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Abstract

In smart homes, applying traditional energy management systems sometimes result in inefficiencies
because they follow preset schedules. It is because of their inability to adjust to occupancy and
environmental changes in real-time. In order to further optimize the energy consumption, this paper
examines the limitations of such systems and presents a cutting edge internet of things (IoT)-enabled
approach that makes use of real-time data analytics, decision-making driven by artificial intelligence (AI)
and adaptive control mechanisms to optimize energy consumption. The potential of the proposed IoT-
enabled smart energy system to enhance energy efficiency, reducing waste, and improving sustainability
in smart homes has been presented.

Keywords: Energy management system; smart homes; Internet of Things; machine learning (ML);
artificial intelligence; adaptive control; optimization

1 Introduction

With the rapid advancement of technologies, energy management has become a crucial component in
increasing energy efficiency in smart homes as well as reducing costs along with minimizing
environmental impact. Typically, energy management systems (EMS) in smart homes operate on the
basis of user preferences and preset schedules. Based on predefined circumstances, these systems
automate the operation of lighting, home appliances and heating, ventilation, and air conditioning
(HVAC) systems. Despite supplying a basic level of automation, such predetermined schedules
frequently lead to significant inefficiencies due to their lack of ability to adapt to dynamic real-world
situations [1]. It is anticipated that smart homes would optimize energy consumption by considering
various factors, including occupancy in real-time, the surrounding environmental conditions, and
user behavior. However, real-time decision-making and flexibility are lacking in traditional EMS. For
instance, a fixed schedule may turn on the air conditioner at a specific time every day, irrespective of
whether a person is present in the room or if the weather has warm conditions. Similarly, presched-
uled lighting systems may remain active even when there is enough natural daylight, resulting in
unnecessary energy wastage [2].

More sophisticated and flexible energy management systems are now possible thanks to recent
evolution of cloud computing, artificial intelligence (AlI), and the Internet of Things (IoT) [3]. By in-
corporating IoT enabled sensors, such as temperature, Passive Infrared (PIR) motion, and light
sensors, modern EMS can monitor real-time data and dynamically adjust energy usage. In addition,
Al-driven algorithms can predict user behavior, analyze historical data, and optimize energy

https://doi.org/10.64388/ire1724840 ISSN 2456-8880 Paper ID: 1724840 | Page 2261


https://doi.org/10.64388/ire1724840

Iconic Research and Engineering Journals Vol. 10, Issue 5, November 2026

consumption accordingly [4]. Furthermore, seamless remote monitoring and control are allowed
using cloud-based solutions in order to further enhance system efficiency and user comfort [5].

In this research work, traditional energy management systems are investigated and an advanced IoT-
enabled approach is presented in order to optimize energy consumption in smart homes. An Al
powered micro-controller (such as ESP32) integrated with sensors is employed in the proposed
system. It enables the real time decision making in the proposed system. By applying predictive
analytics and machine learning algorithms, it is ensured that energy is utilized efficiently while
reducing operational costs along with user comfort [6]. The rest of the paper is structured as follows:
Section 2 reviews the limitations of conventional energy management methods. An overview of
emerging technologies in smart energy optimization is presented in Section 3. Section 4 presents an
in-depth description of the architecture and execution of the proposed IoT based system. Results and
comparative analysis are discussed in Section 5, followed by the conclusion in Section 6. Future
research directions are presented in Section 7.

2 Traditional energy management systems and their limitations

The aim of traditional EMS is to monitor, regulate, and minimize consumption of energy in homes,
commercial buildings, and industries. These systems typically employ manual inputs, static rule-
based logic, and preset schedules for managing energy consumption. Though they offer a basic level
of energy optimisation, they suffer from significant shortcomings in terms of flexibility, intelligent
automation, and real-time decision-making.

2.1 Conventional EMS: Key features

2.1.1 Predefined schedules

Most traditional EMS operate on fixed time-based schedules. For instance, HVAC systems may be
programmed to turn on or off at specific times without considering real-time occupancy or environ-
mental conditions. Example: A thermostat may be set to turn on at 6 AM every day, regardless of
whether someone is home or if the temperature is already at a comfortable level [7].

2.1.2 Manual user inputs

Traditional systems often require users to manually adjust settings in order to optimize them, leading
to inefficiencies when the users fail to change controls. For example, if users fail to switch off lights in
unused rooms, energy is unnecessarily wasted [8].

