaches are the three types of forecasting
techniques [5]. ARIMA models and generic statistical analysis
are two of the most popular classical time-series techniques.
For projecting short-term and medium-term loads, regression
techniques are also frequently utilized [6]. These techniques
only work with historical load data, are more appropriate for
handling load data, and are only applicable to linear data. They
might have trouble managing the intricacy of time data, which
could result in a large forecasting error for electrical loads [3].
STLF has made extensive use of artificial intelligence and
machine learning techniques. These models are capable of

*Corresponding author

979-8-3315-4395-2/25/$31.00 ©2025 IEEE

handling large and complex datasets and demonstrate
adaptability in processing non-linear data. Neural networks
(NNs), fuzzy logic systems, and decision trees are a few
examples [1]. In electrical load forecasting, NNs are
frequently utilized. These are synthetic neural networks
designed to resemble the structure of the human brain. The
layers that make up their structure are input, concealed, and
output layers. They are made to assist in resolving a variety of
intricate issues using input data. There are three types of deep
learning (DL): supervised, semi-supervised, and unsupervised
[7]. A system must learn from the data before it can use
supervised deep learning to process a task. The shortcomings
of recurrent neural network (RNN) models, particularly with
regard to identifying long-term associations in data, are
addressed by long short-term memory (LSTM) and gate
recurrent unit (GRU) models, which make them better suited
for time-sequence data, such as short-term electrical load
forecasting with intricate and extremely volatile patterns.
Compared to ARIMA, which works well with linear data, they
are more adept at handling non-linear and extremely
complicated data [8]. Ganguly et al. [2020] presented a
comparative analysis of different models for load forecasting
using the load profile of a commercial building (amusement
park) in San Diego, California, for short-term load forecasting.
The results indicate that the LSTM model often yields higher
forecast accuracy than the ARIMA and can also be used as
part of an EMS. The GRU has a simpler structure than the
LSTM model and can be processed quickly, especially for
EMS that require real-time response, while the ARIMA may
take longer to adjust the model when the data is very volatile
[3]. For more accurate forecasting, bidirectional LSTM (Bi-
LSTM) and bidirectional GRU (Bi-GRU) models are built
from the two models mentioned above. Both of these models
perform better than traditional RNN models [9].

Key factors involved in load forecasting, which are
considered as load input parameters to improve forecast
accuracy and address external influences, include:
Temperature, humidity, and weather patterns are important in
short-term load forecasting, significantly affecting energy
consumption changes. Usage patterns, calendar effects
(weekends, public holidays), and social habits are important
in capturing energy consumption fluctuations. These input
parameters guarantee that the model appropriately adjusts to
variations in demand in the actual world [10]. Given the
unpredictability and flexibility of renewable energy sources
(RESs), it is challenging to estimate consumer demand due to
their quick integration into existing power networks. Net
forecasting, which uses distinct forecasting procedures for
RESs and load, is utilized to get around this problem [7]. By
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combining these several forecasts, this method seeks to get the
ultimate net forecast. Modern forecasting methods seek to
lessen the complexity brought on by external parameter
uncertainties by utilizing sophisticated algorithms, real-time
load data, and external factors [11].

However, the development of short-term electricity load
forecasting models is an important part of the energy
management of universities or similar loads, and it is
challenging to accurately forecast net electricity demand due
to fluctuating or discontinuous electricity load data at certain
times. The accuracy of the model is still affected by the
characteristics of the data that change over time and days. For
example, the energy consumption behavior on weekdays may
be different from weekends or public holidays, and it requires
a lot of statistical data or complex external factors for
traditional forecasting. Therefore, the motivation of this paper
is to present a different approach from the traditional method,
which is the machine learning or artificial intelligence method
using DL through LSTM, GRU, Bi-LSTM, and Bi-GRU
models to compare in the same context, making it easy to
select the most suitable model and develop the model with the
highest accuracy by improving the efficiency of the model
through the Day-Aware Data Arrangement approach. It
emphasizes that the model can learn the characteristics of the
data on each day accurately, reducing the reliance on a large
amount of historical load data for forecasting. The accuracy of
the electricity forecast results is checked with three accuracy
indices: MAE, MAPE, and mean square RMSE, respectively,
to solve the above problems.

The highlight of this research is the application of deep
learning and Day-Aware Data Arrangement to the university
load, which is classified as commercial load, which has
fluctuating load usage characteristics because it is a type of
load that uses energy related to providing educational services
and related activities to create accurate and reliable load
forecasting. Short-term electricity forecasting also helps
colleges design and improve energy management systems that
are more automated and respond to demand more quickly. It
also serves as a basis for further research to create smart
energy systems in educational institutions and also provides
important information for creating appropriate and sustainable
energy policies in the future.

This paper is structured into four sections: Section I
introduces the study, Section II outlines the methodology,
Section III presents the results and discussion, and the final
section provides the conclusion.

II. METHODOLOGY

A. Data Collection and Preparetion

The datasets collected and used in the forecasting include
electric load data from utility meters, which shows historical
data from the Automatic Meter Reading (AMR) system
maintained by the Provincial Electricity Authority (PEA),
which records electricity usage according to load demand at
the university, as well as solar energy production data, which
records energy production from meters installed in the area
with solar panels at Suranaree University of Technology in
Thailand. Data regarding compensatory holiday long
weekends is gathered from university announcements and the
academic calendar. A reliable public website with an API for
direct data extraction is the source of historical condition data.
Every 15 minutes for a year, from January to December 2023,

these statistics are collected and compiled. The electrical load
forecasting utilizes 35,040 datasets in total.

In the data cleaning process, which is an important process
in preparing various data before using it for forecasting in the
model, the following methods are used: Handling missing
values (Handling Missing Values) will delete the missing data
range or the data range with abnormalities and add new data
from the method of calculating the average and transforming
the data format to be appropriate (Data Formatting) using
Timestamp to help create the Time Factor and Social Factors
features, helping the model to learn the relationship of the data
better and be more efficient in forecasting.

Since the electrical load in the university is a high PV
penetration load with a proportion of solar energy produced
and sent to the total power system, the electric load data from
utility meters or net load obtained is data that is mixed with
solar energy production data or PV generation, making it
possible to see electricity usage according to the load demand
that is unrealistically low. Therefore, PV Generation is added
back to obtain pure load or electrical load data that can be used
to assess the actual electricity demand in forecasting, as shown
in Equation 1.

Actual Load = Metering Load + Metering PV Generation (1)

The data is divided by taking the entire cleaned dataset for
the year and splitting it into three sets including the training
set, which uses 80% of the total data; the validation set, which
uses 20% of the data for parameter tuning; and the test set,
which consists of a separate portion of data that the model has
never seen before, reserved for final evaluation.

B. Feature Extraction

Assigning features to existing data is very important in
forecasting electrical load. Because features are variables that
will be fed into the model to help the model learn relationships
and generate accurate forecast results. Features used in
forecasting this type of data are a collection of parameters that
are significant to load forecasting and are created by taking
into account the context of time and day. Creating features
from data can be divided into two types as follows: The first
type is creating features that are Day-Aware Data
Arrangement, which is a method of arranging data that takes
into account the context of time and day to allow the model to
learn the characteristics of the data on each day or specific
time period. It consists of Hour of Day, which is a value that
specifies the hours in one year; Quarter-Hourly Interval,
which is a value that specifies the minutes every 15 minutes
in each hour; Weekdays and Weekend, which are values used
to separate data between weekdays and weekends; Daytime
and Nighttime, which are values used to separate data between
day and night; Compensatory Holiday, which is a value that
specifies whether that day is a holiday or not, Long Weekend,
which is a value that specifies that period is a special holiday
or festival. The second type is a feature that is weather data,
consisting of ambient temperature data and relative humidity
data. The number of data sets used to create and divide the
feature data sets will be the same as the data used in
forecasting electrical load.
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C. LSTM and Bi-LSTM architecture
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Fig. 1. LSTM architecture.

