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	ABSTRACT



	

Energy consumption in academic institutions is a growing concern due to increasing electricity costs, inefficient monitoring, and environmental impact. At institution, manual and delayed data collection limits timely energy optimization. This study developed E-MOIS (Energy Monitoring and Optimization Intelligent System), a mobile-based intelligent system for real-time energy monitoring and optimization. Using the Agile methodology, the system was built with Flutter (Dart) for the mobile interface, Python for back-end analytics, and Firebase as the cloud database. A Random Forest Regression model analyzed daily energy data, enhanced through preprocessing and feature engineering, and evaluated using Mean Squared Error (MSE). The system provided dashboards, trend reports, and abnormal usage alerts for various users. Results showed accurate consumption forecasting and early detection of irregularities. User testing confirmed its reliability and usability. E-MOIS demonstrates a scalable decision-support tool that enhances energy management and promotes sustainability in academic institutions.
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1. [bookmark: Introduction]Introduction

Energy consumption in institutional environments such as universities and government buildings has become a growing concern due to rising utility costs, operational inefficiencies, and the environmental impact of excessive power usage. Globally, institutions represent a substantial portion of electricity demand, with laboratory facilities consuming three to eight times more energy per square meter than standard offices. In the Philippines, this challenge is equally significant. Institutions face limitations in energy monitoring systems, delayed access to consumption data, and a lack of tools for timely decision-making hindering proactive and data-driven energy conservation efforts.
To address these issues, this study introduces E-MOIS, a mobile-based intelligent system for institutional energy monitoring and optimization. The system enables real-time monitoring, analysis, and forecasting of energy consumption to support administrators and facility managers in identifying usage patterns, detecting anomalies, and formulating optimization strategies.
The primary contribution of this work is the integration of mobile technologies, machine learning specifically the Random Forest Regression algorithm and cloud databases to develop a practical, scalable, and predictive energy management tool tailored for educational institutions. Unlike systems dependent on costly IoT automation, E-MOIS demonstrates that combining manual data input, machine learning, and visual analytics can deliver reliable insights with reduced implementation costs. Additionally, it provides customized interfaces for administrators and staff, fostering inclusive and informed energy management practices.
By presenting the system’s development, architecture, and evaluation, this paper contributes to both institutional energy management in resource-constrained educational settings and the broader field of software engineering through a real-world application of data-driven decision-support technologies.

[bookmark: Problem_statement]Problem statement
In recent years, the global rise in institutional energy consumption has emerged as a significant concern, particularly in academic environments where diverse facilities such as classrooms, laboratories, administrative offices, and student accommodations operate simultaneously. These institutions exhibit complex energy demand patterns driven by varied equipment use, unpredictable schedules, and operational inefficiencies. Studies indicate that institutional buildings consume up to 22% more energy per square meter than commercial buildings, with laboratory spaces using as much as eight times more. This escalating energy use directly impacts both operational costs and environmental sustainability.
Within this context, the institution exemplifies the challenges faced by academic institutions in managing energy consumption. The institution lacks real-time access to electricity data and continues to rely on manual monitoring through physical records from local electric cooperatives. This outdated approach results in delayed data retrieval, inflexible reporting, and limited visibility of consumption trends, making it difficult for administrators to detect inefficiencies, abnormal usage, or potential areas for optimization.
Institutional stakeholders, particularly administrators and general services staff, have reported the urgent need for accurate, timely data to support decisions on energy efficiency and budgeting. In the absence of an intelligent monitoring system, institutions remain unable to anticipate consumption spikes, plan mitigation measures, or reduce unnecessary usage, leading to higher operational costs and missed sustainability opportunities. Addressing this issue is vital not only for improving institution internal operations but also for serving as a model for other resource-constrained institutions. This study aims to bridge the gap between data availability and energy optimization in the educational sector by developing a system that enables real-time monitoring, predictive analysis, and actionable insights for sustainable energy management.