2.1.3 Limited sensor integration

Older EMS deployments cannot dynamically respond to changes in occupancy, ambient illumination,
or weather since they don’t factor in real-time sensor information. Example: Even when there is
sufficient natural daylight, lights can be left on due to a programmed lighting schedule [9].

2.1.4 Reactive, not predictive

Conventional systems respond to user commands but do not automatically anticipate energy con-
sumption based on habits or environmental factors. Example: An HVAC can cool a house even when
there are open windows, resulting in energy wastage [5][10].
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2.1.5 No Al-based optimization

These systems do not utilize artificial intelligence (AI) or machine learning (ML) algorithms to
optimize energy usage dynamically. Example: Al-based EMS can learn and automatically adjust from
past energy consumptions, while conventional EMS don’t have the same ability [1].

2.2 Key limitations
The main limitations of traditional EMS are as follows:

o Inflexibility: Pre-set schedules fail to adjust to instantaneous occupancy or environment
variations [3].

e User dependency: Manual changes must be made, increasing the likelihood of inefficient energy
usage [4].

« Inability to integrate: Traditional systems cannot integrate with IoT-enabled smart devices for
real-time monitoring and control [5].

e Increased energy waste: Energy consumption cannot be optimized in real time, which increases
utility costs and carbon emissions [2].

e No data-driven insight: The inability to employ Al-based insights hinders data-driven
optimization of energy consumption [1].

2.3 The transition to smart and Al-facilitated EMS

With the advent of Industry 4.0 and IoT-based smart systems, energy management is also changing.
Al-based EMS now include real-time data analytics, predictive modeling, and cloud-based control
systems to optimize energy usage effectively [11]-[14]. More recent loT-based energy management
systems overcome the shortcomings of conventional EMS by including the following:

1. Decision-making based on artificial intelligence for predictive energy optimization.
2. Real-time occupancy detection to dynamically adjust lighting and HVAC.

3. Intelligent sensors (PIR, temperature, light) for greater data monitoring.
4

The cloud to remotely control energy consumption.

These developments open the door to a more efficient, cost-effective and environmentally friendly
use of energy.

3 Emerging technologies for intelligent energy management

The accelerating developments in Internet of Things (IoT), Artificial Intelligence (Al), and adaptive
control technology have contributed hugely to revolutionizing energy management schemes. Energy
management systems previously had static schedules and pre-specified thresholds, usually resulting
in wastage. Recent technologies facilitate the acquisition of data in real time, predictive optimisation,
and dynamic control, leading to higher energy efficiency and sustainability.

3.1 Role of loT in real-time energy monitoring

[oT is also important for monitoring energy by making it possible to have interconnected sensor
networks that collect and transmit data in real-time to be analyzed. Smart meters, occupancy sensors,
and networked appliances give detailed energy consumption data and allow for making decisions
based on data. IoT optimizes energy use by identifying anomalies, finding peak usage times, and
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incorporating automated feedback. Zhang et al. (2023) conducted a study showing that smart grids
empowered by [oT can minimize wastage of energy by as much as 30% through use of real-time
demand-response operations [15]. Patel et al. (2024) emphasized that loT-integrated monitoring of
smart buildings increased energy efficiency by 25%, especially through self-adjusting HVAC
operations based on occupancy levels [16]. The key IoT components for energy management are:

e Smart Sensors: Measure temperature, humidity, light levels, and occupancy.
¢ Smart Meters: Provide real-time energy usage data and facilitate load balancing.
+ Edge Computing: Reduces latency by processing energy data closer to the source.

¢ Cloud Platforms: Enable large-scale energy data analytics and remote access.

3.2 Al and machine learning for predictive energy optimization

Artificial Intelligence (AI) and Machine Learning (ML) are transforming energy optimization by
anticipating consumption behavior and automatically responding. Al and ML empower anticipatory
energy management by:

« Predictive Load Forecasting: Historical energy consumption is analyzed by Al models to forecast
future demand.

¢ Fault Detection and Diagnosis: ML-based algorithms identify abnormal energy behavior to
avoid break-downs.

e Automated Demand-Response: Al adjusts energy distribution according to grid conditions and
occupancy. For instance, Wang et al. (2023) developed a deep learning model that optimized
HVAC energy consumption, achieving 18% energy savings without compromising user comfort
[17]. Another study by Liu & Singh (2024) introduced reinforcement learning algorithms for
smart grid energy allocation, reducing peak demand by 20% [18].

3.3 Adaptive control mechanisms for HVAC, lighting and appliances

Conventional energy management systems work on strict timetables, tending to cause excessive
energy usage. Adaptive control systems adaptively change energy consumption based on real-time
environmental and occupancy information.

