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PEO IV

To install the values, skills, leadership and team spirit for comprehensive and wholesome
personality, to promote entrepreneurial interest among students and to create a fervor for use

of Engineering in addressing societal concerns.

PROGRAM OUTCOMES (POs)
Engineering Graduates will be able to:

1. Engineering knowledge: Apply the knowledge of mathematics, science, engineering
fundamentals, and an engineering specialisation to the solution of complex engineering

problems.

2. Problem analysis: Identify, formulate, review research literature, and analyse complex
engineering problems reaching substantiated conclusions using first principles of

mathematics, natural sciences, and engineering sciences.

3. Design/development of solutions: Design solutions for complex engineering problems and
design system components or processes that meet the specified needs with appropriate
consideration for the public health and safety, and the cultural, societal, and environmental

considerations.

4. Conduct investigations of complex problems: Use research-based knowledge and research
methods including design of experiments, analysis and interpretation of data, and synthesis of

the information to provide valid conclusions.

5. Modern tool usage: Create, select, and apply appropriate techniques, resources, and modern
engineering and IT tools including prediction and modelling too complex engineering

activities with and understanding of the limitations.

6. The engineer and society: Apply reasoning informed by the contextual knowledge to assess
societal, health, safety, legal and cultural issues and the consequent responsibilities relevant

to the professional engineering practice.
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effective reports and design documentation, make effective presentations, and give and

receive clear instructions.

11. Project management and finance: Demonstrate knowledge and understanding of the
engineering and management principles and apply these to one’s own work, as a member and

leader in a team, to manage projects and in multidisciplinary environment

12. Life-long learning: Recognize the need for and have the preparation and ability to engage

in independent and life-long learning in the broadest context of technological change.
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vii



COURSE OBJECTIVE

» To develop the ability to solve a specific problem right from its identification and literature

review till the successful solution of the same.

* To train the students in preparing project reports and to face reviews and viva voce

examination,
COURSE OUTCOME

* On completion the students can able to execute the proposed plan and identify and

overcome the bottle necks during each stage.

*  On Completion of the project work students will be in a position to take up any challenging

practical problems and find solution by formulating proper methodology.
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ABSTRACT

This project titled “Predictive Maintenance System Using IOT For Airconditioning
System In Common Buildings” has been conceived having studied the predictive
maintenance in air conditioning system. In commercial buildings, multiple split air
conditioning (AC) units operate independently, leading to challenges in monitoring,
maintenance, and energy efficiency. The system utilizes temperature sensors (indoor, outdoor,
and condenser) and current sensors to track unit performance and detect anomalies in real
time. By leveraging IoT-based data acquisition, cloud computing, and automated alert
mechanisms, the system enables proactive fault detection and optimized cooling performance.
A unified dashboard provides building managers with real-time insights into system health,
energy consumption, and cooling efficiency. The predictive maintenance model reduces
unplanned breakdowns, extends AC unit lifespan, and optimizes energy usage through

dynamic load balancing.

Keywords:

Real-time monitoring, 10T, predictive maintenance, centralized control, fault detection
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CHAPTER 1

INTRODUCTION

1.1  OVERVIEW OF PREDICTIVE MAINTENANCE

Predictive maintenance is a proactive approach to equipment maintenance
that leverages data-driven techniques to anticipate failures before they occur. Unlike
reactive maintenance, which addresses issues after they arise, or preventive
maintenance, which follows scheduled inspections and servicing, predictive
maintenance utilizes real-time data and advanced analytics to optimize maintenance

schedules and enhance operational efficiency.

Key Components of Predictive Maintenance:

1.Sensors and Data Acquisition: Predictive maintenance systems rely on
various sensors to monitor parameters such as temperature, vibration, pressure, current,
and acoustics. These sensors collect real-time data from machinery and equipment.

2.Data Processing and Analytics: The acquired data is processed using
advanced analytics, including statistical models, machine learning algorithms, and
artificial intelligence. This helps in identifying patterns and anomalies that indicate
potential failures.

3.Condition Monitoring: Predictive maintenance involves continuous or
periodic condition monitoring, where equipment performance is assessed in real-time.
Techniques such as vibration analysis, infrared thermography, ultrasonic testing, and
oil analysis are commonly used.

4.Predictive Modelling and Fault Diagnosis: Based on historical and real-time
data, predictive models are developed to assess the health of equipment and predict
failures. These models enable early detection of potential issues, allowing for timely

interventions.



5.Automated Alerts and Decision-Making: When anomalies or potential
failures are detected, the system generates alerts and provides actionable insights for

maintenance teams. This reduces downtime and prevents costly repairs.

Dashboards

aul

v

(——— = ]
== B —da— >\

(]

Analytics and Algorit
Alerts

Air Conditioner Data Historian Data Storage

Fig 1 METHODOLOGY OF PREDICTIVE MAINTENANCE

Benefits of Predictive Maintenance:

1.Increased Equipment Lifespan: By addressing issues before they lead to
major failures, predictive maintenance extends the lifespan of machinery.

2.Reduced Downtime: Timely detection of faults minimizes unplanned
shutdowns, ensuring continuous operation.

3.Cost Savings: Predictive maintenance reduces repair costs and minimizes
labour expenses associated with emergency breakdowns.

4.Enhanced Safety: Preventing unexpected failures improves workplace safety
and reduces the risk of accidents.

5.0ptimized Resource Utilization: Maintenance activities are scheduled based
on actual equipment conditions rather than fixed timelines, leading to better resource

management.



Applications of Predictive Maintenance:

Predictive maintenance is widely used in industries such as manufacturing,

automotive, aerospace, energy, and healthcare. It plays a critical role in ensuring the

reliability of industrial machinery, power plants, HVAC systems, and transportation

fleets.

Significance of Predictive Maintenance

Reduces downtime by predicting failures in advance.
Improves efficiency by scheduling maintenance only when necessary.
Lowers maintenance costs by preventing unexpected breakdowns.

Enhances equipment lifespan through optimal operation monitoring.

1.2 IMPORTANCE IN AIR CONDITIONING MAINTENANCE

Ensured Energy Efficiency & Cost Savings — Conducted routine maintenance
to optimize air conditioning system performance, reducing energy consumption
and operational costs.

Extended Equipment Lifespan — Performed preventive maintenance to
minimize wear and tear, enhancing system longevity and reliability.

Improved Indoor Air Quality — Regularly cleaned and replaced filters to
maintain healthy air circulation and prevent contamination.

Prevented System Failures — Identified and addressed potential issues early,
reducing downtime and costly repairs.

Ensured Compliance & Safety — Monitored refrigerant levels, electrical
components, and system operations to meet safety regulations and manufacturer

warranty requirements.



1.3 CHALLENGES IN TRADITIONAL AC MAINTENANCE

High Energy Consumption Due to Inefficient Maintenance Traditional AC
maintenance often follows a reactive approach, where servicing is performed only after
a noticeable decline in performance. This leads to increased energy consumption, as

dirty coils, clogged filters, and refrigerant leaks reduce system efficiency.

