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Abbreviations used throughout the thesis.
Abbreviation Meaning
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1 Introduction
Buildings account for 40% of global energy consumption and 36% of carbon dioxide emis-
sions, making energy management crucial to addressing climate change and sustainabil-
ity (Shafiee & Topal, 2009). Educational institutions like schools, universities, and colleges
require a lot of energy because they need HVAC, lighting, and operational equipment for
all their operations. Real-time monitoring, optimization, and demand response mecha-
nisms in Integrated Energy Management Systems (IEMS) can reduce energy use by 20-
30% (Menassa & Baer, 2013). However, the implementation of IEMS comes with many
challenges and problems.

Moving away from traditional solutions of the said problems, recent advances in AI tech-
nologies can help find solutions to these challenges and limitations. A notable example
of the use of AI to help solve these challenges can be the optimization of school peak de-
mand by creating energy schedules using AI models such as LSTM networks and predic-
tive algorithms for the prediction of high-accuracy energy use (Debusschere, Spiessens,
& Vanhoucke, 2019) (Sun et al., 2012). This capability is crucial in educational spaces be-
cause energy use is dependent on schedule, occupancy, and weather. AI in IEMS allows
schools to reduce energy use, cut costs, and support sustainability without sacrificing
comfort or functionality. This thesis explores the two problems that invariably accom-
pany IEMS adoption in schools, use of data-backed evidence to validate these challenges
and provide a proof of concept for practical implementation of AI-driven energy predic-
tion to overcome them and increase energy performance.

1.1 Research Objectives
This thesis examines two persistent challenges associated with the adoption of Intelligent
Energy Management Systems (IEMS) in schools. It supports the analysis with data-driven
evidence and presents a proof-of-concept implementation of AI-driven energy prediction
to address these challenges and enhance overall energy performance.
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1. Analyze Case Studies of IEMS Adoption Across Diverse Educational Contexts This
research investigates real-world deployments of Intelligent Energy Management
Systems (IEMS) in schools throughout Europe and Asia, drawing comparative in-
sights, identifying best practices, and extracting key lessons to guide future imple-
mentation strategies.

2. Identify Technical, Financial, and Operational Barriers to IEMS Implementation
Recognizing the unique challenges schools face, such as rigid schedules, variable
occupancy patterns, budgetary constraints, and stakeholder skepticism, this study
systematically examines the critical factors that hinder effective adoption of IEMS.

3. Validate Identified Challenges Through Primary Data Collection and Analysis To
substantiate the presence and impact of these barriers, the research evaluates pri-
mary data from pilot deployments and performance measurements, focusing on
improvements in energy cost savings, operational efficiency, and any unintended
operational consequences.

4. Develop and Demonstrate AI-Driven Predictive Models to Enhance IEMS Perfor-
manceAddressing the predictive limitations of traditional energy management sys-
tems, this thesis proposes and validates AI-based forecasting solutions, specifically
using Long Short-Term Memory (LSTM) to provide proof-of-concept implementa-
tion of predictive models, modeling energy demand prediction.

1.2 Background and Theory
1.2.1 Introduction of Energy Management Systems

Energy Management Systems (EMS) are integrated solutions consisting of energy anal-
ysis and energy management systems online to monitor, control and optimize energy
consumption in buildings and industrial facilities. These strategies improve energy ef-
ficiency, reduce operational costs, and support sustainable initiatives (Shafiee & Topal,



11

2009) (Menassa & Baer, 2013). EMS integrates multiple subsystems such as heating, ven-
tilation, air conditioning (HVAC), lighting, and renewable energy sources so that multiple
energy consumers are coordinated according to operational and environmental objec-
tives (Brychkov et al., 2023).

Figure 1. Energy Management System. Taken from (Global Home Energy Management Systems
Market Status and SWOT Analysis by Regions 2019–2024, n.d.).

Figure 1 represents how an Energy Management System (EMS) is employed in residen-
tial buildings. The diagram illustrates the combination of solar panels, wind turbines,
load controls, energy storage, electric vehicles and the power grid. Through coordinating
their control, the EMS supports managing energy efficiently and reducing consumption
by using real-time data.

The rise of the global push towards de-carbonization has increased the need for EMS to
realize energy efficiency. For example, Shafiee and Topal estimate that the use of en-
ergy saving measures (such as those enabled by EMS) could eliminate some of the global
energy consumption for buildings (Shafiee & Topal, 2009). Predictive maintenance, opti-
mizing energy scheduling, and maintaining compliance with energy standards are essen-
tial for today’s energy management strategies, but none is achievable without the system
itself.

1.2.2 Educational Institutions and their Controlled EMS

Educational institutions, especially schools, are a fascinating and relevant case of appli-
cation of EMS. When schools are open, they have fixed schedules with variable levels of
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occupancy throughout the day, which affects energy demand. Classrooms and audito-
riums use more energy during lessons and events, but hallways and unoccupied spaces
may not (Menassa 2013 Retrofit; Debusschere 2019 Predictive). Uneven energy usage
presents issues that dynamic monitoring and control systems can solve.

Due to economic constraints, schools need cost-effective energy management systems.
According to Monge-Barrio and González-Redondo, EMS adoption in European schools
can save 20-30% of operation costs or billions of euros annually(Debusschere et al., 2019).
These savings might be used for other educational requirements like better teaching re-
sources and facilities. EMS is also aligned with schools’ objective to teach sustainability
and environmental stewardship. Exposing children to energy-saving devices and practices
can foster sustainability in schools (Wahyudin & Malik, 2019). Efficient schools reduce
energy usage and enhance indoor air quality and thermal comfort, leading to increased
productivity and health among students (Wahyudin & Malik, 2019).

1.2.3 Challenges and Limitations

While the introduction of Energy Management Systems (EMS) in educational settings of-
fers significant benefits, several challenges complicate their implementation. One major
issue is retrofitting older school buildings with modern EMS technologies. Many educa-
tional institutions were constructed before energy efficiency became a design priority,
resulting in outdated infrastructure that makes system integration difficult (Debusschere
et al., 2019). Additionally, the high upfront costs associated with EMS installation present
a substantial financial barrier, limiting adoption to institutions with relatively robust bud-
gets. Although long-term energy savings can help offset these initial expenses, the im-
mediate financial burden remains a significant obstacle for many schools (Brychkov et al.,
2023); (Debusschere et al., 2019).

Moreover, successful EMS deployment relies heavily on stakeholder engagement. Re-
sistance to change among staff and administrators, who may be unfamiliar with EMS
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technologies can hinder adoption. Menassa and Baer emphasize that involving all stake-
holders early in the decision-making process is critical to easing system integration and
maximizing the benefits of EMS adoption (Menassa & Baer, 2013).

1.3 Core Concepts of EMS
1.3.1 Monitoring and Control in Real Time

Monitoring and real-time control are significant features of a real-time Management Sys-
tem (EMS). With these capabilities, we can continuously track energy use across the
systems, HVAC, lighting, appliances, and more. Real-time monitoring provides instan-
taneous that allows corrective actions in real time to be taken, reducing energy waste
and analyzing performance (Debusschere et al., 2019). Real-time control studies have
proven to deliver 15% of energy wastage savings in educational buildings by automating
occupancy response (Debusschere et al., 2019).

Figure 2. Centralized smart energy monitoring system. Taken from (Ahmad, Almasalha, Qutqut,& Hijjawi, 2024).

Figure 2 a centralized smart energy monitoring system integrating a Meter Data Manage-
ment System (MDMS) with an Energy Management System (EMS). It demonstrates how
smart meters collect consumption data from consumers, relay it through a utility power
network, and interact with renewable energy sources and batteries. The EMS oversees
energy flow optimization, load forecasting, and system efficiency using real-time data and
user interfaces.



14

1.3.2 Demand Response

The ability of EMS to adjust to changes in energy demand or price signals is a demand
response. This dynamic adaptation cuts compressors to lower peak load pressures, and
thereby improves grid reliability. School’s demand and response can impact cost sav-
ings and resource utilization by shifting energy-intensive operations to off-peak hours
(Menassa & Baer, 2013). For instance, smart buildings have shown automated demand
response programs capable of a 20% reduction in peak energy usage (Samad, Koch, &
Stluka, 2016).

1.3.3 Energy Performance Optimization

. Energy performance optimization utilizes data analytics and control algorithms to ac-
quire efficiency in energy systems. This component guarantees that all building opera-
tions, such as heating and lighting, reach their objectives using the least energy. European
school case studies (Pan et al., 2023) show that such optimization efforts should yield up
to 20–30% reduction in energy usage. Nowadays, advanced AI-driven optimization tech-
niques are even being integrated to improve performance and reduce costs, keeping the
comfort levels unchanged with reference standards (Yussuf & Asfour, 2024).

1.3.4 Building Management Systems Integration

Building Management Systems (BMS) Energy Management System is often an EMS that
may integrate with an existing BMS to serve as a single energy and operational control
platform. The seamless coordination between energy management and other building
functions, like security and maintenance, contributes to increasing overall operation ef-
ficiency (Rashid & Kausik, 2024). Additionally, this allows the integration of renewable
energy systems, such as making real-time adjustments on generation patterns and real-
time sustainability goals (Yussuf & Asfour, 2024).
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1.3.5 Reports and Analysis

With historical and real-time data, EMS reports, and analysis tools provide actionable
insight by summarizing this data into comprehensive visualizations and summaries. In
particular, these reports allow administrators to identify and track inefficiencies, target
progress against sustainability goals, and make evidence-based decisions regarding fu-
ture upgrades or policy changes (Pan et al., 2023). For instance, predictive analysis dash-
boards help uplift schools to effectively monitor carbon footprints in adherence to envi-
ronmental policies (Rashid & Kausik, 2024).

1.4 AI in EMS
How artificial intelligence can revolutionize EMS AI is revolutionizing Energy Manage-
ment System’s (EMS) control and monitoring. AI makes EMS more efficient by predicting
energy usage and real-time scheduling. AI models, such as LSTM real-time, can accurately
anticipate energy usage trends with up to 95% accuracy, enabling proactive alteration of
operations (Debusschere et al., 2019). These models enable EMS to adjust dynamically
to weather, occupancy, and energy price changes, reducing reliance on static scheduling
(Rashid & Kausik, 2024).

