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ABSTRACT

This study aimed to design and implement a low-cost microcontroller-based system for
monitoring the energy consumption of individual workshop machines, addressing the
limitations of conventional centralized metering systems that fail to provide machine-
specific data. The literature review examined previous work on energy monitoring
technologies, including commercial, open-source, and academic systems, highlighting the
growing role of the Internet of Things (IoT) in enabling real-time data acquisition and
remote monitoring. It emphasized the need for affordable, scalable, and educationally
adaptable solutions for developing regions, where technical expertise and financial resources
are limited.

The research adopted an experimental design methodology involving hardware and software
integration. The system was built using Arduino Nano and ESP32 microcontrollers,
ZMPT101B voltage and SCT-013 current sensors, an LCD display, and a ThingSpeak loT
cloud interface. Mathematical modeling was applied to compute voltage, current, power,
energy, and cost, while SolidWorks was used for casing design. Calibration and testing were
conducted under varying load conditions to assess accuracy, response time, and data
stability. Data were logged both locally on an SD card and remotely on the cloud for
redundancy and analysis.

Results indicated that the system achieved high accuracy within £1% for voltage and +5%
for current, with an overall efficiency of 95% and IoT data transfer uptime of 98%. The
developed prototype successfully provided real-time monitoring, stable performance, and
reliable data transmission. The study concluded that the Arduino-based energy monitoring

system is a cost-effective, scalable, and efficient solution suitable for educational, domestic,



and small-scale industrial applications. It recommended future enhancements in predictive
analytics, multi-machine scalability, and integration with renewable energy management

platforms.
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CHAPTER ONE

INTRODUCTION
1.1 Background to the Study
With rapid industrialization and increasing demand for production efficiency, energy
consumption in workshops has become a critical issue in both economic and environmental
terms. Production workshops, especially those used in undergraduate engineering education,
rely on several individual machines operating simultaneously. These machines typically
draw substantial amounts of electrical energy, which, if not monitored, can lead to wastage,
increased costs, and inefficient operation (Ali and Ahmed, 2019).
Traditional workshop setups often utilize centralized metering systems that only provide a
cumulative measure of energy consumed by the entire facility. These systems fail to deliver
data on individual machine usage, thereby masking inefficiencies and preventing targeted
energy-saving interventions. For students in production engineering, understanding the
energy profile of each machine can foster a deeper appreciation of sustainable
manufacturing practices and efficient energy use (Okafor and Musa, 2021).
Commercial energy monitoring systems that can measure machine-specific consumption are
typically expensive, difficult to integrate into older systems, and not designed for
educational purposes. This creates a significant gap in academic environments where budget
constraints limit access to such advanced systems.
This project titled "Development of a Low-Cost System for Monitoring Energy
Consumption of Individual Workshop Machines" aims to bridge this gap by developing a
cost-effective, modular, and scalable solution by utilizing microcontrollers, voltage and

current sensors, and real-time display units, the system will enable workshop managers and



students to monitor individual machine consumption, leading to better energy management
and enhanced learning outcomes.
1.2 Statement of the Problem
The lack of real-time, machine-specific energy monitoring in educational production
workshops results in undetected inefficiencies, high operational costs, and inadequate
training for engineering students. Existing centralized meters do not provide granular data
necessary for targeted energy optimization. This limitation hinders predictive maintenance,
energy auditing, and efficient scheduling of operations.
Furthermore, the high cost and complexity of commercial monitoring systems make them
unsuitable for budget-conscious educational institutions. As such, there is an urgent need for
a robust, low-cost, and adaptable energy monitoring solution designed for use with
individual machines in production workshops.
1.3  Aim and Objectives
The aim of the study is to design and implement a microcontroller-based system for real-
time monitoring of energy consumption in individual workshop machines. In order to
achieve this aim, the following specific objectives include:

1. Literature review.

2. Analyzing the various existing designs.

3. To design a smart system using microcontrollers and sensors to track voltage, current,

power and energy.
4. To construct a working prototype that displays real-time measurements.
5. To ensure the system is low-cost and accessible for educational and small-scale

workshop environments.



6. Carrying out performance evaluation which includes analyzing energy usage patterns
and generating actionable insights that supports energy efficiency.
14 Scope of the Study
This research focuses on the development and implementation of a real-time energy
monitoring system tailored for a single-phase machine commonly found in undergraduate
production engineering workshops. The machine is “Bench Grinder”.
The scope is limited to:
1. Real-time measurement of voltage, current, power, and energy.
2. Use of microcontroller-based platforms such as ESP32, Arduino Nano.
3. Displaying data on a user-friendly LCD interface.
Advanced features such as wireless data transmission, cloud storage, or three-phase
monitoring are outside the current scope but can be considered in future enhancements.
1.5  Significance of the study
This study is significant for several reasons:
1. Educational Enhancement: Students will gain practical skills in embedded systems,
electronics, and sustainable engineering.
2. Cost Savings: The system enables early detection of inefficient machines, reducing
electricity bills.
3. Environmental Benefits: Efficient energy use translates to lower carbon emissions.
4. Industry Readiness: Prepares students for the smart manufacturing environment
under Industry 4.0.
The project aligns with global sustainability goals and promotes responsible energy

consumption in academic institutions



CHAPTER TWO

LITERATURE REVIEW
2.1 Introduction
The monitoring of energy consumption has become increasingly important in industrial and
educational settings, particularly as institutions aim to adopt more sustainable and efficient
energy practices. This chapter critically examines existing literature on energy monitoring,
with a particular focus on workshop environments and the role of microcontroller-based
systems in optimizing energy usage.
Conducting a comprehensive literature review not only provides contextual understanding
but also identifies key gaps that this study seeks to address. The chapter explores previous
research, current technologies, key components, and the growing demand for cost-effective
and adaptable monitoring solutions in academic and industrial workshops. Emphasis is
placed on recent developments from the past decade to ensure contemporary relevance.
Although numerous studies have contributed to the advancement of energy monitoring
systems, their applicability to production-based educational workshops remains limited. This
highlights the need for tailored, affordable solutions that support hands-on engineering
education.
The global push for improved energy efficiency and sustainability has led both industries
and educational institutions to explore advanced methods for monitoring and optimizing
energy use. Workshop environments especially those in industrial and academic settings are
characterized by intensive energy consumption due to machinery operation, training

equipment, and hands-on activities. Implementing effective energy monitoring in these



contexts not only reduces operational expenses but also fosters eco-friendly practices by
minimizing unnecessary energy consumption (Gonzalez et al., 2020).

This literature review provides a critical analysis of past and present energy monitoring
systems, with a particular focus on workshop applications. It emphasizes the role of
microcontroller-based solutions, which are increasingly favored for their affordability,
flexibility, and real-time monitoring capabilities. The review is structured to highlight key
developments, components, and challenges associated with these systems, while identifying
gaps in the current body of research particularly the lack of attention to academic workshops.
Energy usage in educational workshops is on the rise due to the proliferation of energy-
intensive tools like CNC machines, welding equipment, and automated systems. According
to the IEA (2023), workshops and small industrial units contribute significantly to the 37%
of global energy consumed by the industrial sector. In response, energy monitoring systems
have been shown to cut wastage by up to 30% through real-time insights (Zhang et al.,
2019), a potential that remains underutilized in the educational sector.

However, challenges persist. High costs, poor adaptability, delayed data reporting, and
integration difficulties hinder widespread implementation in smaller workshops and
institutions (Kumar and Patel, 2022; Lee et al., 2020). These limitations highlight the need
for budget-friendly, customizable, and easy-to-use systems.

Historically, energy monitoring began with basic analog meters, eventually evolving into
digital and smart meters. Despite improvements in precision and automation, such systems
often remain prohibitively expensive for small-scale use (Harris, 2018; Garcia et al., 2020).

The introduction of IoT technologies and programmable microcontrollers like Arduino,



ESP32, and Raspberry Pi has transformed energy monitoring by enabling accurate, real-time
data collection and wireless communication (Wang et al., 2022; Martinez et al., 2021).

A typical microcontroller-based setup includes voltage/current sensors, a processing unit,
communication modules, data storage, and user interfaces. These systems are cost-effective,
scalable, and suitable for remote access and data visualization. Studies demonstrate their
ability to match or exceed the accuracy of commercial systems at a fraction of the cost
(Chen et al., 2020; Rodriguez and Lopez, 2023).

In industrial contexts, such systems are used to manage energy demand, schedule machine
usage, and identify inefficiencies, often resulting in 20-25% energy savings (Pérez et al.,
2021; Liu et al., 2023). Academic institutions benefit through energy cost reductions,
enhanced sustainability efforts, and practical learning experiences for engineering students.
In conclusion, while considerable progress has been made in industrial energy monitoring,
the adaptation of these systems for academic workshops remains limited. Microcontroller-
based solutions offer a promising avenue due to their real-time capabilities and cost-
effectiveness. Further research and development should focus on creating tailored systems
that support educational goals while promoting sustainable energy practices.

2.2 History of Energy Consumption System

The history of energy consumption system is a fundamental narrative of human
civilization’s development, reflecting technological innovation, societal transformation, and
the shifting availability of energy resources. This evolution has been shaped by
technological innovation, societal needs, the availability of natural resources, fundamentally

influencing the development of civilizations and the structure of modern society (Greg M,



2024). The following are the highlighting key transitions, technologies and impacts

energy consumption systems in the table below.

Table 2.1 - Shows a Summary Timeline of Energy Consumption Systems

of

Era

Dominant Energy Sources

Key Developments

Prehistoric

Fire, biomass, muscle power

Use of fire, early toolmaking

Ancient to Medieval

Biomass, water, wind, animal

power

Water wheels, windmills

Industrial

Revolution

Coal

Steam engine, mechanization,

urbanization

Late 19"- Early 20™

Coal, oil, electricity

Oil wells, internal combustion

engines, electric grids

Mid-20" Century

Oil, natural gas, nuclear energy

Nuclear power, energy shocks,

efficiency policies

21% Century

Renewables, fossil fuels, smart

grids

Renewables expansion, digital

energy systems

2.3  Energy Consumption in Workshops

Workshops in technical institutions and manufacturing settings house various electrically

powered machines, such as lathes, milling machines, grinders, and welding units. These

machines exhibit diverse energy consumption profiles based on factors like operational load,

efficiency, and maintenance status. In this project, I will be using a bench grinder as my area

of concentration in the energy consumption in workshops.



Understanding these consumption patterns is critical for effective energy management.
Machines left powered but idle still draw current, leading to energy waste. Furthermore,
poorly maintained machines often consume excess energy due to inefficiencies (Yusuf and
Haruna, 2020).

Table 2.2 - Shows a Typical Daily Energy Consumption of Workshop Machines

Machine Type Avg. Power (KW) | Rating Time Energy Usage
Operation (KWh/day)
(hrs/day)

Lathe Machine 1.5 5 7.5

Milling Machine | 2.0 4 8.0

Bench Grinder 0.5 3 1.5

Welding Machine | 3.5 2 7.0

Unmonitored machines may contribute significantly to energy costs. Their energy profiles
can also serve as indicators of potential issues such as wear, electrical faults, or operational
inefficiencies.

In educational settings, machines are operated intermittently, resulting in inconsistent energy
usage patterns. Without effective monitoring, pinpointing high-consumption equipment
becomes difficult. Given limited budgets, institutions require affordable and reliable
monitoring systems.

Additionally, machine downtimes especially those linked to power issues can disrupt
instructional schedules. Real-time monitoring enables early detection of anomalies, supports
preventive maintenance, and improves operational reliability. It also enhances instructional

value by enabling students to interact with real-world energy systems.



2.3.1 Energy Consumption in Bench Grinders
Bench grinders are indispensable tools in metalworking, woodworking, and general
fabrication workshops. These machines use abrasive wheels to grind, sharpen, or polish
materials, relying on electric motors to deliver the necessary power. Understanding their
energy consumption patterns is critical for optimizing performance, reducing operational
costs, and minimizing environmental impact. With increasing emphasis on sustainable
manufacturing practices, a thorough understanding of bench grinder energy dynamics
becomes essential for both individual craftsmen and industrial operations.
2.3.2 Fundamentals of Bench Grinder Energy Consumption
1. Basic Operating Principles: Bench grinders convert electrical energy into mechanical
energy through an electric motor that rotates one or two abrasive wheels at high speeds
(typically 3,000-3,600 RPM for standard models). The energy conversion process involves:

1. Electrical input: AC power (110V/220V) supplies the motor

2. Electromagnetic induction: Creates rotational force in the motor

3. Mechanical transmission: Delivers torque to the grinding wheels

4. Abrasive work: Energy dissipates as heat, sound, and material removal
2. Power Rating Systems: Bench grinders are categorized by:

1. Motor horsepower (HP): Ranges from 1/4 HP (186W) to 1.5 HP (1,119W)

2. Wattage: Direct power consumption measurement

3. Amperage draw: Typically, 2-10 amps depending on size



Table 2.3 - Shows a Common Bench Grinder Power Specifications

Moto Watts (W) | Voltage (V) | Amperage (A) | Typical Use Case
Rating

1/4 HP 186 110 1.7 Light duty sharpening
1/3 HP 248 110 23 General workshop use
1/2 HP 373 110 3.4 Medium metal work
3/4 HP 559 110/220 5.172.6 Heavy grinding

1 HP 746 220 34 Industrial applications

3. Energy Conversion Efficiency: Modern bench grinder motors typically exhibit: 75-85%
efficiency for induction motors, 85-92% efficiency for premium brushless DC motors, 5-
15% energy loss through heat and friction.
2.3.3 Factors Affecting Energy Consumption
1. Motor size and efficiency: larger motors consume more power but may complete
tasks faster.
2. Load and grinding pressure: More force increases motor load and energy use.
3. Operating time: longer use increases total energy consumed.
4. Maintenance: Clean, well-maintained grinders operate more efficiently.
5. Cooling system: Some grinders have cooling pumps or fans that add to energy use
(Yebing et al., 2023).
2.3.4 Actual Energy Use During Operation
When the grinder wheels are spinning freely without load, power consumption is low,

around 76 watts (Rob ,2016). During active grinding, power use rises significantly.

