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Abstract

Electric motors are the backbone of industrial automation and manufacturing systems,
yet motor failures due to undetected mechanical imbalances, misalignment, or vibration
anomalies can result in costly downtime. This thesis proposes the design and
implementation of an Integrated Electric Motor Monitoring System that utilizes Condition
Monitoring Sensor for real-time condition monitoring. The system features a local visual
display interface for immediate on-site diagnostics and an IoT-based data transmission
module for remote access and cloud-based trend analysis.

The sensor offers precise vibration measurement across multiple axes and is suitable for
harsh industrial environments, enabling the system to detect early signs of motor wear
or imbalance. The data acquired is processed using a microcontroller, displayed on an
HMI (Human-Machine Interface), and transmitted via MQTT protocol to a cloud
dashboard for remote monitoring and predictive maintenance strategies.

The objective of this research is to improve motor reliability, reduce maintenance costs,
and promote preventive diagnostics by integrating sensor-based analytics with IoT
infrastructure. This project aligns with the broader vision of Industry 4.0 and smart
factory implementations, emphasizing predictive maintenance and system integration.

Previous studies, such as "Development of Condition Monitoring System Based on
Vibration Analysis for Predictive Maintenance in Industrial Motors" (Siddique, A., Yadava,
G.S., Singh, B., IEEE Transactions on Industrial Electronics, 2003), have highlighted the
effectiveness of vibration-based monitoring in detecting motor faults. By integrating
such sensors with IoT and display technologies, this research extends the conventional
model to offer a more scalable, connected, and user-friendly motor health monitoring
solution.

The implemented system was validated on two industrial air-compressor units driven
by induction motors. On a healthy three-phase unit rated 10 HP (7.5 kW), the
automatic baseline-teaching procedure, executed from the web dashboard, learned an
operating baseline of B = 28.66 mm/s and derived the operating limits accordingly
(off-threshold 11.46 mm/s, pre-warning 51.58 mm/s, and alarm 71.64 mm/s); over
1,767 valid samples logged across approximately 37 hours the magnitude peaked at
38.68 mm/s, that is 75.0 % of the pre-warning limit, and neither a warning nor an
alarm was raised. On a 1.5 HP (1.1 kW) single-phase unit whose pneumatic circuit was
leaking, so that the cut-out pressure was never reached and the motor ran
continuously, teaching produced a baseline of 6.50 mm/s with an off-threshold of 2.60
mmy/s, a pre-warning limit of 7.48 mm/s, and an alarm limit of 8.13 mm/s, and the
system captured the complete OFF, NORMAL, WARNING, and latched-ALARM
transition, raising the first WARNING at 7.52 mm/s and latching the ALARM at 8.14
mm/s while the motor temperature rose to a peak of 78 °C. Using these learned limits,
the system classified the OFF, NORMAL, WARNING, and latched-ALARM states in real
time, remained consistent between the local LVGL HMI and the HTML web dashboard
over the WISP-mode MQTT/HTTPS link, and sustained continuous cloud updates at
one dashboard read per device update, keeping operation comfortably within the free



quota of the cloud service. Because no controlled fault was injected and no
independent ground truth was obtained, the demonstrated capability is deviation-
based condition alarming rather than validated fault detection; the provenance of
every learned baseline reported in this thesis is tabulated in Section 5.2.

Keywords: Motor Monitoring, Condition Monitoring Sensor, IoT-Based Diagnostics, Predictive
Maintenance, Industry 4.0 Integration
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CHAPTER 1. INTRODUCTION

Chapter 1
Introduction

1.1 Background

Electric motors are fundamental components in a vast range of industries,
including industrial automation, manufacturing, HVAC systems, transportation, robotics,
and many other sectors (Bilgin et al., 2019). Their role as the primary drivers of
mechanical operations makes them indispensable for maintaining continuous
productivity, optimizing performance, and ensuring operational efficiency. Due to the
critical functions they perform, any malfunction or failure of electric motors can have
far-reaching consequences, such as production halts, increased operational costs, and
even safety risks for personnel and equipment.