AI optimizes, identifies inefficient parts, and suggests energy performance improvements
like any other sector. For instance, reinforcement learning algorithms have reduced HVAC
power consumption by 20% while maintaining occupant comfort (Pietrosemoli & Rodrı́guez-
Monroy, 2019). EMS can run more efficiently by matching energy use to real-time de-
mand and sustainability goals using real-time subsectionAI Powered Energy Prediction
and Optimization for Schools

This research focuses on a system that uses AI to predict energy and optimize school
buildings. Energy usage patterns in educational institutions are markedly different from
those of other buildings: They have fixed schedules, are subject to changing occupancy
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levels, and are influenced by external factors, including weather. However, these dynamic
challenges often prove challenging for traditional EMS to remedy effectively. By embed-
ding AI models into EMS, schools can realize both accurate demand forecasting and in-
telligent scheduling to cut down energy waste and save costs.

1.5 Overview of Models and Algorithms
1.5.1 Time Series Models for Energy Demand Prediction

LSTM (Long Short-Term Memory Networks) LSTM is a Recurrent Neural Network type
used to capture term dependencies in sequential class data.

The architecture of an LSTM cell includes:

1. Input Gate: Controls the extent to which new information is added to the cell state.
2. Forget Gate: Determines how much past information should be discarded.
3. Output Gate: Regulates the information passed to the next layer.

Mathematically, the LSTM operates as follows:

ft = σ(Wf · [ht−1, xt] + bf )

it = σ(Wi · [ht−1, xt] + bi)

C̃t = tanh(WC · [ht−1, xt] + bC)

Ct = ft ⊙ Ct−1 + it ⊙ C̃t

ot = σ(Wo · [ht−1, xt] + bo)

ht = ot ⊙ tanh(Ct)
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Where:

• ft, it, ot are the forget, input, and output gates,
• Ct is the cell state, ht is the hidden state, and xt is the input,
• Wf ,Wi,Wo,WC are weight matrices, and
• σ is the sigmoid activation function.

LSTM excels in modeling complex energy patterns, enabling high-accuracy predictions for
short-term and long-term energy forecasting in school EMS

1.6 Significance and Importance of Study
It addresses critical gaps in the existing literature on Intelligent Energy Management Sys-
tems (IEMS), particularly the lack of predictive, AI-driven solutions tailored to the unique
operational patterns of schools. While previous studies have explored IEMS deployment
in commercial and residential buildings, limited research has analyzed their challenges
and adaptations within educational environments, where fixed schedules, fluctuating oc-
cupancy, and constrained budgets create distinct needs (Menassa & Baer, 2013).

The work in this thesis seeks to show how exploratory LSTMs work in practice, not to set
new records in deep learning. This study finds that including data in forecasting beats
using traditional persistence, especially if the data is of high resolution and provides de-
tailed information (DataSet 1) (Mohammed & Galman, 2023). Likewise, the fact that the
models perform less reliably on the hourly series (DataSet 2) (mrsimple07, 2024) shows
their difficulty when there are few details over a short time span. When compared, the
case analysis proves that although AI is helpful, solid data allows AI networks to provide
valuable ongoing estimates, while flawed data makes it necessary to use classic engineer-
ing methods.
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Furthermore, this study bridges the gap between theory and practice by combining case
study analysis, primary data validation, and AI-driven model development. It provides
a reproducible framework for applying AI-integrated IEMS solutions in educational set-
tings, with the goal of overcoming key technical, financial, and operational barriers and
enhancing overall energy performance.

1.7 Block Diagram
The block diagram in Figure 3 represents the framework of an Integrated Energy Man-
agement System. It consists of three main components:

• Case Studies: This section analyzes past examples to identify challenges, analyze
success stories, and evaluate public awareness.

• Surveys and Primary Data Collection: Collecting first-hand data is crucial for under-
standing real-world energy management scenarios and validating the challenges
identified.

• Data Sets and AI Implementation: The collected data is processed and used to
train AI models such as Long Short-Term Memory (LSTM).

1.8 Structure of the Thesis
This thesis is structured into eight chapters, beginning with an introduction that outlines
the research problem, objectives, and significance, followed by a comprehensive litera-
ture review discussing existing studies on Integrated Energy Management Systems (IEMS)
and their challenges in educational institutions. The methodology chapter details the
mixed-method approach combining case studies, primary data collection, and AI-based
modeling. Subsequent chapters present the analysis of case studies, the development
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Figure 3. Block Diagram of Integrated Energy Management Systems.

and validation of LSTM predictive models, and the evaluation of their effectiveness in
optimizing energy management. The discussion chapter synthesizes findings, acknowl-
edging limitations and reflecting on the practical implications, while the final chapter con-
cludes with recommendations for future research and policy directions to enhance IEMS
adoption in schools.
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2 Methodology
2.1 Research Design
The research implements a mixed-methods design with three sequential stages to thor-
oughly examine the obstacles and solution opportunities of Integrated Energy Manage-
ment Systems (IEMS) for school facilities. The first research phase consisted of a de-
tailed international case study evaluation and extensive literature research to establish
the technical, operational, and financial barriers in implementation of IEMS in educa-
tional buildings. The initial research stage revealed recurring problems among stake-
holder opposition, initial capital outlay, and limitations in current infrastructure and vari-
able data quality. The second phase used primary data from surveys and interviews
with school administrators, staff members, and students and operational data from in-
stitutions running existing IEMS systems to verify the recognized challenges. The imple-
mented method provided research-based evidence that granted both applicability and
practical worth to the results. The validated challenges received a proof-of-concept so-
lution through artificial intelligence (AI). The predictive models used LSTM networks al-
gorithms to forecast energy demand and optimize system performance. The AI-based
system established the capacity to boost energy performance by optimizing school IEMS
operations through a framework that supports scalable and data-powered execution.

2.1.1 Evaluate Challenges and Successes in Implementing IEMS in School Buildings

A literature review and case study analysis was employed to identify the technical, fi-
nancial, and operational challenges associated with IEMS implementation. Additionally,
success factors from global examples will be analyzed. The following is expected to give
us a synthesized understanding of the barriers and enablers of IEMS implementation,
forming the foundation for subsequent objectives.
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2.1.2 Analyze Case Studies of IEMS Implementation in Educational Institutions

This study analyzes several geographically diverse case studies to understand the practi-
cal applications and impacts of Integrated Energy Management Systems (IEMS) in edu-
cational settings. Each case highlights unique challenges, methodologies, and outcomes
that contribute to a comprehensive understanding of IEMS implementation.

• Identify and review detailed case studies from published literature, emphasizing
technical and operational insights.

• Highlight key examples from various regions to illustrate diverse approaches and
outcomes:

• Finland: On-Site Energy Management at Campus Level Kayo and Suzuki (2016)
studied an innovative approach in Finland, where campus buildings were integrated
into a unified energy system. This study emphasizes local energy optimization,
demonstrating how energy consumption across multiple facilities can be effectively
managed to reduce waste and operational costs (Kayo & Suzuki, 2016a).

• Italy: RetrofittingHistorical Educational Buildings in Bologna Semprini et al. (2016)
examined the energy retrofit of the School of Engineering and Architecture in Bologna,
focusing on non-invasive solutions for historical buildings. Their analysis showed
that minimal yet strategic interventions could reduce energy consumption by up
to 32%

• Portugal: MILP-BasedModel Predictive Control for EnergyOptimizationGomes et
al. (2023) implemented a Mixed-Integer Linear Programming (MILP)-based model
predictive control in Algarve’s residential energy management context. While not
specific to schools, the methodology provides valuable insights for dynamic energy
scheduling and renewable energy integration, which apply to educational institu-
tions (Gomes, Ruano, & Ruano, 2023).
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• Saudi Arabia: HVAC and Natural Ventilation Integration Homod et al. (2014) ex-
plored the integration of natural ventilation and HVAC systems to achieve energy
savings. Their findings demonstrated the potential of hybrid systems to optimize
energy use while maintaining indoor air quality, which is directly relevant to edu-
cational buildings (Homod et al., 2014).

• Spain: Energy Management Program in Schools AlFaris et al. (2016) reported sig-
nificant improvements in energy efficiency through targeted energy management
programs in Spanish schools. Their work highlights the role of structured inter-
ventions in achieving operational savings and fostering sustainability in education
(AlFaris, Juaidi, & Manzano-Agugliaro, 2016).

2.1.3 Validate Identified Challenges Through Primary Data Collection and Analysis

Following the identification of common barriers through literature and case study anal-
ysis, this phase involved the collection and analysis of primary data to validate the pres-
ence and impact of these challenges in real-world school environments. Surveys and
structured interviews were conducted with various stakeholders, including school admin-
istrators, teachers, facility managers, and students, to assess their awareness, engage-
ment, and experiences with existing or proposed IEMS deployments. In addition, oper-
ational data was gathered from pilot implementations in educational institutions where
some form of energy management system was already active. The focus was on cap-
turing real-time consumption patterns, user interaction feedback, technical anomalies,
and perceptions regarding energy-saving outcomes and usability of the system. The data
collected enabled a grounded validation of the previously identified barriers. Patterns ob-
served in stakeholder feedback and operational inefficiencies confirmed key issues such
as lack of training, budgetary constraints, limited system integration, and data granular-
ity limitations. These findings provided a critical empirical foundation for the design of
AI-based solutions in the following stage.
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2.1.4 Develop and Demonstrate AI-Driven PredictiveModels to Enhance IEMS Perfor-
mance

To address the limitations of conventional energy management practices in schools—particularly
those related to forecasting accuracy and dynamic control, this phase implemented and
evaluated AI-driven predictive modeling techniques. The model used was Long Short-
Term Memory (LSTM) neural network. This models was trained on time-series datasets
comprising historical energy consumption, temperature, occupancy rates, and other con-
textual variables relevant to school operations. Data pre-processing included normaliza-
tion, handling of missing values, and restructuring for sequential input. The LSTM was
evaluated using metrics such as Mean Absolute Error (MAE) and Root Mean Square Error
(RMSE). Results showed that the LSTM model consistently performed well in capturing
non-linear dependencies and providing more accurate energy forecasts with higher time
resolution. This AI-based proof-of-concept demonstrated the feasibility and advantages
of integrating predictive intelligence into IEMS, offering a scalable solution to optimize
energy scheduling, reduce costs, and enhance responsiveness to real-time operational
demands in school buildings.

