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OZET

DERIN OGRENME TEKNIiKLERI KULLANILARAK SEKTOREL ELEKTRIK YUK
TAHMINI

Abdurrahman YAVUZDEGER
Doktora, Elektrik-ElektronikAnabilim Dali
Danigsman: Dog. Dr. Tuggce DEMIRDELEN

II. Danisman: Dr. Ogr. Uyesi Inayet Ozge AKSU
Haziran 2024, 126 sayfa

Elektrik yiikiinlin tahmin edilmesi, kiiresel enerji talebinin artmasi ve enerjinin sebekelerde
etkin yonetimine duyulan ihtiya¢ nedeniyle kritik bir konudur. Bu ¢alisma, elektrik yiikiinii
tahmin etmek i¢in Uzun Kisa Siireli Bellek (UKSB), Evrisimsel Sinir Ag1 (ESA) ve hibrit bir
ESA-UKSB modelini igeren Derin Ogrenme (DO) modellerini kullanmayr amaglamaktadir.
2016-2023 yillar1 arasindaki aylik veriler kullanilarak, aydinlatma, konut, sanayi, tarim, ticari
ve toplam yiik referans alinarak, Adana, Mersin ve Antalya illerinde farkli sektorlerdeki elektrik
yiikii tahmin edilmektedir. Matlab/Simulink modeli 24 saatlik elektriksel yiik profilini
gozlemlemek icin kullanilmistir. Tezin ana katkisi, DO yaklasimlarinin  ve hibrit
uygulamalarinin karsilastirmali bir analizinin incelenmesi ve Onerilmesidir. Karsilagtirma
sonuglar;, DO modellerinin stratejik enerji planlamasindaki dnemine odaklanan karmagik
kaliplar1 yakalamada DO modellerinin etkinligi agisindan dikkate deger bilgiler ortaya
koymaktadir. Ortalama Karekok Hata (OKH), R?, Ortalama Mutlak Yiizde Hata (OMYH) ve
Ortalama Mutlak Hata (OMH) agisindan hibrit modellerin UKSB ve ESA modeline istiinliik
sagladig1 sonucuna varilmistir. Sonuglar, ESA-UKSB hibrit modellerinin sektorel elektrik
yiiklerinin zamansal dinamiklerini yakalama yeteneginin, UKSB ve ESA'dan daha etkili

oldugunu gostermektedir.

Anahtar Kelimeler: evrisimsel sinir ag1, derin 6grenme ¢ercevesi, elektrik yiikii tahmini,
uzun kisa siireli bellek



ABSTRACT

THE SECTORAL ELECTRICITY LOAD FORECASTING BY USING DEEP
LEARNING TECHNIQUES

Abdurrahman YAVUZDEGER

Ph.D., Department of Electrical and Electronic Engineering

Supervisor: Assoc. Prof. Dr. Tugce DEMIRDELEN
Co-Supervisor: Asst. Prof. Dr. Inayet Ozge AKSU
June 2024, 126 pages

Forecasting of electricity load is a critical issue because of the increasing global demands for
energy and the need for its efficient management in grids. This study aims to utilize Deep
Learning (DL) models, including Long Short-Term Memory (LSTM), Convolutional Neural
Network (CNN), and a hybrid CNN-LSTM model, for forecasting electricity load. Monthly
data from 2016 to 2023 is used to predict the electricity load in the provinces of Adana, Mersin,
and Antalya in different sectors, concerning lighting, residential, industry, agriculture,
commercial, and total load. The Matlab/Simulink model has been used to observe the 24-hour
electrical load profile. The main contribution of the thesis is to examine and propose a
comparative analysis of DL approaches and their hybrid applications. Comparison results
illustrated noteworthy information in terms of the effectiveness of DL models in capturing
complex patterns, which focused on the importance of DL models in strategic energy planning.
It was concluded that concerning Root Mean Square Error (RMSE), R?, Mean Absolute
Percentage Error (MAPE), and Mean Absolute Error (MAE), the hybrid model provides
superiority to the LSTM and CNN models. The results show that the capability of CNN-LSTM
hybrid models in capturing the temporal dynamics of sectoral electricity loads is more effective
than the LSTM and CNN as the case.

Keywords: convolutional neural network, deep learning framework, electricity load forecast,

long short-term memory
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1. INTRODUCTION

1.1. Overview of Electricity Load Forecasting

Electricity load forecasting (ELF) is a vital aspect of managing power systems, involving the
prediction of future electricity demand to maintain grid stability, ensure efficient energy
distribution, and guide infrastructure development (Baur et. al., 2024; Gu et. al., 2024). This
practice spans predicting electricity usage from a few minutes to several years into the future.
The precision of these forecasts is crucial for energy producers, grid operators, and financial
analysts, influencing decisions related to generation scheduling, load switching, maintenance

planning, and energy trading (Bin Kamilin and Yamaguchi, 2024).

Effective load forecasting allows utility companies and government agencies to make proactive
decisions about energy production and investment strategies. With the growing complexity of
electricity networks and the rising incorporation of renewable energy sources, the accuracy of
load forecasts has become increasingly essential. Accurate load forecasts enable utility
companies to manage their resources more efficiently, minimizing operational costs by
optimizing generation and reducing waste. These forecasts also support long-term planning and
investment decisions in infrastructure, ensuring the grid remains reliable and capable of meeting
future demands (Jin et. al, 2024).

In energy markets, load forecasting influences pricing mechanisms (Ghimire et. al., 2024,
Monjazeb et. al., 2024; Nie et. al., 2024). Accurate forecasts contribute to setting competitive
and fair prices. Additionally, with the increasing integration of renewable energy sources,
which are often intermittent, load forecasting becomes even more critical to dynamically
balance supply and demand. Forecasting electricity demand involves several techniques and
methodologies, ranging from simple statistical methods to complex Machine Learning (ML)
models (Eren and Kiigiikdemiral, 2024). The choice of method depends on various factors,
including the time horizon of the forecast, the availability of historical data, and the specific
requirements of the application. ELF process in the power grid is presented in Figure 1.1.
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Figure 1.1. ELF process in the power grid.

Load forecasting is further complicated by the integration of renewable energy sources, such as
solar and wind, which are intermittent and variable in nature (Kaur et. al., 2016; Aslam Sheraz
et. al., 2021; Randall et. al., 2023). The forecasting of renewable energy generation needs to be
accurate for balancing supply and demand to ensure grid stability. The utility companies also
rely on load forecasts to optimize their generation schedules to produce enough electricity to
meet the demand without, at the same time, leading to overproduction. So, operational costs are
kept at a bare minimum, and the system runs at maximum efficiency. The load factor of
electricity in a region is highly varied by political, economic, social, and technological factors,
as indicated in Figure 1.2. The Political factors include government interventions like incentive
policies that increase electricity consumption and repressive policies like power cut-off
measures in cases of coal shortages that may reduce it. Economic factors prove a strong
correlation between growth and electricity demand. For example, the global economic
downturn due to the pandemic has now resulted in a decline in electricity consumption. Social
factors will also focus on the population size and activities on electricity demand. As the
population grows at a high rate, there will be high electricity consumption. In contrast, the
increasing standard of living among people and being conscious of green consumption practices
lead to and contribute to energy-saving practices. Behavioral practices of recycling and reusing
devices will not need much electricity. Climate change also has a significant effect on

residential electricity demand. Technological factors will focus on innovation and energy



consumption. This includes techniques like ultra-high-voltage power grid technology, which
furthers the possible transmission of power over long distances and thus increases the supply
of renewable energy. Groundbreaking in technology, such as decarbonization in the power
industry using carbon capture and storage, is indispensable for raising the proportion of

renewable energy generation and promoting development in the industry.
The Influencing Factors o
Electricity Demand

\
v ' i v
( Politics ) ( Economy > C Society ) ( Technology )

Figure 1.2. Factors affecting electricity demand.

Accurate load forecasting also holds the key to a reduction of environmental impact with
electricity generation. In this way, utility companies reduce their generation of greenhouse
gases by utilizing renewable sources in the best way possible and minimizing the utilization of
fossil fuels, thus contributing positively to a more sustainable energy future. Accurate load
forecasting techniques in energy markets facilitate better strategies for electricity pricing, hence
competitive, justifiable, and fair pricing of electricity. This can be achieved at a relatively lower
price to the consumers and with greater market operation efficiency. Moreover, the provision
of power system stability and reliability also largely depends on the correct load forecast. The
grid operator can perform some actions before the forecasted high-demand periods in such a
manner as to prevent blackouts and to keep on supplying electricity to the consumers. It is
essential, in power systems management, to take care of the ELF. Its relevance is beyond that
of operational efficiency alone. It extends to areas that appear to be distant, for example, long-
term planning, investment decisions, pricing mechanisms, and the integration of renewable
energy sources. The growing complexity of electricity networks and increased demand for
sustainable energy solutions require higher system operation efficiency with loads of forecast

accuracy and reliability to ensure a secure and efficient power supply.
1.2. Classification of Load Forecasting

Load forecasting is divided into four categories: Very Short-Term Load Forecasting (VSTLF),
Short-Term Load Forecasting (STLF), Medium-Term Load Forecasting (MTLF), and Long-
Term Load Forecasting (LTLF) as shown in Figure 1.3 (Azeem et. al., 2021).
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Figure 1.3. Classification of load forecasting.

Effective energy management depends on providing accurate forecasting over a range of
different time horizons. VSTLF provides critical support to energy purchasing, demand-side
management, and very immediate operational tasks (Junior et. al., 2024; Charytoniuk and Chen,
2000). STLF is essential for operational and tactical daily planning in performing the complex
and challenging task of balancing supply against demand (Hippert et. al., 2001; Kwon et. al.,
2020). This type of forecasting is done as an alternative to scheduling generation and
dispatching loads daily. Among the techniques used in STLF are the statistical ones, which
involve time series analysis and regression models; ML approaches use neural networks and
SVMs (Li et. al., 2020; Guo et. al., 2021; Eskandari et. al. 2021). All these methodologies base
their predictions on historical load data, weather conditions, and calendar information to predict

accurate outputs.

MTLF is usually one month to three years and, therefore, helps in planning both the time for
carrying out the maintenance activities and in preparing the finances required (Ghiassi et. al.,
2006; Shirzadi et. al., 2021; Matrenin et. al., 2022; Wang et. al., 2019). This makes it an
essential tool in planning, budgeting, and allocating resources for the system (Feilat et. al,
2011). Techniques used to compute the MTLF are generally a blend of statistical methods with
simulation models. The more common ones use regression analysis and exponential smoothing
and, from time to time, scenario analysis, mainly to reflect the effects of uncertain economic

conditions and policy changes (Dudek et. al., 2021).