LSTM is a special kind of RNN that is capable of
identifying long-term dependencies. LSTMs are purposefully
designed to avoid the problem of long-term reliance. They
essentially behave in such a way that their default state is long-
term memory retention [12]. For time series forecasting, they
are hence the perfect parallel [13]. Fig. 1 describes how LSTM
cells are represented graphically.

/ D) ( e
Porwamlayev 3 j

Fig. 2. Bi-LSTM architecture.
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h*) Long Short-Term Memory (LSTM) Madel

Backward Layer
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Bi-LSTM is a sequence processing model that is made up
of two LSTMs, one of which accepts input in a forward
direction and the other in a backward manner. Bi-LSTMs give
the network access to additional information, which improves
the context of the algorithm [14]. The primary advantage is
that each input sequence piece includes both current and
historical data. Therefore, Bi-LSTM can produce a more
pertinent outcome by merging LSTM layers from both
directions [15]. The configuration of LSTM layers in Bi-
LSTM is shown in Fig. 2.

D. GRU and Bi-GRU architecture
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Fig. 3. GRU architecture.

GRU resemble LSTM, which regulates data flow using
gates. But with a simpler design, GRU provides an
improvement over LSTM. GRU just has a hidden shape, not a
distinct cell state like LSTM. The GRU has unrestricted access
to all concealed states. Compared to LSTM units, GRUs are
easier to train and do not require a memory unit to regulate the
data flow [16]. As illustrated in Fig. 3, GRU may train more
quickly or employ less data to generalize since it has fewer
parameters.

Gated Recurrent Unit (GRU) models

Output Layer / h%+2) hE%)

Backward Layer |

Forward Layer

Input Layer
Fig. 4. Bi-GRU architecture.

Bidirectional GRU - A bidirectional GRU, often known as
a Bi-GRU, a bidirectional GRU is designed to analyze
univariate time series data. This enables the temporal
dependencies found in the electrical load data to be
accommodated. This integration becomes essential for precise
forecasting by utilizing data from both previous and
subsequent time periods. As illustrated in Fig. 4, this
functionality plays a substantial role in improving forecasting
precision [17].

E. Load Forecasting Framework
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Fig. 5. The Proposed Load Forecasting Framework

The electrical load forecasting, including finding the
model with the appropriate accuracy for the university's load
data, can be done as follows. Start by collecting all relevant
historical data, then clean the data with necessary techniques
to facilitate model learning. The data is divided into three
groups: the training data group receives feature data as input
and pure load data for the model to learn the relationship, then
performs the deep learning formation step, which is to design
the structure and select the function for the various models and
train the model. The models used for training include LSTM,
GRU, Bi-LSTM, and Bi-GRU, and they output the load
forecast. The validation data group receives the same input as
the first group, receiving various models for forecasting.
When the output is the load forecast, it will help check the
accuracy of model training and prevent overfitting in the
model training process. It also helps evaluate the performance
of the model during model training of the predicted values and
actual load values. Then select the best-performing model as
the deep learning forecasting model. The test data group
receives features as input, inputs data into the selected model,
and outputs daily load forecasts and obtains the developed
model. By comparing the predicted values with the actual load
values available, the performance of the tested model can be
evaluated, as can be seen in Fig. 5.
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F. Performance Factor

To examine the performance of the proposed forecasting
model through evaluation metrics including percentage of
MAPE, MAE and RMSE, as shown in Table L

TABLE L PERFORMANCE FACTOR
Name of Criteria Formula
Mean Average Percentage Error 1& G —v)
(MAPE) =
nig Yi
Mean Absolute Error Ny
(MAE) 2=
n
Root Mean Square Error 12 .
(RMSE) ,L—Z(.v. -»r
L=

III. RESULTS AND DISCUSSION

Python 3 software was employed to simulate the
Suranaree University of Technology's daily electrical load
forecast in order to create a model suitable for the university's
electrical loads and evaluate and contrast efficiency using
evaluation metrics including MAPE, MAE, and RMSE. The
data selected for use was every 15 minutes throughout 2023
and contained, in addition to pure load and feature or electric
load data used for forecasting, The models made use of to
simulate the results were LSTM, GRU, Bi-LSTM, and
Bi-GRU. To get this data ready for entry into the model, it was
separated into three sections. This section will show the
outcomes of the simulation and different model settings.

TABLE IL MODEL PARAMETER SETTINGS.
Methods LSTM GRU Bi-LSTM Bi-GRU
Layer 2 2 2 2
Units 100 100 100 100
Dropout rate 02 02 02 02
Learning rate 0.001 0.001 0.001 0.001
Batch Size 4 4 4 4
Epochs 50 50 50 50
Optimizer Adam Adam Adam Adam
TABLE I EVALUATION RESULTS OF MODEL PERFORMANCE IN
‘VALIDATION METRICS AND MODEL TRAINING TIME.
Method Validation Metrics Model Training
MAPE MAE RMSE Time (s)
(%) &W) (kW)
LST™M 1636 22748 42884 296.34
GRU 2061 271.96 464.28 176.76
Bi-LSTM 16.86 24122 43958 589.14
Bi-GRU 17.71 252.18 453.94 318.95

A small data set of size four is used to improve the diversity
of learning, using 50 epochs to give the model enough time to
learn from the training data, and the model structure is set to
have 100 units as the number of units in the hidden layer to
train different DL models. Two layers of each model are used,
a dropout rate of 0.2 is used to prevent overfitting, and Adam
Optimizer is used to adjust the model weights, and a learning
rate of 0.001 is used as the leaming rate for Adam Optimizer,
as shown in Table IL. The GRU model trained faster than the
LSTM model, which took 296.34 seconds. Along with the
evaluation of the model's performance in the validation set
data, the model training time could indicate the device's usage
of resources. The findings of the model's electrical load

forecasts will be validated using this data. With MAPE =
16.36%, MAE = 227.49 kW, and RMSE = 428.85 kW, the
LSTM model performs best after the performance evaluation.
The Bi-LSTM model, with MAPE = 16.86%, MAE = 241.22
kW, and RMSE = 439.5889 kW, is the experimentally
efficient model. The two models' training errors are
comparable to those of the GRU model (MAPE = 20.61%,
MAE = 271.96 kW, and RMSE = 464.29 kW) and Bi-GRU
(MAPE = 17.71%, MAE = 252.19 kW, and RMSE = 453.94
kW), according to the three metrics. According to the
validation dataset, results demonstrate the extent to which the
LSTM and Bi-LSTM models learn and capture relationships.
With its speed and predicting accuracy, LSTM offers of
potential for real-world use. Table IIT displays the values in
the validation set, which includes the model training settings
or the simulation results of the wvalidation metrics'
performance.

