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1. Introduction 
The rapid advancement of digital technologies, communication networks, Internet of Things (IoT) 

devices, and intelligent monitoring systems has resulted in the generation of massive amounts of 

data across almost every scientific and industrial domain. These datasets are often characterized 

by their large size, high generation speed, heterogeneous structure, and continuously changing 

nature. Such data are commonly referred to as big data. Traditional data processing techniques are 

often unable to efficiently store, process, and analyse these datasets, creating a need for advanced 

computational methods and optimization techniques capable of extracting useful information from 

large-scale data environments [1],[2]. 

The concept of big data is generally described using the well-known 5V framework, which 

includes Volume, Velocity, Variety, Veracity, and Value. Volume refers to the enormous amount of 

generated data, velocity represents the speed at which data are produced and processed, variety 

reflects the presence of structured and unstructured data formats, veracity addresses data quality 

and reliability, and value represents the useful knowledge that can be extracted from data through 

analytical techniques [1], [2]. Because of these characteristics, big data analytics has become an 

important research area in healthcare, finance, transportation, manufacturing, telecommunications, 

and energy systems. 

Among these application domains, the energy sector has experienced one of the most significant 

transformations due to the introduction of smart grids and advanced digital infrastructures. Modern 

power systems continuously generate large volumes of operational information from smart meters, 

Supervisory Control and Data Acquisition (SCADA) systems, Phasor Measurement Units (PMUs), 

weather stations, and various Internet-of-Things devices [3]. These data sources produce 

continuous streams of information that can be used to improve system monitoring, operational 

planning, fault detection, demand management, and overall grid reliability. 

As a result, modern electrical power systems have evolved into highly data-intensive environments 

where efficient data analysis has become essential for maintaining reliable and economic 

operation. Big data technologies provide utilities and system operators with the ability to collect, 

store, process, and analyse these large datasets in real time, enabling more informed decision 

making and improved operational efficiency [3]. Consequently, big data analytics has become an 

important component of future smart grid development and intelligent energy management 

systems. 

One of the most important applications of big data analytics in power systems is Short-Term Load 

Forecasting (STLF). STLF aims to predict future electricity demand over short forecasting 

horizons ranging from several minutes to several days ahead. Accurate load forecasting plays a 

critical role in generation scheduling, unit commitment, energy trading, demand response 

programs, reserve allocation, and power system stability [4], [5]. Reliable forecasts enable utility 

companies to balance electricity generation and consumption more effectively while reducing 

unnecessary operational costs and minimizing energy waste. 

The importance of forecasting has increased further with the growing penetration of renewable 

energy sources such as solar and wind generation. Unlike conventional generation systems, 

renewable energy production is highly dependent on environmental conditions and introduces 

additional uncertainty into the electrical grid. Under these conditions, accurate forecasting 

becomes essential for maintaining grid stability and ensuring efficient utilization of available 

energy resources. Previous studies have shown that even small improvements in forecasting 

accuracy can lead to significant economic savings for utility companies operating large-scale 

power systems [6]. 
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Despite its importance, achieving highly accurate short-term load forecasting remains a 

challenging task. Electricity demand is influenced by numerous dynamic and interrelated factors 

including temperature, humidity, weather conditions, weekdays, weekends, holidays, industrial 

activities, population behaviour, and seasonal variations [7], [8], [9]. These variables create highly 

nonlinear and time-dependent relationships that are difficult to model using traditional forecasting 

approaches. 

Conventional forecasting techniques such as regression analysis, autoregressive integrated moving 

average (ARIMA), and exponential smoothing methods have demonstrated satisfactory 

performance in relatively stable and linear environments [7], [8], [9]. However, these methods 

often struggle to capture the nonlinear behaviour and complex dependencies present in modern 

electricity consumption data. Consequently, recent research has increasingly focused on the use of 

machine learning and deep learning methods that are capable of learning complex patterns directly 

from historical data. Machine learning models such as Random Forest, XGBoost, and LightGBM, 

together with deep learning architectures such as Long Short-Term Memory (LSTM) and 

Bidirectional Long Short-Term Memory (Bi-LSTM), have demonstrated considerable 

improvements in forecasting accuracy compared with conventional statistical methods 

[9],[10],[11]. Nevertheless, the performance of these models strongly depends on the quality of 

input features and the selection of suitable model hyperparameters. 

Feature engineering has therefore become an essential component of modern forecasting systems. 

Raw electricity load values alone are often insufficient for capturing temporal dependencies and 

hidden consumption patterns. Additional information derived from time, date, seasonality, weather 

conditions, and historical consumption behaviour can significantly improve the ability of 

forecasting models to learn meaningful relationships from data. Features such as rolling statistics, 

lag variables, time-of-day indicators, seasonal information, and expanding window statistics 

provide valuable contextual information that improves model performance and generalization 

capability [10]. Similarly, hyperparameter optimization plays an important role in achieving 

optimal forecasting performance. Forecasting models contain several configurable parameters that 

directly influence model behaviour, learning capability, convergence speed, and prediction 

accuracy. Manual parameter tuning is often computationally expensive, time-consuming, and 

highly dependent on user experience. As a result, automatic optimization techniques have become 

increasingly important in forecasting research. 

Nature-inspired metaheuristic optimization algorithms provide efficient mechanisms for exploring 

large and complex hyperparameter search spaces. Algorithms such as Genetic Algorithm (GA), 

Particle Swarm Optimization (PSO), and Ant Lion Optimization (ALO) have been successfully 

applied to various optimization problems in machine learning and energy forecasting applications 

[12], [13]. However, balancing exploration and exploitation while avoiding local optima remains 

an important challenge for many optimization methods. Although substantial progress has been 

achieved in recent years, several research gaps still remain in the field of short-term load 

forecasting. Many existing studies focus on a single forecasting model, a single optimization 

strategy, or one specific dataset, limiting the generalizability of the obtained results. Furthermore, 

only a limited number of studies have investigated the combined effect of feature engineering, 

metaheuristic optimization, and multi-regional evaluation within a unified forecasting framework. 

The majority of studies also rely on traditional optimization methods, while newly developed 

metaheuristic algorithms remain largely unexplored in STLF applications. 

Motivated by these research challenges, this dissertation investigates optimization methods for big 

data processing in the context of short-term electric load forecasting. The proposed research 

combines advanced feature engineering, machine learning and deep learning forecasting models, 

and metaheuristic optimization techniques within a unified evaluation framework. Particular 

attention is given to the application of the Polar Bear Optimization algorithm for hyperparameter 

tuning and the validation of the proposed methodology across multiple regional electricity load 

datasets. The overall objective is to improve forecasting accuracy, increase model robustness, and 
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contribute to the development of intelligent and efficient forecasting solutions for future smart grid 

environments. 

2. Dissertation Objectives 
The main objective of this dissertation is to develop and validate an accurate, reliable, and 

computationally efficient framework for short-term electric load forecasting using advanced 

feature engineering techniques, machine learning and deep learning forecasting models, and 

metaheuristic optimization methods. The proposed framework aims to improve forecasting 

accuracy while maintaining robustness and adaptability across different regional electricity load 

datasets. 