LTLF for ten years or more is indispensable for strategic planning and policy formulation,
besides making infrastructure investments (Wang K. et. al., 2023; Lindberg et. al., 2019). Policy
development and strategic planning, together with the development of infra-projects, depend
on this type of forecasting. LTLF usually incorporates econometric models considering
demographic trends, economic indicators, and technological advancements (Agrawal et. al.,
2018; Hong et. al., 2013; Zhang et. al., 2023). Other methods widely applied in long-run
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forecasting include end-use models that forecast demand based on the anticipated usage of
electricity in various sectors and input-output models that analyze the varying interdependency

between different economic sectors.
1.3. Overview of Deep Learning

Deep learning (DL), a subset of ML, represents the top of artificial intelligence advancements
over the past years. DL is characterized by its use of ANN with many layers, hence the term
"deep." These networks are capable of learning from vast amounts of data, identifying patterns,
and making decisions with minimal human intervention. The transformative potential of DL
spans various domains, including computer vision, natural language processing, healthcare, and
autonomous systems. At the heart of DL are neural networks, which are inspired by the human
brain's structure and function. A typical neural network consists of an input layer, multiple
hidden layers, and an output layer. Each layer is composed of neurons that process input data
through weighted connections, applying an activation function to produce an output. The
network learns by adjusting these weights based on the error between the predicted and real
outputs. DL models differ from traditional neural networks in their depth, i.e., the number of
hidden layers they contain. The most used DL architectures include Convolutional Neural
Network (CNN), which excel in image recognition tasks, and Recurrent Neural Network
(RNN), which are well-suited for sequential data like time series and text. CNN is specialized
for processing grid-like data, such as images. They employ convolutional layers to
automatically and adaptively learn spatial hierarchies of features from input data. CNN of
components are convolutional layers, pooling layers, and fully connected Layers.
Convolutional layers apply convolution operations to extract features. Pooling layers
downsample the spatial dimensions to reduce computation. Fully connected layers serve as the
final classifier or regressor. RNN is designed to handle sequential data by maintaining a hidden
state that captures information from previous time steps. They are particularly effective for
time-series analysis and natural language processing. Variants of RNN are Long Short-Term
Memory (LSTM) and Gated Recurrent Unit (GRU). LSTM addresses the vanishing gradient
problem by using gates to control information flow. GRU is a simplified version of LSTM with

fewer gates.

Training DL models require large, high-quality datasets. Data preparation involves collecting,

cleaning, and preprocessing the data to ensure it is suitable for training. Techniques such as data
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augmentation, normalization, and splitting the data into training, validation, and test sets are
commonly employed. DL models are typically trained using gradient descent algorithms, which
iteratively adjust the model's weights to minimize a loss function. Regularization techniques,
including dropout and weight decay, help prevent overfitting by constraining the model's
complexity. Hyperparameters, such as learning rate, batch size, and the number of layers,
significantly impact a model's performance. Hyperparameter tuning involves systematic
experimentation to find the optimal configuration. Methods such as grid search, random search,

and Bayesian optimization are commonly used to automate this process.
1.4. Deep Learning Techniques in Electricity Load Forecasting

Deep Learning (DL) techniques have revolutionized the field of ELF because of their ability to
offer models for complex patterns in data. Table 1.1 lists many of the deep learning techniques
developed until now in ELF, which, along with their description, advantages, disadvantages,
and applications, are discussed. Each technique carries its unique strengths and shortcomings,
and the choice of the method depends upon the specific requirements and constraints presented
by the forecasting task. Merging several methods generally provides a greater level of accuracy
and robustness than individual models. With the field continuing to grow and evolve, this class
of DL methods is likely to increase the contribution it can bring toward enhancing the accuracy
and efficiency of ELF.

Table 1.1. Deep learning techniques in ELF.

Technique Description Benefits Limitations Applications
Typically used Captures local Less effective Feature
for image patterns well. alone for long- | extraction in
processing but Useful in term patterns. hybrid models.
can extract combination Best in hybrid Short-term load
CNN .
features from with other models. patterns.
time series data | models.
over short
windows.
Addresses RNN | Effective for Complex LTLF.
limitations with | long-term architecture. Capturing
memory cells patterns. Computationally | seasonality and
LSTM for long-term Mitigates intensive. trends.
dependencies.
Effective in




capturing long-

vanishing

term patterns. gradients.
Designed to Good for Vanishing Basic time
handle sequential data. | gradients. series
sequential data, | It can model Limited long- forecasting.
Recurrent .
Neural capturing temporal _ term STLF.
temporal dependencies. dependency
Network . X
(RNN) dependenmgs. modeling.
Struggles with
vanishing
gradients.
Combines fuzzy | Handles Complex Handling non-
logic and neural | uncertainties architecture. linearities and
Recurrent networks to well. Good for Requires careful | uncertainties in
Fuzzy Neural | handle non-linear time | tuning of fuzzy | load data.
Networks uncertainties series rules and neural | MTLF and
(RFNN) and non- forecasting. network LTLF.
linearities in parameters.
time series data.
A simplified Computationally | Simpler than STLF and
variant of LSTM | efficient. LSTMs but still | LTLF. Efficient
with fewer Comparable complex. implementations
parameters. performance to | Requires careful
GRU Efficient and LSTMs. tuning.
effective in
capturing long-
term
dependencies.
Enhances model | Improves model | Adds Highlighting
performance by | focus on complexity. seasonal
focusing on important Requires careful | patterns.
relevant input features. implementation. | Incorporating
Attention data parts. Enhances external factors.
Mechanisms Improves accuracy.
accuracy by
emphasizing
important
features.
Uses self- Handles long- Requires large Capturing
attention range datasets and complex
Transformer mechanisms to | dependencies computational dependencies in
Networks handle well. resources. load data.
dependencies in | Parallelizable, Complex Handling large-

sequential data

architecture.

scale datasets.




without relying
on recurrence.

leading to faster
training.

Composed of Good for feature | Training can be | Feature
multiple layers | learning and time-consuming. | extraction. Pre-
of stochastic, dimensionality | Requires large training for
latent variables. | reduction. Pre- | amounts of data. | other DL
Deep Belief It can pre-train | training helps models.
Network layers in an with
(DBN) unsupervised convergence.
manner before
fine-tuning with
supervised
learning.
Neural networks | Effective for Risk of Anomaly
are designed to | unsupervised overfitting. detection in load
learn efficient learning. It can | Requires careful | data. Feature
codings of input | learn complex tuning of the extraction for
data. It can be representations. | architecture. forecasting
Autoencoders
used for models.
dimensionality
reduction and
feature
extraction.
Composed of a | It can generate | Training can be | Data
generator and a | realistic unstable. augmentation
discriminator synthetic data Requires careful | for load
. network for training. balancing of forecasting
Generative )
Adversarial competing Useful for_data generator and models._
Network against each augmentation. discriminator. Generating
other. It can synthetic load
(GAN) _
generate scenarios for
synthetic data testing.
resembling real
load patterns.
A type of RNN | Simpler to train | Requires careful | Real-time load
where the compared to tuning of the forecasting.
hidden layer is a | traditional reservoir Capturing non-
Echo State randomly RNNSs. It can properties. linear dynamics
Network generated, fixed, | handle non- Limited in load data.
(ESN) large, and linear time theoretical
sparsely series data understanding.
connected effectively.
reservoir.
Temporal A type of Handles long- Requires large LTLF.
Convolutional | convolutional range amounts of data. | Capturing




Network network dependencies Complex hierarchical
(TCN) specifically with reduced architecture. temporal

designed for vanishing features.

sequential data | gradient issues.

with a focus on

temporal

dependencies.

Consists of two | It can capture Increased Capturing full

RNNs, one information computational context in load
Bidirectional processing the from both past complexity. data. Improved
RNN (BRNN) sequence from and future More accuracy in

start to end and | states. Enhances | demanding in short and

the other from context terms of medium-term

end to start. understanding. | resources. forecasting.

Combines Effective in Requires careful | STLF and

wavelet capturing both selection of LTLF.
Wavelet transform and local and global | wavelet Capturing
Neural neural networks | features in time | functions. seasonal
Network to capture both | series data. Computationally | patterns and
(WNN) time-frequency | Good at intensive. transient events.

characteristics handling non-

and non-linear stationary

relationships. signals.

A type of SVM | Effective for Requires careful | MTLF.

that is small to tuning of Handling noisy

particularly medium-sized hyperparameters | and small
gl;pfgsr:i;/r?ctor effective for datasets. Robust | . It can be datasets.
(S\gR) regression tasks, | to overfitting computationally

including time and noise. intensive for

series large datasets.

forecasting.

Single-hidden Extremely fast Limited by Real-time load

layer Feed training process. | random weight | forecasting. Fast
Extreme Forward Neural | Good initialization. training for
Learnin Network generalization May not be as quick model
Maching (FFNN) with performance. powerful as DL | updates.
(ELM) random weights models for

in the hidden complex tasks.

layer. Efficient

training process.
Hybrid Models | Combines Leverages Increased Combining local
(e.g., CNN- strengths of strengths of complexity. and long-term
LSTM, CNN- | different multiple models. | Requires more patterns.
GRU) architectures.

Uses CNNs for




local patterns Superior computational Improved
and RNNs for performance. resources. accuracy.
long-term

dependencies.

CNNs were initially designed for image processing but were further applied in ELF by time
series forecasting (Khan et. al., 2019; Li et. al., 2017; Tudose et. al., 2020). They successfully
capture short-term patterns due to their ability to model local structures within small windows
of data; thus, they become instrumental in short-term load pattern identification. However,
CNNs alone are not very useful in long-term forecasting tasks unless combined with another
model because they might limit long-term dependencies. The hybrid models that use CNN for

extracting features and the other networks for long-range dependencies work much better.

LSTM networks are the category of RNN, specially designed to work on deficiencies found in
general RNN concerning vanishing and exploding gradient problems. LSTMs are very good
for capturing long-term dependencies in time-series data, central to accurate long-term ELF
(Muzaffar and Afshari, 2019; Lin et. al., 2022; Ageng et. al., 2021). While very powerful,
LSTMs are complex in architecture and require enormous computing power, thus being

computationally intensive by nature.

Additionally, it is relevant to note that RNNs are designed to suit time series forecasting by
handling sequential data by capturing the temporal dependencies (Khan et. al., 2013; Sehovac
and Grolinger, 2020). However, they often suffer from vanishing and exploding gradient
problems, hence an inability to capture long-range dependencies. While they perform great in
short-term forecasting applications, their limitations in modeling long-term dependencies

reduce their positive impacts on long-term forecasting.

A combination of fuzzy logic and neural networks in designing an RFNN yields a solution for
uncertainties and non-linearities in time series data. They are pretty effective in dealing with
the inherent uncertainties in the time series of electricity load data, providing robust medium-
and long-term forecasting (Wen et. al., 2020). However, their complex architecture needs
careful tuning of both parameters for fuzzy rules and neural networks (Sharma et. al., 2020).

GRUs are designed to refine LSTMs, with fewer parameters, making them less computationally

expensive, yet they maintain effectiveness in capturing long-term dependencies (Kumar et. al.,
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2018; Gao et. al., 2019). They practically offer the same performance as LSTMs but with
simpler architecture and so have proven to be a good candidate for solving both STLF and

LTLF problems. Still, they require pretty careful tuning to converge in practice.

Attention mechanisms generally improve the performance of neural networks by guiding them
to focus on relevant parts of input data (Zang et. al., 2021; Niu et. al., 2022). In ELF, they will
be used to enhance model accuracy by focusing on essential features, such as seasonal patterns
and external drivers. However, during the process of incorporating an attention mechanism, the
model is going to become complex and meticulous in implementation (Zhang et. al., 2021; Wan
et. al., 2023).