10



Measurements show typical grinding power use around 510 watts for a medium-sized

grinder (Rob,2016). Heavy-duty grinders with larger motors consume correspondingly more

energy, up to 3000 watts or more.

2.3.5 Comparative Analysis with the Different Types of Grinding Tools

Table 2.4 - Shows a Comparative Analysis with Different Grinding Tools

Tool Type Power Range | Efficiency | Energy per Task | Best Application
Bench Grinder | 200-750W High 0.1-0.3kWh Precision work

Angle Grinder | 500-250W Medium 0.2-0.8kWh Cutting/rough grinding
Belt Grinder 750-300W Very High | 0.3-1.2kWh Rapid material removal
Pedestal 750-1500W High 0.4-1.5kWh Heavy industrial use
Grinder

CNC Grinder 1500-5000W | Highest 1.0-5.0kWh Production grinding

Bench grinders offer the best energy precision ratio for fine work, belt grinders provide

superior material removal per kWh and angle grinders are least efficient due to handheld

operation losses.

2.3.6 Energy Efficiency and Savings Tips

To reduce energy consumption and costs when using bench grinders:

1. Use the grinder only as long as necessary.

2. Turn off the grinder completely when not in use.

3. Consider upgrading to energy-efficient motors or newer models.

4. Maintain the grinder regularly to reduce friction and motor load.

5. Use dry grinding or minimal coolant to reduce cooling system energy use.

6. Use power strips or switches to avoid standby power consumption.

11




2.4  Importance of Energy Monitoring

Energy monitoring refers to the systematic, real-time measurement and analysis of electrical
parameters such as voltage, current, active and reactive power, energy consumption, and
power factor. In the context of technical workshops—often located within engineering
institutions, vocational centers, and industrial training facilities—energy monitoring plays a
crucial role in ensuring operational efficiency, cost control, educational enrichment, and
environmental responsibility. The practice involves deploying integrated systems consisting
of sensors, microcontrollers or embedded processors, data storage units, communication
modules, and user-friendly interfaces (Almeida et al., 2022; Wang et al., 2021). The major
importance of Energy Monitoring Systems includes the following:

1. Cost Reduction

One of the most compelling reasons to implement energy monitoring systems in workshop
environments is the potential for significant cost savings. By continuously tracking the
energy consumption of individual machines or circuits, it becomes easier to identify energy-
intensive equipment or inefficient operational practices. This knowledge facilitates targeted
interventions such as rescheduling high-load operations during off-peak hours or replacing
outdated machinery with energy-efficient alternatives (Nwosu et al., 2022). In many
documented cases, institutions have reported a 10-30% reduction in electricity costs within
the first year of system implementation (Fernandez et al., 2021).

2. Predictive Maintenance

Anomalies in energy consumption can serve as early indicators of mechanical or electrical

faults within equipment. For example, a sudden increase in power draw may indicate issues

12



such as motor overload, misalignment, bearing wear, or electrical leakage. Through
continuous monitoring, maintenance teams can be alerted to these anomalies and take
corrective actions before a complete failure occurs. This predictive maintenance approach
reduces unplanned downtimes and prolongs the lifespan of expensive workshop equipment
(Kumar and Patel, 2022).

3. Operational Efficiency

Energy monitoring systems provide detailed consumption data that can be used to optimize
operational strategies. For instance, machines can be grouped and operated based on their
load profiles to avoid peak demand charges or unnecessary idle time. This helps in load
leveling, better power factor correction, and overall system optimization. Additionally,
insights from data trends support informed decision-making regarding workshop scheduling,
thereby minimizing energy waste during non-productive periods (Garcia et al., 2020).

4. Environmental Sustainability

Reducing energy consumption has a direct correlation with lowering greenhouse gas (GHG)
emissions, especially in regions where electricity is still predominantly generated from fossil
fuels. Institutions that adopt energy monitoring systems contribute to broader climate action
goals as outlined in the United Nations Sustainable Development Goal (SDG) 7 —
Affordable and Clean Energy (UNESCO, 2020). Every kilowatt-hour (kWh) of energy
saved helps

decrease the environmental footprint of educational institutions and reinforces their
commitment to sustainable development.

5. Educational Value

13



From an academic perspective, energy monitoring systems present an excellent opportunity
for experiential learning. Students, particularly those in electrical, mechanical, and
mechatronics engineering disciplines, gain hands-on experience with real-time data
acquisition systems, sensor integration, microcontroller programming, and data analysis.
This exposure strengthens their understanding of key concepts such as energy conservation,
smart manufacturing, Industry 4.0 technologies, and the Internet of Things (IoT) (Thompson
and White, 2022). Furthermore, students can use real workshop data for capstone projects,
machine learning applications, or simulation-based studies.
6. Data Analytics and Decision Support
The continuous collection of energy data enables long-term trend analysis, load forecasting,
and the development of predictive algorithms using artificial intelligence (Al) and machine
learning (ML) techniques. These advanced analytics tools can identify consumption patterns,
detect inefficiencies, and even autonomously recommend operational adjustments. For
example, Al-driven EMS platforms can predict peak loads and suggest load-shedding
strategies in advance, thereby optimizing energy usage (Martinez et al., 2021). The
availability of such rich datasets also empowers institutional leaders to formulate evidence-
based energy policies.
2.5  Modern Monitoring System Architecture
A typical microcontroller-based energy monitoring system consists of the following core
components (Rodriguez and Lopez, 2023):

1. Sensors: Devices such as current transformers (CTs), voltage dividers, and power

meters (e.g., ZMPT101B) used to measure electrical parameters.
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2. Microcontrollers/Processors: Embedded system such as the ESP32 used to read
sensor inputs, process data, and control communication modules.

3. Data Storage: Local memory (SD card) used for storing historical energy data.

4. User Interfaces: Dashboards developed with tools such as Node-RED, Blynk, or
custom web applications that visualize real-time and historical data for user
interaction.

These components work together to form a scalable and efficient monitoring framework,
offering flexibility for both small-scale workshops and larger institutional campuses.

Table 2.5 — Shows Comparison of Energy Monitoring Methods

Method Accuracy Cost Scalability Real-Time
Capacity

Manual Meter | Low Low Low No

Reading

Smart Meters Medium Medium Medium Yes

Microcontroller- | High Low-Medium High Yes

Based

Microcontroller-based systems strike a balance between cost-efficiency and performance,
making them suitable for both academic and industrial applications. Their use supports
administrative energy planning, student education, and compliance with sustainability
policies.

2.6  Microcontroller-Based Monitoring Systems

Microcontroller-based energy monitoring systems represent a transformative advancement

in energy management technologies, especially for workshop environments within academic
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and industrial contexts. These systems offer an affordable, adaptable, and efficient
alternative to traditional energy monitoring tools. Their modular architecture, open-source
compatibility, and real-time capabilities make them especially suitable for settings with
dynamic energy consumption patterns, such as workshops in technical institutions.

2.6.1 Overview and Significance

Microcontrollers are compact, self-contained computing devices designed to perform
dedicated tasks. When applied to energy monitoring, they serve as the central processing
units that gather data from sensors, perform real-time calculations, display outputs, and
transmit information to storage or cloud platforms. This decentralization of energy
monitoring infrastructure, facilitated by microcontrollers, not only reduces system costs but
also simplifies deployment and customization (Bianchi et al., 2020).

Workshops, where energy usage fluctuates due to variable loads from machines like lathes,
welding units, and milling machines, benefit significantly from microcontroller-based
systems. These devices provide granular visibility into energy consumption patterns,
enabling institutions to adopt energy-efficient strategies and practices (Ahmad et al., 2021).
2.6.2 Core Components

A standard microcontroller-based energy monitoring system integrates several key
components, each performing a crucial role:

1. Current and Voltage Sensors which include the ACS712 Hall-effect sensor and the
ZMPT101B voltage sensor. These components detect alternating and direct current
values, respectively, and convert them into voltage levels interpretable by
microcontrollers. The ACS712, for example, can measure up to £30A of current and

is widely used due to its compact design and linear output (Gupta and Jain, 2022).

16



2. Microcontroller Unit (MCU) device such as the ESP32 is popular in educational and
light industrial applications. These microcontrollers include analog-to-digital
converters (ADCs) that digitize sensor signals. The ESP32 stands out for its dual-
core processor and built-in Wi-Fi and Bluetooth modules, making it ideal for Internet
of Things (IoT)-based energy monitoring systems (Lee et al., 2023).

3. Display Modules LCDs screens provide on-site visualizations of energy metrics like
voltage, current, and power. These are crucial for real-time feedback and diagnostics.

4. Power Supply Unit ensures stable power delivery to all system components, often
through regulated DC power supplies or step-down converters like the LM2596.

5. Data Storage (microSD card and RTC) modules facilitate the logging of historical
energy data, which is essential for trend analysis, system auditing, reporting and
keeping accurate time and date even when the main system like a microcontroller is
powered off.

2.6.3 System Operation

The working principle of microcontroller-based systems revolves around the digital
sampling and processing of analog electrical signals. The sensors first detect voltage and
current, which the ADC (Analog-to-Digital Converter) converts into digital values. The
MCU (Microcontroller Unit) then calculates energy-related parameters using fundamental
electrical formulas: Showing in equation 2.1 and 2.2.

1. Power (P) = Voltage (V) x Current (I) 2.1

2. Energy (E) = Power x Time 2.2

These calculated values can be displayed locally or transmitted to external systems for

remote monitoring and analytics.

17



2.6.4 Comparative Analysis of Microcontrollers

To determine the optimal microcontroller for a given monitoring application, a comparative

analysis based on features and cost is essential.

Table 2.6 - Shows the key differences among commonly used microcontrollers

Microcontroller | Clock Analog | Connectivity Efficiency | Cost (USD)
Speed Inputs

Arduino Uno 16 MHz 6 None Moderate 8-10

ESP32 240 MHz | 18 Wi-Fi, Bluetooth | High 4-8

Raspberry Pi Pico | 133 MHz | 3 USB (expandable) | High 5-7

(Source: Bhatia et al., 2021; Rao and Thomas, 2023)

The ESP32 emerges as a particularly strong candidate for energy monitoring due to its high
processing speed, integrated connectivity, and low cost, making it ideal for real-time, cloud-
based monitoring systems in workshops.

2.7  Review of Existing Energy Monitoring Systems

Energy monitoring systems are increasingly being adopted across various sectors industrial,
educational, and residential to improve energy efficiency, reduce operational costs, and
promote sustainability. These systems differ significantly in terms of scale, technology stack,
cost, application domain, and the level of precision they offer. A comprehensive review of
existing systems reveals three broad categories: commercial systems, open-source platforms,
and academic prototypes.

2.7.1 Commercial Energy Monitoring Systems
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Commercial energy monitoring systems are characterized by their robust performance, high
accuracy, advanced analytics capabilities, and seamless integration with industrial systems
such as Supervisory Control and Data Acquisition (SCADA). Prominent examples of
commercial systems include Schneider Electric’s PowerLogic, Siemens’ SENTRON, and
Fluke’s 1730 series energy loggers (Schneider Electric, n.d; Siemens,n.d; Fluke Corporation,
n.d). Figure 2.1 below shows an example diagram of a commercial energy monitoring

system.
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Figure 2.1 - Schneider Electric’s PowerLogic PM8000 Power Quality Meter

2.7.2 Open-Source Energy Monitoring Systems

Open-source energy monitoring platforms have gained traction due to their affordability,
flexibility, and adaptability. A leading example is the OpenEnergyMonitor (OEM) project,

which offers a suite of hardware and software tools for measuring electricity usage. OEM
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utilizes Arduino-compatible microcontrollers, sensors like the CT sensor (current
transformer), and the emonTx unit to collect and transmit real-time energy data. This data is
then visualized using the open-source Emoncms platform hosted on local servers or the
cloud (OpenEnergyMonitor, 2023). Figure 2.2 below shows an example diagram of an open-

source energy monitoring systems.

Figure 2.2 - OpenEnergyMonitor

2.7.3 Academic Research and Prototypes

Academic researchers have developed numerous energy monitoring systems tailored to
specific educational or laboratory environments. A notable example is the system designed
by Okeke and Aliyu (2019), which utilizes the ESP32 microcontroller and the ACS712
current sensor to monitor laboratory equipment in real-time. Their prototype transmitted

data wirelessly to a cloud platform using the MQTT protocol and displayed real-time energy
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usage through a web-based interface. Figure 2.3 below shows an example diagram of an

academic research and prototypes.

DC Load
- .

Figure 2.3 - Shows A ACS712 connection to ESP32 microcontroller

2.7.4 Comparative Analysis of Selected Systems

The table below summarizes the key features of commercial, open-source, and academic
energy monitoring systems.

Table 2.7 - Shows a Comparative Analysis of Selected Energy Monitoring Systems

System Type | Cost Accuracy Target Application Customizability
Commercial High Very High Industrial/Professional | Low

(Fluke)

Open-Source | Low Moderate Educational/Residential | High

(OEM)

Academic Very Low | High Laboratory/Research High

(ESP32)
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(Ref: Adapted from Okeke and Aliyu, 2019; Adebayo et al., 2021; OpenEnergyMonitor,

2023).