            Research objective

This study aims to analyze the energy consumption patterns of institutional buildings at the institution for the purpose of developing a decision support system that enables real-time monitoring and predictive analysis. It focuses on improving the efficiency, accessibility, and responsiveness of energy data management from the point of view of institutional administrators and facility managers in the context of a resource-constrained academic environment lacking automated energy monitoring systems.

Study context

This study was conducted at the institution, operates multiple academic and administrative facilities serving approximately 3,500 students. Like many educational institutions in developing regions, it faces significant challenges in managing energy consumption due to the absence of real-time monitoring systems, fragmented data access, and dependence on manual reporting from third-party electric providers.
Currently, the institution relies on traditional ledger-based methods to obtain energy data from the local electric cooperative. These records are often delayed and lack sufficient detail, hindering the analysis of consumption patterns and the development of timely optimization strategies. Although digital power meters are in place, there is no centralized system for consolidating, visualizing, or forecasting energy usage. Consequently, decisions regarding energy planning and budgeting remain largely reactive.
This context reflects the realities of many resource-constrained educational and government institutions operating with limited budgets and without advanced energy management infrastructure. To address these limitations, the E-MOIS system was designed to function effectively within such constraints, emphasizing manual data entry, mobile-based accessibility, and cloud-backed synchronization via Firebase. Unlike systems that require costly IoT or sensor networks, E-MOIS offers a practical and scalable approach to institutional energy monitoring and optimization.
For researchers, this context defines the study’s scope and applicability. Rather than relying on automated real-time metering, the system integrates machine learning specifically the Random Forest algorithm with manually gathered time-series data in a mobile environment. This approach enhances replicability in similar institutions while identifying pathways for future expansion through IoT and sensor-based integration. The localized implementation and user-centered design provide valuable insights for both academic inquiry and practical applications in institutional energy management.									                                                                                                                		                                                                                                                                                               
Contribution statement

The main contributions of this paper are as follows:
1. Design and development of E-MOIS, a mobile-based decision support system specifically tailored for institutional energy consumption monitoring, which addresses the limitations of manual and delayed data collection processes commonly found in resource-constrained academic environments.
2. Integration of the Random Forest Regression algorithm into a time series analysis workflow for predicting daily and monthly energy consumption trends, enabling proactive decision-making and anomaly detection.
3. Implementation of a dual-interface mobile system that distinguishes between administrative and non-administrative users, providing role-specific access to data input, graphical reports, and system notifications to support operational efficiency and data security.
4. Demonstration of a cost-effective and replicable approach to energy monitoring without requiring full-scale IoT infrastructure, making it applicable to institutions with limited technical and financial resources.
5. Empirical evaluation of system usability and performance, validated through unit testing, integration testing, and acceptance testing with institutional stakeholders, ensuring the system’s reliability, practical value, and readiness for deployment.




[bookmark: How_the_paper_is_structured]
[bookmark: Background][bookmark: _bookmark0]Background

Energy monitoring systems have evolved from basic meter readings to complex infrastructures integrating real-time analytics, cloud storage, and intelligent forecasting models. In institutional settings, especially in developing regions full-scale adoption of automated energy management remains limited due to cost and infrastructural constraints. This study bridges that gap by integrating software engineering methods and machine learning techniques into a lightweight, mobile-based platform.
One of the core techniques used in this research is the Random Forest algorithm, a supervised machine learning method widely known for its robustness and high accuracy in classification and regression tasks. In this study, it is applied within a Time Series Analysis framework to model historical energy consumption data and generate predictions. Random Forest is particularly effective for dealing with non-linear patterns and is resistant to overfitting due to its ensemble learning structure constructing multiple decision trees and aggregating their outputs.
To support mobile deployment, the system uses Flutter, an open-source UI toolkit developed by Google, along with Dart as the programming language. This ensures that the application is cross-platform and adaptable for Android devices. For backend analytics, Python was used in conjunction with PyDroid, an Android-based Python IDE that enables local script execution. All data transactions and storage are managed via Firebase, a cloud-hosted NoSQL real-time database, which allows asynchronous data handling, real-time synchronization, and seamless integration with mobile applications.
The system’s architecture also distinguishes between user roles (administrators and staff), implementing a dual-interface model for task separation, access control, and enhanced usability. These technologies, while widely used in software engineering and data science, may be less familiar to energy management practitioners in academic institutions. Thus, this section provides necessary context for understanding how these components work together to enable predictive, accessible, and scalable energy monitoring solutions.