The efficiency of transformer networks is highly increased for learning long-range
dependencies in sequences through self-attention mechanisms, which are not recurrent. They
are parallelizable and make learning much faster. However, modeling with transformers is
better with more extensive datasets, and it consumes enormous computational power due to its
vast architecture (Zhao et. al., 2021; L’Heureux et. al., 2022; Wang et. al., 2022).

DBNs comprise multiple layers of stochastic, latent variables that can be pre-trained
unsupervised before fine-tuning with supervised learning. This makes them well-suited for
dimensionality reduction and feature learning. Meanwhile, DBNs require large amounts of data
and are slow for training; therefore, they may not be helpful for real-time applications (Kong
et. al., 2019; He et. al., 2017).

Autoencoders are unsupervised neural networks designed to learn efficient input data codings
for dimensionality reduction and feature extraction. They are efficient for executing complex
representations but prone to overfitting and require careful architecture tuning (Tong et. al.,
2018; Liu et. al., 2019).

In GANSs, the generator and discriminator network fight with each other to generate synthetic
data resembling actual load patterns. This can be handy for data augmentation, making the
models for load forecasting very robust. However, GANs are very tricky to train, and the
balance between the generator and the discriminator is delicate (Xian et. al., 2024; Bendaoud
et. al., 2021).

ESN is a particular type of RNN model, where the hidden layer is built as a large and sparsely

connected reservoir. These make them easier to train than traditional RNNs and effective in
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handling non-linear time series data. However, ESNs require delicate tuning of the reservoir
properties and have limited theoretical understanding (Deihimi and Showkati, 2012; Bianchi
et. al., 2015).

TCNs are convolutional networks with a specifically designed architecture for sequential data,
focusing on temporal dependencies. They can handle long-range dependencies and mitigate the
vanishing gradient issue. However, TCNs require data, and the architecture is complex, which

creates implementation barriers (Tang et. al., 2022; Shi et. al., 2021).

BRNN processes a sequence in two steps: one from start to end and the other from end to start.
Hence, it can consider information from both past and future states. This bidirectional approach
enables the model to learn the dependencies within a context and improves forecasting. On the
other hand, this increases the computational complexity and resource demands (Tang et. al.,
2019a; Tang et al., 2019b).

A WNN comprises wavelet transforms and neural networks, which embody both the time-
frequency characteristics and the nonlinear relationship in the data. They will work well with
non-stationary signals and are capable of extracting local as well as global features: suitable for
STLF and LTLF. It is computationally intensive and nontrivial to select appropriate wavelet
functions (Guan et. al., 2012; Ribeiro et. al., 2019).

SVR is an SVM for regression and is effective on problems such as time series prediction. The
model is robust against overfitting and noise, suitable for datasets of small and medium sizes,
and only requires cautious tuning for the hyperparameters. It is sometimes computationally

intensive for large dataset sizes (Luo et. al., 2023; Ceperic et. al., 2013).

In the ELM, all the hidden-layer nodes have random weights, such that the training process in
an ELM is speedy. It gives the best generalization performance and suits real-time load
forecasting in the best manner. However, the initialization of weights is random for complicated
tasks (Li et. al., 2016; Zhang et. al., 2013).

Hybrid models provide the best of both worlds of model architectures, just like using CNNs for
local pattern extraction and RNNs for capturing long sequences. By the way, these models
exploit the advantages of several models and offer better performance. However, the

complexity increases with this, therefore requiring higher computational resources, which
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overall makes it more difficult to implement (Al Mamun et. al., 2020; Ren et. al., 2021; Agga
et. al., 2021).

1.5. The Objective of the Thesis

This study has been conducted to enhance further the accuracy and reliability of the Adana,
Mersin, and Antalya provinces’ ELF models. The study is being done for electricity
consumption for lighting, residential, industry, agriculture, and commercial sectors. The
novelty in this approach is bringing the DL techniques of LSTM, CNN, and a hybrid model of
LSTM and CNN. By exploiting the capabilities of these models, the research will address the
distinctive demand patterns and varied energy consumption across various sectors. LSTM
boasts the ability to process time series data for long periods. Thus, it applies to most forecasting
tasks whose historical load conditions have a significant influence on future demands. On the
other hand, CNNs can identify patterns in multidimensional data, and this application in load
forecasting brings out hidden patterns in monthly load data that ordinary forecasting methods
cannot establish. This method is likely to benefit the industrial and commercial sectors, where

the load patterns are complex and highly variable.

The main defined objective is that of experimentation on a hybrid CNN-LSTM model. It utilizes
LSTM's strength in framing sequence prediction power and CNN's ability to extract features
efficiently. The hybrid model is meant to improve forecasting accuracy by capturing, in the best
way, the temporal dynamics and spatial correlations found in the data. This study investigates

if this joint approach provides a boost over using LSTM or CNN models individually.

The proposed methods use an extensive dataset in which monthly electricity consumption data
for diverse sectors are included from the year 2016 to the year 2023. An enormous database
enables the determination of the historical consumption pattern, which is more than necessary
to develop more precise forecasting models specifically designed according to the
characteristics of the Adana province. A MATLAB/Simulink model is developed to simulate
the electrical load profile, enabling detailed observation and analysis. Based on the model, the
load forecasting results become adequate consultants that tell what is needed for energy

management plans, designs, and policies in Adana Province.
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Accurate prediction of future electricity demand allows companies and policymakers to manage
energy resources more effectively, sustainable growth planning, and effective energy
conservation mechanisms. This research is aimed to reach out to the operational strategies of
energy management for the promotion of advanced machine learning techniques. In this respect,
the study infers that DL models are good at predicting accurate and reliable load, advocating
for a transition toward data-driven and predictive methodologies in energy.

1.6. The Outline of the Thesis

The thesis is designed to offer a detailed study in ELF for Adana, Mersin, and Antalya provinces
using advanced DL. It starts with the introduction providing the importance of the ELF and the
different types of forecasting, to ultimately explain the use of DL techniques using LSTM and
CNN-based techniques. The objectives of the research are clearly stated, followed by an
overview of the thesis structure. The literature review covers traditional methods and recent
advancements in load forecasting, providing context for the current study. Moreover, the
literature review comprehensively covers recent studies, traditional methods, and recent
advancements in load forecasting, emphasizing the context and justification for using DL
techniques. The materials and methods section details the MATLAB/Simulink dynamic model
used for simulation, the data source and preparation, and in-depth discussions of the LSTM,
CNN, and the hybrid CNN-LSTM model. The following section will discuss the results of the
simulation, the results of the CNN, LSTM, and hybrid models, and a comparative analysis. The
key findings will be summarized with a highlight of the effectiveness of the proposed models
in improving forecasting accuracy. Finally, the paper outlines some recommendations for

improving energy management practices using advanced time-series forecasting models.
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2. LITERATURE REVIEW

In recent years, it has been of paramount importance to perform accurate electrical load
forecasting to operate and manage power systems efficiently. Reliable load forecasting is the
key to maintaining a stable and cost-effective energy distribution. Various studies found in the
literature deal with the methodologies for forecasting electrical demand, namely, through
statistical methods, ML algorithms, and hybrid models which seek to enhance prediction

accuracy.

The newly developed technique being used is Nonlinear Relationship Extraction (NRE) to
implement accuracy in the forecasting of residential loads. The methods employ load cubes,
which combine hourly load data from different periods and CNNs to detect nonlinear load
patterns. The above methods use load-temperature cubes to reveal the hidden relationships
between load and temperature. These extracted features are then fed to an SVR model based on
input-output mapping for forecasting. The NRE method has so far proven its consistency in
outperforming models like LSTM, CNN, FFNN, and SVR to make an accurate one-hour-ahead
ELF (Imani, 2021).

Wang D. et al. (2023) proposed a new power demand forecasting model named CNN-LSTM
to enhance predictive accuracy in environments with multi-source data. The proposed model
combines multimodal information (time series and textual data) through the feature extraction
ability of CNN and the long-term memory ability of LSTM networks. Empirical results attest
that the identified model substantially outperforms traditional time series models in accuracy,
both in direction and magnitude. The model gives valuable insights that can help forecast
China's energy demand, which would either slow down in growth or experience a decline over
the next couple of years. All these data-driving approaches for proper guidance on the Chinese
case of coal power phase-out and renewable energy investments for setting up the overall

Chinese energy systems planning and low-carbon transition.

The study by Zhang et al. (2023) presents a deep-learning architecture for ELF. It integrates
CNN and LSTMs and uses multi-task learning to deal with problems known for data
redundancy and lack of good results in convolution. The CNN layer extracts input data

characteristics, and the LSTM layer controls sequence learning. The generalizability and
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accuracy of the model can be further enhanced by the optimal balancing of essential training
data between the primary and auxiliary tasks. The model has also done well in short-term (10

days) and medium-term (3 months) forecasting against other models.

Yazici et al. (2022) studied the increased application of DL with STLF, a more complex form
of TSP. The problems of such a nature are usually accustomed to LSTM and GRU models, and
it was a system using significant breakthroughs for introducing one-dimensional CNN, which
Video Pixel Networks inspired. From the comparative analysis, it came out that one-
dimensional CNN had the best performance for this time series forecasting problem,
particularly for the 24-ahead prediction, and the best model was recorded at a MAPE of 2.21%.
Although the CNN performed well in one-hour-ahead predictions with an estimated MAPE of
1.0%, the model difference was not much. This study highlights the possibility of enhancing

STLF accuracy through CNNs with a one-dimensional arrangement.

Bouktif et al. (2018) suggested a forecasting process based on ML techniques that rely on
LSTM neural networks with precise STLF aggregate electricity load predictions. More recently,
the study concerns advanced predictive performance baselines, linear and nonlinear ML
algorithms, feature selection methods like wrappers, and embedded ways with a genetic
algorithm for optimizing time lags and LSTM layers towards this objective. In the application,
a model using LSTM outperformed other optimized ML models concerning empirical accuracy

in the case of electricity consumption data from metropolitan France.

Bouktif et al. (2020) describe an improved approach for very short-term electricity consumption
forecasting with an LSTM model. The most crucial step in successfully developing the
forecasting model remains the identification of good lags and hyperparameters. In addition, to
overcome this challenge of finding suitable parameters in discrete search spaces, the authors
use metaheuristics for parameter calibration with the GA and PSO methods. In general, these
strategies help to find optimal parameters in the complexity of the search space. Input lags are
also flexibly selectable through zero-padding and variable length sequences with GA and PSO
calibrations of a multi-sequence input model, further enhancing LSTM's capability in capturing
long-term dependencies within load consumption patterns. Therefore, overall forecasting is

achieved with higher accuracy using this metaheuristic-based calibration approach.
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Aguilar Madrid and Antonio (2021) elaborate on a set of ML models developed to increase the
forecasting accuracy of 168-hour ahead STLF, which is vital in the planning of power plants.
The models use a combination of data from other sources, such as the historical load, the
weather, and holidays. Of the five models tested, the Extreme Gradient Boosting Regressor
algorithm performed the best, outstripping the predictions from any of the neural network-based
models. This ultimately reduces the uncertainty in renewable energy production, lowering

hydrothermal electricity costs.

