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Abstract 
This thesis focuses on developing an accurate electricity consumption forecasting model 

within smart grids by leveraging modern artificial intelligence techniques to enhance energy 

management and improve efficiency in residential environments. The study began with the 

preparation and preprocessing of detailed electricity consumption data for a single household, 

including measurements such as active power, reactive power, voltage, current intensity, and 

consumption from sub-metered appliances. 

Initially, a Long Short-Term Memory (LSTM) neural network model was applied for load 

forecasting. However, after comparative evaluation, the XGBoost model demonstrated superior 

accuracy and performance in reducing prediction errors. Consequently, efforts were 

concentrated on optimizing the XGBoost model through hyperparameter tuning and measure 

the features (using normalization or standardization), resulting in highly accurate forecasts with 

minimal error margins. 

To extend the scope of the research, the model was applied to six different households in a 

specific area, with hourly  and daily predictions performed to provide a detailed and real-time 

view of electricity consumption patterns. This expansion allowed for a comprehensive 

understanding of consumption variability and enhanced the model’s predictive capability. 

In the final phase, an integrated energy management framework was developed based on the 

forecasting results. This framework optimizes the utilization of multiple energy sources 

including solar, wind, battery storage, and the electrical grid  thus enabling efficient energy 

distribution and reducing reliance on the grid when possible. The framework represents a 

significant step towards building intelligent and sustainable energy systems capable of adapting 

to demand fluctuations and maximizing operational efficiency. 

This thesis makes a valuable scientific and practical contribution to the field of smart grids 

by combining AI techniques with energy management strategies. It opens new avenues for 

innovative solutions that support energy sustainability and help reduce environmental impacts 

in the future. 

Keywords:  Smart Grids, Electricity Consumption Forecasting, Energy Management, 

XGBoost Model, Artificial Intelligence (AI), Hyperparameter Tuning 

 



III 

 

 ملخص 

ترُكز هذه الأطروحة على تطوير نموذج تنبؤي دقيق لاستهلاك الكهرباء ضمن الشبكات الذكية، مستفيداً من تقنيات الذكاء  

البحث بمرحلة تجهيز وتحليل البيانات الاصطناعي الحديثة بهدف تحسين إدارة الطاقة وزيادة كفاءتها في البيئات السكنية. بدأ  

الفعالة،  القدرة  لمنزل واحد، حيث تم جمع ومعالجة بيانات مفصلة تشمل قياسات متعددة مثل  الكهرباء  الخاصة باستهلاك 

 القدرة غير الفعالة، الجهد، شدة التيار، وكذلك استهلاك الأجهزة الفرعية في المنزل.

( كنموذج أولي للتنبؤ بالطلب الكهربائي، LSTM)الذاكرة الطويلة القصيرة المدى  تم تطبيق نموذج الشبكات العصبية  

النماذج المختلفة، ظهر تفوق نموذج   المقارنة بين  في تقديم تنبؤات أدق وأداء أفضل من حيث تقليل    XGBoostلكن بعد 

و قياس الميزات )باستخدام  عبر ضبط المعاملات    XGBoostالخطأ. بناءً على ذلك، تم التركيز على تحسين أداء نموذج  

 التنبؤ. اخطاء ، مما أسفر عن نتائج دقيقة جداً تقلل من التطبيع أو التوحيد القياسي(

  لتوسيع نطاق الدراسة، تم تطبيق النموذج على ستة منازل مختلفة في منطقة محددة، مع إجراء التنبؤات على أساس الساعة 

، مما أتاح رؤية مفصلة لاستهلاك الكهرباء في الوقت الفعلي. هذه الخطوة سمحت بتقييم نمط الاستهلاك وتنوعه بين و اليوم

 المنازل، مما يعزز من دقة التنبؤ ويعطي مؤشرات مهمة لإدارة الطاقة. 

إطار عمل متكامل لإدارة مصادر الطاقة المختلفة )كالطاقة الشمسية، طاقة    وُضعفي المرحلة النهائية من الدراسة، تم  

الرياح، البطاريات، والشبكة الكهربائية( استناداً إلى نتائج التنبؤات، مما يساهم في تحقيق توزيع أمثل للطاقة وتقليل الاعتماد 

على الشبكة الكهربائية. هذا الإطار يمُثل خطوة نحو بناء أنظمة طاقة ذكية ومستدامة قادرة على التكيف مع الطلب وتحقيق  

 كفاءة تشغيلية عالية. 

تقدم هذه الأطروحة إسهامًا علميًا وعمليًا مهمًا في مجال الشبكات الذكية، من خلال دمج تقنيات الذكاء الاصطناعي مع 

 . مستقبلًا إدارة الطاقة، مما يفتح آفاقًا جديدة لتطوير حلول مبتكرة تساعد على تحقيق استدامة الطاقة وتقليل الانبعاثات البيئية 

الذكاء الاصطناعي  ،  XGBoostنموذج  ، إدارة الطاقة،  ، التنبؤ باستهلاك الكهرباء  الشبكات الذكية  المفتاحية:الكلمات  

(AI) ، ضبط المعلمات الفائقة 
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General Introduction 

 

Electricity plays a foundational role in the modern world, serving as the lifeblood of both 

domestic and industrial operations. It powers homes, fuels economic growth, supports 

healthcare and transportation, and underpins critical infrastructure. As population growth, 

urbanization, and technological advancements continue to increase energy demand, ensuring a 

stable and efficient electricity supply has become a global challenge. Smart grids have emerged 

in response to this growing demand and complexity. These digitally enhanced power networks 

integrate sensors, data analytics, and two-way communication to better manage electricity 

generation, distribution, and consumption. Smart grids facilitate real-time monitoring, support 

decentralized energy sources, enable demand-side management, and integrate renewable 

energy efficiently [1].

Accurate electricity consumption forecasting lies at the heart of effective smart grid 

management. By predicting future energy demand, utility providers can optimize resource 

allocation, maintain grid stability, and reduce operational waste. Such forecasting also supports 

the integration of renewable energy sources, like solar and wind, whose variability can 

introduce significant grid management challenges. Historically, forecasting methods have 

relied on statistical models such as ARIMA [2], exponential smoothing, and linear regression. 

While these techniques have offered foundational insights, they often struggle with the 

nonlinear and dynamic patterns characteristic of modern electricity consumption [3]. Moreover, 

they typically require substantial manual feature engineering and assume linear relationships, 

limiting their applicability in complex or rapidly changing environments. Artificial Intelligence 

(AI) and Machine Learning (ML) techniques offer a robust alternative [4] variables like 

weather. These data-driven approaches can uncover hidden patterns in large, heterogeneous 

datasets, adapting dynamically to the underlying data. In particular, supervised ML models are 

well-suited for energy forecasting due to their ability to capture nonlinear interactions and 

handle noisy data [5]. 
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Among ML models, ensemble learning, especially gradient boosting techniques like 

XGBoost, has proven particularly effective. XGBoost is a decision-tree-based model that 

iteratively optimizes performance by minimizing prediction errors. It supports regularization to 

prevent overfitting, handles missing data, and allows for efficient parallel processing, making 

it ideal for large-scale time series forecasting. Applying XGBoost to electricity forecasting 

enables a more nuanced understanding of consumption trends. This is especially beneficial 

when working with data from smart meters, which offer high-frequency readings of variables 

such as voltage, current, and usage across specific household zones (e.g., kitchen, laundry). 

These granular data help the model detect subtle usage patterns and temporal fluctuations, 

enhancing forecast accuracy [6]. For consumers, such precision enables better energy 

management, optimizing usage, identifying peak hours, and lowering costs. For providers, it 

translates to improved planning, fewer outages, and more efficient infrastructure use. 

Additionally, policymakers can use these insights to design evidence-based energy regulations 

and promote sustainable technologies. 

However, raw smart meter data often include noise, missing values, and inconsistencies. 

Therefore, preprocessing steps like data cleaning, normalization, and feature engineering are 

essential. Transforming timestamps into meaningful time-based features (e.g., day of the week, 

season, holidays) and incorporating external variables like weather can significantly boost 

model performance [4]. This research leverages a real-world residential dataset to train and 

validate the XGBoost model, evaluating its performance across short-term (hourly) and 

medium-term (daily) forecasts. These temporal levels are chosen for their practical relevance, 

short-term forecasting aids real-time grid management, while medium-term insights support 

capacity planning and operational efficiency. To fine-tune the model, hyperparameter 

optimization techniques such as grid search and Bayesian optimization are employed. These 

methods systematically identify the best model configurations to minimize forecasting errors. 

Performance is assessed using key metrics including Mean Absolute Percentage Error (MAPE), 

Root Mean Square Error (RMSE), and Mean Absolute Error (MAE), which quantify prediction 

accuracy and model reliability.  

Beyond predictive accuracy, the broader value of AI-based forecasting lies in its practical 

utility. In an era marked by urgent climate goals and volatile energy markets, improved demand 

forecasting can accelerate the shift toward renewable energy, reduce carbon emissions, and 

optimize the use of existing infrastructure. More accurate forecasts can also lower operational 

costs and reduce reliance on fossil fuels, especially during peak demand periods. In residential 

settings, predictive models can be integrated into smart home systems to guide energy-efficient 
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behavior. On a larger scale, intelligent energy management systems can automate tasks such as 

adjusting tariffs or activating distributed energy resources based on demand forecasts [7]. These 

applications demonstrate how AI models can enhance both user experience and system-wide 

sustainability. 

Nonetheless, several challenges remain. Issues of data governance, privacy, and 

cybersecurity arise as the energy sector becomes more data-reliant. Ensuring ethical data use, 

obtaining user consent, and safeguarding digital infrastructure are all critical concerns. 

Furthermore, while models like XGBoost offer strong predictive power, their complexity can 

reduce interpretability, a vital factor for stakeholder trust and regulatory compliance. Another 

challenge is the unpredictable influence of external factors such as weather, economic shifts, or 

social events. While many of these can be quantified and modeled, their inherent uncertainty 

limits forecasting precision [8]. Adaptive models capable of learning in real time may help 

address this variability, though such systems bring their own implementation complexities. 

Despite these hurdles, the benefits of integrating machine learning into energy systems are 

substantial. By advancing forecasting capabilities, this research contributes to the 

modernization of power systems and supports the global transition to sustainable energy. AI-

driven models like XGBoost hold the potential to reshape how energy is managed, making 

electricity systems more flexible, efficient, and environmentally friendly. 

This study specifically focuses on the application of XGBoost to residential electricity 

consumption forecasting. Drawing on expertise from both electrical engineering and data 

science, it aims to design a robust, practical model capable of handling the intricacies of real-

world energy data. Through careful data analysis, modeling, and validation, the research 

highlights the potential of intelligent systems to improve grid resilience and promote energy 

sustainability. 

I.1 Motivation and Goal 

The rapid evolution of energy systems into smart grids has intensified the need for accurate 

and adaptive electricity consumption forecasting. Growing urbanization, the integration of 

renewable energy, and the rise of electric vehicles have made electricity demand more variable 

and complex. Traditional forecasting methods, though historically useful, struggle to capture 

the nonlinear and dynamic nature of modern consumption patterns, particularly in residential 

settings where usage is influenced by diverse and unpredictable factors. 

In response to these challenges, machine learning, specifically, ensemble methods like 

Extreme Gradient Boosting (XGBoost), offers a powerful alternative. XGBoost is well-suited 
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for structured time series data, capable of handling missing values, managing large datasets, 

and modeling intricate patterns in electricity usage. Its robust performance and scalability make 

it an ideal tool for forecasting in real-world energy applications. 

This research aims to develop and validate an XGBoost-based model to forecast residential 

electricity consumption at two critical temporal scales: short-term (hourly) and medium-term 

(daily). These timeframes are essential for tasks ranging from real-time grid control and load 

balancing to strategic planning and resource allocation. The model is trained using real-world 

smart meter data, with preprocessing steps to clean and enrich the dataset and hyperparameter 

tuning to ensure optimal performance. 

The overarching goal is to demonstrate how machine learning can enhance energy 

forecasting accuracy, enabling smarter grid operations and more sustainable energy use. By 

providing precise demand predictions, the model supports utilities in decision-making, assists 

consumers in managing consumption, and contributes to broader energy efficiency and climate 

objectives. 

This study is motivated by the dual imperative of improving technical forecasting 

capabilities and supporting societal efforts toward sustainable, resilient, and intelligent energy 

systems. 

I.2 Contribution 

This thesis makes significant contributions to the field of electricity consumption forecasting 

by developing a robust and accurate model based on advanced machine learning techniques. 

Unlike traditional methods that often rely on linear assumptions and require extensive manual 

feature engineering, this research leverages the power of the XGBoost algorithm to capture 

complex, nonlinear patterns inherent in residential electricity usage. The model is designed to 

work effectively even when faced with common data challenges such as missing values and 

noisy observations, which are typical in real-world smart meter datasets. By focusing on both 

short-term (hourly) and medium-term (daily) forecasting horizons, the study addresses practical 

needs across different operational and planning scenarios within smart grid environments. 

Additionally, the integration of supplementary data sources, including weather, socioeconomic 

factors, and time-related features, enhances the predictive accuracy and contextual relevance of 

the model. Comprehensive hyperparameter tuning through Bayesian optimization and grid 

search further refines the model’s performance, ensuring optimal balance between bias and 

variance. The evaluation employs multiple statistical metrics to provide a rigorous assessment 

of forecasting quality. Beyond theoretical advancements, this research offers valuable insights 



Chapter I   General Introduction 

5 

and recommendations for implementing AI-driven forecasting models in real-world energy 

management systems, emphasizing their potential to support sustainable and efficient grid 

operations. Our main contributions in this context are outlined below: 

●     Development of an XGBoost-based forecasting model with advanced data preprocessing 

and feature integration to handle real-world smart grid data complexities. 

●     Application of sophisticated hyperparameter optimization techniques to improve 

accuracy across multiple forecasting horizons. 

●     Comprehensive evaluation and practical recommendations for integrating AI models 

into energy management, supporting improved grid stability and efficiency. 

The findings demonstrate that the proposed XGBoost model is an effective and reliable 

method for improving electricity consumption forecasting in smart grid contexts. 

I.3 Structure of the Thesis 

This thesis is systematically organized into six chapters to provide a clear and coherent flow 

of the research. The first chapter introduces the general background, highlighting the 

importance of electricity consumption forecasting in smart grid environments and outlining the 

motivation and scope of the study. Chapter two delves into the concept of smart grids, exploring 

their architecture, components, and significance in modern energy systems. This sets the 

foundation for understanding the context in which electricity forecasting is applied. 

Chapter three reviews the current state of energy forecasting methodologies, covering both 

traditional statistical approaches and recent advances in machine learning techniques. The 

fourth chapter presents the core contributions of this research, detailing the development of an 

XGBoost-based forecasting model, data preprocessing strategies, and optimization procedures. 

The fifth chapter provides a comprehensive analysis of the results, evaluating the model’s 

performance across different scenarios and discussing its practical implications. Finally, 

chapter six concludes the thesis by summarizing the key findings, addressing the limitations, 

and suggesting future research directions to advance the field further. 
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Smart Grid 
 

The rapid evolution of energy systems on a global scale has underscored the urgent necessity 

for a more intelligent, adaptable, and responsive electrical grid infrastructure. Existing tradi-

tional power grids, many of which were conceived and constructed several decades ago, are 

increasingly ill-equipped to cope with the dynamic demands of modern energy usage. These 

aging systems are under mounting strain due to escalating electricity consumption, stringent 

environmental regulations, and the growing incorporation of distributed energy resources such 

as solar panels, wind turbines, and battery storage systems. In light of these emerging chal-

lenges, the concept of the Smart Grid has gained prominence as a comprehensive and trans-

formative approach. It represents the convergence of advanced digital communication technol-

ogies, real-time data analytics, and automated control mechanisms with conventional power 

systems. The objective is to enhance operational efficiency, ensure higher levels of reliability, 

and support long-term sustainability across the entire energy value chain. This innovative en-

ergy paradigm introduces a new framework for electricity generation, transmission, distribu-

tion, and end-user engagement. By facilitating bidirectional flows of both electricity and infor-

mation, the Smart Grid enables more precise demand forecasting, better integration of renewa-

ble sources, and improved grid stability. As a result, it lays the foundation for a future-oriented 

energy ecosystem that is not only flexible and interactive but also deeply aligned with environ-

mental stewardship and resilience goals. 

II.1 Electric energy system 

One of the most significant scientific and technological breakthroughs that has profoundly 

influenced human civilization and transformed the fabric of modern daily life is the discovery 

and widespread utilization of electricity. From residential lighting and heating to industrial op-

erations and digital communications, electric energy has become an indispensable foundation 

for contemporary society. As global population figures continue to rise steadily and the world 

economy undergoes persistent and accelerated growth, the demand for electrical power is ex-
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periencing a corresponding and substantial surge. This trend reflects the deepening interdepend-

ence between economic development, urbanization, technological advancement, and energy 

consumption patterns. According to projections provided by the International Energy Outlook 

2013 (IEO2013), global net electricity generation is forecasted to increase significantly, from 

20.2 trillion kilowatt-hours (KWh) recorded in 2010 to an estimated 39.0 trillion KWh by the 

year 2040. This dramatic escalation represents a striking 93% growth over the three-decade 

period (Fig II.1) [9]. Such a remarkable increase underscores the urgency for nations and energy 

stakeholders to modernize and expand power infrastructure, enhance generation capacity, and 

adopt more efficient and sustainable practices in electricity production and distribution to meet 

future global energy needs responsibly. 

 
 

Fig II.1: World net electricity generation by energy source, 2010-2040 (trillion kilowatt-hours) [9] 

II.2 Electrical grid operation 

 The electrical grid functions as the essential transportation infrastructure for electrical en-

ergy, facilitating the transfer of power from centralized generation facilities to a vast array of 

residential, commercial, and industrial consumers. This complex network is the backbone of 

modern electricity distribution and is designed to ensure the reliable, continuous, and efficient 

delivery of electric power across extensive geographical areas. Its primary objective is not only 

to transmit energy from power plants to end-users but also to maintain system stability, optimize 

overall performance, and minimize operational disruptions. One of the major technical chal-

lenges within this network is the occurrence of energy losses, a substantial portion of which is 

attributed to Joule losses. These losses are a consequence of the inherent electrical resistance in 

transmission conductors, where energy is dissipated as heat during the flow of current. Mini-

mizing such losses is a priority in grid design and operation; however, reducing resistivity di-

rectly, by employing conductors with larger cross-sectional areas or advanced materials with 
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lower intrinsic resistance, can lead to significant increases in infrastructure costs. Consequently, 

the most practical and economically advantageous strategy involves increasing the transmission 

voltage. By raising the voltage level, the same amount of power can be transmitted with a lower 

current, thereby substantially reducing resistive losses. For this reason, high-voltage transmis-

sion lines are deployed at the output terminals of power generation plants to carry large-scale 

electric power efficiently over long distances.  

 

Fig II.2: Basic structure of the electric power system [10] 

As electricity approaches end-use locations, the voltage is methodically reduced through a 

series of step-down transformers and progressively lower-voltage lines. This hierarchical volt-

age regulation ensures the safe and effective delivery of energy to consumers at appropriate and 

usable voltage levels. The traditional architecture of this electrical energy system is illustrated 

in Fig II.2. 

The electrical grid consists of four subsystems, each corresponding to different voltage lev-

els: generation, transmission, distribution, and consumption. 

● Generation: Electrical energy generation is the process of transforming different types of 

primary energy into electrical energy, typically at medium voltage levels suitable for transmis-

sion and distribution. This fundamental step in the power system chain serves as the starting 

point for delivering electricity to the grid and, ultimately, to the end consumers. The sources 

used for electrical generation are broadly categorized into two principal groups, as illustrated 

in Fig II.3: non-renewable and renewable energy sources. Non-renewable sources comprise 

conventional fuels such as coal, natural gas, fuel oil, and other fossil-based resources, as well 

as nuclear power derived from uranium fission. These sources have historically formed the 

backbone of global electricity production due to their high energy density and established in-

frastructure. However, they are finite in nature and contribute significantly to environmental 

issues such as greenhouse gas emissions and long-term ecological degradation. On the other 
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hand, renewable energy sources are derived from natural processes that are continuously re-

plenished. These include solar energy harnessed through photovoltaic systems, wind energy 

captured via turbines, hydroelectric power generated from moving water, biomass energy from 

organic materials, and marine-based sources such as wave and tidal energy. Renewable sources 

are increasingly favored for their sustainability and minimal environmental impact, playing a 

pivotal role in the transition toward cleaner and more resilient energy systems. The growing 

integration of these diverse energy resources is reshaping the landscape of electricity genera-

tion, necessitating more flexible and adaptive grid technologies to accommodate their variabil-

ity and distributed nature. 

 
https://edukemy.com/blog/sources-of-energy-renewables-and-energy-conservation-upsc-environment-notes/ 

Fig II.3: Energy sources 

● Transmission and Distribution: Transmission and distribution (T&D) networks play a 

vital role in the electrical power system by ensuring the efficient and reliable delivery of elec-

trical energy from generation facilities to end-users. This process spans multiple voltage levels, 

very high, high, and medium, which are carefully selected based on distance, load requirements, 

and system design. As illustrated in Fig II.4, the transmission phase involves the long-distance 

transport of electricity from power plants to substations using very high and high voltage lines, 

which help minimize energy losses by reducing current flow. Once the energy reaches regional 

substations, the distribution phase begins, where the voltage is stepped down to medium levels 

suitable for residential, commercial, and light industrial consumption. This hierarchical struc-

ture ensures that power is delivered safely and efficiently across wide geographical areas, adapt-

ing to the varying electrical needs of consumers. 

The transmission of energy within these networks is conducted primarily through three-

phase alternating current (AC) systems, in which the voltages follow sinusoidal waveforms. 

These systems are preferred due to their ability to deliver consistent power, support heavy loads, 

https://edukemy.com/blog/sources-of-energy-renewables-and-energy-conservation-upsc-environment-notes/
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and allow for more efficient energy conversion. Each phase of the three-phase system is offset 

by 120 degrees, providing a balanced and stable flow of electricity. The key characteristics 

defining these systems include frequency, standardized globally at either 50 Hz or 60 Hz de-

pending on the region, as well as specific voltage ratings that align with international and na-

tional electrical standards. Additionally, the terminal configurations of these systems typically 

follow either delta (Δ) or star (Y) arrangements, each offering distinct advantages in terms of 

grounding, fault tolerance, and load distribution. Together, these design principles enable the 

T&D network to maintain high performance, system stability, and adaptability across diverse 

operating conditions. 

 
https://stanwichenergy.com/insights/new-federal-rule-boosts-renewable-energy-transmission-what-it-

means-for-electricity-costs 

Fig II.4: Transmission and Distribution energy lines 

● Consumption: Electricity consumption across modern economies is generally categorized 

into four primary sectors, each reflecting distinct usage patterns and energy demands. The first 

is the residential sector, which encompasses all forms of housing, from single-family homes to 

multi-unit apartment buildings. This sector utilizes electricity for a variety of everyday appli-

cations, including lighting, space heating and cooling, cooking, refrigeration, and powering a 

wide array of household appliances and electronic devices. As living standards rise and digital 

technologies become more embedded in daily life, electricity demand in the residential sector 

continues to grow. The second sector is the commercial sector, which includes a broad range 

of non-residential buildings such as offices, retail establishments, schools, hospitals, and gov-

ernment facilities. Electricity in this sector is used to power lighting systems, HVAC (heating, 

ventilation, and air conditioning), office equipment, elevators, and various specialized machin-

ery needed for service delivery. Because many commercial buildings operate for extended 

hours or even continuously, their cumulative energy usage is significant. The third category is 

the industrial sector, which comprises activities related to manufacturing, mining, agriculture, 

https://stanwichenergy.com/insights/new-federal-rule-boosts-renewable-energy-transmission-what-it-means-for-electricity-costs
https://stanwichenergy.com/insights/new-federal-rule-boosts-renewable-energy-transmission-what-it-means-for-electricity-costs
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and construction. This sector is typically the largest consumer of electricity due to the high-

power demands of production machinery, process heating and cooling, automated systems, and 

heavy equipment. Electricity is a critical input for maintaining productivity, ensuring quality 

control, and supporting continuous operations in industrial settings. Lastly, the transportation 

sector, while still predominantly reliant on fossil fuels, is experiencing a gradual but notable 

shift toward electrification. This includes the growing deployment of electric vehicles (EVs), 

electric buses, and rail systems powered by electricity from the grid. As technological advance-

ments continue and charging infrastructure expands, the share of electricity in transportation 

energy use is expected to increase steadily. Together, these four sectors provide a comprehen-

sive view of how electrical energy is consumed across different facets of society, shaping policy 

decisions and infrastructure planning for future energy systems. 

