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Abstract 

 

Commencing with the transformative fusion of Smart Home and Internet of Things (IoT) technologies, this 

study scrutinizes the efficacy of predictive modeling approaches, specifically the autoregressive integrated 

moving average (ARIMA) and persistence algorithms. The primary focus lies in their potential for 

forecasting and optimizing energy consumption dynamics within the intricate framework of smart homes. 

The investigation reveals a nuanced comparison between the proposed ARIMA and conventional Persistence 

models. Smart Home, emblematic of innovative living, integrates seamlessly with IoT, promising an 

intelligent and interconnected domestic ecosystem. To enhance energy efficiency, this study explores the 

ARIMA model's capabilities alongside the persistence algorithm. Notably, the proposed ARIMA model 

showcases exceptional prowess in forecasting, substantiated by a significantly lower 𝑅𝑀𝑆𝐸 compared to the 

Persistence model. The ARIMA model, with an Root Mean Square Error value of 0.03378, outshines the 

Persistence model with a higher Root Mean Square Error value of 0.158 when evaluated on the test dataset. 

This substantial reduction in 𝑅𝑀𝑆𝐸 emphasizes the superior performance of the ARIMA model, making it a 

compelling choice for time series forecasting tasks. Beyond quantitative metrics, the precision of the 

ARIMA model holds transformative potential, promising cost-effective energy consumption, proactive 

maintenance, and an elevated quality of life within smart homes. This research establishes a robust 

foundation for integrating advanced predictive modeling, particularly the ARIMA model, to enhance the 

efficiency, sustainability, and inhabitant satisfaction of smart homes in the era of IoT. 

 

Keywords: Smart Home; ARIMA model; Time Series, IOT;  Persistence algorithm; ARIMA model; Modern 

architecture. 

 

1 Introduction 

 

In the ever-evolving terrain of the 21st century, the continued progress of technological innovations has 

seamlessly woven into the fabric of our daily existence, fundamentally altering our interactions with the 

external environment. This metamorphosis has permeated the essence of our residential spaces, triggering a 

paradigmatic transformation in the conventional understanding of living areas. At the forefront of this 
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revolution stands the visionary idea of "Smart Homes" – a seamless integration of modern architecture and 

cutting-edge technology that transcends mere convenience [1]. As shown in figure 1, these homes are a 

departure from the conventional, evolving into sophisticated ecosystems prioritizing efficiency, security, and 

personalized experiences. Smart homes are not just about physical structure; they embody a fusion of design 

and technology that revolutionizes how we perceive, control, and secure our domestic settings. [2,3] The 

impact of these dwellings on our daily routines is profound, necessitating a closer examination of their 

intricacies. Unraveling the network of interconnected devices that elevate the intelligence of these modern 

living environments becomes a focal point in understanding the technological forces steering this 

phenomenon [4]. 

 

Figure 1: Modern Architecture Meets Smart Home Technology. 

 

Amid these advancements, exploration doesn't conclude; it evolves. The challenges posed by intelligent 

homes demand sophisticated solutions; this is where time-series artificial intelligence (AI) comes into play. 

Time series AI introduces a dynamic and predictive approach, enabling the efficient management and 

optimization of data streams within smart homes [5]. It responds to the evolving needs of these homes, from 

predicting energy usage patterns to enhancing security systems through using historical data. Our 

investigation extends beyond theoretical concepts to the practical applications of artificial intelligence in the 

real world. As in figure 2, exploring how AI can significantly enhance the efficacy of smart home systems, 

we unveil the vital role of time-series AI analysis in dissecting practical scenarios [6]. As we navigate the 

complexities of innovation in smart homes, the study invites you to explore the potential of artificial 

intelligence, notably time series, in shaping the future of modern life. 

 

 

Figure 2: Effect of AI on The Efficacy of Smart Homes. 