Sajjad et al. (2020) described a sequential hybrid learning model of energy forecasting with a
coupling of CNN and GRU. In this case, the algorithm runs in two-step sequences: data
preparation and training. Data preparation is carried out to enhance the quality of raw data.
Then, extracted features are input into a multi-layered GRU to consume energy accurately. The
structure of GRU facilitates improved learning from sequences. As future work, the study will
be carried forward with the model applied to other datasets, made more effective by the

inclusion of concepts of fuzzy logic.

Alhussein et. al. (2020) propose a hybrid DL framework for short-term ELF using CNN and
LSTM layers. The CNN layers in the proposed model extract features, and the LSTM layers
take care of the sequence learning. The proposed CNN-LSTM model showed significant
improvements in forecasting accuracy with the other state-of-the-art techniques, using publicly
available data from a Smart Grid Smart City project. For instance, in the individual household
electric load data, it achieved a MAPE of 40.38%, outperforming the former benchmark LSTM-
based model, with a MAPE of 44.06%. It additionally proposed using clustering analysis based
on energy usage behavior for a more insightful prospect of gaining increased predictive

accuracy with more computational power.

An innovative approach for the STLF of a regionally integrated energy system with
interconnected energy sources is proposed by Wu et al. (2021). This model utilizes an attention-
based CNN combined with an LSTM and BiLSTM to capture the time-sequence and nonlinear
characteristics of the electric load. It requires historical data on electric load, temperature,
cooling load, and gas consumption over the last five days as inputs. The CNN extracts the
attentive load effect factors of the equipped attention block. The LSTM-BILSTM layers are for

forecasting the load one hour ahead. This method shows superior performance to the former
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ones because it can comprehensively feature the historical data and enhance load forecasting
accuracy by introducing the combination of the CNN-attention and LSTM-BILSTM

architecture.

Jawad et. al. (2021) analyzed the influence of meteorological parameters on the ELF through
data examination and developed an ML algorithm to optimize the selection of a cost-effective
predictive model. The study is based on historical data from the electricity demand of a
substation in Muzaffarabad, Pakistan, and weather data for 2014-2015. Data correlation-based
evaluation of several ML algorithms. The analysis shows a very high correlation of electricity
consumption with some weather parameters, particularly the air and dew point temperatures. It
also finds that incorporating the same for model data has caused significant minimization of the

prediction errors.

Saglam et al. (2024) study the development of more precise short-term forecasts of electricity
peak loads over various ML models and optimization methods. This research comes one step
ahead to see the impact of the input combinations on the accuracy of peak load prediction using
multilinear regression (MLR) by investigating data from 1980 to the end of 2020, including
import/exclude figures, population statistics, and GDP. It is compared with several optimization
algorithms using, for instance, PSO, Dandelion Optimizer DO, gold rush optimizer (GRO), and
conventional ML models such as SVR and ANN. From the results obtained, the lowest
statistical errors are achieved by GRO and ANN, and GDP shows a strong positive correlation
with the peak load. Adequate prediction of peak load thus prevents excess reserves and results
in the effective management of the electricity network.

A series of hybrid optimization algorithms was presented by Kottath et al. (2023) that embed
the Cuckoo Search Algorithm (CSA), Grey Wolf Optimization (GWO), Harris Hawks
Optimization (HHO), and Whale Optimization Algorithm (WOA) to enhance the performance
of the forecasting models. The investigators allowed particles to update their positions with
various algorithms, tested several combinations on 24 benchmark functions, and applied them
to short-term electricity load and price forecasting on ANNs using a dataset from ISO New Pool
New England to the results that the hybrid algorithms are the best generally than its components,
and in which the CSA-GWO showed influential trends. The authors suggest hybrid approaches

should be more explored for classification, regression, and optimization tasks in the future.
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A three-stage model proposed by Y1ldiz (2023) provides accurate and effective short-term ELF.
VMD is used to extract the features of historical load data. In the second stage, stacked Kernel
ELM auto-encoders carry out unsupervised feature learning, which informs the third stage of
the kernel ELM regression model for prediction. This paper tests a DL-based MLKELM with
public electricity load data from the Turkish transmission system operator. The proposed model
has outperformed existing deep ELM architectures and traditional models, such as ANN, SVM,

and regression trees, with higher accuracy and sensitivity in forecasting.

Gul et al. (2021) investigate mid-term electricity consumption forecasting using data from
Korea Electric Power Supply focusing on Seoul. This study investigates how a statistical
ARIMA model could be compared with a neural network combining CNN with Bi-LSTM to
optimize the hyperparameters of both models for improved predictive accuracy. The results
showed that, on the one hand, ARIMA involves much preprocessing but furnishes credible
results if patterns within the data are somewhat consistent. The combination of CNN-LSTM
did not perform very well, thus verifying the fact that proper model selection and tuning need
to be done accurately. In practice, both models, though, have shown potential, especially
ARIMA, for applications in which electricity consumption patterns are relatively stable.

In another study in the literature, Nti et al. (2020) reviewed 77 academic studies performed
between 2010 and 2020 on electric demand forecasting. They study forecasting algorithms,
theories, and factors influencing electricity consumption, accuracy and error metrics, and
forecasting periods. Other studies have found that the favorite forecasting models applied
artificial intelligence techniques, of which 28% were based on ANN, especially in the short
term. The weather, economic parameters, history of consumption, lifestyle in households, and
stock indices influence electricity demand forecasting. The authors conclude that ELF is a
complex yet important research area seeking further investigation to face the ongoing

challenges and exploit new opportunities within the field.

The study conducted by Liu et. al. (2023) proved the method to improve ELF, employing
backpropagation neural networks with major meteorological factors. The preset point, which
affects electricity load the most during summer, is temperature. As far as the prediction of

power load is concerned, the neural network performs much better than other methods. This
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study recommends the use of Pearson correlation in the analysis of meteorological factors so
that influential variables can be identified based on geography and time to further increase
forecasting accuracy. Additionally, as big data continues to expand, other relevant factors may
be incorporated into the future models and the interconnections studied to enhance load

forecasting precision.

Huy et. Later, Al. (2022) proposed the Temporal Fusion Transformer, a new RNN architecture
to predict short-term power loading in Hanoi, Vietnam. It shows a model that marries current
models like LSTM to the self-attention mechanism, embedded features like temperature,
humidity, calendar, lunar months, day of the week, and hours. At the same time, it considers
the holidays separately. As evidence, the results of this study prove that the TFT significantly
performed better in terms of Mean Absolute Error (MAE) and MAPE compared to the
traditional statistical models and the established RNNSs. Further research shall consider the
improvement of the model's accuracy during holidays and unexpected events like COVID-109.

Kong et al. (2017) focused on short-term ELF in individual residential households whose
energy consumption was so volatile and unpredictable. They propose a framework based on
LSTM RNN, a DL method capable of managing long-term, temporal patterns. Testing the
effectiveness of their approach on publicly available intelligent metering data is made and
compared against another state-of-the-art algorithm. They highlight the contrast using a
density-based clustering technique between the aggregate load at the substation level and
volatile individual loads. Future work seeks to design better parameter-tuning techniques for

the fine-tuning of predictions, specifically for very unpredictable households.

The study conducted by Mujeeb et al. (2019), used Deep Long, Short-Term Memory (DLSTM)
for electricity price and load forecasting within energy big data from smart grids. In doing so,
the model applied the learned attributes through DLSTM for hyperparameters and those
features that need automatic tuning when handling a vast dataset. It contributes to handling
training challenges and guarantees model stability under the cross-validation method; its
practical validity is very well supported by solid performance in actual market data coming
from New York and New England operators. This type of model includes preprocessing of data,
training, and forecasting of load and price patterns over 24, 168, and 744 hours. Results are

measured using the MAE and Normalized Root Mean Square Error (NRMSE) metrics, where
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it is seen that the DLSTM model outperforms compared to traditional forecasting methods,
namely the Nonlinear Autoregressive network with Exogenous variables, and ELM, with

improved accuracy.

This review now consolidates much more extensive work into a more focused form by
presenting detailed narrative summaries of various methodologies and their specific
contributions to ELF. Table 2.1. Organized summary of references: An organized summary of
references is an excellent tool for a comprehensive but very effective comparison of different
forecast techniques and their output. This table format allows easy access to data and an
immediate visual comparison of methods, results, and critical findings across studies. When
looking at such studies in a table, readers could immediately notice the trend, gap, and
correlational patterns of the current research landscape, understanding instantly the

development of the field and emerging trends of ELF.

Table 2.1. An extensive review of literature on ELF.

Applied and Developed

Reference Methods Data Source Key Findings
(Zhang et. al., | Hybrid model with improved | Australian Energy | The hybrid model
2018) Empirical Mode Market Operator; | provided accurate

Decomposition (EMD), New York Market: | forecasting results,
Autoregressive Integrated New York outperforming other
Moving Average (ARIMA), | Independent comparative models
and WNN optimized by the System Operator by effectively
Fruit Fly Optimization combining linear and
Algorithm nonlinear
characteristics.
(Dedinec et. | DBN with multiple layers of | Macedonian DBN achieved
al., 2016) Restricted Boltzmann Market: superior accuracy
Machines (RBMs) and Macedonian compared to

supervised back-propagation | Hourly Electricity | traditional methods
Consumption data | like FFNNs and the

(2008-2014) data provided by the
provided by the Macedonian system
Macedonian operator, reducing

system operator MAPE by up to 8.6%.
(Fan et. al., | Ensemble EMD, Random | New South Wales, | The EEMD-RF-SVR-
2022) Forest (RF), SVR, Ridge | Australia, RR model achieved
Regression (RR) electricity data | superior forecasting

from 1st to 14th | dccuracy b.y
decomposing the
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January
electricity

2007,
load

data per 30 min

original data using
EEMD, and then
applying a
combination of RF,
SVR, and RR
algorithms. The
model effectively
handled data
fluctuation and non-
linearity, surpassing
traditional models.

(Guo et. al., | Multi-scale CNN-LSTM | Real-time The multi-scale CNN-
2020) hybrid neural network: A | electricity data of | LSTM model
STLF model integrating CNN | New South Wales, | outperformed
and LSTM techniques to | Australia, from | traditional LSTM,
improve prediction accuracy | 2006 to 2010 SVM, RF, and
ARIMA models,
achieving higher
prediction accuracy
and robustness.
Incorporating real-
time electricity prices
improved the model’s
performance.
(Sun et. al., Combines variational mode Collected data The proposed NGO-
2023) decomposition (VMD) from various VMD-SSA-KELM
optimized by the Northern power terminals model achieves
Goshawk Optimization higher prediction
(NGO) algorithm and Kernel accuracy for different
ELM optimized by the power consumption
Sparrow Search Algorithm types, with RMSE as
(SSA) low as 0.0098 for
industrial stations.
This approach offers
reliable data support
for precise load
management.
(Aslam AdaBoost, Decision Tree, ISO-NE dataset The proposed CNN-
Shahzad et. and RF for feature extraction. | (daily CHIO and SVM
al., 2021) SVM and CNN with consumption data | models achieve high

Coronavirus Herd Immunity
Optimization (CHIO) for
load and price forecasting.

over 8 years)

accuracy in predicting
electricity price and
load, with CNN-
CHIO showing a 95%
accuracy and a 6%
MAPE error rate.
These models
enhance energy
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management and grid
optimization.