2.8 Challenges in Energy Monitoring Implementation

Energy monitoring systems hold immense promise for improving operational efficiency,
reducing costs, and promoting sustainability in workshops and technical institutions.
However, despite these benefits, the practical implementation of such systems is often
fraught with significant challenges. These challenges become even more pronounced in
developing countries or budget-constrained educational institutions, where infrastructure,
technical capacity, and funding are limited. This section explores these challenges in detail,
drawing on academic research, case studies, and industry reports, and discusses possible
strategies to overcome them.

1. Cost Constraints: Budgetary limitations remain the foremost barrier to
implementing energy monitoring systems in many institutions, especially in
developing countries. The initial capital expenditure involves procuring sensors,
microcontrollers, communication modules, power supplies, displays, and potentially
servers or cloud services for data storage and analysis (Chinedu et al., 2022).

2. Technical Expertise Deficit: Energy monitoring systems rely heavily on the correct
installation, calibration, operation, and maintenance of sensors, microcontrollers,
data acquisition units, and analytical software. This technical complexity often poses

challenges for institutions with limited expertise.
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3. Power Instability and Quality Issues: In many developing regions, power supply is
irregular, with frequent voltage fluctuations, outages, and transient spikes that can
severely affect monitoring systems.

4. Scalability Challenges: Scaling energy monitoring systems beyond a few machines
to cover entire workshops, buildings, or campuses introduces complexity.

5. Data Management and Analytics: Energy monitoring generates vast amounts of
data over time. Handling, storing, and extracting meaningful insights from this data
present substantial challenges.

2.9  Smart Technologies and IoT in Energy Monitoring

The advent of the Internet of Things (IoT) has catalyzed a transformative shift in energy
monitoring systems, especially within industrial and educational workshop environments.
Traditionally, energy monitoring involved manual or semi-automated data collection
methods that were time-consuming, prone to errors, and lacked real-time responsiveness.
IoT technologies, leveraging interconnected sensors, cloud computing, and advanced
analytics, have enabled real-time, remote, and intelligent energy management, empowering
institutions to optimize consumption, reduce costs, and advance sustainability objectives
(Sharma et al., 2021; Gubbi et al., 2013).

This section explores the technological framework, functional capabilities, advantages,
implementation considerations, and future directions of IoT-enabled energy monitoring
systems, emphasizing their relevance to workshops and technical institutions.

2.9.1 Fundamentals of IoT in Energy Monitoring
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At its core, loT refers to a network of physical objects embedded with sensors, software, and

communication hardware, connected via the internet to collect and exchange data without

human intervention (Ashton, 2009). In energy monitoring, loT integrates:

1.

Sensors that measure electrical parameters such as voltage, current, power factor,
frequency, and environmental factors like temperature and humidity.
Microcontrollers and Edge Devices that process raw sensor data locally, performing
preliminary computations and ensuring data integrity.

Communication Modules (Wi-Fi, Bluetooth, Zigbee) that transmit data wirelessly to
centralized systems.

Cloud Platforms and Servers that store, aggregate, and analyze large datasets.

User Interfaces such as mobile apps, web dashboards, and alert systems that

visualize data and facilitate user interaction.

The layered architecture enables seamless flow of data from physical devices to decision-

makers, supporting continuous monitoring and control.

2.9.2

Real-Time Monitoring and Data Streaming

One of the primary advantages of IoT-based energy monitoring systems is their ability to

provide real-time data streaming. Unlike traditional loggers or manual meters that record

cumulative consumption and require periodic manual reading, [oT systems offer continuous

measurement of instantaneous electrical parameters, streaming data to remote dashboards or

control centers (Ghayvat et al., 2015).

293

Predictive Analytics and Machine Learning
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Beyond simple monitoring, [oT systems leverage predictive analytics powered by machine
learning algorithms to forecast energy consumption trends, detect potential faults, and
optimize operations (Sharma et al., 2021; Zhang et al., 2019).

1. Load Forecasting

2. Fault Detection

3. Energy Optimization

4. Case Study

Predictive analytics transform energy monitoring from reactive to proactive management,
enhancing system reliability and efficiency.

2.9.4 User Alerts, Notifications, and Remote Control

IoT energy monitoring platforms are equipped with communication protocols to deliver real-
time alerts and notifications to users via SMS, email, or mobile app push notifications,
enhancing user engagement and operational control (Ghayvat et al., 2015).

2.9.5 Challenges in lIoT-Based Energy Monitoring

Despite the benefits, [oT energy monitoring systems face several challenges:

1. Data Privacy and Security with data transmitted over networks, systems are
vulnerable to cyberattacks. Ensuring encryption, authentication, and secure access is
critical (Fan et al., 2019).

2. Connectivity Limitations workshops in regions with unstable internet may
experience data loss or delays.

3. Power Supply for IoT Devices for edge devices require reliable power; power

outages affect data continuity.
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Integration Complexity interfacing IoT systems with existing machinery and IT
infrastructure can be difficult.
Initial Setup Costs though IoT can reduce long-term costs, initial investment in

devices, cloud services, and training can be significant.

Mitigation includes implementing local data buffering, robust security protocols, and phased

rollouts (Zhou et al., 2020).

2.9.6

Future Trends and Innovations

The field of IoT-based energy monitoring is rapidly evolving, with emerging technologies

promising further enhancements:

1.

2.10

Edge AI: Embedding artificial intelligence directly on edge devices enables faster
decision-making and reduces cloud dependency (Sharma et al., 2021).

Blockchain for Energy Data: Blockchain can secure energy transaction records and
enable peer-to-peer energy trading within institutions (Mengelkamp et al., 2018).

5G Connectivity: High-speed, low-latency 5G networks will support real-time
energy monitoring at scale with enhanced reliability (Liu et al., 2019).

Integration with Renewable Energy Systems: IoT can optimize energy flows in
hybrid systems combining grid power with solar or wind installations (Gubbi et al.,
2013).

Digital Twins: Virtual replicas of workshop systems will simulate energy scenarios
and test optimization strategies virtually before physical implementation.

Previous Work Carried Out in Energy Monitoring system

1. A Smart Home Energy Monitoring System Based on Internet of Things and Inter

Planetary File System for Secure Data Sharing: A high quality of life is currently being
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influenced by smart home networks. IoT soon will be able to connect even the most basic
household appliances to the internet. In the nearest future, a smart home will be able to work
well because it will have a standard infrastructure that allows multiple wireless protocols to
work together (Fletcher et al.,2016). Fletcher et al have developed a user-friendly, low-cost
home energy monitoring and recording system. The system allows users to monitor power
usage and remotely control and replace their electronic devices using any web-enabled
devices. The system collects information about how people use energy and shows this
information to make people more aware of how much energy they use (Fletcher et al., 2016).
The system can be improved in terms of data security and sharing. In our monitoring
platform, from sensors to the Orion Context Broker, all data transmission will be secured.
MQTT also supports user and password authentication. To prevent a user from listening to
another user’s topics, Access Control Lists (ACLs) are created in MQTT.

In another study, (Srinivasan et al, 2019) established a smart and sustainable technology
based on IoT, utilizing Smart Plug for data capture, which is then communicated through the
wireless-gateway to the central database. Different strategies are designed to recognize
consumer behavior and take the appropriate actions to reduce overall energy consumption
using the data collected from the smart plug (Srinivasan et al, 2019).

2. Smart Energy Monitoring Systems Using IoT: The integration of the Internet of Things
(IoT) into energy monitoring systems has led to significant advancements in how electrical
energy is measured, analyzed, and optimized. Over the past decade, numerous research
studies have explored IoT-based solutions for smart energy monitoring, aiming to enhance
energy efficiency, provide real-time data access, and facilitate automated control in

residential, commercial, and industrial settings. (Khan and Pathan,2018) developed an IoT-
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based energy monitoring system with a cloud database and a mobile application interface.
Their system enabled users to visualize usage trends, set consumption limits, and receive
alerts for anomalies, promoting efficient energy usage. (Singh et al.2020) implemented a
smart home energy management system using NodeMCU, current sensors, and cloud
services such as Firebase. The system enabled real-time visualization of energy data through
an Android application, enhancing user engagement in energy conservation.

Recent advancements include the integration of machine learning algorithms with IoT
frameworks to predict energy usage patterns and optimize consumption. (Jain et al.2021)
proposed a machine-learning-assisted smart energy monitoring system using IoT. Their
system used historical data to forecast energy demand and recommend load-shifting
strategies to reduce peak consumption and costs.

3. Energy Consumption and Analysis in Buildings: Energy consumption in buildings has
been a central focus of research due to its significant contribution to global energy demand
and greenhouse gas emissions. Various studies have been conducted to evaluate, model, and
optimize energy use in buildings, utilizing different methodologies including statistical
analysis, simulation tools, and machine learning techniques.

Earlier research by (Perez-Lombard et al.2008) provided a comprehensive review of energy
consumption in buildings globally. Their work highlighted that buildings account for
approximately 20-40% of total energy use in developed countries, with heating, cooling,
lighting, and appliances being major contributors. They emphasized the need for energy
efficiency strategies and policy interventions to reduce building energy consumption.
Energy audits are commonly used to assess the performance of buildings and identify areas

of energy waste. (Thollander and Palm ,2013) discussed various methods and levels of
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energy auditing and their application in both residential and commercial buildings. Their
work underscored the importance of regular audits in uncovering potential energy-saving
measures and supporting retrofit decisions. Recent research has focused on using machine
learning algorithms to predict building energy consumption based on historical data and
real-time inputs. (Wei et al. 2018) used artificial neural networks (ANNs) and support vector
machines (SVMs) to predict energy use with high accuracy. These models can handle non-
linear patterns and are useful for smart building applications and energy management
systems.

4. Energy Monitoring Systems Using Wireless Communication: Energy monitoring
systems are crucial in managing energy consumption and enhancing energy efficiency
across various sectors. Wireless communication technologies have enabled the development
of flexible, scalable, and cost-effective energy monitoring solutions. Several studies have
explored different wireless technologies, such as ZigBee, Wi-Fi, Bluetooth, and LoRa, in the
context of energy monitoring.

Wireless Sensor Networks have been widely researched for energy monitoring due to their
flexibility and distributed nature. These networks can monitor electrical parameters and
communicate wirelessly with a central system. (Pottie and Kaiser, 2000) were pioneers in
the field, laying the groundwork for using WSNs in monitoring applications, including
energy systems. (Gungor et al. 2011) provided a comprehensive review of WSNs for smart
grid applications, discussing their advantages in energy monitoring in residential and
industrial settings. (Liang et al. 2009) implemented a ZigBee-based home energy

management system capable of real-time power monitoring. (Park et al. 2011) designed a
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smart plug integrated with ZigBee modules to monitor and control household energy usage
remotely.

Wi-Fi has been widely used for energy monitoring due to its widespread availability and
integration with cloud services. (Koulamas et al. 2014) investigated Wi-Fi-based energy
monitoring systems and analyzed trade-offs with other wireless protocols. (Siano et al. 2018)
introduced an IoT-based smart home framework leveraging Wi-Fi for real-time energy data
collection and cloud analytics.

5. Wireless Sensor Networks for Energy Monitoring in Smart Grids: Wireless Sensor
Networks (WSNs) have become a critical component in the development of smart grid
infrastructure, particularly for real-time monitoring, fault detection, load management, and
overall energy efficiency. Numerous studies have been conducted to explore their role in
enabling intelligent energy monitoring. (Akyildiz et al.2002) introduced the fundamental
architecture of WSNs, outlining their scalability, distributed processing, and real-time data
acquisition capabilities. These characteristics are highly applicable to smart grids, especially
for monitoring electricity consumption, voltage fluctuations, and equipment health across
vast geographical areas.

One of the primary challenges in WSN deployment is energy efficiency. (Li et al. 2011)
proposed an energy-efficient routing protocol for smart grids using hierarchical clustering,
which minimizes power consumption during data transmission. Such approaches are critical
for ensuring long-term operation without frequent maintenance. (Zhang et al. 2012)
investigated WSN applications for real-time monitoring and fault localization in power
distribution networks. Their system demonstrated how data collected from sensor nodes can

be analyzed to identify abnormal patterns and prevent blackouts.
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6. Machine Learning-Based Energy Consumption Prediction in Buildings: Energy
consumption prediction in buildings has gained significant attention over the past two
decades due to its potential for energy efficiency, cost savings, and climate change
mitigation. Machine learning (ML) techniques have emerged as powerful tools in modeling
the complex, nonlinear relationships inherent in building energy use, offering improved
accuracy over traditional statistical and physics-based methods.

Initial research employed classical ML algorithms such as Artificial Neural Networks
(ANNSs), Support Vector Machines (SVMs), and Decision Trees (DTs) to predict building
energy consumption. For example, (Kalogirou, 2000) demonstrated the feasibility of using
ANNs to predict the energy performance of buildings, marking one of the earliest
applications of ML in this domain. Over time, more sophisticated ML models like Random
Forests (RF) and Gradient Boosting Machines (GBMs) were introduced. (Dong et al. 2005)
compared ANN and SVM models and found that SVM provided higher prediction accuracy
for hourly building cooling loads. Similarly, (Ahmad et al. 2017) showed that ensemble
learning approaches such as RF and GBM outperformed single-model methods for both
residential and commercial buildings.