Actual vs Forecasted Load (1-Day Prediction)

— Actual Losd

* Time (Hours)

Fig. 6. One-day-ahead electrical load forecast for each model on
weekdays

Actual vs Forecasted Load (1-Day Prediction)

=+ BI-LSTM Forecast
-+ BLGRU Forecast

Load (kW)

" Time (Hours)

Fig. 7. One-day-ahead electricity load forecast for each model on
weekends

After model training and validation, the model is tested in real
use. The test set data is divided into two types: weekday load
is the load from Monday to Friday, which has a higher total
electricity demand than the holiday load. Additionally,
weekend load is the load on Saturday or Sunday with the
largest variability in electricity demand. The following test
days have been selected to evaluate the precision and capacity
for forecasting each load model when the electrical load
exhibits distinct characteristics: The weekday load is
Wednesday, March 1, 2023. And the weekend load is Sunday,
October 1, 2023. Forecasting the electrical load output for a
day or 24 hours in the future is required, with data being
displayed every 15 minutes. There will be a total of 96 data
sets. The actual test date is simulated through each model. The
results obtained from simulating weekday load are shown in
Fig. 6 and the results from simulating holiday load are shown
in Fig. 7. The forecast graph will appear. The blue line
represents the actual electrical load, or pure load, the yellow
line, the green line, the red line, and the purple line. Shows the
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forecast of the LSTM, GRU, Bi-LSTM, and Bi-GRU models,
respectively. In the weekdays load forecast, the LSTM model
graph gives the forecast that is closest to the actual load graph.
The graph is closely related to the actual load graph. The next
order has the forecast that deviates from the actual load, which
are the Bi-LSTM model graph, the Bi-GRU model, and the
GRU model, respectively. However, other models can provide
the forecast of the actual load trend. In the part of the
weekend's load forecast, the LSTM model graph still gives the
forecast that is closest to the actual load graph. However, there
are still some load periods that do not give the forecast that is
as close to the actual value as it should be because it is a day
with a significant load fluctuation. Overall, the LSTM model
still performs well. The models whose forecast graphs are
closest to the Bi-LSTM model graph, the Bi-GRU model, and
the GRU model, respectively.

TABLE IV. PERFORMANCE OF EACH MODEL ON WEEKDAY LOAD
Methods Model Performance of Weekday Load
MAPE (%) MAE (kW) RMSE (kW)
LSTM 6.09 81.51 122.84
GRU 1329 170.33 24246
Bi-LSTM 738 91.38 131.30
Bi-GRU 9.88 135.16 196.28
TABLE V. PERFORMANCE OF EACH MODEL ON WEEKEND LOAD
Methods Model Performance of Weekend Load
MAPE (%) MAE (kW) RMSE (kW)
LSTM 9.62 115.12 214.53
GRU 1551 157.18 254.17
Bi-LSTM 1121 127.00 219.68
Bi-GRU 1142 138.39 24342

In addition, the performance of each model was evaluated
through all three indicators or through evaluation metrics. The
results of the weekday load evaluation are as follows: The
LSTM model has a MAPE = 6.09%, MAE = 81.51 kW, and
RMSE = 122.84 kW. The GRU model has a MAPE = 13.29%,
MAE = 170.33 kW, and RMSE = 242.46 kW. The Bi-LSTM
model has a MAPE = 7.38%, MAE = 91.38 kW, and RMSE
=131.30 kW. And the Bi-GRU model has a MAPE =9.88%,
MAE = 135.16 kW, and RMSE = 196.28 kW. Shown in Table
IV. The results of the holiday load evaluation are as follows:
The LSTM model has a MAPE =9.62%, MAE = 115.12 kW,
and RMSE = 214.53 kW; the GRU model has a MAPE =
15.51%, MAE = 157.18 kW, and RMSE = 254.17 kW the Bi-
LSTM model hasa MAPE = 11.21%, MAE = 127.00 kW, and
RMSE = 219.68 kW; and the Bi-GRU model has a MAPE =
11.42%, MAE = 138.39 kW, and RMSE =243.42 kW. Shown
in Table V. From the evaluation of the model performance,
the results of the weekday load, the LSTM model shows the
lowest forecast error when compared to the Bi-LSTM model,
Bi-GRU model, and GRU model. For the results of holiday
load, the LSTM model still has the lowest error of all metrics
when compared to other models. However, it still has a higher
error than weekday load because it is a day with high
volatility, especially in hours 13 to 18, which has the highest
volatility, resulting in the highest forecast error during that
period. Overall, the LSTM model still has the best power
demand prediction and gives the lowest error for that day. The
results show that the most efficient and accurate model for
university load data is the LSTM model because the model
can learn the patterns and relationships of long-term periods
well, including managing the time series data in the data set

most efficiently. The weekday load pattern has slightly higher
forecast accuracy than the holiday load because the holiday
load is more volatile. The next most efficient models are the
Bi-LSTM and Bi-GRU models because the type of data that
needs to be forecasted may not give enough weight to consider
the data from the past and the future, causing the model to
learn the relationship and not be able to use its full potential.
The last model is the GRU model because it is a simpler model
than the LSTM model, which makes it not as good at learning
the relationship of the data set, and this type of data may not
be suitable for the model. While Suranaree University's power
load can be reliably predicted by LSTM and Bi-LSTM
models, there are still some restrictions that should be
considered when using these models in other situations. To
properly understand long-term correlation patterns, the
models need a lot of high-quality data. In the case of data-
constrained environments, such as small-scale power systems
in rural areas or organizations with data shortages, the model
performance may be reduced. In addition, Bi-LSTM and Bi-
GRU models are complex and require higher computing
resources than GRUs, which may not be suitable in systems
with limited computing resources, such as IoT devices or edge
computing systems. However, the models can be applied in
different environments, both in the large-scale energy industry
and in distributed energy systems, by adjusting the model
structure and parameter settings to suit the data complexity in
each context or adding variables such as weather data or
sunrise-sunset times to increase the accuracy of predicting
fluctuating energy usage. The use of GRU models with higher
model training speed in real-time systems may be a suitable
option. The results of this study have important implications
for the energy sector in many dimensions. The developed
electricity load forecasting model can help enhance the
efficiency of energy management strategies in various
contexts. By precisely predicting energy demand ahead of
time, energy suppliers may effectively plan power generation
and distribution, minimize overloading, and minimize
transmission line losses through integration with smart grid
energy management technologies. These models can be used
in industrial energy management to predict the energy demand
for pieces of equipment or production processes. This helps
energy managers plan when to use energy (demand-side
management), lower electricity costs during periods of high
energy prices, and make the production system more
sustainable. In addition, accurate forecasting models can be
used to forecast energy demand in conjunction with renewable
energy sources such as solar and wind power, which can help
reduce energy imbalances and improve the efficiency of
renewable energy use, as well as support the reduction of
unnecessary energy use as part of the strategy to reduce
greenhouse gas emissions in the energy sector.

IV. CONCLUSION

This article presents an alternative approach to developing
short-term electric load forecasting models and improving
their accuracy through deep learning techniques, including the
Day-Aware Data Arrangement method. The most widely used
forecasting methods in this field were simulated and compared
to evaluate their performance and accuracy. The daily electric
load forecasting for Suranaree University of Technology often
correlates with past time intervals, allowing LSTM to
effectively capture these patterns better than other models. As
a result, its load predictions are the closest to the actual values.
Adding bidirectional layers to the models did not significantly
enhance the results for electric load data. The GRU model,
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while easier to implement and faster to process, demonstrated
lower performance and accuracy compared to the LSTM
model for sequential data of this nature. Notwithstanding the
encouraging outcomes, this study also discusses significant
shortcomings and challenges for further applicability. For
maximum performance, high-quality and adequate data are
necessary, which might be difficult in contexts with limited
resources. Nonetheless, similar models can be used in various
energy sectors by reorganizing them, adding new variables,
and adjusting the parameter values. The study's findings have
important ramifications for the energy industry overall.
Planning energy production and distribution effectively,
reducing energy losses, and maximizing the integration of
renewable energy sources are all made possible by the
inclusion of accurate forecasting models, particularly LSTMs,
into energy management techniques. Faster GRU models may
be suitable for real-time applications where computational
resources are limited.