Electricity demand is influenced by multiple factors including weather conditions, seasonal 

variations, calendar effects, consumer behavior, and historical consumption patterns. 

Consequently, forecasting models require both informative input features and properly optimized 

model parameters to achieve high predictive performance. This research therefore combines 

feature engineering, forecasting model development, and hyperparameter optimization within a 

unified experimental framework. 

Another important objective of this research is to provide a comprehensive comparative analysis 

in which different datasets, forecasting models, feature conditions, and optimization algorithms 

are evaluated under the same experimental conditions. Such an approach makes it possible to 

identify the influence of each component on forecasting performance and to develop more robust 

forecasting solutions for practical smart grid applications. 

The dissertation addresses the following research objectives. 

Objective 1: To examine the use of metaheuristic optimization methods for hyperparameter 

tuning in short-term electric load forecasting 

The first objective of this dissertation is to investigate the use of metaheuristic optimization 

algorithms for hyperparameter tuning of short-term electric load forecasting models. In this study, 

Genetic Algorithm (GA), Particle Swarm Optimization (PSO), Ant Lion Optimization (ALO), and 

Polar Bear Optimization (PBO) are applied to optimize the hyperparameters of Random Forest, 

XGBoost, LightGBM, and Bi-LSTM forecasting models. 

The purpose of this objective is to evaluate the influence of different optimization strategies on 

forecasting accuracy and model performance under a common experimental setting. The optimized 

models are compared using multiple forecasting performance metrics to identify suitable model 

and optimizer combinations for short-term load forecasting applications. 

The following steps were performed to achieve this objective: 

• Selection of forecasting models for hyperparameter optimization.  

• Identification of important hyperparameters for each forecasting model.  

• Definition of suitable hyperparameter search spaces.  

• Application of GA, PSO, ALO, and PBO optimization algorithms for model tuning.  

• Evaluation of optimized models using MAE, RMSE, MAPE, and R-squared metrics.  

• Comparison of model performance under different optimization strategies.  

• Analysis of the effect of optimizer selection on forecasting accuracy and model robustness.  

Objective 2: Investigation of the Role of Feature Engineering in Short-Term Load 

Forecasting 
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The second objective of this dissertation is to investigate the impact of feature engineering on 

forecasting performance in short-term electric load forecasting problems. Additional features are 

generated from the original electricity load datasets to represent temporal patterns, seasonality, 

time-of-day behavior, and historical consumption trends. 

The developed feature set includes temporal features, rolling statistical features, expanding 

window statistics, seasonal indicators, and time-of-day information. The forecasting models are 

evaluated using both basic input features and enhanced feature sets containing crafted features in 

order to determine the contribution of feature engineering to forecasting accuracy. 

The following steps were performed to achieve this objective: 

• Analysis of the original electricity load dataset attributes.  

• Extraction of temporal information from date and time variables.  

• Development of rolling and expanding statistical features.  

• Creation of seasonal and time-of-day indicators.  

• Preparation of forecasting datasets containing basic features and basic plus crafted features.  

• Training and evaluation of forecasting models under both feature conditions.  

• Analysis of the influence of feature engineering on forecasting performance across 

different datasets and forecasting models.  

Objective 3: To validate a unified multi-regional STLF evaluation framework using multiple 

models, datasets, features, and optimization methods  

The third objective of this dissertation is to develop and validate a unified short-term load 

forecasting evaluation framework that integrates multiple regional datasets, forecasting models, 

feature conditions, and optimization techniques within a single experimental environment. 

Three regional electricity load datasets, namely Ontario East, NSW Australia, and Central New 

York, are included in the study to evaluate the adaptability and generalization capability of the 

proposed methodology across different geographical regions and electricity consumption patterns. 

The framework incorporates four forecasting models, including Random Forest, XGBoost, 

LightGBM, and Bi-LSTM, representing different machine learning and deep learning paradigms. 

Furthermore, multiple optimization algorithms and feature conditions are evaluated under identical 

experimental settings to ensure a fair and comprehensive comparison. 

The following steps were performed to achieve this objective: 

• Selection and preparation of Ontario East, NSW Australia, and Central New York datasets.  

• Application of a common preprocessing and feature engineering workflow across all 

datasets.  

• Implementation of Random Forest, XGBoost, LightGBM, and Bi-LSTM forecasting 

models.  

• Evaluation of forecasting models using both basic and basic plus crafted feature sets.  

• Comparison of GA, PSO, ALO, and PBO optimization algorithms.  

• Analysis of forecasting performance across different datasets and feature conditions.  

• Investigation of the influence of regional characteristics, feature engineering, forecasting 

models, and optimization methods on prediction accuracy.  
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• Comparison of the obtained results with previously published studies in the field of short-

term load forecasting.  

• Validation of model robustness using cross-validation and sensitivity analysis.  

Together, these objectives establish a comprehensive framework for the application of 

optimization methods in big data processing for short-term electric load forecasting and contribute 

to the development of reliable and scalable forecasting solutions for modern smart grid 

environments. 

3. Current State of Research 

3.1 Traditional Forecasting Methods 
Short-term electric load forecasting has been an active research area for several decades due to its 

importance in power system operation and planning. Early forecasting studies mainly relied on 

statistical and mathematical models because of their simplicity and relatively low computational 

requirements. Among the most commonly used traditional approaches are regression models, 

autoregressive integrated moving average models, and exponential smoothing techniques. 

Regression-based forecasting methods estimate the relationship between electricity demand and 

influencing variables such as temperature, humidity, day type, and historical load values. Linear 

regression models are simple to implement and provide interpretable results; however, they assume 

linear relationships between variables and often fail to capture the complex nonlinear behavior of 

modern electricity consumption patterns [7]. 

Autoregressive Integrated Moving Average (ARIMA) models became one of the most widely used 

time-series forecasting approaches due to their ability to model temporal dependencies in 

sequential data. ARIMA combines autoregressive terms, differencing operations, and moving 

average components to model trends and seasonality in time-series data. Although ARIMA 

performs well for stationary and relatively stable systems, its performance decreases significantly 

when forecasting highly nonlinear and nonstationary load patterns [8]. 

Exponential smoothing methods represent another family of traditional forecasting approaches that 

assign exponentially decreasing weights to historical observations. These methods are effective 

for handling trends and seasonal variations and have been widely applied in energy forecasting 

applications. However, their ability to model complex interactions between multiple variables 

remains limited [9]. 

Although traditional forecasting methods provide valuable baseline performance and require 

relatively low computational resources, their assumptions regarding linearity and stationarity make 

them less suitable for modern smart grid environments characterized by nonlinear and dynamic 

electricity consumption behavior. 

3.2 Machine Learning Methods 
The limitations of traditional statistical models motivated researchers to explore machine learning 

techniques capable of learning nonlinear relationships directly from data. Machine learning 

methods have demonstrated substantial improvements in forecasting accuracy because they can 

model complex interactions between input variables without requiring explicit mathematical 

assumptions regarding data distribution. 