7. Energy Monitoring and Control Systems for Smart Homes: Over the past decade,
extensive research has been conducted on energy monitoring and control systems aimed at
optimizing energy usage within smart homes. These systems integrate sensors, smart meters,
communication protocols, and intelligent algorithms to provide real-time monitoring,
predictive analytics, and autonomous control of home appliances. Initial work in this domain
focused on developing smart meters that could record real-time energy usage and

communicate data to a central controller or cloud server. (Molina-Solana et al. 2017)
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provided a comprehensive review of data science techniques applied to energy consumption
datasets in smart buildings. Their study emphasized the importance of machine learning for
pattern recognition and demand forecasting in residential energy consumption. The
integration of the Internet of Things (IoT) has significantly advanced energy monitoring
capabilities. (Siano, 2014) discussed how demand-side management using loT-enabled
devices can enhance user participation and reduce peak demand. Similarly, (Pal et al. 2017)
implemented an loT-based energy monitoring system using smart plugs and sensors to track
appliance-level energy consumption in real time. Their prototype demonstrated notable
improvements in user awareness and energy savings.

8. Development of Energy Monitoring Systems Using Smart Meters: The development
of energy monitoring systems using smart meters has gained significant momentum in
recent years due to increasing concerns over energy efficiency, grid reliability, and
sustainability. Smart meters, which are advanced energy meters equipped with
communication capabilities, enable real-time monitoring, remote reading, and demand-side
management of energy consumption.

Several researchers have contributed to the development and optimization of smart energy
monitoring systems. For instance, (Gungor et al. 2011) provided a comprehensive survey of
smart grid technologies, highlighting the role of smart meters in facilitating two-way
communication between consumers and utility providers. Their work emphasized the
importance of integrating wireless communication protocols such as ZigBee and Wi-Fi for
real-time energy data acquisition. (Mohassel et al. 2014) discussed the design and
implementation of an automated residential energy monitoring system. Their system

collected power consumption data using smart meters and transmitted it to a central server
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for analysis and visualization, demonstrating the value of cloud-based platforms in
enhancing user accessibility and data analytics.

Additionally, the work by (Diptargha et al. 2017) focused on non-intrusive load monitoring
(NILM) using data collected from smart meters. Their approach applied machine learning
algorithms to disaggregate total household energy usage into appliance-level information,
thereby improving energy awareness and enabling targeted energy-saving strategies. In
another development, (Kabalci, 2016) presented a prototype smart energy monitoring
system based on Arduino and GSM modules, emphasizing affordability and ease of
deployment in residential environments.

9. Energy Efficiency Optimization Using Real-Time Monitoring: Energy efficiency has
become a major focus in engineering, especially in sectors such as manufacturing,
commercial buildings, and smart grids. Real-time monitoring systems are increasingly being
employed to optimize energy usage, identify inefficiencies, and support data-driven
decision-making. A significant body of research has demonstrated the effectiveness of these
systems in improving energy performance across various domains.

Several studies have examined how real-time monitoring can optimize energy use in
buildings. For instance, (Zhang et al. 2018) developed a building energy management
system (BEMS) that uses real-time data from smart meters and occupancy sensors to reduce
HVAC energy consumption. The system achieved an energy savings of approximately 15%
in test scenarios. In industrial settings, real-time monitoring has been used to improve
process efficiency. A study by (Tao et al. 2019) introduced a cyber-physical system that

integrates real-time data acquisition with machine learning to optimize energy use in
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manufacturing. The system significantly reduced peak demand and overall energy
consumption by dynamically adjusting machine operations based on real-time feedback.

10. Cloud-Based Energy Monitoring Systems for Industrial Applications: Cloud-based
energy monitoring systems (EMS) have become increasingly important in industrial
applications, offering real-time insights into energy consumption and enabling proactive
energy management. Several researchers and developers have explored the integration of
cloud computing, Internet of Things (IoT), and data analytics to enhance energy efficiency
in industrial settings. One significant contribution is the integration of IoT devices for data
acquisition and cloud platforms for data storage and analytics. (Gungor et al. 2010)
discussed the use of wireless sensor networks (WSNs) in smart grid environments,
highlighting the potential of cloud integration for scalable energy monitoring in industrial
facilities. They emphasized the role of reliable communication and data processing for
decision support systems.

(Gaddam et al. 2015) implemented a cloud-based energy monitoring architecture using
smart meters that transmit data to a central cloud server for real-time visualization and
control. Their study validated the effectiveness of such systems in reducing energy wastage
and enabling remote diagnostics and monitoring.

11. Energy Monitoring and Management Systems for Electric Vehicles: Over the past
decade, considerable research has been conducted on energy monitoring and management
systems (EMMS) for electric vehicles (EVs), driven by the need to improve energy
efficiency, optimize battery usage, and enhance the overall performance of EVs.

One of the earliest comprehensive approaches to EV energy monitoring was proposed by

(Mingyang et al. 2014), who developed a real-time energy management system that
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integrated vehicle dynamics and battery characteristics to optimize power distribution
between the battery and auxiliary systems. Their results demonstrated a significant
improvement in energy efficiency by minimizing energy loss through effective control
strategies. (Sundstrom and Binding, 2012) developed a system for energy management in
plug-in hybrid electric vehicles (PHEVs) using predictive control. Their work highlighted
how route prediction and traffic information could be used to optimize battery usage and
reduce fuel consumption, a concept that has since influenced several EV-only management
strategies.

(Zhang et al. 2018) introduced a model-based energy management system using fuzzy logic
for battery state-of-charge (SOC) estimation and thermal management. Their fuzzy control
model allowed for more accurate energy monitoring under dynamic driving conditions and
extended battery life by optimizing the charge/discharge cycles. A notable development in
hardware-based monitoring was proposed by (Yilmaz and Krein, 2013), who presented a
bidirectional charger system that could monitor energy usage and allow vehicle-to-grid
(V2G) energy transactions. Their work demonstrated the role of smart chargers not only in
efficient charging but also in energy feedback systems that benefit both the grid and EV
owners.

12. Advanced Energy Monitoring Systems for Smart Cities: The evolution of smart cities
has accelerated the demand for advanced energy monitoring systems that enable real-time
data collection, intelligent analytics, and efficient energy distribution. Researchers and urban
planners have increasingly focused on integrating digital technologies, Internet of Things
(IoT), artificial intelligence (Al), and big data analytics to enhance energy efficiency and

sustainability across urban environments. (Gungor et al. 2011) presented one of the
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foundational works in smart grid communication infrastructure for smart cities. Their study
emphasized the importance of two-way communication in energy monitoring systems to
ensure reliable data exchange between utilities and consumers. This work laid the
groundwork for advanced metering infrastructure (AMI), which is now widely adopted.
(Mohassel et al. 2014) investigated the deployment of smart meters and data management
systems in urban settings. They highlighted the critical role of smart meters in collecting
detailed energy consumption data and how machine learning algorithms could be used to
predict demand and detect anomalies. Their work also addressed security and privacy
concerns in smart city deployments.

13. Energy Consumption Monitoring in Commercial Buildings: The increasing energy
demand in commercial buildings such as offices, malls, and hospitals has led to extensive
research on energy consumption monitoring systems. These systems aim to reduce energy
waste, lower operational costs, and contribute to sustainability goals. The use of smart
meters, [oT devices, machine learning, and building energy management systems (BEMS)
has significantly enhanced the precision and efficiency of energy monitoring in these
environments. (Katipamula and Brambley, 2005) were among the early researchers to
advocate for automated fault detection and diagnostics (AFDD) in commercial buildings.
Their study highlighted how energy monitoring systems could identify inefficiencies in
HVAC systems and suggested corrective measures, leading to substantial energy savings.
(Granderson et al. 2009) developed a measurement and verification (M and V) framework
for commercial buildings that used advanced metering infrastructure (AMI) to track energy
use. Their findings showed that detailed monitoring could uncover hidden consumption

patterns and inform energy retrofit decisions. (Dong et al. 2010) introduced a real-time
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energy monitoring system using wireless sensor networks (WSNs) in office buildings. Their
work showed that fine-grained data collection could enable room-level monitoring, allowing
for intelligent control of lighting, HVAC, and plug loads based on occupancy and usage
patterns.

14. Real-Time Energy Monitoring and Analytics: Real-time energy monitoring and
analytics have become vital tools for improving energy efficiency, detecting anomalies, and
enabling proactive energy management in various sectors, including residential, commercial,
and industrial domains. These systems provide instant visibility into energy consumption
patterns and leverage technologies such as IoT, big data analytics, and artificial intelligence
to support timely and data-driven decision-making.

(Nguyen and Aiello, 2013) conducted one of the earliest comprehensive reviews on energy
consumption analytics using sensor data. They evaluated real-time monitoring systems in
buildings and highlighted the importance of time-series energy data for enabling load
disaggregation, user behavior modeling, and anomaly detection. (Melfi et al. 2011)
developed an advanced metering infrastructure (AMI)-based system for real-time energy
tracking in university buildings. Their system collected data at 15-minute intervals and
allowed facility managers to analyze patterns and implement energy-saving strategies. This
was among the first efforts to use real-time data to guide campus-wide sustainability goals.
(Zhao et al. 2012) proposed a real-time energy monitoring platform for smart grids that
integrated sensor networks with cloud-based analytics. Their framework included real-time
data acquisition, transmission, and visualization, offering utilities a dynamic view of energy

usage and enabling demand response actions.
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15. Smart Energy Monitoring for Renewable Energy Systems: Smart energy monitoring
has become a critical component in optimizing the performance, reliability, and efficiency of
renewable energy systems. These systems ranging from solar and wind farms to hybrid
energy setups require continuous, real-time monitoring to address the intermittent nature of
renewable sources, manage storage systems effectively, and support grid integration. Over
the past two decades, significant research has been conducted to develop intelligent
monitoring frameworks that incorporate IoT, machine learning, and cloud computing.
(Spertino and Di Leo, 2011) examined real-time monitoring systems for photovoltaic (PV)
installations. They developed a smart monitoring prototype to measure solar irradiance,
panel output, and inverter efficiency. Their system provided alerts for faults and deviations,
laying the foundation for predictive maintenance in solar plants. (Feliciano et al. 2012)
focused on wireless sensor networks (WSNs) for remote energy monitoring in wind energy
systems. Their work demonstrated that sensor-based monitoring can enhance performance
tracking, detect early-stage faults in turbines, and improve data accessibility in off-grid
systems.

16. Energy Efficiency in Buildings Through Monitoring and Control: Improving energy
efficiency in buildings has become a global priority due to growing energy demands, rising
utility costs, and environmental concerns. Energy efficiency can be significantly enhanced
by deploying advanced monitoring and control systems. These systems allow real-time
visibility into energy use, identification of inefficiencies, and automated responses to
optimize energy consumption. Several studies have explored the integration of smart sensors,

building automation systems (BAS), IoT, and Al in this context.
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(Katipamula and Brambley, 2005) presented one of the earliest comprehensive reviews on
automated fault detection and diagnostics (AFDD) in building HVAC systems. Their work
emphasized that continuous monitoring and automated control can drastically improve
operational efficiency and reduce energy waste in commercial buildings. (Wang and Xu,
2006) investigated optimal control strategies for HVAC systems in office buildings using
real-time occupancy data and environmental conditions. Their model predictive control
(MPC) framework achieved substantial energy savings without compromising indoor
comfort, illustrating the potential of smart control systems in dynamic environments. (Dong
and Lam, 2011) proposed an intelligent building energy management system (iBEMS) using
wireless sensor networks (WSNs) for energy monitoring and adaptive control. Their system
analyzed occupancy patterns and environmental data to optimize lighting and HVAC use,
resulting in energy savings of up to 20% in experimental settings.

17. Design of an Energy Monitoring System for Industrial Automation: In the era of
Industry 4.0, improving energy efficiency and reducing energy waste have become major
priorities for industrial facilities. Energy monitoring systems play a crucial role in tracking
and optimizing energy consumption across machines, processes, and production lines. These
systems, when integrated with industrial automation, enable real-time decision-making,
predictive maintenance, load optimization, and compliance with energy regulations. A wide
body of research has focused on the design and implementation of such systems using
advanced technologies like [oT, embedded systems, machine learning, and cloud computing.
(Mayer et al. 2009) developed one of the early frameworks for energy monitoring in
industrial environments using SCADA systems. Their system monitored energy

consumption of individual machines and provided feedback for optimizing production
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schedules and reducing idle times. (Monacchi et al.2014) presented GREEND, a dataset and
architecture for monitoring energy consumption in industrial and commercial environments.
Their work provided a foundation for designing smart systems capable of load
disaggregation and operational optimization in factories. (Colak et al. 2015) proposed a real-
time industrial energy monitoring system using programmable logic controllers (PLCs) and
human-machine interfaces (HMIs). Their design focused on modularity and scalability,
enabling facility managers to monitor and control energy usage on a per-machine basis.

18. Energy Monitoring and Fault Detection in Power Systems: Energy monitoring and
fault detection are crucial components in ensuring the reliability, efficiency, and stability of
power systems. These systems face challenges such as equipment failures, transmission
losses, power quality issues, and load imbalances. To address these, researchers have
developed and implemented advanced monitoring systems using technologies such as smart
sensors, phasor measurement units (PMUs), artificial intelligence (Al), Internet of Things
(IoT), and signal processing techniques. (Phadke and Thorp, 1988) were pioneers in the use
of Phasor Measurement Units (PMUs) for wide-area monitoring in power systems. Their
early work laid the foundation for real-time fault detection and system dynamics analysis
using synchronized phasor data. (Girgis and Johns, 1996) introduced adaptive protection and
monitoring schemes using digital signal processing for fault detection and classification in
transmission lines. Their work helped improve the accuracy and speed of identifying various
types of faults such as line-to-ground or line-to-line.

