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[bookmark: abstract]Abstract
Buildings account for a significant proportion of global electricity consumption and associated carbon emissions, making efficient energy management a critical sustainability challenge. With the increasing adoption of smart meters and building management systems, large volumes of high-resolution electricity consumption data are now available for predictive analysis. The purpose of this research is to develop and evaluate machine learning-based models for short-term electricity consumption forecasting in smart buildings. The study will employ regression-based machine learning models and time-series forecasting techniques, including Random Forests, ARIMA, and Long Short-Term Memory (LSTM) networks, using historical electricity and weather data. Model performance will be evaluated using standard error metrics, and feature importance analysis will be conducted to identify key drivers of electricity demand. The expected results include improved forecasting accuracy compared to baseline methods and practical insights into the trade-off between accuracy and interpretability. Overall, the research aims to provide a feasible and deployable forecasting framework to support intelligent energy management in smart buildings.













[bookmark: introduction]1. Introduction
Buildings are among the largest consumers of electricity worldwide, accounting for a substantial share of global energy demand and greenhouse gas emissions. As urbanization and electrification continue to increase, improving electricity efficiency in buildings has become a critical priority for governments, utility providers, and building operators. Smart buildings, equipped with smart meters, sensors, and automated control systems, generate large volumes of operational data that can be leveraged to improve energy efficiency through predictive analytics.
Short-term electricity consumption forecasting is a core component of intelligent building energy management systems. Accurate forecasts support optimized operation of heating, ventilation, and air-conditioning (HVAC) systems, demand-side management, operational cost reduction, and enhanced integration of renewable energy sources. However, electricity consumption in buildings is influenced by complex and nonlinear factors such as weather conditions, occupant behaviour, building characteristics, and temporal usage patterns.
Previous research has explored statistical, machine learning, and deep learning approaches for building energy forecasting. While deep learning models often achieve high predictive accuracy, many existing studies focus on a limited number of buildings, lack systematic comparison between methods, or emphasize accuracy without considering interpretability and deployment feasibility. In practice, building operators require forecasting models that balance accuracy, transparency, and computational efficiency.
This research addresses these gaps by systematically evaluating traditional statistical models and modern machine learning techniques for short-term electricity consumption forecasting in smart buildings. The study emphasizes practical feasibility, interpretability, and robustness across different temporal and building conditions, contributing both academic insight and applied value to smart building energy management.









[bookmark: research-problem-and-rationale]2. Research Problem and Rationale
Despite the increasing availability of smart building data, electricity consumption forecasting remains challenging due to nonlinear relationships, temporal dependencies, and external influencing factors such as weather. Many existing approaches either oversimplify the problem or rely on complex deep learning architectures that are difficult to interpret and deploy in real-world systems.
Furthermore, prior studies often lack a comprehensive evaluation of different forecasting approaches under consistent experimental settings. This limits the ability of building managers and policymakers to select suitable models for operational use. Therefore, there is a need for a structured and practical comparison of forecasting techniques that considers accuracy, interpretability, and feasibility.
The rationale for this research lies in addressing this need by developing and evaluating multiple forecasting models using real-world smart building datasets. The outcomes of this research are expected to support more effective electricity management and contribute to sustainability objectives.

[bookmark: X2173a65bf0229515525ff9d981946562c024c2b]3. Energy Consumption vs Electricity Consumption
Energy consumption refers to the total use of energy across all carriers, including electricity, natural gas, heating oil, and renewable sources. Electricity consumption, in contrast, specifically measures the use of electrical energy, typically recorded in kilowatt-hours (kWh). Electricity consumption is particularly important in smart building contexts due to the availability of high-resolution smart meter data and the increasing electrification of building services.
This research focuses explicitly on electricity consumption, as it is directly measurable, operationally actionable, and central to short-term forecasting and demand response applications in smart buildings.






[bookmark: aim-and-objectives]4. Aim and Objectives
[bookmark: aim]Aim
The primary aim of this research is to develop and evaluate machine learning models for predicting short-term electricity consumption in smart buildings using historical electricity and weather data.
[bookmark: objectives]Objectives
· To review existing literature on electricity consumption forecasting in buildings.
· To preprocess and analyse real-world smart building electricity datasets.
· To develop regression-based and time-series forecasting models.
· To evaluate and compare model performance using standard metrics.
· To identify key factors influencing building electricity consumption.
· To assess the limitations and practical feasibility of the proposed models.

[bookmark: research-questions]5. Research Questions
· Can machine learning models accurately forecast short-term electricity consumption in smart buildings?
· How do different forecasting approaches compare in terms of accuracy and robustness?
· Which features most strongly influence building electricity consumption?
· What limitations affect the practical deployment of machine learning-based forecasting models?