The paper addresses vital research questions aimed at unraveling the intricacies of energy forecasting in 

smart homes, laying the foundation for a deeper understanding of the dynamic interplay between modern 

architecture, time series analysis, and sophisticated algorithms. Through this exploration, we seek to 

illuminate the path toward homes that respond intelligently to our needs and actively contribute to shaping 

the future of modern living. 

 

• How effective are the autoregressive integrated moving average (ARIMA) and persistence 

algorithms in predicting energy usage in smart homes? 

• What specific advantages does the ARIMA model offer over the persistence algorithm in the 
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context of smart home energy consumption predictions? 

• How does the ARIMA model demonstrate its ability to discern complex patterns and 

interdependencies in smart home energy consumption data? 

• What potential benefits may arise from the increased accuracy of ARIMA model predictions, 

particularly in lowering energy expenditures, promoting proactive maintenance, and enhancing 

occupant comfort? 

• In what ways do advanced forecasting techniques, such as ARIMA, contribute to optimizing energy 

management within the evolving landscape of smart homes? 

 

The subsequent sections of this work are structured as follows: The paper includes a discussion of the 

Related Work in Section 2, a description of the Material and Methods in Section 3, the presentation of the 

Results in Section 4, and a summary of the Conclusion in Section 5. 

 

2 Related Work 

 

A comprehensive literature study [7] examines application of information technologies in engineering. 

Artificial Intelligence (AI), Big Data, Blockchain, and IoT are all covered. These cutting-edge technologies' 

intricate connections and seamless integration are the focus. The study focuses on intelligent energy 

management strategies.  AI models for energy consumption, load profiles, and resource scheduling are used 

to study energy resource efficiency and prediction. Big data platforms and data mining help AI models 

discover new functions and improve information. IoT devices integrate AI with a variety of hardware and 

software, facilitated by the IoT platform, to streamline data transmission and storage for stakeholders and 

data mining. Blockchain and cryptocurrency are being studied for IoT integration and cloud layer 

enhancement to optimize data storage. The energy industry's low-carbon transition requires the seamless 

integration of AI, big data, and advanced digital technologies. 

 

In a distinct study initiative [8], the focus is directed toward the intricate task of energy demand forecasting 

at the individual household level—a crucial aspect within intelligent and sustainable environments. The 

study unveils the limitations of the conventional one-step forecasting approach characterized by a brief 

prediction period. Instead, it advocates for a more nuanced two-phase methodology to enhance accuracy. In 

the initial phase, the study employs long short-term memory (LSTM) models to predict total generative 

active power over an extensive 500-hour duration. Transitioning to the latter phase, a hybrid deep learning 

model takes center stage, amalgamating the convolutional features of a neural network with LSTM. This 

combined architecture, known as Convolutional LSTM (ConvLSTM), surpasses existing models, 

demonstrating the lowest root mean square error in estimating weekly residential electricity consumption. 

Another study dimension [9] scrutinizes how the Internet of Things (IoT) ecosystem establishes trust and 

integrity within smart homes. Emphasizing the critical need for dependability and reliability in the IoT 

network, given its substantial data conveyance, the study proposes a machine learning algorithm. This 

algorithm incorporates weather information and energy data from smart homes, employing the SDAR-based 

Change Finder algorithm to bring unexpected patterns in appliance usage to light. This underscores the 

paramount importance of privacy in the context of IoT-generated data. The analysis utilizes various time 

series models, including ARIMA, SARIMA, LSTM, Prophet, Light GBM, and VAR. Evaluation metrics 

such as 𝑅𝑀𝑆𝐸, 𝑀𝑆𝐸, and 𝑀𝐴𝐸 point towards the superior performance of the ARIMA model in effectively 

addressing the complexities of energy demand forecasting at the individual household level within the IoT 

ecosystem. 