Electric motors are regularly subjected to a variety of mechanical and electrical
stresses throughout their service life. Mechanical issues such as rotor imbalance, shaft
misalignment, bearing deterioration, and gearbox faults commonly arise from wear
and tear or improper installation. Electrical problems including insulation breakdown,
short circuits, and winding faults may also develop, often exacerbated by harsh
operating conditions such a high temperatures, vibrations, and humidity. These faults
tend to develop gradually over time, and if left undetected, they can culminate in
unexpected downtime, extensive damage to the motor and connected equipment, and
costly repairs or replacements (Fofana et al., 2016).

Traditional maintenance approaches for electric motors often rely heavily on
periodic preventive maintenance schedules or manual inspections. While these
methods have been widely used, they possess inherent drawbacks—they tend to be
labor-intensive, require substantial downtime, and frequently fail to detect incipient
faults at early stages (Altun et al., 2024). This limitation means that events such as
bearing wear or shaft misalignment might only be discovered after progressing to a
more severe stage, thus increasing the risk of failures that disrupt production and
inflate maintenance expenses.

In today’s industrial landscape, the growing adoption of Industry 4.0 paradigms
and smart manufacturing principles highlights the need to move beyond conventional
maintenance frameworks. There is a strong demand for intelligent, automated
condition monitoring systems capable of providing real-time insights into the health
and performance of electric motors (Mohammed et al., 2023). These systems not only
allow early detection of faults but also enable predictive maintenance strategies,
where interventions are planned based on the actual condition of the equipment
rather than fixed schedules. This shift leads to optimized maintenance cycles, reduced
downtime, increased asset lifespan, and lower operational costs.

One of the most effective and widely adopted techniques for electric motor
condition monitoring is vibration analysis (Rehman et al., 2024). Vibration-based
monitoring can reveal anomalies caused by mechanical defects such as imbalance,
misalignment, bearing faults, and looseness (Tiboni et al., 2022). These subtle
changes in vibration signals often precede more obvious symptoms, making vibration
sensors a sensitive tool for early fault detection. By integrating these sensors with
Internet of Things (IoT) technology, it becomes possible to create an interconnected
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CHAPTER 1. INTRODUCTION

monitoring system that continuously collects vibration data and transmits it to
centralized cloud platforms or local servers for further analysis.

Combining sensor-based data acquisition with IoT connectivity facilitates seamless
remote monitoring, enabling maintenance teams to access motor health data anytime
and anywhere. This connectivity allows for the application of advanced data analytics
and machine learning algorithms that can automatically detect and classify faults,
predict remaining useful life, and recommend maintenance actions (Abduljawwad et
al., 2023). Moreover, integrating a local display interface such as a Human-Machine
Interface (HMI) directly on the monitoring device supports immediate on-site
diagnostics by technicians. With such a local visualization system, operators can
quickly assess motor conditions without the need for specialized handheld equipment
or network access, enhancing response times and reducing operational risks.

The system envisioned in this thesis integrates these cutting-edge technologies
into a single cohesive platform. It employs vibration sensors like the SICK-MPB10 to
measure motor vibration parameters accurately, and combines these readings with
microcontroller-based real-time processing and visualization via an embedded 7-inch
HMI display powered by the LVGL graphics library. Data communication is
accomplished through the MQTT protocol over Wi-Fi, ensuring efficient and reliable
data transfer to cloud or on-premises platforms for remote monitoring (Singh et al.,
2015).

By fusing local data presentation and remote accessibility, the proposed integrated
electric motor monitoring system offers comprehensive benefits. It provides
continuous health assessment, early fault detection, and supports predictive
maintenance approaches that drastically improve operational uptime. Furthermore, the
system’s design emphasizes scalability and user-friendliness, making it suitable for
deployment across varied industrial settings, from small workshops to large smart
factories (Yousuf et al., 2024).

In summary, the project set forth aims not only to address significant challenges
with current electric motor maintenance practices but also to contribute meaningfully
to the advancement of Industry 4.0 implementations. Through leveraging sensor
technology, IoT communication, and intuitive visualization, it seeks to enhance motor
reliability, reduce maintenance costs, and ensure safer, smarter industrial operations.