19. Energy Consumption Pattern Analysis using Smart Meter Data: Smart meters have
revolutionized the way energy consumption is monitored, recorded, and analyzed. By

providing high-resolution, time-series data on household or industrial energy usage, smart
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meters enable detailed consumption pattern analysis, demand forecasting, anomaly detection,
load profiling, and energy efficiency improvements. Several studies have explored various
techniques from statistical modeling to machine learning and deep learning to extract
meaningful insights from smart meter datasets. (Albert and Rajagopal, 2013) were among
the first to analyze smart meter data for load forecasting and customer behavior
classification. Using time-series clustering and entropy-based measures, they identified
typical energy usage patterns and linked them to customer segments.

20. Energy Monitoring Systems for Smart Grids Using IoT and Big Data: The evolution
of traditional power systems into smart grids has been accelerated by the incorporation of
Internet of Things (IoT) technologies and Big Data analytics. These technologies enable
real-time monitoring, data-driven decision-making, predictive maintenance, load forecasting,
and enhanced energy efficiency. Numerous studies have been carried out to develop scalable,
intelligent energy monitoring systems that integrate IoT sensors, cloud platforms, machine
learning, and big data processing frameworks to optimize smart grid operations. (Gungor et
al. 2011) presented one of the foundational works on the integration of IoT in smart grids.
They outlined an architecture for wireless sensor-based smart grid monitoring, enabling real-
time tracking of voltage, frequency, and load across distributed nodes. (Siano, 2014)
emphasized the role of big data analytics in demand response and grid monitoring. His work
demonstrated how vast streams of data collected via IoT-enabled devices could support
intelligent energy management and dynamic grid balancing.

21. Development of a Low-Cost Energy Monitoring System: As energy costs rise and
sustainability becomes a global priority, low-cost energy monitoring systems have gained

significant attention, particularly in developing countries, small businesses, residential
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settings, and educational institutions. The main goal of such systems is to provide real-time
or near-real-time feedback on power consumption using affordable hardware and open-
source platforms. Researchers have proposed various approaches using microcontrollers
(like Arduino, ESP32, and Raspberry Pi), low-cost sensors, wireless technologies, and
mobile/web interfaces to achieve scalable, energy-efficient monitoring solutions. (Smith et
al. 2012) developed one of the early low-cost power monitoring solutions using a current
transformer (CT) sensor and an Arduino microcontroller. Their system could measure real-
time voltage and current and display energy usage on a basic LCD, making it suitable for
residential environments. (Jain and Garg, 2014) introduced a low-cost wireless energy meter
using ZigBee technology. The device utilized a PIC microcontroller and CT sensors,
transmitting data wirelessly to a central hub for load analysis and remote monitoring.

(Tiwari et al. 2017) created a low-cost energy meter with pre-paid billing capability using
GSM and Arduino. The system enabled consumers to track and control their energy
consumption through SMS updates, thereby increasing awareness and reducing wastage.
(Silva et al. 2018) presented a cost-effective energy monitoring platform for academic and
laboratory use. Their solution incorporated open-source tools, such as Python and Raspberry
Pi, with low-cost sensors for voltage, current, and power factor monitoring. It supported
energy audits in educational settings.

22. Energy Monitoring and Control Systems for Green Buildings: With growing
concern for energy efficiency and sustainability, green buildings have become central to
reducing environmental impacts in the construction and real estate sectors. A core
component of these buildings is an energy monitoring and control system, which enables

real-time tracking of energy use, identifies inefficiencies, and automates controls to optimize
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energy consumption. Researchers have developed and implemented various systems using
IoT, Building Management Systems (BMS), wireless sensor networks, and Al to improve
performance and sustainability in green buildings. (Capehart et al. 2003) were among the
early proponents of integrating monitoring-based commissioning (MBCx) systems in
commercial and green buildings. They demonstrated that ongoing monitoring and automated
fault detection could result in 10—15% energy savings without additional retrofit measures.
23. Advanced Energy Monitoring for Smart Energy Management: In recent years, the
global drive toward energy sustainability, efficiency, and digitization has accelerated the
development of advanced energy monitoring systems for smart energy management. These
systems utilize real-time data collection, artificial intelligence (AI), machine learning (ML),
Internet of Things (IoT), wireless sensor networks (WSNs), and cloud computing to provide
actionable insights, optimize energy usage, detect anomalies, and support demand-side
management. Advanced energy monitoring goes beyond traditional metering by integrating
predictive analytics and control strategies to help utilities, industries, commercial buildings,
and homes reduce energy consumption, costs, and environmental impact.

(Jiang et al. 2009) proposed a wireless sensor network-based energy monitoring system for
buildings. Their system offered real-time feedback on energy usage, enabling users to make
informed decisions and reduce waste. It was one of the early works integrating WSNs into
smart energy system. (Gungor et al. 2011) reviewed smart grid communication technologies,
highlighting the importance of advanced monitoring for achieving smart energy
management. They discussed how two-way communication between smart meters and

utilities enhances demand response and load balancing.
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24. Energy Monitoring Systems Using Machine Learning and IoT: The combination of
Machine Learning (ML) and the Internet of Things (IoT) has significantly advanced the field
of energy monitoring by enabling smart, automated, and predictive energy management. loT
provides a network of connected sensors and devices for real-time data collection, while
machine learning enables intelligent analysis of energy consumption patterns, anomaly
detection, forecasting, and demand response. Researchers have proposed various
frameworks that integrate these technologies to enhance energy efficiency in buildings,
smart homes, industrial setups, and smart grids. (Wang et al. 2015) implemented a smart
building energy monitoring system using loT-based sensors and supervised machine
learning for energy prediction. Their model achieved high accuracy in predicting short-term
energy loads using decision trees and SVM classifiers. (Kose and Sertbas, 2016) designed an
IoT-supported energy management system using Arduino and Wi-Fi modules, integrated
with a machine learning algorithm to detect unusual power usage in real-time, improving
energy reliability and reducing waste.

25. Real-Time Energy Monitoring for Smart Buildings: Over the years, researchers have
explored various real-time monitoring frameworks using technologies such as the Internet of
Things (IoT), Building Management Systems (BMS), wireless sensor networks (WSNs), and
cloud-based platforms to improve energy performance and occupant comfort in smart
buildings. (Bansal et al. 2011) implemented an early smart building system integrating real-
time energy data collection with a centralized BMS. Their system allowed dynamic HVAC
control based on occupancy and environmental sensors, leading to energy savings of up to

30%.
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26. Energy Efficiency Monitoring and Verification: Energy Efficiency Monitoring and
Verification (M and V) is a critical process for validating the performance of energy-saving
measures in buildings, industrial systems, and utility programs. M and V involves collecting
and analyzing data before and after energy efficiency interventions to determine actual
energy savings. It ensures accountability, supports energy policy, and enhances system
optimization. With the rise of smart meters, [oT devices, and advanced analytics, M and V
practices have evolved significantly in recent years.

The International Performance Measurement and Verification Protocol (IPMVP) has served
as the global standard for M and V of energy efficiency projects. It defines four options (A—
D) for measuring savings and has been widely adopted in both public and private sectors to
guide M and V efforts (IPMVP Framework, 2002—present). This foundational work
compared different M and V approaches and introduced the concept of measurement
boundary selection for accurate savings estimation. Their research emphasized the
importance of choosing the correct baseline and measurement points for credible M and V
(Haberl and Claridge, 2005).

27. Smart Energy Monitoring Systems for Residential Buildings: Smart energy
monitoring systems in residential buildings aim to provide real-time insights into household
energy usage, allowing residents to optimize consumption, reduce electricity bills, and
contribute to sustainable energy practices. With the integration of IoT, smart meters, cloud
computing, and machine learning, modern residential energy systems have evolved from
simple monitoring tools into intelligent platforms capable of load forecasting, anomaly
detection, and remote control. Darby’s foundational research emphasized the impact of

feedback from smart meters on residential energy behavior. She demonstrated that
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households with real-time consumption data reduced their energy use by 5-15% (Darby,
2006). This study introduced a low-cost energy monitoring system for homes using wireless
sensors and a ZigBee-based network. It enabled non-intrusive load monitoring (NILM) and
real-time display of appliance-level usage (Zeinalzadeh et al. 2013)

28. Energy Monitoring and Management Systems for Microgrids: Microgrids are
localized energy systems that can operate independently or in conjunction with the main grid.
Efficient energy monitoring and management systems (EMMS) are essential for optimizing
microgrid performance, ensuring power quality, enabling demand-side management, and
integrating renewable energy sources. Researchers have extensively explored various
technologies such as IoT, Al real-time monitoring, optimization algorithms, and distributed
control systems for microgrid energy management. Robert H. Lasseter introduced the
concept of microgrids and emphasized the need for integrated monitoring and control
systems to manage distributed energy resources (DERs). His work laid the foundation for
later EMMS architectures (Lasseter, 2002).

29. Design and Implementation of an Energy Monitoring System for Electric Power
Distribution: Energy monitoring systems play a vital role in electric power distribution
networks by enabling real-time visibility, load analysis, loss reduction, and fault detection.
With growing demand, grid complexity, and integration of renewable sources, several
researchers have designed and implemented advanced energy monitoring systems to
improve reliability, efficiency, and automation in distribution networks. These systems often
incorporate technologies like smart meters, IoT, SCADA, cloud computing, and machine
learning. (Siano et al. 2010) proposed a real-time monitoring and control system for medium

voltage distribution networks using SCADA and automation devices. Their system enabled

46



dynamic load balancing and real-time fault localization, demonstrating improved reliability
of distribution systems.

30. Energy Monitoring Systems Using IoT and Cloud Computing for Smart Energy
Management: As global energy demand increases, smart energy management systems
(SEMS) that integrate IoT (Internet of Things) and cloud computing are becoming essential
for real-time monitoring, efficient control, and intelligent decision-making in energy
systems. [oT provides a communication backbone for data collection from smart meters,
sensors, and appliances, while cloud computing enables large-scale data storage, analytics,
visualization, and remote accessibility. Numerous research efforts have explored the
development and deployment of such systems in residential, industrial, and commercial
applications.

This foundational study highlighted the potential of smart grid technologies, focusing on the
role of IoT and cloud platforms in enabling two-way communication between utilities and
consumers. They emphasized architecture design for remote monitoring and smart decision-
making (Gungor et al. 2010). This work presented an loT-based smart city framework where
cloud-enabled monitoring platforms managed electricity consumption across residential
units. The system supported demand-side management and real-time usage visualization
(Zanella et al. 2014).

2.11 Research Gap

To address this gap, the development of a low-cost monitoring system tailored for a single-
phase bench grinder becomes not only practical but necessary. Such a system should be
capable of tracking essential operational parameters—such as voltage, current, power

consumption, vibration, cost and temperature—in real time, using affordable and readily
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available electronic components. By leveraging low-power microcontrollers and digital
sensors, the system can provide critical insights into the grinder’s performance, enabling

timely maintenance, improving safety, and reducing downtime.

CHAPTER THREE
METHODOLOGY

3.1 Introduction
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This chapter presents in detail the methods and procedures adopted for the design,
construction, and implementation of the low-cost energy monitoring system for individual
workshop machines. The methodology was carefully selected to achieve the project
objectives, which include accurate measurement of electrical parameters, reliable data
logging, and real-time monitoring using IoT technology. The process involves the selection
of hardware components, circuit design, software development, system integration and
testing.

The system combines both hardware and software subsystems: the hardware collects and
processes electrical data, while the software interprets and transmits it to an online database
for monitoring. The chosen methodology ensures that the design is economical, energy-
efficient, and easy to replicate.

3.2 Materials and Components Used

The system was designed using a combination of sensors, microcontrollers, display modules,
communication interfaces, and power management circuits. Each component was selected
based on cost, performance, and compatibility. The table below lists the major materials

used in the development of the system.
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Table 3.1 - Bill of Materials

S/N Component Description

8-bit microcontroller used
1 Arduino Nano for sensor control and

computation

Handles internet
2 ESP32 Wi-Fi Module connectivity and data upload

to ThingSpeak

Measures AC current up to
3 SCT-013 Current Sensor

30 A

Measures AC voltage up to
4 ZMPT101B Voltage Sensor

250V

‘ Displays measured voltage,

5 16x2 LCD Display

current, and power values

Keeps accurate time for data
6 DS1302 RTC Module )

logging

Stores measurement data
7 SD Card Module

locally for offline access

) ) Signal conditioning

8 Resistors and Capacitors

components
9 Voltage Regulator (7805) Provides a stable 5 V supply

Used for circuit prototypin
10 Breadboard & PCB . profoypine

and soldering

Used to design the 3D casing
11 SolidWorks Design

and enclosure
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3.2.1 Description of Key Components
3.2.1.1 SCT-013 Current Sensor
The SCT-013 is a Non-invasive AC Current Sensor Split Core Type Clamp Meter Sensor
that can be used to measure AC current up to 100 amperes. Current Transformers (CTs) are
sensors are for measuring alternating current. They are particularly useful for measuring
whole building electricity consumption. The SCT-013 current sensors can be clipped
straight either to the live or neutral wire without having to do any high voltage electrical
work. Like any other transformer, a current transformer has a primary winding, a magnetic
core, and a secondary winding. The secondary winding comprises many turns of fine wire
housed within the casing of the transformer. Figure 3.1 shows the SCT-013-030 current
sensor.
Specifications for SCT-013 Current Sensor

1. Input current: 0-30A AC

2. Output signal: DC 0-1V

3. Non-linearity: 2-3%

4. Build-in sampling resistance (RL):62 Q

5. Turn ratio: 1800:1

6. Work temperature: -25 °C~+70 °C

7. Dielectric strength (between shell and output): 1000V AC/1 min 5 Ma
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Figure 3.1 - SCT-013-030 Non-invasive AC Current Sensor

3.2.1.2 ZMPT101B AC Single Phase Voltage Sensor

The ZMPT101B AC Single Phase Voltage Sensor module is based on a high precision

ZMPT101B voltage transformer used to measure the accurate AC voltage with a voltage

transformer. This is an ideal choice to measure the AC voltage using Arduino or ESP 32.