 

https://www.nrel.gov/analysis/electrification-futures.html 

Fig II.5: Types of electrical consumers 

Traditional energy grids, while once effective in meeting the demands of earlier industrial 

and residential needs, now face a multitude of significant challenges that render them increas-

ingly inadequate in today’s rapidly evolving energy environment. These legacy systems were 

originally engineered around a linear, one-way model of energy distribution, where electricity 

flows unidirectionally from centralized power generation plants to end-users. This rigid struc-

ture inherently limits operational flexibility and contributes to elevated transmission losses, 

particularly over long distances. The result is a decrease in overall system efficiency, as a con-

siderable portion of the generated energy is lost before it even reaches the consumer. 

One of the major drawbacks of traditional grids is the absence of real-time monitoring and 

control mechanisms. Without the ability to observe and react to changes in the network as they 

occur, utility operators are often slow to detect and respond to system faults. This latency in 

https://www.nrel.gov/analysis/electrification-futures.html
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fault detection can lead to prolonged power outages, decreased service reliability, and higher 

maintenance expenditures due to the reactive rather than proactive nature of repairs. Further-

more, these grids were designed around large, centralized, fossil fuel-based power stations, such 

as coal or gas-fired plants. This centralized configuration poses significant challenges when 

attempting to incorporate decentralized and variable renewable energy sources like solar pho-

tovoltaics or wind turbines, which are often distributed and intermittent in nature. 

The traditional grid’s inability to adapt to these modern energy sources not only hampers the 

integration of cleaner technologies but also exacerbates environmental degradation through 

continued dependence on carbon-intensive generation. High operating costs, compounded by 

aging infrastructure and the need for frequent manual intervention, add to the inefficiencies. 

Additionally, consumers connected to traditional grids typically have little to no insight or con-

trol over their energy consumption, leading to a passive energy use model that lacks engage-

ment or flexibility. These compounding limitations underscore the urgent necessity for a more 

modern, intelligent, and responsive grid infrastructure that can meet contemporary energy de-

mands while supporting sustainability and resilience objectives. 

II.3 Smart grid 

To effectively overcome the limitations and inefficiencies inherent in traditional power sys-

tems, the transition to smart grid technology has emerged as a critical and transformative ne-

cessity. Unlike conventional grids, smart grids are designed to optimize the generation, distri-

bution, and consumption of electrical energy through the use of advanced digital communica-

tion, automation, and control technologies. One of their most defining features is the facilitation 

of two-way energy flow, which allows not only centralized power generation but also decen-

tralized and consumer-based generation, such as rooftop solar panels, to feed electricity back 

into the grid. This bidirectional capability significantly enhances operational flexibility and re-

sponsiveness. 

In addition, smart grids are equipped with real-time monitoring and diagnostics, enabling 

grid operators to detect and respond to faults, load imbalances, and system disturbances almost 

instantaneously. This capability drastically reduces the duration and frequency of power out-

ages, while also lowering maintenance costs through predictive and condition-based servicing. 

The intelligent nature of these grids supports a more seamless integration of renewable energy 

sources, which are inherently variable and geographically distributed. By actively managing 

fluctuations in generation and demand, smart grids ensure a more stable and reliable power 

supply, even as the share of renewables continues to rise. 
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Smart grids also contribute to cost reduction by improving the overall efficiency of energy 

transmission and distribution, minimizing losses and optimizing asset utilization. Beyond tech-

nical benefits, they enhance energy security by making the grid more resilient to cyber threats, 

physical attacks, and natural disasters through decentralized control and advanced encryption 

technologies. Importantly, smart grids place consumers at the center of the energy ecosystem 

by providing access to real-time consumption data, enabling better decision-making and foster-

ing active participation in demand-side management. Smart meters and home energy manage-

ment systems empower users to monitor, adjust, and even automate their energy usage based 

on price signals or environmental preferences. 

Overall, the adoption of smart grid systems marks a decisive step toward a more sustainable, 

resilient, and consumer-centric energy landscape. This modern infrastructure not only addresses 

the shortcomings of traditional grids but also supports long-term energy policy goals related to 

decarbonization, efficiency, and innovation. 

II.3.1 Definition 

A smart grid represents a next-generation electricity network that incorporates advanced dig-

ital technologies to enhance the generation, delivery, and consumption of electrical energy. Un-

like traditional grids, which rely on unidirectional energy flow and limited communication, the 

smart grid enables two-way digital communication between utilities and consumers. This bidi-

rectional communication is fundamental to the system's ability to operate dynamically and re-

spond to real-time conditions. Through the integration of sensors, automation, and sophisticated 

software, smart grids facilitate comprehensive monitoring, analysis, control, and communica-

tion across all segments of the energy supply chain, from power generation to end-use con-

sumption. 

The overarching goal of this intelligent infrastructure is to optimize operational efficiency, 

reduce overall energy consumption, and minimize system costs, all while enhancing the relia-

bility and transparency of the power supply. By enabling the precise tracking of electricity flow 

and system performance in real time, smart grids empower utilities to make informed, data-

driven decisions that prevent failures, balance supply and demand, and ensure grid stability. In 

addition, the system supports automated demand response, dynamic pricing models, and dis-

tributed generation management, all of which contribute to a more flexible and sustainable en-

ergy landscape. 

The development of smart grid technologies was driven by the need to overcome the critical 

limitations of conventional electrical grids, particularly in their inability to integrate variable 
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renewable energy sources, detect faults quickly, or involve consumers in energy management. 

One of the cornerstone components of this modernization effort is the smart meter [11], a device 

that enables accurate, real-time measurement of electricity usage and supports two-way com-

munication between the utility and the user. Smart meters provide detailed consumption data, 

allow for remote metering, and support automated billing and outage notifications. 

This comprehensive transformation influences every stage of the power system, including 

generation, transmission, distribution, and consumption, by embedding intelligence and adapt-

ability into each layer. As a result, the smart grid forms the foundation of a future-oriented 

energy infrastructure that is not only more robust and responsive but also better aligned with 

environmental sustainability and technological innovation. The structure and operation of a 

modern smart grid system are visually represented in Fig II.6. 

 

Fig II.6: Smart grid [11] 

● In the generation part of a smart grid, renewable energy sources like solar and wind are 

increasingly integrated alongside traditional bulk generation methods, such as coal and natural 

gas, to create a more sustainable and diversified energy mix. Because solar and wind output can 

be variable and unpredictable, grid-scale energy storage systems play a vital role by balancing 

the power flow, acting as a source when discharging energy during peak demand or low gener-

ation periods, and as a load when charging during times of excess power. This flexibility helps 

maintain stability and smooth operation of the grid. On the transmission side, the extensive use 

of advanced phasor measurement units (PMUs) enables real-time, wide-area monitoring of sys-

tem conditions, providing operators with detailed, time-synchronized data to quickly detect 

faults or disturbances. This enhanced visibility significantly improves the overall reliability and 
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responsiveness of the grid, making it better equipped to handle the complexities of modern 

electricity networks. 

● On the distribution side, microgrids, small, localized energy networks, are becoming in-

creasingly important for integrating distributed energy resources (DERs) such as rooftop solar 

panels, small wind turbines, and energy storage systems. These microgrids can operate inde-

pendently or connected to the main grid, providing flexibility, improved reliability, and resili-

ence, especially during outages or peak demand periods. Alongside this, the widespread de-

ployment of smart meters will facilitate real-time, two-way communication between utilities 

and consumers, enabling more accurate energy usage monitoring, dynamic pricing, and im-

proved demand management. Together, microgrids and smart meters empower both utilities 

and customers to actively participate in energy management, paving the way for a more effi-

cient, responsive, and decentralized distribution system. 

● On the utilization side, the integration of smart appliances equipped with network-based 

control capabilities is revolutionizing the way consumers interact with the electrical grid. These 

intelligent devices can communicate with the grid to optimize energy usage based on real-time 

price signals, demand response programs, or availability of renewable energy, allowing for 

more efficient and flexible consumption patterns. Additionally, the rapid growth of electric ve-

hicles (EVs) is poised to significantly impact grid dynamics by introducing new, controllable 

loads that can be managed through smart charging infrastructure. EVs not only represent a shift 

toward cleaner transportation but also offer potential benefits such as vehicle-to-grid (V2G) 

services, where parked EV batteries can feed energy back into the grid during peak demand. 

Together, smart appliances and electric vehicles empower consumers to play an active role in 

energy management, fostering a more interactive, efficient, and sustainable energy ecosystem. 

● With the deployment of a smart grid infrastructure, a wide range of innovative applications 

and services are rapidly emerging that aim to enhance energy efficiency, convenience, and sus-

tainability. Among these are smart homes and smart buildings, which leverage advanced sen-

sors, automation, and communication technologies to optimize energy use, improve comfort, 

and reduce costs by intelligently managing lighting, heating, cooling, and appliances based on 

occupancy and user preferences. Microgrids, which are localized energy systems capable of 

operating independently or in coordination with the main grid, provide increased resilience and 

flexibility by integrating distributed energy resources and enabling localized energy manage-

ment. Additionally, automated demand response (DR) programs are becoming increasingly so-

phisticated, allowing utilities to dynamically adjust consumer loads during peak periods 
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through real-time signals and incentives, thereby balancing supply and demand more effec-

tively. These applications collectively demonstrate how smart grid technology is transforming 

the energy landscape into a more adaptive, efficient, and consumer-centric system. 

To better understand the key differences and advancements brought by modern technology, 

Fig II.7 illustrates a detailed comparison between the traditional electrical grid and the smart 

grid. 

 

Fig II.7: Comparison of traditional grid and smart grid 

II.3.2 Smart grid benefits 

Ensuring a secure energy supply within the network brings the issue of energy efficiency to 

the forefront. Consumers also play a crucial role in this process, starting from their subscription 

choices to the efficient delivery of electricity. Subscribers can contribute by selecting energy-

efficient appliances and using them during off-peak hours. Maintaining system-wide balance, 

as defined by the network structure, becomes increasingly evident in this context. By adopting 

more sustainable consumption habits and shifting energy use over time, consumers can enhance 

the longevity of the network and help reduce technical losses, thereby supporting its overall 

efficiency and resilience. 

●      Reliability: Smart Grids have the potential to detect faults in real time and enable self-

healing within the system. The success of a grid largely depends on meeting customer needs, 

which are primarily measured in terms of reliability that is, the ability to provide a continuous, 

error-free supply of electricity [12-13]. Unlike conventional grids, Smart Grids can monitor, 

record, and analyze data to assess and enhance service reliability. They also support remote 
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monitoring and management, particularly beneficial in systems integrating hybrid energy gen-

eration sources. While traditional grids face challenges in integrating renewable resources, mi-

crogrids, and demand response mechanisms, these issues are effectively addressed by Smart 

Grids. With advances in communication technologies, Smart Grids offer significantly improved 

reliability and operational efficiency. 

●      Security: With the rise of automation, remote monitoring and control capabilities have 

become fundamental components of modern grid systems, enabling utilities to manage and op-

timize the electrical network more efficiently and responsively. These technologies allow for 

real-time data collection, fault detection, and automated control actions without the need for 

manual intervention, significantly improving grid performance and reliability. However, the 

increasing reliance on digital communication and interconnected devices also introduces new 

vulnerabilities, exposing the grid to potential cyberattacks [13-14]. Malicious actors can exploit 

weaknesses in the network to disrupt operations, compromise data integrity, or even cause 

widespread outages. Consequently, cybersecurity has emerged as one of the most critical and 

complex challenges in the widespread deployment of smart grid technology. Protecting the grid 

requires robust security protocols, continuous monitoring, and advanced defense mechanisms 

to safeguard the infrastructure against evolving cyber threats while maintaining the benefits of 

automation and connectivity.        

●      Demand side management system: Smart Grids enable two-way communication between 

users and the grid, allowing consumers to actively participate in energy management. This in-

teraction empowers users to utilize electricity more economically and efficiently. Smart Grids 

enhance efficiency not only on the demand side but also at the distribution level. By enabling 

load reduction or shifting during peak periods, Smart Grids help alleviate stress on the system 

[13]. Demand Side Management (DSM) plays a crucial role in this context by allowing con-

sumers to make informed decisions about their energy use. It also assists energy providers in 

reducing peak load demand and reshaping the load profile [15]. DSM strategies include demand 

task scheduling, the use of stored electricity, and real-time pricing mechanisms [16]. While 

DSM increases the operational complexity of the power system and redistributes load, it does 

not necessarily reduce the total energy consumed by appliances. The effectiveness of DSM is 

higher when the system operates near its maximum capacity; conversely, it is less impactful 

when spare capacity is available. Thus, the generation capacity of the grid is a critical factor 

influencing the success of DSM programs [17,18]. 

However, DSM and Demand Response (DR) programs face several barriers. On the consumer 

side, challenges include limited awareness of DR programs, "response fatigue" from tracking 
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frequently changing prices, and long payback periods for smart meter investments [19,20]. On 

the producer side, barriers include unclear responsibilities for promoting DR programs, revenue 

losses from reduced peak usage, and a lack of formal mechanisms to recover initial infrastruc-

ture investments [19,21]. 

Additionally, regional disparities can hinder the development of unified DSM policies in some 

countries [22]. Moreover, a rebound in energy usage following high price signals may lead to 

even higher demand peaks, potentially undermining the goals of DSM [23]. 

●      Metering: Metering plays a crucial role in enabling two-way communication between 

consumers and distributors in the Smart Grid framework. Smart meters not only allow distrib-

utors to im-plement more accurate billing systems, but also empower consumers to monitor and 

manage their electricity usage. These devices are equipped with advanced sensors that facilitate 

au-tomation, power quality monitoring, and real-time outage notifications. Several factors drive 

the adoption of smart meters, including rising electricity prices following market deregula-tion, 

consumer dissatisfaction with conventional services, and mandates for monthly meter-ing [13]-

[24]. In traditional grid systems, communication was primarily handled by Supervi-sory Con-

trol and Data Acquisition (SCADA) systems, which offered centralized monitoring and control 

capabilities at second-level scan rates. However, SCADA systems are not cost-effective across 

various levels of power distribution, particularly at the utility level [25]. 

In contrast, Advanced Metering Infrastructure (AMI) offers a real-time communication solution 

by collecting consumer usage data and establishing a robust network between the grid and util-

ity. AMI plays a pivotal role in modernizing legacy grid systems by bridging consumers with 

distribution networks. It supports a wide range of advanced functionalities, including outage 

management, integration of electric vehicles and smart appliances, monitoring of transformers 

and feeders, and fault detection and isolation [13][26]. 

●      Micro-grids and integration of renewable resources: A microgrid is a small-scale power 

supply network designed to provide electricity to a localized area, such as a small community. 

It enables local power generation to serve local loads and typically incorporates various small-

scale energy sources, making it highly flexible, efficient, and resilient. Con-nected both to local 

generating units and the main utility grid, a microgrid helps prevent power outages by offering 

backup support. Excess power can either be sold back to the utili-ty grid or stored in energy 

storage systems. The size of a microgrid can vary from a few kil-owatts (kW) for residential 

estates to several megawatts (MW) for municipal-scale regions. 

To ensure voltage stability and reduce power losses in the system, several technical solutions 

are available. Among them, Flexible AC Transmission System (FACTS) devices are widely 
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used for reactive power compensation [27]. Deploying renewable Distributed Generation (DG) 

sources near load centers contributes significantly to system stability, minimizes power losses, 

and lowers operational costs [28]. Furthermore, renewable energy sources are more environ-

mentally friendly compared to traditional fossil-fuel-based power plants [29]. 

Optimal planning of DG integration is crucial for enhancing the performance of distribution 

networks. This includes improving voltage stability, reducing losses, increasing system relia-

bility, and ensuring economic viability [30]. In the future, renewable energy is expected to be-

come the primary driver of electricity generation, helping to conserve fossil fuels and reduce 

the environmental impact of conventional power generation. Common renewable energy 

sources include wind, photovoltaic (PV) systems, biomass, nuclear power, and small hydro-

power plants [31]. Among these, solar and wind energy are the most prominent due to their 

natural abundance. 

In this context, a microgrid is defined as a coordinated system of interconnected loads and 

distributed energy resources (DERs) capable of supplying power to neighboring areas. Through 

advanced local power management strategies, microgrids can effectively integrate and coordi-

nate multiple types of renewable and distributed energy technologies. A conceptual diagram 

illustrating the role of a microgrid within a smart grid framework is shown in Fig II.8 [32]. 

 

Fig II.8: A conceptual illustration of a microgrid [32] 

II.3.3 Issues and challenges in smart grids 

 

The smart grid is expected to revolutionize existing electrical grid by allowing two-way 

communications to improve efficiency, reliability, economics, and sustainability of the gener-

ation, transmission, and distribution of electrical power. However, issues associated with com-

munication and management must be addressed before full benefits of the smart grid can be 

achieved. Furthermore, how to maximize the use of network resources and available power, 
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how to ensure reliability and security, and how to provide self-healing capability need to be 

considered in the design of smart grids.   

• battery wearing, low penetration of the Extra Voltages, new battery technologies.  

• costs, consumer engagement.  

• distributed generation in distribution system and distribution system automation.  

• physical security, cyber security, vulnerabilities in metering data.       

 

II.3.4 Smart grid component 

 

There is no specific start of Smart Grid. This concept was start evolving with the start of 

distribution system of electrical networks. By the time different requirements were needed like 

control, monitor, prices and services of transmission and distribution of electrical power. Nor-

mally, Smart Grid implementation is associated with the installation of smart meter. In 1970s 

and 80s they were used to send the information of consumer back to the grid [13]. But the most 

important and fundamental need which is still under consideration even with latest advance-

ment is reliability and efficiency of energy transmission and distribution via electric power grid. 

But in the latest advancement research is undergo that grids and network systems should not 

limit to transmission and distribution but also play a vital role in generating clean and sustain-

able energy in order to reduce greenhouse gases and carbon foot print [13]. It provides its stake-

holder an opportunity to maximize the efficiency, reliability, economic performance and secu-

rity of their electrical network. An overview of its architecture is shown in Fig II.9.         

 

Fig II.9: Overview of Smart Grid design 
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1. Smart devices interface component 

Electronic devices that connect to other devices or networks using a variety of wireless com-

munication protocols and are capable of functioning both interactively with users or other sys-

tems and autonomously without direct human intervention are commonly referred to as smart 

devices. These intelligent devices are essential components within Smart Grid systems, partic-

ularly within the generation segment, where they facilitate continuous monitoring and precise 

control of energy production processes. By enabling real-time data collection, processing, and 

communication, smart devices allow for rapid detection of anomalies, optimization of genera-

tion output, and seamless coordination between distributed energy resources. Their ability to 

operate autonomously while maintaining interactive capabilities ensures that energy manage-

ment is both efficient and adaptive, significantly enhancing overall system performance and 

contributing to the stability and sustainability of modern power grids. 

2. Storage component 

Because renewable energy sources (RES) such as solar and wind are inherently intermittent 

and often do not align with peak energy consumption periods, it is crucial to develop and im-

plement effective energy storage solutions to bridge this gap. Energy storage systems play a 

vital role in improving the reliability and resiliency of both the utility grid and end consumers 

by storing excess energy generated during periods of high production and releasing it during 

times of low generation or high demand. This capability helps to smooth out fluctuations in 

supply and demand, reduce strain on generation resources, and ensure a consistent power supply. 

Several key energy storage technologies have been developed and deployed to meet these needs, 

including flow batteries, which offer scalability and long cycle life; ultra-capacitors, known for 

their rapid charge and discharge capabilities; pumped hydro storage, which leverages gravita-

tional potential energy; superconducting magnetic energy storage, providing high-efficiency 

energy retention; and compressed air energy storage, which stores energy in the form of pres-

surized air for later use. Together, these technologies form a critical backbone for integrating 

renewable energy into modern power systems while maintaining grid stability and performance. 

3. Monitoring and control technology component 

The monitoring and control technology component encompasses a range of advanced de-

vices and systems designed to enhance the operational intelligence of the power grid by ena-

bling features such as self-monitoring, self-healing, predictability, and adaptability in power 

generation and distribution. These smart networks and intelligent devices continuously collect 
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and analyze real-time data, allowing the grid to detect faults, anticipate potential issues, and 

respond autonomously to maintain stability and reliability. By addressing challenges such as 

system instability, congestion, and unexpected disruptions, these technologies significantly im-

prove grid resilience and performance. Their ability to adapt dynamically to changing condi-

tions ensures that energy delivery remains consistent and efficient, even in the face of fluctuat-

ing demand or supply. Collectively, this monitoring and control infrastructure forms a critical 

foundation for the development of modern, robust, and responsive power systems within the 

smart grid framework. 

4. Demand side management component 

Demand Side Management (DSM) and energy efficiency measures are strategic approaches 

aimed at actively modifying consumer electricity demand to achieve several important objec-

tives, including reducing overall operating costs by lessening dependence on costly peak gen-

erators and postponing the need for new capacity additions. By encouraging consumers to shift 

or reduce their energy usage during peak periods, DSM improves the reliability of power gen-

eration and distribution systems, helping to prevent overloads and outages. Additionally, these 

strategies contribute significantly to lowering greenhouse gas emissions by decreasing the op-

eration of fossil-fuel-based power plants during high-demand times. One of the key benefits of 

DSM is its ability to reshape and flatten the utility load curve, smoothing out spikes in electricity 

consumption and creating a more balanced and manageable demand profile. To maximize the 

effectiveness of DSM programs, it is essential to implement standardized protocols that enable 

seamless interaction between utilities and consumers, which is facilitated by two-way commu-

nication technologies embedded within smart grid systems. These communication frameworks 

allow for real-time data exchange and automated demand response, empowering consumers to 

participate actively in energy management while providing utilities with the tools to optimize 

grid performance dynamically. 