1.2 Problem statement

Electric motors play a vital role in industrial operations, yet their unexpected
failure remains a significant challenge, often leading to unplanned downtime,
increased maintenance costs, and production losses. Conventional motor maintenance
methods, such as periodic manual inspections, are often reactive, inefficient, and
unable to detect early signs of mechanical issues like imbalance, misalignment, or
bearing wear.

Furthermore, many existing monitoring systems lack real-time diagnostics, are not
user-friendly, and are typically limited to local monitoring without remote access or
data analysis capabilities. This limits their effectiveness in predictive maintenance and
decision-making, particularly in large-scale or remote industrial facilities.

There is a critical need for a compact, reliable, and connected system that can
provide continuous monitoring, on-site diagnostics through a visual interface, and
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CHAPTER 1. INTRODUCTION

remote data access for real-time assessment and long-term analysis. Therefore, this
thesis aims to address the gap by designing and implementing an Integrated Electric
Motor Monitoring System that combines vibration sensing, a local display, and IoT
connectivity to improve motor health assessment, reduce downtime, and support
smart maintenance strategies in line with Industry 4.0 standards.

1.3 Aims and objectives

Aims: The aim of this project is to design and implement an Integrated Electric
Motor Monitoring System that utilizes real-time vibration data, local display, and IoT
connectivity to assess motor health, enable predictive maintenance, and reduce
unplanned downtime in industrial settings. The system is intended to support smart
factory initiatives and align with Industry 4.0 principles by offering both on-site and
remote monitoring capabilities.

Objectives: To achieve the stated aim, the following specific and measurable
objectives will be carried out:

a) To research and analyze existing electric motor fault detection techniques and identify
the limitations of conventional monitoring systems.

b) To design a hardware system that integrates a vibration sensor (such as the SICK-
MPB10), a microcontroller, and an HMI (Human-Machine Interface) for real-time motor
condition display.

¢) To develop an IoT communication module using MQTT protocol to transmit motor
condition data to a cloud-based dashboard for remote access and trend analysis.

d) To implement software algorithms that process the measured vibration magnitude
and automatically learn machine-specific thresholds, so that a statistically significant
departure from the operating level the machine itself has taught — a deviation of the kind
commonly associated with developing mechanical problems — is detected and reported in
real time.

e) To test and evaluate the performance of the system in a simulated or real industrial
environment, measuring its accuracy, reliability, and responsiveness.

f) To assess the effectiveness of the proposed system in reducing maintenance costs
and improving motor reliability compared to traditional maintenance practices.

1.4 Scope and limitations

The scope of this thesis is bounded as follows. The system is developed and
evaluated as a single-sensor, single-asset monitoring module: one MPB10 condition-
monitoring sensor is mounted on one machine at a time, and the resultant velocity-
RMS magnitude together with the sensor temperature are the only quantities acquired,
classified, and transmitted. No spectral analysis, order tracking, or machine-learning
classification is performed on the device, and no attempt is made to identify the type
of a developing defect.

The classification limits are derived from a baseline that the system learns from
the monitored machine itself. This makes the thresholds adaptive, but it also makes
the meaning of every reported state dependent on the condition of the machine at the
moment of teaching. In the sessions reported in Chapter 5, teaching was executed
while the machine was already running at its operating level; the learned baseline
therefore represents that operating condition rather than an independently verified
healthy condition. Where a machine was already behaving abnormally when it was
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CHAPTER 1. INTRODUCTION

taught, the session demonstrates the adaptive mechanism and the alarming behaviour
of the system, but it does not by itself prove a fault-detection capability.

Each baseline reported in this thesis was obtained from a single teaching cycle of
ten samples over approximately five seconds. The repeatability of the teaching
procedure — that is, the spread of the learned baseline over repeated cycles at an
identical operating point — was not measured, so no standard deviation is reported for
any baseline, and no confidence interval can be attached to the derived limits.