Support Vector Machines (SVM) have been widely used in load forecasting due to their strong 

generalization capability and ability to handle nonlinear regression problems through kernel 

functions. SVM models perform particularly well on smaller datasets; however, their 

computational complexity increases considerably when applied to large-scale datasets typically 

encountered in big data environments[14]. 
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Random Forest is an ensemble learning algorithm that combines multiple decision trees using the 

bagging principle. Each decision tree is trained on a random subset of training samples and input 

features, while the final prediction is obtained by averaging the outputs of individual trees. 

Random Forest models are robust against overfitting, relatively easy to implement, and capable of 

handling high-dimensional datasets efficiently [9]. 

XGBoost is a boosting-based machine learning algorithm that sequentially constructs decision 

trees in order to minimize prediction errors generated by previous trees. Regularization 

mechanisms incorporated within XGBoost improve model generalization and reduce overfitting. 

Due to its computational efficiency and predictive accuracy, XGBoost has become one of the most 

widely used algorithms in modern forecasting applications [10]. 

LightGBM represents an extension of gradient boosting methods specifically designed for high-

speed training and efficient memory usage. Unlike traditional boosting algorithms, LightGBM 

employs histogram-based learning and leaf-wise tree growth strategies that significantly reduce 

training time while maintaining high forecasting accuracy. These characteristics make LightGBM 

particularly suitable for large-scale big data applications [10]. 

Machine learning methods have therefore become an important component of modern short-term 

load forecasting systems due to their ability to model nonlinear relationships while maintaining 

relatively low computational complexity. 

3.3 Deep Learning Methods 
The increasing availability of large-scale datasets has further encouraged the adoption of deep 

learning methods for forecasting applications. Deep learning models automatically learn 

hierarchical representations from raw data and can capture complex temporal dependencies that 

are difficult to model using conventional machine learning approaches. 

Recurrent Neural Networks (RNNs) were specifically developed for sequential data processing 

and time-series applications. Unlike feedforward neural networks, RNNs incorporate feedback 

connections that allow information from previous time steps to influence future predictions. 

However, conventional RNN architectures often suffer from vanishing and exploding gradient 

problems during training[15]. 

Long Short-Term Memory (LSTM) networks were introduced to overcome these limitations by 

incorporating memory cells and gating mechanisms that regulate information flow within the 

network. The input gate, forget gate, and output gate allow LSTM networks to preserve important 

long-term information while discarding irrelevant historical patterns. Consequently, LSTM models 

have demonstrated excellent performance in time-series forecasting problems [11]. 

Bidirectional Long Short-Term Memory (Bi-LSTM) networks extend the conventional LSTM 

architecture by processing information simultaneously in both forward and backward directions. 

This enables the model to utilize both past and future contextual information during training, 

improving its ability to capture long-term dependencies in electricity demand data [10], [11]. 

Hybrid architectures such as CNN-LSTM combine convolutional neural networks with recurrent 

layers to exploit both spatial and temporal information contained in sequential datasets. 

Convolutional layers perform automatic feature extraction, while LSTM layers model temporal 

dependencies in the extracted features. Such hybrid architectures have recently attracted 

significant attention in energy forecasting research due to their improved predictive capability[15]. 

Despite their excellent forecasting performance, deep learning models generally require larger 

datasets, longer training times, and extensive hyperparameter tuning compared with traditional 

machine learning methods. 
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3.4 Optimization Methods 
The performance of machine learning and deep learning models strongly depends on the selection 

of suitable hyperparameters. Parameters such as learning rate, tree depth, number of estimators, 

hidden neurons, and batch size directly influence forecasting accuracy and model generalization. 

Manual tuning is often inefficient and computationally expensive, creating the need for automated 

optimization strategies. 

Genetic Algorithm (GA) is one of the earliest population-based optimization methods inspired by 

the principles of biological evolution. Candidate solutions evolve through selection, crossover, and 

mutation operations until satisfactory solutions are obtained. GA has been widely applied to 

parameter optimization problems due to its simplicity and global search capability [12]. 

Particle Swarm Optimization (PSO) is a swarm intelligence algorithm inspired by the social 

behavior of birds and fish schools. Candidate solutions, referred to as particles, move through the 

search space according to their own experience and the experience of neighboring particles. PSO 

generally converges faster than GA but may become trapped in local optima when solving high-

dimensional optimization problems [13]. 

Ant Lion Optimization (ALO) is a nature-inspired optimization algorithm that mimics the hunting 

mechanism of antlions in nature. The algorithm combines random exploration with adaptive 

exploitation and has demonstrated promising results for machine learning hyperparameter 

optimization problems[16]. 

Polar Bear Optimization (PBO) is a relatively recent metaheuristic optimization algorithm 

introduced in 2017 [17] and inspired by the hunting and migration behavior of polar bears in Arctic 

environments. The algorithm provides an effective balance between exploration and exploitation 

and requires relatively few control parameters. In this dissertation, PBO is applied for the first time 

to short-term load forecasting hyperparameter optimization problems and is compared with 

existing optimization methods. 

3.5 Feature Engineering Methods 
Feature engineering has become one of the most important components of modern forecasting 

frameworks. The quality of input features directly affects the ability of forecasting models to 

identify hidden patterns and generalize to unseen data. 

Electricity demand exhibits strong temporal dependencies and seasonal behavior. Therefore, the 

extraction of meaningful temporal features can significantly improve forecasting accuracy. 

Commonly used features include hour of day, day of week, month, season, holiday indicators, and 

weekend information. 

Load-based statistical features are also frequently used in forecasting studies. These include lag 

variables, rolling mean, rolling maximum, rolling minimum, and expanding statistical features 

calculated from historical electricity consumption values. Such features provide information 

regarding recent consumption trends and local temporal behavior. 

Feature engineering is particularly important in machine learning applications because it allows 

models to learn relationships that may not be directly visible from the original raw data. Several 

studies have demonstrated that carefully designed feature sets can substantially improve 

forecasting accuracy and model robustness across different datasets and forecasting models [10]. 

3.6 Research Gaps 
Although significant progress has been achieved in short-term load forecasting research, several 

important limitations remain. 

Many previous studies focus on a single forecasting model or one specific dataset, making it 

difficult to evaluate the generalizability of the obtained results across different geographical 
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regions and consumption patterns. Similarly, numerous studies investigate forecasting models and 

optimization methods independently, without examining their combined influence on forecasting 

performance. 

Another important limitation is the relatively limited use of advanced feature engineering 

techniques in combination with modern optimization methods. While many studies optimize 

model hyperparameters, fewer studies investigate the simultaneous contribution of input feature 

design and parameter optimization. 

Furthermore, despite the existence of hundreds of metaheuristic optimization algorithms, only a 

relatively small number have been explored for short-term load forecasting applications. In 

particular, the application of Polar Bear Optimization to hyperparameter tuning in STLF has not 

been previously investigated. 

Motivated by these research gaps, this dissertation proposes a unified forecasting framework that 

combines feature engineering, machine learning and deep learning models, and multiple 

optimization algorithms within a common multi-regional evaluation environment. This approach 

enables a more comprehensive understanding of the interaction between datasets, forecasting 

models, feature sets, and optimization strategies while improving forecasting accuracy and model 

robustness. 