(Prasetyo et. | Hybrid CNN-BIiLSTM with | Electricity load CNN-BIiLSTM with
al., 2023) an attention mechanism data from Bali, attention outperforms
Indonesia (2018- | other models for
2019) STLF with RMSE of
12.647-15.381
(Sekharand | GWO-CNN-BILSTM hybrid | Four buildings: GWO-CNN-BILSTM
Dahiya, model campus, hospital, | performs better than
2023) residential, and CNN-LSTM, CNN-
industrial from BiLSTM, and
Mendeley and optimized BiLSTM
Kaggle models. Provides
accurate STLF across
different building
types
(Khan et. al., | Deep residual CNN with Individual- The proposed an
2023) stacked LSTM Household- innovative two-phase
Electric-Power- framework with data
Consumption cleansing and a deep
(IHEPC) dataset residual CNN
and Pennsylvania- | architecture to extract
New Jersey- spatial features and
Maryland (PJM) then a stacked LSTM
dataset to capture temporal
patterns. The model
reduced the error
rates significantly
across IHEPC and
PJM datasets.
(Jung et. al., | Transfer learning with deep Monthly electric The proposed model
2020) neural networks, Pearson load data for 25 based on transfer
correlation coefficient, pre- districts in Seoul, | learning, outperforms
training, and fine-tuning. categorized into existing machine-
household, public, | learning models.
industrial, service, | Improved
and total performance was
noted in mid-term
load forecasting.
(Fan et. al., SVR - Grey Catastrophe - RF | Half-hour load The proposed SVR-
2021) modeling data for New GC-RF hybrid model

South Wales,
Australia (2007)
from the
Australian Energy
Market Operator

for planning for
electricity
consumption.
Outperformed
individual models
(SVR, RF) with
MAPE of 6.35% and
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6.21% in two
datasets.

(Memarzadeh
and Keynia,
2021)

Wavelet transform to

eliminate fluctuations, feature
selection based on entropy
and mutual information, and
LSTM neural networks for
load and price prediction.

Load and price
data from the
Pennsylvania-New
Jersey-Maryland
(PJM) electricity
market, Spain
electricity market,
and Iran load data.

The proposed hybrid
model significantly
improved the
accuracy of short-
term load and price
forecasting. The
MAPE for load
forecasting is reduced
to an average of 0.40,
and the MAPE for
price forecasting is
reduced to an average
of 0.93.

(Hu et. al.,
2022)

Hybrid mode decomposition

algorithms based

Electricity load
data from
industrial
enterprises.

The dynamic
integrated forecasting
model achieved an
accuracy as high as
99% in predicting
short-term electricity
loads. The model
provides a reliable
basis for optimizing
production scheduling
by identifying
anomalies.

(Haque and
Rahman,
2022)

LSTM-RNN

Two commercial
buildings in
Virginia, USA

The study presents an
optimized LSTM-
RNN model for 30-
minute and 24-hour
ELF, incorporating
heuristic analysis for
feature and
hyperparameter
selection
implementation via
TensorFlow for
scalable cloud
integration.

(El-Azab et.
al., 2024)

FFNN, Adaptive Neuro-
Fuzzy Inference System
(ANFIS), LSTM, and GRUs

ISO New England
Control Area
Market, from 1
January 2021 to 31
December 2021

The study concludes
that forecasting
models incorporating
external factors such
as temperature, day
type, and historical
data achieve more
accurate predictions
with lower errors,
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with ANFIS, ANN,
LSTM, and GRU
excelling across
seasons for energy
load and electricity
price predictions,
particularly under
non-linear, fluctuating
market conditions.

(Lee and
Cho, 2022)

Seasonal ARIMA with
exogenous variables
(SARIMAX), ANN, SVR,
LSTM, SARIMAX-ANN,
SARIMAX-SVR, and
SARIMAX-LSTM

Korea, from 1
January 2014 to 19
October 2019

The study concludes
that LSTM-based
models, both in single
and hybrid
SARIMAX-LSTM
forms, outperform
traditional time series
models in forecasting
electricity peak loads
in Korea,
demonstrating
superior accuracy,
especially in handling
sharp fluctuations,
and suggesting
significant
improvement
potential for Korea's
current forecasting
models.

(Behmiri et.
al., 2023)

Time-series regressions and
FFNNs

Italian Power
Exchange, from 1
January 2016 to 31
December 2019

The study reveals that
while accurate
weather predictions
significantly improve
STLF, incorporating
forecasted
temperatures in mid-
term models is
beneficial but yields
diminishing returns,
emphasizing the
importance of static
models with seasonal
and external variables
for longer-term
forecasting.
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The diverse methodologies for ELF underscore the continuous advancements and refinements
in this vital field. DL models such as CNN, LSTM, GRU, and BiLSTM have significantly
improved forecasting capabilities by effectively capturing spatial and temporal dependencies
within complex datasets. Furthermore, hybrid approaches have shown notable improvements
by merging the strengths of individual models to address the multifaceted nature of load
forecasting. Each method offers unique benefits and insights, contributing to the ultimate goal
of achieving more accurate, reliable, and scalable load predictions. This comprehensive review
highlights the importance of ongoing innovation and the potential for integrating advanced

techniques to meet the evolving demands of ELF.

26



3. MATERIALS AND METHODS

3.1. MATLAB/Simulink Dynamic Model

The MATLAB/Simulink model is presented in Figure 3.1. showcases an integrated power
system that combines multiple renewable energy sources with various load profiles over 24
hours. The present Matlab/Simulink model includes an 8 MW photovoltaic (PV) array that
converts solar irradiance into energy, a 5 MW wind farm that receives wind profile data, and
finally, a 30 MW hydroelectric power plant that provides powerful base load. The high-voltage
electrical power produced must be step-downed by a transformer (34.5kV/380V) to properly
distribute against diverse loads like lighting, residential, industry, agriculture, and commercial
applications. The aggregate powers of these profiles are used in the model to determine the total
load, while the outputs of the renewable sources will be summed out to form the aggregate
power. The model is developed in MATLAB/Simulink to allow for very detailed dynamic
analyses, testing of scenarios by changing inputs, and optimization for greater efficiency and
sustainability. Such dynamic simulation model representation supports the development of
efficient and sustainable energy systems by modeling the generation, distribution, and

consumption of power.

Agriculture
Load

WS | Total Load
Residential Load and
Industrial Load

PV Array Total Power

I

Transformer
34.5kV/380V

Loads-Power

-

*
Hydroelectric Power Plant

Lightning Load Commercial Load

Figure 3.1. The power system incorporating multiple renewable energy sources and diverse
load profiles.
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This model begins with critical solar irradiance data since it forms one of the inputs without
which the performance of the PV array cannot be simulated. Irradiance data changes all through
the day and hence affects the power output of the PV panels. The 8 MW installed capacity PV
array will convert the sun's energy into electrical power and thereby effectively harness
renewable energy from the sun and inject it into the power grid. This power produced is then
fed into the various loads in the system. Similarly, data for the wind profile, which shows the
speed of the wind in 24 hours, is employed in the model to impact the power output of the wind
farm, which is different by the condition of the wind. The 5SMW wind farm has turbines installed
to trap the wind to the electrical power and further feed into the grid to supply the different load
demands.

In the model, the 30 MW installed capacity hydroelectric power plant provides a more stable
and controllable kind of power vis-a-vis the variable nature of solar and wind power. An
essential part of the model is a transformer, which steps down the high-voltage electricity being
generated by renewable sources into a voltage that is safe and fit for distribution. This ensures
that residential, commercial, and industry consumers use power safely and efficiently. It
consists of a model with load profiles of the lighting, residential, industry, agriculture, and
commercial demands. The agriculture loads represent the power consumed in these various
activities—irrigation, and machinery that change with the time of the day and the season. The
residential load consists of all household appliances for heating and lighting. Industry loads
pertain to the use of machinery and production processes. In contrast, commercial loads are
indicative of shop, office, and restaurant power uses, with a typical peak during business hours
that visibly wanes at night. The lighting load pertains to the street and public lighting

requirements.

The total system load is the sum of these load profiles, representing the aggregate power
demand that needs to be met through the combined output of the renewable sources. It then
sums up the power outputs from the hydroelectric plant, PV array, and wind farm to get the
total power generated. The addition should be enough to satisfy a steady power demand. This
model is elaborately set up in the MATLAB/Simulink environment to get deep analysis and
visualization of the power system dynamic results over a day. The results can be used to
simulate the performance and reliability of renewable energy sources, power distribution

efficiency, and power supply adequacy. A base model is developed in which scenario testing is
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done with corresponding inputs of solar irradiance, wind speed, load profiles, etc. These
become helpful in accepting the changes or variations in power systems. Findings from such
simulations may inform optimization efforts, such as adding more renewable energy sources or

improving load management and infrastructure components.
3.2. Data source and preparation

The dataset will be used in this thesis study for electricity load forecasting by the sector loads.
The Republic of Tiirkiye Energy Market Regulatory Agency monthly report under the title
"Electricity Market Monthly Sector Report” provides information about electricity
consumption data by the sectors of lighting, residential, industry, agriculture, commercial, and
total load. It is from January 2016 to December 2023, providing the user with a very wide
temporal framework in which to analyze trends and predict future electricity demand (Republic

of Tiirkiye Energy Market Regulatory, 2024).

It chose the data source variable for its authoritativeness and consistency in reports by EMRA,
the documents are reliable due to the implementation of standardized compilation methods and
detailed insight into electricity consumption patterns by sector. The analysis in this thesis has
focused on the sectoral data level to make the realization of a granular level of insight in the

design of an accurate forecasting model of electricity load variation.

Data preparation included extracting monthly electricity load entries from the EMRA monthly
reports and digitizing the information in a way acceptable for analysis. Monthly electricity
consumption for each sector was placed in a time-series format and is now fit to be used in
forecasting models. The next step was handling missing or inconsistent data entries. Data was
normalized to equalize electricity load value variances in all sectors to enable each model, more
so the sensitive models to the scales of input data like CNN-LSTM, to be on a level playing
field in comparisons of the electricity consumptions from each sector; this also helps the model

to stabilize and converge during training.

To prepare the data for the CNN-LSTM model, the time-series data was segmented into
overlapping windows, each representing a sequence of past electricity load values used to
predict future values. The sliding window approach was adopted, where each window included

a fixed number of past observations as input features and the subsequent observation as the
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target variable. This method captures the temporal dependencies within the data, which are
crucial for the CNN-LSTM architecture to accurately learn and predict future electricity loads.
The dataset was split into training and testing sets. The model was trained using the first 78
months of data (January 2016 to June 2022) and tested on the last 18 months (July 2022 to
December 2023).

3.3. Long Short-Term Memory (LSTM)

LSTM is a specialized type of RNN architecture designed to effectively capture and learn long-
range dependencies in sequential data. Developed by Sepp Hochreiter and Jurgen Schmidhuber
in 1997, LSTMs address the limitations of traditional RNNs, which often struggle to retain
information over long sequences due to problems such as vanishing and exploding gradients.
Unlike standard FFNNs, LSTMs feature feedback connections that allow them to process entire
sequences of data rather than individual data points. Through a series of gating mechanisms,
LSTMs can regulate the flow of information, enabling them to preserve and utilize significant
information over extended periods. Figure 3.2. presents the architecture of an LSTM neural

network.
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Figure 3.2. The general architecture of LSTM neural network.

