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ABSTRACT: This paper present a smart building automation system based on Arduino and Arduino software for
programming. The system supports various sensor and its functionality with a very practical and convenient cost
system configuration. In various ways, the design and implementation of BMS (Building management system) and
fulfilment of many type of green project today, but it uses technology to provide for a superior space. With the help of
these system we reduces the human effort. The key features of our project is to opening and closing gate via RFID
module, common area lighting, door opening and closing with the help of keypad and fire detection and alert to main
system. All the hardware sensor and Arduino components are put into a best demonstration model with the motive of
the test of the system and presentation in real-time. With the help of these model, the smart BMS environment is
animated and correlated function becomes simple understood. BMS is reliable circuit that takes over the task of
controlling various system used in it.

L. INTRODUCTION

Embedded systems are designed to do some specific task, rather than be a general-purpose computer for
multiple tasks. Some also have real time performance constraints that must be met, for reason such as safety and
usability; others may have low or no performance requirements, allowing the system hardware to be simplified to
reduce costs.

Wireless communication has become an important feature for commercial products and a popular research
topic within the last ten years. There are now more mobile phone subscriptions than wired-line subscriptions. Lately,
one area of commercial interest has been low-cost, low-power, and short-distance wireless communication used for
\personal wireless networks." Technology advancements are providing smaller and more cost effective devices for
integrating computational processing, wireless communication, and a host of other functionalities. These embedded
communications devices will be integrated into applications ranging from homeland security to industry automation
and monitoring. They will also enable custom tailored engineering solutions, creating a revolutionary way of
disseminating and processing information. With new technologies and devices come new business activities, and the
need for employees in these technological areas. Engineers who have knowledge of embedded systems and wireless
communications will be in high demand. Unfortunately, there are few adorable environments available for development
and classroom use, so students often do not learn about these technologies during hands-on lab exercises. The
communication mediums were twisted pair, optical fiber, infrared, and generally wireless radio.

II. RESEARCH METHODOLOGY

The methodology for developing an energy management system (EMS) for industrial and commercial facilities
to optimize energy consumption involves several key phases, including system design, data acquisition, analysis, and
implementation of optimization techniques. This section outlines the approach and methods used in the research and
development process..

2.1 System Design and Architecture

The EMS is designed as a distributed system that integrates real-time data collection from sensors, IoT devices, and
energy meters with advanced analytics to identify opportunities for energy optimization. The architecture includes the
following components:
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e Data Acquisition Layer: Sensors and IoT devices installed across the facility to capture real-time data on
energy consumption, environmental conditions (e.g., temperature, humidity), and operational parameters of
machinery and equipment.

e Data Processing Layer: A cloud-based platform or on-premise server to aggregate and preprocess data. Data
cleansing techniques are applied to remove noise and ensure accuracy.

2.2 Data Acquisition and Monitoring
The system collects real-time energy usage data from various parts of the facility, such as:
e Smart Meters: Measure electrical energy consumption in real-time from different sections, including HVAC,
lighting, and industrial machinery.
e IoT Sensors: Monitor environmental conditions (e.g., temperature, humidity) and operational data (e.g.,
machine runtime, efficiency).
¢ Building Automation System (BAS): Integrates with existing building systems to control energy-consuming
systems such as heating, ventilation, air conditioning (HVAC), lighting, and industrial equipment.

2.3 Data Processing and Analysis
The data collected from the facility is preprocessed using standard techniques, such as:
e Data Cleansing: Removing outliers, correcting errors, and filling in missing data points to ensure the quality
of the data.
e Data Normalization: Ensuring that all the data is in the same unit format (e.g., kWh, Celsius, etc.) to facilitate
accurate analysis.
o Time Series Analysis: Energy consumption data is analyzed over time to identify patterns such as peak usage
periods and potential inefficiencies in equipment operation.

2.4 Energy Optimization Techniques

Load Shifting and Peak Shaving:

These strategies involve adjusting the facility’s operational schedule to shift energy-intensive processes to off-peak
hours when energy rates are lower. Predictive models are used to forecast demand and suggest optimal times for
operating heavy machinery or running HVAC systems.

Demand Response:

The EMS communicates with external power providers to adjust energy usage dynamically based on real-time energy
prices or incentives offered by the utility. This integration ensures the facility can participate in demand-response
programs, reducing energy costs during peak periods.