 

4. Proposed Methodology and Framework 

4.1 Overall Architecture of the Proposed Framework 
The proposed framework was designed to investigate optimization methods for big data processing 

in short-term electric load forecasting by combining feature engineering, machine learning and 

deep learning forecasting models, and metaheuristic optimization algorithms within a unified 

evaluation environment. The framework follows a sequential workflow beginning with data 

collection and preprocessing, followed by feature engineering, forecasting model development, 

hyperparameter optimization, model evaluation, and comparative analysis. 

The overall objective of the framework is to improve forecasting accuracy while maintaining 

robustness and generalization capability across different geographical regions and electricity 

consumption patterns. To achieve this objective, all forecasting models were trained and evaluated 

under identical experimental conditions using common preprocessing procedures, feature sets, 

optimization strategies, and evaluation metrics. This approach allows a fair comparison between 

different forecasting techniques and optimization methods while reducing experimental bias. 

The proposed framework consists of six major stages: 

1. Data collection and preparation.  

2. Data preprocessing and cleaning.  

3. Feature engineering and feature selection.  

4. Forecasting model development.  

5. Hyperparameter optimization.  

6. Performance evaluation and comparative analysis.  
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The framework integrates multiple regional electricity datasets and multiple forecasting models in 

order to provide a comprehensive assessment of forecasting performance under different operating 

conditions and load characteristics. 

 

 

 

 

 

 

 

 

 

Figure1  Graphical representation of the proposed research flow 

4.2 Datasets 
To evaluate the robustness and adaptability of the proposed framework, three independent 

electricity load datasets representing different geographical regions and consumption patterns were 

included in the study. 

Ontario East Dataset 

The Ontario East dataset represents electricity consumption data collected from the Ontario region 

of Canada. This dataset was used throughout all stages of the research and provided continuity 

between the published studies associated with this dissertation. The dataset contains hourly 

electricity load values together with weather-related information and temporal variables 

influencing electricity demand. 

NSW Australia Dataset 

The second dataset was collected from the New South Wales (NSW) electricity market in 

Australia. This dataset represents electricity consumption behavior under different climatic 

conditions and seasonal patterns compared with the Canadian dataset. The inclusion of this dataset 

allowed the proposed framework to be evaluated under different environmental and operational 

conditions. 

Central New York Dataset 

The third dataset represents electricity consumption data from the Central New York region in the 

United States. Similar to the NSW dataset, it was included to investigate the generalization 

capability of the proposed methodology across different electricity markets and regional demand 

characteristics. 

The use of multiple datasets enabled a more comprehensive evaluation of forecasting performance 

and reduced the risk of developing solutions that are only suitable for a single geographical region. 

4.3 Data Preprocessing 
Data preprocessing represents one of the most important stages of any forecasting pipeline because 

forecasting performance strongly depends on data quality and consistency. The preprocessing 

procedure was applied independently to each regional dataset in order to preserve the specific 

characteristics of each electricity market. 
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Data Cleaning 

The first preprocessing step involved the identification and removal of missing values, duplicate 

observations, and inconsistent records. Missing values were handled using suitable interpolation 

and replacement strategies depending on the characteristics of the individual dataset. 

Removal of Redundant Attributes 

Attributes that did not contribute to forecasting performance or contained redundant information 

were removed in order to reduce model complexity and improve computational efficiency. 

Date and Time Processing 

Date and time information was converted into a machine-readable format that could be used for 

feature generation and forecasting model training. Temporal variables extracted during this stage 

formed the basis for several feature engineering procedures. 

Encoding of Categorical Variables 

Categorical variables, including weekday information, seasonal indicators, and holiday attributes, 

were transformed into numerical representations suitable for machine learning and deep learning 

algorithms. 

Normalization 

Feature normalization was applied to reduce differences in feature magnitude and improve model 

convergence during training. Scaling procedures were particularly important for deep learning 

models because of their sensitivity to input feature distributions. 

Train-Test Split 

The datasets were divided into training and testing subsets to ensure an unbiased evaluation of 

forecasting performance. The training data were used for model learning and optimization, while 

the testing data were reserved exclusively for final performance evaluation. 

4.4 Feature Engineering 
Feature engineering was introduced to improve the ability of forecasting models to capture 

temporal dependencies and hidden consumption patterns that may not be directly observable in the 

original data. 

Temporal Features 

Temporal variables were extracted directly from the date and time information contained in the 

datasets. These features included: 

Hour of the day, Day of the week , Month of the year, Week number, Weekend indicators, Holiday 

indicators  

These features allow forecasting models to learn periodic electricity consumption patterns 

associated with human activity and operational schedules. 

Rolling Statistical Features 

Rolling statistical features were generated using sliding windows over historical load values. The 

following rolling statistics were included: 

Rolling mean, Rolling maximum,  Rolling minimum  

These features capture short-term consumption trends and local temporal behavior. 

 



 

12         

Expanding Statistical Features 

Expanding statistical features were introduced to represent long-term consumption behavior and 

historical demand limits. The study incorporated: 

Expanding 24-hour maximum, Expanding 24-hour minimum  

These features provide information regarding historical demand boundaries and improve model 

stability. 

Seasonal Features 

Seasonal indicators were included to capture variations in electricity demand caused by climate 

conditions and yearly consumption cycles. 

Time-of-Day Features 

Time-of-day variables were generated to represent daily electricity consumption behavior during 

morning, afternoon, evening, and night periods. 

Two feature conditions were finally prepared for model evaluation: 

1. Basic feature set.  

2. Basic feature set combined with crafted features.  

This comparison allowed the influence of feature engineering on forecasting performance to be 

investigated directly. 

 

Table1  Representation of the original and crafted features. 

 

Original 

Dataset 

Features  

 

Crafted Features Finally used Features 

Date & Time Temporal Breakdown: Extracted 'year', 

'month', 'day', and 'hour'  

Year, Month, Day, Hour,Day 

of week, Holiday, Load  

DateTime Roll_mean: Moving average for load. Roll Mean 

 DayId Roll_max: Moving window peak load. Roll Max 

DayOfWeek Roll_min: Moving window minimum load. Roll Min 

Holiday Expand_max_24: A 24-hour look-back on 

maximum load. 

Expand Max 24,  

Load Expand_min_24: A 24-hour look-back on 

minimum load. 

Expand Min 24 

 Seasonality & Time of Day: Binary 

indicators for seasons and times of the day, 

Fall, Spring, Summer, 

Winter, 

Morning, Afternoon, Night 

 

 Excluded 
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(a) (b) 

 

Figure2  Analogy of crafted features (a) Expand Max 24 and Expand Min 24 (b) Roll Mean, Roll 

Min, and Roll Max, where, Xn,m is the load consumption data on the nth day and mth hour of that 

day. Similarly, En,m, Qn,m, Rn,m, Pn,m, and An,m represent the entries in Expand Max 24 and Expand 

Min 24, Roll Mean, Roll Min, and Roll Max columns. 

4.5 Forecasting Models 
Four forecasting models representing different machine learning and deep learning paradigms 

were implemented within the proposed framework. 