Developing better, scalable forecasting algorithms that
adapt to the specific load characteristics of universities and
can be applied accurately in other contexts will be a major
focus of future research. There is much hope for the design
and improvement of energy management systems by
combining cutting-edge machine learning techniques with
real-time adaptive capabilities. This study provides a basic
framework for the development of energy management
systems and supporting the growth of smart and sustainable
energy infrastructure.
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ABSTRACT

This research proposes an approach to develop a one-
day-ahead electrical load forecasting model using deep
learning techniques. It compares deep learning models
with basic models, namely Moving Average, DNN,
LSTM, Bi-LSTM, CNN-LSTM, and Attention-LSTM, to
improve accuracy and reliability through Mutual
Information (MI) and Shapley Additive Explanation
(SHAP) analysis. This approach utilizes data collection
and feature engineering to optimize the context of an
electrical loads with integrated solar power generation,
Using Suranaree University of Technology (SUT) campus
electrical system as a case study. Three accuracy indices
are examined: Mean Absolute Error (MAE), Mean
Absolute Percentage Error (MAPE), and Root Mean
Square Error (RMSE). Among the NN-based models, Bi-
LSTM and LSTM tend to provide the best overall
forecasting performance from the input data, and the Bi-
LSTM model is the most accurate model with the lowest
metric value among all models. The lag load feature, or the
value of the electrical load in the past one day, is the feature
that is most related to the forecasting target and has the
most impact on the model’s decision.

Keywords: Load Forecasting, Long Short-Term Memory,
Bidirectional Long Short-Term Memory, Mutual
Information, SHAP, Explainable Al

1. INTRODUCTION

It is well known that electric power is one of the most
widely used energy sources and has been used for a long
time, both in people's daily lives and well-being and as an
important part of national and economic development [1].
The greater the economic growth, the greater the
population's demand for electricity [2]. Electric power
must, therefore, be reliable and managed with quality [3].
In Thailand, there has been a continuous increase in
renewable energy and the introduction of electric vehicles,
resulting in unpredictable patterns of clectricity usage,
with fluctuations that are difficult to manage [4].
Therefore, developing accurate and transparent electricity
load forecasting is important for managing electricity to
achieve maximum efficiency. It is also linked to the
National Energy Plan (NEP2024), which defines five

pillars of electric power as follows: Pillar 1: Demand
Response & Energy Management System (DR & EMS).
Load forecasting is the basic information that the EMS
system uses to plan production and load management in
advance. This includes coordinating the load response for
maximum efficiency, reducing peak demand, and
increasing the stability of the power system. Pillar 2:
Renewable Energy Forecast (RE Forecast), load
forecasting and renewable energy are in tandem in
maintaining the power system balance, especially when
renewable energy is highly volatile. Accurate load
forecasting will reduce the uncertainty in power dispatch
and support the adoption of a higher proportion of
renewable energy into the system. Pillar 3: Microgrid &
Prosumer Local Energy Systems, load forecasting in this
context enables the appropriate management of energy
resources in each area, reducing the risk of power outages
or overloads. Pillar 4: Energy Storage System (ESS) and
Pillar 5: EV Integration, although not directly related, load
forecasting helps to manage charging and energy storage
or discharge behaviour more efficiently. If energy storage
systems (batteries) are installed in the future or electric
vehicles (EVs) are used at a high level, load forecasting
will play a role in designing systems to support charging
and energy usage at different times [5].

There are three popular methods for forecasting
electricity load. Regression-based methods are considered
simple models, such as linear regression, which work well
with statistically recorded data and determine the
relationship between inputs and outputs. However,
complex and non-linear energy demand data used for
forecasting can pose problems. Time series methods,
typically used with time-dependent data, such as ARIMA
models, face challenges when load changes suddenly and
due to external factors, making the original data difficult to
predict and uncertain [6]. Finally, artificial intelligence
(AI) and deep learning (DL) techniques are used. These
models are more adaptable to large, voluminous, volatile,
and complex data sets. Models belonging to the Neural
Network (NN) family are currently trending towards
widespread use in forecasting [7]. Table 1 presents a
summary of key issues of each research study, including
feature engineering, selecting the best model from a
comparison of forecasts with other models, metrics used
for evaluation, techniques used for feature selection, and
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Table 1: Review the Literature and Summarize the Objectives

Ref Best Deep Learning Feature Model RMSE MAE MAPE
Model Selection Explainability
[4] LSTM MI . v v -
(8] LSTM, 2 E v v v
Bi-LSTM
[9] - - SHAP value based - - v
[10] RAID 5 SHAP s . v
[11] - Correlation KAN v - -
[12] LSTM-Attention-LSTM  Attention weights Attention weights 4 - v
3] Attention-LSTM Attention weights Attention weights v v -
[14] CNN-LSTM Correlation - v v v
[15] Bi-LSTM MI 5 7 = v
[16] ANN MI . - » v
[17] MLP . SHAP - v
Proposed 6 models Ml SHAP v v v
Framework

model explainability, to address gaps in research and the
objectives of this study.

However, it has been found that many works employ
deep learning models in the context of load forecasting.
Deep learning models are more effective at learning
temporal relationships and non-linear behavior than
traditional load forecasting methods, coupled with the
selection and design of contextual feature engineering.

However, there is a lack of comparisons between
diverse models, including traditional methods and deep
learning or NN models, including feedforward models
compared to RNNs, models that incorporate RNN models,
and hybrid models. Furthermore, there is a gap in
predicting features that are effective for nonlinear data,
clearly explaining the results of black-box models, and
identifying features that truly influence the model's
priorities. The trend in load forecasting model
development in research focuses on interpretability to
enhance both efficiency and transparency. Many studies
have focused on using SHAP and other Explainable
Artificial Intelligence (XAT) techniques to analyze feature
importance, such that the results obtained after model
training are designed to directly assess feature importance.
However, this lack of integration with methods that filter
data before modeling is found. Popular MI methods select
accurate features before modeling to reduce model bias.
Furthermore, some studies have found that using attention
weights can only describe the timesteps that the model
focuses on for model explanation. Therefore, our research
aims to develop approaches to address these challenges.
This leads to the following main objectives:

1) To develop a one-day eclectricity load forecasting
model using deep learning techniques. We will compare
deep learning models with basic models, including Moving
Average, DNN, LSTM, Bi-LSTM, CNN-LSTM, and
Attention-LSTM. Specifically, we will examine the model
with the highest accuracy based on real-world load data
reconstructed from electricity meters and solar panels.

2) To improve accuracy and reliability through the
design of appropriate and high-quality features. Mutual

Information (MI) is a promising approach for capturing
complex nonlinear energy consumption patterns. and
systematic evaluation using performance indicators
including RMSE, MAE, and MAPE.

3) To improve the transparency and interpretability of
the model, SHAP analysis is used to identify influential
features and analyze their significance. All features in the
dataset can be described to provide a deeper understanding
of the model's performance.

This research focuses on the accuracy and reliability
of one-day-ahead electricity load forecasting at Suranaree
University of Technology (SUT). The project uses real-
world load data from the Provincial Electricity Authority
(PEA), collected every 15 minutes for a year. Deep
learning techniques using artificial neural networks
compare models from various categories. Data is prepared,
and feature engineering is developed based on the context
of the area to reflect the university's actual energy demand.
The importance of features can be explained both before
and after input into the model for electricity load
forecasting. The highlight of this work lies in the
systematic design of the forecasting process to achieve
both model accuracy and feature importance analysis
through the integration of MI and SHAP methods. Most
studies use only one technique for feature evaluation and
evaluating features with non-NN models due to their
inherent black-box nature. However, this work interprets
features from deep learning models and conducts two-step
feature analysis. The first step, using MI, analyzes the
relationship between real data and load, providing a
statistical overview. The second step, using SHAP,
analyzes the impact on actual model decisions,
demonstrating the model's performance on the data,
comparing and utilizing the advantages of both methods
for optimal forecasting performance. Furthermore, black-
box models can be explained and data analyzed before
being imported into the model.

