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1. Introduction 

Energy management and sustainability have become critical concerns in today's rapidly evolving world. As the global 

population continues to grow and urbanization accelerates, there is an escalating demand for energy, particularly in 

the context of buildings, which account for a significant portion of overall energy consumption. This has led to a 

pressing need for innovative solutions to optimize energy usage and reduce the environmental footprint. In this 

context, the convergence of the Internet of Things (IoT) with smart building technologies has emerged as a promising 

avenue for enhancing energy efficiency and sustainability. In recent years, the imperative to address climate change 

and reduce carbon emissions has driven a paradigm shift towards sustainability and energy efficiency [1]. 
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Abstract 

As energy efficiency and sustainability become paramount in the face of growing urbanization and environmental 

concerns, predictive energy management in smart buildings has emerged as a promising avenue for mitigating 

energy consumption and optimizing resource utilization. In this paper, we investigate the application of advanced 

machine learning techniques, particularly a multi-layer Long Short-Term Memory (LSTM) model, within the 

framework of the Internet of Things (IoT), to predict and manage energy consumption. We rigorously evaluate our 

approach against a suite of machine learning baselines, including Linear Regression, Random Forest, Support 

Vector Machine, and Gradient Boosting, utilizing a comprehensive dataset encompassing power consumption data 

from smart home appliances and associated weather variables.  Our experimental results demonstrate the superior 

predictive capabilities of the LSTM model, showcasing its ability to outperform traditional machine learning 

baselines across various metrics, including Mean Absolute Error (MAE), and Root Mean Squared Error (RMSE). 

These findings underscore the potential of deep learning models in capturing intricate temporal dependencies 

within energy consumption data, contributing to improved energy efficiency, cost savings, and environmental 

sustainability in smart building environments. The integration of predictive energy management models into IoT-

enabled smart buildings holds the promise of a more intelligent and sustainable future in urban development and 

resource management. 
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Governments, organizations, and individuals are increasingly focused on minimizing energy consumption and 

maximizing the utilization of renewable energy sources. Smart buildings, equipped with advanced sensors, data 

analytics, and IoT connectivity, have risen to the forefront as a solution to address these challenges. These buildings 

are designed to intelligently monitor, control, and optimize various aspects of their operations, with a particular 

emphasis on energy management [2]. 

Despite significant advancements in energy-efficient technologies, conventional buildings continue to be plagued by 

inefficiencies in energy consumption. These inefficiencies result in excessive energy costs, increased greenhouse gas 

emissions, and a strain on energy resources. The crux of the problem lies in the lack of predictive energy management 

systems that can adapt to real-time conditions and proactively optimize energy usage [3]. This research seeks to 

address this pressing issue by developing and implementing predictive energy management solutions within the IoT 

framework to transform conventional buildings into energy-efficient, sustainable smart buildings [4]. 

While substantial research has been conducted in the fields of energy management, smart buildings, and IoT, there 

remains a noticeable gap in the literature regarding the comprehensive integration of these domains. Existing studies 

often focus on isolated aspects of energy efficiency or rely on traditional building management systems that lack the 

sophistication of predictive analytics. This research aims to bridge this gap by exploring the untapped potential of IoT 

technologies in predictive energy management, thereby contributing to a more holistic understanding of how smart 

buildings can revolutionize energy efficiency [5-7]. 

The primary objectives of this study are to develop advanced predictive energy management algorithms tailored to the 

specific requirements of smart buildings and to assess their effectiveness in optimizing energy consumption. 

Furthermore, we aim to evaluate the economic and environmental impacts of these algorithms by conducting real-

world experiments in a diverse range of smart building settings. By achieving these objectives, we intend to provide 

actionable insights and practical solutions for stakeholders seeking to enhance energy efficiency and sustainability in 

the built environment [3-5]. This research holds substantial significance in the context of sustainable urban 

development and the reduction of carbon emissions. By harnessing the power of IoT and predictive energy 

management, our findings have the potential to revolutionize the way energy is managed within smart buildings, 

leading to substantial energy savings, cost reductions, and environmental benefits. Moreover, the knowledge generated 

from this study can guide policymakers, building owners, and energy managers in making informed decisions about 

adopting IoT-based energy management systems to achieve their sustainability and energy efficiency goals. 

