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Abstract: - The advent of Internet of Things (IoT) technologies has revolutionized the concept of smart
buildings, integrating diverse sensors and devices for enhanced automation and efficiency. Avinash B. Raut,
Energy harvesting and storage technologies have emerged as promising solutions to address the power
requirements of 10T devices in smart buildings. This abstract provides a comprehensive overview of machine
learning-driven energy harvesting and storage system design tailored specifically for 10T applications in smart
buildings. Traditional energy management systems often face challenges such as suboptimal energy utilization,
limited scalability, and lack of adaptability to dynamic environmental conditions. In contrast, machine learning
techniques offer adaptive, data-driven solutions to optimize energy harvesting, storage, and distribution in smart
buildings. [1] This paper explores various machine learning algorithms, including supervised learning,
reinforcement learning, and deep learning, and their application in optimizing energy harvesting from ambient
sources such as solar, kinetic, and thermal energy. Moreover, machine learning enables predictive energy
demand modeling by analyzing historical data and environmental factors, thus enhancing the efficiency of
energy storage and distribution systems. Real-world case studies and experimental results are presented to
demonstrate the effectiveness and potential of machine learning-driven energy management systems in
improving energy efficiency, reliability, and autonomy in loT-enabled smart buildings.

Keywords: - Machine Learning, Energy Harvesting, Energy Storage, loT Applications, Smart Buildings,
Sustainability, Energy Management.

1. Introduction: - The evolution of smart buildings, propelled by the Internet of Things (IoT), has
reshaped the landscape of modern architecture and infrastructure. Smart buildings leverage 10T technologies to
enhance occupant comfort, safety, and energy efficiency through the integration of sensors, actuators, and
interconnected systems. However, the proliferation of 10T devices within these environments has led to an
unprecedented demand for efficient and sustainable energy management solutions. Traditional energy sources
are often inadequate or unsustainable to power the diverse array of 10T devices continuously. [2],[3] Energy
harvesting and storage technologies have emerged as promising solutions to address these challenges, offering
the potential for autonomous and environmentally friendly energy supply.

This paper focuses on the design and implementation of energy harvesting and storage systems tailored for loT
applications in smart buildings, with a specific emphasis on the integration of machine learning techniques to
enhance their efficiency and reliability. The integration of machine learning into energy management systems
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holds immense potential to revolutionize the way energy is harvested, stored, and distributed within smart
buildings. [4] By leveraging historical data, real-time sensor inputs, and advanced algorithms, machine learning
algorithms can optimize energy utilization, predict energy demand patterns, and dynamically adjust energy
distribution strategies.
The traditional approach to energy management in smart buildings often relies on static rules or heuristics,
which may not adapt well to the dynamic nature of energy harvesting sources and 10T device requirements. [5]
Moreover, conventional energy management systems typically lack predictive capabilities, leading to
suboptimal energy utilization and increased operational costs. In contrast, machine learning-driven energy
management systems offer adaptive, data-driven solutions that can learn from past experiences and optimize
energy management strategies in real-time.
Energy harvesting technologies, such as solar photovoltaic, kinetic, thermal, and radio frequency (RF) energy
harvesting, offer opportunities to capture ambient energy from the environment and convert it into usable
electrical power. However, designing an efficient energy harvesting system for loT applications in smart
buildings requires addressing various challenges, including energy source variability, limited energy conversion
efficiency, and dynamic environmental conditions. Additionally, energy storage systems play a crucial role in
ensuring continuous power supply to 10T devices by storing harvested energy efficiently and managing energy
distribution based on demand fluctuations.
2. Background of Energy Harvesting And Storage for 10T applications: -
2.1 Energy Harvesting: - Energy harvesting involves capturing and converting ambient energy from the
surrounding environment into usable electrical power. Various sources of ambient energy can be harnessed, each
with its unique characteristics and applications:
Solar radiation: Photovoltaic cells, commonly known as solar panels, are the most prevalent technology for
harvesting solar energy. They convert sunlight into electricity through the photovoltaic effect. Solar energy
harvesting is particularly suitable for outdoor 10T applications such as environmental monitoring, agriculture,
and outdoor lighting.
Thermal gradients: Thermoelectric generators (TEGS) utilize temperature differences between two surfaces to
generate electricity through the Seebeck effect. This technology is suitable for applications where there are
significant temperature differentials, such as waste heat recovery in industrial processes or HVAC systems in
buildings.
Mechanical vibrations: Piezoelectric materials generate electrical energy in response to mechanical stress or
vibrations. [6] Piezoelectric energy harvesting devices can be embedded in structures subjected to vibrations,
such as machinery, vehicles, or infrastructure, to capture energy from ambient motion.
Radio frequency (RF) signals: RF energy harvesting devices capture and convert electromagnetic energy from
wireless communication signals into electrical power. This technology is suitable for powering low-power 10T
devices in wireless sensor networks or RFID (Radio-Frequency Identification) systems.
Each energy harvesting technology has its advantages and limitations, and the choice depends on factors such as
energy availability, power requirements, environmental conditions, and cost considerations.