At the institutional level, this model provides a more
accurate energy planning approach, enabling demand
management and cost optimization, as well as more
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flexible power system deployment [18]. It also employs a
data-driven organization that can support peak demand
management [19]. The impact on the energy sector extends
beyond university energy management and can be scaled
up to other contexts, including smart grid energy
management. This  approach  improves energy
management efficiency across various contexts by
accurately forecasting energy demand. Energy suppliers
can plan energy production and distribution, reduce
overload, and effectively reduce energy losses in
transmission lines through integration with energy
management technologies in smart grids [20]. In the
industrial energy management sector, it helps forecast
energy demand for equipment or processes, helping energy
managers plan when to use energy (demand-side
management), reducing electricity costs during periods of
high energy prices, and making production systems more
sustainable [21]. In the conjunction with the renewable
energy sources sector, accurate forecasting models can be
used to forecast energy demand in conjunction with
renewable energy sources, which can help reduce energy
imbalances and improve the efficiency of renewable
energy use [22]. In the Greenhouse Gas Emissions sector,
it supports reducing unnecessary energy use as part of a
strategy to reduce greenhouse gas emissions in the energy
sector [23]. This paper is divided into four sections:
Section 1 introduces the study and stating the research
objectives; Section 2 presents the research methodology
used; Section 3 presents the study results and discussion;
and Section 4 concludes with a conclusion.

2. METHODOLOGY

2.1 Data Collection and Preparation

Before entering the model for load forecasting,
Suranaree  University of Technology’s electricity
consumption data was collected for 1 year, collected every
15 minutes in 2023, totalling 35,040 data sets, which is
considered high-resolution data for load forecasting. The
data was collected from Automatic Metering (AMR)
maintained by the Provincial Electricity Authority (PEA).
In addition, solar energy generation data was collected
from an Automatic Metering (AMR) maintained by an
external company, ENOS, with the same resolution as the
clectricity load data. Weather data and academic calendar
data for that year were collected and prepared to input all
this data into the future feature engineering method. The
required data is the actual load data. Therefore, the load
data obtained from the meter was combined with the solar
energy generation data to obtain the data showing the
actual load of the university, as shown in Fig. 1.
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Fig.1: Preparation of Actual Electricity Load Data

The preparation of the real electricity load data can be
shown on Fig.1. All data used as features and output for
the model to learn were divided into two parts: the first part
was the data set to be trained, and the other part was
partitioned for model validation. Time Series Cross-
Validation (TSCV) was performed on this data set, which
is a method of data partitioning to evaluate models that
take into account temporal order and prevent future data
leakage. The training and validation sets were generated
using a Time Series Split with 5 folds. The second part was
the data set tested on the model after training and
validation were completed. It was a data set that the model
had never seen before, so the results were unbiased and
divided into 4608 data points. For testing, this group of
data will be divided into 10 sets; each set will have 3 days.
Each set is divided according to the types of data groups,
namely long holiday, weekdays during the school term,
exam period, summer season, the start of the semester,
compensation holiday period, rainy season, weekdays and
weekends, term break, and winter season.

2.2 Feature Engineering

In this research, feature engineering has a group of
data that has the characteristics of feature creation, which
is creating new features from existing time data and
converting time data that may not be easy for the model to
logical data with contextual meaning. It consists of the
following techniques: In the feature transformation
method, features that use this method include Weekdays
and Weekend, Daytime and Nighttime, Compensatory
Holiday, and Long Weekend, which are converting to
variable values and binary representation with numbers 0
and 1. In the time-based feature engineering method,
features that use this method include yearly hours, which
divides the data into meaningful time sequences with 1
year's data every 15 minutes, creating features that allow
the model to learn the day and time. The Time Component
Extraction method features that use this method include
Quarter-Hourly Interval, which extracts time components
into separate features, creating new features that describe
the sub-patterns that occur in each hour and the lag features
method. Features that use this method include Lag Load,
which creates features from previous values by taking
historical load values to create features. In addition, there
is a group of characteristics: external features. External
variables affect the forecast of the target variable, such as
ambient temperature, an external factor that directly affects
energy use behavior, and dew point, an indicator of air
humidity.

2.3 Feature Selection and Mutual Information

Mutual Information (MI) captures the relationship of
input features to a non-linecar data model, shows their
importance, and indicates how the feature reduces
uncertainty with respect to the forecasting target. It is used
as a tool for selecting appropriate forecasting features,
especially in tasks where the number of features varies
without necessarily being linear. It is calculated using the
following Eq.(1).
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F *xy)
i(GY) = Zex Zyerp(ry) - log (E22). (1)

where Y is the target variable, i.e., the future load, X is the
input variable, p(x,y) is the joint probability of x and y,
and p(x) and p(y) are the marginal probabilities of each
variable. The value of MI is expressed as a real number
greater than or equal to 0. The higher the value of MI, the
more the feature is related to the forecast value. MI can
help reduce the size of the data to control both the speed of
training and the interpretation of the model. MI is a
powerful tool for feature selection for time series models,
especially in complex load forecasting tasks that change
over time and in different contexts. Selecting appropriate
features using MI can make the model more accurate and
easier to interpret.

Feature selection in load forecasting cach feature
plays a physical or behavioural role in load patterns. The
Lag Load feature was selected because electrical loads are
similar and have daily activities that often repeat within 24
hours, making it a very important representative of daily
patterns in forecasting. The Yearly Hours and Quarter-
Hourly Interval features help the model understand the
time sequence of cach day and allow the model to
recognize period differences. When used in combination
with other features, the model can better learn about daily
trends. The Weekdays and Weekend features were selected
because electricity usage by electricity consumers differs
significantly during holidays and weekdays. The Daytime
and Nighttime features were selected because people's
behaviour shows higher electricity usage in the morning
than at night, so the model should be able to see this
difference. The Compensatory Holiday and Long
Weekend features have different load patterns during long
holidays and special holidays. The Ambient Temperature
and Dew Point features are weather-related features that
reflect the characteristics of electricity consumers when
temperatures and humidity change. They also provide the
model with sufficient forecasting capabilities when there
is load variation caused by changing weather conditions.

2.4 Long Short-Term Memory (LSTM)

The Long Short-Term Memory (LSTM) model is a
structure of Recurrent Neural Network (RNN) designed to
solve problems and manipulate time-series data. It consists
of a Forget Gate that determines which data should be
forgotten from the original cell state. Let x, be the input
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Fig.2: The LSTM Architecture

feature vector at time t, o(-) be the sigmoid activation
function, h,_, be the hidden state from time t-1, and b, be
the bias vector of the forget gate, Wy be the learnable
weight matrix of the forget gate. The forget-gate output is
computed as shown in Eq.(2).

fe = o(Ws « [he—1,x] + by), 2

where f; € [0,1] is close to 1, indicating retention, while
values close to 0 indicate erasure. This helps determine
whether data should be retained. The next component, the
Input Gate (i;) and the Candidate Cell State, decides which
new data to add to the cell state, as shown in Eq.(3) and
Eq.(4).

ip = oW~ [hey, %] + by), 3)

Co = a(W¢ - [he_y, Xc] + be), @)

where i, controls which new data should be imported, and
C; represents the new data processed (candidate memory).
The next component, the Update Cell State, combines the
Forget Gate and the Input Gate to create a new cell state,
as shown in Eq.(5).