Manual Inspection Limitations

Technicians rely on manual checks for identifying faults, which can be time-
consuming and prone to errors. Issues such as refrigerant leaks, electrical faults, or
sensor failures may go undetected until they cause significant performance drops or

system breakdowns.

Increased Operational Costs
Irregular maintenance increases the likelihood of unexpected failures, leading to
costly emergency repairs and component replacements. The absence of predictive

maintenance results in higher long-term expenditures for businesses and homeowners.

Poor Indoor Air Quality Management
Neglected maintenance leads to dust accumulation, microbial growth, and poor
ventilation, reducing indoor air quality. Traditional methods often fail to monitor real-

time air quality parameters, making it difficult to ensure a healthy indoor environment.

Lack of Smart Monitoring and Predictive Maintenance

Conventional AC systems lack loT-based sensors for real-time monitoring and
predictive maintenance. Without automated alerts, issues such as overheating, motor
inefficiencies, and airflow blockages remain undetected until significant damage

oCcCurs.



Traditional AC maintenance faces multiple challenges, from inefficient energy
consumption to high operational costs and inadequate air quality management.
Addressing these issues requires the integration of smart technologies, predictive
maintenance strategies, and eco-friendly refrigerant management systems to enhance

system performance and sustainability.

1.4. CHALLENGES IN TRADITIONAL AC MAINTENANCE

IoT-enabled predictive maintenance relies on various sensors, such as
temperature sensors, vibration sensors, pressure sensors, and humidity sensors, which
are installed on equipment. These sensors continuously monitor key performance

indicators (KPIs) and transmit real-time data to a centralized system.

Cloud-Based Data Processing and Storage

The collected data is sent to cloud-based platforms where it is processed and
analysed. Cloud computing ensures large-scale data storage, fast processing, and
remote accessibility. This eliminates the limitations of traditional maintenance, where

manual data logging and local storage could lead to inefficiencies.

Al & Machine Learning for Predictive Analysis

IoT-powered predictive maintenance uses Al and machine learning algorithms
to analyse historical and real-time data. These algorithms identify patterns, detect
anomalies, and predict potential failures before they happen. For example, if a motor’s
vibration levels exceed normal thresholds, the system can alert maintenance teams to

take preventive action before a breakdown occurs.



Automated Alerts and Remote Monitoring

IoT-based systems provide automated alerts and notifications to maintenance
teams via mobile apps, dashboards, or emails. This enables remote monitoring of
machinery, reducing the need for on-site inspections. Maintenance personnel can access
live data and take necessary actions from anywhere, improving response time and

efficiency.

Reduced Downtime and Maintenance Costs

Traditional maintenance approaches often result in either excessive maintenance
(unnecessary part replacements) or unexpected failures (leading to costly repairs). [oT-
based predictive maintenance optimizes maintenance schedules by servicing equipment
only when needed. This leads to reduced downtime, lower maintenance costs, and

extended equipment lifespan.

Enhanced Safety and Compliance

IoT-based monitoring helps ensure equipment operates within safe parameters.
By detecting early signs of overheating, abnormal pressure, or leaks, predictive
maintenance prevents hazardous failures. Additionally, industries that require
compliance with safety and regulatory standards can use [oT for automated reporting

and documentation.

Applications of IoT in Predictive Maintenance

« Manufacturing Industry — IoT-enabled predictive maintenance helps monitor

CNC machines, motors, and assembly lines to prevent unplanned production

halts.



« HVAC Systems — Smart sensors detect temperature issues, water leaks, and
compressor faults, ensuring optimal performance and energy efficiency.

« Automotive Industry — IoT-based vehicle diagnostics predict engine or battery
failures, reducing breakdown risks.

« Energy Sector — Power plants and wind turbines use IoT sensors to predict

faults in generators, transformers, and transmission lines.

IoT has revolutionized predictive maintenance by enabling real-time monitoring,
automated diagnostics, and data-driven decision-making. By integrating smart sensors,
Al-based analytics, and cloud computing, businesses can optimize maintenance
strategies, reduce operational costs, and improve equipment reliability. As IoT
continues to evolve, predictive maintenance will become even more efficient, driving

innovation in various industries.

Project Graphical Flow Chart
The diagram represents the IoT-based predictive maintenance system for an air
conditioner using Thing Speak and Blynk for real-time monitoring and control.
1. Air Conditioner (Data Acquisition)
o Sensors collect temperature, humidity, pressure, and energy
consumption data.
o Data is transmitted to the IoT platform for processing.
2. Thing Speak (IoeT Analytics with MATLAB)
o Provides real-time visualization, cloud storage, and anomaly
detection for predictive maintenance.
3. Blynk (Remote Monitoring & Control)
o Enables remote monitoring, alerts, and control of the air conditioner

via a mobile app.
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CHAPTER 2
LITERATURE REVIEW

2.1 LITERATURE REVIEW

[1] Predictive Maintenance of HVAC Systems using Machine Learning

Author(s): Nitin Goyal, Naman Gupta, Palak Bhatnagar, Poorva Jain, Priya Rai, Mukul
Malik

Summary:

The paper explores the application of machine learning and IoT sensors for predictive
maintenance of HVAC systems. It highlights how predictive analytics can reduce
system downtime by up to 70% and improve overall efficiency by 10%. The study
discusses various fault detection techniques, data-driven diagnostics, and future
potential advancements in Al-driven HVAC maintenance, ensuring cost savings and

improved reliability.

[2] Predictive Maintenance Strategies for HVAC Systems: Leveraging MPC,

Dynamic Energy Performance Analysis, and ML Classification Models

Author(s): Divyansh Singh, Mohd Arshad, Bhaumik Tyagi, Garv Kalia Journal Name:
Iconic Research and Engineering Journals (IRE Journals), Volume 7,Issue-

4,ISSN:2456-8880

Summary:

This paper presents various predictive maintenance strategies for HVAC
systems using machine learning models like Random Forest and Artificial Neural
Networks (ANN). It investigates how predictive control techniques, such as Model

Predictive Control (MPC), can enhance energy efficiency and fault detection. The

9



study also introduces real-time performance benchmarking to identify deviations in
HVAC operations, reducing energy consumption and operational costs. The
implementation of an ANN-based Model Predictive Control system is shown to further

optimize maintenance scheduling and system performance.

[3] Internet of Things and Deep Learning-Enhanced Monitoring for Energy
Efficiency in Older Buildings

Author(s): M. Arun, Gokul Gopan, Savithri Vembu, Dilber Uzun Ozsahin, Hijaz
Ahmad, and Maged F. Alotaibi

Journal Name: Case Studies in Thermal Engineering

Summary:

This research explores the integration of IoT and deep learning techniques for
predictive maintenance in older buildings. It proposes an IoT-enabled energy
management system that uses Deep Learning-enhanced Predictive Energy Modeling
(DL-PEM) to optimize energy consumption. The study highlights how real-time data
collection, cloud-based processing, and Al-driven fault detection can significantly
reduce operational costs and improve sustainability. Additionally, the research
addresses the challenges of retrofitting older infrastructure with modern smart
technologies, ensuring energy efficiency without requiring extensive structural

modifications.