Equipment Scheduling:

Using the data collected, the EMS suggests optimal schedules for running equipment, including HVAC systems,
lighting, and industrial machinery. This includes identifying non-essential equipment that can be turned off during non-
operational hours.

Predictive Maintenance:
The EMS uses machine learning models to predict when equipment is likely to fail or become inefficient, allowing for
proactive maintenance scheduling. This reduces downtime and improves energy efficiency.

2.5 User Interface and Reporting
A web-based or mobile user interface is developed to allow facility managers and energy analysts to interact with the
EMS. The UI provides:
e Real-time Monitoring: Displays energy consumption data and environmental conditions in real-time, along
with alerts for abnormal energy usage.
e Energy Reports: Generates customized reports on energy usage, cost savings, and system performance.
Reports can be viewed on-demand or scheduled to be sent periodically.
e Optimization Suggestions: Provides actionable recommendations based on the analysis, including load
shifting, demand response participation, and equipment scheduling.
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2.6 Validation and Testing
The EMS is tested and validated in a controlled environment before deployment in industrial and commercial facilities.
The testing process involves:
e Simulated Data Testing: Historical energy consumption data is used to simulate the performance of the EMS,
ensuring the accuracy of predictive models and optimization strategies.
e Real-world Deployment: The system is deployed in a pilot industrial facility to monitor real-time energy
consumption and apply optimization techniques. Performance metrics such as energy savings, system
reliability, and user feedback are collected to evaluate the effectiveness of the system.

2.7 Performance Metrics
The success of the EMS is measured using the following metrics:
o Energy Savings: Reduction in overall energy consumption and energy costs after system deployment.
e System Accuracy: The accuracy of the predictive models used for forecasting energy usage and equipment
failure.
o  User Satisfaction: Feedback from facility managers and energy analysts regarding the system’s usability and
the quality of optimization suggestions.

2.8 Limitations and Future Improvements
The initial version of the EMS may face limitations such as compatibility issues with legacy systems, data quality
concerns, or suboptimal performance of machine learning models. Future improvements may include:
o Integration with Renewable Energy Sources: Allowing the EMS to manage energy consumption based on
the availability of renewable energy (e.g., solar or wind).
e Advanced Machine Learning Models: Enhancing the accuracy of predictive models to further optimize
energy consumption and maintenance schedules.
e Scalability: Expanding the system’s capacity to manage multiple facilities or larger industrial complexes.

III. THEORY AND CALCULATION

3.1 Theoretical Background

The development of an Energy Management System (EMS) for industrial and commercial facilities is rooted in
several well-established theories related to energy efficiency, system control, and optimization. These theories guide
the development of real-time monitoring, energy usage forecasting, and optimization algorithms, all of which are
critical to reducing energy consumption without compromising operational efficiency.

3.2 Optimization Algorithms

At the core of the EMS is the application of optimization algorithms to improve energy efficiency. These algorithms
are rooted in Operations Research and focus on reducing energy consumption while maintaining necessary facility
operations. The key theoretical concepts applied here include:

1. Linear Programming (LP):

This method is applied for scheduling energy usage to minimize costs, subject to operational constraints (e.g.,
maintaining minimum operational equipment and meeting demand). In this EMS, linear programming is used to
allocate energy resources in real-time, ensuring the most energy-efficient operation of devices like HVAC systems and
industrial machinery.

2. Heuristic Algorithms:

In cases where the system faces complex, non-linear energy usage patterns (for example, varying energy demands
during different production stages), heuristic algorithms such as Genetic Algorithms (GA) and Particle Swarm
Optimization (PSO) are used. These algorithms are especially useful for load balancing and equipment scheduling
where energy consumption patterns are unpredictable. They help in determining near-optimal solutions for energy
savings without requiring an exhaustive search of all possible configurations.
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3. Predictive Modeling:

Using Machine Learning (ML) algorithms like regression analysis, the system predicts future energy consumption
trends based on historical usage data and external factors such as weather conditions or energy pricing. This predictive
approach allows the system to optimize energy allocation and adjust operational schedules to minimize costs while
ensuring continuous operations.

4. Multi-objective Optimization:

The EMS must often balance multiple objectives—minimizing energy consumption while ensuring uninterrupted
facility operations. Multi-objective optimization techniques are applied to handle this balance. These techniques, such
as Pareto Optimization, cvaluate various trade-offs between energy efficiency and operational performance, allowing
the system to find the best compromise between conflicting objectives.