II.4 Conclusion 

This chapter has provided a comprehensive overview of the fundamental concepts, key ben-

efits, and notable challenges associated with the development and implementation of smart grid 

technology. Gaining a solid understanding of these foundational elements is crucial as they 

form the basis for more advanced discussions on how to effectively manage and forecast energy 

within modern power systems. Building on this knowledge, the next chapter will focus on crit-

ical topics related to energy management and forecasting techniques, exploring innovative 
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methods and tools designed to enhance operational efficiency, optimize resource utilization, 

and improve the overall reliability of smart grid operations. This progression aims to equip 

readers with a deeper insight into how smart grids can meet growing energy demands while 

supporting sustainability and resilience goals. 
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Household Energy Management 

 
  With the growing global demand for energy and increasing operational costs, energy 

efficiency has become a key concern for energy and environmental experts. Accurate forecast-

ing and effective management of energy consumption in buildings especially those utilizing 

multiple energy sources such as the public grid, solar panels, and private generators are essen-

tial. Artificial Intelligence (AI) provides advanced capabilities for analyzing both historical and 

real-time data, enabling precise prediction of consumption patterns and optimal selection of 

energy sources based on efficiency and cost-effectiveness. This chapter explores the integration 

of such technologies to forecast building energy consumption, with the objective of achieving 

dynamic energy source balancing, reducing reliance on traditional grids, improving energy per-

formance, lowering operational costs, and supporting long-term sustainability. 

III.1 Smart Energy Management in Homes: The Role of AI and Forecasting 

In the face of increasing energy consumption and environmental challenges, effective home 

energy management and forecasting have become essential for promoting energy efficiency 

and sustainability. Unregulated consumption results in resource waste and elevated costs, high-

lighting the need for intelligent solutions grounded in accurate consumption pattern prediction. 

By utilizing Artificial Intelligence (AI) and time-series forecasting models, households can op-

timize energy use, dynamically switch between energy sources, and minimize dependence on 

the public grid during peak demand periods. AI-driven energy management not only enhances 

household efficiency but also contributes to reducing the burden on national power infrastruc-

tures and advancing sustainable development. The integration of predictive technologies into 

residential energy systems represents a critical advancement toward reducing environmental 

impact and lowering operational expenses. 

III.1.1 Effects of unregulated energy consumption 

Home energy management has become a critical necessity in the contemporary era due to 

its significant implications for environmental sustainability, economic savings, and quality of 
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life. Efficient and rational use of electricity and household appliances not only reduces energy 

expenses  thereby alleviating financial pressures on families amid rising electricity prices  but 

also limits harmful emissions such as carbon dioxide, contributing to the mitigation of global 

warming and environmental preservation. Additionally, effective energy management enhances 

appliance efficiency and longevity, reducing maintenance and replacement costs. It further de-

creases stress on power grids during peak demand periods, lowering the risk of outages. Beyond 

these practical benefits, fostering a culture of energy conservation within households promotes 

environmental awareness and social responsibility, which are essential for achieving sustaina-

ble development and preparing society to meet future energy challenges. 

III.1.2 Role of energy management 

The role of energy management systems in residential settings is to systematically monitor 

and regulate energy consumption to optimize the balance between daily demand and resource 

conservation, while minimizing losses and enhancing overall efficiency. These systems analyze 

consumption patterns with an emphasis on peak load periods, promote the integration of high-

efficiency appliances, and implement operational strategies such as deactivating unnecessary 

lighting and disconnecting idle devices. Through these measures, energy management reduces 

operational costs, fosters environmental awareness among occupants, and supports national ob-

jectives for energy conservation and sustainable development. 

 

Fig III.1 Smart Home Energy Management System 

III.2 Energy consumption prediction 

The growing demand for energy, alongside the integration of renewable sources and the 

advancement of smart grid technologies, has heightened the need for accurate energy 
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consumption prediction models. Such predictions play a crucial role in enhancing energy effi-

ciency, facilitating demand-side management, and enabling proactive decision-making within 

energy management systems (EMS) across residential and commercial sectors [33]. As con-

cerns over climate change and resource depletion intensify globally, forecasting energy con-

sumption has become vital for promoting sustainable living and effective infrastructure plan-

ning. 

Energy consumption prediction refers to estimating the amount of energy a system, building, 

or household will require over a specific time period by leveraging historical data, usage pat-

terns, environmental factors, and other relevant variables. Depending on the application and 

operational goals, these predictive models can operate across various time horizons, including 

short-term (e.g., hourly or daily), medium-term (weekly or monthly), and long-term (seasonal 

or annual) forecasts [34]. 

 

Fig III.2 Conceptual Framework of Energy Consumption Prediction in Smart Home Environments 

Advancements in data collection, sensor technology, and computational power have signif-

icantly improved the accuracy of energy consumption modeling and forecasting. Today, Inter-

net of Things (IoT) devices and smart meters provide detailed, real-time consumption data that 

can be utilized to develop mathematical forecasting frameworks or train machine learning mod-

els [35]. Consequently, traditional statistical techniques are increasingly being replaced by more 

adaptable, data-driven approaches such as deep learning, ensemble methods, and hybrid models 

[36]. 

Moreover, by aligning energy supply with predicted demand, consumption forecasting sup-

ports the integration of renewable energy sources. The intermittent nature of renewables such 
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as wind and solar can challenge grid stability, but accurate energy prediction mitigates these 

issues by improving reserve planning and optimizing energy scheduling [37]. 

III.2.1 Necessity 

The increasing complexity of modern energy systems, coupled with the urgent global de-

mand for sustainable development, drives the critical need for accurate energy consumption 

prediction. As energy demand rises alongside urbanization and population growth, forecasting 

consumption trends becomes essential for maintaining system efficiency, reliability, and envi-

ronmental responsibility [38]. Precise consumption forecasts enable utility companies and con-

sumers, particularly in residential and smart home settings, to optimize energy usage and reduce 

operational costs. 

A key factor promoting energy prediction is the transition from conventional power grids to 

smart grids. These advanced systems use real-time data and predictive analytics to dynamically 

balance supply and demand. Without accurate consumption forecasts, demand response strate-

gies lose effectiveness, potentially leading to unstable and inefficient grid operations [39]. En-

ergy providers rely on these predictions to plan generation schedules, reduce reserve margins, 

and minimize energy waste. 

The unpredictable and intermittent characteristics of renewable energy sources further em-

phasize the need for reliable forecasting. Power output from solar and wind sources varies with 

weather conditions and time of day. By integrating forecasts of renewable generation with con-

sumption predictions, grid operators and prosumers can make better-informed decisions regard-

ing energy scheduling and storage [40]. Accurate demand-side forecasting also supports mi-

crogrids and peer-to-peer energy trading models, where decentralized participants depend on 

real-time matching of production and consumption. 

Moreover, decarbonization, efficiency improvements, and clean energy integration are in-

creasingly prioritized in national and international energy policies. Energy consumption pre-

diction underpins essential functions such as modeling carbon emissions, evaluating policy im-

pacts, and supporting environmental reporting frameworks [41]. Governments and energy plan-

ners use these forecasts to set realistic climate targets, guide infrastructure investments, and 

design effective tariff structures. 

III.2.2 Benefits 

Predicting energy consumption offers numerous benefits, including enhanced environmental 

sustainability, economic optimization, and improved technical efficiency. As smart homes and 
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intelligent energy systems become more widespread, and as global energy infrastructures strive 

to meet climate goals while managing increasing demand, these advantages gain even greater 

significance [42]. 

One of the most evident benefits is improved energy efficiency. Predictive models help an-

ticipate usage patterns and enable proactive scheduling of appliances and systems, thereby re-

ducing unnecessary energy consumption. For example, heating and cooling systems can adjust 

temperatures in advance based on occupancy forecasts, time-of-day patterns, and weather con-

ditions, minimizing energy waste without compromising comfort [43]. Over time, such optimi-

zations can substantially lower the total energy consumption of both residential and commercial 

buildings. 

Another important advantage is the reduction of energy and operational costs. Forecasting 

enables users to shift consumption to off-peak periods when electricity prices are lower, taking 

advantage of dynamic pricing schemes. This is particularly relevant in deregulated markets em-

ploying time-of-use tariffs. At the utility level, prediction aids in peak shaving and load level-

ing, reducing reliance on expensive standby generation and excess infrastructure capacity [44]. 

Prediction models also enhance power system reliability. By anticipating consumption fluc-

tuations and demand spikes, energy providers can better prepare to avoid grid overloads and 

blackouts [45]. Additionally, forecasting supports more effective local energy management in 

smart homes, especially when integrated with renewable energy sources or battery storage, fos-

tering greater energy independence and system resilience. 

 

Fig III.3 Comparison of actual vs predicted energy consumption (1 week) [46] 
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Additionally, predictive analytics provide consumers with personalized energy insights by 

transforming raw data into actionable information. By analyzing consumption patterns, these 

systems offer tailored recommendations to reduce usage, set consumption targets, or identify 

inefficiencies [47]. This not only promotes energy-conscious behavior but also empowers users 

to make informed decisions. Various prediction models, such as GRU, LSTM, TCN, and 

NBEATS, demonstrate different levels of accuracy in capturing actual consumption trends, as 

shown in Fig III.3. While traditional models like LSTM provide a solid predictive foundation, 

interpretable models enhance transparency and build consumer trust key factors for successful 

adoption in smart home environments. 

III.3 Techniques Used 

Recent advancements in data-driven methodologies and computational power have signifi-

cantly transformed the field of energy consumption prediction. A wide array of techniques 

ranging from traditional statistical models to advanced machine learning (ML) and deep learn-

ing (DL) approaches are now employed to forecast energy usage across different time horizons 

and levels of detail [48]. These methods are especially vital in connected infrastructures and 

smart homes, where they support adaptive and responsive energy management systems. 

Historically, energy prediction has relied on time series forecasting models such as seasonal 

decomposition, autoregressive integrated moving average (ARIMA), and exponential smooth-

ing. These traditional approaches perform well when consumption patterns exhibit strong peri-

odicity and limited nonlinearity [49]. However, in more complex, dynamic settings where fac-

tors like occupancy, weather variability, and user behavior introduce non-stationary elements 

the effectiveness of these models declines. 

To address the limitations of traditional methods, machine learning (ML) and artificial in-

telligence (AI) techniques have been widely adopted in energy consumption prediction. These 

approaches offer greater flexibility and adaptability, especially models such as regression trees, 

support vector machines (SVM), and ensemble methods, which are effective at uncovering pat-

terns in large, high-dimensional datasets. In recent years, deep learning models have demon-

strated superior performance in capturing complex temporal dependencies in energy usage data. 

Notable examples include recurrent neural networks (RNN), long short-term memory networks 

(LSTM), gated recurrent units (GRU), temporal convolutional networks (TCN), and Trans-

former-based architectures [50]. 
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Hybrid models are also gaining traction, combining the strengths of different approaches to 

deliver more accurate and robust predictions. For instance, deep learning components can cap-

ture short-term variability, while statistical methods may be used to model long-term trends 

[51]. Some hybrid frameworks further enhance interpretability by integrating domain 

knowledge or incorporating physical system models, which is particularly valuable in regula-

tory or consumer-facing applications. 

The choice of predictive technique often depends on several contextual factors, including 

data availability, computational constraints, application setting, and forecasting objectives. For 

example, real-time applications in smart homes may require lightweight, low-latency models, 

while long-term utility planning might prioritize scalability and interpretability. As energy sys-

tems become increasingly decentralized and data-rich, the demand for scalable, transparent, and 

adaptive prediction solutions will continue to grow. 

The following subsections provide a detailed examination of the two main categories of pre-

diction techniques: traditional time series forecasting and advanced machine learning/artificial 

intelligence methods. 

III.3.1 Time Series Forecasting 

Time series forecasting has long served as a foundational approach for estimating energy 

consumption, particularly in structured environments where historical usage exhibits clear tem-

poral regularities. These models predict future values based on sequences of past observations, 

typically under the assumption that key patterns such as seasonality and autocorrelation persist 

over time [52]. 

Among the most widely used classical methods is the Autoregressive Integrated Moving 

Average (ARIMA) model, renowned for its ability to capture autoregressive (AR) and moving 

average (MA) components, along with differencing techniques to ensure stationarity [53]. 

ARIMA is especially effective in short- to medium-term load forecasting scenarios, where lin-

ear temporal dependencies are prominent in the historical data. Its seasonal extension, the Sea-

sonal ARIMA (SARIMA) model, further enhances performance in contexts with recurring fluc-

tuations, such as the daily or weekly cycles typical of residential electricity usage. 

Another commonly employed technique is Exponential Smoothing (ETS), which assigns 

exponentially decreasing weights to older observations, thus emphasizing more recent data. 

This approach is particularly useful in dynamic settings where recent consumption trends are 

more relevant than distant historical patterns. Hybrid variants like Holt-Winters exponential 
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smoothing, which incorporates components for level, trend, and seasonality, strike a practical 

balance between simplicity and accuracy, making them popular in real-world building energy 

management systems [54]. 

Despite their computational efficiency and ease of interpretation, classical time series mod-

els often struggle to capture nonlinear dynamics, sudden behavioral shifts, and the influence of 

exogenous variables such as weather conditions, occupancy patterns, and appliance usage. To 

address these limitations, multivariate time series models such as Vector Autoregression (VAR) 

and State-Space Models have been proposed, allowing the incorporation of multiple input fea-

tures [55]. However, these models still face scalability challenges and often rely on assumptions 

of linearity, making them less suitable for complex, high-dimensional smart home data. 

Nonetheless, classical time series models remain valuable, particularly in resource con-

strained environments where low computational overhead, transparency, and minimal data pre-

processing are priorities. Models like ARIMA continue to serve as standard benchmarks in 

forecasting tasks, and many modern machine learning approaches are evaluated against their 

performance. 

Emerging research trends also highlight efforts to hybridize classical time series methods 

with machine learning techniques, aiming to leverage the strengths of both linear trend model-

ing and nonlinear pattern recognition. For instance, hybrid models such as ARIMA-LSTM and 

SARIMA-ANN have been explored to enhance predictive accuracy while preserving interpret-

ability and domain relevance [56]. 

III.3.2 Artificial Intelligence and Machine Learning 

Artificial Intelligence (AI) and Machine Learning (ML) have revolutionized energy con-

sumption prediction by introducing flexible, data-driven methods capable of learning from 

high-dimensional datasets, adapting to complex environments, and modeling nonlinear rela-

tionships. Unlike traditional statistical approaches, which often depend on assumptions of lin-

earity and stationarity, ML models excel in real-world smart home settings characterized by 

behavioral variability, irregular usage patterns, and external influences such as weather condi-

tions and dynamic pricing schemes [57]. 

AI-driven approaches are particularly effective in capturing both short-term fluctuations and 

long-term consumption trends by leveraging historical data, contextual variables, and real-time 

sensor inputs. These models employ both supervised and unsupervised learning strategies such 

as clustering for usage pattern discovery and regression-based methods including decision trees, 
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support vector machines (SVM), and ensemble techniques like Random Forest and Gradient 

Boosting to provide robust predictive capabilities [58]. 

More recently, deep learning architectures have emerged as dominant tools for time series-

based forecasting due to their ability to model complex temporal dependencies. Architectures 

such as Long Short-Term Memory (LSTM), Transformer models, and Convolutional Neural 

Networks (CNN) have demonstrated superior performance in capturing sequential dynamics at 

high temporal resolution [59]. 

In addition to enhancing forecasting accuracy, AI and ML models also offer advantages in 

terms of scalability, real time adaptability, and seamless integration with Internet of Things 

(IoT) infrastructures and Home Energy Management Systems (HEMS). The subsequent sec-

tions examine the two principal subcategories within this domain classical machine learning 

and deep learning each with its own strengths and limitations in the context of energy consump-

tion prediction. 

1. Classical Machine Learning Techniques 

Due to their interpretability, robust performance on structured data, and relatively low com-

putational requirements, classical machine learning (ML) techniques have been extensively 

adopted for energy consumption prediction. These models typically employ supervised learning 

approaches to forecast future energy usage based on various input features, including temporal 

indicators, meteorological data, occupancy status, and appliance level consumption. 

Support Vector Machines (SVMs), particularly in their regression form known as Support 

Vector Regression (SVR), have been widely used in this context. SVR demonstrates strong 

generalization capabilities, making it especially effective for forecasting tasks involving noisy 

data and complex nonlinear relationships [60]. 

Decision tree-based ensemble methods, such as Random Forest (RF) and Gradient Boosted 

Trees (GBT), are also prominent in energy prediction. These techniques build multiple weak 

learners and aggregate their outputs to enhance predictive accuracy. While RF is well-suited 

for handling multicollinearity and missing data, gradient boosting methods like XGBoost and 

LightGBM have consistently outperformed more complex models in benchmarking studies due 

to their high accuracy, scalability, and efficient training time [61]. 

Other classical techniques include Multilayer Perceptrons (MLPs) and k-Nearest Neighbors 

(k-NN). Although MLPs are a type of shallow neural network, they are often grouped with 

classical ML methods because of their relatively simple architecture. These methods, however, 
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typically lack the ability to model temporal dependencies unless augmented with time-series 

features [62]. 

A significant advantage of classical ML models lies in their capacity to incorporate domain 

specific knowledge through feature engineering. Careful feature selection and preprocessing 

such as encoding time of day, holidays, and weather indicators are critical to improving model 

accuracy. This flexibility allows for the development of customized, context specific prediction 

models, making classical ML a practical choice for both residential and commercial energy 

forecasting applications. 

2. Deep Learning Architectures 

Deep learning (DL) has emerged as a transformative approach in energy consumption pre-

diction due to its ability to model complex temporal dependencies, nonlinear relationships, and 

multivariate input sources without extensive manual feature engineering. This capability is par-

ticularly valuable in smart home environments, where energy usage data is often sequential, 

noisy, and influenced by diverse contextual factors such as occupancy patterns, weather varia-

tions, and behavioral dynamics [50]. 

Among the most widely adopted DL models are Recurrent Neural Networks (RNNs) and 

their advanced variants Long Short-Term Memory (LSTM) and Gated Recurrent Units (GRU). 

These architectures are specifically designed to process sequential time-series data by main-

taining a memory of past inputs. LSTM networks, in particular, have demonstrated strong per-

formance in short- to medium-term forecasting, owing to their ability to retain long-term de-

pendencies and mitigate issues such as vanishing gradients [51]. 

Another notable deep learning architecture gaining traction in the field is the Temporal Con-

volutional Network (TCN). TCNs utilize dilated causal convolutions to model sequential de-

pendencies while enabling parallel computation and reduced training times compared to RNN-

based models. Importantly, TCNs preserve the temporal order of input sequences and are capa-

ble of capturing both short-term fluctuations and long-range temporal dependencies. These at-

tributes make TCNs a compelling alternative to recurrent models for energy forecasting appli-

cations [63]. 

Recent advancements in energy consumption forecasting have been significantly influenced 

by the adoption of Transformer-based architectures, originally developed for natural language 

processing tasks. These models leverage self-attention mechanisms to capture dependencies 

across all elements in a sequence, irrespective of their relative positions. This allows 
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Transformers to learn global temporal patterns more effectively than traditional recurrent mod-

els. As a result, they have shown superior performance in multi-horizon forecasting and multi-

variate time series prediction, often outperforming LSTM and GRU architectures in terms of 

both accuracy and scalability [64]. 

Furthermore, to simultaneously utilize spatial and temporal information, hybrid deep learn-

ing models that blend several architectures, like CNN-LSTM or Transformer-GRU, have been 

proposed. These hybrids have been incorporated into smart grid and residential HEMS plat-

forms and are especially useful for integrating auxiliary data (such as weather, occupancy, and 

pricing signals) [65]. 

DL models necessitate substantial computational resources, sizable labeled datasets, and me-

ticulous hyperparameter tuning despite their high predictive power. Furthermore, energy sys-

tems may face difficulties with interpretability and regulatory compliance due to their "black-

box" nature. Recent studies have addressed this by concentrating on explainable AI (XAI) strat-

egies that use model-agnostic interpretation techniques, attention mechanisms, or SHAP values 

to shed light on model decisions. 

 

Fig III. 4 Deep Learning Workflow for Energy Consumption Prediction: Data Sources to Model 

Evaluation [66] 
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In conclusion, deep learning architectures offer strong instruments for precise and expanda-

ble energy consumption prediction. They are positioned as a key component of next generation 

energy management systems due to their capacity to independently extract features and com-

prehend complex temporal patterns. 

III.4 Literature review 

In this section, we will try to highlight the latest work carried out on AI-based electricity 

consumption prediction using a time series forecasting model. Therefore, due to the many mod-

els used, we will try to divide this overview into two parts. The first concerns ML methods, 

while the second part presents methods based on deep learning (DL). Moreover, we have relied 

on these referenced studies to compare and validate the results we obtained in our own research. 

In [67] developed four statistical models: multiple linear regression (MLP), support vector 

machine (SVM) with a radial kernel, random forest (RF), and gradient boosting machines 

(GBMs). The study began with data analysis involving energy consumption aggregation, appli-

ance-level consumption measurement, correlation analysis via pairs plots, hourly heatmaps, and 

variable importance assessment. All models were trained using tenfold cross-validation to se-

lect the best performer. Testing on the passive house planning dataset showed that the GBM 

model outperformed others, achieving the lowest errors in RMSE (0.665), MAPE (0.389), and 

MAE (0.352). 

In another machine learning study, Wu et al. in [68] proposed a boosting-based framework 

using multiple kernel learning regression for short-term load forecasting. Their approach first 

applies boosting to train multiple kernel regressors and then extends this framework to transfer 

learning, considering both homogeneous and heterogeneous transfer scenarios. Experiments on 

residential datasets (Open EI and UCI) demonstrated that leveraging knowledge from other 

households significantly reduces forecasting errors. 

The time series forecasting model in [69] combines Kernel Principal Component Analysis 

(KPCA) and Support Vector Machine (SVM) to predict electricity consumption. KPCA is used 

for feature selection and dimensionality reduction, while SVM performs the prediction. The 

process includes data preprocessing steps such as decomposition and normalization, followed 

by KPCA-based reduction. The model forecasts electricity consumption 30 minutes ahead, 

achieving strong performance with MAE of 11.48 and RMSE of 13.86. 

Moon et al. [70] proposed a hybrid electric load forecasting model for an educational build-

ing complex by combining Random Forest (RF) and Multilayer Perceptron (MLP). They used 
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six years of electrical load data from a college campus and performed preprocessing steps in-

cluding temperature adjustment and consumption estimation for one week and one year ahead. 

Various configurations of RF and MLP were evaluated using cross-validation. Experimental 

results on daily power consumption data from a Korean university showed strong forecasting 

performance, achieving MAPE of 1.143 and RMSE of 2.946. 

With the rise of deep learning (DL) and its success across various fields, researchers have 

applied these techniques to electricity consumption forecasting. Rajabi and Estebsari [71] pro-

posed a deep learning model based on convolutional neural networks (CNN) to predict individ-

ual loads. Their method encodes time series data into recurrence plot images, which are then 

processed by a CNN to generate predictions. For comparison, support vector machine (SVM) 

and artificial neural network (ANN) models were also tested on the same dataset. Experiments 

on the UCI dataset showed that the CNN-based model outperformed SVM and ANN, achieving 

MAE of 0.59 and RMSE of 0.79. 

Tang et al. [72] proposed a multilayer bidirectional recurrent neural network (BRNN) com-

bining long short-term memory (LSTM) and gated recurrent unit (GRU) to improve short-term 

power load forecasting. Data preprocessing included normalization to scale features uniformly. 

The BRNN model was tested on the EUNITE and Weather datasets. Results demonstrated im-

proved forecast accuracy and reduced fluctuation, achieving MAPE of 1.90 and RMSE of 

16.044. 