Random Forest 

Random Forest is an ensemble learning method based on multiple decision trees trained using 

bootstrap aggregation. The final prediction is obtained by averaging the predictions of individual 

trees, improving robustness and reducing overfitting. 

XGBoost 

XGBoost is a gradient boosting algorithm that sequentially constructs decision trees in order to 

minimize prediction errors. Regularization mechanisms incorporated into XGBoost improve 

generalization performance and reduce overfitting. 

LightGBM 

LightGBM is a computationally efficient gradient boosting algorithm specifically designed for 

large-scale datasets. Histogram-based learning and leaf-wise tree growth allow faster training and 

lower memory consumption compared with conventional boosting methods. 

Bi-LSTM 

Bidirectional Long Short-Term Memory networks process information in both forward and 

backward directions and are capable of learning long-term temporal dependencies within 

sequential electricity consumption data. The Bi-LSTM model represented the deep learning 

component of the proposed forecasting framework. 

4.6 Hyperparameter Optimization 

The forecasting performance of machine learning and deep learning models depends strongly on 

the selection of suitable hyperparameters. Manual tuning is often inefficient and computationally 

expensive; therefore, automatic optimization strategies were adopted. 

Genetic Algorithm (GA) 

GA performs optimization through evolutionary operators including selection, crossover, and 

mutation. Candidate solutions evolve over multiple generations until convergence criteria are 

satisfied. 
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Particle Swarm Optimization (PSO) 

PSO updates candidate solutions according to both individual experience and population 

knowledge. The algorithm provides rapid convergence but may occasionally become trapped in 

local optima. 

Polar Bear Optimization (PBO) 

PBO is a nature-inspired optimization algorithm based on the hunting and migration behavior of 

polar bears. The algorithm provides an effective balance between exploration and exploitation and 

was applied for the first time in this dissertation to short-term load forecasting hyperparameter 

optimization problems. 

The optimized parameters included model-specific hyperparameters such as learning rate, tree 

depth, number of estimators, hidden units, batch size, and training epochs. 

4.7 Performance Evaluation Metrics 

Model performance was evaluated using four commonly used forecasting metrics. 

Mean Absolute Error (MAE) 

MAE measures the average magnitude of forecasting errors and is defined as: 

𝑀𝐴𝐸 =
1

𝑛
∑ ∣

𝑛

𝑖=1

𝑦𝑖 − 𝑦𝑖̂ ∣ 

where 𝑦𝑖represents the actual value and 𝑦𝑖̂represents the predicted value. 

Root Mean Square Error (RMSE) 

RMSE measures the square root of the average squared prediction error and gives higher 

importance to larger forecasting errors. 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑(

𝑛

𝑖=1

𝑦𝑖 − 𝑦𝑖̂)2 

Mean Absolute Percentage Error (MAPE) 

MAPE represents forecasting error as a percentage and allows easier comparison between datasets 

with different scales. 

𝑀𝐴𝑃𝐸 =
100

𝑛
∑ ∣

𝑦𝑖 − 𝑦𝑖̂
𝑦𝑖

∣

𝑛

𝑖=1

 

Coefficient of Determination (R²) 

The coefficient of determination measures the proportion of variance explained by the forecasting 

model. 

𝑅2 = 1 −
∑(𝑦𝑖 − 𝑦𝑖̂)

2

∑(𝑦𝑖 − 𝑦̄)2
 

The use of multiple evaluation metrics provides a more comprehensive assessment of forecasting 

performance and allows both absolute and relative forecasting errors to be analysed. 
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The proposed methodology therefore establishes a unified big-data forecasting framework that 

combines feature engineering, machine learning and deep learning models, and advanced 

optimization techniques within a common experimental environment for short-term electric load 

forecasting. 

 

5. Experimental Results and Discussion 

5.1 Results of Hyperparameter Optimization 
The first stage of the experimental evaluation focused on the optimization of forecasting model 

hyperparameters using metaheuristic optimization algorithms. Random Forest, XGBoost, 

LightGBM, and Bi-LSTM models were optimized using Genetic Algorithm (GA), Particle Swarm 

Optimization (PSO), and Polar Bear Optimization (PBO). The objective of the optimization 

process was to minimize forecasting errors while improving model generalization and robustness 

across different datasets. 

The optimization algorithms searched predefined hyperparameter spaces specific to each 

forecasting model. For tree-based models, the optimization process focused on parameters such as 

tree depth, learning rate, number of estimators, and minimum child weight, while for Bi-LSTM 

models, parameters such as the number of hidden units, batch size, dropout rate, and learning rate 

were optimized. 

The obtained results demonstrated that metaheuristic optimization significantly improved 

forecasting performance compared with manually selected model parameters. All optimization 

methods contributed to error reduction; however, differences were observed in convergence speed, 

exploration capability, and final forecasting accuracy. 

Table 2 Optimized hyperparameters obtained using GA, PSO, and PBO. 

                     Algorithm 

               

    Model 

Genetic Algorithm Particle Swarm Optimization Polar-Bear Optimization 

XGBoost 

 
 
 
 
 

N-Estimators =10  

Learning Rate =0.1 

Max Depth = 13 

Min_Child_Weight =1 

 Subsample = 1 

Colsample_Bytree =1 

 

N-Estimators = 276 

Learning Rate =0.08049590318858854 

Max Depth =13 

Min_Child_Weight = 6.491113987413815 

Subsample = 0.5033812679700483 

Colsample_Bytree = 

0.7794705426706412 

 

N-Estimators = 811 

Learning Rate 

=0.09520901464008624 

Max Depth = 12 

Min_Child_Weight = 5 

Subsample = 0,5 

Colsample_Bytree = 1 

 

LightGBM N-Estimators= 10 

Learning_Rate= 0.1 

Max_Depth= 3 

Num_Leaves= 10 

Min_Child_Samples=5 

Num_Boost_Round= 50 

N-Estimators=  784 

Learning_Rate= 0.0995 

Max_Depth= 19 

Num_Leaves= 99 

Min_Child_Samples=11 

Num_Boost_Round= 1000 

N-Estimators = 960 

Learning Rate = 0.1 

Max Depth = 10 

Num Leaves = 65 

Min_Child_Samples = 13 

Num_Boost_Round = 802 

Random Forest N-Estimators =10 

Max Depth = 3 

Max_Features=0.73957878636476

2 

N-Estimators =960 

Max Depth = 20 

Max Features= 0.6662289805089191 

Min_Samples_Split= 19 

N-Estimators =76 

Max Depth = 19 

Max Features = 1.0 

Min_Samples_Split=37  
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Min_Samples_Split=2 

Min_Samples_Leaf=10 

 

Min_Samples_Leaf=10 

 

Min_Samples_Leaf=80  

 

Bi-LSTM Number of Units= 128  

Dropout=0.02 

Learning Rate=0.0017 

Optimizer= Adam 

Number of Units=1024  

Dropout=0.0000 

Learning Rate=0.0001 

Optimizer= Adam 

 

Number of Units=64 

Dropout=0.5 

Learning -Rate= 0.001 

Optimizer= Nadam 

 

 

 

5.2 Comparison of GA, PSO, and PBO 
The comparison between GA, PSO, and PBO showed in Figure 3 that represents the 48-hour load 

forecasting results for the Ontario East dataset using four models: XGBoost, LightGBM, Random 

Forest, and Bi-LSTM. Each model was optimized using three different optimization algorithms: 

GA, PSO, and PBO. In this figure, subfigures 3(a), 3(c), 3(e), and 3(g) show the actual and 

predicted load patterns, while subfigures 3(b), 3(d), 3(f), and 3(h) show the load difference between 

the actual and predicted values. These plots help to visually compare how closely each optimized 

model follows the true load curve and how large the prediction error is at each data point. 