3.3 Calculation Methods

The practical development of the EMS requires translating theoretical principles into actionable calculations. These
calculations ensure that energy usage is optimized in real time and that the system can dynamically respond to changing
operational and environmental conditions. Below are the primary calculation methods used in the EMS.

3.3.1 Energy Consumption Forecasting
The first critical calculation involves energy consumption forecasting, which is performed by:
E(t)=f(x1,x2,....xn)+eE(t) = f(x_1,x 2, ..., x_n) + \epsilonE(t)=f(x1,x2,....xn)+e Where:

o E(t)E(t)E(t) is the forecasted energy consumption at time ttt,

o xI,x2,..xnx 1, x 2, .., x nx1,x2,...xn are the influencing factors, such as equipment operation status,

weather conditions, and historical energy usage data,

o fOf(f() is a machine learning model that learns the relationship between these variables,

e  €\epsilone represents the error term or noise in the data.
By feeding real-time data into this model, the EMS forecasts future consumption and generates optimization
recommendations.

3.3.2 Load Scheduling and Optimization

The second set of calculations focuses on load scheduling, which ensures that energy-demanding equipment operates
at times when energy costs are lowest (e.g., during off-peak hours). The scheduling problem is formulated as a
constrained optimization problem, with the objective to minimize total energy cost CCC while ensuring operational
demands are met:

mini/0/C=Yi=1Npi-Ei\min C = \sum_{i=1}"{N} p_i \cdot E_iminC=i=1Y Npi-Ei

Subject to:
Yi=INEi<D(t)\sum_{i=1}"{N} E i\leq D(t)i=1Y NEi<D(t)

Where:
e pip ipi represents the price of energy for equipment iii,
e EiE iEi is the energy consumption of equipment iii,
e D(t)D(t)D(t) is the demand constraint (the maximum allowable energy consumption at time ttt).
This calculation ensures that energy-intensive activities are shifted to periods of lower demand or cheaper energy rates.

3.3.3 Equipment Efficiency Calculation
For equipment efficiency and predictive maintenance, the EMS uses the following relationship:
n=PoutPin\eta = \frac{P_{out}}{P_{in}}n=PinPout

Where:

e m\etan is the efficiency of the equipment,

e PoutP_{out}Pout is the useful power output,

e PinP {in}Pin is the total power input.
The system continuously monitors the operational efficiency of equipment and compares it to predefined thresholds.
When the efficiency drops below a certain level, the EMS triggers a maintenance alert.
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3.3.4 Demand Response Participation

To calculate the potential benefit from demand response participation, the EMS compares the real-time energy price
ptp_{t}pt with the facility’s operational constraints:

AC=(ppeak—poff—peak)-> t=1TEt\Delta C = (p_{peak} - p {off-peak}) \cdot \sum {t=1}"{T} E {t} AC=(ppeak
—poff—peak)-t=1> TEt

Where:

e ppeakp {peak}ppeak and poff—peakp {off-peak}poff—peak are the peak and off-peak energy prices,

e EtE tEtis the energy shifted from peak to off-peak hours,

e TTT represents the duration of the time window considered.
This calculation helps in quantifying the potential savings when participating in demand-response programs offered by
external power providers.

3.4 Theoretical Application in EMS Development
The theoretical foundations discussed above are applied in the EMS in the following ways:
e Energy consumption forecasting models enable proactive adjustments to operations based on predictive
analytics, thus reducing unnecessary energy use.
e Optimization algorithms such as LP and heuristic methods dynamically schedule energy-intensive
equipment to lower energy usage during peak hours and ensure efficient operation.
e Real-time efficiency monitoring and predictive maintenance algorithms ensure that equipment operates
optimally, reducing energy waste due to inefficient machinery.
e Demand-side management and dynamic pricing mechanisms are used to shift loads to off-periods, thus
reducing overall energy costs for the facility.
By combining these theoretical principles with practical calculations, the EMS delivers measurable energy savings
while maintaining operational efficiency across industrial and commercial facilities. This integrated approach ensures
that the system is adaptable, scalable, and capable of continuously optimizing energy consumption based on real-time
and predictive data.

3.5 Mathematical Expressions and Symbols

To mathematically express the processes involved in developing the Energy Management System (EMS) for industrial
and commercial facilities, we employ various equations to model energy consumption, predict usage, and optimize
resource allocation. These expressions form the basis of the algorithms used to optimize energy consumption.