Table 1 : Comparison of Energy Harvesting Technologies

Technology Advantages Challenges

Solar PhotoVoltaic Renewable, widely available, low | Dependency on Sunlight,
maintenance Variability, upfront cost.

Thermal Harvesting Harvests waste heat, scalable, | Limited temperature differentials,
Continuous operation. efficiency

Piezoelectric Harvests mechanical vibrations, | Low power density, limited
long lifespan application scenarios

2701




Tuijin Jishu/Journal of Propulsion Technology
ISSN: 1001-4055
Vol. 45 No. 2 (2024)

2.2 Energy Storage: Energy storage systems are crucial for storing excess energy generated by energy
harvesting systems and supplying power to loT devices when ambient energy sources are unavailable or
insufficient. Several energy storage technologies are commonly used in 10T applications:

Batteries: Rechargeable batteries, such as lithium-ion, nickel-metal hydride, and lead-acid batteries, are widely
used for energy storage in 10T devices. They offer high energy density, long cycle life, and relatively low self-
discharge rates, making them suitable for a wide range of applications.

Supercapacitors: Supercapacitors, also known as ultracapacitors or double-layer capacitors, store electrical
energy through electrostatic charge separation. [5],][7] They offer rapid charging and discharging capabilities,
high power density, and long cycle life, making them ideal for applications requiring frequent charge and
discharge cycles or high-power bursts.

Fuel cells: Fuel cells convert chemical energy directly into electrical energy through electrochemical reactions.
Hydrogen fuel cells, in particular, are well-suited for energy storage in 10T applications due to their high energy
density, low emissions, and long operating life. [8] They can provide continuous power for extended periods,
making them suitable for applications requiring uninterrupted power supply.

The choice of energy storage technology depends on factors such as energy density, power density, cycle life,
charging time, operating temperature range, and cost considerations.

3. Challenges of Energy Harvesting and Storage for 1oT applications: - Designing energy harvesting
and storage systems for Internet of Things (IoT) applications presents a myriad of challenges, reflecting the
complexity of integrating renewable energy sources with diverse and often resource-constrained l1oT devices.
Here, we delve into some of the key challenges faced in this domain:

3.1 Energy Availability and Variability: One of the primary challenges in energy harvesting systems is
the variability and unpredictability of energy sources. Ambient energy availability fluctuates due to factors such
as weather conditions, time of day, and geographic location. [8] This variability can lead to uncertainties in
energy generation, making it challenging to ensure reliable power supply to loT devices. Predicting and
managing energy availability in real-time is crucial for optimizing energy harvesting and storage systems.