10



[4] Fault Detection, Diagnostics, Prognostics, and Fault Modelling in
HVAC Systems

Author(s): Vijay Singh, Jyotirmay Mathur, Aviroch Bhatia

Journal Name: International Journal of Refrigeration

Summary:

Efficient HVAC systems are crucial due to their high energy consumption and
operational complexity. This review highlights the transition from traditional rule-
based fault detection methods to modern data-driven approaches, which offer
improved accuracy and early fault identification. The study emphasizes the growing
importance of integrating artificial intelligence and machine learning in HVAC
diagnostics to enhance system reliability, reduce maintenance costs, and improve

overall energy efficiency.

[S] IoT-Based Predictive Maintenance Using AI/ML: A Systematic Review

Author(s): Rohit Raj, Kishor Kolhe, Vitthal Gutte, Laxmikant Kathare

Summary:

This paper investigates how the Industrial Internet of Things (IloT) enhances
predictive maintenance strategies using artificial intelligence and machine learning
techniques. It discusses the role of 1IoT in optimizing processes, improving Overall
Equipment Effectiveness (OEE), and minimizing unplanned downtime in
manufacturing environments. By leveraging real-time data analytics, the study
demonstrates how predictive maintenance can significantly reduce operational costs,
prevent unexpected equipment failures, and enhance productivity in industrial

systems.
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[6] Review of Predictive Maintenance Algorithms Applied to HVAC Systems
Author(s): Niima Es-sakalia, Moha Cherkaouia, Mohamed Oualid Mghazlib, Zakaria
Naimi

Journal Name: ScienceDirect (Elsevier)
Summary:

Predictive maintenance for HVAC systems integrates online health assessments
and IoT-enabled sensors to forecast potential equipment failures, thereby minimizing
unexpected downtimes, reducing operational costs, and enhancing overall system
reliability. This review categorizes predictive maintenance algorithms into three main
types: knowledge-based, physics-based, and data-driven approaches. The study
provides a comparative analysis of these methods, highlighting their strengths and
limitations while demonstrating how predictive strategies significantly improve energy

efficiency and prolong HVAC system lifespan.

[7] Fault Detection and Diagnosis for Buildings and HVAC Systems Using
Combined Neural Networks and Subtractive Clustering Analysis Author(s):
Zhimin  Du, Bo Fan, Xingiao Jin, Jinleti Chi Summary:

This study presents an innovative fault detection and diagnostic framework for
HVAC systems, utilizing a hybrid approach that combines neural networks with
subtractive clustering analysis. The methodology enhances the system's ability to
identify and classify various faults, including sensor inaccuracies and valve failures,
with improved precision. Additionally, the incorporation of subtractive clustering
enables the detection of previously unknown faults, contributing to a more adaptive
fault library. The research underscores the effectiveness of this approach in optimizing

energy efficiency, reducing maintenance costs, and improving indoor thermal comfort.

12



[8] Theory and applications of HVAC control systems — A review of model
predictive control (MPC)

Author(s): A. Afram, F. Janabi-Sharifi
Journal Name: Building and Environment, vol. 72, pp. 343-355, 2014 Summary:
This paper provides a comprehensive overview of model predictive control (MPC)
applications in HVAC systems. It explains how MPC can optimize HVAC performance
by predicting future system behaviour and adjusting control strategies accordingly. The
review highlights the advantages of MPC over conventional control methods, such as
better energy efficiency, improved indoor comfort, and adaptability to varying
environmental conditions. The paper also identifies implementation challenges,

including model complexity and computational demand.

[9] Review Article: Methods for fault detection, diagnostics, and prognostics for
building systems—A review, Part I
Author(s): J. Katipamula, M. R. Brambley
Journal Name: HVAC&R Research, vol. 11, no. 1, pp. 3-25, 2005 Summary: This
foundational review discusses various methods for fault detection, diagnostics (FDD),
and prognostics in building HVAC systems. The authors classify FDD techniques into
model-based and data-driven approaches, discussing their respective benefits and
limitations. The study underscores the need for integrated and automated FDD systems
to minimize energy losses and enhance maintenance efficiency, laying the groundwork

for further innovations in building system monitoring.

13



[10] A review of fault detection and diagnostics methods for commercial building
HVAC systems

Author(s): M. J. Kim, S. Katipamula
Journal Name: Energy and Buildings, vol. 124, pp. 187-202, 2016 Summary: This
paper offers a detailed analysis of fault detection and diagnostics methods tailored to
commercial HVAC systems. It reviews both physics-based and data-driven strategies,
emphasizing the trade-offs between accuracy, computational cost, and scalability. The
study points to the growing role of machine learning and sensor networks in enhancing
real-time fault detection, which supports smarter energy management and operational

reliability in commercial buildings.

[11] A review of smart building sensing system for better indoor environment
control

Author(s): B. Dong, Y. Cao, S. E. Lee, Z. O’Neill
Journal Name: Energy and Buildings, vol. 199, pp. 29-46, 2019 Summary:
This literature review explores the role of smart sensing technologies in managing
indoor environmental quality. It discusses different types of sensors used in smart
buildings, their integration into HVAC systems, and their impact on occupant comfort
and energy use. The paper also highlights the challenges of sensor deployment, data

reliability, and the need for advanced control algorithms to fully leverage real-time data.
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[12] Data-driven methods for predictive maintenance of building systems using
machine learning

Author(s): H. Li, Y. Zhang, Z. O’Neill, B. Dong Journal Name:
Energy and Buildings, vol. 221, 110102, 2020 Summary:

This study reviews various machine learning algorithms applied to predictive
maintenance in building HVAC systems. It discusses supervised, unsupervised, and
reinforcement learning models for predicting equipment failures and optimizing
maintenance schedules. The paper emphasizes the value of historical operational data
and sensor fusion in improving prediction accuracy, ultimately leading to lower

maintenance costs and enhanced system longevity.

[13] Data-Driven Approaches for Predictive Maintenance of HVAC Equipment:
A Review

Author(s): M. Sharifzadeh, A. Afshari, A. Rezaei
Journal Name: Journal of Building Engineering, vol. 45, 103492, 2022 Summary:
This recent review investigates emerging data-driven methods for predictive
maintenance in HVAC equipment. It categorizes techniques into statistical, machine
learning, and hybrid approaches. The study also covers challenges such as data quality,
model interpretability, and real-time application constraints. The authors call for the
integration of IoT and cloud computing to support scalable predictive maintenance

solutions.
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[14] The use of calibrated simulation models for fault detection and diagnostics in
buildings

Author(s): D. E. Claridge, M. Liu, W. D. Turner, J. S. Haberl Journal Name:
Energy and Buildings, vol. 33, no. 8, pp. 783-791, 2001 Summary:

This paper discusses how calibrated building energy simulation models can be used for
fault detection and diagnostics. It outlines the process of calibrating simulation outputs
with actual operational data to identify discrepancies caused by faults. The study
demonstrates that simulation-based diagnostics can offer high accuracy in detecting

performance degradation, though model calibration remains time-intensive.