3.3.1 Smart HVAC systems

e Al-based HVAC systems read indoor climate conditions, occupancy, and outdoor weather
information to optimize heating and cooling processes.

¢ [oT thermostats, including Nest and Ecobee, have reported 10-15% savings on heating and 15%
on cooling bills [19].
3.3.2 Intelligent lighting systems

¢ Adaptive lighting systems vary the brightness and color temperature according to the occupancy
and available natural light.

e Li et al. (2024) reported that Al-optimized lighting lowered electricity usage in commercial
buildings by 22% [20].

3.3.3 Smart appliances and load balancing

Al-enabled appliances can be powered off-peak, alleviating grid stress. Dynamic load balancing
guarantees optimized energy distribution across household devices.
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4 Proposed loT-enabled smart energy system

To address the inefficiencies of conventional energy management systems, this paper introduces an
[oT-based smart energy system that dynamically optimizes energy usage based on real-time occu-
pancy detection, environmental factors, and user behavior. The proposed system combines Al-
capable microcontrollers (ESP32), smart sensors, cloud analytics, and smart optimization algorithms
to optimize energy efficiency in smart homes and buildings. A block diagram presented in Figure 1 il-
lustrates the loT-based smart energy management system. It highlights the main components such as
the ESP32 microcontroller, sensors, cloud integration, and actuators for efficient control of energy us-
age.
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PIR motion
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(DHT22, BME280)
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Cloud (MQTT) Mobile/web
storage and Al analytics dashboard
ESP32

microcontroller Actuators/relays
)

Light
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(ACS712, ZMPT101B)
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Figure 1. Block diagram of the IoT-enabled smart energy management system.

4.1 System architecture and components
The system architecture has three major layers:

1. Perception layer (sensing and data collection). This layer has various Sensors and a low-power,
Al enabled microcontroller e.g. ESP32 Microcontroller, which is utilized to process data and provide
wireless connectivity. The following sensors are used for collecting data:

 PIR (Passive Infrared) Sensors: Sense the presence of human to manage lighting and HVAC.

¢ Temperature and Humidity Sensors (DHT22, BME280): Regulate environmental temperature
to minimize heating and cooling.

e Light Sensors (LDR, BH1750): Regulate artificial light according to brightness in the
environment.

e Current and Voltage Sensors (ACS712, ZMPT101B): Track appliance energy consumption.
2. Network layer (wireless communication and cloud integration).

¢ Wi-Fi (ESP32 Module): Facilitates communication between sensors and cloud servers.
*« MQTT Protocol: Employed for efficient, lightweight data transfer.

¢ Cloud Storage and Processing (Google Firebase, AWS IoT Core, or ThingsBoard): Processes
and stores real-time sensor data.
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3. Application layer (user interface and Al-based control).

¢ Mobile and Web Dashboard: Shows real-time energy usage, occupancy status, and system
suggestions.

¢ Al and Machine Learning Algorithms: Forecast energy consumption from historical data and
prediction analytics.

¢ Automated Control Mechanisms: Actuators or smart switches switch appliances on/off
according to sensor inputs.

4.2 Data acquisition and processing for dynamic energy management

The data acquisition and processing pipeline is engineered to monitor real-time energy and
occupancy information, analyze trends, and make smart control decisions.

Step 1: Collection of sensor data. The microcontroller periodically gathers real-time data from
attached sensors. Sensor readings (temperature, motion, lighting, energy usage) are digitized and
either saved in local memory or transmitted to the cloud.

Step 2: Cloud-based processing and Al analysis.

« Data is sent through MQTT to the cloud for storage and analysis.

¢ Al models analyze the data to determine usage patterns, detect anomalies, and forecast energy
demand.

 Decision-making algorithms decide when to change HVAC, lighting, or appliance power states.
Step 3: Intelligent actuation and user alerts.

¢ ESP32, based on Al suggestions, triggers actuators or relays to minimize energy consumption.

¢ Users are given real-time notifications through a mobile app or web interface, with insights and
manual control available.

4.3 Optimization techniques for energy efficiency

To optimize energy efficiency, the system under proposal utilizes various optimization techniques,
namely:

¢ Occupancy-Based Contro. | Utilizes PIR sensors to sense motion and dynamically vary energy
settings. Example: Lighting and air conditioning are automatically turned off when a room is
empty.