2. Background and Literature 

This paper is organized into six main sections to comprehensively address the topic of predictive energy management 

in the context of smart buildings and IoT technology. In Section II, we provide an extensive review of the existing 

literature and the current state of the field. In Section III,  we delve into the specifics of our research approach, detailing 

the development of predictive energy management algorithms within the IoT framework. Section IV outlines the setup 

and parameters of our real-world experiments, allowing for a clear understanding of our data collection process. In 

Section V,  we present our findings and engage in a thorough analysis of the data, offering insights into the 

effectiveness of our predictive energy management system. Finally, in Section VI, we summarize the key takeaways 

from our study, emphasizing the implications of our research on energy efficiency, sustainability, and the future of 

smart buildings. Mousavi et al. [7] conducted a systematic review on data-driven prediction and optimization for 

achieving net-zero and positive-energy buildings. Their work provides valuable insights into the current state of 

research in energy-efficient building management, which aligns with our focus on predictive energy management in 

smart buildings.    In their study, Sayed et al. [8] explored the integration of artificial intelligence and IoT for enhancing 

energy efficiency in buildings. This research offers a perspective on the potential synergies between AI and IoT 

technologies, which is highly relevant to our investigation of IoT-based predictive energy management.    Apanavičienė 

and Shahrabani [9] examined key factors affecting the integration of smart buildings into smart cities, particularly 

from a technological standpoint. This research helps us understand the broader context in which smart buildings 

operate within the framework of smart cities, providing valuable background information for our study.    Lu et al. 

[10] conducted a literature survey on building energy prediction using artificial neural networks. Their work 

contributes to our understanding of the predictive modeling techniques that are prevalent in the field, which can be a 

valuable reference for our methodology.  Sadeeq and Zeebaree [11] explored energy management for the Internet of 
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Things through distributed systems. This study could provide insights into the distributed nature of IoT-based energy 

management, which aligns with our research objectives.   Perumal [12] discussed the use of IoT platforms to make 

buildings smarter and more energy-efficient. This research offers insights into the practical implementation of IoT 

technologies in improving building energy efficiency, which is directly related to our study's scope.    Campodonico 

Avendano [13] focused on IoT-driven machine learning pipelines for predictive modeling in indoor environments, 

with an emphasis on energy efficiency enhancement. This work aligns with our research on predictive energy 

management and IoT applications.    Al-Qarafi et al. [14] proposed an artificial jellyfish optimization approach with a 

deep-learning-driven decision support system for energy management in smart cities. This study provides an example 

of advanced optimization techniques for energy management in the context of smart cities.   Lv and Shang [15] 

conducted a comprehensive review of the impacts of intelligent transportation systems on energy conservation and 

emission reduction in transport systems. While not directly related, this review offers insights into the broader context 

of energy conservation in smart systems, which can inform our study.    Mazhar et al. [16] analyzed the challenges 

and solutions of IoT in smart grids using AI and machine learning techniques. Although the focus is on smart grids, 

Figure 1: Comprehensive Visualization of Appliance Data Over Time 
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this review may provide insights into the application of IoT and AI in energy-related domains, which is relevant to our 

research on energy efficiency in smart buildings. 

In the field of predictive energy management in the Internet of Things (IoT), several studies have made significant 

strides. Martinez et al.[17]  explored the efficient use of IoT in rural areas, providing a foundation for understanding 

how IoT technologies can be effectively deployed in different environments, including smart buildings. Vazquez et al. 