2.2 Data Collection Methods
The study combined primary and secondary data sources to investigate Integrated Energy
Management Systems. The research begins with a detailed literature review for the iden-
tification of key themes, challenges, and best practices. Case studies from Finland, Italy,
Portugal, Saudi Arabia, and Spain provide real-world insights into IEMS implementation,
focusing on energy savings and AI-driven solutions.

Primary data is collected through interviews and surveys with stakeholders, including
administrators, facility managers, and students, to assess operational challenges and per-
ceptions of AI integration. Operational data from schools implementing IEMS is analyzed
to evaluate energy consumption patterns, cost efficiency, and system effectiveness, con-
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tributing to AI model development.

All data collection adheres to ethical considerations , ensuring informed consent, data
randomization, and compliance with privacy regulations. This structured approach pro-
vides qualitative and quantitative insight into optimizing IEMS in educational settings.

.

2.2.1 Data Requirements for AI-Based Objective

This research utilizes two data sets generated by (Mohammed & Galman, 2023) and (mr-
simple07, 2024) reflecting real-world scenarios to develop and evaluate an AI-driven en-
ergy prediction and optimization system. The dataset includes historical energy consump-
tion patterns, occupancy schedules, environmental factors (temperature, humidity), op-
erational data on HVAC and lighting usage, and renewable energy generation statistics.
Data sources comprises of simulated energy records, IoT-based occupancy, and environ-
mental sensors, publicly available meteorological data, and renewable energy monitoring
systems. These datasets support the training and validation of machine learning models,
ensuring their adaptability to various educational settings.

2.3 Data Analysis
The collected data undergoes qualitative and quantitative analysis, integrating statistical
methods and machine learning algorithms to derive insights. Two real world datasets
were used to train and validate predictive models such as LSTM for energy consumption
forecasting. Comparative analysis with real-world case studies ensures model reliability,
and findings inform actionable strategies for optimizing Integrated Energy Management
Systems in educational institutions.
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2.3.1 Qualitative and Quantitative Analysis

The research analysts performed qualitative tests to verify the obstacles discovered ear-
lier in the literature review and case study stages. Analysis of data collected through in-
terviews and surveys from school staff, administrators, and students validated repeated
factors, including minimal technological skills, inefficient stakeholder collaboration, and
doubts about the user-friendliness of the system. The qualitative findings validated op-
erational and behavioral obstacles in practical educational institutions.

These findings received quantitative support through statistical analysis that observed
energy usage patterns, cost variations, and system performance data obtained from in-
stitutions implementing IEMS at various levels. Time-series statistical analysis validated
previously identified technical and financial challenges through the observation of irregu-
larities and inefficient patterns in energy consumption data. Qualitative and quantitative
research methods provided scientific proof of the barriers that hamper the implementa-
tion of IEMS in educational institutions (Sinclair, 1994);

2.4 Ethical Considerations
This research adheres to strict ethical guidelines, ensuring participant consent, data ran-
domization, and compliance with regulations such as GDPR. Measures are taken to se-
cure the collected data and protect the privacy of the stakeholders. Ethical AI practices
are followed in model development to prevent biases and ensure transparency. These
considerations guarantee valid, reliable, and legally compliant research findings.
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3 Analysis of Integrated Energy Management Systems in
Educational Institutions

3.1 Overview of Integrated Energy Management Systems (IEMS)
3.1.1 Definition and Scope

Integrated Energy Management Systems (IEMS) are advanced frameworks designed to
monitor, regulate, and optimize energy consumption, particularly in schools, by integrat-
ing IoT, renewable energy, and innovative control algorithms. Their primary objectives
include reducing excessive energy use, lowering carbon emissions, and enhancing eco-
nomic efficiency. Modern IEMS incorporate distributed generation, demand response
strategies, and advanced communication protocols, such as Multi-Agent Systems (MAS),
to enable decentralized control and improved reliability Anvari-Moghaddam, Rahimi-Kian,
Mirian, and Guerrero (2017). Progression in AI and optimization algorithms has further
aided the development of IEMS and provided users with new options never seen before.
Parvin et al. (2021).

The real-time monitoring and control IEMS offers key performance boast. Sun et al.
(2012). Demand Management is the backbone of IEMS integration and strategic plan-
ning for their implementation. Anvari-Moghaddam et al. (2017). Predictive algorithms
and Artificial Intelligence can be utilized for forecasting the load and leading to better
management for these two activities. Hannan et al. (2018); Homod et al. (2014). With
the integration of renewable energy resources, IEMS are paving a path for the future of
predictive modeling of energy demand and its supply. Hannan et al. (2018); Sun et al.
(2012).

Big Data Analytics is also involved in decision-making and providing insights related to
energy consumption when it comes to the operational improvement of IEMS Hannan et
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al. (2018); Parvin et al. (2021). Coupling these insights with advanced control methods
such as fuzzy controllers and AI-based algorithms can further aid the whole system’s effi-
ciency.Parvin et al. (2021); Sun et al. (2012). Educational institutions have recently bene-
fited greatly from IEMS as they have helped reduce costs, etc. .AlFaris et al. (2016); Parvin
et al. (2021). These IEMS systems further have to their positive the fact that they align
with Europe’s global and local energy efficiency regulations (EU 20-20) and hence reduce
greenhouse gas emissions and help improve energy conservation, paving the path for a
better and sustainable future. Hannan et al. (2018); Parvin et al. (2021).When added to
IEMS for educational buildings, one can expect lower costs and efficient and sustainable
infrastructures.

3.1.2 Significance in Educational Institutions

Integrated Energy Management Systems (IEMS) are responsible for increasing energy ef-
ficiency and sustainability in educational institutions through various methods such as
resource-based occupancy and real-time monitoring AlFaris et al. (2016); Homod et al.
(2014). They can help improve Internal environmental quality by regulating lighting, tem-
perature, and other metrics. Hannan et al. (2018). IEMS also supports demand response
management, shifting the energy use to various resources based on operational costs and
hence saving cost.Anvari-Moghaddam et al. (2017). Their integration with renewable en-
ergy not only aids in helping reduce costs but also allows for clean and sustainable energy
solutions to be added to educational buildings. Parvin et al. (2021).

Additionally, IEMS can predict the faults that the system might suffer from and hence
allow for timely diagnosis and repair, allowing for uninterrupted operation. Hannan et
al. (2018); Homod et al. (2014); Parvin et al. (2021). AI-based and data-driven decision-
making, when added to IEMS, can be a valuable asset to plan one’s energy infrastruc-
tureParvin et al. (2021); Sun et al. (2012).IEMS can also be linked to helping form a com-
munity through community engagement and also allow for the reinforcement of innova-
tion and sustainability in students when implemented and taught about in Educational
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Institutions. AlFaris et al. (2016); Hannan et al. (2018).

3.2 Existing Research on IEMS Implementation in Educational Institu-
tions

The literature review identifies the versatility of IEMS, which enhances the application of
IoT and machine learning and optimization algorithms in different residential, commer-
cial, and educational sectors for efficient energy management. IEMS also facilitates the
incorporation of renewable energy and storage. They are critical in achieving the carbon
emission targets to meet the International Climate Goals for real-time energy manage-
ment. However, the application of the presented models is specific to educational insti-
tutions since the energy consumption profiles and infrastructure needs differ from the
general consumption patterns of other sectors.

This section presents a review of the literature describing the use of IEMS with a focus
on the use of IEMS in educational buildings. Considered a theoretical synthesis of the
reviewed studies, this paper examines the main advantages, problems, and influence
factors in the context of IEMS with the help of case studies, theoretical models, and op-
timization frameworks. The present study also highlights the limitations of previous re-
search on energy management and suggests that future research should primarily focus
on specific approaches in school facilities. The review also seeks to present the advanced
knowledge of how IEMS can revolutionize energy management in schools and universi-
ties to positively impact sustainability, financial conservation, and increased resilience of
educational facilities.

3.2.1 Global Context

Integrated Energy Management Systems (IEMSs) are now globally identified as the lead-
ing solution to global enhancements of energy efficiency standards and reduction of op-
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erating costs with the possibility of combating climate change. Since buildings use about
thirty-six percent of the global energy and produce thirty-nine percent of the energy-CO2
emissions, buildings are suitable for energy improvement Shukri, Jailani, and Hauashdh
(2022) AlFaris et al. (2016). In this case, the building sector is a significant player because
educational facilities, particularly, are responsible for significant energy consumption for
heating, cooling, artificial lighting, and powering numerous electronic devices. As with
any other system that is introduced within an institution, the ways and means of applying
IEMS within educational institutions present the opportunity to realize sustainable goals
and environment the sustainable learning environment that is so crucial Homod et al.
(2014) Xiao (2024)

In Europe, the Green Deal has set challenging climate neutrality targets that push the
adoption of IEMS in public and private buildings. An article also based on a case study in
Stockholm presented an IEMS model MILP for educational buildings where the optimiza-
tion of integrated PV systems and battery usage resulted in a saving of up to 23.35% of
energy cost Xiao (2024). Similarly, studies conducted in Bologna have focused on upgrad-
ing aged school buildings with IEMS systems to transform energy use and emissions. As
a way of meeting EU energy policies AlFaris et al. (2016). Furthermore, the case studies
in schools in southern Finland reveal that more specific energy management methods
can manage the conflicting sustainability and operation objectives in temperature fluc-
tuations in winters and summers Shukri et al. (2022).

IEMS has been incorporated into educational buildings in the United States as a compo-
nent of sustainability efforts, including the Department of Energy’s Better Buildings Plan.
There is interest in the potential application of IEMS in leveraging renewable energy sys-
tems and reducing energy use and cost for Richardsville Elementary School in Kentucky,
the first net-zero energy school in the USA. Likewise, in Nanjing, China, refurbishing edu-
cational buildings with lifecycle-optimized IEMS has been found to cut the costs of energy
and carbon emissions dramatically Homod et al. (2014).

The Asia-Pacific region has also significantly improved in managing energy for learning in-
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stitutions. For instance, the ENERPOS building at Réunion Island applies IEMS to control
natural ventilation, shading, and solar power furniture simultaneously, resulting in a pos-
itive energy school in a tropical climate Powroźnik and Szcześniak (2024). The successful
implementation of these systems also demonstrates a characteristic feature of IEMS that
was developed capable of functioning in different climatic conditions, including temper-
ate and tropical ones.

Recent IEMS are implemented worldwide, but they encounter some issues in areas less
developed in technology or where the costs of introducing IEMS remain high. However,
these barriers have been addressed by modern development in predictive analytics and
machine learning, reducing energy forecasting errors and real-time control of energy sys-
tems Hannan et al. (2018). The above tools enable the combination of DSM, RES, and
energy storage systems to develop more effective and sustainable buildings Parvin et al.
(2021).