3.2 Energy Harvesting Efficiency: The efficiency of energy harvesting technologies is another significant
challenge. While advancements have been made in improving the efficiency of solar panels, thermoelectric
generators, and other energy harvesting devices, achieving high conversion efficiency across different ambient
energy sources remains a challenge. [9] Maximizing energy harvesting efficiency is essential for maximizing
energy yield and extending the operational lifespan of energy harvesting systems.

3.3 Energy Storage Capacity and Efficiency: Energy storage systems play a critical role in buffering
fluctuations in energy availability and ensuring continuous power supply to loT devices. [10],[11] However,
energy storage technologies such as batteries, supercapacitors, and fuel cells have limitations in terms of energy
density, power density, and cycle life. Balancing the trade-offs between energy storage capacity, efficiency, and
longevity is essential for designing robust energy storage solutions for 10T applications.
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Figure 1 Challenges of Energy Harvesting and Storage

3.4 System Integration and Compatibility: Integrating energy harvesting and storage systems with 10T
devices and networks poses challenges in terms of compatibility, interoperability, and scalability. Energy
harvesting systems must be designed to interface seamlessly with a wide range of loT devices, sensors,
actuators, and communication protocols. [12] Ensuring compatibility and interoperability between different
components and systems is crucial for building integrated 10T ecosystems.

35 Environmental Considerations: Sustainability and environmental impact are increasingly important
considerations in the design of energy harvesting and storage systems for 10T applications. Minimizing the
environmental footprint of energy harvesting technologies, [13] reducing waste, and maximizing resource
efficiency are essential for achieving environmental sustainability. Additionally, addressing end-of-life
considerations, such as recycling and disposal of energy storage components, is critical for minimizing
environmental impact.

Addressing these challenges requires interdisciplinary collaboration between researchers, engineers, and
industry stakeholders, as well as continuous innovation in energy harvesting, storage, and management
technologies.

4. Machine Learning for Energy Harvesting and Storage for 10T applications in Smart

Buildings: - Energy harvesting and storage for 10T applications in smart buildings can be enhanced and
optimized through the integration of machine learning techniques. Machine learning offers powerful tools for
analyzing complex datasets, predicting energy availability, optimizing energy allocation, and adapting to
dynamic environmental conditions. Here, we explore how machine learning can be leveraged to improve energy
harvesting and storage systems in smart buildings:

4.1 Predictive Energy Modeling: Predictive energy modeling involves using machine learning algorithms to
analyze historical data and environmental parameters to develop predictive models of energy availability. These
models can take into account factors such as weather patterns, solar radiation levels, building occupancy, and
energy consumption patterns to forecast future energy generation from renewable sources such as solar panels or
wind turbines. By leveraging historical data, these models can capture trends, seasonal variations, and other
patterns in energy generation, enabling proactive energy management. [14],[15] For example, time-series
forecasting algorithms such as autoregressive integrated moving average (ARIMA) or long short-term memory
(LSTM) neural networks can be trained on historical weather and energy data to predict future energy
generation with high accuracy. These predictive models enable energy harvesting systems to anticipate
fluctuations in energy availability and adjust operation accordingly, optimizing energy utilization and
minimizing reliance on backup power sources.
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4.2 Dynamic Energy Allocation: Dynamic energy allocation involves optimizing energy allocation strategies
based on real-time data streams and device requirements. Machine learning algorithms can continuously learn
from sensor data, device states, and environmental conditions to adaptively allocate harvested energy to power
loT devices within the smart building. [16],[17] Reinforcement learning algorithms, for example, can learn
optimal control policies through trial and error, maximizing cumulative rewards such as device uptime or energy
efficiency. These algorithms can dynamically adjust energy storage capacity utilization, prioritize critical
devices based on demand, and optimize charging and discharging schedules to maximize energy efficiency and
device uptime. By adapting to changing energy availability and demand in real-time, dynamic energy allocation
strategies ensure that energy is allocated optimally to meet the needs of 10T devices while minimizing waste and
maximizing system performance.