[18] designed an IoT architecture for medical environments, demonstrating the versatility of IoT applications and the 

potential for energy efficiency improvements in various sectors, including healthcare. Llerena et al. [19]  proposed a 

prototype for detecting and reducing stress using brain waves and IoT, which could contribute to creating smarter and 

more energy-efficient buildings by considering occupant comfort and well-being. Lastly, Martínez Martínez et al. [20] 

used Neutrosophic Sets to assess the challenges of IoT in supply chain amid COVID-19, highlighting the broader 

implications of IoT deployment. These studies collectively provide valuable insights into the optimization of smart 

buildings for energy efficiency using IoT. 

3. Methodology 

This section outlines the systematic framework and research approach employed to investigate and address the 

challenges and objectives presented in our study on predictive energy management in smart buildings within the 

context of the Internet of Things. 

In our study, we present the comprehensive approach employed in our research, utilizing power consumption data 

from various appliances within a smart home environment as the primary case study. Additionally, we integrate a rich 

dataset of weather-related variables, including temperature, humidity, visibility, apparent temperature, pressure, wind 

speed, cloud cover, wind bearing, dew point, precipitation probability, and precipitation intensity. This combined 

dataset forms the foundation of our study, enabling us to analyze and model the intricate relationship between 

appliance usage patterns and environmental factors, thereby facilitating the development of predictive energy 

management algorithms within the Internet of Things (IoT) framework for smart buildings. 

Figure 2: Time Series Visualization of Meteorological Data 
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In the initial phase of our methodology, we undertake a comprehensive data visualization process to gain a clear and 

insightful understanding of the case study data. This visualization step serves as a critical preliminary assessment, 

allowing us to explore the patterns, trends, and anomalies within the power consumption data of smart home appliances 

and the associated weather information.  

In Figure 1, we present a comprehensive visualization of appliance data that provides valuable insights into their usage 

patterns and efficiency. This visualization is essential for understanding and optimizing energy consumption within a 

home or building.  In Figure 2, we present a visualization of weather data that offers valuable insights into 

meteorological conditions over a specific period. This visualization is crucial for understanding weather patterns, 

making informed decisions, and potentially predicting future weather events.  

In order to gain a deeper understanding of the intricate interplay between energy consumption and environmental 

factors, we conducted a rigorous examination of the correlation between energy variables and the comprehensive set 

of weather data. This analysis is presented in Table 1, which provides a clear snapshot of the relationships among these 

variables. By employing statistical techniques and correlation coefficients, we quantified the strength and direction of 

these relationships, shedding light on how changes in weather parameters influence energy usage patterns within our 

smart home case study. Table 1 serves as a pivotal reference point in our study, helping to identify which weather 

variables exert the most significant impact on energy consumption, thus guiding the subsequent stages of our 

predictive energy management model development. 

Table 1: Correlation Between Energy Variables and Weather Data 
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As the initial step in our meticulous data preparation process, we employ a moving average technique. This technique 

involves the calculation of moving averages for the power consumption data collected from smart home appliances. 

By applying this method, we effectively smooth the raw energy consumption data, reducing noise and fluctuations. 

The moving average, computed over a defined time window, provides a more stable representation of energy usage 

patterns, allowing us to capture underlying trends and variations with greater clarity. This pre-processing step is 

instrumental in enhancing the quality of our dataset, making it amenable to subsequent analysis and modeling. 

𝑦
^

𝑡 =
1

𝑘
∑ 𝑦𝑡−𝑛

𝑘

𝑛=1

 

(1) 

In Figure 4, we present a visual representation of the moving average applied to our dataset as a crucial step in data 

preprocessing. This figure offers an insightful glimpse into how the moving average technique effectively smooths 

the raw power consumption data of smart home appliances. The graph illustrates the original power consumption data 

alongside the computed moving average, allowing for a direct comparison. As evident from the figure, the moving 

average mitigates short-term fluctuations and noise in the data, revealing clearer trends and patterns in energy usage. 

This visualization serves to highlight the transformation of our dataset, which is now better suited for subsequent 

analysis and modeling, facilitating a more robust exploration of energy management strategies within the context of 

smart buildings and IoT technology. 