+ Adaptive Lighting Optimizatio. n LDR sensors monitor light intensity levels outdoors and adjust
lighting indoors accordingly. Example: LED lighting dimmed when there is ample natural light.

« HVAC Efficiency Enhancement. Al-driven temperature control varies heating/cooling according
to user behavior and current data. Example: The system understands that a user likes 22°C during
nighttime and precools the room effectively.

¢ Predictive Energy Optimization. Applies historical data and Al algorithms to predict energy
demand and schedule appliances. Example: Forecasts peak energy usage periods and optimizes
power allocation accordingly.

e Smart Load Management. It tracks energy-consuming appliances and recommends power-
saving techniques. For example, Automatic scheduling of washing machines or water heaters to
operate in off-peak time.
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e User Behavior Learning and Recommendati. ons It learns user behavior over a period of time
and suggests tailored energy-saving advice. Example: Recommendations include lowering AC
usage by 10% based on historical patterns.

5 Results and discussion

5.1 Energy savings and efficiency improvements

The deployment of the IoT-based smart energy system led to considerable energy savings over
conventional scheduling-based energy management. Real-time monitoring and adaptive control
mechanisms enabled effective utilization of resources. The system dynamically controlled lighting,
HVAC, and appliances in response to occupancy and environmental conditions. As illustrated in Fig-
ure 2, the consumption of energy decreased by an average of 30-40% while using the system under
consideration when compared to conventional practices.

Energy Consumption Comparison
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Figure 2. Energy consumption by category: traditional versus loT-enabled system.

5.2 Real-time adaptability to occupancy and environmental conditions

As compared to static rule-based systems, the suggested model learns to respond dynamically to
variations in room occupancy and environmental parameters. Figure 3 illustrates the occupancy
based energy savings for the system’s real-time response to varying occupancy rates during the
course of a day. Upon detecting occupancy, energy-consuming systems function at optimal capacity;
otherwise, they are run in power-saving modes.
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Figure 3. Occupancy-based energy savings over 24 hours.

5.3 Machine learning performance for predictive control

To further improve efficiency, an energy optimization model based on machine learning was incor-
porated into the system. The model was trained on past occupancy and environmental sensor data to
forecast optimal energy settings. The training accuracy was 92%, the validation accuracy was 89%
and HVAC overuse decreased by 35%. Figure 4 shows the training performance of the model, where
the loss decreases with epochs and the accuracy increases, reflecting proper learning.
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Figure 4. Loss and accuracy of the machine learning model over training epochs.

5.4 User comfort and operational benefits

In addition to energy savings, the system enhanced user comfort and automation by keeping optimal
levels of lighting and temperature without any human intervention. Users experienced more conveni-
ence and satisfaction as a result of the adaptive control mechanisms of the system.

5.5 Comparative analysis with traditional systems

A comparative analysis between traditional schedule-based EMS and the proposed IoT-ML-based

EMS is summarized in Table 1.

Table 1. Comparison between traditional EMS and IoT-enabled smart EMS.

Features Traditional EMS loT-Enabled Smart EMS

Energy optimization Fixed schedule Dynamic, real-time adaptation
Sensor integration Limited Multi-sensor fusion (PIR, temp, light)
Machine learning None Predictive control using Al

User comfort Manual adjustments Automatic adaptation

Energy savings 10-15% 30-40%

6 Conclusion

This work introduced an IoT-based smart energy management system with the capability to dynam-
ically optimize energy usage based on real-time occupancy sensing, weather conditions, and user
habits. Employing an Al-capable microcontroller (ESP32) with a network of sensors (PIR, temperat-
ure, and light), the system efficiently senses and manages energy consumption for HVAC, lighting, and
appliances. The incorporation of machine learning capabilities has facilitated predictive optimization,
eliminating wastage of energy while maintaining user comfort. The experimental findings proved
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substantial energy savings of up to 35% over conventional rule-based systems. The real-time
adaptability of the system to occupancy and environmental changes helped improve efficiency. The
cloud-based data logging and remote monitoring capabilities also improved system scalability and
ease of control. Comparative analysis with traditional energy management systems proved better
performance in efficiency, adaptability, and automation.

7 Future scope

Although the proposed system has presented promising results, its efficiency and adaptability can be
further improved. For instance, by incorporating higher-level Al and Deep Learning Models, more
complex machine learning approaches like reinforcement learning or deep neural networks can be
used to enhance predictive analytics for energy optimization. Moreover, adaptive learning models can
automatically change energy saving strategies as per long-term trends in user behavior and changes
in the environment.
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