For the XGBoost model, shown in Figure 3(a) and Figure 3(b), the prediction curve shows that the 

models optimized with PSO and PBO follow the actual load pattern more closely than the model 

optimized with GA. The load difference plot also shows that GA produces larger deviations at 

several points, while PSO and PBO keep the errors closer to zero. This indicates that PSO and 

PBO provided better parameter tuning for XGBoost compared with GA. 

For the LightGBM model, shown in Figure 3(c) and Figure 3(d), a similar pattern can be observed. 

The predicted load values obtained with PSO and PBO are closer to the true values, especially 

around high-load peaks and low-load points. In the load difference plot, GA shows larger positive 

and negative errors, while PSO and PBO show smaller deviations. This means that LightGBM 

became more accurate and stable when optimized with PSO and PBO. 

For the Random Forest model, shown in Figure 3(e) and Figure 3(f), PSO gives the closest 

prediction among the three optimization algorithms. The error values for PSO remain smaller than 

GA and slightly better than PBO. This graphical result is also supported by the numerical results, 

where Random Forest optimized with PSO achieved an R-squared value of 96.54%, MAE of 21.67 

kWh, MAPE of 2.52%, and RMSE of 37.3082 kWh. In comparison, Random Forest optimized 

with PBO achieved an R-squared value of 94.72%, MAE of 26.24 kWh, MAPE of 5.04%, and 

RMSE of 46.06 kWh. Therefore, for Random Forest, PSO performed slightly better than PBO. 

For the Bi-LSTM model, shown in Figure 3(g) and Figure 3(h), PBO gives better results than PSO 

and GA. The predicted load curve of Bi-LSTM with PBO follows the actual load pattern more 

closely, and the load difference plot shows smaller errors compared with the other optimization 

methods. This result is also confirmed by the numerical values. Bi-LSTM optimized with PSO 

achieved an R-squared value of 83.40%, MAPE of 10.96%, MAE of 60.32 kWh, and RMSE of 

81.71 kWh. However, Bi-LSTM optimized with PBO achieved a better R-squared value of 

92.50%, lower MAPE of 3.63%, lower MAE of 32.69 kWh, and lower RMSE of 54.91 kWh. This 

shows that PBO was more effective for optimizing the Bi-LSTM model in this study. 



 

17         

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3  (a, c, e, g) 48 hr load consumption pattern (Ontario East) predicted by XGBoost, 

LightGBM. Random Forest and Bi-LSTM respectively with all three optimization algorithms, 

and their respective error/load difference between predicted and true values (b, d, f, h). 

Figure 4 compares GA, PSO, and PBO using different evaluation metrics such as MAE, RMSE, 

MAPE, and R-squared. The results show that GA produced higher error values for most models, 

especially for XGBoost, LightGBM, and Random Forest. PSO and PBO reduced the forecasting 

errors and improved the prediction accuracy. For Random Forest, PSO achieved the best result 

with an R-squared value of 96.54%, MAE of 21.67 kWh, MAPE of 2.52%, and RMSE of 37.3082 

kWh. However, for Bi-LSTM, PBO performed better than PSO. Bi-LSTM with PBO achieved an 

R-squared value of 92.50%, MAPE of 3.63%, MAE of 32.69 kWh, and RMSE of 54.91 kWh, 

which is better than Bi-LSTM with PSO. Therefore, the metric-based comparison confirms the 
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graphical results of Figure 6 and shows that PBO is especially useful for Bi-LSTM, while PSO is 

effective for Random Forest. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4 Comparison of GA, PSO, and PBO using MAE, RMSE, MAPE, and R-squared. 

5.3 Comparison Between Basic Features and Crafted Features 
One of the primary objectives of this dissertation was to investigate the influence of feature 

engineering on forecasting accuracy. 

For this purpose, forecasting models were evaluated under two different feature conditions: 

• Basic features only.  

• Basic features combined with crafted features.  

The basic feature set contained the original dataset attributes and temporal information directly 

available from the electricity datasets. The second feature condition extended the original features 

with rolling statistics, expanding statistics, seasonality indicators, and time-based contextual 

information. 

The results consistently demonstrated that the inclusion of crafted features improved forecasting 

accuracy across all forecasting models and datasets. Feature engineering enabled the forecasting 

models to better capture local trends, temporal dependencies, and seasonal variations in electricity 

consumption behavior. 

The improvement was particularly visible for machine learning models such as Random Forest, 

XGBoost, and LightGBM, which rely heavily on informative input representations. Although Bi-
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LSTM models can automatically learn temporal patterns from sequential data, they also benefited 

from the inclusion of additional contextual features. 

Overall, the results confirmed the importance of feature engineering as a fundamental component 

of modern short-term load forecasting systems. 

5.4 Results on the Ontario East Dataset 
For the Ontario East dataset, all four models showed improved forecasting performance after the 

inclusion of crafted features. When only basic features were used as seen in Figure 5(a), the 

prediction curves had visible differences from the actual load values. After adding the crafted 

features, the predicted curves became closer to the true load pattern, as seen in Figure 5(b). 

Figure 6 (a) and (b) shows the difference between the actual values and the predicted values with 

basic and crafted features respectively. We can clearly say that crafted features has reduces this 

difference and has increased the forecasting accuracy. 

The reduction in forecasting error indicates that the crafted features provided useful additional 

information to the models. The rolling features helped represent recent load behaviour, while the 

daily expansion features described daily peak and off-peak demand. The seasonality and time-of-

day features also supported the representation of cyclic demand variation. 

Figure 7 represents the comparison of Random Forest, XGBoost, LightGBM, and Bi-LSTM 

models on the Ontario East dataset using basic features and basic + crafted features on the basis of 

four different evaluation matrix.  

Among the optimized models, XGBoost with PBO achieved strong performance on the Ontario 

East dataset, with MAE of 17.5356 kWh, MAPE of 2.53%, RMSE of 32.9672 kWh, and R-squared 

of 97.29%. LightGBM with PBO also performed well, with MAE of 22.1699 kWh, MAPE of 

3.42%, RMSE of 35.6153 kWh, and R-squared of 96.84%.  