Sajjad et al. [73] proposed a novel hybrid model combining convolutional neural networks 

(CNN) and gated recurrent units (GRU) for short-term residential load forecasting. The input 

data were first normalized using min-max scaling to address nonlinearity. The model extracts 

spatial features via CNN and captures temporal dependencies through a multilayer GRU. Eval-

uated on the Appliances Energy Prediction (AEP) and IHEPC datasets, the model achieved 

strong performance with MAE of 0.31 and RMSE of 0.24 on the AEP dataset. 

 Authors in [74] proposed a framework combining deep learning and supervised machine 

learning for electricity consumption prediction. Feature selection was performed using Random 

Forest (RF) and Extreme Gradient Boosting (XGBoost) to assess feature importance. Two en-

hanced models were developed: SVM optimized with Gray Wolf Optimization (SVM-GWO) 

and CNN-GRU optimized with Earth Worm Optimization (CNN-GRU-EWO), where the opti-

mization algorithms tuned the hyperparameters of SVM and CNN-GRU, respectively. 
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Experimental results showed that the proposed approach improved efficiency by 7% and 3% 

compared to state-of-the-art methods. 

Elattar et al. [75] proposed a method combining locally weighted support vector regression 

(LWSVR) with a modified grasshopper optimization algorithm (MGOA). The MGOA was en-

hanced using chaotic initialization and a sigmoid decrement criterion to better tune LWSVR 

parameters. The method was evaluated on six datasets, including New York, Victoria, EKPC 

area, CEFCom, ISO New England, and microgrid datasets. Results showed high prediction ac-

curacy on the ISO New England dataset, achieving a MAPE of 1.67 and MAE of 0.89. 

Khan et al. [76] developed a hybrid model combining convolutional neural networks (CNN) 

with an LSTM autoencoder (LSTM-AE) to predict electricity consumption in residential and 

commercial buildings. The preprocessing step applied various scaling and transformation tech-

niques to handle nulls, redundancies, and outliers. During training, CNN extracted features 

from the processed data, which were then encoded by an LSTM encoder over four-time steps. 

The encoded sequences were decoded by another LSTM, followed by a dense layer producing 

the final prediction. Experimental results demonstrated strong performance, with RMSE of 

0.47, MAPE of 0.76, and MAE of 0.31. 

III.5 Challenges of home energy management 

Home energy management systems (HEMS) face numerous obstacles that prevent their 

widespread implementation and long-term efficacy, even in the face of the increasing use of 

smart technologies and sophisticated forecasting models. The nature of data on energy con-

sumption, system interoperability issues, unpredictable user behavior, and the difficulty of in-

tegrating various energy sources are some of the causes of these difficulties. 

The quality and heterogeneity of input data are among the most basic challenges, as they can 

have a big influence on how well energy prediction models work. Large amounts of data are 

produced by smart meters and sensors, but because of hardware constraints or communication 

issues, these data are frequently noisy, insufficient, or inconsistently sampled. Additionally, 

contextual metadata, such as occupancy patterns or appliance level disaggregation, that are es-

sential for precise demand forecasting are frequently absent from datasets [77]. 

The absence of standardized frameworks for system integration and data sharing is another 

serious problem. Numerous platforms and devices, frequently from various vendors with pro-

prietary protocols, are found in residential settings. The smooth communication between energy 

storage devices, smart appliances, and renewable energy sources like home batteries or rooftop 
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solar is hampered by this fragmentation [78]. Consequently, it becomes challenging to coordi-

nate across the energy ecosystem in an optimal manner. 

Security and privacy issues also pose a significant obstacle. Data on energy use can provide 

personal insights into lifestyle trends and household behavior. It is still difficult to guarantee 

that HEMS protect data privacy and adhere to privacy laws (like the GDPR) without sacrificing 

functionality [79]. 

From the standpoint of the user, HEMS's effectiveness is greatly influenced by behavior 

variability and engagement. Strategies for energy management must adjust to changing user 

preferences, lifestyle modifications, and unanticipated activities that affect consumption trends. 

Furthermore, users might be hesitant to embrace or regularly use these systems in the absence 

of adequate incentives or user-friendly interfaces [80]. 

Finally, the intermittent nature of distributed and renewable energy resources makes their 

integration more difficult. Real-time supply and demand predictions are essential for systems, 

necessitating sophisticated optimization and control techniques in the face of uncertainty. This 

necessitates scalable, resilient algorithms that can function in decentralized, dynamic environ-

ments [81]. 

 

Fig III.5 Challenges in Home Energy Management 

These difficulties highlight how crucial it is to create secure, flexible, and intelligent energy 

management systems that can operate in a wide range of unpredictable and dispersed residential 
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settings. Two particularly important technical obstacles are examined in the ensuing subsec-

tions: the need for smarter systems and data-related constraints. 

III.5.1 Data accuracy and diverse energy sources 

Since prediction models, control strategies, and optimization algorithms all rely on clean, 

timely, and granular data, data accuracy is essential to dependable home energy management 

systems (HEMS). However, the inherent variability in energy consumption and the technical 

limitations of the existing data acquisition infrastructure make it difficult to achieve high data 

fidelity in residential settings. 

Despite being widely used, smart meters frequently have low sampling frequency, commu-

nication delays, or missing values, which restrict the energy management system's responsive-

ness and resolution. Poor network connectivity, data buffering, or storage limitations in edge 

devices could be the cause of these problems. For example, smart meters usually record interval 

data every 15 to 60 minutes, which is not enough to detect abrupt changes in consumption 

patterns or events at the appliance level [82]. 

Furthermore, the modeling process is made more difficult by data heterogeneity. Different 

households may use a combination of battery storage, solar photovoltaic (PV) systems, conven-

tional grid power, and even electric cars. Complex load profiles are produced by these various 

and frequently sporadic energy sources, necessitating highly adaptive and context-aware pre-

diction models. For instance, weather, shading, and panel orientation all affect solar generation, 

adding even more unpredictability to energy balancing [83]. 

 

Fig III.6 Smart Home Energy management system energy sources 
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The problem of inconsistent data is made worse by the incorporation of renewable energy 

sources into HEMS. Renewable energy systems don't offer a steady or predictable power supply 

like conventional sources do. As a result, precise generation and consumption forecasting be-

comes crucial. Due to insufficient temporal granularity or incomplete datasets, many systems 

are unable to effectively handle this dual prediction requirement [79]. 

Furthermore, fragmented data pipelines result from a lack of standardized data formats and 

interfaces across various platforms and devices. Implementing unified monitoring and control 

strategies is challenging due to interoperability restrictions imposed by proprietary protocols 

and closed-source APIs. Machine learning and artificial intelligence models are unable to gen-

eralize across households or geographical areas as a result of this fragmentation [78]. 

Lastly, one of the biggest obstacles to training high-performance models is still labeling and 

annotating energy data, particularly at the device or appliance level. Detailed disaggregated 

datasets are uncommon and usually produced in controlled settings, which restricts their use in 

practical implementations. 

III.5.2 Smart systems needed 

Smarter, adaptive systems that transcend static rule-based controls are desperately needed to 

handle the complexity and dynamism of residential energy environments. For modern Home 

Energy Management Systems (HEMS) to balance energy consumption, user comfort, and sus-

tainability goals, they must integrate real-time analytics, self-learning capabilities, and autono-

mous decision-making frameworks [84]. Context-aware automation, AI algorithms, and strong 

communication frameworks that can handle diverse devices and decentralized energy sources 

must all be integrated to achieve this.  

 

Fig III.7 Functional Ecosystem of Smart Systems in Home Energy Management 
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Furthermore, the quick adoption of electric vehicles (EVs) and renewable energy systems 

necessitates that HEMS become pro-active rather than reactive, capable of anticipating shifts 

in generation or consumption and making the necessary adjustments. 

Smart systems need to be user-centric, interoperable, scalable across various home configu-

rations, and technically advanced in order to meet these requirements [85]. To effectively real-

ize such systems, several core features and capabilities are essential, including the following: 

● Real-Time Data Processing: Energy generation and consumption patterns must be continu-

ously monitored by smart systems. By processing data closer to the source, edge or fog com-

puting lowers latency and makes it possible to instantly modify load balancing or device oper-

ation in response to changes in the environment or user behavior. 

● Artificial Intelligence Integration: By combining machine learning (ML) and deep learning 

(DL) approaches, HEMS can predict energy consumption, identify irregularities like equipment 

malfunctions or sudden spikes in load, and automatically optimize appliance schedules. In order 

to learn temporal patterns and respond adaptively, models such as LSTM, CNNs, and reinforce-

ment learning are especially helpful. 

● Demand Response Capabilities: In response to pricing signals or grid demands, smart sys-

tems should take part in utility-driven demand response (DR) programs, which temporarily 

move or reduce electricity use during peak hours. In addition to lowering consumer electricity 

bills, this stabilizes the grid. 

● Interoperability: It is crucial to ensure smooth integration across HVAC, lighting, renewable 

energy systems, and storage units due to the large number of device manufacturers and com-

munication standards available on the market. Widely used protocols like ZigBee, Z-Wave, 

MQTT, and BACnet must be supported by smart HEMS in order to facilitate cross-platform 

communication and flexible expansion. 

● User Interaction & Personalization: User engagement is a key component of long-term 

success. User-friendly dashboards and smartphone apps that provide energy usage data, alerts, 

and tailored recommendations based on comfort and lifestyle choices should be a feature of 

smart systems. Changes in occupancy or routines should also be accommodated by adaptive 

control settings. 

● Resilience and Scalability: Future-proof HEMS designs ought to be able to grow from a 

single home to whole residential complexes. They must also use secure, redundant 
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communication channels and self-healing mechanisms to continue operating even in the event 

of data loss, cyberattacks, or hardware malfunctions. 

III.6 Impact of home energy management 

The way residential energy is used, managed, and optimized has completely changed with 

the introduction of Home Energy Management Systems (HEMS). Intelligent, automated man-

agement at the home level becomes critical as energy demands rise as a result of the widespread 

use of smart devices, electric vehicles, and decentralized energy generation. To optimize energy 

use in real-time, HEMS integrates a number of technologies, including energy storage systems, 

smart meters, Internet of Things devices, and predictive analytics [86]. There are significant 

advantages in terms of the economy, environment, and infrastructure as a result. 

Economically speaking, HEMS give users comprehensive information about their patterns 

of energy use and enable them to modify their usage habits in response to demand projections, 

appliance schedules, and dynamic pricing signals. When combined with demand-side manage-

ment and involvement in utility demand response programs, this degree of optimization results 

in lower electricity costs [87]. Additionally, HEMS serve as centralized control units that coor-

dinate photovoltaics, batteries, and electric vehicles (EVs) for optimal efficiency and financial 

return as residential energy systems grow more complex. 

 

Fig III.8 Concepts of multiple HEMS benefits at the household, community, and utility levels 

By increasing energy efficiency and promoting the use of renewable energy sources, HEMS 

considerably lowers greenhouse gas emissions. These systems reduce dependence on fossil 

fuel-powered grids during peak hours by strategically scheduling loads and balancing local 
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generation with storage. Moreover, HEMS improves grid stability, permits improved peak load 

management, and lessens the need for expensive infrastructure upgrades when deployed on a 

large scale. 

HEMS support the creation of energy-resilient communities and smart cities on a societal level. In 

addition to promoting sustainable consumption among users, the data they produce aids in the develop-

ment of energy policies and urban planning [88]. Households can actively participate in a cleaner and 

more intelligent energy ecosystem by using user-centric interfaces and real-time feedback. 

To delve deeper into these advantages, the following subsections explore two of the most measurable 

impacts: long-term cost reduction and carbon footprint mitigation. 

III.6.1 Long-term costs reduction 

The possibility of significant long-term cost savings is one of the most alluring benefits of 

installing Home Energy Management Systems (HEMS). With the help of these systems, home-

owners can track, evaluate, and optimize their energy use in real time, which eventually results 

in financial gains. In both regulated and deregulated energy markets, HEMS enables users to 

minimize electricity bills by reducing overall demand, shifting energy usage to off-peak hours, 

and preventing needless energy waste through both passive and active control strategies. 

One of HEMS's primary cost-cutting strategies is load shifting, in which the system plans 

energy-intensive tasks (like running water heaters, dishwashers, or EV chargers) for when elec-

tricity prices are at their lowest. This is especially advantageous in smart grids that use real-

time pricing models or in time-of-use (TOU) pricing environments. HEMS can also avoid ex-

pensive peak-period tariffs by using predictive algorithms to predict periods of high demand 

and modify device operation accordingly [89]. 

Additionally, HEMS can control the best possible use of locally produced power when 

homes incorporate renewable energy systems like energy storage devices and rooftop solar pan-

els. This greatly lessens dependency on utility-supplied electricity by storing extra solar energy 

for later use or giving self-consumption priority during periods of peak grid pricing. HEMS can 

even identify the most economical times to export energy back to the grid in are-as with feed-

in tariffs or net metering regulations, giving homeowners access to an extra source of income 

[90]. 

The automated identification of inefficiencies and malfunctioning equipment also contrib-

utes to long-term savings. In order to detect unusual energy use or appliance malfunctions, 

smart HEMS platforms employ pattern recognition and historical consumption data. To avoid 
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prolonged inefficiency or equipment failure, the system can, for instance, automatically initiate 

maintenance procedures or notify the homeowner if a refrigerator starts using more power than 

usual. 

Even modest daily optimizations made possible by HEMS add up to significant financial 

results over time. Depending on the degree of behavioral adaptation and renewable integration, 

households utilizing AI-based HEMS saw yearly energy bill reductions of 15% to 30% [90]. 

Households with flexible loads, like heat pumps, HVAC systems, and electric vehicle chargers, 

or those with high energy consumption will see the biggest savings. 

Furthermore, long-term cost savings extend beyond individual users. More generally, the 

use of HEMS lowers peak loads and overall grid demand, which can postpone costly grid in-

frastructure upgrades and lower the cost of electricity supply for all customers. HEMS will be 

essential to enabling economically viable energy ecosystems as energy markets continue to shift 

toward decentralized, consumer-driven models. 

III.6.2 Reducing the carbon footprint 

Apart from their financial benefits, one of Home Energy Management Systems' (HEMS) 

most significant contributions is their ability to drastically lower the carbon footprint of resi-

dential energy use. HEMS provide a comprehensive strategy for reducing greenhouse gas 

(GHG) emissions at the home and community levels by integrating renewable energy sources, 

optimizing energy usage patterns, and facilitating demand-side flexibility. 

HEMS primarily reduces emissions by improving energy efficiency. These systems reduce 

wasteful energy use and encourage more environmentally friendly user behavior through auto-

mation, intelligent scheduling, and real-time monitoring. HEMS, for example, can detect and 

respond to energy waste, lower standby power losses, and modify operations according to oc-

cupancy or daylight availability, all of which contribute to more thoughtful and effective elec-

tricity use [65]. When combined, these enhancements significantly reduce the amount of energy 

needed by fossil fuel-powered plants, which in turn reduces emissions in cities and neighbor-

hoods. 

Additionally, especially at the residential level, HEMS are essential in enabling the integra-

tion of renewable energy technologies. Energy storage systems, electric vehicle (EV) chargers, 

and rooftop solar photovoltaics (PV) can all be seamlessly coordinated with smart energy man-

agement. With HEMS, households can become prosumers, consumers and producers of elec-

tricity with less of an impact on the environment, by prioritizing the use of locally generated 
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clean energy and reducing reliance on centralized, carbon-intensive power sources [48]. Addi-

tionally, by reducing strain on transmission infrastructure, this decentralized generation reduces 

losses related to long-distance electricity transportation. 

HEMS-enabled strategic load shifting can also match consumption trends with periods of 

increased renewable generation on the grid, like midday solar surpluses or wind peaks at night. 

HEMS enhances the efficiency of using renewable resources and indirectly contributes to the 

grid's overall decarbonization by dynamically moving flexible loads to these times [86]. Fur-

thermore, lower system-wide emissions intensity can result from decreased house-hold demand 

during peak fossil-fuel generation windows in areas with carbon pricing or emissions trading 

systems. 

Along with operational plans, HEMS's data collection and analysis offer useful information 

to utilities, researchers, and policymakers who want to lower carbon emissions. The creation of 

more successful energy efficiency initiatives and climate policies is influenced by behavioral 

patterns, appliance-level usage profiles, and longitudinal consumption data. Therefore, HEMS's 

environmental benefits go beyond individual homes to national and international sustainability 

objectives [40]. 

Recent studies quantify the carbon mitigation potential of HEMS in various deployment 

scenarios. For example, a simulation-based analysis demonstrated that intelligent HEMS could 

reduce annual household CO₂ emissions by up to 35% when combined with PV and battery 

storage systems [42]. In smart community pilots across Europe and East Asia, emission re-

ductions of 20-30% were reported through coordinated energy management strategies. These 

outcomes underscore the critical role of HEMS in advancing climate resilience and achieving 

net-zero carbon objectives in residential sectors. 

In summary, HEMS offer a multi-dimensional pathway to carbon footprint mitigation 

through enhanced efficiency, renewable energy integration, and demand-side flexibility. As cli-

mate policies increasingly prioritize decarbonization across all sectors, the adoption of HEMS 

will be indispensable to achieving sustainable energy transitions at both the micro and macro 

scales. 

III.7 Conclusion 

A key component of the shift to smarter, more sustainable residential energy ecosystems is 

the development of energy consumption prediction and home energy management. The various 

ways that prediction models and intelligent control techniques can improve the sustainability, 
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dependability, and efficiency of home energy systems have been covered in this chap-ter. Pre-

dictive analytics is clearly not only a technical improvement but also a facilitator of proactive 

energy stewardship, as evidenced by the implementation of cutting-edge AI and machine learn-

ing techniques and the growing need for precise consumption forecasting. 

Demand estimation is greatly enhanced by the combination of intelligent algorithms and 

time series forecasting, which promotes better planning, cost savings, and a smaller environ-

mental impact. Nevertheless, there are drawbacks to these developments, including the need to 

preserve data accuracy in the face of diverse energy sources and guarantee interoperability 

across ever-more intricate smart home systems. To fully utilize energy prediction systems and 

Home Energy Management Systems (HEMS), these problems must be resolved. 

The analysis of HEMS demonstrated their transformative impact on the economy, environ-

ment, and infrastructure. By promoting behavioral adaptation, enabling demand-side flexibility, 

and optimizing the use of renewable resources, HEMS dramatically reduces long-term costs 

and carbon emissions. Empirical evidence and simulation-based assessments support the effi-

ciency of these systems in reducing energy waste, reducing greenhouse gas emissions, and fos-

tering grid resilience. 

In the end, the foundation of energy networks prepared for the future is the convergence of 

predictive technologies and intelligent home energy systems. Adoption of them supports utility 

operations, empowers consumers, and advances global decarbonization objectives. The crea-

tion and implementation of reliable, user-focused, and data-driven home energy solutions will 

be essential as energy markets shift toward decentralization and sustainability. To guarantee 

fair, scalable, and climate-resilient energy systems, future research and policy must keep en-

couraging innovation in this field. 



Chapter IV                                                                Efficient Management of Residential Electricity Consumption 

47 

 

 

 

 

 

      Efficient Management of 

Residential Electricity Consumption 

 
 

Residential energy consumption has experienced a steady increase in recent decades, driv-

en by population growth, urbanization, and the widespread adoption of electrical appliances 

and smart home technologies. According to the International Energy Agency (IEA), the resi-

dential sector accounts for over 25% of global electricity consumption, with this demand ex-

pected to continue rising. This growing energy needs places considerable stress on electrical 

grids, particularly during peak load periods, highlighting the critical necessity for smarter and 

more adaptive energy management systems. 

Accurate electricity consumption forecasting plays a vital role in ensuring grid stability, 

optimizing resource allocation, and minimizing energy waste. Within smart grid environments  

characterized by decentralized energy sources such as solar panels, wind turbines, and home 

battery storage systems  forecasting facilitates predictive control and enhances decision-

making processes. It also supports demand response strategies by enabling real-time load 

shifting and reduction. 

This chapter proposes a methodology for forecasting residential electricity consumption 

over the short and medium term. It begins with the deep learning technique (LSTM), followed 

by machine learning using the XGBoost algorithm. The focus is placed on XGBoost due to its 

exceptional predictive accuracy and computational efficiency. Based on the forecasting re-

sults, an intelligent energy management framework was developed to dynamically select the 

optimal energy sources. Collectively, these contributions aim to improve prediction accuracy 

and enhance the operational efficiency of smart residential energy systems, contributing to 

more sustainable and effective energy management. 
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IV.1 Technical Foundations 

The development of accurate energy forecasting models and intelligent energy manage-

ment systems relies heavily on a deep understanding of machine learning and time series 

analysis techniques. In the context of smart grids, where energy consumption patterns are dy-

namic and influenced by multiple interrelated factors, such as weather, occupancy, time of 

day, and seasonal trends, traditional linear models often fail to capture the complexity and 

non-linearity of the data. This necessitates the use of advanced methods capable of learning 

from historical data and generalizing to future conditions. 

This section provides the theoretical and technical underpinnings for the forecasting and 

decision-making strategies proposed in this chapter. First, it outlines the core principles of 

time series forecasting, emphasizing key challenges such as trend extraction, seasonality, and 

autocorrelation. Then, it introduces two powerful predictive modeling techniques: Long 

Short-Term Memory (LSTM) networks, a type of recurrent neural network (RNN) particular-

ly well-suited for sequential data; and Extreme Gradient Boosting (XGBoost), a highly effi-

cient and scalable ensemble learning algorithm based on decision trees. 

These models form the backbone of the forecasting pipeline described in subsequent sec-

tions and serve as key components in enabling intelligent, data-driven energy source man-

agement. 

IV.1.1 Time Series Forecasting Principles 

Time series forecasting is the process of using historical data, typically collected over con-

sistent time intervals (e.g., hourly, daily, monthly), to predict future values. It is widely used 

in various domains, such as energy consumption, finance, economics, weather forecasting, 

and more. Below are the key principles and concepts that underpin effective time series fore-

casting: 

1. Time series components 

In general, a time series is defined as a set of observations recorded sequentially over time. 

So, a discrete time series (Xt) 1≤ t≤ n is a series of n numerical data points in a chronological 

order (chronological series), indexed in time with a constant time interval between the indi-

ces, where time is represented in seconds, minutes, days, years, and so on. One of the primary 

objectives in time series analysis is to forecast future values based on previously observed 

data. Time series forecasting plays a crucial role in numerous fields, including economics, 

finance, demography, biology, medicine, meteorology, and environmental science. While no 
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predictive model can perfectly replicate reality or forecast future values with complete accu-

racy, appropriate models can provide reliable forecasts along with measures of uncertainty, 

helping to assess the accuracy of predictions. To achieve effective forecasting, a wide range 

of models can be employed, including regression models, exponential smoothing techniques, 

and ARMA-type models [91]. 

A time series generally comprises three key components: trend, seasonality, and residual 

(or irregular) variations. The trend component reflects the long-term progression or general 

direction of the series, whether increasing, decreasing, or stable. Identifying the trend allows 

for the removal of random fluctuations caused by seasonal or cyclical patterns. The seasonal 

component captures patterns that repeat at regular intervals, such as daily, monthly, or yearly 

cycles. Lastly, the residual or irregular component accounts for random, unpredictable varia-

tions that are not explained by the trend or seasonality. While not all time series exhibit all 

three components, a proper decomposition is essential to isolate and evaluate the influence of 

each component on the overall behavior of the series [92]. 