2. Related Work

A growing body of research has addressed the challenges of energy consumption monitoring and optimization across various institutional, commercial, and residential settings. Previous studies have explored a range of solutions from infrastructure-based interventions to behavioral strategies and algorithm-driven forecasting methods to reduce energy consumption and enhance operational efficiency. These studies collectively emphasize the importance of visibility, real-time analytics, and data-informed decision-making in energy management, particularly in environments with high and fluctuating demand like universities and hospitals.
In the context of institutional energy monitoring, Soares [2020] conducted an audit of higher education buildings in Portugal, proposing a combined approach involving behavioral awareness and energy-saving technologies. While effective in identifying consumption behaviors, their system lacked predictive or intelligent capabilities. Similarly, Sapri [2019] underscored the importance of digitization through IoT and cloud-based systems in supporting sustainable campus operations. However, both approaches are largely suited to institutions with the infrastructure and resources to support real-time automated monitoring. In contrast, our study focuses on institution, a public institution in the Philippines, where energy monitoring still relies on manual data collection. Our work introduces a mobile-based system that enables intelligent energy analysis despite resource limitations, effectively bridging the gap between low-tech monitoring and advanced decision support systems.				
In terms of forecasting techniques, Torculas et al. [2023] investigated machine learning algorithms such as Random Forest, XGBoost, SVR, and Linear Regression to predict national energy consumption trends in the Philippines. Their results confirmed that Random Forest models were particularly robust during unpredictable periods, such as the COVID-19 pandemic. While their study was focused on national-level forecasting, our research applies similar techniques at the institutional level, offering insights on building-specific consumption forecasting. Likewise, Bernardino and Silva [2018] affirmed the performance of Random Forest in various domains due to its resilience to noise and ability to handle non-linear relationships, further supporting our choice of algorithm for predicting institution’s daily and monthly energy patterns.
Several technology-driven energy monitoring systems have also emerged. For example, Muhammad et al. [2022] presented an IoT-enabled solution for household energy control, featuring mobile integration and automated sensor feedback. While their solution offered fine-grained control over appliances, it required extensive hardware deployment. Our approach adopts a more accessible model, relying on manually collected data but enhancing it through machine learning and real-time visualization on mobile platforms. Additionally, context-specific implementations like the “bright green hospitals” described by Ramos [2018] and Estoesta [2020] show how institutions can adopt tailored energy strategies to improve sustainability. Our study builds on this concept by introducing a scalable, hybrid system suited for educational institutions in low-resource settings.
Despite these advancements, few existing studies address the unique challenges faced by institutions like institution, where real-time data collection infrastructure is limited or nonexistent. Most of the prior work assumes availability of automated systems and high digital maturity conditions not always present in public schools or rural academic institutions. This research contributes to the field by demonstrating a cost-effective and adaptable solution that combines manual input, machine learning forecasting, and mobile-based reporting. In doing so, it provides a practical model that can be replicated in similar institutional contexts to improve energy visibility, responsiveness, and long-term efficiency.



3. Methodology
[bookmark: Research_goal_and_questions/hypotheses]This section outlines the research goal, its supporting questions, and the methodological framework used to design, develop, and evaluate the E-MOIS system. The nature of this study aligns with Design Science Research (DSR), which emphasizes the creation and evaluation of innovative IT artifacts intended to solve identified practical problems in real-world contexts. The artifact in this study is a mobile-based, machine-learning-enabled decision support system that addresses the lack of real-time energy monitoring in institutional environments, specifically at institution.

Research Goal and Research Questions
The central goal of this research is to design and validate a system that enables institutions to monitor, analyze, and predict electricity consumption using a mobile platform integrated with machine learning and real-time cloud technologies. This system is intended to support informed decision-making, reduce energy inefficiencies, and serve as a scalable solution for other resource-limited institutions.