[15] Model-based fault detection and diagnosis for a hybrid HVAC system
Author(s): A. Schirrer, M. Kozek
Journal Name: Energy and Buildings, vol. 74, pp. 130-140, 2014 Summary: This
paper presents a model-based FDD framework designed for hybrid HVAC systems,
integrating both air- and water-based subsystems. The authors use system modeling and
observer-based techniques to identify faults in components such as heat exchangers and
valves. The results demonstrate that model-based FDD can effectively detect and isolate

faults while maintaining system efficiency and operational continuity.

16



2.2 OBJECTIVE AND SCOPE OF PROJECT

Predictive Maintenance Integration:

Utilize IoT sensors and Al-driven predictive algorithms to monitor
HVAC system health.

Implement real-time diagnostics to predict potential failures and prevent

unexpected breakdowns.

Fault Detection and Diagnosis:

Develop a hybrid approach combining neural networks and clustering

analysis for accurate fault detection.

Classify various faults, including sensor errors, valve failures, and airflow

inefficiencies.

Scalability and Adaptability:

Energy

Ensure the system can be applied to various HVAC configurations across

different building types.

Design a flexible model capable of integrating new technologies and

evolving predictive maintenance methods.

Monitoring:
Continuously track energy usage patterns of HVAC systems.

Identify inefficiencies and optimize energy consumption using real-

time data.

17



CHAPTER 3

SYSTEM DESIGN AND METHODOLOGY

3. SYSTEM DESIGN AND METHODOLOGY

This system is designed to enable real-time monitoring, predictive

maintenance, and remote control of motors, improving operational efficiency and

reducing downtime. The methodology follows a structured process:

1. Real-time Data Collection

o Sensors continuously monitor key parameters such as temperature,
vibration, energy consumption, and operational status to detect
abnormalities.

. Wi-Fi Integration

o The collected data is transmitted wirelessly to a centralized [oT system
for processing and analysis.

. Centralized System

o A cloud-based or local server securely stores and processes the data,
providing seamless access for further analysis.

. Predictive Analysis

o Al-based algorithms analyze data trends to detect potential failures and
optimize maintenance schedules, enhancing system reliability.

. Real-time Monitoring Dashboard

o A user-friendly dashboard displays live system performance, alerts, and

analytics, allowing operators to make informed decisions.

This methodology ensures a proactive maintenance approach, minimizing

unexpected failures and maximizing equipment lifespan while optimizing resource

utilization.
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Fig 3 SYSTEM DESIGN AND METHODOLOGY
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3.1 ARCHITECTURE OF THE 10T-BASED SYSTEM

1. Introduction

The integration of the Internet of Things (IoT) into air conditioning (AC) systems

enhances operational efficiency, reduces energy consumption, and enables predictive

maintenance. This system utilizes loT-enabled sensors, data processing modules, and

cloud-based analytics to optimize AC performance and prevent unexpected failures.

2. System Components

The IoT-based predictive maintenance system consists of the following key

components:

2.1. 10T Sensors and Data Acquisition

Temperature Sensors: Monitor room temperature and AC unit efficiency.
Humidity Sensors: Track indoor humidity levels affecting cooling
performance.

Vibration Sensors: Detect abnormal vibrations indicating potential faults.
Current & Voltage Sensors: Measure power consumption and electrical
issues.

Wi-Fi Modules: Enable wireless communication between AC units and

the central platform.

2.2. IoT Gateway

Aggregates sensor data and transmits it to the cloud or local servers.
Ensures seamless connectivity between the sensors and the analytical
system.

Uses Wi-Fi or LoRa communication for real-time data exchange.
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2.3. Cloud Computing & Data Processing
o The cloud-based system collects, processes, and analyzes real-time data.
o Machine learning algorithms predict potential failures based on historical
trends.

« The system triggers maintenance alerts before breakdowns occur.

2.4. User Dashboard & Control Interface
« A web-based or mobile application provides real-time insights into AC
performance.
o Users can remotely monitor AC units, energy consumption, and
maintenance alerts.

« Allows remote control of AC settings to optimize cooling efficiency.

X REAL-TIME DATA
COLLECTION

ﬁg @ USING SENSORS

CENTRALIZED

SYSTEM

; PREDICTIVE

REAL-TIME

e aateals MONITORING
with MATLABS DASHBOARD

FIG 4 WORK FLOW CHART
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3.2 SYSTEM ARCHITECTURE

The IoT-based predictive maintenance system follows a multi-layered

architecture:

3.2.1.

Perception Layer (Sensor Layer)
Comprises physical sensors attached to AC units to collect real-time
operational data.

Includes temperature, humidity, vibration, and power sensors.

3.2.2 Network Layer

3.23.

3.24.

Transfers data from sensors to the cloud via Wi-Fi, LoRa, or MQTT

protocols.
Ensures secure and reliable communication between the devices and the

SCrver.

Processing Layer
Data is stored and processed using cloud servers or edge computing devices.
Al-based predictive maintenance models analyze patterns and detect

anomalies.

Application Layer

The user interface (dashboard) displays analyzed data in a comprehensible
format.

Allows users to monitor AC performance, adjust settings, and receive

maintenance alerts.

3.2.5. Benefits of the IoT-Based System

« Reduced Energy Consumption: Optimizes cooling based on real-time data.

« Predictive Maintenance: Prevents costly repairs by identifying faults early.

« Remote Monitoring & Control: Enhances user convenience and AC efficiency.

« Cost Savings: Reduces electricity bills and maintenance expenses.
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3.3 SENSOR Selection and Placement
3.3.1 Sensor Selection
To achieve accurate real-time monitoring and predictive maintenance,
carefully selecting the appropriate sensors is crucial. The selection process
considered measurement accuracy, response time, power efficiency,

environmental durability, and ease of integration with [oT systems.

3.3.2. Temperature and Humidity Sensors (FIG 5)

Purpose:
. Monitor air conditioning efficiency by measuring room and outlet
air temperatures.
. Detect temperature fluctuations that indicate AC malfunctions such
as refrigerant leaks or airflow blockages.

. Measure humidity to assess indoor air quality and cooling

effectiveness.

FIG 5 HUMIDITY AND TEMPERATURE SENSOR
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Usage in Predictive Maintenance:
. Sudden temperature spikes could indicate compressor inefficiency,
refrigerant leakage, or clogged filters.
. Slow cooling response suggests restricted airflow or faulty
thermostat calibration.
. High humidity levels indicate poor ventilation, filter clogging, or

dehumidifier failure.

3.3.3. Current Sensors (SMT Current Sensor (FIG 6)

Purpose:

. Monitor real-time power consumption of the AC system.