2. Time series models 

Mathematically, the interaction between the three main components of a time series trend, 

seasonality, and residual gives rise to two fundamental types of models: the additive model 

and the multiplicative model [93]. 

• Additive model: In this model, the time series is assumed to be the sum of its individ-

ual components. It can be mathematically represented as: 

𝑋𝑖 = 𝑔𝑖𝑆𝑖𝑊𝑖 (𝐼𝑉. 1) 

Where Xi \ i=1…n is the observed series, gi is the trend, Si is the seasonal factor and wi is 

the residual fluctuation component. If this phenomenon is observed at regular times, the i-

order value is observed in time i× te, where ti is the sampling period or the observation period. 

By convention, Si is required to have a zero mean, to unambiguously separate the trend and 

the seasonal factor: 

∑ 𝑆𝑖+𝑘 = 0

𝑃

𝑘=1

,                       ∀1 ≤ 𝑡 ≤ 𝑛 − 𝑝 (𝐼𝑉. 2) 

Here, 𝑝 denotes the period of the seasonal fluctuation. To ensure that the overall mean of 

the observed series 𝑥𝑖 is captured within the trend component 𝑔𝑖, it is also assumed that the 

residual component w𝑖 has a zero mean. In this additive model, the amplitudes of the seasonal 
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component S𝑖 and the residual component 𝑤𝑖 at any given time are assumed to be independent 

of the value of the trend component 𝑔𝑖 at the same time. This implies that the magnitude of 

seasonal and irregular fluctuations remains constant regardless of the trend level. 

• Multiplicative model: In this model, the components of the time series interact in a 

multiplicative manner. The time series can be mathematically expressed as: 

𝑋𝑖 = 𝑔𝑖(1 + 𝑆𝑖)(1 + 𝑤𝑖) = 𝑔𝑖 + 𝑔𝑖𝑆𝑖 + 𝑔𝑖(1 + 𝑆𝑖)𝑤𝑖 = 𝑔𝑖 + Ŝ𝑖 + ŵ𝑖 (𝐼𝑉. 3) 

Where Xi \ i=1…N is the observed series, gi is the trend, 1+Si is the seasonal factor, and 

1+wi is the residual fluctuation component. In the multiplicative model, the seasonal factor Ŝi 

is proportional to the value of the trend component, and the residual fluctuation 1+ŵ𝑖 is pro-

portional to the sum of the trend and seasonal components. This reflects the idea that both 

seasonal and irregular variations scale with the level of the series. Furthermore, it is important 

to note that these two basic models the additive and multiplicative can be combined to form 

hybrid or mixed models. Various hybrid models have been proposed in the literature to better 

capture complex behaviors in time series data. An example of such a hybrid model is present-

ed in Equation (IV.4): 

𝑋𝑖 = (𝑔𝑖 + 𝑆𝑖)(1 + 𝑤𝑖) (𝐼𝑉. 4) 

The additive model is most appropriate when the seasonal variation remains relatively con-

stant over time. In contrast, the multiplicative model is better suited for cases where the sea-

sonal variation changes proportionally with the level of the series, typically increasing over 

time. In situations where neither model alone adequately captures the data characteristics, a 

hybrid model may be employed [94]. 

3. Time series decomposition 

Time series decomposition into trend, seasonal, and residual components is a fundamental 

step in time series analysis. It serves as an analytical tool that provides an abstract model use-

ful for estimation, forecasting, and simulation processes. The importance of this step lies in its 

ability to determine whether the time series exhibits consistent or recurring patterns that can 

be effectively described and directly modeled. 

Moreover, each component can guide essential tasks such as data preprocessing, model se-

lection, and feature engineering. The decomposition process typically involves first applying 

a convolution filter to the data to estimate the trend component. This trend is then removed 
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from the original series to obtain a detrended series. Finally, the seasonal component is ex-

tracted by averaging the detrended series over each time period [95]. 

In general, the initial step in time series analysis involves a graphical representation of the 

data for visual inspection. In some cases, the presence of a trend component and a seasonal 

cycle may be clearly observed. However, these components are not always easily identifiable, 

and some time series may lack one or both of them. 

In fact, the trend component may become apparent only after applying a suitable transfor-

mation to the data, such as a logarithmic transformation. For the purpose of this study, we 

assume that the time series 𝑥𝑡 can be represented in the decomposed form described in Equa-

tion (IV.1). 

• Trend Estimation: Trend estimation involves characterizing the fundamental or long-

term evolution of a time series. Various methods exist for estimating the trend component; 

among the most commonly used are Moving Average (MA) smoothing and differencing tech-

niques. These methods help to isolate and analyze the underlying pattern by reducing noise 

and short-term fluctuations. 

(i) Smoothing by Moving Average (MA): The Moving Average (MA) smoothing method 

is a non-parametric approach used to estimate the trend component of a time series. One of 

the key advantages of this method is that it does not require any assumptions about the under-

lying data distribution and can effectively accommodate non-constant trends, even in the 

presence of seasonal variation [96]. The trend is estimated by applying a symmetric moving 

average over a window of length 𝑝, which smooths out short-term fluctuations and highlights 

the underlying pattern in the data. 

 If the period is odd (p = 2q+ 1), then 

(𝑔𝑖)𝑒 =
1

2𝑞 + 1
∑ 𝑋𝑖+𝑗 =

1

𝑝
∑ 𝑋𝑖+𝑗

𝑞

𝑗=−𝑞

𝑞

𝑗=−𝑞

          𝑖 = 𝑞 + 1, … , 𝑛 − 𝑞 (𝐼𝑉. 5) 

 

 If the period is even (p = 2q), then 

(𝑔𝑖)𝑒 =
1

𝑝
(0.5𝑋𝑖−𝑞 + ∑ 𝑋𝑖+𝑗

−𝑞
𝑗=−𝑞+1 + 0.5𝑋𝑖+𝑞)   𝑖 = 𝑞 + 1, … , 𝑛 − 𝑞  (IV.6) 

The choice of the window length 𝑞 in the moving average smoothing method involves a 

trade-off. A value of 𝑞 that is too small may fail to adequately separate the trend from the re-
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sidual noise, while a value that is too large may over smooth the data and obscure important 

changes in the trend. 

(ii) Differencing: To handle time series that exhibit seasonality with a known period 𝑝, the 

differencing method can be applied at order 𝑝. This approach helps to eliminate seasonal ef-

fects and stabilize the mean of the series. The seasonal differencing operator, denoted by ∇𝑝, 

is defined by the following formula: 

 𝛻𝑝𝑋𝑖 = 𝑋𝑖 − 𝑋𝑖−𝑝 = (1 − 𝐵𝑝)𝑋𝑖 (𝐼𝑉. 7) 

Whereb B is the backward operator defined as follows: 

𝐵𝑝𝑋𝑖 = 𝑋𝑖−𝑝 (𝐼𝑉. 8) 

By applying the ∇p operator on the data, we obtain: 

  𝛻𝑝𝑋𝑖 = 𝑔𝑖 − 𝑔𝑖−𝑝 + 𝑤𝑖 + 𝑤𝑖−𝑝 (𝐼𝑉. 9) 

Unlike the moving average method, the differencing approach does not compute the trend 

component 𝑔𝑖 explicitly. Instead, it estimates the difference between trend values, (gi-gi-p), 

thereby capturing the changes in the trend rather than the trend itself. 

• Seasonal Factor Estimation: After estimating and subtracting the trend component 𝑔𝑖 

from the original time series data 𝑥𝑖 for each value of 𝑖, the next step is to estimate the season-

al component 𝑠𝑖. This is typically done by analyzing the detrended series and averaging the 

values corresponding to the same positions within each seasonal cycle. 

∀1 ≤ 𝑚 ≤ 𝑛,       ∃𝑘 = ⌊
𝑛

𝑝
⌋ ,      (𝑆𝑚)𝑒 =

1

𝑘
∑ [(𝑋𝑘𝑝+𝑚 − (𝑔𝑘𝑝+𝑚)𝑒)] −

1

𝑝
∑ (𝑋𝑘𝑝+𝑚

𝑝
𝑚=1

𝑘
𝑘=1 − (𝑔𝑘𝑝+𝑚)𝑒      (IV.10) 

Where ⌊∘⌋ denotes the integer part operator. 

• Residual Fluctuation Estimation: 

Once the seasonal component 𝑠𝑖 has been estimated and subtracted from the detrended data 

Xi-(gi)e for each value of 𝑖, the remaining values represent an estimate of the residual fluctua-

tions 𝑤𝑖 at each point in time. This residual component captures the irregular or random varia-

tions in the time series that are not explained by the trend or seasonal factors. 

𝑤𝑖 = 𝑋𝑖 − (𝑔𝑖)𝑒 − (𝑆𝑖)𝑒 (𝐼𝑉. 11) 
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IV.1.2 Long Short-Term Memory Networks (LSTM) 

Long short-term memory is an artificial neural  network used in the fields of artificial intel-

ligence and deep learning. Unlike  standard feedforward neural networks, LSTM has feedback 

connections, it able to  address long-term dependency problem.  LSTM  has a  structure known 

as a memory cell that is able to store an input value where it  can handle problems of long-

term dependencies and LSTM performs well on jobs with long data sets [97]. 

The memory cell consists of one principal layer and three gate controllers: input, forget 

and output. The principal layer analyzes the present entry xt and the preceding short-term state 

ht−1.The entry gate belongs to organizing the flow of new memories.  Oblivion gate controls 

the memories that Long-term past state will be discarded  Ct-1, new memories obtained from 

the new long-term state Ct. The output gate is established what memories will be considered 

as the new LSTM cell output of a file specific time step, i.e., the y(t), which at some point 

during the process is equal to the new short-run state h(t) [98].  

The process is expressed mathematically as such: 

𝑖𝑡 = 𝜎(𝑊𝑥𝑖 ∗ 𝑋𝑡 + 𝑊ℎ𝑖 ∗ ℎ𝑡−1 + 𝑊𝑐𝑖𝐶𝑡−1 + 𝑏𝑖) (𝐼𝑉. 12) 

𝑓𝑡 = 𝜎(𝑊𝑥𝑓 ∗ 𝑋𝑡 + 𝑊ℎ𝑓 ∗ ℎ𝑡−1 + 𝑊𝑐𝑓𝐶𝑡−1+𝑏𝑓 (𝐼𝑉. 13) 

𝐶𝑡 = 𝑓𝑡𝐶𝑡−1 + 𝑖𝑡 tanh(𝑊𝑥𝑐 ∗ 𝑋𝑡 + 𝑊ℎ𝑐 ∗ ℎ𝑡−1 + 𝑏𝑐) (𝐼𝑉. 14) 

𝑂𝑡 = 𝜎(𝑊𝑥𝑜 ∗ 𝑋𝑡 + 𝑊ℎ𝑜 ∗ ℎ𝑡−1 + 𝑊𝑐𝑜𝐶𝑐𝑏𝑜    (𝐼𝑉. 15) 

ℎ𝑡 = 𝑂𝑡𝑡𝑎𝑛ℎ(𝐶𝑡)       (𝐼𝑉. 16) 

here:  

Wxi, Wxf, Wxo,Wxc : The weight matrices for their connection to the input vector xt . 

Whi, Whf, Who, Whc: The weight matrices for their connection to the previous short-term 

state ht−1. 

bf, bc, bi, bo: The bias terms of each layer. 

IV.1.3 Extreme Gradient Boosting (XGBoost) 

XGBoost is a powerful implementation of gradient-boosted decision trees, where the trees 

are built sequentially [99]. In this approach, weights play a crucial role each independent vari-

able is assigned a weight before being passed through the decision tree to make predictions. If 

a variable is incorrectly predicted, its weight is increased, giving it more importance in the 
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next tree. This process continues across multiple trees, and the combination of these individu-

al models forms a strong, accurate predictor. XGBoost can be applied to various tasks such as 

regression, classification, ranking, and prediction. The core steps of the algorithm are as fol-

lows: 

Step 1: Gradient boosting starts by computing an initial constant prediction, F₀, using the 

observed data x. Mathematically, this step is expressed as: 

𝐹𝑖(𝑥) = 𝑎𝑟𝑔𝑚𝑖𝑛 ∑ 𝐿(𝑦𝑖, ŷ𝑖)

𝑛

𝑖=1

(𝐼𝑉. 17) 

 

where yi is the predicted value, L is the loss function, and argmin indicates that we must 

find a predicted value, ŷi, for which the loss function is least. Additionally, this phase entails 

utilizing the loss function provided by equation (IV.18) to determine the minimal value of the 

anticipated value. On this loss function's differentiation using the given equation (IV.19). 

𝐿(𝑦𝑖, ŷ𝑖) = (𝑦𝑖, ŷ𝑖)2 (𝐼𝑉. 18) 

To find yi that minimizes ΣL, we are taking a derivative of ΣL with respect to yi. 

𝜕

𝜕ŷ𝑖
∑ 𝐿(𝑦𝑖 , ŷ𝑖)

𝑛

𝑖=1

=
𝜕

𝜕ŷ𝑖
∑ 𝐿(𝑦𝑖 − ŷ𝑖)2

𝑛

𝑖=1

= −2 ∑(𝑦𝑖 − ŷ𝑖)

𝑛

𝑖=1

= −2 ∑ 𝑦𝑖 + 2𝑛ŷ ∀ŷ𝑖⁄

𝑛

𝑖=1

= ŷ∀𝑖 (𝐼𝑉. 19) 

We are finding ŷi that makes ∂ ΣL/∂ ŷi equal to 0. 

−2 ∑ 𝑦𝑖

𝑛

𝑖=1

+ 2𝑛ŷ = 0 ⇒ ∑ 𝑦𝑖 = 𝑛ŷ ⇒
1

𝑛
∑ 𝑦𝑖 = ŷ

𝑛

𝑖=1

𝑛

𝑖=1

(𝐼𝑉. 20) 

It turned out that the value ŷi that minimizes ΣL is the mean of yi. 

Step 2: The next step is to compute the pseudo-residual values, which can be obtained by 

dividing the observed value by the predicted value. This step can be written like this: 

𝑅𝑖𝑚 = − [
𝜕𝐿(𝑦𝑖, 𝐹(𝑥𝑖))

𝜕𝐹(𝑥𝑖)
]

𝐹(𝑥)=𝐹𝑚−1(𝑥)

(𝐼𝑉. 21) 

For i=1, ..., n 

F(xi) is the preceding model in this case, and the decision tree's (DT) number is m. The de-

rivative of the loss function is calculated in this stage in relation to the predicted value. 
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𝑅𝑖𝑚 = −
𝜕𝐿(𝑦𝑖 − 𝐹𝑚−1)2

𝜕𝐹𝑚−1

(𝐼𝑉. 22) 

= 2(𝑦𝑖 − 𝐹𝑚−1) (𝐼𝑉. 23) 

Step 3: This step looks for the output values for each decision tree leaf. It may be im-

portant to determine the final production of fall leaves in cases where one leaf yields more 

than one remnant. The output can be found by simply taking the average of the numbers. This 

step can be expressed mathematically by: 

𝑦𝑚 = 𝑎𝑟𝑔𝑚𝑖𝑛 ∑ 𝐿(𝑦𝑚

𝑛

𝑖=1

, 𝐹𝑚−1(𝑥𝑖 + 𝑦ℎ𝑚(𝑥𝑖))) (𝐼𝑉. 24) 

where hm(xi) is the DT made on residuals and m is the number of DTs. 

Step 4: The final step is to revise the earlier models' predictions.  Here's how it can be up-

dated:  

𝐹𝑚 = 𝐹𝑚−1(𝑥) + 𝑉𝑚ℎ𝑚(𝑥) (𝐼𝑉. 25) 

Where mis the number of performed decision trees, Fm-1(x) is the base model prediction 

(previous prediction), and vm denotes the learning rate. 

IV.1.4 Performance measures 

Statistical metrics, also known as cost functions, serve as key performance indicators for 

various models [100]. They enable us to assess how well a specific model performs. When 

evaluating time series models, RMSE (Root Mean Squared Error), MAPE (Mean Absolute 

Percentage Error), and MAE (Mean Absolute Error) are among the most widely used metrics 

[101]. These metrics measure the dispersion of observations around the mean, providing in-

sights into model accuracy. While they share similarities, they operate on different scales, 

meaning their values are not directly comparable. 

• RMSE (Root Mean Squared Error): Represents the standard deviation of the resid-

uals, or prediction errors. It measures the average distance between observed data points and 

the values predicted by the regression line [102]. Mathematically, RMSE is expressed as: 

𝑅𝑀𝑆𝐸 =  √
1

𝑛
∑(𝑦𝑖 − ŷ𝑖)2

𝑛

𝑖=1

(𝐼𝑉. 26) 
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Here, ŷi represents the predicted values, yi denotes the observed values, and n is the total 

number of observations available for analysis. RMSE (Root Mean Square Error) is widely 

used and regarded as a versatile and reliable error metric for evaluating predictions. 

• MAPE (Mean Absolute Percentage Error): Is the second most commonly used met-

ric for evaluating time series models. It is mathematically represented by the following equa-

tion: 

𝑀𝐴𝑃𝐸 =
1

𝑛
∑ |

𝑦𝑖−ŷ𝑖

𝑦𝑖
|

𝑛

𝑖=1

(𝐼𝑉. 27) 

 

This metric calculates the difference between prediction errors and divides it by the actual 

observed value. As a result, it is scale-independent, meaning it can be used to compare models 

across different datasets. 

 

• MAE (Mean Absolute Error): quantifie the difference between estimated or fore-

casted values and the actual observed values. While it is commonly used in time series analy-

sis, it can also be applied to various types of statistical estimations. MAE is defined as fol-

lows: 

𝑀𝐴𝐸 =
1

𝑛
∑|𝑦𝑖 − ŷ𝑖|

𝑛

𝑖=1

(𝐼𝑉. 28) 

Here, yi represents the actual values, and ŷi denotes the predicted values. 

IV.2 Dataset Description 

The dataset utilized in this study originates from the publicly available database known as 

IHEPC (Individual Household Electric Power Consumption) [103]. It comprises a collection 

of electrical measurements recorded at regular intervals from a single-family household locat-

ed in Sceaux, a suburban town in the Île-de-France region of France. This comprehensive 

dataset contains 2,075,259 records, spanning a period of 47 months, from December 2006 to 

November 2010. 

The dataset captures several key features that characterize the household’s electricity con-

sumption profile. These features include: 

• Global Active Power (Pa): Measured in kilowatts, this variable represents the actual 

amount of electrical energy consumed by appliances to perform useful tasks such as heat-



Chapter IV                                                                Efficient Management of Residential Electricity Consumption 

57 

ing, lighting, or driving a motor. It reflects the real power that is effectively used to do 

work. 

• Global Reactive Power (Pr): Expressed in kilovolt-amperes reactive, this parameter 

measures the energy temporarily stored and released by inductive or capacitive compo-

nents such as motors, transformers, or compressors, and exchanged with the power grid. 

While not used directly to perform work, it affects the overall power quality and efficien-

cy. 

• Voltage (V): Recorded in volts, this is the electrical potential difference between two 

points in the circuit, specifically measured between phases. It represents the driving force 

that enables the flow of electric current through conductors. 

• Current Intensity (I): Measured in amperes, this variable indicates the rate of flow of 

electric charge through the circuit, i.e., the amount of electricity passing through a specific 

point per unit of time. 

• Sub-Metering features (M1, M2, M3): In addition to the global measures, the dataset 

includes three specific sub-metering features, which break down the total household elec-

tricity consumption into distinct zones or equipment categories: 

M1: This sub-metering value captures the power usage of kitchen appliances, including the 

microwave, electric oven, stove, refrigerator, and others. These devices are characterized by 

frequent and rapid spikes in power consumption, especially during meal preparation periods. 

M2: This component includes the washing machine, tumble dryer, iron, and related applianc-

es. Such devices typically operate in cycles, with varying power demands during different 

phases such as heating, washing, spinning, or drying. 

M3: This sub-meter measures the power consumed by high-load systems such as the electric 

water heater or the air conditioning unit. These appliances represent significant and often con-

tinuous energy demands, generally operating at high power levels and following cyclical us-

age patterns. Their influence is substantial on the daily load profile of the household. 

IV.3 Data Preprocessing 

Data analysis represents one of the fundamental pillars of modern statistics, playing a cru-

cial role in both theoretical frameworks and practical applications. It encompasses a compre-

hensive set of methodologies designed to identify, summarize, model, and interpret the rela-

tionships among variables within a dataset. In real-world scenarios, data analysis is central to 

tasks such as forecasting and decision support, as it enables practitioners to uncover meaning-
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ful patterns, reduce noise and anomalies, and predict future behavior based on observed his-

torical trends. 

Within the scope of this study, we propose a structured and systematic methodology for 

forecasting household electricity consumption. Our approach is grounded in the detailed anal-

ysis of time series data collected from actual measurements, with the ultimate goal of building 

a robust and accurate predictive system. 

The proposed methodology unfolds in three key stages: 

1. Exploratory Data Analysis (EDA): This initial phase involves a thorough examina-

tion of the raw data in order to understand its structure, distribution, and underlying patterns. 

Statistical summaries, visualizations, and correlation analyses are employed to detect trends, 

periodicities, seasonality, and potential outliers. This step provides the foundational insights 

necessary for subsequent stages of processing and modeling. 

2. Feature Engineering: In this phase, relevant features are extracted or constructed 

from the original data to enhance the performance of predictive models. These features may 

include lagged values, rolling statistics, time-based indicators (such as hour of day, day of 

week), or domain-specific transformations. Effective feature engineering is essential to cap-

ture the temporal dependencies and contextual factors influencing electricity consumption. 

3. Temporal Modeling with Machine Learning Algorithms: The final stage focuses 

on building predictive models using advanced machine learning techniques tailored to time 

series data. Various algorithms such as decision trees, gradient boosting, recurrent neural 

networks (RNNs), or long short-term memory (LSTM) networks are employed to learn the 

complex, nonlinear relationships within the temporal data. The objective is to produce accu-

rate forecasts that can generalize well to unseen future data. 

The complete architecture of the proposed forecasting framework is schematically illus-

trated in Fig IV.1, providing an overview of the sequential stages and the data flow between 

them. 

 
 

 

 

 

Fig IV.1: Proposed Framework for Electricity Consumption Forecasting 
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IV.3.1 Data Cleaning 

Exploratory Data Analysis (EDA) is a foundational component in the process of data prepara-

tion and interpretation, particularly when dealing with time series. This preliminary step is 

designed to deeply investigate the nature and behavior of raw data prior to any formal model-

ing or predictive analysis. Specifically, EDA serves to: 

1. Explore the statistical distribution of variables, including measures such as the mean, 

standard deviation, median, skewness, and kurtosis, which help characterize the shape and 

variability of the data. 

2. Detect the presence of anomalies, including outliers, missing values, or inconsistent 

measurements that may distort the reliability of statistical inferences or affect model perfor-

mance. 

3. Highlight inter-variable relationships, through correlation analysis, scatter plots, or 

multivariate visualizations that may reveal patterns or dependencies across variables. 

4. In the specific context of time series data, which are indexed chronologically, explora-

tory analysis enables dynamic visualization of how observed phenomena evolve over time. 

This temporal inspection provides several key methodological benefits: 

• It facilitates the identification of underlying trends, which may indicate long-term di-

rectional shifts in the data. 

• It reveals seasonal patterns or periodic fluctuations that recur at regular intervals (e.g., 

daily, weekly, or yearly). 