No controlled fault was injected into either monitored machine, and no
independent ground truth (disassembly, calibrated vibration meter, or graded
unbalance) was obtained. The evaluation is therefore presented as deviation-based
condition alarming — the detection of a significant departure from the operating level
the machine itself has taught — and not as a validated fault-detection or fault-
diagnosis capability; consequently no detection rate and no false-alarm rate are
claimed. Finally, the absolute scale of the magnitude reported by the sensor through
the IODD process-data mapping was not verified against a calibrated reference
instrument, so all conclusions are drawn from relative changes rather than from
absolute vibration severity.

1.5 Solution approach

To address the challenges associated with electric motor failure and the limitations
of traditional maintenance methods, this project adopts a technology-driven solution
that combines sensor-based condition monitoring, embedded system design, and IoT
integration.

The proposed system will utilize a vibration sensor, to continuously monitor the
mechanical condition of electric motors. The sensor data will be collected and
processed in real-time using a microcontroller unit (MCU), which will analyze vibration
patterns to detect early signs of motor faults such as imbalance, misalignment, or
bearing wear.

A Interface display will be integrated into the system to provide on-site
technicians with a visual display of the motor’s health status, allowing for immediate
diagnostics without the need for external diagnostic tools.

To enable remote access and cloud-based analytics, the system will feature IoT
connectivity using the MQTT protocol, allowing the processed data to be transmitted
to a cloud dashboard. This platform will support historical data logging, trend analysis,
and alerts for predictive maintenance decision-making.

The methodology for this project includes:

a) Requirement Analysis and System Design - Identifying functional and
technical requirements; designing system architecture and hardware components.

b) Sensor Integration and Microcontroller Programming — Interfacing the
vibration sensor with a suitable microcontroller (e.g., ESP32 or Arduino) and
developing firmware for real-time data processing.

c) HMI Development — Creating a user-friendly local display interface to visualize
motor status and alerts.
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CHAPTER 1. INTRODUCTION

d)

e)

IoT Communication Implementation — Establishing secure and reliable MQTT-
based communication between the device and cloud dashboard.

Cloud Dashboard Setup - Developing a custom HTML/JavaScript web
dashboard backed by a cloud database (Cloud Firestore) for remote monitoring,
statistics accumulation, and remote teaching commands, and deploying it to a
public static-hosting service (Netlify) so that it is reachable over HTTPS from any
browser.

Testing and Evaluation — Validating system performance through real-time
testing under controlled or operational conditions, and evaluating accuracy,
responsiveness, and usability.

This approach ensures that the final system is scalable, efficient, and aligned with

the goals of smart manufacturing and predictive maintenance under the Industry 4.0
framework.

1.6 Summary of contributions and achievements

This thesis presents a comprehensive design and implementation of an integrated

electric motor monitoring system with display and IoT connectivity for electric motor
assessment. The contributions and achievements of this work are summarized as follows:

1.

Development of an Integrated Monitoring System:

Successfully designed and implemented a comprehensive electric motor condition
monitoring system that integrates vibration-based sensor data acquisition with real-time
processing capabilities.

Local Visualization via Human-Machine Interface (HMI):

Developed an intuitive local display interface that provides instant, on-site visualization
of motor health parameters, enabling technicians to perform quick diagnostics without
additional equipment.

IoT Connectivity using MQTT Protocol:

Integrated MQTT-based IoT communication to facilitate remote monitoring by
transmitting sensor data to a cloud platform, allowing for continuous condition
monitoring and real-time alerts.

Automatic Threshold Teaching and Deviation-Based Condition Alarming:

Implemented an automatic baseline-teaching mechanism that learns the operating
vibration-magnitude level of the monitored machine and derives ISO-anchored
operating limits (off, pre-warning, and alarm) from it. Each measured magnitude is
classified in real time into OFF, NORMAL, WARNING, or latched ALARM states, providing
an early indication that the machine has departed from its own learned operating level
and thereby supporting condition-based maintenance decisions. The evidence gathered
in this thesis supports deviation-based alarming; establishing a validated fault-detection
capability would require controlled fault injection and independent ground truth, as set
out in Section 1.4.

Enhancement of Industrial Operational Efficiency:

Contributed to optimizing maintenance schedules and improving reliability of electric
motors in industrial environments by providing scalable, user-friendly monitoring
technology aligned with Industry 4.0 standards.
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6. Quota-Efficient and Robust IoT Design:
Introduced a single-latest-document cloud strategy in which one device update
corresponds to exactly one dashboard read, combined with server-timestamp-based
offline detection and automatic unsubscription on the dashboard, enabling sustained
continuous operation within the free quota of the cloud service.