. Detect electrical faults, overcurrent conditions, and phase
imbalances.

. Identify inefficiencies such as excessive power draw due to

mechanical issues.

FIG 6 CURRENT SENSORS (SMT CURRENT SENSOR, COIL
CURRENT SENSOR ZMT)

Usage in Predictive Maintenance:

. Increased power consumption may indicate clogged filters,
refrigerant loss, or failing motor bearings.

. Voltage drops or spikes may signal electrical surges, wiring issues,

or phase imbalance.
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3.3.4. Microcontrollers and Communication Modules (ESP32, Arduino
Nano)
Purpose:
. Act as the central processing unit for the loT-based

monitoring system.

. Collect, process, and transmit real-time sensor data to the
cloud.

. Enable wireless communication and remote-control
capabilities.

Usage in Predictive Maintenance:

. ESP32 (FIG 7) enables wireless data transfer for remote
monitoring via [oT dashboards.

. Arduino Nano interfaces with sensors, collects data, and

transmits it to the ESP32 module.

FIG 7 ESP32 & ARDUINO NANO

3.4. SENSOR PLACEMENT
Correct sensor placement is essential for ensuring data accuracy and
reliability. Sensors must be strategically positioned to capture critical

performance indicators while minimizing interference.
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3.4.1. Temperature and Humidity Sensor Placement
Location:

« DHTI11/DHT22 Sensors: One is Installed near AC air vents to
monitor input air temperature and another out output of evaporator side to
find cooling efficiency.

« DS18B20 Sensors: Placed on compressor to measure ambient
temperature conditions.

3.4.2. Current Sensor Placement (SMT, ZMT Coil Sensor)
Location:

*  SMT Current Sensor: Installed on AC power lines to measure real-
time power usage.

» ZMT Coil Sensor: Mounted on compressor power supply lines to

detect coil current variations.

3.4.3. Microcontroller Placement (ESP32, Arduino Nano)
Location:
* ESP32 Module: Installed in a central control box for Wi-Fi-based
data transmission.
* Arduino Nano: Located near sensor clusters for efficient data

acquisition and processing.

3.5. INTEGRATION WITH 10T SYSTEM

Once sensors are placed, they are wired or wirelessly connected to an IoT

gateway, which transmits real-time data to the cloud. The collected data undergoes

analysis to detect early warning signs of AC malfunctions, allowing proactive

maintenance actions.

Key Functionalities of IoT Integration:

. Data Collection & Storage: Sensor readings are stored in a database for

analysis.
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Machine Learning Integration: Historical data is used to train predictive
maintenance models.

Automated Alerts: Notifications are sent via SMS, mobile apps, or email
when anomalies are detected.

Dashboard Monitoring: Users can access real-time

temperature,
humidity, power consumption, and fault alerts

5. DESIGN & MODELLING BLYNR MOBILE

DASHBOARD
Living Room AC ¢
Temp & humidity
senser aniigg,
g Blynk o,
RELAY/ AC-1
BLYNK CLOUD c | i
SOFTWARE 22

L 45
Past 24h

Current &
ssnser

FIG 8 DESIGN AND MODELLING OF EMBEDDED SYSTEM
INTEGRATION IN AIR CONDITIONING

3.6. DATA ACQUISITION AND CLOUD PROCESSING

3.6.1. Data Acquisition

Data acquisition is a critical process in the loT-based predictive maintenance
system. It involves collecting real-time data from multiple sensors, pre-processing
it to remove noise, and transmitting it to a centralized system for further analysis.
This data helps in monitoring temperature, humidity, power consumption, and

system efficiency, allowing early fault detection and performance optimization.
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3.6.2 Sensors Used for Data Collection
The system collects data from the following IoT sensors:
o Temperature Sensors (DHT11, DHT22, DS18B20): Measure AC cooling
efficiency and detect anomalies.
o Humidity Sensors (DHT22): Track air moisture levels to assess cooling
performance.
o Current Sensors (SMT Current Sensor, Coil Current Sensor ZMT): Monitor
power consumption to detect overloading or insulation failure.
o Vibration Sensors: Identify mechanical issues such as fan imbalance or

compressor faults.

3.6.3. Data Collection Process
1. Sensor Readings:
o The sensors continuously measure environmental and system
parameters.
o Data is captured at predefined intervals (e.g., every 30 seconds).
2. Microcontroller Processing:
o Arduino Nano collects raw data from the sensors.
o The ESP32 module processes data and prepares it for transmission.
3. Data Filtering and Noise Reduction:
o Outlier detection techniques are applied to filter incorrect readings.
o Averaging methods ensure data consistency before transmission.
4. Data Transmission:

o Processed data is transmitted via Wi-Fi (ESP32) to the cloud.

3.7. CLOUD PROCESSING
4.2.1. Introduction to Cloud-Based Data Processing
Cloud computing plays a vital role in handling large volumes of sensor data.

The collected data is uploaded to a cloud-based IoT Blynk (FIG 9) platform, where
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it undergoes real-time processing, storage, and predictive analysis. The cloud
system provides:
o Scalability: Handles large datasets efficiently.
« Remote Access: Enables monitoring from any location.
« Predictive Analytics: Uses Al models to detect system failures.
3.7.1. Cloud Architecture
The cloud processing system consists of:
1. Data Storage Module:
o Stores historical and real-time sensor data.
o Uses cloud databases such as Blynk or Thing Speak.
2. Data Analytics Engine:
o Applies machine learning models for predictive maintenance.
o Identifies patterns and trends in AC performance.
3. Dashboard and Visualization Layer:
o Displays data through a web or mobile-based Ul (Blynk, Thing
Speak).
o Generates alerts and reports for maintenance teams.
3.7.2 Data Processing Workflow
1. Data Reception in Cloud:
o Data from the ESP32 module is sent to the cloud via Wi-Fi.
o Secure MQTT and HTTPS protocols ensure reliable communication.
2. Real-Time Data Analytics:
o The cloud compares live sensor readings with historical trends.
o Al algorithms predict potential failures before they occur.
3. Alert Generation & Maintenance Recommendations:
o If an anomaly is detected (e.g., overheating or excessive power
usage), an alert is triggered.
o Email/SMS notifications are sent to facility managers for preventive

maintenance.

29



3.7.3 Predictive Maintenance Model in Cloud

o Threshold-Based Analysis: Sets acceptable sensor value ranges and triggers

alerts when exceeded.

o Trend Analysis: Monitors long-term performance and predicts component

wear and tear.

3.8. DASHBOARD FOR DATA MONITORING

A cloud-integrated dashboard is developed using Blynk, Thing Speak, or Firebase,

providing:

o Live monitoring of AC performance (temperature, humidity, power usage).

« Historical data analysis for trend insights.

« Automated alerts and recommendations.

« Remote access for AC control and scheduling.