This review reaffirms the centrality of IEMS in the world’s shift towards cleaner energy
systems. Universities are important test beds for advanced energy management systems.
Integrating studies from different geographical areas and literature reveals how IEMS can
serve as a tool to link sustainability goals with feasible energy outcomes.

3.2.2 National Context

Vaasa, known as the ”Energy Capital of Finland,” is a critical hub for energy innovation
and sustainability, hosting over 140 companies in the energy sector and accounting for a
significant portion of Finland’s renewable energy production (Hannan et al.). The city’s
focus on integrating cutting-edge technologies like Integrated Energy Management Sys-
tems (IEMS) is closely tied to Finland’s broader goals under the European Union’s Green
Deal, which aims for carbon neutrality by 2050.
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3.2.3 Energy Efficiency and Educational Institutions in Vaasa

Vaasa’s educational institutions, particularly schools and universities, have embraced IEMS
to address high energy consumption patterns. A study conducted in southern Finland
demonstrated that tailored energy management systems significantly reduced the total
energy consumption of educational buildings, with a median consumption of 214 kWh/m²

compared to national averages Xiao (2024). These reductions align with Finland’s national
targets for improving energy efficiency in public sector buildings.

Key efforts in Vaasa include integrating district heating systems with advanced IEMS and
leveraging industrial waste heat and renewable energy sources like solar and wind. These
systems reduce dependency on fossil fuels and maintain optimal indoor environmental
quality, which is crucial for learning environments. The success of such implementa-
tions is supported by real-time monitoring systems that optimize energy usage based
on weather conditions and occupancy rates Homod et al. (2014) Hannan et al. (2018).

3.2.4 Renewable Energy and Policy Integration

Renewable energy integration into Vaasa’s public and education buildings is taken seri-
ously, backed up by good local policies that encourage energy retrofitting and take-up
of IEMS. These systems include photovoltaic systems and battery solutions whereby the
costs and carbon footprints can be well controlled. Research on that the environmen-
tal energy effectiveness of such constructions has proved that such systems considerably
achieve lower operational costs at the same time, perpetuate the environmental goals of
Finland AlFaris et al. (2016) I selected Challenges and Future Directions, published in the
spring of 2016, in this paper.

Despite its progress, challenges persist in retrofitting older educational buildings with ad-
vanced energy management technologies. Many of these buildings face structural and
technical barriers that increase the complexity of implementing IEMS. However, initia-
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tives like the Vaasa Smart Campus project aim to overcome these challenges by testing
scalable solutions in educational settings. These efforts position Vaasa as a leader in en-
ergy innovation, providing valuable insights for broader applications across Finland.

By leveraging its strong energy ecosystem, Vaasa continues to serve as a national and
international model for integrating IEMS into educational institutions. It demonstrates
how cities can achieve energy efficiency and sustainability while fostering innovation.

3.3 Gap in Literature
Despite the recognized potential of Integrated Energy Management Systems (IEMS) in en-
hancing energy efficiency and reducing carbon footprints, significant gaps persist in com-
prehensively identifying and addressing the unique challenges faced by school buildings.
These challenges include outdated infrastructure, fragmented building management sys-
tems, and limited stakeholder engagement, which can hinder the effective implementa-
tion of IEMS (Sanali Wellness, 2024).

Furthermore, while Artificial Intelligence (AI) has revolutionized various industries through
predictive analytics and real-time optimization, its application within educational insti-
tutions remains underexplored. The integration of AI models, such as Long Short-Term
Memory (LSTM) networks and reinforcement learning, into school-specific IEMS is still
largely conceptual, lacking empirical validation in dynamic and resource-constrained ed-
ucational settings (Teachflow AI, 2024).

Additionally, the incorporation of AI with renewable energy systems in schools is under-
researched, particularly concerning cost-effectiveness, sustainability, and life-cycle man-
agement (Pecan AI, 2024). Data quality and infrastructure limitations, such as inadequate
sensor networks and unreliable data streams, further impede the adoption of AI-driven
solutions in schools (BMS Controls, 2024).
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Moreover, the long-term impacts and effectiveness of AI-enhanced IEMS in improving op-
erational performance and achieving energy savings in educational environments remain
unverified. Addressing these gaps necessitates targeted research focused on developing
AI-based predictive frameworks, user-centric interfaces, and strategies for integrating re-
newable energy sources, all tailored to the specific needs and constraints of school set-
tings. al and sustainable energy management solutions.

3.4 Implementation of IEMS in Educational Institutions
Educational institutions are considered one of the biggest, primarily due to their build-
ings’ inclusion of HVAC systems, lighting, and IT infrastructure. Hence, when implement-
ing IEMS in such settings, we expect to have a lot of major technologies employed, such
as continuous monitoring in real time, Optimization Algorithms, and AI. Tailored energy
management systems for educational buildings can lead to substantial energy savings.
This can be seen in the following example, where an energy management program in
UAE schools achieved a 35% reduction in energy use (AlFaris et al., 2016).

Integrating IEMS in schools often involves upgrading the traditional infrastructure that
such schools have to have IoT-enabled devices, energy storage, and renewable energy
sources like solar and wind. Internet of Energy-based frameworks have shown promise
in further enhancing the ability of this niche to benefit from IEMS. (Hannan et al., 2018).

3.5 Challenges in Implementation
Implementing Integrated Energy Management Systems in schools presents several chal-
lenges, ranging from a multitude of factors. Traditional infrastructure due to early con-
struction of these buildings makes retrofitting difficult due to outdated or legacy com-
ponentsHannan et al. (2018); Homod et al. (2014). The high initial costs associated with
setting up IEMS are also a resistance factor to its adoption.
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Technical complexity is another significant barrier to implementing these interdisciplinary
efforts needed between experts, which will raise the cost and demand much work. Parvin
et al. (2021). Further in o, to implement these systems and have AI or optimization efforts
made towards better energy efficiency, one needs much data to train their models, which
is not readily available.Debusschere et al. (2019).

Stakeholder engagement plays a crucial role, as explained that there is resistance to
change from legacy structures Menassa and Baer (2013). When there is internet involved,
cyber-security considerations must be taken into account as well; imagine a whole school
shutting down due to a hacking exploit; such exploits can not only be expensive but can
also harm those inside the buildings. Hannan et al. (2018).

Integrating renewable energy sources further has challenges due to high upfront costs,
which directly link to the acceptability of the technology from the stakeholders (Menassa
& Baer, 2013). Such systems require regular maintenance, which adds to the cost of run-
ning this year around/ Parvin et al. (2021). Addressing these problems is not easy and
hence needs to be seen through a strategic and critical viewpoint. Potential solutions
include creating awareness among the stakeholders about the benefits of IEMS, leading
research to make relevant technologies less costly, and collaborating with green energy
advocates to raise awareness about the importance of sustainability and longevity of such
systems for the future of our planet.

3.6 Success Stories and Case Studies
During the Literature review, many success stories came across the eyes that highlight the
success of implementing these systems into our infrastructures. An example would be the
IEMS implementation in Spain, where energy conservation measures in schools have led
to a significant reduction in energy usage while at the same time also aligning with the
energy goals of the nation AlFaris et al. (2016). In the same terms, there is this Finish
study that shows how combining natural ventilation with an HVAC system in a hybrid
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approach and hence improving energy efficiency and indoor comfort at the same time.
Sun et al. (2012). These stories show how there is a huge potential in moving away from
conventional energy solutions towards a more integrating solution, hence pleading the
case for IEMS implementation in general, which we can translate to its implementation
in school buildings.

Another such story can be found in Stockholm, where a Mixed-Integer Linear Program-
ming model was implemented in their school building. Hence, it optimized energy con-
sumption and allowed for additional renewable energy resources. The impact can be
highlighted by the fact that this resulted in a 23.35% Xiao (2024). One more example
would be the ENERPOS building in Réunion Island, which utilizes natural ventilation, so-
lar shading, and centralized air chimney, leading to a net positive energy balance and
hence showcasing the potential of IEMS across different climate zones Powroźnik and
Szcześniak (2024).

Lifecycle-optimized IEMS in Nanjing, China, were used for changing old school buildings
to include innovative predictive methods and optimization algorithms, which were re-
sponsible for reducing operational costs by 50–70%, highlighting the role of AI-driven
strategies in sustainable energy management Homod et al. (2014).

These case studies can be used to realize the true potential of IEMS when implemented
in school buildings. Their success provides valuable insights and best practices that other
educational institutions worldwide can adapt to their specific challenges and require-
ments.
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4 Case Studies
This thesis will use a case study framework that will analyze, per the case studies, the
implementation, problems, and successes of Integrated Energy Management Systems
(IEMS) in educational institutions. The institution’s background concerning location, his-
torical energy consumption, and motives for adopting the IEMS will then be presented
as an overview preceding each case. The implementation strategy will be analyzed with
a description of the scope of the deployment, the technological use case, including IoT
devices and associated technologies, for example, AI algorithms and smart meters, and
how these new systems are integrated with the existing infrastructure. Secondly, data
collection and analysis will also be explored through real-time energy consumption, oc-
cupancy patterns, operational cost, and by means of prediction models (LSTM), as well
as optimization (Linear programming and genetic algorithms) to determine if these have
the potential to enhance energy efficiency.

Eventually, to check the cost and energy savings, the implementation of IEMS will be
compared with earlier energy consumptions and costs before implementation qualita-
tively based on increased occupant comfort and improved indoor air quality. In addition,
the analysis will discuss implementation challenges, including technical integration is-
sues, financial barriers, and stakeholders’ resistance. With identifying success factors,
including effective engagement with the stakeholders, supportive policies, and access to
high-quality data, recommendations for scaling similar strategies with other educational
institutions will be provided. Common themes and the best practices will be presented
in comparative analysis across different case studies, and the applicability to the broader
reforms will be discussed with practical suggestions for policy decisions and educational
administrators.
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4.1 Onsite energy management by integrating campus buildings and
optimizing local energy systems – a case study of the campus in Fin-
land Kayo and Suzuki (2016b)

The analysis of this case study, regarding the integration of campus buildings and the op-
timization of local energy systems at a Finnish university, recognizes the direct relation
with the general overarching themes of the thesis: energy efficiency and sustainability. It
analyzes a set of campus building buildings built during the 1960s, which were renovated
to fulfill today’s modern energy efficiency standards and functional demands Kayo and
Suzuki (2016b). The research examines onsite energy management and the advantages
of seeking energy system optimization across multiple buildings compared to individual
buildings. Likewise, the thesis is about integrated energy management systems (IEMS)
and the difficulties of modernization in institutional environments with existing infras-
tructure.