Cr=fr*cr—1+iz*(-=t )

where the forgotten data is multiplied by f;, and the new,
important data is multiplied by i, and added together. The
final section is the Output Gate (0,) and Hidden State.
These define the data to output as hidden states for future
forecasting, as shown in Eq.(6) and Eq.(7).

o = (W, - [he-1,x] + bo), (6)

he = o, * tanh(C,), (@]

where h, is the hidden state, used to predict the electrical
load at the next point, as shown in Fig. 2.

2.5 Bidirectional Long Short-Term Memory (Bi-
LSTM)

The Bidirectional Long Short-Term Memory (Bi-
LSTM) model is a structure that is developed from LSTM
to increase the ability to learn sequences of data that have
relationships in both the past (past dependencies) and the
future (future dependencies) simultaneously. It consists of
two LSTM layers that work together: a forward LSTM that
processes data from the past to the present and a backward
LSTM that processes data from the future back to the
present at any time t. The results of both directions are
combined into a single hidden state as shown in Eq.(8).

he = [Re; by (8)

Output Layer he®

Backward Layer

Forward Layer

Input Layer x>

Fig.3: The Bi-LSTM Architecture
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where H, is the hidden state from the Forward LSTM, H[
is the hidden state from the Backward LSTM, and h, is the
combination of the two results, as shown in Fig. 3.

2.6 Shapley Additive Explanation (SHAP)

SHAP is a method based on the Shapley Value from
Cooperative Game Theory, which measures how each
feature contributes to the model’s decision. SHAP
transforms the model description problem into a game in
which each feature is a player, and the model’s outcome is
a reward that must be shared (prediction). The Shapley
Value calculation considers all subsets of features (feature
coalitions) to assess the impact of each feature. The
calculation principle (conceptually) can be described as the
Shapley value of feature i is defined by the following

S ISIL(N] = 1] = 1!
- REUREI=DI 4R ) — 9)
ml_sgw i [FSULD - f)L

where N is the set of all features, S is the subset of features
excluding i, £(S) is the predicted value of the model when
using only the feature in S, and @i is the average of the
effects that feature i has on the predicted value when
combined with all other features in various orders.

2.7 Load Forecasting Framework

Electrical load forecasting requires the preparation of
essential data, including aggregation and collection from
reliable sources in the forecasting area, focusing on actual
electricity load data from meters. This data is then fed into
feature engineering. Two types of data are used: feature
generation, which converts raw data into numbers that are
casier for the model to understand and allows the model to
better learn about data differences, and external feature
data, which learns about data trends. This process takes
place during the data collection and preparation process.
The next step in the simulation process is automatic feature
sclection using MI to assess the nonlinear relationship
between each input variable and the target load. This helps
preserve features that are important for forecasting. This
reduces data complexity while retaining the most
important features. The data is then grouped into three
groups for training, validation, and testing, based on
proportions. The resulting data is then fed into the model
by designing the model, setting various parameters, and
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training deep learning models in various categories:
Moving Average, DNN, LSTM, Bi-LSTM, CNN-LSTM,
and Attention-LSTM. After training the models on the
same dataset for all models, then, in the results and analysis
process, the performance is evaluated using standard
metrics: root means square error (RMSE), mean absolute
error (MAE), and mean absolute percentage error
(MAPE). To enhance the transparency and clarity of the
black-box model, the SHAP tool is used to guide decision-
making on feature prioritization. This tool identifies the
lowest and highest priority features for the final pre-load
forecast. Figure 4 shows the entire forecasting process. The
first step is the data collection and preparation process. The
next step is the simulation process. The last step is the
results and analysis process.

2.8 Performance Factor

To examine the performance of the proposed
forecasting model through evaluation indicators, namely
percentage of MAPE, MAE and RMSE as shown in Table
2, the calculation of the average of each indicator is given
by the equation of Average (Avg.), where X is the MAPE,
MAE or RMSE indicator on day i and m is the total
number of days. Let ¥; denote the actual load at time i, and
%; denote the corresponding predicted load.

Table 2: Performance Indicators

Name of Criteria Formula
Mean Average Percentage Error 1 Z" " =1

(MAPE) =

UVASTEEE 4
Mean Absolute Error :‘=1]yi 2 ?l|
(MAE) =

Root Mean Square Error

(RMSE)
Average (Avg) X
m
Results & Analysis process

Structuring :
for ) Model P
Model Input .

Evaluation & -

. Explanation &
Forecasting H
g SHAP
Bi LSTM MAPE
MAE
RMSE

Fig.4: The Complete Forecasting Process
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3. RESULTS AND DISCUSSION

The electrical load forecast from all the data obtained
and the tools mentioned above will be used in simulation
using the Python 3 program to show the results
comprehensively and explain the accuracy and reliability
of the model in the area and context of Suranaree
University of Technology. It is a 1-day-ahead load forecast
using historical data for 1 year of forecasting in 2023. The
details are presented in this section.

The settings for each model are shown in Table 3. All
models use similar parameters, namely the Dropout Rate
parameter with a value of 0.2 to set the percentage of that
unit. To prevent overfitting in the model, the learning rate
is set to 0.001 to determine the speed of parameter tuning
during learning. The optimizer uses Adam to automatically
adjust the learning rate. The batch size, which is the
number of data used to calculate the gradient per iteration
of parameter tuning, is set to 32. The Epochs, which is the
number of iterations to learn the whole data set, is set to
50. The loss function is used to evaluate the model error
with MSE. In the different parts, each model is a layer part,
which is the basic structure of the model that defines data
processing. The DNN model has a Flatten Layer to
transform the data and feed it into a Dense Layer, with the
number of units in cach Dense Layer having the units or
the complexity of learning in each layer as 128, 64, and 1.
The CNN-LSTM model has Conv1D filters, or the number
of filters, as 64. The kernel size is the length of the repeated
pattern detection filter with the value of 3. The pool size
for reducing the dimensionality is set to 2. The LSTM
Units are set to 100 for learning the temporal relationship
after Conv1D has extracted features and has a Dense value
of 1 in the model part. The Attention-LSTM has an
Attention Layer that prioritizes the timesteps that affect the
prediction and returns 100 LSTM Units with a Dense of 1.
In the LSTM model, the LSTM Unit Capacity is 100, and
the Bi-LSTM model has a Bidirectional Wrapper to
process two directions and uses 100 LSTM Units in each
direction with a Dense of 1.

The selection of the appropriate hyperparameter
values for each model was performed using a trial-and-
error method. The parameters were adjusted within a
specified range and then evaluated by evaluating the
minimum MAPE value displayed when each parameter
was adjusted within each range. Hyperparameter units
were set in a range of 64 to 128, with a best value of 100.
The dropout rate was set in a range of 0.1 to 0.3, with the
best value of 0.2. The learning rate was set in a range of
0.005 to 0.0005, with a best value of 0.001. Timesteps were
set in a range of 4 to 12, with a best value of 8. Batch size
was set in a range of 16 to 64, with a best value of 32. Early
stopping was set in a range of 5 to 20, with a best value of
10. As shown in Table 4, these hyperparameter sets were
then used to simulate the results of each model.

To prioritize the feature data before importing the
model with the MI tool, the relationship of the features and
the target electrical load dip data groups is measured as
both linear and non-linear data. Tt shows the score ranking
of each feature. The Lag Load feature has an MI score of
1.198, the Yearly Hours feature has an Ml score of 0.976,

the Daytime and Nighttime feature has an MI score of
0.405, the Ambient Temperature feature has an MI score
0f 0.378, the Dew Point feature has an MI score of 0.241,
the Weekdays and Weekend feature has an MI score of
0.055, the Compensatory Holiday feature has an MI score
of 0.018, the Long Weekend feature has an MI score of
0.014, and the Quarter-Hourly Interval feature has an MI
score of 0.002, as shown in Fig. 5. The introduction of lag
load as a feature tends to have a significant relationship
between the input and output data. The characteristics of
the Lag Load feature are most clearly related to the forecast
value. The behaviour of electricity users today and
yesterday is similar. The features that are tested with high
scores are the Yearly Hours feature, which shows the time
position that repeats patterns throughout the year, showing
the relationship with the forecast value in a high
proportion. These are 2 features that have significantly
higher scores than other models. As for other features, the
scores are closer to zero and are less relevant to the
forecast.