Energy Consumption Forecasting

Energy consumption E(t)E(t)E(t) at any time ttt can be predicted using a machine learning model based on multiple
input variables. The relationship between these factors is expressed as:

E(t)=f(x1,x2,....xn)+e(1)E(t) = f(x_1, x_2, ..., x_n) + \epsilon \tag{1}E(t)=f(x1,x2,...,xn)+e(1)

Where:

e E(t) is the forecasted energy consumption at time ttt,

o x1,x2,...xnx_1,x 2, .., x nxl,x2,...,xn are input variables (e.g., operational status of equipment, temperature,

humidity, historical energy consumption),

o fOfOf() represents the machine learning model,

e  ¢€\epsilone is the error term accounting for uncertainty.
The accuracy of this forecast model can be further improved by employing time series analysis, which captures
historical consumption trends to predict future usage. Regression analysis and Fourier series decomposition can be
used to analyze periodic trends, as described in [5].

Load Scheduling and Optimization

The optimization of energy consumption in industrial facilities can be modeled as a linear programming problem
where the goal is to minimize total energy cost while satisfying the operational constraints of the facility. The objective
function can be written as:

min/0iC=Y i=1Npi-Ei(2)\min C = \sum_{i=1}*{N} p_i\cdot E_i \tag{2}minC=i=1Y Npi-Ei

IJIRSET©2024 | An ISO 9001:2008 Certified Journal | 18730


http://www.ijirset.com/

\_| . .
’3"\ !Eég International Journal of Innovative Research of

nﬁ Science, Engineering and Technology (IJIRSET)

Impact
Factor

8.524

|www.ijirset.com |A Monthly, Peer Reviewed & Referred Journal| e-ISSN: 2319-8753| p-ISSN: 2347-6710|

Volume 13, Issue 11, November 2024
|DOI: 10.15680/IJIRSET.2024.1311106]|

Equipment Efficiency Calculation
To monitor the operational efficiency of critical equipment, the system uses the following equation:
n=PoutPin(4)\eta = \frac{P_{\text{out}}}{P {\text{in}}} \tag{4}n=PinPout(4)
Where:
e n\etan is the efficiency of the equipment,
e PoutP_{\text{out}}Pout is the power output,
e PinP {\text{in}}Pin is the power input.
The EMS constantly evaluates this efficiency and triggers maintenance alerts when the efficiency drops below a
predefined threshold. Predictive maintenance helps in minimizing downtime and maintaining optimal energy use..

Demand Response Participation

Demand response participation can lead to significant energy cost savings. The benefit from demand response is
calculated as:

AC=(ppeak—poff-peak)-> t=1TEt(5)\Delta C = (p_{\text{peak}} - p_ {\text{off-peak}}) \cdot \sum {t=1}"{T} E t
\tag {5} AC=(ppeak—poff-peak)-t=1> TEt(5)

Where:

e AC\Delta CAC is the potential savings,

o ppeakp {\text{peak}}ppeak and poff-peakp {\text{off-peak}}poff-pecak are the peak and off-peak energy

prices, respectively,

e EtE tEtis the energy shifted from peak to off-peak times,

e TTT is the duration of the shift.
This equation quantifies the savings achieved by shifting energy usage to times of lower demand when electricity prices
are cheaper.

IV. RESULTS AND DISCUSSION

4.1 Results
The EMS was implemented in a pilot industrial facility, where real-time monitoring, predictive modeling, and
optimization strategies were applied to reduce energy consumption. The following results were observed:

o Energy Savings: The system resulted in a 15% reduction in energy consumption over three months, primarily
through load shifting and equipment scheduling. This outcome aligns with the predicted values generated by
the energy forecasting models.

e Cost Reduction: By participating in demand-response programs and optimizing equipment operation
schedules, the facility reduced its energy costs by 10%, representing significant savings due to off-peak energy
usage.

e Predictive Maintenance: The system's predictive maintenance module successfully identified inefficiencies
in two pieces of machinery, leading to a reduction in energy waste by scheduling maintenance before the
machinery experienced failure or further decline in performance.

o User Experience: Facility managers reported ease of use and the effectiveness of the system’s real-time
monitoring and reporting capabilities. The automated optimization suggestions, particularly related to HVAC
and lighting systems, were well-received.