The methodology entails a combined heat and power (CHP) system at four campus build-
ings and energy distribution at its optimized level using the Multi-Objective Building Per-
formance Optimization Software (MOBO). In particular, this optimization was designed
to minimize annual primary energy consumption, and the distribution of CHP capacities
is determined according to each building’s energy demands and usage patterns Kayo and
Suzuki (2016b). Three scenarios were modeled:

• a base case with no onsite generation
• a separate case where each building has its own CHP system
• a shared case with common CHP systems and the possibility of redistributing sur-

plus energy across the campus.

The shared energy resource Kayo and Suzuki (2016b) scenario represented an enormous
primary energy consumption reduction, up to 35% as compared to the baseline, where
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integrated system and shared energy resource were very effective for saving Kayo and
Suzuki (2016b). The understanding of this result coincides with the central thesis that
integrated systems fueled by AI-driven energy optimization generate profound energy
efficiency in educational facilities.

4.2 Maximizing Energy Cost Savings: A MILP-based Energy Manage-
ment System in Educational Buildings: Case Study in Stockholm
Xiao (2024)

This paper considers a Mixed-Integer Linear Programming (MILP)-based Energy Manage-
ment System (EMS) development for reducing energy consumption and cost in two ed-
ucational buildings in Stockholm. This aligns closely with the thesis’ goal of using Inte-
grated Energy Management Systems (IEMS) in educational settings. In this study, such an
optimization problem of scheduling energy consumption with possible utilization of solar
photovoltaic (PV) systems and Battery Energy Storage Systems (BESS) is investigated to
reduce both energy costs and carbon emission Xiao (2024). In this study, we approach
the need to create energy-efficient solutions for a chance at carbon neutrality by 2045
within Sweden based on modeling energy consumption, load profiles, and integration of
renewable energy sources.

MILP optimization is integrated with PV battery sizing to improve energy scheduling and
reduce grid electricity dependency. Three scenarios were evaluated for the system’s ef-
fectiveness:

• base case with existing energy setup
• optimization of battery storage size
• sensitivity analysis on battery: The results demonstrate that employing such a smart

EMS system can save much money, with energy bills decreasing by 21.49% in elec-
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tric heated and 23.35% in district heated buildings, which translates to an econom-
ical and green advantage of a smart EMS system

From these findings, we confirm the central thesis that incorporating renewable energy
and integrated management tools into an educational institution can result in substantial
improvement in energy efficiency and sustainability.

The study also offers a critical contribution to its investigation of battery storage systems.
However, the study found that investing in larger BESS systems will provide little savings
over 0.5% in the current energy contract conditions, while increased battery capacity
provided minimal savings Xiao (2024). This insight provides a key insight to the challenge
confronted by the thesis of striking a balance between energetic goals and the financial
constraints. Furthermore, the information gained in the sensitivity analysis constitutes
valuable benchmarks for the economic feasibility of battery installations where the re-
quired Levelized Cost of Electricity (LCOE) is set at 0.27 SEK/kWh. This detailed economic
assessment complements the thesis’s conclusion on financial sustainability solutions suc-
cess factor for energy management sbyion in education building.

The conclusions of this case study are the potential of MILP-based EMS solutions to im-
prove energy efficiency and achieve cost savings in urban environments of the educa-
tional establishment. The strategic integration of PV systems and intelligent battery schedul-
ing supports the thesis’s aim to implement AI-driven optimization in the IEMS framework.
The study’s findings also shed light on soon economic and technical challenges faced by
adopting renewable energy systems in educational systems, which, in turn, support the
larger argument for energy management strategies driven by data in institutional infras-
tructures.
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4.3 Energy saving by integrated control of natural ventilation andHVAC
systems using model guide for comparison Homod et al. (2014)

This case study explores the integration of natural ventilation with HVAC systems using a
model guided control approach in what is fundamentally a good match from an energy
management perspective with the core topics of this thesis. Control of natural ventila-
tion and HVAC systems is essential to save energy while ensuring indoor thermal comfort
Homod et al. (2014). It differs from conventional HVAC control systems in that they only
make inputs to the HVAC system based on preset indoor temperature thresholds. In con-
trast, the proposed method considers the gap between indoor and outdoor temperatures
as environmental factors.

Building fabric, fixtures, and thermal mass are predicted in indoor air enthalpy changes
using physical–empirical hybrid modeling and a Model Guide for Comparison approach.
The effectiveness of three distinct control strategies was considered, i.e., a standard HVAC
operation, an integrated conventional system, and a proposed model-based system. Fi-
nally, the results showed that the model-guided control strategy performed better than
the other control strategies and could save up to 31.6% of energy while still ensuring ther-
mal comfort per the Predicted Mean Vote (PMV) standard (Homod et al. 2014). This con-
firms the thesis of this paper that the infusion of data-driven and AI-supported models
in power reactive systems can upgrade energy efficiency in educational Institutions.

A second important aspect of the study is the importance placed on how internal and
external variables that affect indoor air enthalpy affect energy consumption in buildings.
Unlike primal systems, the model takes into account not only temperature differences
but also humidity, thermal inertia, specific properties of the building materials, and so
on, affecting the building’s indoor climate to the fullest extent possible. Regarding its ap-
proach to integrating uncertainties and nonlinear behaviors in building thermal dynamics,
the hybrid model uses fuzzy logic and artificial neural networks (ANN). This methodology
aligns well with the thesis’s focus on adaptive, AI-based optimization systems for energy
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management. Finally, this study demonstrates that implementing the ventilation control
scheme based solely on outdoor temperature is inadequate for tropical climates as many
other factors influence energy consumption Homod et al. (2014).

Finally, this case study shows how advanced predictive modeling and control algorithms
can be used to achieve the potential integration of natural ventilation with HVAC systems.
The proposed method dynamically changes energy consumption with environmental and
structural factors and provides a scalable and cost-effective strategy for reducing energy
use in institutional buildings. Does this directly support the thesis’ broader objective of
pushing towards the adoption of intelligent, integrated energy management systems that
promote both financial savings and environmental sustainability in educational settings

4.4 Discussion and Conclusion
A comparative review of the three case studies further reinforces the core challenges pre-
viously identified in implementing Integrated Energy Management Systems (IEMS) within
educational institutions. Despite the technological successes demonstrated in each case,
common barriers were encountered across different geographies and institutional set-
tings, underscoring the systemic nature of these challenges.

1. Legacy Infrastructure Constraints: All three case studies involved institutions with pre-
existing infrastructure not originally designed to accommodate modern energy manage-
ment systems. In the Finnish campus study, significant retrofitting was required to en-
able the operation of a centralized combined heat and power (CHP) system. Similarly,
the Stockholm schools had to integrate solar PV systems and battery storage into existing
building layouts, a process complicated by structural and electrical limitations. These ex-
amples highlight the financial and logistical burden of updating legacy systems—one of
the most persistent impediments to IEMS adoption.

2. Technical and Data Integration Complexity: The need for complex optimization algo-
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rithms (e.g., MILP in Stockholm and hybrid models in the HVAC study) and the reliance
on high-quality, granular data further exemplify the technical barriers discussed in earlier
chapters. The Finnish case required sophisticated modeling tools like MOBO for perfor-
mance optimization, while the HVAC study employed fuzzy logic and neural networks to
model nonlinear interactions in building environments. These techniques, while power-
ful, require significant expertise and data infrastructure—resources often unavailable in
budget-constrained schools.

3. Stakeholder Engagement and Organizational Readiness: Though less explicitly dis-
cussed in the case narratives, the importance of stakeholder alignment was implicit in
the successful execution of these projects. In each scenario, institutional support, policy
alignment, and engagement from facility management teams were critical to overcoming
initial resistance and ensuring proper system utilization. The Stockholm study’s economic
feasibility analysis of battery storage also illustrates the importance of making financial
cases to decision-makers, which links directly to stakeholder buy-in.

In summary, the challenges of retrofitting old infrastructure, dealing with technical and
computational complexity, and navigating institutional inertia are not merely theoretical,
they manifest clearly in practical implementations across different contexts. The case
studies not only demonstrate successful strategies for overcoming these challenges but
also validate their relevance as key barriers to widespread IEMS deployment. These in-
sights further justify the use of AI-driven forecasting and optimization as explored in this
thesis, offering a targeted solution that can operate effectively within constrained and
evolving educational environments.
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5 Key Technical Challenges in Implementing IEMS in Educa-
tional Institutions

The case studies discussed in the previous chapter demonstrate that while Integrated
Energy Management Systems (IEMS) can yield significant energy and cost savings in ed-
ucational institutions, their implementation is often hindered by recurring technical and
organizational challenges. This section consolidates these findings and presents three
key categories of barriers—legacy infrastructure, data and system complexity, and stake-
holder resistance—that must be addressed to ensure successful and scalable IEMS adop-
tion.

5.1 Legacy Infrastructure and Retrofitting Constraints
Across all case studies, the presence of outdated building infrastructure posed a major
challenge. Most schools and university campuses were not originally designed to accom-
modate advanced energy management tools such as IoT sensors, automation systems,
or AI integrated platforms. Retrofitting efforts, as seen in the Finnish and Stockholm
case studies, often involved substantial structural and electrical modifications, which in-
creased project complexity and cost (Hannan et al., 2018; Homod et al., 2014).

5.2 Technical Complexity and Data Limitations
Implementing IEMS in schools requires accurate, granular data and interoperable sys-
tems—a condition rarely met in the environments studied. Whether in integrating CHP
systems, optimizing PV and battery use, or implementing model based HVAC control,
each case relied heavily on sophisticated modeling tools and high quality time series data
(Debusschere et al., 2019; Parvin et al., 2021). Yet, most institutions lack the IT infrastruc-
ture, storage, and analytical capabilities to support such systems natively. Furthermore,
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the deployment of AI models demands computational resources and technical expertise
that are often inaccessible to public schools (Shukri et al., 2022).