3.8.1. Dashboard Features

Feature

Functionality

Real-Time Data

Visual representation of sensor values (temperature,

Display humidity, power consumption).
Remote AC Users can turn AC on/off and adjust settings from the
Control dashboard.

Alert System

Notifications for system failures or inefficiencies.

Data Logging

Stores past performance data for predictive analysis.

3.8.2. Conclusion

The IoT-based data acquisition and cloud processing system ensures real-

time AC performance monitoring, allowing for automated fault detection and

predictive maintenance. The integration of Al, cloud computing, and remote access

significantly improves system reliability and reduces operational costs.
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Data Acquisition:
1.Use temperature sensors (e.g., DHT22, RTDs) to monitor: 2. Analytical Approach

* Initial room temperature. a. Data Acquisition:

« Target cooling t ture. i ;
arge-coolingrlemperatire; «Collect real-time current data using Current
* Time taken to reach target temperature.

«Collect data on power consuimption during cooling, Transformers (CTs) .Log additional parameters (voltage,
load, temperature).
b. Data Processing:
*Establish standard efficiency values as a baseline.
*Analyze real-time data for deviations from the baseline
0 100 using:

* Trend analysis for historical data patterns.

Temperature TEMPERATURE (v1

32

micity EiLmicityieeo] ¢. Fault Detection:
*|dentify anomalies in the current draw that indicate:
75 { * Overcurrent: Motor overload or insulation failure.
o 168 | * Underperformance: Reduced efficiency due to

wear or misalignment.

FIG 9 BLYNK INTERFACE

3.9. DASHBOARD AND USER INTERFACE
Predictive analytics plays a crucial role in early fault detection and

preventive maintenance for air conditioning (AC) systems. By leveraging real-time
sensor data, machine learning algorithms, and threshold-based alerts, the system can
identify potential failures before they occur, reducing downtime and maintenance
Costs.
The fault detection model uses:

« Real-time sensor data from temperature, humidity, current, and vibration

Sensors.
o Al-driven anomaly detection models for fault prediction.
o Threshold-based alert conditions to notify maintenance teams.

« Cloud-based analysis for remote diagnostics and fault classification.

3.9.1. Data Processing for Fault Detection
The IoT-based AC monitoring system continuously collects and analyzes
sensor data to detect operational anomalies. The predictive analytics model follows
these key steps:
1. Sensor Data Acquisition:
o Collects temperature, humidity, vibration, and power consumption data.
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o Uses DHT11, DHT22, DS18B20, SMT Current Sensor, and ZMT Coil
Sensor.
2. Data Preprocessing:
o Filters noise from sensor readings.
o Normalizes data to eliminate fluctuations due to environmental
variations.
3. Threshold-Based Fault Detection:
o Predefined limits for each sensor value.
o Ifa sensor reading exceeds normal conditions, an alert (FIG 10) is
triggered.
4. Machine Learning-Based Anomaly Detection:
o Uses Support Vector Machines (SVM), Decision Trees, and Neural
Networks to analyze historical data and predict failures.
o Compares current sensor values with previous performance trends to

identify early warning signs of system failure.

3.9.3. Common Fault Conditions and Alerts
The predictive analytics system ensures that potential AC failures are
detected before they lead to major breakdowns. By combining real-time sensor data
with Al-driven fault detection, the system enhances operational efficiency, reduces
maintenance costs, and prolongs the lifespan of AC units.
Future Enhancements:
o Integration with Al-driven optimization models to suggest energy-efficient
cooling patterns.

« Enhanced fault classification using deep learning algorithms.

32



@o
Temperature

Indoor
30.90 °C

@o
Temperature
30.00 °C

Duration ON
Time

2 minutes

Warning!

Humidity Indoor is above 60%

Close

FIG 10 ALERT WARNING

@o
Temperature Humidity
Outdoor Outdoor

31.80°C 59.30 %

Unit ; Total Unit
1.0981 Unit/min 1.7829 Unit/min

Amperes Maintance Date Reading Time
0A 2025-03-14 2025-03-25 16:11:05

FIG 11 DATA MONITORING DASHBOARD
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CHAPTER 4

DESIGN FABRICATION AND TESTING

4.1 DESIGN OF CIRCUIT SYSTEM
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FIG 12 DESIGN OF CIRCUIT SYSTEM

This circuit diagram (FIG 12) illustrates an ESP32-based sensor system
integrating multiple sensors for temperature, humidity, and current measurement.
The system is designed to collect environmental data and monitor electrical current

using DHT22, DS18B20, and ACS712 sensors.
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4.1.1 SMT - 013 000 CURRENT SENSOR
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FIG 13 SMT - 013 000 CURRENT SENSOR CIRCUIT

Circuit Explanation

o The SCT-013 (FIG 13) sensor detects AC current and generates a
corresponding small voltage.

o A 33Q burden resistor converts the current signal into a measurable
voltage.

« A voltage divider (10K resistors) shifts the AC signal to a mid-point
voltage suitable for the ESP32’s ADC (Analog to Digital Converter),
which operates from 0 to 3.3V.

o A 10uF capacitor stabilizes the signal by reducing noise.

« The processed signal is then fed into the ESP32’s analog input pin for

current measurement.
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4.1.2 DSB18B20 TEMPERATURE SENSOR
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FIG 14 DSB18B20 TEMPERATURE SENSOR CIRCUIT

Circuit Explanation
o The VCC (Red Wire) of the DS18B20 (FIG 14) is connected to 3.3V on
the ESP32.
o The GND (Black Wire) is connected to the ESP32°s Ground (GND).
o The Data (Blue Wire) is connected to a GPIO pin on the ESP32 (typically
GPIO4 or GPIOS).
o A 4.7KQ pull-up resistor is placed between the VCC and Data pin to

maintain proper signal levels.
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4.2 CODING AND EXECUTION

4.2.1. TEMPERATURE AND HUMIDITY SENSOR
#include <DHT.h>
#define DHTPIN 2 // Define the pin where the sensor is connected
#define DHTTYPE DHT11 // Define the sensor type (DHT11 or DHT22)
DHT dht(DHTPIN, DHTTYPE);
void setup() {
Serial.begin(9600);
dht.begin();
}
void loop() {
float temperature = dht.readTemperature(); // Read temperature in Celsius
float humidity = dht.readHumidity(); = // Read humidity percentage
if (isnan(temperature) || isnan(humidity)) {
Serial.println("Failed to read from DHT sensor!");
return;
b
Serial.print("Temperature: ");
Serial.print(temperature);
Serial.print(" °C");
Serial.print(" Humidity: ");
Serial.print(humidity);
Serial.println(" %");
delay(2000); // Wait for 2 seconds before reading again
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4.2.2 DS18B20 PROBE TEMPERATURE SENSOR