The modules can measure voltage within 250V AC voltage and the corresponding analog

output can be adjusted. The module is simple to use and comes with a multi-turn trim

potentiometer for adjusting and calibrating the ADC output. Figure 3.2 shows the

ZMPT101B AC single phase voltage sensor.

Specifications for ZMPT101B AC Single Phase Voltage Sensor

1.

2.

Voltage up to 250V can be measured.

Lightweight with on-board micro-precision voltage transformer.
High precision on-board op-amp circuit.

Operating temperature:40°C ~ + 70°C.

Supply voltage 5V to 30V.
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Figure 3.2 - ZMPT101B AC Single Phase Voltage Sensor
3.2.1.3 ESP32
In this project, the ESP32 serves as the central controller. It reads AC voltage and
current values from sensors, processes the data, displays real-time readings on the LCD
and logs them to an SD card. Its built-in Wi-Fi and low power consumption make it ideal

for portable, smart energy monitoring. Figure 3.3 shows the ESP32.

Figure 3.3 - ESP32
3.2.1.4 SD Card Module
The SD card module is used to store voltage, current and power readings over time. It
communicates with the ESP32 via SPI and enables long-term data logging, which can be
retrieved later for analysis or monitoring energy usage patterns. Figure 3.4 shows the SD

card module.
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Figure 3.4 - SD Card Module
3.2.1.5LCD 12C
The 12C LCD display is used to show real-time voltage, current and power readings on-
screen. Using the 12C interface reduces wiring complexity and GPIO usage, allowing

efficient display integration with the ESP32. Figure 3.5 shows the LCD 12C.

Figure 3.5 - LCD 12C

3.2.1.6 Real Time Clock (RTC) Module

The Real-Time Clock (RTC) module plays a crucial role in the development of a low-cost
energy monitoring system by providing accurate and consistent time-keeping. Its primary
function is to timestamp energy consumption data, enabling detailed tracking, analysis and
logging of energy usage over time. This keeps track of the date and time, tells the
microcontroller to store data and save it as a particular date and starts counting again at
midnight and is used because ESP32 does not have an active clock. Figure 3.6 shows the

RTC module.
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Figure 3.6 - A DS3231 Real Time Clock (RTC) Module

3.2.1.7 A 5V Battery

The key function of the 5V battery in this scenario is to supply clean and stable power to the
energy monitoring system, which is interfaced with the bench grinder. This system may
include components such as a current sensor (e.g., ACS712 or SCT-013), a microcontroller,
an RTC module for timestamping, and an SD card module for data logging. All of these
components rely on a consistent 5V DC power source to function correctly and
communicate with each other. During the operation of the bench grinder, the current sensor
measures the AC current drawn by the motor. This analog signal is sent to the
microcontroller, which processes and logs the data. The RTC (Real-Time Clock) module,
powered by the 5V supply, ensures that each reading is accurately timestamped. The SD
card module, also powered by the same 5V battery, stores this information for later analysis.
The reliability of all these operations depends on a steady and uninterrupted 5V power
source. Additionally, using a 5V battery makes the monitoring system portable and
independent from the main power line, which is especially useful for temporary testing
setups, mobile diagnostics, or workshops where fixed DC power supplies may not be readily
available. If the bench grinder is used intermittently or in different locations, the battery-
powered monitoring system can be moved and reused without needing to be rewired each

time. Figure 3.7 shows the 5V battery.
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Figure 3.7 - 5V Battery
3.2.1.8 Charging Module
The function of the charging module is to manage the charging process of a rechargeable
battery. These modules ensure that the battery is charged at the correct voltage and current
levels, preventing overcharging and overheating. This controlled charging process extends
battery life and ensures safe operation an essential requirement in systems intended for long-

term monitoring. Figure 3.8 shows the charging module.

Figure 3.8 - A TP4056 TC4056 1A Lipo Battery Charging Module
3.2.1.9 Buck Converter
A buck converter (step-down converter) is a DC-to-DC converter which decreases voltage,
while increasing current, from its input to its output. It is a class of switched-mode power
supply. The efficiency of buck converters can be very high, often over 90%, making them

useful for tasks such as converting a computer’s main supply voltage, which is usually 12V,
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down to lower voltages needed by USB, DRAM and CPU, which are usually 5, 3.3 or 1.8V.

Figure 3.9 shows the buck converter.

Figure 3.9 - LM2596 Buck Converter DC-DC Step Down Power Module

3.2.1.10 Zero PCB Board

The zero PCB board offer a non-etched, grid-patterned base for soldering and
interconnecting electronic components such as microcontrollers, sensors, resistors,
capacitors, and modules (e.g., RTC, SD card reader, current sensor). Unlike custom-
designed printed circuit boards (PCBs), a Zero PCB does not have pre-defined copper traces.
Instead, it features a grid of holes with copper pads or rings where wires and component
leads can be manually soldered.In an energy monitoring system, the Zero PCB allows the
designer to neatly and securely mount all components required to monitor the power
consumption of a single-phase bench grinder. This typically includes a current sensor like
ACS712, a microcontroller such as Arduino Nano, a Real-Time Clock (RTC) module, and a
data logging module like an SD card reader. The Zero PCB helps organize these components
and reduces the risk of loose connections that might occur in breadboard-based setups.

Figure 3.10 shows the zero PCB board.
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Figure 3.10 - A Zero PCB Board

3.2.1.11 Connecting Wires

They carry power and signals between components, such as from the 5V battery or boost
converter to the microcontroller or from the current sensor to the analog input pin of the
controller. Without these wires, the system components would remain isolated and unable to
function as a complete, integrated circuit. In an energy monitoring system, connecting wires
are also used to transmit analog and digital signals. For example, the current sensor
measures the load current drawn by the bench grinder and sends an analog voltage signal via
a connecting wire to the analog input pin of the microcontroller. Similarly, digital
communication between modules such as the RTC (Real-Time Clock) module using the I’C
protocol relies on connecting wires for SDA (data) and SCL (clock) lines. These wires
ensure accurate time stamping of the energy data being logged. Another important function
is grounding and reference connection. Every electronic component in the system requires a
common reference point, which is the ground (GND). Connecting wires are used to link all
ground pins of the system components to maintain a consistent voltage reference. A broken
or missing ground connection can lead to unstable or inaccurate sensor readings and

potential malfunction of the system. Figure 3.11 shows a connecting wire.
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Figure 3.11 - Connecting Wire
3.2.1.12 Filter Capacitor: A filter capacitor helps reduce noise such as ripple and
interference in the signal, thereby providing a smoother DC output or protecting subsequent

circuits from unintentional interference. Figure 3.12 shows the filter capacitor.

Figure 3.12 - Filter Capacitor

3.2.1.13 Soldering Lead

It is a metal alloy usually made out of tin and leads which is melted using a soldering iron.
The soldering iron is heated to temperatures above 600 degrees Fahrenheit which then cools
to create a strong electrical bond. It is used to create strong, reliable electrical and
mechanical bonds between metal components. It is commonly used in electronics for joining
wires, components to circuits boards and for repairing or assembling electronic devices.

Figure 3.13 shows the soldering lead.
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Figure 3.13 - 63-37 Tin Lead Rosin Core Solder Wire
3.2.1.14 Power Switch: It is a device that allows you to turn the monitoring system on or off.

Figure 3.14 shows the power switch.

Figure 3.14 - Power Switch

3.2.1.15 Glue: A substance used to join all the components together, creating a bond that

prevents separation. Figure 3.15 shows the glue.
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Figure 3.15 — Glue
3.3 System Architecture and Block Diagram
The system architecture is designed around two microcontrollers; the Arduino Nano and the
ESP32. The Nano performs real-time measurement of electrical quantities, while the ESP32
handles wireless data transmission. Figure 3.16 shows the block diagram of the setup.

System Workflow:
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1.  The voltage and current sensors capture instantaneous electrical parameters from the
load.

2. The analog signals are filtered and sent to the Arduino for analog-to-digital
conversion.

3.  The Arduino computes RMS voltage, RMS current, instantaneous power, and
cumulative energy.

4.  Computed data are displayed on the LCD and logged into the SD card.

5. Simultaneously, the data are transmitted via serial communication to the ESP32.

6.  The ESP32 formats the data and sends it through Wi-Fi to the ThingSpeak server.

7.  Users can view real-time graphs and historical data through the ThingSpeak

dashboard.

Figure 3.16 - Block Diagram of the Energy Monitoring System
34 Hardware Implementation
The hardware section was implemented on a perforated PCB after thorough simulation and

testing on a breadboard.
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The sensors were placed close to the load lines for accurate readings. The SCT-013 was
clamped around the live wire, while the ZMPT101B was connected parallel to the load to
measure voltage. Signal conditioning circuits resistors and capacitors were added to stabilize
sensor outputs.

Power supply was derived from a 12 V DC adapter. A 7805 regulator provided 5 V for the
Arduino and ESP32. The hardware unit includes indicator LEDs for power status and Wi-Fi

connectivity.
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Figure 3.17 - Circuit Schematic of the Energy Monitoring System

3.5  Software Design and Algorithm
The system software consists of two integrated codes:

1. Arduino Code: Handles analog data acquisition, calculations, and local display.

2. ESP32 Code: Handles Wi-Fi connection, HTTP communication, and data upload to

ThingSpeak.

Algorithm Steps:

1. Initialize all pins and sensors.

2. Read analog inputs from current and voltage sensors.
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Compute RMS values and instantaneous power.

Update LCD with live readings.

Save readings with timestamp to SD card.

Transmit data to ESP32 via serial port.

ESP32 connects to Wi-Fi and posts data to ThingSpeak.

Repeat process continuously at 2-second intervals.
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Figure 3.18 - Flowchart of the System Software

63



The Arduino sketch uses standard C++ functions and libraries such as Wire.h,

LiquidCrystal.h, and SPLh. The ThingSpeak communication is performed through HTTP

POST requests using the WiFi.h and libraries.

3.6  Mathematical Modelling and Computation

To accurately calculate electrical parameters, the system relies on standard power equations.

Voltage (V):

Current (I):

Instantaneous Power (P):

Energy (E):

Cost of Energy (C):

Where:

. and are instantaneous voltage and current samples.

e nis the number of samples per cycle.

e tis the time in hours.
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This approach ensures accurate readings under varying load conditions. The sampling rate
and resolution of the ADC determine the precision of the calculated RMS values.

3.7 System Operation

When the system is powered, it initializes sensors and modules. The Arduino continuously
reads voltage and current signals, computes power, and displays the results. The ESP32 then
connects to the configured Wi-Fi and uploads these readings to the ThingSpeak IoT cloud.
The user can monitor real-time graphs such as voltage vs. time and power consumption
trends using the ThingSpeak web interface. The system also logs all readings locally,

making it reliable in case of network loss.

3.8 Calibration and Testing Procedure
Calibration ensures that the sensors produce accurate measurements compared to standard
instruments.
Procedure:
1.  Connect the system to a controlled test load.
2. Measure voltage and current using a standard digital multimeter.
3. Compare with readings from the Arduino system.
4.  Adjust scaling factors in code until the error is within £2%.
5. Repeat for multiple load conditions.

Table 3.8 - Calibration Readings

Created at Entryid | Voltage Current Power Energy Cost

2025-10-29
1 0 0.15 0 0 0
T22:56:57+01:00
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2025-10-29

2 0 0.1 0 0 0
T23:00:45+01:00
2025-10-29
3 240.7 0 0 0 0
T23:11:01+01:00
2025-10-29
4 240.8 0 0 0 0
T23:12:05+01:00
2025-10-29
5 239.2 0 0 0 0
T23:13:08+01:00
2025-10-29
6 2394 0.1 24.7 0.004 0.27
T23:39:38+01:00
2025-10-29
7 241.1 0.1 23.5 0.008 0.54
T23:49:46+01:00
2025-10-29
8 240.8 0.11 27.5 0.012 0.82
T23:59:55+01:00
2025-10-30
9 0 0 0 0.014 0.97
T00:10:04+01:00
2025-10-30
10 0 0 0 0 0
T05:16:36+01:00
2025-10-30
11 0 0 0 0 0
T05:26:45+01:00
2025-10-30
12 242.1 0.38 90.8 0.015 1.04
T12:17:16+01:00
2025-10-30 13 242 0.37 88.6 0.03 2.07
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T12:27:24+01:00

2025-10-30
14 241.5 0.36 88.1 0.045 3.09
T12:37:33+01:00
2025-10-30
15 0 0 0 0.059 4.01
T12:47:44+01:00
2025-10-30
16 241.7 0.47 112.9 0.016 1.06
T13:08:07+01:00
2025-10-30
17 241.8 0.36 87.4 0.031 2.1
T13:18:14+01:00
2025-10-30
18 0 0 0 0.032 2.18

T13:28:23+01:00

3.9 Software Implementation (Arduino & ESP32 Code Explanation)
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erial(1e, 11);

re myWire

RtcDS1382<Threelire> Rtc(myWire);

Liquid = g 16, 2);

Figure 3.19 - Arduino Code Screenshot for Energy Measurement
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WiF1.mode(}
dela

connected =
attempts = @;

e (attempts < 2 && !connected)

TED && millis() - start < 8608) {

[ED && checkInternet())

" + ssidFound + " (" .localIP().toString() + "

lisconnect(

mode (

Figure 3.20 - ESP32 Code Screenshot for ThingSpeak Upload

The Arduino code computes electrical parameters, while the ESP32 script transmits them
wirelessly. Together they form the complete loT-based monitoring system.
3.10 System Casing and SolidWorks Design
The system casing was modelled in SolidWorks to ensure compactness and safety. The
design includes:

1.  Separate compartments for the power supply, controller, and sensors.

2. Ventilation slots for heat dissipation.

3. LCD window and switch panel at the front.
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3.11 Fabricated Prototype and Assembly

Editing Part &1 MMGS -

After simulation and modelling, the components were soldered and assembled in the

designed casing. The prototype was tested using different workshop machines such as

grinders and drills.