To address this goal, we formulated the following central research question:

RQ1 (Central Question): How can a mobile-based system integrated with machine learning and cloud technologies support accurate and actionable energy consumption monitoring in a resource-constrained institutional setting?
To operationalize this goal and address various components critical to system success, we further decomposed the central question into the following specific research questions:
RQ1.1: What architectural components and technology stack (e.g., mobile framework, database, back-end tools) are most suitable for developing a real-time, user-friendly energy monitoring system in a low-resource academic context?
This guides the system design decisions justifying the selection of Flutter for mobile development, Firebase for cloud data handling, and Python via PyDroid for machine learning integration.
RQ1.2: Which machine learning algorithm is best suited for forecasting institutional electricity consumption from small, manually collected datasets?
This led to the selection of the Random Forest Regression algorithm, which offers strong performance with non-linear data and limited sample sizes, and performs well without requiring extensive feature engineering.
RQ1.3: Can manually recorded daily energy readings, when structured and preprocessed appropriately, serve as a reliable data source for time-series forecasting in the absence of IoT automation?
This question tests the core assumption that predictive accuracy and system value can be achieved without sensor-based inputs, making the system applicable to institutions without smart metering infrastructure.
RQ1.4: How do end users (administrators, technical staff) perceive the system in terms of usability, effectiveness, and support for energy-related decision-making?
This question evaluates user acceptance and system practicality based on user feedback and structured acceptance testing. Together, these questions ensure that the study comprehensively addresses system design, algorithm performance, feasibility under constraints, and real-world utility aligning technical rigor with practical impact.
[bookmark: Related_Work][bookmark: _bookmark1]
[bookmark: Method][bookmark: _bookmark2]Research Method and Procedure
The research followed the Design Science Research (DSR) methodology, structured around three iterative phases: design, development, and evaluation.

Problem Identification and Requirements Gathering:
The research began by identifying institutional challenges at institution through informal interviews with administrative staff, analysis of existing energy monitoring practices, and review of institutional utility reports. Key needs were identified, including real-time access, anomaly detection, forecasting capability, and user-friendly dashboards.

Design and Development of the Artifact (E-MOIS):

Guided by the requirements, a prototype was built using Flutter (Dart) for the mobile front-end, connected to Firebase for cloud-based real-time data synchronization. The back-end analytics component utilized Python, implemented on-device using PyDroid. The core machine learning model, Random Forest Regression, was selected for its robustness in small datasets and non-linear pattern recognition. Preprocessing included timestamp normalization, rolling averages, and the application of a sliding window technique for time-series preparation.

Data Collection and Model Training:
Historical electricity consumption data was manually gathered from institution monthly and daily electric meter logs, cleaned and structured for training. 80% of the dataset was used to train the Random Forest model, while the remaining 20% was reserved for testing. Evaluation metrics included Mean Squared Error (MSE) and visual validation of prediction accuracy on plotted time-series graphs.

Evaluation and Validation:
The system underwent unit testing, integration testing, and user acceptance testing. Feedback was collected from administrators and facility managers to evaluate system performance, usability, and decision-support relevance. Suggestions were incorporated into the final version to improve user experience, visual clarity, and data input flexibility.
This design-science-based approach ensured both technical soundness (through algorithm and software engineering methods) and contextual relevance (through real-world user feedback and iterative refinement). Moreover, it provides a model that can be replicated or extended by other researchers and institutions working in similar constraints.
4. Results
This section presents the results of the system implementation and evaluation. The outcomes are structured across three core dimensions: model performance, feature validation, and user acceptance. Visuals and tables are referenced and embedded accordingly.

[bookmark: Results][bookmark: _bookmark4]Predictive Model Performance
The Random Forest Regression model was trained using 80% of the collected electricity consumption data and evaluated on the remaining 20%. Model performance was assessed using error metrics and visual validation. The model was able to accurately track daily electricity consumption trends.