 

 

 

 

 

(a) 

 

                        (b) 

 

Figure 5  Actual and Predicted Load Pattern Using Basic + Crafted Features on Ontario Data. 
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                        (b) 

 

   Figure 6  Load Difference Between Actual and Predicted Values Using Basic + Crafted 

Features on Ontario Data . 
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Figure 7 Performance comparison of Random Forest, XGBoost, LightGBM, and Bi-LSTM 

models on the Ontario East dataset using basic features and basic + crafted features. The figure 

shows the comparison of MAPE, MAE, R-squared, and RMSE, along with actual versus 

predicted load curves and load difference plots. The results show that the inclusion of crafted 

features reduced forecasting error and improved the agreement between predicted and actual 

electricity load values. 

5.5 Results on the NSW Australia Dataset 
The NSW Australia dataset also showed improvement after the inclusion of crafted features as 

seen in Figure 8(b). Although this dataset did not contain the holiday feature, the remaining crafted 

features still improved model performance. This indicates that the improvement was not dependent 

only on holiday information but was mainly supported by temporal, rolling, daily expansion, 

seasonal, and time-of-day features. 

The error plots showed that the difference between actual and predicted load values was higher 

when only basic features were used (Figure 9 (a)). After adding crafted features, the error values 

were reduced for all models (Figure 9 (b)). This result confirms that the proposed feature 

engineering approach was useful even when one of the original calendar features was not available. 

The NSW Australia results also support the adaptability of the proposed framework. Since the 

dataset structure was not exactly the same as Ontario East, the improvement obtained on NSW 

Australia shows that the crafted feature methodology can still be applied to regional datasets with 

different attribute availability. 

Figure 10 presents the performance comparison of Random Forest, XGBoost, LightGBM, and Bi-

LSTM models on the NSW Australia dataset using basic features and basic + crafted features. The 

comparison is based on four evaluation metrics: MAPE, MAE, R-squared, and RMSE. The results 

clearly show that the addition of crafted features improved the performance of all models. The 

error values of MAPE, MAE, and RMSE were reduced after adding crafted features, while the R-

squared value increased for almost all models. The improvement is especially visible in the Bi-

LSTM model, where the use of only basic features produced higher errors and lower fitness, but 

the addition of crafted features greatly improved its prediction accuracy. XGBoost and LightGBM 

also showed strong and stable performance on this dataset, with low error values and high R-

squared scores. Overall, the figure shows that crafted features helped the models capture the NSW 

Australia load pattern more effectively than basic features alone. 
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(a) 

 

                        (b) 

 

Figure 8 Actual and predicted load pattern using Basic + Crafted features on NSW Australia 

data. 

 

 

 

 

(a) 

 

                        (b) 

 

Figure 9 Load difference between actual and predicted values using Basic + Crafted features on 

NSW Australia data[6]. 

 

 

 

 

 

 

 

 

Figure  10 Performance comparison on NSW Australia Data same representation of models and 

features as shown on Ontario dataset[6]. 

5.6 Results on the Central New York Dataset 
The Central New York dataset showed one of the clearest improvements after adding crafted 

features. Figure 11 (a) and (b) shows the actual and predicted load patterns for the Central New 

York dataset. The comparison is presented for two feature conditions: basic features and basic + 

crafted features. In the case of basic features, the predicted values of the models do not follow the 

actual load pattern very closely. Some models, especially Bi-LSTM (Figure11(a)), show larger 

deviation from the true load values. This indicates that the basic features alone were not sufficient 

to capture the complete load behaviour of the Central New York dataset. 

After adding the crafted features, the predicted values become much closer to the actual load 

values. The models are able to follow the load pattern more accurately, and the difference between 

the actual and predicted values is reduced. This improvement shows that the crafted features helped 

the models understand the time-based and consumption-based behaviour of the electricity load 
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more effectively. The improvement is clearly visible in the basic + crafted features plot, where the 

predicted curves are closer to the true values compared with the basic feature case clearly seen in 

Figure 11(b). 

Similarly, Figure 12 (a) and (b)shows the load difference between actual and predicted values for 

the Central New York dataset. With basic features, the prediction errors are large and widely 

spread, especially for the Bi-LSTM model. After adding crafted features, the errors become much 

smaller and remain close to zero for most data points. This shows that crafted features reduced the 

prediction error and made the models more accurate and stable. 

Figure 13 shows the performance comparison of Random Forest, XGBoost, LightGBM, and Bi-

LSTM models on the Central New York dataset using four evaluation metrics: MAPE, MAE, R-

squared, and RMSE. The figure compares the results obtained using basic features and basic + 

crafted features. For all models, the use of crafted features reduced the error values and improved 

the R-squared score. 

The clearest improvement is observed in the Bi-LSTM model. With basic features, Bi-LSTM 

showed high error values and a lower R-squared value. However, after adding crafted features, its 

performance improved significantly. The Bi-LSTM model improved from an R-squared value of 

61.38% to 99.7%, while RMSE decreased from 184.08 MWh to 14.1 MWh, MAE decreased from 

143.36 MWh to 8.19 MWh, and MAPE decreased from 7.67% to 0.44%. This shows that crafted 

features played an important role in improving the prediction ability of the model. 

This result shows that the crafted features significantly improved the ability of the model to capture 

load behaviour in the Central New York dataset. The improvement was not limited to a small 

reduction in error but represented a major increase in forecasting accuracy. This finding strongly 

supports the importance of feature engineering in the proposed STLF framework. 

 

 

 

 

 

 

(a) 
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Figure 11  Actual and predicted load pattern using Basic + Crafted features on Central Newyork 

data]. 
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Figure 12  Load difference between actual and predicted values using Basic + Crafted features 

on Central Newyork data. 
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Figure 13 Performance comparison on Central Newyork Data same representation of models 

and features as shown on Ontario dataset and NSW Australia. 

5.7 Feature Importance Analysis 
Feature importance analysis was performed to investigate the contribution of individual input 

variables to forecasting performance. 

The analysis revealed that historical load values remained among the most influential predictors 

across all forecasting models and datasets. Temporal variables such as hour of day, day of week, 

and seasonal indicators also demonstrated high importance scores due to their strong relationship 

with electricity consumption behavior. 

Among the engineered features, rolling statistical variables and expanding statistical features 

contributed substantially to forecasting accuracy by providing additional contextual information 

regarding recent and historical load trends. 

In figure 14 The feature importance results confirmed that carefully designed feature engineering 

strategies can significantly improve forecasting performance and reduce model uncertainty. 

 

 

 

 

 

Figure 14  Feature importance score calculated using the embedded method for all Random 

Forest, XGBoost, LightGBM and Bi-LSTM model on the Ontario East data [6]. 

5.8 Discussion of Major Findings 
Several important observations emerged from the experimental analysis. 

First, the results demonstrated that feature engineering consistently improves forecasting accuracy 

regardless of the forecasting model or dataset used. This finding confirms that input representation 

plays an important role in forecasting performance. 

Second, hyperparameter optimization significantly improved model accuracy and reduced 

forecasting errors. Automated optimization methods provided more reliable parameter 

configurations than manually selected settings. 

Third, the comparison of optimization algorithms showed that Polar Bear Optimization provides 

competitive performance and can successfully optimize both machine learning and deep learning 

forecasting models. 
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Finally, the multi-regional evaluation demonstrated that the proposed methodology remains robust 

across different geographical regions and electricity consumption patterns, supporting its 

applicability to practical forecasting problems. 