 

In a parallel investigation [10], the study shifts its lens to the escalating utilization of IoT devices for 

monitoring electrical energy consumption in intelligent residential homes. Aligned with global commitments 

to sustainable development, the study accentuates the pursuit of reducing carbon footprints and embracing 

clean energy. Comparative analyses of energy consumption data from intelligent residential homes with 

predictive models, including SVR, GRU, CNN-LSTM, and CNN-GRU, unravel nuanced insights. The 

empirical findings underscore the degradation of machine learning SVR algorithms as data volume 

increases. At the same time, the proposed CNN-GRU architecture emerges as a standout performer, yielding 

a 17.4% improvement in Mean Absolute Error (MAE), particularly in daily granularity data. LSTM, though 

marginally better in MAE for hourly granularity data, along with CNN-LSTM, proves effective in 

identifying outliers in energy consumption data. An innovative methodology takes center stage in addressing 

the multi-objective scheduling problem of energy demand planning in Smart Homes [11]. Integrating three 

distinct Artificial Intelligence techniques to harmonize energy costs and user comfort, the approach employs 

an Elitist, Non-dominated Sorting Genetic Algorithm II for demand-side management. Considering factors 

such as electricity price fluctuations, equipment priority, operational cycles, and battery bank resources, the 
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approach showcases the efficacy of Support Vector Regression in predicting distributed generation for the 

subsequent day. Numerical simulations with accurate data from smart homes underscore the substantial cost 

reduction (51.4%) achieved by the proposed combination of AI techniques when comparing Smart Homes 

with and without distributed generation and a battery bank. 

 

Venturing into the realm of forecasting energy consumption time series in buildings, a unique study [12] 

employs machine learning (ML) methods. Real-time data from a smart grid in an experimental building form 

the basis for evaluating the effectiveness of both statistical and ML approaches. The study introduces a 

'hybrid model' that intertwines forecasting and optimization techniques, revealing its superiority over single 

and ensemble models regarding accuracy, positioning it as a preferred choice for energy management 

planning. Concluding this expansive exploration, another study [13] directs attention toward the transition to 

autonomous responsive demand and cyber-physical energy systems, specifically within the context of smart 

homes and their Home Energy Management Systems (HEMS). Delving into smart HEMS's architecture and 

functional modules, the study reviews advanced HEMS infrastructures and smart home appliances. A 

comprehensive survey of renewable energy resources, including solar, wind, biomass, and geothermal 

energies, utilized in HEMS adds depth to the analysis. The investigation culminates by scrutinizing various 

home appliance scheduling strategies to reduce residential electricity costs and enhance energy efficiency 

derived from power generation utilities. 

 

3 Material and Methods 

3.1 Dataset Collection 

 

Data acquisition is indispensable in realizing the functionality and advantages intrinsic to smart homes 

within these advanced living environments. Nevertheless, the delicate balance between innovation and 

privacy emerges as an overarching concern, accentuating the critical need to ensure data collection practices 

align with the guiding principles of transparency, security, and ethical responsibility. Establishing 

unambiguous and transparent data policies, robust security measures, and an empowering framework 

facilitating users' control over their data lays the groundwork for unlocking the complete potential of smart 

homes, concurrently upholding individual privacy and fundamental rights. Notably, the open-source and 

regularly updated Smart Home dataset, available on Kaggle [14], served as a valuable resource for this 

study. This dataset, acknowledged for its openness and accessibility, provides a comprehensive repository of 

information on various dimensions of smart home environments, encompassing appliance usage, 

environmental conditions, and occupancy patterns. The dataset's availability and accessibility contribute 

significantly to fostering research and development endeavors in smart homes. 

 

3.2 Data Preprocessing 

 

 

Preprocessing the data is necessary to ensure the accuracy of the regression model. To prepare the raw data 

for analysis, it is essential to employ several analytical methods that involve cleaning, purifying, and 

formatting the data. Further processing is required to enhance the efficacy of the regression model. The 

reason behind this is the presence of discrepancies, missing numbers, outliers, and noise in the raw data. All 

of these issues collectively add to the model's overall inefficiency. Many strategies were employed to carry 

out qualitative research. The strategy encompassed data completion, including essential rows and columns, 

aggregation according to specific attributes, and guaranteeing the distinctiveness of each occurrence of the 

selected characteristics [15,16]. 