#include <OneWire.h>
#include <DallasTemperature.h>
#define ONE_WIRE BUS 2 // Define the pin where the sensor is connected
OneWire oneWire(ONE WIRE BUS);
DallasTemperature sensors(&oneWire);
void setup() {
Serial.begin(9600);
sensors.begin();
}
void loop() {
sensors.requestTemperatures(); / Request temperature from the sensor

float temperature = sensors.getTempCBylIndex(0); // Get temperature in Celsius

if (temperature == DEVICE DISCONNECTED C) {
Serial.println("Failed to read from DS18B20 sensor!");

return;

}

Serial.print("Temperature: ");
Serial.print(temperature);

Serial.println(" °C");

delay(2000); // Wait for 2 seconds before reading again
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4.2.3 SMT CURRENT SENSOR 30 AMPS
#define CURRENT SENSOR_PIN A0 // Define the pin where the SMT Current

Sensor 013-000 1s connected

void setup() {
Serial.begin(9600);

void loop() {

int sensorValue = analogRead(CURRENT SENSOR PIN); / Read analog
value from current sensor

float voltage = (sensorValue / 1024.0) * 5.0; // Convert to voltage (assuming 5V
reference)

float current = (voltage - 2.5) / 0.066; // Convert voltage to current (assuming

66mV/A sensitivity)
Serial.print("Current: ");
Serial.print(current);

Serial.println(" A");

delay(1000); // Wait for 1 second before reading again
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424 ZMCT103C CURRENT SENSOR 16AMPS
#define CURRENT_ SENSOR_PIN A0 // Define the pin where the ZMCT103C
sensor 1s connected
void setup() {

Serial.begin(9600);
}
void loop() {

int sensorValue = analogRead(CURRENT SENSOR PIN); / Read analog
value from current sensor

float voltage = (sensorValue / 1024.0) * 5.0; // Convert to voltage (assuming 5V
reference)

float current = (voltage - 2.5) / 0.030; // Convert voltage to current (assuming
30mV/A sensitivity for ZMCT103C)

Serial.print("Current: ");

Serial.print(current);

Serial.printin(" A");

delay(1000); // Wait for 1 second before reading again
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4.2.5 COMPLETE CODE INTEGRATED
#include <DHT.h>
#include <DHT U.h>

const int sensorPinl = 34; // First current sensor (ADC1 GPIO 34)
const int sensorPin2 = 35; // Second current sensor (ADC1 GPIO 35)
const int numSamples = 2000; // More samples for better accuracy
const float VCC = 3.3; // ESP32 operating voltage

float offsetVoltagel = 0, offsetVoltage2 = 0;

const float calibrationFactor = 0.050; // Adjust based on setup

// DHT11 sensor setup
#define DHTPIN 4 // DHT11 data pin connected to GPIO 4

#define DHTTYPE DHT11
DHT dht(DHTPIN, DHTTYPE);

// Relay setup
const int relayPin = 26; // Relay control on GPIO 26

void setup() {
Serial.begin(115200);

// DHT sensor initialization

dht.begin();

// * Auto-calibrate offset voltage for both sensors*
float suml = 0, sum2 = 0;
for (int 1= 0; 1 < 1000; i++) {

sum] += analogRead(sensorPinl);
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sum?2 += analogRead(sensorPin2);
delay(1);
b
offsetVoltagel = (suml / 1000.0) * (VCC / 4095.0); // ESP32 ADC is 12-bit (0-
4095)
offsetVoltage2 = (sum2 / 1000.0) * (VCC / 4095.0);

Serial.print("Calibrated Offset Voltage 1: ");
Serial.println(offsetVoltagel, 3);
Serial.print("Calibrated Offset Voltage 2: ");
Serial.println(offsetVoltage2, 3);

// Set relay pin as output
pinMode(relayPin, OUTPUT);
}
void loop() {

float suml = 0, sum2 = 0;

for (int 1= 0; 1 < numSamples; i++) {
int sensorValuel = analogRead(sensorPinl);

int sensorValue2 = analogRead(sensorPin2);

float voltage1 = (sensorValuel /4095.0) * VCC; // Adjust for ESP32 ADC (12-
bit)
float voltage2 = (sensorValue2 / 4095.0) * VCC,;

float adjustedVoltagel = voltagel - offsetVoltagel;
float adjustedVoltage2 = voltage?2 - offsetVoltage2;

float current] = adjustedVoltagel / calibrationFactor;
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float current2 = adjustedVoltage2 / calibrationFactor;

suml +=sq(currentl);

sum?2 += sq(current2);

delayMicroseconds(50); // Reduced delay for faster response
b
float rmsCurrent] = sqrt(sum1 / numSamples);

float rmsCurrent2 = sqrt(sum2 / numSamples);

// *Ignore readings below a noise threshold (dead zone)*
if (rmsCurrent] < 0.05) rmsCurrent1 = 0.0;
if (rmsCurrent2 < 0.05) rmsCurrent2 = 0.0;

// Print RMS current for both sensors
Serial.print("RMS Current 1: ");
Serial.print(rmsCurrentl, 3);

Serial.println(" A");

Serial.print("RMS Current 2: ");
Serial.print(rmsCurrent2, 3);

Serial.println(" A");

// Read temperature and humidity from DHT11
float temperature = dht.readTemperature(); // Temperature in Celsius

float humidity = dht.readHumidity(); // Humidity percentage

// Check if reading was successful
if (isnan(temperature) || isnan(humidity)) {

Serial.println("Failed to read from DHT sensor!");
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} else {
Serial.print("Temperature: ");
Serial.print(temperature);
Serial.print(" °C ");
Serial.print("Humidity: ");
Serial.print(humidity);
Serial.println(" %");

}

// *Relay Control*

if (rmsCurrentl > 1.0 || rmsCurrent2 > 1.0) { // If either sensor detects high

current

digital Write(relayPin, HIGH); // Activate relay
Serial.println("Relay Activated!");

} else {
digitalWrite(relayPin, LOW); // Deactivate relay

}
delay(1000); // Wait before next reading

}
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4.3 FABRICATION
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FIG 15 FABRICATED PROTOTYPE
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FIG 16 FABRICATED ACTUAL PRODUCT
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4.4 TESTING IN AIR CONDITIONING TEST RIG

.