5.9 Limitations of the Study 
Although the proposed framework demonstrated strong forecasting performance, several 

limitations should be acknowledged. 

The study focused on three regional electricity datasets and therefore does not cover all possible 

electricity markets and climatic conditions. Additional datasets from other regions may provide 

further insights regarding model generalization capability. 

The optimization process considered a limited set of forecasting models and metaheuristic 

algorithms. Future studies may investigate additional optimization techniques and more complex 

forecasting architectures. 

Furthermore, the computational requirements of deep learning models and optimization algorithms 

remain relatively high, particularly when large hyperparameter search spaces are explored. 

Reducing computational complexity while maintaining forecasting accuracy remains an important 

area for future research. 

Despite these limitations, the obtained results demonstrate that the proposed framework provides 

an effective and reliable approach for applying optimization methods to big data processing 

problems in short-term electric load forecasting. 

 

6. Contributions and Scientific Novelty 
The main scientific contribution of this dissertation lies in the development of a unified big-data 

forecasting framework that combines feature engineering, machine learning and deep learning 

models, and metaheuristic optimization algorithms for short-term electric load forecasting. The 

proposed framework was evaluated across multiple regional electricity datasets in order to 

investigate its robustness, generalization capability, and practical applicability in modern smart 

grid environments. 

The dissertation addresses several limitations identified in existing short-term load forecasting 

studies, including the limited integration of feature engineering with optimization methods, the 

lack of comparative multi-regional evaluation frameworks, and the relatively small number of 

optimization algorithms investigated for forecasting applications. 

The principal scientific contributions of this dissertation are summarized as follows. 

6.1 Contribution 1: PBO-Based Hyperparameter Tuning Framework for STLF 
The first contribution of this dissertation is the introduction and evaluation of the Polar Bear 

Optimization algorithm for hyperparameter tuning in short-term electric load forecasting models. 

Hyperparameter optimization represents one of the most important factors affecting forecasting 

performance because inappropriate parameter selection can lead to underfitting, overfitting, or 

poor model convergence. Traditional approaches often rely on manual tuning or conventional 

optimization algorithms that may struggle when searching high-dimensional parameter spaces. 

In this research, Polar Bear Optimization was applied for the optimization of Random Forest, 

XGBoost, LightGBM, and Bi-LSTM forecasting models and was compared with Genetic 

Algorithm and Particle Swarm Optimization under identical experimental conditions. 
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The experimental results demonstrated that Polar Bear Optimization achieved competitive and 

frequently superior forecasting performance compared with existing optimization methods. The 

algorithm showed an effective balance between exploration and exploitation and demonstrated 

improved capability for handling complex hyperparameter search spaces, particularly for deep 

learning models. 

To the best of the author's knowledge, this represents the first application of Polar Bear 

Optimization for hyperparameter tuning in short-term electric load forecasting problems. 

The scientific novelty of this contribution lies in: 

• introducing Polar Bear Optimization into the field of short-term electric load forecasting,  

• evaluating the algorithm under multiple datasets and forecasting models,  

• demonstrating its suitability for machine learning and deep learning hyperparameter 

optimization problems.  

The practical significance of this contribution is the development of an automatic and reliable 

optimization procedure capable of improving forecasting accuracy while reducing the need for 

manual parameter tuning. 

6.2 Contribution 2: Development and Use of Crafted Features for STLF 
The second contribution of this dissertation is the development and systematic evaluation of a 

feature engineering framework for short-term electric load forecasting. 

The results of modern forecasting models depend strongly on the quality of input features. Raw 

electricity load data often fail to capture the temporal, seasonal, and contextual information 

influencing electricity demand. Therefore, this research introduced additional features specifically 

designed to represent consumption patterns more effectively. 

The developed feature set included: 

• temporal features,  

• rolling statistical features,  

• expanding statistical features,  

• seasonality indicators,  

• time-of-day indicators.  

The forecasting models were evaluated using both the original feature set and the extended feature 

set containing the developed crafted features. The results consistently demonstrated that feature 

engineering improved forecasting performance across all datasets and forecasting models. 

The scientific novelty of this contribution lies in: 

• developing a common feature engineering strategy applicable across multiple datasets,  

• evaluating the effect of feature engineering under several machine learning and deep 

learning models,  

• demonstrating the interaction between feature engineering and hyperparameter 

optimization.  

The practical importance of this contribution is that it provides a simple and reproducible 

methodology for improving forecasting accuracy without increasing model complexity 

significantly. 
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6.3 Contribution 3: Unified Multi-Regional STLF Evaluation Framework 
The third contribution of this dissertation is the development of a unified multi-regional evaluation 

framework that integrates multiple datasets, forecasting models, feature conditions, and 

optimization methods within one common experimental environment. 

Many previous studies evaluate forecasting methods using only a single dataset or one forecasting 

model, making it difficult to determine whether the obtained results can generalize to different 

geographical regions and electricity markets. 

To overcome this limitation, the proposed framework incorporated three regional datasets: 

• Ontario East,  

• NSW Australia,  

• Central New York.  

Furthermore, the framework included four forecasting models representing different modelling 

approaches: 

• Random Forest,  

• XGBoost,  

• LightGBM,  

• Bi-LSTM.  

The framework also evaluated two feature conditions and multiple optimization algorithms under 

identical experimental conditions (GA, PSO, PBO), allowing direct and unbiased comparison 

between alternative approaches. 

The scientific novelty of this contribution lies in: 

• combining multiple datasets, models, feature conditions, and optimization methods within 

one evaluation framework,  

• enabling direct comparison of the influence of different methodological choices,  

• improving understanding of forecasting model robustness and generalization capability.  

The practical importance of this contribution is the creation of a forecasting framework that can 

be adapted to different electricity markets and smart grid environments without major 

modifications. 
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7. Conclusion 
This research evaluated four forecasting models, three optimization algorithms, and two feature conditions 

across three regional electricity load datasets. 

The results showed that crafted features improved forecasting accuracy across all models and datasets. The 

addition of rolling, expansion, temporal, seasonal, and time-of-day features reduced prediction error and 

improved the ability of the models to follow actual load patterns. The Central New York results showed a 

particularly strong improvement for Bi-LSTM, where the R-squared value increased from 61.38% to 99.7% 

after adding crafted features. 

The hyperparameter optimization results showed that PBO was effective, especially for Bi-LSTM. PSO 

and PBO were comparable for several ensemble model cases, while GA was generally less accurate despite 

lower computational time. Overall, the results confirm that the combination of crafted features and 

metaheuristic optimization can improve short-term electric load forecasting performance. 

In addition to performance comparison, the robustness of the forecasting models was also examined. The 

models were tested using 5-fold cross-validation and sensitivity analysis. The cross-validation results 

showed stable model performance across different parts of the datasets. The sensitivity analysis showed 

that the models were robust under lower Gaussian noise levels up to 0.01, but their tolerance decreased 

when the noise level increased to 0.05 or higher. This robustness evaluation helped assess the stability of 

the proposed forecasting framework beyond normal test-set performance.  
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