1195 Mutual Information Scores for Feature Selection
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Fig.5: Mutual Information Scores
Table 3: Parameter Setting
Model Parameters Layer
DNN Flatten, Dense (128), Dense (64),
Dense (1), and Units: 128, 64, 1
CNN- Conv1D (64), kernel size (3),
LST™M MaxPooling1D (pool size=2), Dense
(1) and LSTM (100)
Attention- LSTM (100), return sequences (True),
LSTM Dense (1) and Attention
LSTM LSTM (100) and Dense (1)
Bi-LSTM Bidirectional
(LSTM(100)) and Dense(1)
Table 4: Selecting the appropriate hyperparameter
Hyperparameter Adjustment Best parameter
range values
Units [64 128] 100
Dropout Rate [0.10.3] 0.2
Learning Rate | [0.0005 0.005] 0.001
Timesteps [412] 8
Batch Size [16 64] 32
Early Stopping [5 20] 10
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Fig.8: The Best-Performing Forecasting Results in the
Test Set during the Exam Period

One-day-ahead electrical load forecasting  at
Suranaree University of Technology can demonstrate the
performance of each of the six models through three
metrics, compiled into statistical metrics that show the
highest, lowest, and average values of each metric from ten
test data sets. Important days in the forecast, including the
days showing the lowest and highest values of each metric,
are also included in the test data set for the model. It is
shown in Table 5. The forecasting results show that the
moving average forecasting method gives the highest
value of all 3 indicators from the tested data set. MAE has
a value of 675.72 kW, and RMSE has a value of 945.33
kW on 2023-08-03, which is a date in the set of semesters
start dates, as shown in Fig. 6. And MAPE has a value of
78.34% on 2023-09-10, which is a date in the rainy season
set, as shown in Fig. 7. The forecasting method with the
Bi-LSTM model gives the lowest values of MAE, RMSE,
and MAPE indicators from the tested data set, with values
of 46.75 kW, 68.35 kW, and 4.82%, respectively, which
are a date in the exam set, as shown in Fig. 8. The figures
show the load forecast for 1 day in advance for 3
consecutive days. Each model is graphed compared to the
actual load graph to show the forecast trend.

Table 5: Performance of Each Model on 10 Test Sets

Metric Statistic
Models -
Metric Min. Max. Avg.
Moving MAE (kW) | 68.60 | 675.72 | 292.63
average RMSE (kW) | 87.39 | 945.33 | 461.50
MAPE (%) |5.78 78.34 | 18.03
MAE (kW) | 73.10 | 385.39 | 192.96
Attention-
114.97 | 563.92 | 299.34
LSTM RMSE (kW)
MAPE (%) 5.99 35.40 14.64
MAE (kW) 97.47 | 403.80 | 208.02
DNN RMSE (kW) | 122.82 | 615.58 | 308.85
MAPE (%) 10.16 | 37.38 17.03
CNN- MAE (kW) | 68.33 | 368.25 | 188.39
LSTM RMSE (kW) | 90.55 | 556.91 293.62
MAPE (%) | 721 [39.63 [14.28
MAE (kW) | 83.60 |[362.97 | 192.74
LST™M "
RMSE (kW) | 105.69 | 528.20 | 282.47
MAPE (%) | 9-82 33.84 | 15.87
MAE (kW) | 46.75 |373.37 | 178.63
Bi-LSTM "R VISE (kW) | 6835 | 566.79 | 288.43
MAPE (%) | 4.82 38.74 | 12.90
Bi-LSTM | MAE (kW) | 56.95 | 270.42 | 183.34
g"" 3 RMSE (kW) | 85.51 | 388.98 | 28321
catures
by SHAP) | MAPE (%) | 4.89 36.79 | 13.99

Since the moving average model relies on the average
of historical load patterns, they must be similar at the same
time point for accurate forecasting. However, data from the
beginning of the semester, the rainy season, or the test data
used for forecasting are volatile and unstable. This results
in higher forecast error rates than all other models when
analyzed for the maximum possible forecast error. The Bi-
LSTM model has two layers that process historical data
and predict future load trends, enabling it to effectively
learn from data patterns that fluctuate with weather and
time. Furthermore, the test data during exams or similar
data have lag load and yearly hours features that
significantly affect the relationship with the forecast at that
time, accounting for a significant portion of the MI score.
This factor occurs both before and after the forecast point.
Therefore, the bidirectional learning method demonstrates
the highest forecasting performance compared to all other
models when analyzed for the maximum possible model
accuracy. The Bi-LSTM model exhibits a lower average
error (MAE) value, a percentage error compared to the
actual value (MAPE), and a lower proportion of large
errors (RMSE) than other models. The model can reduce
errors at each time point, reduce forecasts with small
errors, and forecast peak load periods more accurately than
other models. Therefore, the resulting model is the best-
performing model in this context.
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Fig.9: Shap Value of Each Model:
a) Moving average, b) DNN, ¢) LSTM, d) Bi-LSTM, ¢) CNN-LSTM, and f) Attention-LSTM.

The LSTM model showed the lowest values of all
three indicators as follows: MAE was 83.60 kW, RMSE
was 105.69 kW, and MAPE was 9.82%. The model has a
learning characteristic from the past to the present. There
is a layer that remembers various values, which is different
from the DNN model in that the features fed into the model
are not chronologically ordered, which makes the indicator
values higher than the LSTM model. MAE was 97.47 kW,
RMSE was 122.82 kW, and MAPE was 10.16%. For the
hybrid CNN-LSTM model, CNN was used to capture
short-term data patterns, resulting in lower errors. The

lowest values of all three indicators were as follows: MAE
was 68.33 kW, RMSE was 90.55 kW, and MAPE was
7.21%. For the Attention-LSTM model, developed from a
simple LSTM structure, it prioritizes the most effective
timestep, showing an MAE of 73.10 kW, an RMSE of
114.97 kW, and an MAPE of 5.99%. Both models exhibit
higher forecasting accuracy than the simple LSTM model.
The moving average method yields the best indicators,
with an MAE of 68.60 kW, an RMSE of 87.39 kW, and an
MAPE of 5.78%. These are more effective than some of
the models mentioned above. However, when examining
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the worst-day recordings, the model achieves higher
indicators than all other models. Furthermore, the average
test data also has the lowest overall performance.

The average of the indicators from all 10 test data sets,
each set having 3 days or 30 data points, can be shown in
order of the models with the lowest to highest average
MAE indicators as follows: Bi-LSTM, CNN-LSTM,
LSTM, Attention-LSTM, DNN, and moving average
models with values of 178.63 kW, 188.39 kW, 192.74 kW,
192.96 kW, 208.02 kW, and 292.63 kW, respectively. The
order of the models with the lowest to highest average
RMSE indicators is as follows: LSTM, Bi-LSTM, CNN-
LSTM, Attention-LSTM, DNN, and moving average
models with values of 282.47 kW, 288.43 kW, 293.62 kW,
299.34 kW, 308.85 kW, and 461.50 kW, respectively. The
model rankings with the lowest to highest average MAPE
metrics are shown as Bi-LSTM, CNN-LSTM, Attention-
LSTM, LSTM, DNN, and moving average, with values of
12.90%, 14.28%, 14.64%, 15.87%, 17.03%, and 18.03%,
respectively, showing the prediction trend of each model
from all the input test data. The Bi-LSTM and LSTM
models still have good prediction performance overall.