An LSTM cell comprises three primary gates: the input gate, the forget gate, and the output
gate, illustrated in Figure 3.3., Figure 3.4., and Figure 3.5., respectively. These gates manage
the cell state, which functions as the network's memory. The input gate determines which new
information should be incorporated into the cell state, the forget gate decides which information

should be removed, and the output gate regulates the output based on the cell state and the
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current input. This gating mechanism allows LSTMs to selectively update their memory,
enabling them to learn dependencies in sequences of data that span long durations.

N

Figure 3.3. The input gate of the LSTM neural network.
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Figure 3.4. The forget gate of LSTM neural network.
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Figure 3.5. The output gate of the LSTM neural network.

The functioning of an LSTM unit can be explained through a series of equations below that

dictate how the gates update and interact with each other:

fi = o(Wr. [ye—1, Xc] + by) (3.1)
i, = oWy [ye_1, %] + by) (3.2)
C, = tanh(We. [ye_1, x¢] + by) (33)
Co=fi*Coq+ i *C, (3.4)
0¢ = (W,. [ye—1, %] + bo) (3.5)
Y¢ = 0, * tanh(C,) (3.6)

Here, f; represents the forget gate's activation vector at time t, o denotes the sigmoid function,
Wy are the weights associated with the forget gate, y;_, is the previous output, x, is the current
input, and by is the bias. i, is the input gate's activation vector, C, is the candidate values vector,
computed by applying a tanh function. The cell state C; is updated by forgetting the old state
C;—, as dictated by f; and adding new candidate values scaled by i;. o, is the output gate's

activation vector, and y; is the final output of the LSTM unit at time ¢.

One of the primary strengths of LSTM networks is their capability to effectively manage
various sequence prediction problems. In ELF, where historical data is essential for predicting

future load, LSTMs excel due to their ability to retain information over extended periods. They
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have been extensively used in fields such as natural language processing (NLP), speech

recognition, and time series forecasting.

In NLP, for instance, LSTMs are employed in tasks like language modeling, text generation,
and machine translation. Their proficiency in capturing long-term dependencies makes them
particularly adept at understanding context in text, where the meaning of a word can depend on
words that appeared much earlier. Beyond NLP, LSTMs are also crucial in speech recognition.
Speech signals are sequential by nature, and LSTMSs’ ability to model long-term dependencies

aids in accurately transcribing spoken language.

Moreover, in time series forecasting, LSTMSs can discern patterns and trends from historical
data, making them effective for predicting future values in domains such as financial markets,
weather forecasting, and other areas where data points are temporally correlated. Despite their
powerful sequence-handling capabilities, LSTMs do pose challenges, such as being
computationally intensive and sensitive to hyperparameter settings, including the number of
LSTM layers and units, learning rate, and batch size. Additionally, the accuracy of forecasting

can be significantly influenced by how well the training data represents future conditions.
3.4. Convolutional Neural Network (CNN)

CNNs are specialized kinds of neural networks used primarily for processing grid-like data such
as images. They have been a fundamental force behind advancements in DL, especially in tasks
like image and video recognition, image classification, and natural language processing
(Krichen, 2023). A CNN typically consists of an input layer, an output layer, and multiple
hidden layers. The hidden layers of a CNN typically involve a series of convolutional layers
that convolve with multiplication or other dot products. The activation function is commonly
Rectified Linear Unit (ReLU). Pooling layers, fully connected layers, and normalization layers
are also frequently used components of CNNs as shown in Figure 3.6. The core building block
of a CNN is the convolutional layer that applies a convolution operation to the input, passing
the result to the next layer. This layer performs a dot product between the convolutional filter
and a small region of the input data. Through training, CNNs learn filters that activate when
they detect some specific type of feature at some spatial position in the input. Pooling (or
subsampling or down-sampling) reduces the dimensionality of each feature map but retains the

most important information. Pooling layers typically use max pooling or average pooling
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techniques to streamline the underlying computations necessary for processing data through
dimensionality reduction. Activation functions such as ReLU introduce non-linear properties
to the system. ReLU is favored in CNN architectures due to its computational simplicity and
ability to reduce vanishing gradient problems. CNNs automatically detect important features
without any human supervision. For instance, in an image recognition task, a CNN might learn
to identify edges in its early layers, shapes in middle layers, and specific objects in deeper
layers. This hierarchical feature learning is key to their performance. Beyond image processing,
CNNs are widely used in recommendation systems, image classification, medical image

analysis, natural language processing, and other areas of artificial intelligence.
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Figure 3.6. Primary functions of a standard CNN architecture.
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While CNNs are highly effective, they also present challenges, including the requirement for
large amounts of labeled data, susceptibility to adversarial attacks, and the high computational
cost of training extensive networks. To mitigate these issues, techniques such as data

augmentation, transfer learning, and network pruning are employed. Recent advancements in
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CNN architectures include the development of Capsule Networks, which aim to enhance the
encoding of spatial hierarchies between features, and the integration of attention mechanisms,

which help the network focus on relevant features more effectively (Patrick et. al., 2022).
3.5. CNN-LSTM Hybrid Model

The CNN-LSTM hybrid model is an innovative neural network architecture that merges the
strengths of CNN and LSTM networks. This approach effectively combines CNN's feature
extraction abilities with LSTMs' sequential processing capabilities, making it particularly
suitable for tasks involving both spatial and temporal data. In the realm of ELF, this hybrid
model can discern patterns in historical load data and provide accurate predictions for future
loads.

The integration of CNN and LSTM into a single hybrid model seeks to leverage the
complementary strengths of both architectures. Typically, CNNs serve as the front end to
extract high-level spatial features from input data. These features are then fed into the LSTM
network, which processes the temporal sequences and dependencies. This hybrid model
surpasses traditional and standalone models by handling large and complex datasets more
efficiently, thanks to CNNs' robust feature extraction. Additionally, the LSTM component
ensures that temporal dependencies are captured, which is crucial for time series prediction
tasks. As a result, the model is both powerful and flexible, capable of learning intricate patterns

and making precise predictions.

The hybrid model begins with a CNN layer that processes the input time series data to identify
local patterns and trends. The input data is structured with a 12-step lag, representing 12 months
of past load data, aimed at capturing seasonal patterns and other temporal dependencies. The
CNN layer's primary function is to identify significant features from these sequences, which
are then passed to the LSTM layers. The CNN component consists of one convolutional layer
that uses filters to convolve over the input time series, identifying key features that represent
local dependencies in the data. The output from the CNN layer is a set of feature maps, crucial

for understanding variations and trends in the electricity load data.

To prevent overfitting, dropout is applied with a rate of 0.5, which randomly sets a fraction of

input units to zero during training. Following the CNN layer, the feature maps are fed into an
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LSTM layer with 60 neurons. This LSTM layer is designed to capture long-term dependencies
and temporal correlations in the time series data, essential for accurate forecasting. LSTMs are
particularly effective in handling time series data due to their ability to maintain and update a
cell state, which stores long-term information across time steps. The combination of CNN and

LSTM enables the model to capture both local and global patterns in the data.

To further enhance the model's generalization capability and prevent overfitting, dropout
regularization is employed. With a dropout rate of 0.5, half of the neurons in the layer are
randomly dropped during each training iteration. This technique prevents the model from
becoming too reliant on specific neurons, thereby improving its ability to generalize to unseen
data. Dropout is a critical regularization method in DL models, especially in preventing

overfitting in complex architectures like the CNN-LSTM hybrid model.

The model is trained using the first 78 months of the dataset (January 2016 to June 2022) and
tested on the last 18 months (July 2022 to December 2023). The training process involves
optimizing the model parameters to minimize the forecasting error on the training data. A batch
size of 64 is used, which means that the model parameters are updated after processing 64
sequences at a time. This batch-wise training helps in efficiently managing the computational
resources and accelerates the training process. The model is trained for 250 epochs, allowing

sufficient iterations for the model to learn the underlying patterns in the data.

The CNN-LSTM hybrid model represents a significant advancement in DL, offering a robust
solution for tasks involving both spatial and temporal data. Its application in ELF demonstrates
its potential to revolutionize this critical field by providing more accurate and reliable

predictions.
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4. RESULTS AND DISCUSSIONS

4.1. Simulation Results for Dynamic Model

The simulation results from Matlab/Simulink provide a detailed analysis of power generation
and load distribution over 24 hours. Figure 4.1. features five distinct power profiles: Total Load
(Red), Total Power (Blue), Hydroelectric Power (Orange), Solar Power (Green), and Wind
Power (Black). Each profile provides important insights into the dynamics of power production

and consumption within the simulated environment.

Total Load (Red), Total Power (Blue), Hydroelectric (Orange), Solar (Green), Wind (Black)

I/ﬁ/x/f’\t § .

Power (MW)

Time (sec) <10

Figure 4.1. The active power results of the dynamic model.

The red line in the graph represents the total load, which fluctuates throughout the day, showing
several peaks and troughs that indicate periods of high and low demand. These fluctuations
likely stem from varying demands across the agriculture, residential, industry, commercial, and
lighting sectors. Notable peaks occur around the midpoints of the simulation period, suggesting
higher demand during working hours or periods of increased activity. The blue line,
representing total power, closely follows the total load curve with slight deviations. This
indicates that the power generation system responds to load demands but may also have some
buffering capacity or storage to smooth out these deviations. The close alignment of total power
with total load highlights the effectiveness of the power management system in matching

generation to demand.
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The orange line, depicting hydroelectric power, shows significant variability throughout the
day. Hydroelectric output generally increases during high load periods, indicating its role as a
primary source of dispatchable power to meet peak demands. However, there are also periods
when hydroelectric output drops significantly, possibly due to resource constraints or strategic
power management decisions. Solar power generation, represented by the green line, follows a
clear diurnal pattern, peaking at midday when sunlight is most abundant. With an installed
capacity of 8 MW, the graph shows that solar power output reaches near this maximum capacity
around noon. This pattern underscores the predictable nature of solar power but also highlights

its dependence on daylight, with zero output at night.

Wind power, shown by the black line, exhibits a more erratic pattern compared to solar power.
With an installed capacity of 5 MW, wind power generation varies significantly throughout the
day, reflecting the intermittent nature of wind resources. There are periods where wind power
output peaks, contributing significantly to total power, and other times where it drops to
minimal levels. This variability is typical of wind energy and underscores the need for

complementary power sources or storage to ensure a reliable power supply.