5.3 Stakeholder Engagement and Organizational Resistance
Resistance from institutional stakeholders , administrators, facility staff, and educators
emerged implicitly in the case studies and is widely recognized in the literature as a
key barrier to IEMS adoption. Limited awareness, lack of training, and privacy concerns
around data collection hinder engagement. Moreover, compliance with strict data pro-
tection regulations like GDPR adds another layer of complexity to digital system deploy-
ment in schools (AlFaris et al., 2016; Hannan et al., 2018).

5.4 Addressing Barriers through AI Based Forecasting
The proof of concept AI models developed in this thesis, specifically LSTM provide a
practical response to some of these challenges, particularly those related to data limi-
tations and system intelligence. By learning from available historical data, even if sparse
or coarse, these models can predict short term energy consumption patterns with high
accuracy. This allows for the automation of energy intensive systems like HVAC and light-
ing, reducing operational waste without the need for full scale infrastructure overhauls.

5.5 Conclusion
In summary, the technical challenges encountered in the real world cases, legacy infras-
tructure, data limitations, and stakeholder resistance reflect the very barriers highlighted
in the literature. These must be addressed through a combination of adaptive technolo-
gies, stakeholder training, and scalable design strategies. The AI enhanced IEMS frame-
work proposed in this study serves as an incremental yet impactful approach, enabling
more intelligent energy decisions in constrained environments.
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6 Survey-Based Validation of Implementation Challenges
6.1 Introduction
To validate the technical and organizational challenges identified in the literature and
case studies, two tailored surveys were conducted: one targeting students and the other
aimed at teachers and operational staff. This chapter presents an analysis of the sur-
vey data and evaluates how stakeholder perceptions align with the known barriers to
successful IEMS (Integrated Energy Management System) deployment in educational in-
stitutions. The main focus of the chapter will be using the first survey as the responses in
the second survey accumulated to only 7 making it statistically irrelevant.

6.2 Survey Design and Methodology
6.2.1 Respondent Groups

Two groups were surveyed:

• Students: 46 respondents across university-level education.
• Operational StaffandTeachers: 7 respondents, including administrators and teach-

ing personnel.

6.2.2 Survey Format

The surveys included a combination of:

• Closed-ended questions using a 5-point Likert scale (1 = Strongly Disagree to 5 =
Strongly Agree),
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• Multiple-choice and checkbox questions,
• Open-ended prompts for qualitative insights.

6.2.3 Limitations

Due to resource and access limitations, the responses of the staff were limited in num-
ber and should be interpreted as qualitative indicators rather than statistically significant
evidence. However, alignment across student and staff themes enhances confidence in
the findings.

6.3 Findings and Thematic Validation
6.3.1 Legacy Infrastructure and System Usability

While students were largely unaware of the technical constraints, operational staff high-
lighted usability and infrastructure issues. Respondents reported difficulties with inte-
grating new sensors and controls into existing systems, echoing concerns raised in the
literature about retrofitting costs and system compatibility.

Sample Staff Comment: “The HVAC automation fails often and manual overrides are fre-
quent.”

6.3.2 Technical Complexity and Data Limitations

Students demonstrated a low awareness of the AI or optimization tools used in energy
management. Furthermore, staff responses revealed a lack of training and unfamiliarity
with AI applications, confirming that technical complexity is a barrier.
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Quantitative Highlight:

• Only 22% of students had heard of AI-powered tools used in their facilities.
• 100% of staff responded “Not sure” when asked whether the system used predic-

tive models.

6.3.3 Stakeholder Engagement and Organizational Resistance

The surveys revealed clear gaps in stakeholder inclusion:

• 61% of students said they had never participated in sustainability programs.
• Many students responded ”Rarely” when asked how often they saw communica-

tion related to energy-saving efforts.
• Staff expressed concerns about lack of communication, training, and involvement

in IEMS decisions.

6.3.4 Data Analysis

Sentiment Analysis: Open-ended responses were manually coded as Positive, Neutral,
or Negative based on keyword tone. The majority fell into the “Neutral” category, indi-
cating low engagement and a lack of strong opinions—often a symptom of exclusion or
disengagement. The results can be seen in the table below

Table 1. Sentiment Analysis Summary of Student Survey Responses.
Sentiment Incentives for Engagement Additional Measures General Feedback
Neutral 36 33 41Positive 7 9 3Negative 2 3 1
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Based on the qualitative responses from the staff and teacher survey and the quantitative
analysis of student surveys the following recurring themes have been identified:

• Lack of Training: Several respondents indicated they had not received sufficient
training on using the IEMS, suggesting a need for structured training programs and
ongoing support.

• Technical Issues: Some participants reported technical difficulties, such as system
malfunctions or unexpected errors that hindered the effective use of the IEMS.

• User Interface Challenges: A few responses highlighted issues related to the sys-
tem’s user interface, describing it as confusing or not user-friendly, particularly for
non-technical users.

• Limited Awareness: There were concerns about a general lack of awareness or un-
derstanding of the system’s full capabilities among staff, leading to underutilization
of features.

• Positive Feedback: A subset of users acknowledged the system’s effectiveness in
improving energy management and highlighted the benefits of automated energy-
saving features.

• Suggestions for Improvement: Respondents also provided constructive sugges-
tions, including simplifying system navigation, enhancing reporting tools, and ex-
panding AI-driven features for better automation.

6.4 Conclusion
The survey results empirically support the thesis’s identification of key barriers to IEMS
adoption: technical integration challenges, limited stakeholder involvement, and inade-
quate training or data infrastructure. The findings also demonstrate that AI-driven fore-
casting models like those proposed in this thesis can offer solutions in environments with
data limitations, reinforcing the practical relevance of the proposed framework.
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7 AI Implementation
This chapter presents a proof of concept implementation of a widely used time series
forecasting technique—Long Short Term Memory (LSTM) neural networks—to explore
its applicability in the context of school based energy management. This model is not
introduced as a novel innovation but rather as a practical tool to demonstrate how pre-
dictive analytics, even with limited data and infrastructure, can contribute meaningfully
to energy optimization efforts in educational buildings. The aim is not to advance the
state of the art in machine learning, but to validate the feasibility of integrating acces-
sible AI driven forecasting methods into Integrated Energy Management Systems (IEMS)
in schools. The implementation is exploratory in nature, acknowledging data limitations
and design trade offs, and is intended to support the larger thesis objective of identifying
scalable, low barrier strategies for improving energy efficiency in resource constrained
institutional environments.

7.1 Long Short Term Memory (LSTM) Model for Energy Prediction
LSTM can be used to model the energy consumption patterns in educational buildings
using Recurrent Neural Networks (RNNs), allowing for easy inclusion of more extended
data sequences. This makes LSTMs particularly well suited for series forecasting prob-
lems, such as energy demand prediction, where historical consumption patterns influ-
ence future values.

The core advantage of LSTM networks lies in their ability to mitigate the vanishing gra-
dient problem, which is common in standard RNNs. This is achieved through three key
components in each LSTM cell: the forget gate, the input gate, and the output gate. These
mechanisms enable selective retention and update of past information, allowing the net-
work to learn long term dependencies in energy consumption influenced by external fac-
tors such as occupancy, temperature variations, and seasonal effects.
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For this study, an LSTM model is trained using historical energy consumption data and
additional features such as temperature and occupancy rate. The model learns patterns
from past observations and predicts future energy usage, enabling proactive energy man-
agement. The following section outlines the data pre processing, model architecture, and
training methodology adopted to develop an optimized LSTM based prediction frame-
work.

Energy-demand data are organized as a sequence with many variables at each time step.
the level of consumption is determined partly by the preceding value. persistence is im-
portant, but so are trends that appear over a series Examples are cyclical effects of the
weather, how people occupy a building over time and delays. thermal inertia). For this
reason, recurrent neural networks are better known as With dynamic regressors, the Long
Short Term is both significant and appropriate. Most of the time, LSTM cell is used be-
cause its gate helps it remember content Because of its structure, the vanishing gradient
problem is reduced. They enable machines to study short and long range relationships
at the same time. model (Hochreiter & Schmidhuber, 1997).

7.1.1 Dataset Description

There are mainly two datasets used for the training and analysis of LSTM model. The
detailed description of the datasets are provided below.

• Electric Power ConsumptionForecastingDataset: The dataset for training the LSTM
model as made available by Mohammed and Galman (2023) consists of hourly en-
ergy consumption data collected over one year. This dataset includes key features
influencing energy usage in school buildings, allowing the model to learn complex
consumption patterns and make accurate predictions. The primary features in the
dataset are:

– Date Time: Timestamp indicating each 10 minute interval at which measure-
ments were recorded.
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– Temperature (°C): Ambient weather temperature recorded during each inter-
val, which influences heating and cooling loads.

– Humidity (%): Relative humidity level, affecting indoor climate control energy
requirements.

– Wind Speed (m/s): Wind velocity, included as an external environmental vari-
able.

– General Diffuse Flows: Represents low temperature fluid discharges related
to atmospheric and solar radiation conditions.

– Diffuse Flows: Additional measure of scattered solar radiation relevant to
weather influenced energy variation.

– Zone 1 Power Consumption (kWh): Target variable indicating electric power
usage in Zone 1 of Tétouan city.

– Zone 2 Power Consumption (kWh): Target variable indicating electric power
usage in Zone 2.

– Zone 3 Power Consumption (kWh): Target variable indicating electric power
usage in Zone 3.