In addition, the Bi-LSTM model was investigated to
obtain the most three influential features from SHAP: Lag
Load, Yearly Hours, Weekdays, and Weekend. The lowest
values of the metrics were obtained as follows: MAE was
56.95 kW, RMSE was 85.51 kW, and MAPE was 4.89%.
Compared to the same model set using all 9 features, the
results show that the model using only the most important
features provides acceptable forecast performance,
although its performance is slightly reduced compared to
using all features. The Lag Load feature has the highest
weight in  describing the daily eclectrical load
characteristics. The Yearly Hours, Weekdays, and
Weekend features still help the model better understand
hourly and weekly patterns. While selecting only 3
important features allows the model to perform well, using
all features yields the lowest metric values and the best
performance.

The SHAP tool was imported to describe the
importance of features that affect the decision of the
moving average, DNN, LSTM, Bi-LSTM, CNN-LSTM,
and Attention-LSTM models, respectively, as shown in
Fig. 9. The x-axis shows the SHAP value, with a positive
value indicating a higher prediction value. The y-axis sorts
the features by cluster importance from highest to lowest,
and the color of the dots indicates the actual feature value,
with red having a high value and blue having a low value.
The top three features of the NN model with the highest
importance are as follows: The Lag Load feature is an
important variable that has a great impact on the model’s
decision because it has the highest SHAP value
distribution. There are a lot of red dots to the right,
meaning that if yesterday’s load is higher, it will also push
today’s forecast value higher. The Yearly Hours feature is
distributed in clusters and has most red dots to the left,
meaning that features with high values will lower the
forecast value. The Weekdays and Weekend features show
that the closer the SHAP value distribution is to zero, the
less the feature’s impact on the model’s decision. In the

non-lincar features, the SHAP values are widely
distributed, with both positive and negative values and a
mixture of red and blue dots at the same point. The moving
average method is a basic statistical method for forecasting
using features Lag 1, Lag 2, and Lag 3 as the electrical load
values for the past 1, 2, and 3 days, respectively. The time-
related data, namely the Hour and Minute features, are the
time data for all 3 days in every hour and minute at the
same time of cach day. Feature Lag 1 is the feature with
the most dispersion and has the most impact on the model's
decision.

The importance of ranking of features of NN models
by SHAP and MI, where model A is LSTM, B is Bi-
LSTM, C is CNN-LSTM, D is Attention-LSTM, E is
DNN, and F is MI. From Table 6, number 1 shows the
ranking of the most important features, and the higher the
ranking number, the importance will decrease until number
9, which has the lowest feature importance to the model.
The Bi-LSTM model forecasts have the highest accuracy.
The ranking of features from the highest to the lowest is
shown as follows: Lag Load, Yearly Hours, Weekdays and
Weekend, Compensatory Holiday, Ambient Temperature,
Daytime and Nighttime, Dew Point, Long Weekend, and
Quarter-Hourly Interval, respectively, were compared for
all 6 models. The Bi-LSTM and LSTM models are models
that learn the time sequence of data. The 4th feature is
Compensatory Holiday, which shows the compensatory
holidays of the university reflect the overall electricity
consumption behavior. There are red and blue dots clearly
separated from the blue ones. The model can recognize
clear patterns with this data and associate it with the load
drop. This differs from the fifth-ranked feature, ambient
temperature. Since alternating points in the same location
have a non-linear relationship, fluctuations can make it
more difficult for models to capture these patterns.

Table 6: Feature Importance Ranking of NN Model
by SHAP and MI

Featiiie Feature importance ranking

A|/B|C|DJ|E|F
Lag Load 1|1 1|1 1]1
Yearly Hours 2 1212121212
Weekdaysand Weekend | 3 |3 |3 [ 3 |3 |6
Compensatory Holiday 4 14 |5|5]|5]|7
Ambient Temperature 5151414414
Daytime and Nighttime | 9 | 6 [ 7 | 8 | 6 [ 3
Dew Point 6 |716]6|[7]5
Long Weekend 8 | 8187|818
Quarter-Hourly Interval | 7 | 9 [ 9 [ 9 [9 ]9

A CNN-LSTM model, which captures short-term and
long-term patterns well, or an Attention-LSTM model that
emphasizes time steps, will better understand this feature.
Based on feature priorities, CNN-LSTM and Attention-
LSTM models prioritize ambient temperature over
compensatory holidays. DNN models can easily learn by
finding association weights, do not remember event
sequences, and process data without considering time
sequences. The SHAP value of the Ambient Temperature
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feature, used to describe load changes, is higher than that
of the Compensatory Holiday feature, which relies on time
sequences and previous behaviors. The Quarter-Hourly
Interval feature, also a later feature, is considered a
fundamental feature, as it does not directly correlate with
load and is a simple feature for the model to learn. From
the simulation results, it was found that the MI method
gives more importance to the Daytime and Nighttime,
Ambient Temperature, and Dew Point features of cach
model than the SHAP method because these features have
more raw data statistics related to the forecasting target,
which reflects the actual behavior of clectrical loads
without learning the model mechanism and not
understanding the relationship between the features like
SHAP. When using SHAP, the importance is reduced. For
Weekdays and Weekend and Compensatory Holiday
features, which have lower MI scores, SHAP gives higher
importance to both features. This is because the model
learns the effect of these features through the more
important Lag Load feature, not just learning the features
alone. Using SHAP, one can learn features with complex
relationships better.

The third feature of the MI method, Daytime and
Nighttime, is shown to be highly correlated with load.
However, compared to the SHAP method, this feature is
ranked low due to the model's inability to extract patterns
well. However, the key features, Lag Load and Yearly
Hours, ranked first and second in both methods, showed
consistent results, indicating that this feature set can
definitely improve accuracy and efficiency. Using load
data, the MI method screens out potentially important
features related to electrical loads, screening relevant and
related data before importing into the model and isolating
truly irrelevant features. The trend in importance of
features is evident, eliminating bias from the model for
optimal forecasting performance. However, since it is not
yet possible to determine how features affect model
decisions, SHAP values are used at each data point in real-
world situations to explain the relationship between
features and model decisions. This ensures that the model
is indeed using those features and provides a deeper
explanation of model behavior, demonstrating the
importance of features that directly influence the model.
Furthermore, under different load conditions, the direction
of their impact on forecasting can be identified. Regarding
the reliability of black-box models, this can be explained.

4. CONCLUSION

This research proposes the development of a deep
learning-based forecasting technique. The accuracy of the
model is compared with that of a baseline NN model. The
Bi-LSTM model is shown to have the highest accuracy and
performance for load forecasting. The data collected
through cleaning and feature engincering are then
transformed into features ready for input into the
forecasting model. The electricity load forecasts are most
closely aligned with actual values. Overall, the Bi-LSTM
and LSTM models also yield the lowest metric values,
averaging across all tested data, indicating the model's
potential for forecasting in this context.

Furthermore, the model reliability investigation
indicates that transparent feature analysis and model
description using MI can explain the relationships between
raw data and electricity loads and filter static data for
inspection before inputting the model. This reduces the
number of features required for model input and reduces
training time. SHAP provides in-depth model descriptions,
demonstrating the actual use of the model's features,
understanding complex features, and increasing model
reliability because all features have underlying
relationships that can be demonstrated. Using this
combined approach, comprehensive coverage is achieved.
It provides accurate forecasting results and can also
provide causal explanations.
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