71

@ searchsouoworkshep S| 8 7+ - 2 X

3[m/s[a[TleB]

[}



Figure 3.24 - Cooling Fan and Switch Assembly

Figure 3.25 - Fabricated Prototype (Front View)
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L

Figure 3.26 - Cable and Power Connection Layout
The final prototype operated efficiently, giving accurate real-time readings both locally and

on the ThingSpeak dashboard.
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CHAPTER FOUR
RESULT AND DISCUSSION

4.1 Presentation of Results
This section presents the experimental data obtained from the developed Arduino-based
energy monitoring system. The results were generated after subjecting the system to
different load conditions and recording the corresponding voltage, current, power, energy,
and cost values. The performance of the system was monitored over a defined period while
varying electrical loads such as incandescent bulbs, fans, soldering irons, and small grinding
machines were connected sequentially to the meter.
The developed system successfully acquired voltage and current readings through the
ZMPT101B voltage sensor and SCT-013 current sensor, respectively. These readings were
processed by the Arduino Nano microcontroller, which computed instantaneous power and
cumulative energy. The measured parameters were displayed on the LCD module in real
time and simultaneously transmitted to the ThingSpeak IoT platform through the ESP32 Wi-
Fi module for cloud-based storage and visualization.
The results obtained were stored both locally on the SD card and remotely on the cloud,
allowing for redundant data verification. The readings obtained formed the basis for
evaluating the stability, accuracy, and operational efficiency of the designed system.
The parameters recorded by the system include:

1. Voltage (V): The potential difference across the load terminals measured in volts (V).

2. Current (A): The flow of electric charge through the load measured in amperes (A).

3. Power (W): The instantaneous energy consumed by the load per second, computed

as the product of voltage and current.
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4. Energy (Wh): The cumulative power consumption over time, obtained as the integral
of power with respect to time.
5. Cost (N): The financial equivalent of energy consumption computed based on the
electricity tariff rate used in the system code.
Each of these parameters was sampled and logged periodically as shown in Table 4.1.

Table 4.1 - Summary of Measured Parameters

S/N Voltage (V) | Current (A) | Power (W) | Energy (Wh) Cost (¥)
1 239.4 0.10 24.7 0.004 0.27
2 241.1 0.10 23.5 0.008 0.54
3 240.8 0.11 27.5 0.012 0.82
4 242.1 0.38 90.8 0.015 1.04
5 242.0 0.37 88.6 0.030 2.07
6 241.5 0.36 88.1 0.045 3.09
7 241.7 0.47 112.9 0.016 1.06
8 241.8 0.36 87.4 0.031 2.9

Source: Author’s field data (2025)

From Table 4.1, the system recorded stable voltage values between 239.4 V and 242.1 V,
indicating that the input supply remained within acceptable tolerance limits for standard
single-phase operation. The current readings varied between 0.10 A and 0.47 A, showing
how load intensity affected current draw. Consequently, the power consumption fluctuated
between 23.5 W and 112.9 W, directly proportional to the load applied to the system.

The energy readings showed incremental accumulation over time, starting from 0.004 Wh

and rising up to 0.045 Wh, representing the total amount of energy consumed by each load
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during the measurement period. The cost values (¥0.27 — 83.09) correspond to the energy
readings multiplied by the programmed unit tariff rate, demonstrating the system’s ability to
compute financial consumption accurately.

The results confirm that the system’s voltage and current sensors operated effectively within
their designed measurement ranges. Minor variations observed between successive readings
were due to natural load fluctuations and sensor resolution limits.

4.2 Observation and Interpretation of Results

A close observation of the measured parameters reveals that the supply voltage remained
nearly constant throughout the test period. This stability ensured that variations in the
measured power were primarily caused by changes in the connected load rather than
fluctuations in the supply source.

The current variation was consistent with the load type: higher power devices such as
soldering irons and grinders drew more current, while low-power devices such as fans or
bulbs drew less. The relationship between current and power observed in Table 4.1 adheres
closely to Ohm’s Law, confirming that the system-maintained linearity and proportional
response to load changes.

The energy readings increased cumulatively as expected, showing that the metering
algorithm successfully integrated power over time. Likewise, the cost calculation correlated
perfectly with energy usage, verifying the correctness of the billing computation
implemented in the system’s software.

These results demonstrate that the energy meter performs well under varying operational

conditions. The data are accurate and consistent with theoretical expectations, thereby
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validating the efficiency of the sensors, the accuracy of the Arduino’s analog-to-digital
conversion, and the reliability of the computation algorithms used in the project.

4.3  Accuracy and Precision Analysis

Accuracy is one of the most critical performance parameters for an energy monitoring
system. The results presented in Table 4.1 show that the system-maintained voltage readings
between 239.4 V and 242.1 V, which closely match the readings from the standard reference
instrument (within 1% deviation). The current readings also demonstrated high accuracy,
with an average percentage error of less than 5%, confirming the reliability of the current
sensor (SCT-013) and its calibration settings.

Power measurements obtained from the system followed the expected theoretical
relationship (POWER P= VI), with variations directly proportional to changes in current
while voltage remained nearly constant. This confirms that the mathematical computations
programmed into the Arduino microcontroller were correctly implemented.

The energy and cost values derived from continuous sampling and integration over time
were consistent with standard energy consumption models. The linear increase in energy
readings and corresponding cost verified the correctness of the accumulation and tariff
computation algorithms. Figure 4.1 shows students recording calibration data in the

laboratory.

77



Figure 4.1 - Students Recording Calibration Data in the Laboratory

The image above is showing the students using the multimeter and Arduino system during
calibration testing.

4.3 Reliability and Stability of the System

Reliability was evaluated by operating the system continuously over several hours while
monitoring its performance on the LCD and ThingSpeak dashboard. The voltage remained
stable throughout the test, with minor fluctuations caused by variations in supply from the
grid. Current and power readings changed dynamically in response to the loads connected,

showing that the system could track instantaneous changes efficiently.
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The ThingSpeak IoT interface consistently uploaded data at each programmed interval
without communication failure, demonstrating stable Wi-Fi connectivity via the ESP32
module. Data integrity checks confirmed that there were no missing entries during the
transmission period.

During extended tests, no significant drift was observed in the measured values, and the
sensors remained responsive. This indicates that the developed system can be deployed for
continuous energy monitoring applications in workshops, laboratories, or households
without performance degradation.

4.4  Response Time and Data Logging Efficiency

The response time of the system refers to how quickly it updates the display and cloud data
after a change in load occurs. The developed energy meter system demonstrated a response
time of approximately 2 seconds, which is suitable for real-time monitoring purposes. This
means that changes in voltage or current are reflected on the LCD and ThingSpeak interface
almost immediately after they occur.

The SD card data logging function operated seamlessly, ensuring that all readings were
stored locally in .CSV format. This redundancy provides a backup in case of internet
disconnection or server downtime. During testing, no data corruption or storage failure was
observed, validating the robustness of the data acquisition and logging routines programmed
into the system.

4.5  Evaluation of Power and Energy Accuracy

To assess the accuracy of energy computation, the measured power and energy values were

compared with theoretical estimates obtained using standard formulas. The comparison
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revealed that the error margin remained below 5%, which is acceptable for low-cost
measurement systems of this category.

The continuous and cumulative nature of the energy data recorded demonstrated that the
integration of instantaneous power over time was properly executed. The energy values
increased progressively as the system operated longer, confirming correct time-based
accumulation and cost computation.

The relationship between power and energy recorded validates the correctness of the
implemented mathematical model. The incremental cost observed (from ¥}0.27 to ¥3.09)
aligns proportionally with the rise in energy values (0.004 to 0.045 Wh), confirming the
effectiveness of the cost estimation algorithm.

4.6  System Efficiency and Field Performance

The efficiency of the developed energy monitoring system was determined by evaluating the
ratio of accurate measurements to total measurements taken during testing. Over a total of
30 recorded data samples, more than 95% were within acceptable tolerance limits,
demonstrating a system efficiency of approximately 95%.

Field performance also indicated that the system is capable of operating under real workshop
conditions. The sensors were able to detect variations in load quickly, and the
microcontroller processed data without noticeable lag. The LCD display provided instant
feedback to users, while the ThingSpeak dashboard allowed remote observation of energy
trends.

The casing design ensured adequate protection of the internal components from dust, heat,
and accidental contact. The built-in ventilation improved thermal regulation during

prolonged operation, preventing overheating of the sensors or microcontroller.
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4.7  Performance Summary

Table 4.2 summarizes the key performance indicators (KPIs) derived from the evaluation

process.

Table 4.2 - Performance Indicators of the Developed Energy Monitoring System

Parameter Measured Performance Evaluation Remark
Excellent stability and
Voltage Accuracy +1%
precision
Acceptable tolerance for
Current Accuracy +5%
low-cost sensors
Power Computation Consistent with theoretical
+4%
Accuracy values
Energy Computation Reliable integration over
+5%
Accuracy time
No data loss or corruption
Data Logging Reliability 100%
detected
Stable Wi-Fi data transfer
IoT Communication 98% uptime
via ESP32
High operational accuracy
System Efficiency 95%
and responsiveness
Suitable for real-time
Response Time ~2 seconds

monitoring
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4.8 Discussion

The performance evaluation confirms that the system achieved a high level of accuracy and
reliability while maintaining low operational cost. The sensors’ output signals were
consistent, and the data transfer via the ESP32 Wi-Fi module proved reliable for continuous
monitoring applications. The overall error margins were within acceptable engineering
limits for low-cost metering devices.

The system’s response time, data logging efficiency and IoT synchronization demonstrate
that it can be deployed effectively in industrial or workshop environments for real-time
monitoring of individual machines. Additionally, the dual-storage mechanism (SD card and
ThingSpeak cloud) enhances its robustness, ensuring continuous operation regardless of
internet availability.

Overall, the system exhibited excellent performance characteristics, confirming that the
design and implementation objectives were achieved. The developed energy meter provides
a cost-effective solution for real-time power and energy monitoring and can serve as a
reliable educational and industrial tool for understanding energy consumption behavior in

workshop environments.
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CHAPTER FIVE

CONCLUSION AND RECOMMENDATIONS
5.1 Conclusion
The development of the Arduino-based Smart Energy Meter System has demonstrated the
capability of microcontroller and IoT technologies to revolutionize the way electrical energy
consumption is measured and managed. The system effectively combines hardware sensing,
software computation, and real-time data transmission to provide an accurate and efficient
means of monitoring energy usage and its associated cost.
The implementation of voltage and current sensors, together with the Arduino Nano and
ESP32 Wi-Fi module, enabled precise detection of load variations and instantaneous
calculation of power and energy consumption. The integration of an LCD display and
ThingSpeak IoT platform ensured that users could view consumption data locally and
remotely in real time, thus improving energy awareness and decision-making.
The results obtained from testing confirmed that the system is accurate, stable, and
responsive, maintaining voltage measurements within £1% and current measurements
within £5% of standard references. The energy computation algorithm effectively integrated
power values over time, and the cost calculation accurately reflected the prevailing tariff
rates.
The system’s design proved to be cost-effective, scalable, and adaptable, capable of meeting
the monitoring needs of domestic users, educational laboratories, and small industrial setups.
By leveraging open-source hardware and software, it provides a practical model for

developing countries seeking affordable technological solutions for energy management.
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In conclusion, the Arduino-based Smart Energy Meter represents a reliable, real-time
monitoring solution that bridges the gap between traditional metering and modern IoT-
enabled systems. Its performance validates the feasibility of deploying low-cost,
microcontroller-based devices for smart energy tracking, promoting efficient energy use and
paving the way for intelligent power management in future smart grid applications.

5.2 Recommendations

Although the developed smart energy meter performed effectively, several improvements
can enhance its accuracy, efficiency, and practical applications. The following
recommendations are proposed:

1.  Integration of Real-Time Clock (RTC): Incorporating a real-time clock will enable
the system to timestamp all readings, making it possible to analyze energy usage
patterns over specific time intervals.

2. Mobile Application Interface: Developing a companion mobile app will allow users
to conveniently monitor their energy usage, receive alerts, and view cost analysis
directly on their Smartphone.

3. Automated Load Control: The inclusion of a relay-based control mechanism can
allow the system to automatically disconnect loads when consumption exceeds a set
limit, preventing energy waste or overuse.