[bookmark: literature-review]6. Literature Review
Recent research in building electricity consumption forecasting has increasingly shifted from classical statistical methods toward machine learning and deep learning techniques due to their capacity to model complex patterns and nonlinear relationships in high-dimensional data. Early approaches such as linear regression and ARIMA models form the foundational baseline due to their simplicity and interpretability, but they often struggle to capture temporal patterns when external factors like weather and occupancy are significant [3], [12].
Machine learning techniques — including Random Forest, Support Vector Machines (SVM), and Gradient Boosting Machines (GBM) — have demonstrated superior predictive performance compared to traditional models in many cases. For example, Zhang et al. applied gradient boosting and random forest models to forecast plug-load electricity consumption using weather and historical usage data, showing significant performance gains over linear models [5]. Similarly, Zairi and Freihat applied ensemble learning for peak demand forecasting in smart grids, indicating ensemble methods’ robustness [14], [21].
Deep learning models have become particularly prominent for time-series forecasting due to their ability to capture both short-term fluctuations and long-term dependencies. Long Short-Term Memory (LSTM) networks, a type of recurrent neural network (RNN), have been widely used for building load prediction. In a recent comparative study, deep LSTM-based models consistently outperformed traditional time-series methods such as ARIMA and SVR across multiple datasets [4], [15], [23]. Hybrid models that combine deep learning with optimization techniques show even better performance. For instance, Shahsavari-Pour proposed a hybrid deep learning model that integrates feature selection with recurrent networks to improve robustness and prediction accuracy [9].
Occupant behavior has been identified as a critical but under-modeled predictor in load forecasting. Building electrical loads vary significantly with human presence and activity patterns, and integrating occupant counts or occupancy proxies has improved forecasting performance in numerous studies [7], [8]. Advanced frameworks that combine sensor-based occupancy features with machine learning models have yielded notable improvements in short-term forecasting accuracy.
Another important research direction is the incorporation of weather and climatic variables as features for forecasting models. Temperature, humidity, and solar radiation are correlated with building energy usage, particularly for HVAC loads. Wang et al. proposed a multi-factor deep learning model that explicitly accounts for climate variability alongside energy usage patterns, showing better performance under changing environmental conditions [2].
Systematic reviews of machine learning applications for building energy forecasting highlight three consistent challenges: (1) selection and engineering of input features; (2) model interpretability; and (3) generalizability across different building types and climates [12], [13]. Chen et al. emphasize that most models perform well on a specific dataset but lack transferability to other contexts, pointing to the need for benchmarking across diverse real-world data [13].
Recent work also explores hybrid and ensemble models that combine multiple learning algorithms to leverage each method’s strengths. Neshat et al. used adaptive evolutionary ensemble learning models to improve forecast accuracy while maintaining robustness against data irregularities [10]. IntelliForecast by U. K. G. et al. demonstrates that feature engineering combined with modular machine learning pipelines can significantly outperform single-model forecasts [18].
While deep learning models frequently achieve state-of-the-art results, they come with trade-offs including increased computational cost and lower interpretability — challenges for deployment in operational building energy management systems. Studies such as Zairi et al. explore hybrid models that combine deep learning with explainable layers to address this concern [21]. In practice, building operators not only require accurate forecasts but also need insights into the drivers behind load variations, highlighting the importance of explainable AI techniques in this domain.
Despite substantial progress, a key gap in the literature is the lack of standardized comparative studies that evaluate a wide range of models — from classical statistical techniques to modern deep learning — under consistent training and evaluation conditions. Many works are limited to experimental performance on individual case studies without comprehensive analysis of feature impact, model interpretability, or real-world applicability across diverse datasets.















[bookmark: methodology]7. Methodology
[bookmark: research-design-and-proposed-approach]7.1 Research Design and Proposed Approach
This research adopts a quantitative experimental design. Historical electricity consumption and weather data are used to develop predictive models for short-term electricity demand. The proposed approach consists of four stages: data preprocessing, feature engineering, model development, and performance evaluation.
[bookmark: dataset-and-preprocessing]7.2 Dataset and Preprocessing
Publicly available smart building electricity consumption datasets combined with weather data are used. Preprocessing includes handling missing values, outlier removal, timestamp alignment, and feature normalization.
[bookmark: model-development]7.3 Model Development
Linear Regression is used as a baseline model. Random Forest models are applied to capture nonlinear relationships while maintaining interpretability. ARIMA models provide a classical time-series benchmark. LSTM networks are employed to capture long-term temporal dependencies. The scope of deep learning experimentation is constrained to ensure feasibility within the project timeframe.
[bookmark: experimental-setup-and-evaluation]7.4 Experimental Setup and Evaluation
Time-based train–test splitting is applied to prevent data leakage. Model performance is evaluated using Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), and R-squared (R²). Feature importance analysis is conducted to identify key drivers of electricity demand.

[bookmark: expected-outcomes]8. Expected Outcomes
The research is expected to demonstrate that machine learning models outperform traditional statistical approaches in short-term electricity consumption forecasting. The study will provide insights into the trade-off between accuracy and interpretability and identify key influencing factors.

[bookmark: limitations]9. Limitations
The study relies on publicly available datasets, which may not represent all building types or climates. Deep learning models may require higher computational resources, and results may not fully generalize across regions.

[bookmark: ethical-considerations]10. Ethical Considerations
The research uses publicly available and anonymised data. No human participants are involved, and ethical risks are minimal.

[bookmark: timeline]11. Timeline
The project will be completed over sixteen weeks, demonstrating structured planning, self-direction, and realistic task allocation.

	Week(s)
	Planned Activities

	1–2
	Project planning and ethics approval

	3–5
	Literature review and proposal refinement

	6
	Data acquisition and exploratory analysis

	7
	Data preprocessing and feature engineering

	8-9
	Model development and evaluation

	10
	Comparative analysis and interpretation

	11-13
	Results analysis and report writing

	14-15
	Revision and proofreading

	16
	Final submission preparation




[bookmark: conclusion]12. Conclusion
This proposal presents a feasible and rigorous plan to investigate machine learning-based short-term electricity consumption forecasting in smart buildings. By balancing accuracy, interpretability, and practicality, the study aims to contribute to both academic research and real-world energy management applications.
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