Figure 1: Actual vs Predicted Energy Consumption (June 2025)
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As shown in Figure 1, the predicted values closely follow the actual consumption curve across a 30-day testing period. The prediction line exhibits only minor variance during consumption peaks and troughs, indicating that the model effectively captures both baseline and fluctuating patterns.
To quantify performance, Table 1 presents statistical error metrics. The Mean Absolute Error (MAE), Mean Squared Error (MSE), and Root Mean Squared Error (RMSE) were all calculated to be 1.0, confirming minimal error between predictions and actual values.



Table 1: Statistical Error Metrics
	Metric
	Value

	Mean Absolute Error (MAE)
	1.0

	Mean Squared Error (MSE)
	1.0

	Root Mean Squared Error (RMSE)
	1.0



These results affirm the effectiveness of the Random Forest algorithm in forecasting energy usage, even when trained on manually entered institutional data with low sampling frequency.

System Feature Validation
Following system development, a comprehensive functional test was performed to ensure operational integrity. The results are outlined in Table 2.
Table 2: Feature Validation Results
	Component
	Status
	Summary of Results

	Data Input Module
	Passed
	Accepted multiple user roles with accurate validation

	Firebase Sync
	Passed
	Instant real-time updates across devices

	Analytics Engine
	Passed
	Generated reliable forecasts and graphs

	Visualization Dashboards
	Passed
	Responsive, filterable, and clearly rendered charts

	Admin/Staff Roles
	Passed
	Access control and features functioned as intended



Each feature met its intended functionality. The integration of Flutter, Firebase, and PyDroid ensured smooth end-to-end processing starting from data input to visual forecast generation.

 	User Acceptance and Usability Evaluation
User testing was conducted with eight institutional staff members, including administrators and general services personnel. Participants used the system over a two-week period and completed a System Usability Scale (SUS) questionnaire.
The system achieved a score of 86.25, placing it in the "Excellent" usability category. Users found the system intuitive, useful, and visually clear. Feedback also indicated that predictive insights and real-time access were highly valued. Findings are summarized in Table 3.

Table 3: User Acceptance Test Results Summary
	Aspect
	Result

	Usability Score (SUS)
	86.25 (Excellent usability)

	User Feedback Summary
	Users appreciated accessibility, simplicity, and visualization

	Improvement Suggestions
	Add CSV export feature; enhance monthly color-coded summaries



User recommendations, including the ability to export data and enhanced dashboard visuals, have been documented for future implementation.