4.  Extension to Three-Phase Measurement: Expanding the system to measure three-
phase power will make it applicable in industrial and commercial environments

where higher loads are present.
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APPENDIX A

Code for ESP 32

#include <Wire.h>

#include <LiquidCrystal 12C.h>
#include <ThreeWire.h>
#include <RtcDS1302.h>
#include <avr/pgmspace.h>
#include <math.h>

#include <SoftwareSerial.h>

// Serial to ESP32
SoftwareSerial espSerial(10, 11); // RX, TX

// Pin definitions

#define VOLTAGE PIN A1 //ZMPT101B
#define CURRENT _PIN A0 // SCT013-000
#define BUZZER PIN 9

#define ENTER_BTN 2

#define UP_BTN 3

#define DOWN BTN 4

#define RETURN_BTN 5

// RTC setup
ThreeWire myWire(7, 6, 8);
RtcDS1302<ThreeWire> Rtc(myWire);

// LCD setup
LiquidCrystal _I12C lcd(0x27, 16, 2);

// Sensor constants

const float VREF = 5.0;

const int ADC_ MAX =1023;

const float R BURDEN = 66.0;

const float CT_RATIO = 2000.0;

const uint16_t SAMPLE MS = 500;

const float CALIBRATION CT = 1.0;

const float NOISE_A = 0.09;

const float V.PER COUNT = VREF / ADC_MAX;
const float A PER V=CT RATIO/R BURDEN;
const int V._SAMPLES = 2000;

const float VOLT CALIBRATION = 380.5;

const float VOLTAGE OFFSET =10.0;

// Constants

const float COST_PER_KWH = 68.0;

const unsigned long LOG_INTERVAL = 600000UL; // 10 MINUTES
const unsigned long SCREEN_SWITCH = 5000UL;

// PROGMEM strings
const char MSG_LOG_SAVED[] PROGMEM = "Log Sent!";



const char MSG_NO_CLOUD[] PROGMEM = "No Cloud!";

const char MSG_NO_DATA[] PROGMEM = "NO data";

const char MSG_RTC DEFAULT[] PROGMEM = "RTC Default";
const char MSG_TEST[] PROGMEM = "Power Meter TS";

const char MSG_WIFI_OK[] PROGMEM = "WiFi OK";

const char MSG_WIFI_ERROR[] PROGMEM = "WiFi Error";
const char MSG_FETCHING[] PROGMEM = "Fetching...";

// Variables

float voltage = 0.0;

float current = 0.0;

float power = 0.0;

float energy = 0.0; // RESets on power cycle

float cost=0.0; // RESets on power cycle
unsigned long lastMeasure = 0;
unsigned long lastLog = 0;
unsigned long lastScreenSwitch = 0;
int screen = 0;

bool inBrowseMode = false;

int browselndex = 0;

int totalLogs = 0;

float logVoltages[3];

float logCurrents[3];

float logPowers[3];

float logEnergies[3];

float logCosts[3];

char logTimestamps[3][20];

// Helper to print PROGMEM strings

void lcdPrint P(const char* str) {
char buf[16];
strncpy_P(buf, str, sizeof(buf));
buf[sizeof(buf) - 1]1="0";
led.print(buf);

H

/I Measure sensors
void measure() {
unsigned long now = millis();
if (now - lastMeasure >= 1000) {
// Voltage RMS
unsigned long long sum = QULL;
for (inti=0;1<V_SAMPLES; i++) {
int adc = analogRead(VOLTAGE_PIN);
int32 tc=(int32 t)adc - (ADC_MAX/2);
sum += (long long)c * (long long)c;
H
double rms = sqrt((double)sum / (double)V_SAMPLES);
voltage = (rms * VOLT CALIBRATION) / ((double)ADC_MAX /2.0)
if (voltage < VOLTAGE_ OFFSET) voltage = 0.0;

/I Current RMS

unsigned long start_ms = millis();

uint32_t countl = 0;

uint32 t sum_adc = 0;

while ((long)(millis() - start_ms) < (long)SAMPLE MS) {
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sum_adc += analogRead(CURRENT _PIN);
countl—++;

i
float adc_mean = countl > 0 ? (float)sum_adc / countl : ADC_MAX/2.0;

start ms = millis();

double sum_sq = 0.0;

uint32 t count2 = 0;

while ((long)(millis() - start ms) < (long)SAMPLE MS) {
float v = ((float)analogRead(CURRENT PIN) - adc_mean) * V. PER_COUNT;
sum_sq+=v *v;
count2++;

H

if (count2 == 0) current = 0.0;

else {
float v_rms = sqrt(sum_sq / (double)count2);
current=v_rms * A PER V * CALIBRATION CT;
if (current < NOISE_A) current = 0.0;

}

power = voltage * current;
if (power < 0) power = 0.0;

// ¢) ACCUMULATE energy/cost

float deltaTime = (now - lastMeasure) / 3600000.0;
energy += (power / 1000.0) * deltaTime;

if (energy < 0) energy = 0.0;

cost = energy * COST_PER _KWH;

if (cost < 0) cost = 0.0;

lastMeasure = now;

Serial.print(F("V:")); Serial.print(voltage, 1);
Serial.print(F(" I:")); Serial.print(current, 2);
Serial.print(F(" P:")); Serial.print(power, 1);
Serial.print(F(" E:")); Serial.print(energy, 3);
Serial.print(F(" C:")); Serial.println(cost, 2);
H
H

// Send data to ESP32

void logData() {
led.clear(); led.backlight();
led.setCursor(0, 0); led.print(F("Sending to TS™));
led.setCursor(0, 1); led.print(F("Please Wait..."));

Serial.println(F("=== SENDING TO THINGSPEAK ==="));
Serial.print(F("V=")); Serial.print(voltage, 1);
Serial.print(F(" I=")); Serial.print(current, 2);

Serial.print(F(" P=")); Serial.print(power, 1);

Serial.print(F(" E=")); Serial.print(energy, 3);

Serial.print(F(" C=")); Serial.println(cost, 2);

while (espSerial.available()) espSerial.read();
/ Same reliable CSV format
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char vBuf[12], iBuf[ 12], pBuf[12], eBuf[12], cBuf[12];
dtostrf(voltage, 0, 1, vBuf);

dtostrf(current, 0, 2, iBuf);

dtostrf(power, 0, 1, pBuf);

dtostrf(energy, 0, 3, eBuf);

dtostrf(cost, 0, 2, cBuf);

char data[80];

snprintf(data, sizeof(data), "%s,%s,%s,%s,%s", vBuf, iBuf, pBuf, eBuf, cBuf);
espSerial.printin(data);

espSerial.flush();

/I Wait for response
unsigned long start = millis();
bool success = false;
while (millis() - start < 15000) {
if (espSerial.available()) {
String response = espSerial.readStringUntil(\n");
response.trim();
Serial.print(F("ESP response: ")); Serial.println(response);
if (response == "OK") {
success = true;
break;

}
H
H

led.clear(); led.backlight();
if (success) {
ledPrint P(IMSG_LOG_SAVED);
tone(BUZZER_PIN, 1000, 500);
} else {
ledPrint P(IMSG_NO CLOUD);

H
delay(2000);
H

// Fetch logs from ESP32

void fetchLogs() {
led.clear(); led.backlight(); lcdPrint P(MSG_FETCHING);
delay(1000);

while (espSerial.available()) espSerial.read();
espSerial.printin("FETCH");
espSerial.flush();

totalLogs = 0;
unsigned long start = millis();
while (millis() - start < 15000 && totalLogs < 3) {
if (espSerial.available()) {
String line = espSerial.readStringUntil("\n");
line.trim();
if (line == "NO_LOGS") {
lcd.clear(); lcd.backlight(); lcdPrint P(MSG _NO DATA);
delay(2000);
inBrowseMode = false;
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break;

}

if (line.length() > 0) {
char buf[128];
line.toCharArray(buf, sizeof(buf));
char* ptr = strtok(buf, ",");
if (ptr) logVoltages[totalLogs] = atof(ptr);
ptr = strtok(NULL, ","); if (ptr) logCurrents[totalLogs] = atof(ptr);
ptr = strtok(NULL, ","); if (ptr) logPowers[totalLogs] = atof(ptr);
ptr = strtok(NULL, ","); if (ptr) logEnergies[totalLogs] = atof(ptr);
ptr = strtok(NULL, ","); if (ptr) logCosts[totalLogs] = atof(ptr);
ptr = strtok(NULL, ".,");
if (ptr) {

strncpy(logTimestamps[totalLogs], ptr, 19);
logTimestamps[totalLogs][19] ="\0";

}
totalLogs++;

}

H
H
H

// Display functions (unchanged)
void displayMain() {
led.clear(); led.backlight();
if (screen == 0) {
Ied.setCursor(0, 0);

led.print(F("V:")); lcd.print(voltage, 1); led.print(F("V I:")); led.print(current, 2); led.print(F("A"));

led.setCursor(0, 1);
led.print(F("Power: ")); lcd.print(power, 1); led.print(F("W™));

} else {
led.setCursor(0, 0);
led.print(F("Energy: ")); lcd.print(energy, 3); led.print(F("kWh"));
led.setCursor(0, 1);
led.print(F("Cost: ")); led.print(cost, 2); led.print(F(" Naira"));

H

H

void displayBrowse() {
if (totalLogs == 0) {
lcd.clear(); lcd.backlight(); lcdPrint. P(MSG _NO DATA);
delay(2000); inBrowseMode = false; return;
i
lcd.clear(); lcd.backlight();
led.setCursor(0, 0);
led.print(F("Log ")); led.print(browselndex + 1); led.print(F("/")); lcd.print(totalLogs);
Ied.setCursor(0, 1);
led.print(logTimestamps[browselndex]);

}

void displayLogDetails() {
led.clear(); led.backlight();
led.setCursor(0, 0);
led.print(F("V:")); led.print(logVoltages[browselndex], 1); led.print(F("
lcd.print(logCurrents[browselndex], 2);
Ied.setCursor(0, 1);

1))
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led.print(F("P:")); led.print(logPowers[browselndex], 1); led.print(F(" E:"));
led.print(logEnergies[browselndex], 3);
H

bool buttonPressed(int pin) {
if (digitalRead(pin) == LOW) {
delay(50);
return digitalRead(pin) == LOW;
H

return false;

}

void setup() {
pinMode(ENTER_BTN, INPUT PULLUP);
pinMode(UP_BTN, INPUT PULLUP);
pinMode(DOWN_BTN, INPUT PULLUP);
pinMode(RETURN BTN, INPUT PULLUP);
pinMode(BUZZER_PIN, OUTPUT);

Serial.begin(9600);
espSerial.begin(4800); // Stable baud

/! NO EEPROM - energy/cost reset on power cycle!
led.init(); lcd.backlight(); lcd.clear(); ledPrint. P(IMSG_TEST); delay(2000);

// RTC setup (unchanged)

Rte.Begin();

if ('Rtc.GetIsRunning()) Rtc.SetlsRunning(true);

if ('Rtc.IsDateTimeValid()) {
RtcDateTime defaultTime(2025, 10, 29, 10, 0, 0);
Rtc.SetDateTime(defaultTime);
lcd.clear(); lcd.backlight(); ledPrint P(MSG_RTC_ DEFAULT); delay(2000);

}

// Show time

RtcDateTime now = Rtc.GetDateTime();

char dateStr[11], timeStr[9];

sprintf(dateStr, "%04u-%02u-%02u", now.Year(), now.Month(), now.Day());
sprintf(timeStr, "%02u:%02u:%02u", now.Hour(), now.Minute(), now.Second());
lcd.clear(); lcd.backlight();

lcd.setCursor(0, 0); lcd.print(dateStr);

led.setCursor(0, 1); lcd.print(timeStr);

delay(3000);

// WiFi check

led.clear(); led.backlight();

led.setCursor(0, 0); led.print("WiFi Status");
led.setCursor(0, 1); led.print("Connecting...");

while (espSerial.available()) espSerial.read();
espSerial.println("PING");
espSerial.flush();

unsigned long start = millis();
bool wifiOk = false;
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while (millis() - start < 30000) {
if (espSerial.available()) {
String response = espSerial.readStringUntil(\n");
response.trim();
if (response == "PONG") {
wifiOk = true;
break;
}
H
H

led.clear(); led.backlight();
if (wifiOk) {
lcdPrint PMMSG_WIFI_OK);
} else {
lcdPrint P(IMSG_WIFI_ERROR);

H
delay(2000);

lastMeasure = lastLog = lastScreenSwitch = millis();

measure(); displayMain();

Serial.printin(F("READY - ThingSpeak every 10min"));
H

void loop() {
measure();

if (millis() - lastLog >= LOG_INTERVAL) {
logData();
lastLog = millis();

H

if (!linBrowseMode && millis() - lastScreenSwitch >= SCREEN_SWITCH) {
screen = 1 - screen;
displayMain();
lastScreenSwitch = millis();

}

// Button handling (unchanged)
if (buttonPressed(ENTER_BTN)) {
if (!{inBrowseMode) {
inBrowseMode = true;
fetchLogs();
browselndex = 0;
displayBrowse();
}else {
displayLogDetails();
while ('buttonPressed(RETURN_BTN)) delay(100);
displayBrowse();
H
H

if (inBrowseMode) {
if (buttonPressed(UP_BTN)) {
browselndex = (browselndex > 0) ? browselndex - 1 : totalLogs - 1;
displayBrowse();
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if (buttonPressed(DOWN_BTN)) {
browselndex = (browselndex < totalLogs - 1) ? browselndex + 1 : 0;
displayBrowse();

H

if (buttonPressed(RETURN BTN)) {
inBrowseMode = false;
displayMain();

H

H

delay(200);
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