• It exposes structural breaks or abrupt changes in behavior that might correspond to ex-

ternal events or modifications in usage patterns. 

• It assists in diagnosing non-stationarity, which is a fundamental property that influ-

ences the selection and performance of forecasting models. 

• Identification des tendances globales : on peut détecter une augmentation ou diminu-

tion progressive des valeurs, révélatrice d’un phénomène de fond (par exemple, 

l’augmentation de la consommation électrique au fil des années). 

A. Handling of Missing Values in Sub-Metering M3 

During the exploratory analysis of the dataset, we observed the presence of missing values 

affecting certain variables, as illustrated in Fig IV.2. More specifically, the M3 sub-feature, 

which records electricity consumption associated with either the water heater or the air condi-

tioner, exhibited a missing value rate estimated at 1.25% over the entire time series. 
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Fig IV.2 Percentage of missing values in the dataset 

Although this rate may appear relatively moderate, appropriate handling of these gaps is 

crucial to ensure the reliability of subsequent analyses and to prevent bias during machine 

learning model training. Missing or inconsistent values, if left untreated, can lead to mislead-

ing statistical interpretations and degraded model performance. 

It is important to note that missing values in this dataset are encoded in two distinct ways: 

• With the "?" character in the timestamp column, indicating a loss or corruption in the 

temporal index. 

• With the NaN (Not a Number) marker in the column corresponding to Sub-metering M3, 

signaling an undefined or unavailable measurement at that time point. 

Addressing these inconsistencies through a suitable imputation strategy or removal process 

is a necessary prerequisite before proceeding to model training or time series forecasting. 

B. Choice of Imputation Method 

In the context of time series data, missing values cannot be imputed arbitrarily or without 

consideration for the inherent temporal structure of the data. Indeed, successive observations 

are often temporally correlated, and their evolution may follow recurring patterns driven by 

usage habits or seasonal effects. 

To preserve this temporal structure and avoid distorting the dynamics of the series, we 

adopted a time-lag imputation strategy. This method involves replacing each missing value 

with the value observed exactly 24 hours earlier, as defined by the following relation: 

𝑥𝑡 = 𝑥𝑡−1440 (𝐼𝑉. 29) 

where t represents the measurement time (in minutes), and 1440 corresponds to the number 

of minutes in a day. This method relies on the assumption that energy consumption patterns 

are relatively stable from one day to the next, particularly in the case of appliances with cycli-
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cal or regular usage profiles, such as programmed water heaters or air conditioning systems 

operating during fixed time intervals. By exploiting this daily recurrence, time-lag imputation 

provides a coherent estimate of missing values without introducing artificial variability into 

the time series. 

IV.3.2 Adopted Decomposition Model 

In this study, we adopted an additive time series model, in which the observed series 

Y(t)Y(t)Y(t) is assumed to be the sum of three distinct components: 

𝑌(𝑡) = 𝑇(𝑡) + 𝑆(𝑡) + 𝑅(𝑡) (𝐼𝑉. 30) 

where: 

• 𝑇(𝑡) represents the long-term trend, 

• 𝑆(𝑡) captures regular seasonal variations, 

• 𝑅(𝑡)corresponds to the residual component, interpreted as random noise. 

Accordingly, we performed a detailed analysis of the time series derived from the IHEPC 

dataset. The results of this decomposition are presented in Fig IV.3. 

 
 

Fig IV.3 Household electricity consumption decomposition based on monthly granulate: (a) Trend, 

(b) Seasonality, and (c) Stationary (Residuals) 
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For this analysis, we employed a statistical method based on a convolution process be-

tween the observed values of the target variable and a filter defined using a Moving Average 

(MA) model. The additive assumption implies that the series can be decomposed into a sim-

ple sum of its structural components, trend, seasonality, and residuals, each of which is ana-

lyzed separately. 

To implement this decomposition, the window size and frequency parameters were respec-

tively set to 2 and 12, corresponding to a monthly moving average. This configuration allows 

for effective smoothing of the data, enabling clearer identification of underlying patterns and 

periodic structures. 

The trend graph obtained from the IHEPC dataset, illustrated in Fig 3(a), offers an over-

view of the evolution of household electricity consumption over time. This visualization high-

lights several important observations: 

• A significant increase in electricity consumption during the warmer months, particu-

larly between June and August, likely due to the intensified use of air conditioning systems or 

other cooling appliances. 

• A notable decrease during the colder months, from December to March, which may be 

attributed to reduced household activity or lower usage of electrical devices. 

• The presence of an extreme value reaching 97.76 kW, recorded on July 31, 2008, at 

16:21, representing a highly unusual peak in consumption within the entire time series. 

From a statistical perspective, the trend graph derived from the IHEPC dataset serves as a 

valuable tool for extracting meaningful features that can be leveraged during the modeling 

phase of energy consumption forecasting. 

By examining Fig 3(a), it becomes evident that the overall long-term trend of the time se-

ries is non-linear, yet it exhibits a quasi-linear behavior in the short term, particularly during 

the first and last six months of the study period. This local linearity is explained by a signifi-

cant autocorrelation between observations over short time windows, suggesting that from a 

forecasting standpoint, a model trained on hourly or daily granularity is more effective than 

one based on monthly aggregation. Finer granularity allows the model to better capture short-

term dynamics and local variations in consumption patterns. 

Additionally, this figure reveals the presence of outliers, especially in April and October 

2007, as well as in May 2008, which underscores the importance of applying data normaliza-

tion or adjustment techniques before proceeding with model training. 
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Fig 3(b) illustrates the seasonal component, which captures recurring variations occurring 

at regular intervals. In this analysis, the frequency was set to 12, corresponding to monthly 

sampling. A clear periodicity can be observed in the electricity consumption pattern, with a 

higher spectral density at the beginning of each year. This indicates that long-term electricity 

consumption seasonality follows an annual cycle, a finding further confirmed by Fig IV.4, 

which shows a seasonal period of one year. 

 

Fig IV. 4 Seasonality of household electricity consumption  

Finally, Fig 3(c) displays the residual component of the time series, i.e., the portion not ex-

plained by either the trend or the seasonal components. This residual component plays a cru-

cial role in assessing the predictability of the data. By analyzing the residual error statistics, 

we can evaluate the impact of anomalies on the model’s forecasting performance. 

In particular, if the mean of the residuals is close to zero and their distribution approxi-

mates a normal (Gaussian) law, it indicates that the seasonal component has been accurately 

modeled, and there is no need for additional seasonal adjustment to smooth out irregularities. 

For this reason, our study includes in Table IV.1 a statistical summary of the residual er-

rors, encompassing the mean, standard deviation, percentiles, and observed minimum and 

maximum values. This summary serves to assess the quality and reliability of the decomposi-

tion process applied to the IHEPC time series. 

Table IV.1: Summary statistics of the residual errors 

Mean Standard 

deviation 

Minimum 

Error 

Quartile 

(Q1) 

Quartile 

(Q2) 

Quartile 

(Q3) 

  Maximum 

error 

0.0042 -2.3193 -5.2181 -1.0298 -0.0092 1.1090 7.0728 

The statistics presented in Table IV.1 indicate that the seasonal component does not require 

any further seasonal adjustment. This finding suggests that the residual variations, that is, the 
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differences between the observed values and those predicted by the seasonal model, are suffi-

ciently balanced and do not necessitate corrective intervention. 

This conclusion is further supported by Fig IV.5, which illustrates the distribution of resid-

ual errors. The figure shows that these errors closely follow a Gaussian (normal) distribution, 

characterized by a symmetrical shape centered around zero and a high concentration of values 

near the mean. This observation confirms that the residuals are primarily random, devoid of 

any systematic bias, and that the seasonal model accurately captures the periodic fluctuations 

in the data. 

 

Fig IV.5 Household electricity consumption residual errors 

IV.3.3 Autocorrelation Analysis 

It is also essential to account for the persistence of the relationship between the current ob-

servations of a time series and its past values, commonly referred to as time lag. To assess this 

relationship, we employed the autocorrelation function applied to the electric power consump-

tion time series. 

Mathematically, observations denoted as 𝑦𝑡 and 𝑦𝑡−𝑘 are separated by a lag k, which can 

be expressed in days, quarters, or years depending on the temporal resolution of the data. 

Based on the decomposition of the IHEPC dataset, we found that, in contrast to long-term 

consumption trends, there exists a significant autocorrelation among short-term observations 

(hourly or daily intervals). 

In this study, to compute autocorrelation values at both hourly and daily granularities, we 

used the Pearson correlation coefficient, which ranges from −1 to 1. 

To facilitate a comparative analysis of autocorrelation values across different lag sizes, Fig 

IV.6 presents the computed autocorrelation coefficients under two levels of granularity: 
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• Daily granularity: 

o Fig 6(a): Autocorrelation with a lag of 7 days. 

o Fig 6(b): Autocorrelation with a lag of 30 days. 

• Hourly granularity: 

o Fig 6(c): Autocorrelation with a lag of 60 hours. 

o Fig 6(d): Autocorrelation with a lag of 12 hours. 

 

 
(a)                                                                                       (b) 

 

(c)                                                                                       (d) 

Fig IV.6 Autocorrelation of time series data re-sampled to: (a-b) daily mean values, (c-d) Hourly 

mean values 

Based on this figure, several key observations can be made: 

 For the daily granularity: 

• As illustrated in Fig 6(a), there is a strong correlation between the 1st and 7th day, with 

an autocorrelation coefficient approaching 0.6, as well as a moderate correlation of approxi-

mately 0.4 between the 2nd and 6th day. 

• Fig 6(b), which displays autocorrelation at a 30-day lag, also reveals a notable correla-

tion between the 4th and 8th day, suggesting the presence of weekly seasonal patterns in the 

power consumption data. 
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 For the hourly granularity: 

• According to Fig 6(c), a moderate autocorrelation is observed between the 13th and 36th 

hour, with a coefficient value around 0.2. 

• In contrast, Fig 6(d) shows autocorrelation values very close to zero, indicating no sig-

nificant correlation at this specific lag interval. 

These findings highlight the importance of choosing an appropriate temporal resolution 

and lag structure when modeling the dynamics of electricity consumption, particularly when 

designing predictive models that exploit temporal dependencies. 

IV.4 Feature Engineering 

Feature engineering is a critical phase in the development of a reliable and high-

performing predictive model. Its primary objective is to optimize the data representation by 

transforming, generating, or selecting relevant explanatory variables, thereby enhancing the 

learning capacity of artificial intelligence or machine learning algorithms. High-quality fea-

tures can significantly reveal underlying structures within the data, thus facilitating the model-

ing process. 

This engineering process consists of several essential sub-steps. Among them, feature con-

struction is one of the most important. This step involves creating new variables from existing 

ones by combining, transforming, or cross-referencing them according to predefined rules, 

often inspired by domain-specific knowledge. For instance, in the context of energy consump-

tion forecasting, it may be useful to derive, from a time-related variable, a new feature that 

indicates peak hours or off-peak periods. This type of construction allows the model to incor-

porate relevant latent information, which may be difficult to exploit in its raw form but is crit-

ical for enhancing predictive performance. 

IV.4.1 Creation of New Features 

This step is fundamental in the field of data analysis, as it involves selecting, manipulating, 

and transforming raw data into variables that can be effectively used by machine learning 

(ML) techniques. In the context of this work, rather than treating the IHEPC dataset as a mul-

tivariate time series, i.e., attempting to predict the electricity consumption associated with 

each sub-metering variable, we adopted a univariate approach. The goal here is to generate 

new features derived from our primary time series. 



Chapter IV                                                                Efficient Management of Residential Electricity Consumption 

67 

To this end, we designed an additional variable, referred to as M4 (or sub-metering 4), cal-

culated using the following formula: 

𝑀4 = (𝑃𝑎 × 1000 60) − ∑ 𝑀𝑖
3
𝑖=1⁄      (𝐼𝑉. 31) 

Where: 

• M4 denotes the newly generated feature, 

• pa refers to the global active power, 

• Mi represents the values of the three existing sub-meterings, for i = 1, 2, 3. 

The resulting variable M4 thus represents the amount of active power consumed, per mi-

nute, by household electrical devices that are not covered by the existing measurements M1, 

M2, and M3. This construction enables an estimation of the residual power consumption, i.e., 

the portion attributable to devices that are not specifically instrumented in the original meas-

urement system. 

 IV.4.2 Normalization and Standardization 

It is well established that most machine learning algorithms base their decision-making 

processes on the features extracted from data. These algorithms often rely on measures of 

similarity or distance between feature vectors to identify structures, clusters, or trends within 

the dataset. In this context, when feature values exhibit a certain level of homogeneity, mean-

ing they are close to each other in terms of scale or distribution, the algorithms tend to con-

verge more quickly toward an optimal solution. This homogeneity facilitates learning and 

generally enhances both the stability and accuracy of the trained model. 

Conversely, when features show significant disparities in values, for instance, when two 

variables differ greatly in order of magnitude, this can lead to imbalances in the internal com-

putations of the algorithm (such as Euclidean distances), potentially degrading learning quali-

ty. In such cases, models not only require more time to adapt to the data but may also yield 

inferior overall performance. 

In this study, and as previously highlighted in the exploratory data analysis section, the 

IHEPC dataset contains several extreme values, representing atypical spikes in electricity 

consumption. These outliers can negatively affect the learning process if not properly ad-

dressed. 



Chapter IV                                                                Efficient Management of Residential Electricity Consumption 

68 

To assess the extent of variability across different variables in the dataset, we estimated the 

Probability Density Function (PDF) for each feature, as illustrated in Fig IV.7. This analysis 

provides insight into the statistical distribution of the data, helping to identify areas of high 

concentration as well as rare or extreme occurrences. 

It is worth noting that the variable representing household voltage typically follows a nor-

mal (Gaussian) distribution, centered around 240 volts, with a typical range between 230 V 

and 250 V. Due to this regularity and the absence of significant outliers, this variable does not 

offer particularly relevant information for graphical visualization in this context. 

As shown in Fig IV.7, we observed substantial variability both within individual features 

(intra-feature variation) and across different features (inter-feature variation) in the IHEPC 

dataset, both in terms of numerical values and units of measurement. This heterogeneity is 

especially pronounced for the voltage variable, whose scale differs markedly from that of oth-

er features. 

 

Fig IV.7 Probability density function of IHEPC features 

To address these disparities in scale, magnitude, and units present in the data, it is crucial 

to harmonize feature ranges in order to ensure consistent learning by machine learning algo-
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rithms. To this end, two of the most commonly used scaling techniques were applied in this 

work: normalization and standardization. 

A. Normalization: The Min-Max normalization technique is particularly suitable when data 

features exhibit significant differences in scale across variables. This method involves rescal-

ing all values of a given feature to fit within a fixed interval, typically between 0 and 1. 

The primary objective of this transformation is to reduce the range of variation of a feature 

while minimizing the impact of extreme values (outliers) on machine learning algorithms. By 

constraining the data to a bounded range, normalization ensures a more balanced contribution 

of each feature during the learning process, especially in algorithms that are sensitive to dis-

tance metrics or gradient-based optimization. 

Min-Max normalization is performed using the following formula: 

𝑋̂ =
𝑋 − 𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥 − 𝑋𝑚𝑖𝑛

(𝐼𝑉. 32) 

Where: 

• 𝑋̂ is the normalized value of the feature, 

• 𝑋 is the original (raw) value of the feature, 

• 𝑋𝑚𝑖𝑛, 𝑋𝑚𝑎𝑥 are the minimum and maximum observed values for that feature, respec-

tively. 

This transformation preserves the relative proportions among values while rescaling them 

into a uniform range. It is particularly advantageous in models where relative amplitude com-

parison plays a central role, such as neural networks or clustering algorithms. 

B. Standardization: 

Standardization is another widely used data scaling technique, particularly well-suited 

when the input features follow approximately normal (Gaussian) distributions but exhibit dif-

ferent means and standard deviations. The aim of this transformation is to convert each fea-

ture into a standardized normal distribution, denoted as 𝑋 ∼ 𝑁(0,1), with zero mean and unit 

variance. This approach is especially recommended when the dataset’s features are expressed 

in heterogeneous units (e.g., volts, kilowatts, minutes), which could otherwise introduce bias 

or imbalance in the model's learning process due to unequal feature magnitudes. 
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Standardization transforms a given feature into a new variable that follows a standard nor-

mal distribution, using the formula: 

𝑍 =
𝑋 − 𝜇

𝜎
(𝐼𝑉. 33) 

Where: 

• 𝑋 is the original value of the feature, 

• 𝜇  is the empirical mean of the feature values, 

• 𝜎 is the standard deviation of the feature. 

This transformation centers the distribution around zero, eliminating any bias associated 

with a non-zero mean, and reduces its spread by normalizing the variance. As a result, it facil-

itates the convergence of learning algorithms and often enhances the numerical stability of 

optimization processes. 

IV.5 Proposed Methodology 

One of the primary goals of the proposed system is to reduce the electricity bills incurred 

by residential users while simultaneously contributing to national energy optimization. The 

framework aims to shift away from static grid reliance by forecasting demand accurately and 

dynamically selecting the most cost-effective and available energy sources. This dual ad-

vantage supports users in minimizing financial charges and supports grid operators and poli-

cymakers in alleviating peak demand stress, reducing fuel imports, and progressing toward 

more sustainable, decentralized energy strategies.  

 

Fig IV.8 Intelligent energy source selection based on consumption forecast 
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The system is particularly tailored to residential environments, where demand forecasting 

and renewable integration present both high variability and untapped optimization potential. 

The system architecture illustrated in Fig IV.8 integrates a forecasting and control mecha-

nism with multiple energy sources to serve a cluster of residential loads. The forecasting unit, 

built using the XGBoost model, is responsible for predicting the expected energy demand 

using date-time and historical consumption features. This forecast acts as the primary input to 

the energy control logic, which determines the optimal energy source allocation. 

The load represents a residential block composed of several houses, each with varying and 

unpredictable consumption behavior. The energy control block takes the predicted demand 

and evaluates it against the availability and cost of energy from four potential sources: the 

local utility grid, solar photovoltaic (PV) arrays, wind turbines, and battery storage systems. 

Each source is interfaced with a switch that allows the controller to dynamically enable or 

disable its contribution to the overall supply. The system operates in a hierarchical logic 

where renewable energy (solar and wind) is prioritized when available, followed by battery 

discharging if the state of charge is sufficient. Only when renewable and stored energy are 

insufficient does the controller fall back on the grid supply. This logic ensures both cost re-

duction and increased reliance on clean energy sources. 

Dashed lines in the figure represent control signals: the red paths indicate forecast-

informed source activation commands, while the blue paths show real-time status feedback to 

the controller. The entire system operates under the assumption of smart meter integration and 

two-way communication, enabling real-time adaptability and data-driven control decisions. 

IV.5.1 Forecasting Pipeline 

The forecasting pipeline involves two distinct approaches: Long Short-Term Memory 

(LSTM) networks, which capture temporal dependencies in the data, and Extreme Gradient 

Boosting (XGBoost), which extracts decision rules from tabular features. Each model was 

trained independently and evaluated based on its predictive performance, using customized 

feature engineering workflows and training procedures specific to each method. 

1. Feature Engineering Tailored to Enhance Predictive Model Performance 

To ensure accurate forecasting, feature engineering was tailored to the strengths of each 

prediction model. For time series models like LSTM, constructing meaningful temporal se-

quences was essential to capturing patterns in electricity consumption. For the XGBoost mod-
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el, which excels at interpreting structured data, we focused on generating a wide range of de-

scriptive features, including lagged values and statistical summaries over recent time inter-

vals. This allowed the model to make informed decisions without explicit sequence modeling. 

By aligning feature extraction with the internal logic of each algorithm, we maximized their 

respective predictive capabilities and ensured robust performance under varying consumption 

patterns. The Role of feature selection was crucial in improving performance by removing 

irrelevant variables through correlation analysis and feature importance derived from 

XGBoost. This process reduced overfitting and computational load. Domain knowledge guid-

ed the retention of key features—such as day of the week, hour, and seasonal indicators—

resulting in higher accuracy and stability in forecasting outcomes. 

2. XGBoost in Enhancing Energy Forecasting and Control 

 The XGBoost model complements the LSTM by offering a more interpretable and deci-

sion-oriented approach to forecasting. Unlike neural networks, XGBoost is capable of identi-

fying complex feature interactions in structured datasets without needing sequential inputs. 

This makes it particularly effective at detecting threshold effects and non-obvious triggers in 

consumption, such as specific combinations of weather conditions and calendar attributes.  Its 

structured output is particularly useful for downstream logic in the energy control module, 

allowing fine-tuned source selection based on expected load. The inclusion of XGBoost en-

sures that the forecasting framework is not only accurate but also robust across different data 

conditions and consumption behaviors. 

IV.5.2 Energy Source Management Strategy 

An accurate forecast of future energy consumption is only the first step in building a truly 

intelligent energy system. To translate predictive insights into tangible operational benefits, a 

robust energy source management strategy is essential. This strategy governs how the system 

responds to expected demand by orchestrating the use of multiple energy sources, including 

renewables, battery storage, and the utility grid. Instead of relying on static control rules, the 

proposed framework uses forecast-driven logic to dynamically determine the most efficient 

energy mix at any given time. By considering forecasted demand in conjunction with source 

availability and operational priorities, the system ensures energy is supplied reliably, econom-

ically, and with minimal environmental impact. The following sections detail the core mecha-

nisms enabling this strategy. 
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1. Energy Forecasting: A Crucial Step for Effective Management 

 Integrating energy forecasts into the energy management strategy provides a predictive 

backbone for long-term planning and operational scheduling. Rather than reacting to real-time 

consumption alone, the system benefits from foresight into aggregated demand trends. This 

allows for better alignment between expected load and renewable energy availability, particu-

larly for solar and wind sources, which often follow seasonal cycles. Forecasting consumption 

helps the system anticipate peak periods and strategize energy storage or grid usage accord-

ingly. This integration enhances the system’s ability to shift from reactive control to anticipa-

tory decision-making, resulting in improved cost-efficiency and greater alignment with both 

user patterns and renewable generation dynamics. 

2. Source Selection Logic  

The energy source selection mechanism operates based on a hierarchical logic that priori-

tizes availability, cost-effectiveness, and sustainability. Renewable sources solar and wind are 

evaluated first, as they provide clean and virtually free energy when available. If the renewa-

ble supply is insufficient to meet the demand, the system then assesses the state of charge 

(SoC) of the battery to determine its suitability as a supplementary source. Only when both 

renewables and battery storage are inadequate does the system draw power from the main 

utility grid. 

This tiered selection strategy ensures that energy consumption is optimized in real time, 

reducing both operational costs and environmental impact. Additionally, the control logic 

integrates forecasted energy production and demand to proactively adjust source priorities, 

enabling seamless and efficient energy allocation based on anticipated needs 

3. Decision Criteria Based on Forecast and Availability 

Effective energy source management relies on precise decision criteria that consider both 

forecasted consumption and the real-time status of each energy source. The control system 

continuously monitors forecast trends, battery state of charge, current production from solar 

and wind sources, and grid tariffs. 

Decisions are made via a rules-based algorithm that compares forecasted demand against 

the projected supply from available sources. Thresholds are established to prevent premature 

battery discharge or unnecessary grid usage during periods when renewable energy availabil-

ity is expected. 
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This logic enables the system to prioritize low-cost and sustainable sources without com-

promising the reliability of power supply to residential loads. By integrating forecasting into 

source selection, the system balances economic savings, supply security, and environmental 

responsibility. 