The interplay between these different power sources and the total load reveals a complex and
dynamic power system. The combined contributions of hydroelectric, solar, and wind power
are managed to effectively meet the fluctuating load demands. During high load periods,
hydroelectric power ramps up, while solar and wind contributions are maximized according to
their availability. During lower load periods, hydroelectric output is reduced, possibly to
conserve water resources or due to lower demand. The ability to balance these power sources
is crucial for maintaining grid stability and ensuring a continuous power supply. The simulation
results demonstrate the importance of having a diverse mix of power generation sources. Each
source has its strengths: hydroelectric power provides reliable, dispatchable power; solar power
offers predictable daytime generation; and wind power adds additional capacity, albeit with
variability. The Matlab/Simulink simulation results provide a detailed view of how different
power generation sources can be effectively managed to meet varying load demands over 24

hours.
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4.2. The Results of CNN-Based Electricity Load Forecasting

The CNN model has been implemented to forecast sectoral electricity load in Adana, Mersin,
and Antalya provinces. The prediction performance of the proposed CNN model over test data
for the sectoral electricity load in Adana, Mersin, and Antalya provinces is presented in Figures
4.2-4.7. Figures 4.8-4.13 provide linear regression graphs of the CNN model for the lighting,
residential, industry, agriculture, commercial, and total load, respectively. The results indicate
that the CNN model provides low-accurate and reliable forecasts for different sectors according
to LSTM and CNN-LSTM, demonstrating its deficiency in capturing complex patterns in

electricity consumption data.
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Figure 4.2. Prediction performance of the proposed CNN model over test data for the lighting

load in (a) Adana, (b) Mersin, and (c) Antalya provinces.
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Figure 4.4. Prediction performance of the proposed CNN model over test data for the industry
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Figure 4.5. Prediction performance of the proposed CNN model over test data for the
agriculture load in (a) Adana, (b) Mersin, and (c) Antalya provinces.
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Figure 4.6. Prediction performance of the proposed CNN model over test data for the

commercial load in (a) Adana, (b) Mersin, and (c) Antalya provinces.
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Figure 4.7. Prediction performance of the proposed CNN model over test data for the total load
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Figure 4.9. Linear regression graphs of the proposed CNN model for the residential load in (a)

Adana, (b) Mersin, and (c) Antalya provinces.
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Figure 4.10. Linear regression graphs of the proposed CNN model for the industry load in (a)

Adana, (b) Mersin, and (c) Antalya provinces.
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Figure 4.13. Linear regression graphs of the CNN model for the total load in (a) Adana, (b)

Mersin, and (c) Antalya provinces.

The CNN model used in this study exhibits low accuracy in forecasting electricity loads across
different sectors in Adana, Mersin, and Antalya provinces. The model's performance is
particularly weak in capturing the variability and dynamics of the actual load data, as evidenced
by the significant discrepancies in both the forecast results and linear regression analyses. These
findings suggest that further refinement of the model's architecture, training process, and
perhaps the inclusion of additional features or more comprehensive training data may be

necessary to improve its predictive capabilities.
4.3. The Results of LSTM-Based Electricity Load Forecasting

The LSTM model has been employed to predict the electricity load for various sectors in Adana,
Mersin, and Antalya. The findings reveal that, compared to the CNN model, the LSTM model
produces more accurate and reliable forecasts for different sectors. The prediction performance
of the proposed LSTM model over test data for the sectoral electricity load in Adana, Mersin,
and Antalya provinces are presented in Figures 4.14-4.19. Figures 4.20-4.25 provide linear

regression graphs of the LSTM model for the lighting, residential, industry, agriculture,
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commercial, and total load, respectively. These graphs plot the predicted load against the actual
load, offering a clear visual representation of the model's performance. The regression lines in

each figure are close to the ideal line, indicating a high level of predictive accuracy.
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Figure 4.16. Prediction performance of the proposed LSTM model over test data for the
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Figure 4.17. Prediction performance of the proposed LSTM model over test data for the

agriculture load in (a) Adana, (b) Mersin, and (c) Antalya provinces.
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Figure 4.19. Prediction performance of the proposed LSTM model over test data for the total

load in (a) Adana, (b) Mersin, and (c) Antalya provinces.
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Figure 4.20. Linear regression graphs of the LSTM model for the lighting load in (a) Adana,
(b) Mersin, and (c) Antalya province.
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Figure 4.21. Linear regression graphs of the proposed LSTM model for the residential load in

(a) Adana, (b) Mersin, and (c) Antalya provinces.
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Figure 4.24. Linear regression graphs of the LSTM model for the commercial load in (a)

Adana, (b) Mersin, and (c) Antalya provinces.
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Figure 4.25. Linear regression graphs of the LSTM model for the total load in (a) Adana, (b)

Mersin, and (c) Antalya provinces.

75



The LSTM model shows superior performance in forecasting sectoral electricity loads
compared to the CNN method. This results in improved forecasting accuracy, as demonstrated
by the lower error metrics and closer alignment between predicted and actual values in the
LSTM results. Its ability to accurately predict load across various sectors highlights its potential
for application in real-world energy management and planning. The next section presents a

hybrid model to further enhance forecasting accuracy.
4.4. The Results of hybrid CNN-LSTM-Based Electricity Load Forecasting

The CNN-LSTM model combines the feature extraction capabilities of CNN with the sequence
learning abilities of LSTM to forecast sectoral electricity load in Adana, Mersin, and Antalya
provinces. The Results of the CNN-LSTM hybrid model present for different sectors,
demonstrate the model's accuracy and reliability. The prediction performance of the proposed
CNN-LSTM model over test data for the sectoral electricity load is presented in Figures 4.26-
4.31. Figures 4.32-4.37 show the CNN-LSTM hybrid model's forecast results for the sectoral

electricity in Adana, Mersin, and Antalya provinces.

1.4 x 10
’ CNN-LSTM
—Real Data

1.3~
=
E 1.2 -
=
=
£
=1.1-
w2
=
S
Q
[=14]
g 1r
=
20
—

0.9 —

0.8 | | | | | | | |

0 2 4 6 8 10 12 14 16 18
Time (months)
(a)

76



=
n

CNN-LSTM
—Real Data

= = = =
- o (3 =
\ T \ \

Lighting Consumption (MWh)
p—
\

0.9 -

0.8 | | | | |
0 2 4 6 8 10 12 14 16 18

Time (months)
(b)

23 x10

Lighting Consumption (MWh)
p— . it it [}
=N Q ] ) o —
T I I T I I

[

.

7]
T

CNN-LSTM|
‘ —Real Data

!
8 10 12 14 16 18
Time (months)

p—
.
=

<

N -

-

& -

(©
Figure 4.26. Prediction performance of the proposed CNN-LSTM model over test data for the
lighting load in (a) Adana, (b) Mersin, and (c) Antalya provinces.
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Figure 4.27. Prediction performance of the proposed CNN-LSTM model over test data for the

residential load in (a) Adana, (b) Mersin, and (c) Antalya provinces.
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Figure 4.28. Prediction performance of the proposed CNN-LSTM model over test data for the

industry load in (a) Adana, (b) Mersin, and (c) Antalya provinces.
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Figure 4.29. Prediction performance of the proposed CNN-LSTM model over test data for the

agriculture load in (a) Adana, (b) Mersin, and (c) Antalya provinces.
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Figure 4.30. Prediction performance of the proposed CNN-LSTM model over test data for the

commercial load in (a) Adana, (b) Mersin, and (c) Antalya provinces.
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Figure 4.31. Prediction performance of the proposed CNN-LSTM model over test data for the

total load in (a) Adana, (b) Mersin, and (c) Antalya provinces.
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Figure 4.32. The CNN-LSTM maodel's forecast results for the lighting load in (a) Adana, (b)

Mersin, and (c) Antalya provinces.
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Figure 4.33. The CNN-LSTM model's forecast results for the residential load in (a) Adana, (b)
Mersin, and (c) Antalya provinces.
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Figure 4.34. The CNN-LSTM model's forecast results for the industry load in (a) Adana, (b)

Mersin, and (c) Antalya provinces.

89



x 10

Agriculture Consumption (MWh)
- N w
—_ n %) n W n
I I I I I I

e
tn
\

V/ | ‘/

—CNN-LSTM
—Real Data

10 20 30 40 50
Time (months)

(a)

60

70 80

Agriculture Consumption (MWh)
i (3] @
—_ tn ®) in (3 i I
T T T T T T T

g
tn
T

<
T

\

Wi \ 7

—CNN-LSTM
|—Real Data

=]

10 20 30 40 50
Time (months)

(b)

90

70 80



x 10

35F -
=

2 |
=
S

2251 N
E
2

S 2+ i
@)
<]
—
g

=15

&
=
>

1 [ -

CNN-LSTM

05 | ‘ ‘ ‘ ‘ | |——Real Data
0 10 20 30 40 50 60 70 80
Time (months)
(©)

Figure 4.35. The CNN-LSTM model's forecast results for the agriculture load in (a) Adana, (b)

Mersin, and (c) Antalya provinces.
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Figure 4.36. The CNN-LSTM model's forecast results for the commercial load in (a) Adana,

(b) Mersin, and (c) Antalya provinces.
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Figure 4.37. The CNN-LSTM model's forecast results for the total load in (a) Adana, (b)

Mersin, and (c) Antalya provinces.

Figures 4.38 — 4.43 provide linear regression graphs of the CNN-LSTM model for the lighting,

residential, commercial, and total load sectors for Adana, Mersin, and Antalya provinces.
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Figure 4.38. Linear regression graphs of the CNN-LSTM model for the lighting load in (a)
Adana, (b) Mersin, and (c) Antalya provinces.
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Figure 4.39. Linear regression graphs of the proposed CNN-LSTM model for the residential
load in (a) Adana, (b) Mersin, and (c) Antalya provinces.
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Figure 4.40. Linear regression graphs of the proposed CNN-LSTM model for the industry load

in (@) Adana, (b) Mersin, and (c) Antalya provinces.
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Figure 4.41. Linear regression graphs of the proposed CNN-LSTM model for the agriculture

load in (a) Adana, (b) Mersin, and (c) Antalya provinces.
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Figure 4.42. Linear regression graphs of the CNN-LSTM model for the commercial load in (a)
Adana, (b) Mersin, and (c) Antalya provinces.
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Figure 4.43. Linear regression graphs of the CNN-LSTM model for the total load in (a) Adana,

(b) Mersin, and (c) Antalya provinces.

The results of the CNN-LSTM-based forecast have shown that such models often outperform
standalone models by leveraging the strengths of both components. In this context, the CNN-
LSTM model's superior performance is evident from the lower error metrics and closer

alignment between predicted and actual values.
4.5. Comparison Results for Forecasting Models

Error metrics, which can also be known as performance or evaluation metrics, set the standard
of performance measurement for a model or an algorithm's performance. These metrics help
evaluate the accuracy of the model and point to the distance between what the model predicts
and what is actual. RMSE measures the average magnitude of the error between predicted and
observed values. It is obtained by squaring the errors before averaging, which gives more
weight to more significant errors than to smaller ones. R?> measures the proportion of the
variance in the dependent variable that is predictable from the independent variables, indicating
the goodness of fit of a model. MAPE is computed as the mean of the absolute percentage error
between the forecasted and observed values. Therefore, it states the errors in the form of
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percentage errors. MAE measures the average magnitude of mistakes between the forecasted
data and the corresponding actual values. It takes the average absolute differences between the
predicted and actual values. These two metrics are commonly used in the assessment of
regression model performance. RMSE and MAE give a scale of the errors in general, R? shows
how well the model describes the variance in the data, and MAPE provides the error with a
percentage independent of scale.

1 n
RMSE = =3 (3= 9,)?
n =1

X —9)° (4.2)
=1 (i = ¥1)?

100% "
MAPE = Z
n i=1

(4.1)

R? =

Yi— yi| (4.3)
Yi

1n R 4.4
MAE=—Z lyi — ¥il (4.4)
n i=1

Where y; is the actual values, y; is the predicted values, n is the number of observations, y; is
the mean of actual values. The comparison of ELF results using CNN, LSTM, and CNN-LSTM
models for sectoral loads in Adana, Mersin, and Antalya provinces demonstrates varying
degrees of accuracy and regression performance across different load types. Tables 4.1.-4.9.

present the RMSE, R?, MAPE, and MAE results for the CNN, LSTM, and CNN-LSTM hybrid
models.