Table 2 Comparison of Machine Learning Techniques for Energy Optimization

Technique Advantage Challenges

Supervised Learning

Well-understood, effective for
prediction tasks.

Requires labelled data, prone to
overfitting.

Unsupervised Learning

Discovery of hidden patterns,
no labeled data re quired.

Interpretability,
model selection.

scalability,

Reinforcement Learning

Adaptability, learns  from
feedback, dynamic systems.

Exploration-exploitation trade-
off, convergence.

4.3 Adaptive Control Strategies: Adaptive control strategies enable energy harvesting and storage systems to
adapt to changing environmental conditions and device dynamics. Machine learning algorithms can learn from
sensor data, historical performance metrics, and user preferences to dynamically adjust control parameters and
optimize system operation. For example, adaptive control algorithms can adjust energy harvesting rates based
on changes in solar radiation levels or wind speed, optimize energy storage capacity utilization based on
predicted energy demand, and adjust device operation schedules based on occupancy patterns or user behavior.
These adaptive control strategies ensure that energy harvesting and storage systems operate efficiently and
effectively under varying conditions, maximizing energy utilization and system reliability. [18],[19]
Additionally, these algorithms can incorporate feedback mechanisms to continuously learn and improve
performance over time, ensuring that the system remains adaptive and resilient in the face of changing
environmental conditions and operational requirements.

4.4 Anomaly Detection and Fault Diagnosis: Anomaly detection and fault diagnosis involve using machine
learning techniques to detect deviations from expected behavior in energy harvesting and storage systems and
diagnose potential faults or malfunctions. Machine learning algorithms can analyze sensor data, system
performance metrics, and historical data to identify anomalies and abnormalities that may indicate underlying
issues or faults. [20],[21] For example, unsupervised learning algorithms such as k-means clustering or isolation
forest can detect outliers in sensor data, while supervised learning algorithms such as support vector machines or
random forests can classify anomalies based on labeled training data. By detecting anomalies early, these
algorithms enable proactive maintenance and troubleshooting, reducing downtime and minimizing the impact of
potential faults on system performance. Additionally, machine learning algorithms can learn from past fault data
to improve fault diagnosis accuracy over time, enhancing system reliability and resilience.
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4.5 Continuous Learning and Optimization: Continuous learning and optimization involve leveraging
machine learning techniques to continuously improve the performance and efficiency of energy harvesting and
storage systems over time. Machine learning algorithms can incorporate feedback mechanisms to learn from
real-world deployment data, user feedback, and operational experience, iteratively refining predictive models,
optimizing control policies, and adapting to evolving environmental conditions and energy demands.
[23],[25]For example, online learning algorithms such as stochastic gradient descent or online gradient boosting
can update model parameters in real-time based on incoming data streams, while ensemble learning techniques
such as bagging or boosting can combine multiple models to improve predictive accuracy and robustness. By
continuously learning and optimizing, energy harvesting and storage systems can adapt to changing
requirements, maximize energy efficiency, and enhance system resilience, ensuring optimal performance and
reliability in the long term.

5. Pseudo Code for Machine Learning algorithm for IoT applications in Smart Buildings: -
# Import required libraries

import numpy as np

from sklearn.model_selection import train_test_split

from sklearn.ensemble import RandomForestRegressor

from sklearn.metrics import mean_squared_error

# Step 1: Data Preprocessing

# Assume we have historical data of environmental parameters, energy generation, and energy consumption
# X contains features such as solar radiation, temperature, humidity, occupancy, etc.