4.2 Discussion

The results confirm the effectiveness of the EMS in optimizing energy consumption and reducing operational costs.
The system's predictive modeling demonstrated high accuracy in forecasting energy demand, enabling the facility to
plan and execute load shifting strategies with minimal disruption to operations. The use of heuristic optimization
algorithms, such as genetic algorithms, provided near-optimal solutions to complex scheduling problems in cases
where traditional linear programming techniques struggled with non-linear relationships.

When compared to other studies in the literature, this EMS offers improvements over traditional energy management
systems by integrating real-time IoT sensor data with advanced machine learning models. Similar systems, such as
those described in recent works [5], often focus primarily on energy monitoring without incorporating optimization or
predictive maintenance features. The novelty of this EMS lies in its ability to dynamically respond to changing
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operational and environmental conditions, leveraging real-time data to make intelligent decisions about energy usage
and system operation.

4.3 Comparison with Recent Developments

Recent advances in energy management systems have focused on enhancing predictive analytics and integrating
renewable energy sources. For example, modern systems integrate renewable energy forecasting, such as wind or
solar availability, to reduce reliance on grid energy during peak hours. However, the EMS presented in this study can
be expanded to include renewable energy integration in future iterations. By adding solar panel monitoring and storage
capabilities, the system could further reduce grid dependency, particularly during periods of high energy prices.

Additionally, the use of machine learning models for predictive maintenance in this system represents a step forward
from more traditional rule-based systems, which often generate unnecessary alerts. The use of data-driven models
ensures that alerts are based on actual trends and performance degradation, improving maintenance scheduling and
reducing unnecessary energy losses.

4.4 Challenges and Future Work

The primary challenge encountered during the system’s implementation was ensuring compatibility with legacy
equipment. Many older machines lack the necessary sensors or IoT integration, which limited the system's ability to
gather real-time data in some areas of the facility. Future development efforts will focus on retrofitting older systems
with IoT-enabled sensors or implementing energy proxy models to estimate energy usage for equipment that cannot be
directly monitored.

Furthermore, expanding the system's scalability to manage larger industrial facilities or multiple sites is a key area for
future research. This would involve improving the cloud-based infrastructure and ensuring data synchronization across
multiple locations. The integration of renewable energy sources and battery storage for energy optimization will also
be explored to reduce reliance on external power providers and further enhance energy cost savings.

4.1.1 Formatting Tables

The table provides insight into the percentage reduction in energy consumption and cost savings across different
operational categories.

Baseline Energy

Category (KWh) Optimized Energy (kWh) Energy Savings (%) Cost Savings (%)
HVAC Systems 15,000 12,750 15% 10%
Lighting 5,000 4,500 10% 5%
Machinery 30,000 25,500 15% 12%
Operations
Total 50,000 42,750 14.5% 9.8%

the Energy Management System, showing how IoT sensors, optimization algorithms, and machine learning models
work together to monitor and optimize energy consumption.

V. CONCLUSION

The development of an Energy Management System (EMS) for industrial and commercial facilities has proven to be a
valuable solution for optimizing energy consumption and reducing operational costs. The integration of real-time
monitoring, advanced predictive models, and optimization algorithms enables facilities to make data-driven decisions
regarding energy use. By employing load shifting, predictive maintenance, and energy forecasting techniques, the
system effectively reduces energy consumption without compromising operational efficiency.

This EMS is particularly relevant in industries with high energy demand, offering significant potential for cost savings

by optimizing the use of energy-intensive equipment and participating in demand-response programs. The system also
enhances sustainability efforts by minimizing wasteful energy practices, contributing to the reduction of the overall
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carbon footprint. In practical terms, the results demonstrate a consistent reduction in both energy consumption and
operational costs, showcasing its effectiveness in real-world application

VI. DECLARATIONS

6.1 Study Limitations

During the development of the Energy Management System (EMS) for industrial and commercial facilities, certain
limitations were identified that could potentially affect the overall research outcome. One of the primary challenges was
the lack of integration between legacy equipment and modern IoT sensor systems. Older machinery without built-in
sensors limited the system's ability to collect real-time data, which could impact the accuracy of energy consumption
forecasting and optimization processes. Additionally, the initial cost of retrofitting such equipment posed financial
challenges for smaller facilities. Another limitation was the inability to integrate renewable energy sources such as solar
or wind power, which could enhance the overall energy efficiency of the system. Further research and development will
be needed to overcome these challenges.
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