Table 4.1. The RMSE, R?, MAPE, and MAE results of the ELF using CNN in Adana province.

Load Types RMSE R? MAPE MAE

Lighting load 3153,3386 0,3083106 6,2536702 6,9653290e+02
Residential load 32676,2852 0,8375292 4,2240462 6,5307559e+03
Commercial load 29628,6426 0,6827758 4,7077785 6,2172900e+03

Industry load 59663,6133 0,5052865 3,9056134 1,1689638e+04
Agriculture load 7309,5317 0,8927560 13,6913481 1,5923530e+03
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Total load

200231,4688

-0,2186025

6,0193000

3,8797918e+04

Table 4.2. The RMSE, R?, MAPE, and MAE results of the ELF using CNN in Mersin province.

Load Types RMSE R? MAPE MAE
Lighting load 1550,9291 0,8600320 2,9371853 3,2454532e+02
Residential load 53612,7227 0,4968218 7,7377014 1,0588509e+04
Commercial load 26016,1133 0,6714156 4,3431625 5,4855806e+03
Industry load 25727,3438 0,6879432 3,5017781 5,2502314e+03
Agriculture load 7435,1743 0,8889938 10,0125771 1,7227791e+03
Total load 70951,2266 0,7715765 3,7508671 1,6704305e+04

Table 4.3. The RMSE, R?, MAPE, and

MAE results of the ELF using CNN in Antalya

province.

Load Types RMSE R? MAPE MAE
Lighting load 4435,1875 0,5522256 4,5924015 8,3204755e+02
Residential load 93458,8984 0,4047631 7,7886930 1,5936195e+04
Commercial load 136382,1406 0,7770480 8,0422935 2,8341816e+04
Industry load 13183,3672 0,8567232 2,4550807 0,8841809e+03
Agriculture load 5811,1108 0,9062234 5,8765659 1,1294353e+03
Total load 166906,1406 0,8259758 4,6407099 3,5068617e+04

Table 4.4. The RMSE, R?, MAPE, and

MAE results of the ELF using LSTM in Adana

province.
Load Types RMSE R? MAPE MAE
Lighting load 816,1257 0,6949797 7,2636762 6,9358685e+02
Residential load 26974,1953 0,7520037 8,4455404 1,3556314e+04
Commercial load 10322,8721 0,6984719 8,5820656 1,0292930e+04

105



Industry load 25335,9316 0,7030990 5,9651284 1,6432322e+04
Agriculture load 4497,3027 0,8896065 30,5696487 2,7504065e+03
Total load 57040,3789 0,7496395 5,4391284 3,2125727e+04

Table 4.5. The RMSE, R? MAPE, and

MAE results of the ELF using LSTM in Mersin

province.

Load Types RMSE R? MAPE MAE
Lighting load 654,9219 0,8820130 5,4084330 5,2328186e+02
Residential load 22984,666 0,7844724 8,7680283 1,1769886e+04
Commercial load 9345,5605 0,7424074 7,8245707 8,7690264e+03
Industry load 9732,9961 0,7764751 6,1812716 8,3008223e+03
Agriculture load 3376,1777 0,9424170 19,4778366 2,2834526e+03
Total load 29700,416 0,8768755 4,5176053 1,9101965e+04

Table 4.6. The RMSE, R?, MAPE, and MAE results of the ELF using LSTM in Antalya

province.

Load Types RMSE R? MAPE MAE
Lighting load 2237,8721 0,4312101 10,2930288 1,5115740e+03
Residential load 47708,2227 0,6592131 10,8840399 2,2684658e+04
Commercial load 47607,3047 0,8700338 13,4804745 3,9566805e+04
Industry load 9445,9814 0,8148286 5,5420885 5,8333057e+03
Agriculture load 3946,0127 0,9217494 11,7450218 1,8009873e+03
Total load 92478,9375 0,8278958 8,3074617 5,9026840e+04
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Table 4.7. The RMSE, R?, MAPE, and MAE results of the ELF using CNN-LSTM in Adana
province.

Load Types RMSE R? MAPE MAE
Lighting load 784,8497 0,7174536 6,9727435 6,6457367e+02
Residential load 26687,2188 0,7557703 8,5075474 1,3597542e+04
Commercial load 9992,8525 0,7001768 8,4300776 1,0188844e+04
Industry load 24084,4629 0,7109403 5,8854604 1,6264480e+04
Agriculture load 3545,8887 0,9285597 24,364189 2,2497725e+03
Total load 56273,8555 0,7515222 5,4229064 3,2103158e+04

Table 4.8. The RMSE, R?, MAPE, and MAE results of the ELF using CNN-LSTM in Mersin
province.

Load Types RMSE R? MAPE MAE
Lighting load 623,5187 0,8879820 5,2009983 4,9254855e+02
Residential load 22557,7246 0,7879043 8,7012615 1,1670877e+04
Commercial load 8871,1572 0,7502817 7,8063021 8,6444512e+03
Industry load 9785,4404 0,7777996 6,1730299 8,3063271e+03
Agriculture load 3323,1958 0,9439582 19,4787598 2,2597283e+03
Total load 28675,9766 0,8703971 4,5925593 1,9424959e+04

Table 4.9. The RMSE, R?, MAPE, and MAE results of the ELF using CNN-LSTM in Antalya
province.

Load Types RMSE R? MAPE MAE

Lighting load 2189,6477 0,4432346 10,5106878 1,5210759e+03
Residential load 47140,1992 0,6592131 10,8963575 2,3375863e+04
Commercial load 46985,6875 0,8747633 13,7533712 3,8836883e+04

Industry load 9398,252 0,8114871 5,5767093 5,8568428e+03
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Agriculture load 3878,1665 0,9230694 11,4269714 1,7755262e+03

Total load 85409,6797 0,8376417 8,0522213 5,6931453e+04

The results of ELF using three different models for Adana province are as follows:
CNN Model

The lighting load has relatively high errors, indicating a lower prediction accuracy. The R?
value of 0,3083106 shows a moderate fit. For the residential load, the performance is slightly
better with an R? of 0,8375292. Commercial and industry loads show lower prediction accuracy
with R? values of 0,6827758 and 0,5052865, respectively. Agriculture load is predicted with
the highest accuracy among all load types, with an R? of 0,892756 and a very low RMSE

(7309,5317). The total load shows a negative R? value, indicating poor model performance.

LSTM Model

Improvement is observed across most load types. For lighting load, the R? is 0,6949797
showing better model fit compared to CNN. The residential load prediction improves
significantly. Commercial load shows a consistent R? value around 0,6984719, similar to CNN.
The industry load prediction is moderately better with an R? of 0,703099. Agriculture load
maintains high accuracy with an R? of 0,8896065. The total load shows better performance with
an R? of 0,7496395.

CNN-LSTM Hybrid Model

This hybrid model yields further improvements. The lighting load R? increases to 0,7174536.
The residential load shows the highest R? value among the three models at 0,7557703, with a
significant reduction in RMSE. Commercial and industry loads maintain similar accuracy levels
with slight improvements in R2. Agriculture load achieves the highest R? at 0,9285597. The
total load also shows improved performance (R%: 0,7515222).

The results of ELF using three different models for Mersin province are as follows:
CNN Model

The lighting load prediction is quite accurate with an R? of 0,860032. The residential load has
a lower R? of 0,4968218 and high MAPE. Commercial and industry loads show moderate
accuracy with R? values around 0,6714156 and 0,6879432, respectively. Agriculture load is
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well predicted with an R? of 0,8889938. The total load has an R? of 0,7715765, indicating a
good model fit.

LSTM Model

The lighting load R? improves to 0,882013. Residential load shows a significant increase in R?
to 0,7844724. Commercial and industry loads continue to improve in accuracy with R? values
of 0,7424074 and 0,7764751, respectively. Agriculture load achieves the highest R? at
0,942417. The total load R? increases to 0,8768755, indicating better overall performance.

CNN-LSTM Hybrid Model

Lighting load maintains high accuracy with an R? of 0,887982. Residential load shows further
improvement with an R? of 0,7879043. Commercial and industry loads continue to improve in
accuracy with R? values of 0,7502817 and 0,7777996, respectively. Agriculture load shows a
slight increase in R? to 0,9439582. The total load R? is 0,8703971, showing the best overall

model performance.
The results of ELF using three different models for Antalya province are as follows:
CNN Model

The lighting load prediction is less accurate with an R? of 0,5522256. Residential load has a
lower R? of 0,4047631 and high MAPE. Commercial load shows a better fit with an R? of
0,777048. Industry and agriculture loads have higher accuracy with R? values of 0,8567232 and
0,9062234, respectively. The total load shows good performance with an R? of 0,8259758.

LSTM Model

The lighting load R? drops to 0,4312101. Residential load shows significant improvement in R?
t0 0,6592131. Commercial load achieves a high R? of 0,8700338. Industry and agriculture loads
maintain high accuracy with R? values of 0,8148286 and 0,9217494, respectively. The total
load shows good performance with an R? of 0,8278958.

CNN-LSTM hybrid Model

The lighting load maintains similar accuracy with an R? of 0,4432346. Residential load shows

further improvement with an R? of 0,6592131. Commercial load achieves the highest R? among

the three models at 0,8747633. Industry and agriculture loads maintain high accuracy with R?
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values of 0,8114871 and 0,9230694, respectively. The total load R? is 0,8376417, showing the

best overall model performance.

Overall, the hybrid CNN-LSTM model outperforms the individual CNN and LSTM models
across most load types and provinces. Agriculture load is consistently predicted with high
accuracy across all models and provinces, indicating a more predictable pattern. Residential
and commercial loads generally show higher errors, possibly due to more variable consumption
patterns. The total load prediction accuracy improves significantly with the CNN-LSTM model,

showcasing its capability to handle complex load patterns.
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5. CONCLUSION

This thesis delves into ELF for Adana, Mersin, and Antalya provinces by utilizing advanced
deep learning models such as LSTM, CNN, and CNN-LSTM hybrid models. Using monthly
data from 2016 to 2023, the CNN-LSTM hybrid model can accurately capture consumption
patterns across various sectors, including lighting, residential, industry, agriculture,
commercial, and total load. The simulations conducted with Matlab/Simulink highlighted the
crucial role of precise load forecasting in ensuring grid stability and effective energy
management. The comparative analysis showed that while each deep learning model has its
strengths, the hybrid CNN-LSTM model was particularly effective in capturing detailed load
patterns. This research contributes to the field by demonstrating the potential of hybrid
modeling approaches in developing sophisticated forecasting models that can adapt to changing
consumption trends and significantly support sustainable energy planning. Future research
should focus on refining these models by incorporating additional data such as weather patterns,
economic indicators, and demographic changes, which can impact electricity demand.
Furthermore, integrating real-time data and exploring advanced hybrid modeling techniques
could improve predictive accuracy. Collaborations with utility companies could ensure that
forecasting models are aligned with practical energy management needs, promoting their
widespread adoption. Ultimately, future studies should aim to develop highly adaptive
forecasting systems capable of quickly responding to changes in consumption trends, thus
supporting sustainable energy management practices.
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