1.7 Organization of the report

This thesis is organized into six chapters, each focusing on critical aspects of the
research, design, development, and evaluation of the integrated electric motor
monitoring system with display and IoT connectivity:

Chapter 1: Introduction

This chapter introduces the context and motivation for the research, discusses the
importance of electric motors in industrial environments, outlines common faults and
maintenance challenges, and defines the research objectives, scope, and significance
of the study.

Chapter 2: Literature Review

This chapter reviews existing studies and technologies related to electric motor
condition monitoring, vibration-based sensing, IoT integration, local display interfaces,
and predictive maintenance, and identifies the gaps that the proposed system
addresses.

Chapter 3: Methodology

This chapter details the research design and the overall development methodology,
including the system concept, architectural layers, hardware selection, software
development approach, data flow, and the testing and validation plan.

Chapter 4: System Design and Implementation

This chapter presents the realized system in detail: the layered architecture, the
network topology with the WISP-mode wireless link, the panel-mounted hardware
assembly, the sensor configuration through the SIG200 gateway, the ESP32-S3
firmware, the automatic ISO-anchored threshold-teaching mechanism, the LVGL local
monitor, and the globally deployed web dashboard.

Chapter 5: Testing, Results, and Discussion

This chapter reports the end-to-end functional verification of the system, the baseline-
teaching and classification results, the continuous-operation and consistency
evaluation between the local HMI and the web dashboard, the motor-testing
arrangement, and a discussion of the findings and their limitations.

Chapter 6: Conclusion and Recommendations

This chapter draws the conclusions of the work against the objectives stated in Section
1.3, states plainly what the measured evidence does and does not establish, and sets
out the recommendations that follow from the limitations identified in Sections 1.4 and
5.8.

16



CHAPTER 1. INTRODUCTION

17



CHAPTER 2. LITERATURE REVIEW

Chapter 2
Literature Review

2.1 Overview

Electric motors are widely used in industrial, commercial, and domestic
applications due to their reliability and efficiency. However, mechanical faults such as
misalignment, unbalance, looseness, and bearing failures remain common issues that
can lead to performance degradation or motor breakdown (Zakharov et al., 2018). As
a result, condition monitoring has emerged as a crucial aspect of modern maintenance
strategies.

Condition monitoring (CM) involves tracking motor health parameters in real-time
to detect early signs of failure. Among the various CM techniques, vibration analysis is
considered one of the most effective methods for detecting mechanical anomalies.
According to Siddique et al. (2003), vibration-based diagnostics can provide early
warnings for a wide range of faults before they become critical, allowing for proactive
maintenance and increased machine uptime.

In the past decade, technological advances have introduced smart sensors and
embedded systems capable of acquiring and analyzing vibration signals (Mohd Ghazali
et al., 2021). Vibration sensors like the SICK-MPB10 offer high-resolution multi-axis
measurement and are suitable for deployment in harsh environments, making them
ideal for industrial motor monitoring applications.

Additionally, the emergence of the Internet of Things (IoT) has revolutionized how
condition monitoring data is managed. IoT protocols such as MQTT (Message Queuing
Telemetry Transport) enable lightweight and efficient transmission of data to cloud
servers, allowing for remote monitoring, real-time alerts, and predictive maintenance
analytics. These developments align with Industry 4.0, which advocates for smart,
connected, and autonomous systems (Hassanalieragh et al., 2015).