FIG 17 TESTING IN AIR CONDITIONING TEST RIG
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4.4.1 RESULTS OBTAINED IN AIR CONDITIONING TEST RIG

Temperature Indoor  Temperature Outdoor  Humidity Indoor Humidity Outdoor Temperature Amperes Reading Time

1 17.00 °C 31.80 °C 92.00 % 57.60 % 22.00 °C 1.6552 A 2025-04-02 11:22:37
2 17.00 °C 31.90 °C 92.00 % 57.80 % 22.00 °C 7.3255A  2025-04-02 11:22:34
3 16.90 °C 31.80 °C 92.00 % 56.80 % 22.00 °C 72667 A 2025-04-02 11:22:30
4 16.90 °C 32.00 °C 92.00 % 56.80 % 0.00 °C 73021 A 2025-04-02 11:22:26
5 16.90 °C 31.80°C 92.00 % 56.70 % 22.00 °C 72517 A 2025-04-02 11:22:22
6 17.00 °C 31.80°C 92.00 % 55.80 % 22.00 °C 72902 A 2025-04-02 11:22:18
7 17.00 °C 31.80 °C 92.00 % 57.50 % 22.00 °C 72788 A 2025-04-02 11:22:15
8 17.00 °C 31.80°C 92.00 % 55.70 % 5.00°C 72862 A 2025-04-02 11:22:09
9 17.10 °C 31190:2€ 92.00 % 55.50 % 21.00 °C 72841 A 2025-04-02 11:22:06
10 17.10°C 31.90°C 92.00 % 55.50 % 21.00 °C 72868 A 2025-04-02 11:22:02
11 17.10°C 311902C 92.00 % 55.90 % 21.00 °C 72772 A 2025-04-02 11:21:58
12 17.10°C 31.90°C 92.00 % 56.50 % 21.00 °C 7291 A 2025-04-02 11:21:54

4 Temperature & Humidity Graph % Unit Graph

Temperature Indoor Temperature Outdoor bbbttt
Humidity Outdoor B et

FIG 18 TESTING IN AIR CONDITIONING TEST RIG
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4.5 TESTING IN SPLIT AIR CONDITIONING SYSTEM

FIG 19 TESTING IN SPLITAIR CONDITIONING SYSTEM
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4.5.1 RESULTS OBTAINED IN SPLIT AIR CONDITIONING SYSTEM

3.0708 10-03-2025

28.50 °C 28.70 °C 56.00% 56.50% | 28.00 °C A 16.49
3.1157 10-03-2025

28.50 °C 28.70 °C 56.00% 56.50% | 28.00 °C A 16.49
3.1252 10-03-2025

28.50 °C 28.70 °C 56.00% 56.40% | 28.00 °C A 16.49
3.0356 10-03-2025

28.50 °C 28.70 °C 56.00% 28.50 °C | 28.00 °C A 16.49
3.0982 10-03-2025

28.50 °C 28.70 °C 56.00% 56.40% | 28.00 °C A 16.49
3.0136 10-03-2025

28.50 °C 28.70 °C 56.00% 56.50% | 28.00 °C A 16.48
3.0702 10-03-2025

28.50 °C 28.70 °C 56.00% 56.40% | 28.00 °C A 16.48
3.1584 10-03-2025

28.50 °C 28.60 °C 56.00% 56.60% | 28.00 °C A 16.48
3.1533 10-03-2025

28.50 °C 28.60 °C 56.00% 56.40% | 28.00 °C A 16.48
3.0799 10-03-2025

28.50 °C 28.60 °C 56.00% 56.50% | 28.00 °C A 16.48
3.0709 10-03-2025

28.50 °C 28.60 °C 56.00% 56.60% | 28.00 °C A 16.48
3.0105 10-03-2025

28.50 °C 28.60 °C 56.00% 56.50% | 28.00 °C A 16.48
3.0137 10-03-2025

28.50 °C 28.60 °C 56.00% 56.50% | 28.00 °C A 16.48
3.0085 10-03-2025

28.50 °C 28.60 °C 56.00% 56.40% | 28.00 °C A 16.48
3.0068 10-03-2025

28.50 °C 28.60 °C 56.00% 56.50% | 28.00 °C A 16.48
3.0059 10-03-2025

28.50 °C 28.60 °C 56.00% 56.50% | 28.00 °C A 16.48
3.0303 10-03-2025

28.50 °C 28.60 °C 56.00% 56.50% | 28.00 °C A 16.48
10-03-2025

28.50 °C 28.60 °C 56.00% 56.50% | 28.00 °C 3.041 A 16.48
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FIG 20 RESULTS OBTAINED IN SPLIT AIR CONDITIONING SYSTEM
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CHAPTER 5

RESULTS AND DISCUSSION

5.1. Performance Analysis of AC Units

The system was tested on multiple air conditioning units to assess its
impact on performance. Key observations include:

The system provided automated alerts and fault diagnostics, reducing
manual inspections.

Compressor health and power consumption data helped in analyzing
operational efficiency over time.
AC units with predictive maintenance exhibited a 20-30% lower failure rate
compared to non-monitored units.

These findings confirm that continuous monitoring and data analytics

improve the overall performance of HVAC systems.

5.2 System Reliability and Scalability

o The implemented system was tested for scalability and long-term

reliability. The following observations were noted:

o The cloud-based architecture ensured that the system could handle

data from multiple AC units simultaneously without performance

degradation.

o The dashboard interface provided real-time monitoring with minimal

latency, making it user-friendly and highly accessible.

o Sensor accuracy and calibration were maintained over extended

operational periods, ensuring the system's reliability.

o The modular design allows easy integration with other loT devices,

making it scalable for large buildings, commercial spaces, and

industrial applications.
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o These results validate that the system is highly reliable and scalable,
making it a viable solution for smart HVAC management in various

environments.

5.3. CONCLUSION AND FUTURE SCOPE
Summary of Findings

o The development and implementation of an loT-based predictive

maintenance system for air conditioning units demonstrated:

o Improved AC performance through real-time condition monitoring.
o Enhanced energy monitoring, leading to significant power savings.
o Reduction in maintenance and operational costs through predictive

analytics.

o Reliable and scalable architecture, capable of handling multiple AC

units simultaneously.

o User-friendly dashboard for seamless monitoring.

These findings confirm that predictive maintenance systems enhance HVAC

efficiency, reduce downtime, and lower operational costs.

Limitations and Future Improvements

o While the system offers significant benefits, there are certain

limitations and areas for future improvement:
Limitations:

o Initial installation cost of IoT sensors and cloud infrastructure may

be high for small-scale users.

o Network dependency — The system requires a stable internet

connection for real-time data transmission.

o Sensor calibration requirements — Regular recalibration is needed

to maintain accuracy over long-term use.
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Future Improvements:

O

Integration with Al-powered fault diagnosis to further improve

prediction accuracy.

Machine learning optimization to enhance failure detection

algorithms.

Offline data storage capabilities to allow continued operation in

case of network failure.

Enhanced cybersecurity measures such as data encryption and

multi-factor authentication to improve system security.

Expansion to other HVAC systems such as ventilation and heating
units for a comprehensive building climate control system.

These improvements will further increase the system’s efficiency,
security, and adaptability, making it an essential solution for smart

HVAC management in modern infrastructure.

Similar device for IoT-Based Vapor Absorption System

l.
2.

Microcontroller: ESP32 for remote monitoring and control.

Temperature & Pressure Sensors: To measure generator, absorber,

condenser, and evaporator conditions.

. Flow Sensors: To monitor refrigerant and water flow rate.

TDS & EC Sensors: If water-based absorption is used (like LiBr-water

systems).

Relay Modules: For controlling solenoid valves, pumps, and other

actuators.

Solenoid Valves & Pumps: For managing the refrigerant and water flow.

. Cloud Connectivity (Blynk, MQTT, or Firebase): To collect and

analyze data remotely.
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