IV.6 Conclusion 

The methodology outlined in this chapter proposes a comprehensive and forward-looking 

framework for intelligent energy forecasting and source management in residential contexts. 

Although the initial evaluation phase began with the implementation of LSTM networks to 

explore the capabilities of deep learning in modeling sequential energy data, the primary fo-

cus was ultimately placed on the XGBoost model. This decision was made due to XGBoost’s 

superior performance in terms of prediction accuracy, computational efficiency, and its ability 

to handle missing values and non-linear relationships effectively advantages that made it more 

suitable for the structured nature of the available electricity consumption data. Instead of rely-

ing on other models, XGBoost was selected as the central forecasting tool for its proven ro-

bustness and interpretability in real-world energy forecasting tasks. The system incorporates a 

flexible, forecast-informed control strategy aimed at optimizing energy source usage while 

minimizing both cost and grid dependence. Its multi-layered design utilizes short- and long-

term consumption patterns, real-time data streams, and contextual inputs to guide proactive 

energy decisions. Feature engineering was adapted to suit model strengths, and the control 

logic integrates forecasting outputs with practical constraints such as renewable availability 

and battery capacity. This synergy between accurate forecasting and intelligent control under-

pins the proposed residential energy management system. The next chapter presents a detailed 

evaluation of the system’s performance across various experimental scenarios and metrics. 
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Experimental Results  

and Interpretation 

This chapter presents the results obtained from the different stages of the study, along with 

a comprehensive evaluation of the models used. It outlines the performance of the forecasting 

approaches and highlights the effectiveness of the proposed methods. The findings are 

analyzed in terms of accuracy and relevance, serving as a foundation for further 

developments, including the formulation of energy management strategies. The results are 

discussed in comparison with existing works to demonstrate the improvements achieved. 

V.1 Experimental Evaluation 

In this section, we present the experimental evaluation of the forecasting models applied to 

residential electricity consumption. The evaluation begins with an overview of results 

obtained from a Long Short-Term Memory (LSTM) model, as explored in related research, to 

provide a baseline for comparison. This serves as a reference point for performance 

assessment and highlights the capabilities of deep learning in time series forecasting. 

Following this, we focus on the proposed time series forecasting approach using the XGBoost 

algorithm. The primary objective is to assess the effectiveness and robustness of the 

XGBoost-based model when applied to electrical consumption prediction, considering both 

accuracy and practical applicability within smart grid environments. 

This section provides a comprehensive analysis of the experimental results obtained during 

the evaluation of the proposed time series forecasting approach. The primary objective is to 

assess the effectiveness and robustness of the XGBoost-based model applied to electrical 

consumption prediction. 
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V.2. LSTM-Based Electricity Consumption Forecasting 

We first studied the performance of Long Short-Term Memory (LSTM) networks in 

predicting household electricity consumption when applied to real-world energy data, 

demonstrating their effectiveness in monitoring temporal patterns of household electricity use. 

We performed hourly, daily resampling as shown in Fig V.1. This significantly reduced the 

data size while maintaining periodic consumption patterns, which is critical for efficient 

LSTM training. 

 

(a)   

 

 (b) 

Fig V.1 Features Resampled, (a) Over Hour, (b) Over Day 

The model was trained and tested separately on data resampled to hourly, daily intervals. 

Fig V.2 illustrates the hourly, daily original and the predicted electricity consumption values 

obtained by LSTM model. In case of hourly and daily granularities, we observe that the 

prediction curves follow the fluctuation of the original electricity consumption during the day 
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and night on an hourly basis, except for several peak usage hours. This occurs due to the fact 

that there are random variations for an individual home user. 

 
(a) 

 
 (b) 

 

Fig V.2 Hourly and daily prediction results for LSTM model: (a) Hourly granularity, and (b) Daily 

granularity 

As presented in the table V.1, the quantitative performance metrics support this 

observation. For the hourly dataset, the model attained a Root Mean Squared Error (RMSE) 

of 0.614. Using the daily aggregated data, the error values improved, with the RMSE 

decreasing to 0.333. 

The LSTM model demonstrated better performance in predicting daily electricity 

consumption compared to hourly predictions. This can be attributed to the fact that daily 

values represent a more stable and aggregated view of consumption patterns, which reduces 

the effect of short-term fluctuations and noise present in high-frequency data. LSTM networks 

are designed to learn temporal dependencies over sequences, and they perform better when 
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the underlying patterns are relatively consistent. In contrast, hourly consumption data tends to 

be more volatile and influenced by sudden behavioral changes (e.g., turning on appliances), 

making it more difficult for the LSTM model to accurately learn and predict these rapid 

variations. Additionally, the task of predicting a single daily value is inherently less complex 

than predicting 24 separate hourly values, each with its own local dynamics and variability. 

Table V.1 performance metric (RMSE) 

 

 

Following the implementation and evaluation of the LSTM model for forecasting 

electricity consumption, it was noted that the model yielded satisfactory results for daily 

aggregated data but exhibited limitations in capturing the high-frequency, nonlinear temporal 

dependencies present in hourly data. Given these challenges, the methodology was extended 

to include the XGBoost algorithm, a gradient boosting framework that excels in handling 

structured tabular datasets with engineered temporal features. XGBoost’s ability to efficiently 

model complex nonlinear relationships and its robustness against overfitting make it a suitable 

alternative to recurrent neural networks for this forecasting task, particularly when feature 

engineering can explicitly encode temporal patterns. 

V.2.1 Time Series Modeling 

The methodological framework adopted in this study is primarily based on the XGBoost 

model an advanced and versatile supervised learning algorithm widely acclaimed for its high 

predictive performance and computational efficiency. As discussed previously, XGBoost 

(Extreme Gradient Boosting) is particularly effective in handling structured data and 

capturing complex patterns, making it well-suited for time series forecasting tasks. 

To construct the predictive model, we first defined a target variable, denoted by 𝑦𝑖, which, 

in the context of our research, corresponds to the global active power. The remaining features 

in the IHEPC dataset, represented as 𝑥𝑖, are employed as predictor variables to estimate this 

target. The learning process begins with the creation of an initial decision tree, which is 

trained on the residuals derived from prior predictions. At each iteration, the algorithm 

computes a similarity score for the residuals, which assesses the homogeneity of the data 

points grouped within each leaf node of the tree, as well as the gain in similarity achieved 

RMSE 

Hourly  Daily  

0.614  0.333  
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through successive splits. The output value assigned to each leaf is then determined based on 

the residuals it contains. The prediction generated by a tree is used to compute a new set of 

residuals, which in turn guide the construction of the next tree. This process continues in an 

iterative manner, where each new tree corrects the errors of the previous ensemble, thereby 

progressively refining the model. The iterations proceed either until the residuals cease to 

decrease significantly, indicating convergence, or until a predefined maximum number of 

iterations (or epochs) is reached. In the final prediction phase, the outputs from all trees are 

aggregated by weighting each tree’s contribution using a learning rate. This ensemble output 

is then added to the initial prediction to yield the final, optimized estimation of the target 

variable. To provide a clearer understanding of this mechanism, Fig V.3 illustrates the internal 

workflow of the XGBoost algorithm during the training phase. 

 

Fig V.3 XGBoost based modeling process 

To conduct this evaluation, we utilized the Individual Household Electric Power 

Consumption (IHEPC) dataset, as previously described. For methodological consistency, the 

dataset was partitioned into two distinct subsets: 

• The training set, comprising data collected from December 26, 2006, to December 31, 

2009, was used to train the forecasting models and calibrate their internal parameters. 

• The testing set, encompassing the period from January 1, 2010, to November 26, 

2010, served to validate the forecasting performance and determine the most suitable 

prediction horizon. 
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The experimental protocol was structured into three sequential phases, each designed to 

address a specific aspect of model performance: 

Phase 1: Baseline Evaluation with Default Parameters 

In this initial phase, we assessed the predictive capabilities of the XGBoost model using its 

default hyperparameters. The raw dataset, without any form of preprocessing or scaling, was 

used as input. This baseline evaluation establishes a reference point against which subsequent 

optimizations can be compared. 

Phase 2: Hyper parameter Optimization 

Building on the baseline results, the second phase focuses on fine-tuning the 

hyperparameters of the XGBoost model to enhance its forecasting accuracy. Parameters such 

as the number of trees, maximum tree depth, learning rate, and sub-sampling ratio were 

adjusted systematically using grid search and cross-validation techniques. The aim of this 

optimization process is to identify a configuration that minimizes forecasting error and 

maximizes generalization to unseen data. 

Phase 3: Evaluation with Feature Scaling 

In the final phase, the best-performing XGBoost configuration obtained in Phase 2 was re-

evaluated on a version of the dataset that underwent feature scaling (using normalization or 

standardization). This step aims to assess the impact of data preprocessing on the model’s 

learning efficiency and stability. It also helps mitigate potential issues related to feature 

magnitude disparities that could adversely influence the model’s convergence behavior or 

skew its predictions. 

Through these three phases, the experimental design ensures a systematic and rigorous 

assessment of the model’s behavior under different training conditions. The outcomes of each 

phase are analyzed in terms of various performance metrics, which will be discussed in detail 

in the subsequent sections. 

V.3.  Forecasting Electricity Consumption Using XGBoost 

In the initial phase of our experimental study, the time series data was processed to 

generate two versions of the dataset, corresponding to hourly and daily levels of temporal 

resolution. This transformation was motivated by the temporal patterns identified during the 

exploratory data analysis, where recurring dependencies between current and historical values 

were highlighted. 
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Following this resampling, we employed the XGBoost regression model to predict future 

electricity consumption values. For this preliminary experiment, the model was executed 

using its default configuration settings, namely: Number of estimators: 100, Maximum Tree 

depth: 6, Learning rate: 0.1, and Booster type: gbtree. 

These default parameters served as a baseline to assess the model’s initial ability to learn 

consumption patterns from the IHEPC dataset without any fine-tuning or advanced 

preprocessing techniques. 

The forecasting task was then carried out separately for the two granularities. The resulting 

predictions are presented in Fig V.4, which displays the estimated electricity consumption 

over time for both the hourly and daily intervals. These graphical results offer a first visual 

insight into the model’s predictive behavior and set the stage for further refinement in 

subsequent phases of experimentation. 

 

(a)                                                                                       (b) 

Fig V.4 Household prediction vs original observations re-sampled to: (a) Hourly granularity, and 

(b) Daily granularity 

A careful visual inspection of the forecasted results reveals that the model effectively 

captures the overall trends and fluctuations of the electricity consumption across both hourly 

and daily time scales. The predicted curves closely follow the actual consumption patterns, 

demonstrating strong alignment with the observed data. However, some deviations are 

noticeable during specific peak hours and days, which can be attributed to the inherent 

randomness and unpredictability of individual household usage behaviors. 
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Quantitatively, the performance metrics reinforce this observation. For the hourly dataset, 

the model achieved a Root Mean Squared Error (RMSE) of 1.120 and a Mean Absolute 

Percentage Error (MAPE) of 0.108. When using the daily aggregated data, these error values 

improved, with an RMSE of 0.955 and a MAPE of 0.090. These results suggest that while the 

model performs well overall, its predictive accuracy is somewhat higher when considering 

longer time intervals, likely due to the smoothing effect of daily aggregation reducing noise in 

the data. 

V.3.1 Hyper parameter Optimization for the XGBoost Model 

While the initial results demonstrated promising predictive performance, there remained 

room for improvement, particularly in accurately forecasting consumption during peak 

periods, where variability tends to be higher. To address this, we undertook a systematic 

tuning of the XGBoost model’s hyperparameters with the goal of enhancing its overall 

accuracy and robustness. 

Our approach to hyper parameter optimization employed a grid search strategy, which 

exhaustively tests combinations of key parameters to identify the best-performing 

configuration. Specifically, we focused on three critical hyperparameters known to strongly 

influence model behavior: 

• Number of estimators (trees): tested values were 500, 1000, and 1500. 

• Maximum tree depth: tested values included 2, 4, 6, and 8. 

• Learning rate: evaluated at 0.05, 0.10, 0.15, and 0.20. 

Additionally, two types of boosters were considered to build the trees: gbtree (gradient-

boosted trees) and linear booster (linear functions). Combining all these options resulted in a 

comprehensive search space comprising 468 unique model configurations. 

After training and evaluating all candidate models on both hourly and daily resampled 

datasets, the optimal hyper parameter set was identified as follows: 

• Number of estimators: 1500 

• Maximum depth: 2 

• Learning rate: 0.15 

• Booster type: gbtree 
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This configuration yielded a significant reduction in forecasting errors compared to the 

baseline model. For the hourly data, the model achieved an RMSE of 0.326 and a MAPE of 

0.0271, demonstrating much tighter alignment with actual consumption values. On the daily 

aggregated data, the tuned model produced an RMSE of 0.412 and a MAPE of 0.034, 

indicating strong predictive performance over longer time intervals as well. 

Fig V.5 presents the refined electricity consumption forecasts on both hourly and daily 

scales after the hyper parameter tuning, highlighting the enhanced precision of the optimized 

XGBoost model. 

 

(a)                                                                               (b) 

Fig V.5 Household prediction vs original observations after XGBoost hyper-parameters tuning 

resampled to: (a) Hourly granularity, and (b) Daily granularity 

By examining the prediction curves presented in this figure, it is evident that the model’s 

forecasting accuracy has markedly improved following the hyper parameter tuning process. 

The adjusted curves now more closely follow the actual fluctuations observed in the original 

electricity consumption data, capturing subtle variations and peak consumption periods with 

greater fidelity than the initial XGBoost model that used default parameters. This 

improvement underscores the effectiveness of systematically optimizing model settings to 

better adapt to the intrinsic patterns within the data. 

Furthermore, based on established benchmarks in the literature [99, 100], a model is 

generally considered reliable and efficient if the Mean Absolute Percentage Error (MAPE) 

remains below 0.30. Our experimental results clearly place the tuned XGBoost model well 

within this threshold, indicating a high level of predictive precision. This strong performance 

can be attributed to two main factors: first, the thorough exploratory data analysis, which 
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allowed us to understand and preprocess the dataset effectively; and second, the meticulous 

tuning of the model’s hyperparameters, which enhanced its capacity to generalize and predict 

future consumption accurately. 

Despite this significant advancement, it is important to acknowledge that there is still 

potential for further enhancement. In the subsequent phase of our experiments, we will 

explore the impact of applying feature scaling techniques, such as normalization and 

standardization, to the dataset. These methods aim to harmonize the scales of input variables, 

potentially enabling the model to learn more effectively and yield even better forecasting 

results. 

V.3.2 Model Evaluation with Feature Scaling Applied to Dataset 

As highlighted during the exploratory data analysis, the IHEPC dataset exhibits extreme 

values, often referred to as outliers that correspond to unusually high electricity consumption 

instances. These irregularities create significant variability in the data, resulting in differences 

in the scales of the input features. Such discrepancies in magnitude can negatively impact the 

predictive accuracy of the XGBoost model by causing it to focus disproportionately on larger 

values, thereby reducing its ability to generalize effectively across all data points. 

To address this issue and enhance the robustness of our forecasting model, this phase 

involves applying data scaling techniques to the input features. Specifically, the two scaling 

methods discussed earlier, normalization and standardization, are utilized to transform the 

dataset. Normalization rescales the feature values to fit within a fixed range, typically between 

0 and 1, while standardization adjusts the features to have a mean of zero and a standard 

deviation of one, thus standardizing the variance. 

Once the datasets are scaled using these techniques, each transformed version is 

individually used to train the XGBoost regression model configured with the optimized 

hyperparameters identified in the previous experiments. This approach allows us to evaluate 

how the different scaling strategies influence the model’s ability to forecast electricity 

consumption with higher precision. 

The results of this analysis are presented in Figures V.6 and V.7, which display the 

predicted electricity consumption at hourly and daily intervals after the scaling 

transformations. These figures illustrate the impact of normalization and standardization on 

the forecasting accuracy, highlighting potential improvements in the model’s capacity to track 

consumption patterns more accurately. 



Chapter V      Experimental Results and Interpretation 

85 

 
 (a)                                                                                       (b) 

Fig V.6 Household predictions vs. original observations after features normalization: (a) Hourly 

granularity, (b) Daily granularity. 

 
(a)                                                                                             (b) 

Fig V.7 Household predictions vs. original observations after features standardization: (a) Hourly 

granularity, (b) Daily granularity 

From a careful examination of Figures V.6 and V.7, it is evident that the prediction curves 

exhibit significant improvement compared to the previous models that did not incorporate 

feature scaling. Specifically, the models trained on the normalized datasets show a 

particularly strong ability to closely mirror the fluctuations in the actual electricity 

consumption data. This enhanced tracking indicates that normalization effectively adjusts the 

feature values in a way that allows the model to capture subtle variations and patterns that 

were less well represented before scaling. 

Moreover, when comparing the two-scaling methods normalization and standardization 

both approaches contribute to reducing the volatility observed in the forecasted curves. This 

means the predicted consumption values vary less erratically over time, producing smoother 
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and more stable prediction trends. This stability is important because it suggests the model is 

less sensitive to noise and extreme values, leading to more reliable forecasting outcomes. 

To quantitatively support these visual observations, key performance metrics, namely the 

Root Mean Square Error (RMSE) and the Mean Absolute Percentage Error (MAPE), were 

calculated for each scaling method and are compiled in Table V.2. These metrics provide an 

objective evaluation of the prediction accuracy, confirming the visual improvements seen in 

the forecast curves. The reduced RMSE and MAPE values demonstrate that the scaled feature 

datasets enhance the model’s precision, with normalization showing a particularly noteworthy 

impact on improving prediction quality. 

Table V.2 Comparative results of the impact of the two scaling methods 

Standardization  Normalization 

Hourly  Daily  Hourly  Daily 

RMSE MAPE  RMSE MAPE  RMSE MAPE  RMSE MAPE 

0.346 0.317  0.390 0.233  0.229 0.026  0.129 0.020 

Table V.2 presents a comparative overview of the model’s performance when applying 

two different feature scaling techniques, standardization and normalization, across two-time 

granularities: hourly and daily. The evaluation metrics used to assess the prediction accuracy 

are the Root Mean Square Error (RMSE) and the Mean Absolute Percentage Error (MAPE), 

both widely recognized for measuring forecast precision and error magnitude. 

Analyzing the results for standardization, we observe that the RMSE values are 0.346 for 

the hourly granularity and 0.390 for the daily granularity, while the corresponding MAPE 

values are 0.317 and 0.233, respectively. These figures indicate a moderate level of prediction 

error, with performance slightly better for the hourly data compared to daily data, but overall 

higher errors relative to normalization. 

In contrast, the normalization method demonstrates a marked improvement in both metrics. 

For hourly data, the RMSE drops significantly to 0.229 and the MAPE decreases to 0.026. 

This reduction means the model is far more precise and consistent in its hourly electricity 

consumption predictions after normalization is applied. Even more impressive are the results 

for the daily granularity, where the RMSE falls further to 0.129 and the MAPE reaches an 

exceptionally low value of 0.020. These figures highlight that the model can very accurately 

forecast daily electricity consumption with minimal percentage error and deviation from 

observed values. 
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The outstanding performance of normalization over standardization may be attributed to its 

ability to rescale all feature values to a uniform range (typically between 0 and 1), which 

effectively mitigates the influence of extreme values and disparate measurement units in the 

dataset. This consistent scaling facilitates the learning process of XGBoost, leading to faster 

convergence and better generalization. 

V.4.  Comparative Analysis with Existing Approaches 

After rigorously assessing the performance of the proposed forecasting model, this section 

is dedicated to benchmarking its effectiveness against a selection of state-of-the-art 

approaches available in the literature. To ensure the integrity and fairness of this comparative 

analysis, we have restricted our scope to studies that utilized the same dataset, the Individual 

Household Electric Power Consumption (IHEPC) dataset. This criterion ensures that the 

observed performance differences arise from model architecture and processing techniques, 

not from dataset discrepancies. 

The comparison spans three temporal granularities of the IHEPC dataset: second-level 

(every 15 seconds), hourly, and daily aggregations. These varying resolutions introduce 

distinct prediction challenges, such as high-frequency noise at the second-level and smoother 

long-term trends at the daily level. 

Table V.3 The comparative analysis of the proposed method with state-of-the-art (DL and ML 

techniques) for hourly data resolution 

Methods Papers Model 
15 s resampled Hourly down sampled Daily down sampled 

RSME MAE RMSE MAPE MAE RSME MAPE MAE 

Deep 

learning 

Khan et al., 

2020 [76] 

CNN 

+LSTM 
- - 0.31 0.19 0.47 0.11 0.08 0.69 

Sajjad et al 

2020 [73] 
CNN-GRU - - - - - 0.47 - 0.33 

Machine 

learning 

Puspita et 

al 2019 [69] 
SVM - - 13.86 - 11.48 - - - 

Rajabi et al. 

2019 [71] 

CNN-2D-

RP 
0.79 0.59 - - - - - - 

SVM 1.25 1.12 - - - - - - 

ANN 1.15 1.08 - - - - - - 

Proposed XGBoost - - 0.229 0.026 - 0.129 0.020 - 

 

V.4.1 Hourly Prediction Performance 

In the context of hourly forecasts, as shown in table V.3, the proposed XGBoost-based 

approach demonstrates significant improvements over existing models cited in works such as 
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[69, 71, 73, 76]. Particularly, the results highlight that our model consistently produces the 

lowest RMSE and MAPE values compared to these references. Among these works, while 

[74, 72] delivered competitive RMSE values (~0.129), the proposed model surpasses them, 

especially in terms of MAPE, where it achieves a significantly lower value of 0.020. This 

indicates a more stable and reliable prediction accuracy across different consumption patterns, 

including periods with erratic or extreme energy usage. 

V.4.2 Daily and Second-Level Forecasts 

For both daily and second-level (15-second) predictions, the model maintains its 

advantage. When compared to methodologies in [70, 72, 77], our XGBoost model delivers the 

smallest error margins across all tested scenarios. Specifically, it achieves an RMSE of 0.229 

and MAPE of 0.026 for the second-level aggregated data, and an RMSE of 0.129 and MAPE 

of 0.020 for daily predictions. These results reaffirm the model’s capability to adapt 

effectively to both short-term and long-term temporal structures in household electricity 

consumption data. 

The consistently lower error rates in both hourly and daily resolutions highlight the 

strength of the proposed method. The combination of thorough data preprocessing, effective 

hyper-parameter tuning, and careful feature scaling likely contributed to this enhanced 

performance. 

These results suggest that the model can predict power consumption with very small 

deviations from observed values, thus offering high precision for both short-term and 

medium-term forecasting horizons. 