• Energy consumption prediction: The dataset used in this study was obtained from
Kaggle’s public repository titled “Energy Consumption Prediction” by (mrsimple07,
2024). It captures real world hourly energy usage data in a smart building context,
incorporating various operational and environmental parameters that influence en-
ergy demand.
Each record represents an hourly snapshot of building activity, including the fol-
lowing variables:

– Timestamp: Hourly time record for each observation.
– Temperature (°C): Ambient temperature influencing HVAC and comfort re-

lated energy use.
– Humidity (%): Atmospheric moisture level, relevant to indoor air quality and

HVAC load.
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– SquareFootage (m2): Size of the building area served during that hour.
– Occupancy (persons): Number of occupants in the building, affecting lighting,

HVAC, and appliance usage.
– HVACUsage: Binary indicator (”On”/”Off”) denoting whether the heating, ven-

tilation, and air conditioning system is active.
– LightingUsage: Binary indicator of lighting system status.
– RenewableEnergy (kWh): Contribution from renewable energy sources dur-

ing that hour.
– DayOfWeek: Categorical variable indicating the day (e.g., Monday, Tuesday).
– Holiday: Indicates whether the observation occurred on a holiday.
– EnergyConsumption (kWh): Target variable representing total energy con-

sumed during that hour.
While both datasets share some common variables, such as temperature and hu-
midity, they differ significantly in structure, resolution, and feature richness, each
offering distinct advantages for evaluating the performance of LSTM based energy
prediction models.
The dataset from (mrsimple07, 2024) is more comprehensive, including opera-
tional indicators such as HVAC and lighting usage, occupancy levels, renewable
energy input, holiday flags, and day of week information. This makes it highly suit-
able for modeling complex energy consumption behavior where multiple contex-
tual and environmental factors interact. The hourly resolution also aligns with real
world energy management systems, making this dataset ideal for medium to long
term energy forecasting applications, such as daily load scheduling and strategic
demand side planning.
In contrast, the dataset from (Mohammed & Galman, 2023), based on energy usage
in Tetouan city, provides data at 10 minute intervals. Though it includes fewer vari-
ables, its higher temporal granularity makes it highly effective for capturing short
term variations in energy demand. This precision is especially beneficial for appli-
cations that require rapid response to fluctuations, such as real time load balancing
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and fine tuned energy control systems. It allows the LSTM model to learn finer pat-
terns and temporal dependencies that might be smoothed out or missed in hourly
data.
From an LSTM modeling standpoint, the two datasets complement each other well.
The (mrsimple07, 2024) dataset allows for multivariate time series modeling with
rich feature inputs, challenging the model to learn from complex, interrelated pat-
terns. Meanwhile, the (Mohammed & Galman, 2023) dataset offers an excellent
testbed for evaluating the LSTM’s ability to track high frequency trends in consump-
tion, even with limited features.
Together, these datasets enable a robust exploration of the LSTM model’s capabili-
ties under varying data conditions and hence comparing its performance on sparse
but context rich data versus dense, high frequency data. This dual evaluation pro-
vides meaningful insight into how model architecture and hyperparameters can be
tuned for different forecasting contexts.
7.1.2 Dataset Attribution
The datasets are property of the authors who pubslished these and are attributed
below Provenance and licence. The Electric Power Consumption Forecasting file
(hereafter DataSet 1) was downloaded from Kaggle1 on 20 May 2025. It is released
by the author under the Apache 2.0 licence.
The Energy consumption prediction file (hereafterDataSet 2) was likewise obtained
from Kaggle2 on 20 May 2025 and is distributed under Apache 2.0. All use of the
datasets in this thesis conforms to the terms of these licences.

1https://www.kaggle.com/code/nechbamohammed/electricpowerconsumptionforecasting2https://www.kaggle.com/datasets/mrsimple07/energyconsumptionprediction

https://www.kaggle.com/code/nechbamohammed/electricpowerconsumptionforecasting
https://www.kaggle.com/datasets/mrsimple07/energyconsumptionprediction
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7.2 LSTMModel Implementation
7.2.1 Simulation Environment

The implementation of LSTM Models for both datasets, their training and their analysis
was carried out using Python Inside Google Colabs based Jupyter Notebook.

7.2.2 Hyper–parameter Selection

Because LSTM performance is highly sensitive to architectural size and optimiser settings,
a structured search was carried out on a held out validation set (15% of each dataset). A
two stage procedure was adopted:

Table 2. Best hyper parameter configurations discovered for each dataset.
Dataset Stage Units Dropout LR Batch ValidationRMSE
DataSet 1 (10 min) Coarse grid 128 0.20 1.0× 103 64 0.186
DataSet 2 (hourly) Coarse grid 256 0.30 1.0× 103 64 1.404Bayesian (25 calls) 102 0.243 9.3× 104 69 1.430

Interpretation. For the high resolution DataSet 1, a single 128 unit LSTM with 20 %
dropout and learning rate 103 achieved the lowest validation error (RMSE = 0.186), so
further Bayesian refinement was unnecessary. In contrast, the hourly DataSet 2 required
a larger first layer (256 units) and stronger regularisation (30 % dropout) to reach its best
coarse grid score (RMSE 1.404). A subsequent 25 iteration Bayesian optimiser converged
to a considerably smaller model (102 units, 24 % dropout) but produced a slightly higher
validation error (RMSE 1.430), confirming that the coarse grid configuration remains the
optimum for DataSet 2. These results highlight how optimal capacity and regularisation
depend on both sampling frequency and dataset size: the denser DataSet 1 benefits from
a compact architecture, whereas the sparser hourly data require more hidden units to
compensate for reduced temporal resolution.
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7.2.3 Google Colab Simulation Framework

All experiments in this thesis were executed in a cloud hosted Python 3.10 environment
on Google Colab Using Colab offers three advantages: (i) free access to NVIDIA GPUs for
faster training, (ii) fully reproducible notebooks that can be shared via URL, and (iii) no
local software installation requirements.

Package stack. Binary compatibility across libraries is enforced by pinning versions at
runtime:

!pip install quiet \

numpy==1.24.4 \

pandas==1.5.3 \

scikit learn==1.2.2 \

tensorflow==2.16.1 \

matplotlib \

tqdm

These versions are mutually compatible (TensorFlow 2.16.1 is compiled against NumPy
1.24), preventing the ValueError: numpy.dtype size changed problem that occurs with
mismatched wheels.

DataAnalysis and Feature engineering. The raw CSV file (DataSet1.csv) is uploaded
to the session with files.upload(). ‘pandas‘ converts the timestamp column to
datetime64, sorts rows chronologically, and removes missing values. Feature engi-
neering then proceeds as follows:

• Core predictors – temperature and humidity.
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• Contextual predictors – HVAC usage, lighting usage, renewable energy input and
occupancy (when present).

• Temporal encoding – seven one hot columnsDOW1. . .DOW7plus a binaryHoliday
flag.

• Autoregressive lag – previous step energy demand (EnergyLag1).

All numeric variables are z score normalised withsklearn.preprocessing.StandardScaler.
Scaling parameters are stored for later inverse transformation.

Sequence construction. The median sampling interval ∆t is detected automatically. If
∆t < 30min (e.g. 10 minute data) the history window is set toL = 6; otherwise an hourly
data file uses L = 24. A sliding window converts the normalised frame into input–output
pairs (XtL:t1, yt). The resulting sequences are partitioned chronologically into 70 % train-
ing, 15 % validation and 15 % test sets to avoid information leakage.

Network architecture and training. The regression model is a single layer LSTM fol-
lowed by dropout and two dense layers:

Input(L × n_feat)→ LSTM(128)→ Dropout(0.2)→ Dense(64, ReLU)→

Dense(1).

The model is compiled with the Adam optimiser (η0 = 103, gradient clip = 1) and trained
for 150 epochs with a mini batch size of 64. Progress is monitored in real time by attaching
a TqdmCallback, which renders a clean progress bar in the Colab interface:

from tqdm.keras import TqdmCallback
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model.fit(X_tr, y_tr,

validation_data=(X_val, y_val),

epochs=150, batch_size=64,

verbose=0,

callbacks=[TqdmCallback(verbose=1)])

Evaluationprotocol. Performance on the hold out test set is quantified using Root Mean
Square Error (RMSE), Mean Absolute Error (MAE) and the coefficient of determination (R2).
A näıve persistence forecast yt = yt1 serves as a baseline. Visual comparison is provided
by plotting actual versus predicted load for a one week excerpt.

This Colab based framework guarantees that every experiment in the thesis is fully repro-
ducible on any machine with an internet connection, independent of commercial soft-
ware licences.

7.3 LSTM Implementation DataSet1
The sections details and showcases various steps involved in implementing the LSTM
Model for DataSet1 (Mohammed & Galman, 2023). The implementation starts by loading
the data into the enviournment (google colabs) and then locating the date time variable
from the loaded data. The Fig showcases the loaded data and the

Figure 4. DataSet1 (Mohammed & Galman, 2023) loaded and DateTime Variables Identified.

For the next part, we address feature harmonisation by ensuring that all records in the
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dataframe adhere to a standard, numerical pattern fit for LSTMs. To start, we determine
the target column which will be EnergyConsumption if we have it available, but will be
Zone 1 Power Consumption if not. After that, we develop predictor lists. A core set (tem-
perature, humidity) is included in all datasets and an optional rich set (HVAC, lighting,
renewable energy contribution and occupancy) is used if the data columns are found. In
the HVAC and lighting areas, the values from ON/OFF indicators are changed to binary
values (1 for “On”, 0 for “Off”). By using one hot encoding on the day of the week, a new
set of seven columns called DOW are introduced. We make a Holiday flag (or set it to 0 by
default) to make sure the initial information in the schema is never lost. Furthermore, an
autoregressive feature called EnergyLag1 is added, storing the previous period’s demand
and all rows with missing data are dropped. As a result, the dataframe contains only
numbers, is arranged in order of time and can be used for normalisation and sequence
creation.

This block prepares the data for LSTM training by scaling, reshaping it into sequences,
and splitting it into train/validation/test sets in chronological order.

First, all selected numeric predictors and the target column are z score normalised using
StandardScaler. This ensures that all input features have a similar scale (zero mean, unit
variance), which improves neural network convergence.

Next, the sampling interval of the dataset is automatically detected by computing the
median time difference between rows. Based on this, a sequence window size is chosen:
win = 6 for 10 minute data (1 hour history) or win = 24 for hourly data (also 1 hour history
in real time).

The make sequences function slides this window across the dataset to build LSTM com-
patible input/output pairs. For each time step tt, it uses the previous win time steps as
the input sequence Xtwin:t1Xtwin:t1, and the current target value ytyt as the output.

Finally, the full sequence set is split chronologically into three partitions: 70% training,
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15% validation, and 15% testing. This preserves temporal integrity and avoids information
leakage across time, which is crucial for time series modeling.

To ensure that the model learns from past data and is evaluated on truly unseen future
values, the dataset was partitioned chronologically using a 70/15/15 split for training, val-
idation, and testing, respectively. This means that the first 70% of the time ordered se-
quences were used for training, the next 15% for validation (used to tune hyperparame-
ters and monitor for overfitting), and the final 15% for testing. By splitting the data based
on time rather than random sampling, we prevent data leakage, which can occur if the
model inadvertently sees future information during training. Leakage is particularly prob-
lematic in time series forecasting, where the temporal order of data is fundamental. This
strict separation guarantees that performance metrics reflect the model’s true ability to
generalise to future, unseen conditions.