Following the application of the moving average technique, we proceed with the implementation of exponential 

smoothing as the next pivotal step in our data preparation process. Exponential smoothing is a widely recognized 

method for further enhancing the quality of time series data. In this step, we systematically apply exponential 

smoothing to the smoothed power consumption data derived from the previous phase. This technique is instrumental 

in capturing long-term trends and seasonality in the data while diminishing the influence of past observations 

exponentially. By smoothing the data in this manner, we aim to create a more refined and discernible representation 

Figure 4: Visualization of Moving Average Applied to Power Consumption Data 
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of energy consumption patterns. The resultant dataset is now better suited for subsequent modeling and predictive 

analysis, ensuring that our research is underpinned by a robust foundation of preprocessed data. 

𝑦
^

𝑡 = 𝛼 ⋅ 𝑦𝑡 + (1 − 𝛼) ⋅ 𝑦
^

𝑡−1 (2) 

Having meticulously prepared and refined our dataset through moving averages and exponential smoothing, we 

transition to the predictive modeling phase. To harness the power of machine learning and time series forecasting, we 

employ a multi-layer Long Short-Term Memory (LSTM) model. LSTMs are a type of recurrent neural network (RNN) 

known for their exceptional capability to capture complex temporal dependencies within sequential data. Our prepared 

dataset, which now embodies smoothed and enhanced energy consumption patterns, is fed into this multi-layer LSTM 

model. The LSTM model is designed to learn from historical power consumption data and associated weather variables 

to perform accurate predictions of future energy usage within our smart home environment. This phase marks a pivotal 

juncture in our methodology, where we leverage advanced deep learning techniques to realize the core objective of 

predictive energy management within the context of smart buildings and the IoT. The LSTM model consists of three 

main gates: the forget gate (𝑓𝑡), the input gate (𝑖𝑡), and the output gate (𝑜𝑡), which control the flow of information 

through the cell state 𝐶𝑡. The operations for each gate can be expressed as follows: 

Forget Gate (𝑓𝑡) : 

𝑓𝑡 = 𝜎(𝑊𝑓 + [𝐻𝑡−1, 𝑋𝑡] + 𝑏𝑓)  (3) 

Input Gate (𝑖𝑡) : 

𝑖𝑡 = 𝜎(𝑊𝑖 ⋅ [𝐻𝑡−1, 𝑋𝑡] + 𝑏𝑖)  (4) 

  

Candidate Cell State (�̃�𝑡) : 

�̃�𝑡 = tanh (𝑊𝑐 ⋅ [𝐻𝑡−1, 𝑋𝑡] + 𝑏𝑐) (5) 

  

Update Cell State (𝐶𝑡) : 

𝐶𝑡 = 𝑓𝑡 ⋅ 𝐶𝑡−1 + 𝑖𝑡 ⋅ �̃�𝑡 (6) 

  

Output Gate (𝑂𝑡) : 

𝑜𝑡 = 𝜎(𝑊𝑜 ⋅ [𝐻𝑡−1, 𝑋𝑡] + 𝑏𝑜) (7) 

  

Hidden State (𝐻𝑡) : 

𝐻𝑡 = 𝑜𝑡 ⋅ tanh (𝐶𝑡) (8) 

In the equations above, [𝐻𝑡−1, 𝑋𝑡] represents the concatenation of the previous hidden state 𝐻𝑡−1 and the current 

input 𝑋𝑡. The symbol ⋅ represents matrix multiplication. 𝑊𝑓 , 𝑊𝑖 , 𝑊𝑟 , 𝑊𝑜 are weight matrices specific to each gate. 

𝑏𝑓 , 𝑏𝑖 , 𝑏𝑐 , 𝑏𝑜 are bias vectors specific to each gate. 

4. Experimental Design 

In this section, we provide a detailed account of the experimental setup and configurations that underpin our research 

on predictive energy management in smart buildings within the Internet of Things (IoT) framework. This section 

serves as the bridge between our methodological framework and the empirical validation of our predictive energy 

management models.  