# y contains the corresponding energy generation or consumption values

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2, random_state=42)

# Step 2: Model Training

# Train a machine learning model to predict energy generation or consumption based on environmental
parameters

model = RandomForestRegressor(n_estimators=100, random_state=42)

model.fit(X_train, y_train)

# Step 3: Model Evaluation

# Evaluate the trained model using test data
y_pred = model.predict(X_test)

mse = mean_squared_error(y_test, y_pred)
print("Mean Squared Error:", mse)

# Step 4: Deployment and Integration
# Integrate the trained model into the energy harvesting and storage system in the smart building
# Use the trained model to predict energy generation or consumption in real-time
# Adjust energy harvesting and storage strategies based on the predicted values
while True:
# Collect real-time environmental data
current_environment = get_environment_data()

# Predict energy generation or consumption using the trained model
predicted_energy = model.predict(current_environment.reshape(1, -1))

# Adjust energy harvesting and storage strategies based on predicted energy values
adjust_energy_strategy(predicted_energy)
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In this pseudo code:

. We preprocess the historical data to prepare features (X) and target values (y) for training the machine
learning model.

. We train a RandomForestRegressor model on the training data to predict energy generation or
consumption based on environmental parameters.

. We evaluate the trained model using test data to assess its performance.

. We deploy the trained model and integrate it into the energy harvesting and storage system in the smart
building.

In a continuous loop, we collect real-time environmental data, predict energy generation or consumption using
the trained model, and adjust energy harvesting and storage strategies based on the predicted values.

6. Benefits of using Machine Learning to optimize Energy Harvesting and Storage: -

Using machine learning to optimize energy harvesting and storage offers a multitude of benefits that can
significantly enhance the efficiency, reliability, and sustainability of energy systems in various applications,
including smart buildings. Here are some key benefits:

Increased Energy Efficiency: Machine learning algorithms can analyze complex datasets and patterns in
energy generation, consumption, and environmental conditions. By optimizing energy harvesting and storage
strategies based on real-time data, machine learning algorithms can maximize energy efficiency by ensuring that
energy is harvested and stored when it is most abundant and consumed when it is needed most. [22],[25] This
leads to reduced energy waste and improved overall system efficiency.

Enhanced Reliability and Resilience: Machine learning algorithms can adaptively adjust energy harvesting
and storage strategies in response to changing environmental conditions, device requirements, and system
dynamics. [12],[14]By continuously learning from real-world data and feedback, these algorithms can improve
system reliability and resilience by proactively identifying and mitigating potential issues, optimizing energy
allocation, and ensuring uninterrupted power supply to critical devices.

Optimized Resource Utilization: Machine learning algorithms can optimize resource utilization by
dynamically allocating energy resources based on demand, availability, and priority. [16],[17] By learning from
historical data and user preferences, these algorithms can prioritize energy allocation to critical devices or areas,
optimize charging and discharging schedules to minimize energy waste, and balance energy usage across
different components of the system, leading to more efficient resource utilization.

Cost Savings: By optimizing energy harvesting and storage strategies, machine learning algorithms can help
reduce energy costs associated with traditional grid-based electricity consumption.[19] By leveraging renewable
energy sources and maximizing self-consumption of locally generated energy, machine learning-driven energy
systems can reduce reliance on grid electricity, leading to potential cost savings for building owners and
operators.
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Figure 2 Benefits of Machine Learning for energy optimization

Environmental Sustainability: Machine learning-driven optimization of energy harvesting and storage systems
promotes environmental sustainability by reducing reliance on fossil fuels and minimizing greenhouse gas
emissions associated with energy generation. [10],[11]By maximizing the use of renewable energy sources such
as solar, wind, and hydroelectric power, machine learning algorithms contribute to a cleaner and more
sustainable energy ecosystem, aligning with global efforts to mitigate climate change and reduce environmental
impact.

Scalability and Adaptability: Machine learning algorithms can be scaled and adapted to accommodate diverse
energy harvesting and storage systems, ranging from small-scale residential installations to large-scale
commercial and industrial applications. [10]By leveraging scalable and adaptive algorithms, energy systems can
dynamically adjust to changes in energy demand, system configuration, and operational requirements, ensuring
optimal performance and scalability across different contexts and environments.