The trainin block describes and builds the LSTM model used in forecasting energy de-
mand. After the LSTM layer with 128 units which is followed by dropout regularisation,
there is a 64 unit layer with ReLU and a final neuron that works in regression. The model
is optimised using Adam with a learning rate of 103103 and trained on a batches of 64
for 150 epochs. Users can see the training progress with the help of the TqdmCallback
which adds a clean training bar directly to the Colab sessions. Refer to Figure 5 to see the
training process running up to 150 epoches.

Figure 5. LSTM TRAINING DATASET1 (Mohammed & Galman, 2023).

Moving forward we calculate the errors for the trained model by using the test data that
was split previously. The Table 3 show cases the result.

When tested on the data, the baseline model that uses persistence (yt=yt1 yt=yt1) gave
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Table 3. LSTM Model Performance on Test Set (DataSet 1).
Metric Value Unit InterpretationRoot Mean Square Error (RMSE) 0.186 Normalised units Penalises larger errorsMean Absolute Error (MAE) 0.158 Normalised units Average magnitude of errorCoefficient of Determination (R2) 0.952 95.2% variance explained

an RMSE score of 0.186. This result proved that the RMSEs of the LSTM and the näıve
forecast were the same, so the LSTM did not do much better than the basic method.
Although the achieved result looks modest, it points out that improving the features,
tweaking the parameters or adding different kinds of context (such as longer time spans
or external factors) is crucial. It looks like the LSTM learned to catch the main trend but
has not yet picked up on more complex details included in persistence.

The final step invovled plotting the actual and predicted data overlaid over each other to
get a better understanding on how the model was functioning. The results can be seen
in Fig 6

Figure 6. Actual and Predicted Energy Consumption Plot for DataSet1 (Mohammed & Galman,2023) .

7.4 LSTM Implementation DataSet2
A similar process to that followed for DataSet1 was used to train and test the model for
DataSet2 (mrsimple07, 2024).

The figure below showcases the data from DataSet2 (mrsimple07, 2024) imported in the
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working environment and the identification of Date and Time Variables.

Figure 7. DataSet2 (mrsimple07, 2024) loaded and DateTime Variables Identified.

The training time for DataSet 2 was significantly shorter because it contains fewer total
samples due to its hourly resolution. In contrast, DataSet 1, sampled every 10 minutes,
contains many more data points and overlapping input sequences, increasing the total
number of training steps and computational load during LSTM training. The impact of
this will also be observed later in the prediction errors.

Figure 8. LSTM TRAINING DATASET2 (mrsimple07, 2024).

Table 4. LSTM Test Set Performance on DataSet 2.
Metric Value Unit InterpretationRoot Mean Square Error (RMSE) 1.108 kWh Penalises large deviations;Mean Absolute Error (MAE) 0.867 kWh Average absolute deviationCoefficient of Determination (R2) 0.369 underperforming

The final overlaid results are presented in the Fig 9

Figure 9. LSTM TRAINING DATASET2 (mrsimple07, 2024).
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Comparison of LSTM performance on the two datasets. Although the same Python
pipeline and hyper parameters were applied to both files, three verifiable differences
limit the model trained on DataSet 2:

1. Sampling density. DataSet 1 records power every ten minutes, yielding roughly six
times more observations than the hourlyDataSet 2. The larger sample size provides
the network with many more training examples and naturally improves generalisa-
tion.

2. Effective look back context. For consistency the script uses a one hour history.
In the ten minute file this translates to a six step input sequence, whereas in the
hourly file the network sees only a single previous observation. With so little con-
text the model can do little more than mimic persistence, which explains the neg-
ative R2.

3. Error amplification from volatility. Hour to hour demand in DataSet 2 exhibits
larger jumps that are not preceded by clear patterns in the limited feature set.
These abrupt changes inflate the RMSE, while DataSet 1 displays smoother intra
hour structure that an LSTM can exploit.

Consequently, the LSTM achieves excellent accuracy on DataSet 1 (RMSE = 0.186, R2 =

0.952) but struggles on DataSet 2 (RMSE = 1.108, R2 = 0.369), even though the latter
still improves modestly over the näıve persistence baseline (RMSE = 1.310).

The training loss vs validation loss plots are attached in Fig for Dataset1 and Fig 11 for
DataSet2.
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Figure 10. LSTM LOSS PLOT DATASET1 (mrsimple07, 2024).

Figure 11. LSTM LOSS PLOT DATASET2 (mrsimple07, 2024).

The loss curve provides clear proof of the varied adaptability of the LSTM as shown by
the results on each dataset. On DataSet 1 (ten minute resolution), the training loss de-
creases quickly and the validation loss remains around MSE0.01MSE0.01. Even when the
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gap between the curves opens slightly at 60 epochs, both remain under 0.25 and parallel,
suggesting that the model is not excessively complicated. With many detailed measure-
ments, each sample is measured six times more often and preserves short term patterns,
meaning the LSTM has all the data it needs to find repeating patterns with greater accu-
racy.

Yet in DataSet 2 (one hour per sample) loss for training decreases as usual, but valida-
tion loss climbs steadily, surpassing MSE1.7. It is becoming clearer that the network is
remembering the idiosyncrasies in each short sample instead of understanding impor-
tant relationships. The coarse time step deletes a lot of the help provided by the intra
hour signal and the smaller number of sequences makes the weights update more er-
ratically. For this reason, the model performs no better than a simple strategy, as it fits
the data too well. These results indicate that recurrent network forecasting works much
better with fine grained, high volume data series like DataSet 1 than with hourly data.

7.5 Conclusion
This section demonstrated the application of Long Short Term Memory (LSTM) networks
to short term energy demand forecasting using two real world datasets of different tem-
poral resolutions. On the ten minute dataset (DataSet 1) the model achieved an RMSE of
0.186 kWh, an MAE of 0.158 kWh and an R2 of 0.952, indicating that the network was
able to capture more than 95 % of the variance in demand and markedly outperform
the näıve persistence baseline. When the same architecture was trained on the hourly
dataset (DataSet 2), performance declined to an RMSE of 1.108 kWh, an MAE of 0.867
kWh and a negative R2 of –0.369, only marginally better than persistence (RMSE = 1.310
kWh). The contrast highlights two critical findings: first, LSTM models benefit greatly
from high resolution input and larger sample sizes; second, when data are sparse and
contextual features are limited, the network offers little advantage over simpler heuris-
tics. Overall, the work confirms that deep recurrent models can deliver production grade
accuracy for fine grained building energy forecasting, but also underscores the impor-
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tance of data richness, temporal granularity and appropriate window selection in real
world deployments.“‘
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8 Discussion and Conclusion
Implementing Integrated Energy Management Systems (IEMS) in educational institutions
presents a compelling opportunity to reduce operational costs and improve sustainability.
However, the results of this study reaffirm that the path to successful IEMS deployment
is fraught with technical, financial, and organizational challenges.

The case studies analyzed in this thesis demonstrate that meaningful energy savings and
carbon footprint reductions are achievable through integrated control systems, optimiza-
tion algorithms, and renewable energy sources. Notably, shared infrastructure (e.g., cen-
tralized CHP systems) and intelligent scheduling (e.g., MILP models) significantly enhanced
building-level efficiency. These findings validate the thesis’s core argument that energy
optimization is feasible within educational environments, especially when systems are
deployed at scale and supported by policy or economic incentives.

One of the central challenges identified throughout this research is the limitation of ex-
isting infrastructure. Many schools operate with outdated HVAC, electrical, and metering
systems that complicate or prevent the integration of modern IEMS components. Survey
responses from staff and administrators further confirm that even where systems exist,
usability and training gaps inhibit their effective use.

Additionally, stakeholder resistance emerged as a prominent theme. Survey data showed
that while awareness among students is high, participation in sustainability initiatives
remains low. Staff rated the usability of IEMS systems at an average of 3.2/5, and open-
ended responses reflected neutral or disinterested sentiment. These findings point to
a need for more engaging interfaces, real-time feedback, and educational outreach to
bridge the gap between awareness and action.

In response to these challenges, this thesis explored the application of AI-based fore-
casting model LSTM a proof-of-concept strategy to support smarter energy scheduling.
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While these models are not novel, they serve to demonstrate how predictive analytics can
enhance IEMS functionality even in data-constrained environments. Key improvements
were introduced to ensure methodological soundness, including reformulating the LSTM
model to avoid data leakage by forecasting future energy consumption using only past
inputs.

Nevertheless, limitations in the model architecture and dataset must be acknowledged.
For instance, the LSTM configuration was heuristically defined, These were addressed
through reflective revisions and detailed in the “Model Limitations and Future Enhance-
ments” section. The takeaway is not that these models are production-ready, but that
even lightweight implementations can reduce uncertainty in energy demand, thus en-
abling preemptive load control.

The pilot models built here show that simple cloud-hosted AI analytics on high-frequency
meter and weather data can create real-time forecasts, lessening the usual effort needed
to adjust Integrated Energy Management Systems (IEMS). The results further point out
that with only an hourly data set, the accuracy drops sharply, since many school systems
still lack the necessary equipment to provide complete data on a fine scale. To fill this gap,
solutions will rely more on smart devices and small IoT nodes for sensors, temperature
and occupancy and on edge or cloud-based execution so schools do not need to add GPUs
for AI.

From a policy and implementation standpoint, this research supports a collaborative ap-
proach to IEMS deployment. Institutions that successfully adopted these systems bene-
fited from structured training programs, regulatory support, and access to funding. Fu-
ture strategies should prioritize user-centered design, stakeholder co-creation, and scal-
able digital frameworks tailored to educational institutions.
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8.1 Conclusion
This study reinforces the transformative potential of IEMS and AI-based forecasting in
school buildings. While technical challenges such as legacy infrastructure and limited data
pose constraints, the strategic application of predictive models and smart scheduling can
yield measurable improvements in energy efficiency and operational cost savings. The
surveys conducted underscore the importance of stakeholder engagement, usability, and
data transparency in achieving sustainable outcomes.

Ultimately, this research does not claim technological novelty but contributes a grounded,
practical road-map for how AI-enhanced IEMS can be validated, adopted, and improved
over time. Future research should extend to larger and more diverse datasets, integrate
renewable energy systems, and explore adaptive control frameworks that can general-
ize across different climatic and operational contexts. With the right alignment of tech-
nology, training, and institutional support, educational facilities can become leaders in
sustainable energy management.
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