V.5. Electricity Consumption Forecasting for Multiple Households Using XGBoost 

To further evaluate the robustness and scalability of the forecasting approach, the model 

was extended from a single-household scenario to include six different homes within the same 

geographic area. This transition aimed to simulate a more realistic smart grid environment, 

where energy forecasting must accommodate diverse consumption behaviors. 
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           (a)                                        (b)                                           (c) 

 

            (d)                                              (e)                                               (f) 

Fig V.8 Household prediction vs original observations (Hourly granularity) For 6 homes:  

(a) Home 1, (b) Home 2, (c) Home 3, (d) Home 4, (e) Home 5, (f) Home 6 

 

        (a)                                              (b)                                              (c) 

 

(d)                                              (e)                                                 (f) 

Fig V.9 Household prediction vs original observations (Daily granularity) For 6 homes: 

(a) Home 1, (b) Home 2, (c) Home 3, (d) Home 4, (e) Home 5, (f) Home 6 
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Figures (V.8, V.9) represent the graphs extracted from the hourly and daily forecasting 

model for each of the six households illustrate a comparison between the actual electricity 

consumption values and the predicted ones. These plots show that the model is able to 

reasonably follow the overall trend of electricity usage throughout the day. The predicted 

values generally capture the fluctuations and peak periods of consumption, reflecting a good 

alignment with the real consumption patterns. Although there are some deviations between 

the predicted and actual values at certain time intervals, the model demonstrates an initial 

ability to adapt to the specific consumption behavior of each household. This indicates that 

even before tuning, the model has the potential to track consumption trends effectively. 

Further improvements and reduction of prediction errors are expected after applying 

hyperparameter optimization. 

V.5.1 Hyper parameter Optimization for the XGBoost Model 

After hyperparameter tuning, the updated hourly prediction graphs for each of the six 

households (Fig V.10, V.11) show a clear improvement in the model’s ability to capture 

actual electricity consumption patterns. The predicted values are now more closely aligned 

with the real data, with less pronounced deviations and improved tracking of both peaks and 

troughs in consumption. This demonstrates the effectiveness of the tuning process in 

enhancing model accuracy. 

 

 
(a)                                          (b)                                            (c) 

 

 

(d)                                          (e)                                            (f) 

 
Fig V.10 Household prediction vs original observations after XGBoost hyper-parameters tuning 

(Hourly granularity) For 6 homes: (a) Home 1, (b) Home 2, (c) Home 3, (d) Home 4, (e) Home 5, (f) 

Home 6 
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                        (a)                                          (b)                                            (c) 

 

(d)                                          (e)                                            (f) 

Fig V.11 Household prediction vs original observations XGBoost hyper-parameters tuning (Daily 

granularity) For 6 homes: (a) Home 1, (b) Home 2, (c) Home 3, (d) Home 4, (e) Home 5, (f) Home 6 

To quantify this improvement, Table V.4 summarizes the prediction errors after tuning, 

using standard evaluation metrics such as Root Mean Squared Error (RMSE) As shown in the 

table, all six households experienced a noticeable reduction in error values after optimization, 

further confirming the enhanced performance observed in the visual graphs. 

Table V.4 RMSE after XGBoost hyper-parameters tuning 

RMSE Home 1 Home 2 Home 3 Home 4 Home 5 Home 6 

Hourly 0.0104 0.0098 0.0163 0.0075 0.0096 0.0096 

Daily 0.0270 0.0207 0.0233 0.0235 0.0231 0.0217 

 

Table V.4 presents the Root Mean Squared Error (RMSE) values obtained after 

hyperparameter tuning for electricity consumption forecasting across six households. The 

table includes the RMSE results for both hourly and daily predictions, computed separately 

for each household. These values reflect the forecasting model’s accuracy in capturing 

electricity consumption patterns at different temporal resolutions. The results provide insight 

into how the model performs when applied individually to multiple households and allow for 

a quantitative assessment of prediction quality under varying conditions. 
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V.5.2 Motivation for Multi-Household Forecasting Extension 

The transition from forecasting electricity consumption for a single household to modeling 

six individual households aims to expand the scope of the study toward a more generalized 

and practical application within smart grid environments. While analyzing a single home 

allows for detailed modeling and understanding of consumption behavior, it does not fully 

represent the diversity of usage patterns found across different households. By extending the 

analysis to six separate homes, the objective is to assess the model’s robustness, adaptability, 

and predictive performance in the face of varying consumption profiles, appliance usage 

habits, and load dynamics. This broader perspective not only enhances the reliability of the 

forecasting model but also aligns more closely with real-world scenarios where energy 

management systems must operate across multiple users. Ultimately, this step supports the 

development of more scalable and intelligent solutions for household-level demand 

forecasting in smart grid systems. 

V.6 Energy management system 

Following the forecasting phase, the study was extended to the design of an energy 

management system (EMS) for a household connected to four energy sources: solar power, 

wind energy, a battery storage unit, and the main electrical grid. This setup reflects a typical 

smart home scenario within a smart grid environment, where local generation and storage 

capabilities must be optimally coordinated to meet the household's electricity demand. The 

objective of the EMS is to minimize reliance on the main grid, reduce energy costs, and 

maximize the use of renewable sources while ensuring supply reliability. The forecasting 

results serve as a key input to guide the energy allocation strategy across these sources, 

enabling intelligent and data-driven decision-making in real time. 

The core objective of the EMS is to determine, at each time step (daily or hourly), the 

optimal energy contribution from each source to meet the household demand while 

minimizing operational costs and maximizing the use of renewable energy. This involves 

solving a constrained optimization problem where the total energy supplied by solar, wind, 

battery discharge, and grid purchase must equal the predicted demand, subject to the 

availability of resources (e.g., solar irradiance, wind speed, battery state of charge) and system 

constraints (e.g., battery capacity, grid limits, cost tariffs). 



Chapter V      Experimental Results and Interpretation 

93 

 

Fig V.12 Seasonal variations in energy sourcing 

Fig V.12 illustrates the seasonal variation in energy sourcing, based on typical 

environmental conditions. As shown, solar energy (PV) dominates in summer, while wind 

energy is more prevalent in autumn and winter. The battery serves as a buffer in all seasons, 

storing excess energy and discharging when primary sources are insufficient. Grid energy is 

used as a last resort, particularly in winter, when renewable sources are limited. 

Based on the accurate forecasting results obtained using XGBoost model, several energy 

management strategies were proposed to optimize the utilization of available resources. Each 

strategy serves as a high-level plan for intelligently distributing loads and selecting energy 

sources based on predicted demand. These strategies were then translated into precise and 

executable algorithms that make automatic decisions regarding which energy source to use at 

any given time, depending on the time of day, season, and available resources 

V.6.1 Single-Source Energy Management  

In this energy management approach, the household is connected to only one energy 

source at a time. This design simplifies the control strategy, minimizes synchronization issues 

between sources, and reduces hardware complexity. Although multiple energy sources may be 

available simultaneously (e.g., solar and wind), the system selects the most appropriate single 

source based on availability, cost, time of day, season, and battery status. The decision-

making algorithm ensures that the selected source alone is sufficient to meet the predicted 

energy demand, thereby avoiding the need for real-time source blending or load balancing. 
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Algorithm 1: Single-Source Energy Management 

Inputs E_pred, E_solar, E_wind, E_battery, E_grid, 

  season, time_of_day, is_grid_available 

 
Outputs Connected_source  

    

If (E_solar ≥ E_pred) and (time_of_day = 'Day') then 

    connected_source ← 'Solar' 

Else if (E_wind ≥ E_pred) then 

    connected_source ← 'Wind' 

Else if (E_solar + E_wind ≥ E_pred) then 

    connected_source ← 'Hybrid (Solar + Wind)' 

Else if (E_battery ≥ E_pred) then 

    connected_source ← 'Battery' 

Else if is_grid_available and (E_solar + E_wind + E_battery < E_pred) then 

    connected_source ← 'Grid' 

Else 

    connected_source ← 'Load Shedding or Emergency Mode' 

End if 

 

• This algorithm employs a priority-based strategy to manage energy resources 

efficiently, giving precedence to renewable and cost-free sources before relying on stored or 

expensive alternatives. Solar energy is prioritized during daytime hours due to its immediate 

availability and sustainability. Wind energy is considered a valuable option, particularly at 

night or during colder seasons such as winter and autumn, when wind activity tends to be 

stronger. Battery storage is utilized next, but only if sufficient charge remains, in order to 

preserve battery longevity and avoid deep discharges that could degrade performance. If local 

renewable and stored sources are insufficient, grid energy serves as a dependable but 

expensive fallback, ensuring energy demand is still met. Finally, if all other sources fail to 

cover the required load, the system enters emergency mode, which may involve load shedding 

or prioritization of critical services to maintain stability. 

V.6.2 Multi-Source Energy management 

To ensure reliable and sustainable energy supply in a smart grid context, it is important to 

manage multiple energy sources efficiently. The following algorithm presents a step-by-step 

logic for powering a household using a hybrid energy management strategy. It considers solar, 

wind, battery, and grid power sources, and selects the combination of available sources 

needed to meet the predicted energy demand. Priority is given to renewable sources, while the 

grid is used only when absolutely necessary. This approach allows the system to dynamically 

adapt based on time of day, season, and energy availability. 
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Algorithm 2 : Multi-Source Energy management 

Inputs E_pred, E_solar, E_wind, E_battery, E_grid, 

season, time_of_day, is_grid_available 
Outputs Connected_source  

  

Initialize: 

    E_needed ← E_pred 

    Connected_Sources ← ∅ 

 

Step 1: Use Solar Energy 

If (time_of_day = 'Day') and (E_solar > 0) then 

    If E_solar ≥ E_needed then 

        Connected_Sources.Add('Solar') 

        E_needed ← 0 

    Else 

        Connected_Sources.Add('Solar') 

        E_needed ← E_needed - E_solar 

End if 

 

Step 2: Use Wind Energy 

If ((time_of_day = 'Night') or (season ∈ {'Winter', 'Autumn'})) and (E_wind > 0) and 

(E_needed > 0) then 

    If E_wind ≥ E_needed then 

        Connected_Sources.Add('Wind') 

        E_needed ← 0 

    Else 

        Connected_Sources.Add('Wind') 

        E_needed ← E_needed - E_wind 

End if 

 

Step 3: Use Battery Energy 

If (E_battery > 0) and (E_needed > 0) then 

    If E_battery ≥ E_needed then 

        Connected_Sources.Add('Battery') 

        E_needed ← 0 

    Else 

        Connected_Sources.Add('Battery') 

        E_needed ← E_needed - E_battery 

End if 

 

Step 4: Use Grid Energy 

If is_grid_available and (E_needed > 0) then 

    Connected_Sources.Add('Grid') 

    E_needed ← 0 

End if 

 

Step 5: Emergency Mode 

If E_needed > 0 then 

    Connected_Sources.Add('Load Shedding or Emergency Mode') 

End if 
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      The algorithm demonstrates a well-structured and intelligent approach to energy source 

selection by implementing a clear and logical priority order. It first opts for solar energy 

during daylight hours, followed by wind energy during the night or in windy seasons, then 

battery storage, the grid, and finally, an emergency mode as a last resort. This hierarchy 

reflects a sustainability-driven strategy typical of smart grid systems, emphasizing the use of 

renewable and cost-effective resources before relying on stored or purchased energy. 

Moreover, the algorithm supports partial contributions from multiple sources, allowing for 

flexible energy balancing where shortfalls from one source can be supplemented by others. 

This ensures realistic and optimized energy utilization. It also exhibits context-aware 

adaptability by factoring in the time of day, seasonal variations, the real-time availability of 

each source, and the operational status of the grid. These considerations make the algorithm 

robust and versatile across varying environmental and system conditions. Lastly, the inclusion 

of an emergency handling mechanism provides a critical layer of resilience, ensuring 

continuity of service even in cases where energy demand cannot be fully met, thereby 

enhancing the system’s overall reliability. 

V.6.3 Energy Source Switching Control  

Effective energy source switching control is a cornerstone in modern hybrid energy 

systems, where multiple generation and storage options coexist. This algorithm is designed to 

dynamically allocate energy sources  solar, wind, battery, and grid  to satisfy the predicted 

household demand efficiently. It systematically prioritizes the use of renewable energy based 

on time of day and seasonal availability while preserving battery reserves and minimizing 

costly grid consumption. By continuously monitoring energy availability and adjusting source 

connections accordingly, this control strategy enhances energy reliability, reduces operational 

costs, and supports environmental sustainability. Such intelligent management is crucial for 

optimizing smart home energy systems in the face of variable renewable energy production 

and fluctuating consumption patterns. 

This algorithm exhibits several important strengths that make it well-suited for energy 

management in a smart grid context. It adopts a clear and logical order for utilizing available 

energy sources, starting with solar energy during daylight hours, followed by wind energy at 

night or during colder seasons, then drawing from battery storage, and finally resorting to grid 

power only if necessary. This priority structure ensures that the most sustainable and cost-

effective options are considered first. Additionally, the approach allows for flexible and 

gradual allocation of energy by continuously updating the remaining demand, enabling 
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multiple sources to contribute as needed. The inclusion of straightforward control signals to 

switch each source on or off enhances clarity and simplifies implementation, making the 

algorithm both practical and adaptable for real-time applications. 

Algorithm 3: Energy Source Switching Control 

Inputs E_pred, E_solar, E_wind, E_battery, E_grid, 

season, time_of_day, is_grid_available 

 
Outputs switch_solar, switch_wind, switch_battery, switch_grid 

  

Initialize: 

    E_needed ← E_pred 

    switch_solar ← 0 

    switch_wind ← 0 

    switch_battery ← 0 

    switch_grid ← 0 

 

Step 1: Use Solar Energy 

If (time_of_day = 'Day') and (E_solar > 0) then 

    switch_solar ← 1 

    If E_solar ≥ E_needed then 

        E_needed ← 0 

    Else 

        E_needed ← E_needed - E_solar 

End if 

 

Step 2: Use Wind Energy 

If ((time_of_day = 'Night') or (season ∈ {'Winter', 'Autumn'})) and (E_wind > 0) and 

(E_needed > 0) then 

    switch_wind ← 1 

    If E_wind ≥ E_needed then 

        E_needed ← 0 

    Else 

        E_needed ← E_needed - E_wind 

End if 

 

Step 3: Use Battery Energy 

If (E_battery > 0) and (E_needed > 0) then 

    switch_battery ← 1 

    If E_battery ≥ E_needed then 

        E_needed ← 0 

    Else 

        E_needed ← E_needed - E_battery 

End if 

 

Step 4: Use Grid Energy 

If (E_needed > 0) and (is_grid_available = True) then 

    switch_grid ← 1 

    E_needed ← 0 

End if 
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V.6.4 Benefits of Energy Management Strategies 

The three proposed algorithms in this study address the efficient management of diverse 

energy sources to meet the predicted household electrical demand. The first algorithm 

implements a simple single-source selection based on availability conditions such as time of 

day and season, prioritizing the use of renewable energy when available. The second 

algorithm extends this approach to enable simultaneous connection of multiple energy 

sources, enhancing system flexibility and maximizing renewable energy utilization while 

reducing dependence on the electrical grid. Finally, the third algorithm introduces a dynamic 

control mechanism using switching signals to activate or deactivate different energy sources 

(solar, wind, battery, and grid), optimizing energy management to ensure continuous power 

supply with minimal cost and maximum reliability. Collectively, these algorithms aim to 

develop an intelligent home energy management system capable of adapting to demand 

fluctuations and variable renewable generation, while ensuring both economic and technical 

sustainability. 

V.7 Conclusion 

This chapter presents an in-depth evaluation of the proposed electricity consumption 

forecasting models, beginning with the implementation of an LSTM (Long Short-Term 

Memory) neural network as a baseline deep learning approach. Although the LSTM model 

demonstrated reasonable forecasting capabilities, the XGBoost-based model showed superior 

performance in terms of both accuracy and computational efficiency. Using the IHEPC 

dataset, several experiments were carried out to assess the model performance across different 

time resolutions: hourly, daily, and 15-second intervals. The dataset was divided into training 

and testing sets, and the forecasting experiments were conducted in three progressive phases: 

1) Baseline XGBoost Model and 2) Hyper-parameter Tuning. 

To address data variability caused by extreme consumption values, normalization and 

standardization techniques were applied. Normalization, in particular, led to the best results, 

achieving the lowest RMSE and MAPE (0.129 and 0.020, respectively) for daily predictions. 

Finally, the performance of the proposed XGBoost model was compared with several 

state-of-the-art machine learning and deep learning models from the literature, all of which 

used the same IHEPC dataset. The proposed model outperformed all referenced approaches 

across all time resolutions, especially in terms of MAPE and RMSE, highlighting its 

robustness and reliability. 
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Building upon these results, the forecasting approach was extended from a single 

household to six individual households in order to assess the model’s scalability and 

adaptability to diverse consumption patterns. 

Moreover, accurate consumption forecasting represents a key enabling component for the 

design of intelligent energy management systems. The predicted demand values have been 

effectively used to develop dynamic control algorithms for managing energy sources  such as 

solar, wind, battery, and grid  ensuring optimal resource allocation, reduced reliance on the 

grid, and enhanced overall system efficiency. 
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Conclusion and 

Future Directions 
 

This thesis has addressed one of the most vital and timely topics in the field of smart energy 

systems: the accurate forecasting of electricity consumption using artificial intelligence. As the 

global energy landscape continues to evolve  driven by sustainability goals, the integration of 

renewable energy sources, and the digitalization of power systems  reliable forecasting models 

are becoming indispensable for maintaining efficiency, stability, and intelligent energy 

management. 

The research began with the acquisition, preparation, and in-depth preprocessing of real-

world household electricity consumption data. This initial step was fundamental in laying the 

groundwork for a successful prediction model, as it involved careful analysis of multiple energy 

metrics such as global active power, reactive power, voltage, current intensity, and 

disaggregated sub-metering for specific household zones (kitchen, laundry, and water 

heating/cooling systems). 

Two advanced machine learning techniques were evaluated  Long Short-Term Memory 

(LSTM) networks, which are widely recognized for their ability to capture temporal 

dependencies in sequential data, and the XGBoost algorithm, a powerful gradient boosting 

framework. Although LSTM showed promising results, XGBoost proved to be significantly 

more efficient, both in terms of training time and prediction accuracy. Thus, the research 

proceeded with XGBoost as the primary forecasting engine. 

Through careful tuning of hyperparameters and model optimization, the XGBoost-based 

forecasting system delivered highly accurate hourly  and daily electricity consumption 

predictions with remarkably low error rates. The robustness and reliability of the model were 

further validated by extending the experimental setup from one household to a group of six 

homes, capturing a broader range of consumption behaviors and usage patterns. This transition 
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from a single-user to a multi-household scenario not only demonstrated the model's scalability 

but also enhanced its practical relevance in real-world applications. 

Importantly, this thesis did not stop at prediction. In its final stage, it bridged the gap between 

forecasting and action by proposing a complete energy management framework built upon the 

model's output. This framework incorporates various energy sources solar panels, wind 

turbines, battery storage systems, and the conventional electricity grid and is designed to 

dynamically allocate energy in an optimal manner based on predicted demand. It provides a 

path toward proactive and data-driven energy distribution, with the potential to minimize energy 

waste, reduce costs, and improve the reliability and sustainability of energy systems at the 

household level. 

The contributions of this thesis are therefore multifaceted. On the technical side, it introduces 

a refined and well-validated AI-based forecasting approach. On the practical side, it offers a 

blueprint for integrating predictive analytics into everyday energy management. From an 

academic perspective, it lays the groundwork for future research at the intersection of artificial 

intelligence, renewable energy integration, and smart grid optimization. 

In a world where energy challenges are becoming increasingly complex, this research 

contributes valuable insights and tools to support the transition toward smarter, more 

sustainable, and more autonomous energy infrastructures. The successful application of AI in 

this context illustrates not only the power of machine learning in data-rich environments but 

also its critical role in driving the future of intelligent energy systems. 

Building on the outcomes of this thesis, several promising research directions can be pursued 

to further enhance energy forecasting and management in smart grids using artificial 

intelligence : 

 Real-Time Forecasting and Adaptive Models : Developing models that can update 

dynamically with real-time data streams from smart meters and IoT sensors will improve 

responsiveness to sudden changes in consumption patterns and grid conditions. 

 Multi-Scale and Large-Scale Forecasting : Extending the forecasting framework to 

cover larger geographical areas, such as neighborhoods, cities, or regions, to support more 

comprehensive smart grid management and planning. 

 Hybrid and Ensemble Learning Approaches : Investigating hybrid models that 

combine the strengths of different algorithms (e.g., XGBoost with deep learning architectures 
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like LSTM or Transformers) to improve prediction accuracy and robustness under diverse 

conditions. 

 Integration with Demand Response and Energy Optimization : Linking forecasting 

models with demand response programs and optimization algorithms to enable automated load 

shifting, peak shaving, and real-time control of energy consumption and generation. 

 Incorporation of External Factors : Including weather data, socio-economic 

variables, occupancy patterns, and tariff structures into forecasting models to increase 

prediction accuracy and provide personalized energy management solutions. 

 Enhanced Renewable Energy and Storage Management : Developing advanced 

strategies for managing renewable energy generation and battery storage, optimizing 

charge/discharge cycles to maximize efficiency, lifespan, and economic benefits. 

 Environmental and Economic Impact Assessment : Quantifying the environmental 

benefits (e.g., CO₂ emission reductions) and economic savings of AI-driven energy 

management systems to support policy-making and incentivize adoption. 

 Interoperability and Standardization : Researching ways to integrate AI-based 

forecasting systems with existing smart grid standards and platforms to ensure compatibility, 

scalability, and ease of deployment. 

These directions represent a roadmap for evolving the current research into practical, 

scalable, and impactful smart grid solutions. By addressing these challenges, future work will 

accelerate the transition toward intelligent, sustainable, and resilient energy systems worldwide. 



 

102 

 

Appendix A 

    Scientific Productions 

 

 A.1 Publications 

1.  Bezzar, N. E-H., Laimeche, L., Meraoumia, A., & Houam, L. (2022). Data   analysis-

based time series forecast for managing household electricity consumption. Demonstra-

tio Mathematica, 55(1), 900–921. https://doi.org/10.1515/dema-2022-0176 

 

A.2 International Conferences 

1.  Nour E-H, B., Lakhdar, L & Abdallah, M. (2022). Time Series Analysis of Household 

Electric Consumption with XGBoost Model. 4th International Conference on Pattern 

Analysis and Intelligent Systems (PAIS’2022), Oum El Bouaghi, Algeria. 1–6. 

https://doi.org/10.1109/pais56586.2022.9946913 

2.  Nour E-H, B., Abdallah, M & Lotfi, H. (2023). Forecasting Household Energy Con-

sumption Using LSTM Model. 1st International Conference on Advances In Electrical 

and Computer Engineering (ICAECE’2023), Tebessa, Algeria. 

3.  Nour E-H, B., Abdallah, M & Lotfi, H. (2023). Energy Management of Hybrid Power 

System with Storage System (Battery / Supercapacitor). 1st International Conference 

on Materials for Energy Storage (IC-MES’2023), Algiers, Algeria. 

 

A.3 National Conferences 

1.  Nour E-H, B., Abdallah, M & Lotfi, H. (2023). Artificial Intelligence Techniques in 

the Smart Grid: A Review. 1st National Conference on Artificial Intelligence and Its 

Applications (NCAIA’2023), Telemcen, Algeria. 

2.  Nour E-H, B., Abdallah, M & Lotfi, H. (2023). A Survey of Challenges and Applica-

tions of Artificial Intelligence Techniques in Smart Grid . 1st National Conference on 

Maintenance and Safety in the Service of The Environment (CNMSSE’2023), Te-

bessa, Algeria. 

https://doi.org/10.1515/dema-2022-0176
https://doi.org/10.1109/pais56586.2022.9946913
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3.  Nour E-H, B., Abdallah, M & Lotfi, H. (2023). Fuzzy Logic Energy Management 

Strategy of a Renewable Hybrid Energy System. 2nd National Conference of Materials 

Sciences and Renewable Energy (Cmsre24), Relizane, Algeria. 
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