 

3.3 Descriptive Analysis 

 

The visualization depicts several facets of the case, encompassing diverse time series, patterns, seasonal 

variations, and residuals. The components are obtained by seasonal decomposition using an additive model 

with a set duration. The study reveals that the data demonstrates a recurring pattern throughout different 

seasons, which is supported by both figure 3 and the outcomes of the Kruskal-Wallis test. 
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Figure 3: Seasonal Decompose. 

 

The ARIMA technique, an acronym for autoregressive integrated moving average, is extensively employed 

to examine time series data [17, 18, 19]. Acknowledged for its adaptability, this highly flexible model finds 

application across diverse scenarios, encompassing predicting future events, identifying distinct patterns, and 

evaluating economic trends [20, 21]. Particularly well-suited for data manifesting patterns, seasonality, and 

intricate interconnections, the ARIMA model comprises three fundamental components: the autoregressive 

(AR) component, the moving average (MA) component, and the integrating (I) component. The 

autoregressive (AR) component denotes the correlation among historical time series data, while the moving 

average (MA) component reflects the influence of prior prediction errors [8]. The introduction of the 

differencing component, symbolized by "I," transforms the time series into a state of stationarity, ensuring 

constancy in its statistical characteristics over time [22]. 

 

The efficacy of the ARIMA model can be ascribed to its adeptness in capturing both temporal dependencies 

and the overarching trend or seasonality inherent in time series data [15]. Through the determination of 

appropriate values for the AR(p), I(d), and MA(q) parameters, the ARIMA model yields accurate forecasts, 

providing valuable insights into the underlying patterns and dynamics of the time series [4]. The fitting of an 

ARIMA model necessitates the identification of suitable values for the AR (p), I (d), and MA (q) parameters 

[8]. Techniques such as autocorrelation and partial autocorrelation plots facilitate the visualization of 

relationships between a time series and its past values for this purpose [17]. Furthermore, selecting the most 

suitable ARIMA model for a given context may involve using statistical metrics such as the Akaike 

Information Criterion or the Bayesian Information Criterion  [20]. Recognized for its versatility, ARIMA is a 

valuable tool for academics, economists, and analysts spanning diverse disciplines [6]. Its capacity to capture 

temporal relationships and overall patterns or seasonality enables precise predictions, anomaly detection, and 

a deeper comprehension of complex time-series data, thereby facilitating well-informed decision-making 

[15]. 

 

3.4 Evaluation Metrics 

 

The criteria used to evaluate predictions are displayed in Table 1. 𝑁 represents the magnitude of the dataset 

under consideration. (𝑉𝑛̂) and (𝑉𝑛) respectively denote the estimated and true bandwidth values for the n-th 

iteration. The average of these estimated and observed values is denoted by 𝑉𝑛̂
̿  and 𝑉𝑛̿ [9]. Mean Absolute 

mistake (MAE) is a metric used to assess the effectiveness of statistical models. In contrast, Mean Squared 

Error (MSE) is a measure that quantifies the number of mistakes in statistical models. 

 

The Root Mean Square Error (𝑅𝑀𝑆𝐸) is a statistical measure used to compare the prediction errors of 

different models. This evaluation also considers the relative root mean square error (𝑅𝑅𝑀𝑆𝐸). The Pearson 

correlation coefficient is represented by "𝑟" .The coefficient of determination, sometimes referred to as R 

squared, is a statistical measure that quantifies the proportion of the variance in the dependent variable that 

the independent variables can explain. 
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Table 1: Evaluation criteria for predictions. 