For the rigorous execution of our experiments, we established a meticulously designed implementation setup 

comprising essential hardware and software components. The experimental environment was equipped with state-of-

the-art devices, including a high-performance central processing unit (CPU) with multi-core architecture, a dedicated 

graphics processing unit (GPU) to expedite computational tasks, and ample random-access memory (RAM) to 

accommodate extensive data processing. Data storage was facilitated by a high-capacity hard disk drive (HDD) to 

house the voluminous datasets generated during the experiments. prediction metrics are essential for evaluating the 
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performance and accuracy of predictive models. Here's a brief discussion of common prediction metrics used in our 

study: 

MAE =
1

𝑛
∑(𝑢𝑖 − 𝑢⌢𝑖)

𝑛

𝑖=1

 
(9) 

 RMSE =  √
1

𝑛
∑ (𝑢𝑖 − 𝑢⌢𝑖)

2𝑛

𝑖=1
 

(10) 

  

5.  Results and Discussion 

In our study, we conducted a comprehensive evaluation of our predictive energy management model against five 

established machine learning baselines to assess its performance and superiority. Each baseline model was carefully 

selected to represent various approaches commonly used in energy prediction tasks, ensuring a fair and 

comprehensive comparison. 

 Linear Regression (LR): A simple linear model that assumes a linear relationship between input 

features and the target variable. 

 Random Forest (RF): An ensemble learning method that combines multiple decision trees to 

capture complex patterns in the data. 

 Support Vector Machine (SVM): A supervised learning model that identifies hyperplanes to 

separate different classes of data. 

 Gradient Boosting (GB): An ensemble learning technique that builds decision trees sequentially to 

correct errors from previous models. 

 Recurrent Neural Network (RNN): A deep learning model specifically designed for sequence 

prediction tasks, including time series forecasting. 

To assess the performance of each model, we utilized a comprehensive dataset comprising power consumption data 

from smart home appliances and associated weather variables. The dataset was split into training and testing sets, 

and the models were trained on the training data and evaluated on the testing data using standard prediction metrics 

(See Table 2). 

 

Table 2: Performance Comparison of Predictive Energy Management Models and Machine Learning Baselines 

Model Mean Absolute Error 

(MAE) 

Root Mean Squared Error 

(RMSE) 

R-squared (R2) 

Score 

Linear Regression 12.34 18.56 0.65 

Random Forest 9.82 15.28 0.75 

Support Vector Machine 13.45 20.21 0.58 

Gradient Boosting 8.96 14.12 0.79 

Recurrent Neural Network 

(LSTM) 

6.72 10.21 0.87 

The results in the table above clearly demonstrate the superior performance of our Recurrent Neural Network (LSTM) 

model compared to the five baseline models. The LSTM model achieved the lowest MAE and RMSE, indicating its 

ability to make more accurate energy consumption predictions. Gradient Boosting also performed well, outperforming 

all other baseline models in terms of MAE, RMSE, and R-squared score. This demonstrates the effectiveness of 

ensemble learning techniques in capturing complex relationships in the data. While Linear Regression, Support Vector 

Machine, and Random Forest models provided reasonable predictions, they exhibited higher error rates compared to 
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the more advanced ensemble and deep learning models. The choice of an appropriate model should consider the 

specific requirements of the energy prediction task, including the trade-off between accuracy and computational 

complexity. 

6. Conclusions 

This paper has presented a comprehensive investigation into predictive energy management within the context of 

smart buildings and the Internet of Things (IoT). Leveraging a multi-layer LSTM model, we have demonstrated the 

significant potential for improving energy efficiency and sustainability in smart building environments. Our 

experimental results have clearly showcased the superior predictive capabilities of the LSTM model, outperforming 

several machine learning baselines across various key metrics. This research underscores the critical role of advanced 

deep learning techniques in harnessing the wealth of data generated by smart building systems. By achieving more 

accurate energy consumption predictions, we pave the way for enhanced energy management strategies, reduced costs, 

and minimized environmental impact. As IoT technology continues to evolve, the integration of predictive energy 

management models like the one presented here promises to be a transformative force in shaping smarter, more 

efficient, and environmentally conscious buildings of the future. 
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