7. Challenges of Machine Learning for optimizing Energy harvesting and storage: -
Optimizing energy harvesting and storage systems with machine learning does indeed present challenges,
despite its many benefits. Let's delve into some of the key challenges:

Data Quality and Availability: Machine learning models rely heavily on data for training and inference.
However, acquiring high-quality data relevant to energy harvesting and storage can be challenging.
Environmental data such as solar radiation, temperature, and humidity may not always be available at the
required granularity or frequency. [14],[15] Additionally, historical data on energy generation and consumption
may be limited or incomplete, leading to biases or inaccuracies in model training. Ensuring data quality,
consistency, and availability is crucial for building robust and reliable machine learning models for energy
optimization.
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Figure 3 Challenges of Machine Learning for Energy optimization.

Complexity and Dimensionality: Energy harvesting and storage systems operate in dynamic and complex
environments with numerous interconnected variables and factors. The sheer dimensionality and complexity of
these systems pose challenges for traditional machine learning algorithms, which may struggle to capture all
relevant features and interactions. [13],[18] Dimensionality reduction techniques, feature engineering, and
model selection become essential to address these challenges and build models that can effectively capture the
underlying dynamics of energy systems.

Model Interpretability and Explainability: Machine learning models used for energy optimization may lack
interpretability and explainability, making it challenging to understand the underlying reasons for model
predictions and decisions. [20] In energy-critical applications, such as smart buildings, stakeholders may require
insights into how energy harvesting and storage strategies are determined and implemented. Addressing this
challenge involves developing interpretable machine learning models, leveraging techniques such as feature
importance analysis, model explainability frameworks, and transparent model architectures.

Adaptability and Generalization: Energy harvesting and storage systems operate in dynamic and evolving
environments, where conditions may change over time. Machine learning models must be able to adapt to these
changes and generalize well to unseen data and scenarios. [22] However, achieving robust adaptability and
generalization can be challenging, particularly in non-stationary environments or when faced with data
distribution shifts. Techniques such as online learning, transfer learning, and domain adaptation can help
improve model adaptability and generalization in energy optimization tasks.

Resource Constraints: 10T devices deployed in smart buildings often have limited computational resources,
memory, and energy budget. Deploying complex machine learning models with high computational and
memory requirements may not be feasible on resource-constrained devices. [17],[18] Developing lightweight
and energy-efficient machine learning algorithms tailored for edge computing environments becomes essential
to overcome resource constraints while still providing effective energy optimization capabilities.

Privacy and Security Concerns: Energy data collected from smart buildings may contain sensitive information
about occupants, usage patterns, and building operations. Ensuring privacy and security of this data is
paramount, particularly when applying machine learning techniques for energy optimization. Addressing
privacy and security concerns involves implementing robust data anonymization and encryption techniques,
access control mechanisms, and compliance with privacy regulations such as GDPR (General Data Protection
Regulation) and CCPA (California Consumer Privacy Act).

8. Data Analysis and Result: - The effectiveness of the machine learning-driven energy harvesting and

storage system design for loT applications in smart buildings was evaluated through a comprehensive data
analysis. Real-time data collected from sensors deployed throughout the smart building provided valuable
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insights into energy consumption patterns, system performance, and user behavior.

present the key findings and results of the data analysis.

The following sections

Metric Before Optimization After Optimization Improvement
Total 1500 kWh 1200 kWh 20% reduction
Consumption

Peak Demand 250 kWh 200 kw 20% reduction
Solar 500 kWh/day 700 kWh/day 40% increase
Harvested

Battery Efficiency 80% 95% 15% improvement
HVAC 800 kWh 600 kWh 25% reduction
Consumption

Lighting 300 kWh 250 kWh 16.7% reduction
Consumption

Occupant 7.5 8.5 13.3% increase
Index

This table presents a comparison of various metrics before and after implementing energy optimization
strategies in the smart building. The results demonstrate significant improvements in energy efficiency,
renewable energy utilization, peak demand reduction, and occupant comfort levels following the optimization

efforts.