Metric Formula 

RMSE 

√
1

𝑁
∑𝑛=1

𝑁  (𝑉̂𝑛 − 𝑉𝑛)
2
 

RRMSE 𝑅𝑀𝑆𝐸

∑𝑛=1
𝑁  𝑉̂𝑛

× 100 

MAE 1

𝑁
∑𝑛=1

𝑁  |𝑉̂𝑛 − 𝑉𝑛| 

𝑅2 
1 −

∑𝑛=1
𝑁  (𝑉𝑛 − 𝑉̂𝑛)

2

∑𝑛=1
𝑁  (∑𝑛=1

𝑁  𝑉𝑛) − 𝑉𝑛)2
 

𝑟 ∑𝑛=1
𝑁  (𝑉̂𝑛 − 𝑉̂𝑛)(𝑉𝑛 − 𝑉‾𝑛)

√(∑𝑛=1
𝑁  (𝑉̂𝑛 − 𝑉̂𝑛)

2
) (∑𝑛=1

𝑁  (𝑉𝑛 − 𝑉‾𝑛)2)

 

 

4 Results 

 

Table 2 presents a comparative analysis of the performance of the proposed Persistence and ARIMA models. 

The Root Mean Square Error (𝑅𝑀𝑆𝐸) for the proposed model is documented as 0.033778, while the 

Persistence model registers a higher 𝑅𝑀𝑆𝐸 value of 0.157909 upon evaluation with the test dataset. This 

noteworthy reduction in 𝑅𝑀𝑆𝐸 for the proposed ARIMA model underscores its superior effectiveness in 

time series forecasting and prediction tasks compared to the traditional Persistence model. In support of this 

finding, figure 4 illustrates the Residual Diagnostic Plot. Figure 5 displays the box plot, delineating the 

distribution of prediction error values for the proposed ARIMA model and the baseline algorithms. These 

visualizations offer a comprehensive means of comparing their respective performances, particularly in the 

context of forecasting accuracy. 

 

Table 2: Comparison of the ARIMA Model and Persistence (Baseline) Algorithm. 

 

RMSE MAE  r R2 RRMSE 

Persistence    0.3035 0.194  0.388  0.1511 38.8413 

ARIMA           0.263249087 0.174  0.374  0.1403 33.6862 

 

 

 

 Figure 4: Residual Diagnostic Plot. 
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      Figure 5: The Box Plots. 

5 Conclusion 

 

This comprehensive study delved into the efficacy of employing ARIMA (Autoregressive Integrated 

Moving Average) and persistence algorithms to forecast energy consumption in smart homes. Our 

investigation reveals that the proposed ARIMA model outshines the persistence algorithm, showcasing 

superior performance by attaining a significantly lower Root Mean Square Error (RMSE) value. This 

noteworthy outcome underscores the ARIMA model's capability to adeptly capture the intricate patterns and 

interdependencies inherent in the energy consumption data of smart homes. As a result, the forecasts 

generated by the ARIMA model demonstrate heightened accuracy, paving the way for a myriad of 

substantial benefits for smart home occupants. 

 

The improved accuracy achieved by the ARIMA model holds profound implications for the residents of 

smart homes. Among these advantages is the potential for reduced energy costs, as the model's enhanced 

predictive capabilities contribute to more precise energy consumption forecasts. This heightened precision 

allows for more proactive maintenance strategies and contributes to the overall enhancement of occupant 

comfort within smart home environments. In the rapidly evolving landscape of smart homes, characterized 

by an increasing reliance on data-driven technologies, the role of sophisticated time series forecasting 

techniques, such as ARIMA, is set to become even more critical. These forecasting methodologies will play 

a pivotal role in optimizing energy consumption, ensuring efficient resource utilization, and ultimately 

contributing to an enriched and seamless smart home experience. As smart homes continue to advance and 

integrate cutting-edge technologies, the significance of accurate and advanced forecasting models becomes 

paramount in steering the trajectory of energy management within these intelligent living spaces. 
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