Summary of Key Findings
· The Random Forest model successfully predicted institutional electricity consumption with high accuracy and minimal error.
· All functional system modules were validated through rigorous testing and passed quality benchmarks.
· Institutional users rated the system highly in terms of usability and provided actionable suggestions for future enhancements.
These results demonstrate that institutions can effectively adopt intelligent energy monitoring solutions without requiring expensive IoT infrastructure. The hybrid design manual data input supported by cloud processing and machine learning offers a practical, scalable solution for educational institutions operating under resource constraints.
[bookmark: Discussion][bookmark: _bookmark8]Discussion
         The central research question sought to determine whether a mobile-based system integrated with cloud technologies and machine learning could effectively support real-time and intelligent energy monitoring in a resource-constrained institutional setting. The findings confirm that the E-MOIS system successfully meets this objective. Its implementation demonstrated that institutions with limited infrastructure can leverage mobile platforms and cloud services to collect and analyze energy data without relying on advanced IoT hardware. The Random Forest model, selected for its robustness with small datasets, accurately forecasted daily electricity consumption with minimal error, validating its applicability in non-automated environments. Sub-questions explored the system’s architecture, model performance, data input methods, and user acceptance. The technology stack Flutter for the mobile interface, Firebase for cloud synchronization, and Python-based Random Forest for analytics proved both scalable and accessible. The study also showed that consistently structured, manually collected data can serve as a reliable input for machine learning-based analysis, offering a cost-effective solution for institutions lacking digital meters or sensor networks. User evaluation further revealed strong acceptance, with a System Usability Scale (SUS) score of 86.25, indicating the system’s ease of use, intuitiveness, and alignment with administrative needs. 
        The implications of this study are twofold. For practitioners, particularly those in academic and public institutions within developing regions, it provides a practical model for implementing intelligent energy monitoring using existing infrastructure and incremental digital upgrades. The results demonstrate that affordable, non-invasive systems can yield actionable insights for energy planning and conservation. For researchers, the study contributes to the fields of applied machine learning, energy informatics, and design science research, showing how a hybrid approach combining manual data input with automated analytics can address real-world challenges in constrained environments. It also emphasizes the value of user-centered design and cloud computing in advancing sustainable digital transformation.
      Despite these promising results, several threats to validity were identified. In terms of construct validity, appropriate metrics (MAE, MSE, RMSE, SUS) were employed; however, the lack of comparison with alternative machine learning models limits conclusions about model superiority. Internal validity may be affected by the relatively small dataset and short observation period, suggesting the need for long-term validation across seasonal cycles. Regarding external validity, the study’s focus on a single institution may constrain generalizability, necessitating replication in other contexts. From a conclusion validity perspective, transparency in data handling and reporting was maintained, though future studies could benefit from significance testing and larger participant samples. Aligned with the Design Science Research framework, the E-MOIS artifact satisfies the principles of relevance, rigor, and utility. It addresses a real institutional need, underwent iterative development with stakeholder feedback, and delivered measurable value to its users. Nevertheless, questions regarding its long-term sustainability, maintainability, and scalability warrant further investigation.
In summary, the E-MOIS system demonstrates that intelligent energy monitoring is achievable without high-end infrastructure. It effectively addresses the research questions, contributes both practical and theoretical insights, and identifies future directions for refinement. By embracing a pragmatic, hybrid approach, this study illustrates how innovation can be grounded in the realities of resource-constrained institutional environments.

5. Conclusions

The goal of this study was to design, develop, and evaluate a practical energy consumption monitoring system tailored for institutions operating in resource-constrained environments. Recognizing the limitations faced by educational institutions in deploying expensive, sensor-based smart energy systems, this research proposed a hybrid approach leveraging manual data collection, mobile application interfaces, cloud synchronization, and machine learning analytics to deliver intelligent energy monitoring without the need for IoT infrastructure.
The scope of the study included the full design and implementation of the E-MOIS system, using a Flutter-based mobile interface, Firebase Cloud Database, and Random Forest Regression algorithm integrated through Python scripting. Over a 30-day period, real-world energy consumption data was collected manually, entered the system, and used for predictive analysis. Evaluation was conducted through functional validation, statistical error analysis, and user acceptance testing with institutional stakeholders.
The study yielded several important findings. First, the Random Forest model proved to be highly effective in forecasting daily energy usage patterns, achieving minimal prediction errors (MAE and RMSE = 1.0). Second, usability testing confirmed that non-technical users found the system intuitive and helpful, as reflected in an excellent System Usability Scale (SUS) score of 86.25. Third, the system architecture validated the feasibility of a low-cost, scalable solution that can operate in real-time and adapt to varying institutional contexts.
The key contributions of this research include:
1. The development of a mobile-based decision support system designed specifically for institutions without advanced metering infrastructure.
2. The empirical validation that manually collected data can serve as an effective input for machine learning-based forecasting in energy management.
3. The demonstration of how lightweight cloud and mobile technologies can provide accessible, accurate, and timely insights to support energy optimization decisions.
From a practical standpoint, this work offers a blueprint for academic institutions and similar organizations seeking to improve energy efficiency without incurring high technological costs. For the research community, it adds to the growing body of evidence that intelligent systems can be successfully deployed even in low-digital-maturity environments through hybrid, incremental approaches.
Future work should focus on extending the system to support automated data integration where possible, incorporating additional predictive models for comparative performance evaluation, and deploying the system across multiple institutions to test its scalability and generalizability. Long-term monitoring would also enable deeper analysis of seasonal consumption patterns and the effectiveness of intervention strategies informed by the system’s forecasts.
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