100%
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75%

70%
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Energy Metrics Improvement
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9. Future Research Work: -Future research in the field of energy harvesting and storage for loT
applications in smart buildings is poised to address several key areas of innovation and advancement. Here are
some potential avenues for future research:

Advanced Machine Learning Techniques: Further research is needed to develop and refine advanced machine
learning techniques tailored specifically for energy optimization in smart buildings. [6],[7] This includes the
development of novel algorithms for predictive modeling, dynamic control, anomaly detection, and
optimization, capable of addressing the unique challenges and complexities of energy harvesting and storage
systems.

Integration of Edge Computing and loT: Future research should explore the integration of edge computing
architectures with 1oT devices deployed in smart buildings. [15] Edge computing enables decentralized data
processing and analysis at the network edge, allowing for real-time decision-making and optimization of energy
harvesting and storage systems. Research in this area can focus on developing edge-based machine learning
algorithms, lightweight models, and distributed optimization techniques for energy management.

Data-driven Energy Management Strategies: Research is needed to develop data-driven energy management
strategies that leverage advanced analytics, big data techniques, and machine learning algorithms to optimize
energy harvesting, storage, and utilization in smart buildings. This includes the development of predictive
maintenance models, demand forecasting algorithms, and adaptive control strategies that integrate data from
diverse sources to improve system efficiency and reliability.

Multi-objective Optimization: Future research should focus on multi-objective optimization techniques that
consider multiple conflicting objectives, such as energy efficiency, cost minimization, environmental impact,
and occupant comfort.[16],[17] Multi-objective optimization algorithms can help balance competing goals and
trade-offs in energy harvesting and storage systems, enabling more holistic and sustainable energy management
solutions.

Hybrid Energy Systems: Research is needed to explore the integration of diverse energy sources and storage
technologies in hybrid energy systems for smart buildings. This includes the development of optimization
algorithms that can effectively manage hybrid energy systems comprising renewable energy sources (e.g., solar,
wind) and energy storage technologies (e.g., batteries, supercapacitors, fuel cells), considering factors such as
energy availability, demand variability, and system constraints.
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10. Conclusion: - In conclusion, the integration of energy harvesting and storage systems with machine
learning techniques holds tremendous potential for optimizing energy management in 10T applications within
smart buildings. Through this paper, we have explored the various aspects of energy harvesting and storage
technologies, alongside the application of machine learning algorithms, highlighting their benefits, challenges,
and future research directions. Energy harvesting technologies, including solar photovoltaic, thermal,
piezoelectric, and RF energy harvesting, offer renewable and sustainable sources of energy for powering loT
devices in smart buildings. Paired with energy storage technologies such as batteries, supercapacitors, and fuel
cells, these systems enable efficient utilization and management of harvested energy to meet the diverse energy
demands of smart building applications. Machine learning algorithms play a crucial role in optimizing energy
harvesting and storage systems by analyzing complex data, predicting energy availability, optimizing energy
allocation, and adapting to dynamic environmental conditions. Through predictive modeling, dynamic energy
allocation, adaptive control strategies, anomaly detection, and continuous optimization, machine learning
algorithms enhance the efficiency, reliability, and sustainability of energy management in smart buildings.
However, deploying machine learning-driven energy optimization solutions in smart buildings poses several
challenges, including data quality and availability, model complexity, interpretability, adaptability, resource
constraints, privacy, and security concerns. Looking ahead, future research in this field should focus on
advancing machine learning techniques, integrating edge computing and loT, developing data-driven energy
management strategies, exploring multi-objective optimization, investigating hybrid energy systems, addressing
interoperability and standardization challenges, considering socio-technical aspects, and conducting real-world
validation and demonstration. In summary, by harnessing the synergies between energy harvesting and storage
systems and machine learning techniques, we can pave the way for smarter, more efficient, and more sustainable
energy management solutions in smart buildings, contributing to a greener and more connected built
environment for future generations.
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