In fault diagnosis, Sahu et al. (2020) state that “motor problems can be identified
and diagnosed using the time and frequency domain features extracted from the
vibration signals”, highlighting vibration as a key indicator of mechanical and electrical
faults. Furthermore, Setiawan et al. (2023) emphasize that “a hybrid strategy that
combines temperature analysis and vibration provides a reliable way to identify BLDC
motor problems early on”, confirming that integrating these parameters leads to
higher fault detection accuracy and supports predictive maintenance strategies.
Example of “risk” of unintentional plagiarism

Several researchers and companies have explored vibration-based motor monitoring
systems integrated with microcontrollers and communication modules:

o Siddique, et al. (2003) emphasized the effectiveness of vibration analysis in
detecting motor faults and presented the foundation for predictive maintenance
based on condition data.

e Kumari et al. (2021) developed a motor vibration monitoring system using an
accelerometer and Arduino, displaying data via LCD and transmitting it to a PC.
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However, the system lacked cloud integration and IoT connectivity.

o Islam et al. (2024) proposed a smart monitoring system using ESP8266 for
temperature and vibration sensing in motors with a cloud dashboard. While it
showed IoT functionality, it didn't offer a local visual interface for on-site diagnostics.

« Siemens, ABB, and Schneider Electric have developed industrial-grade
monitoring systems, such as Motor Condition Monitoring Solutions (CMS), but these
are often complex, expensive, and require high-level integration with proprietary
systems.

These studies and commercial products highlight the progression from offline
diagnostic methods to semi-smart and fully connected systems, but there is still room
for improvement in terms of affordability, scalability, and user-friendliness.

2.2 Critique of the review
The reviewed literature confirms that vibration analysis, when combined with
embedded and IoT technologies, offers a viable path for real-time electric motor
condition monitoring. The existing systems, while effective, often present trade-offs:
e Lack of on-site visual diagnostics in low-cost systems.
¢ High cost and complexity in industrial-grade solutions.
e Limited adaptability for small or medium-sized enterprises.

The proposed project aims to fill these gaps by integrating three essential features:
¢ Reliable vibration sensing using industrial-grade sensors.
¢ Real-time local display via an HMI for quick diagnostics.
o IoT-based data transmission for cloud analytics and remote monitoring.

This integration enables both field-level technicians and remote supervisors to
make timely, informed decisions regarding motor maintenance.

Existing research has laid a strong foundation for motor condition monitoring, several
limitations remain in terms of usability, accessibility, and modularity:
e Most systems are either local-only or cloud-only, lacking a hybrid architecture that
supports both.
o Commercial solutions are cost-prohibitive for small industries or educational use.
o Few implementations offer flexible sensor integration with open-source development
environments.

The proposed thesis contributes to the field by:
e Combining local HMI and IoT connectivity into a single, unified solution.
« Using open-source hardware and lightweight protocols (e.g., MQTT) for flexibility and
scalability.
e Providing a low-cost yet reliable alternative to high-end commercial motor monitoring
systems.

By addressing these gaps, the project not only advances the technical field but also
aligns with the practical needs of industries aiming to adopt smart maintenance systems
under Industry 4.0.
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2.3 Feature Comparison with Existing Projects

To clarify the position and advantages of the proposed system design, the following
presents a comparison of the main features between this research and several similar
projects that have been previously developed, covering aspects of sensors, interfaces,
communications, analytics, system resilience, industrial integration, and the standards

applied, as summarized in Table 2.1:

Table 1.1 Feature Comparison with Existing Projects

20

Aspect MPB10 + ESP32 + IJARSCT iCAST-ES
ESP32/LVGL + PZEM/ADXL 2025 (ESP32, 2023
MQTT + Server + MQTT multi-sensor) (ESP32 +
WTVBO1 +
MQTT)
Core Sensor SICK MPB10 (3- ADXL345 MPU-9250 WTVB01
axis vibration, v- (vibration), (vibration), (multi-axis
RMS, a-RMS, DS18B20, PT1000, vibration RS-
kurtosis/crest PZEM ACS712, 485), temp
factor, shock, ZMPT101B,
temperature) encoder
Sensor Grade Industrial grade, Hobby/low-  Hobby/research Semi-
IP68, I0-Link cost industrial
vl.l, 5ms (WTVBO01
IP67)
Local UI Interactive LVGL LCD 16x2 PC/web UI (no  E-ink local +
display (graph, (very limited) embedded web
status, menu) HMI) dashboard
Communication IO-Link — SIG200 MQTT Wi-Fi (to MQTT
(REST API) — (Pub/Sub) PC/web), (Mosquitto),
ESP32-S3; partial control Modbus RS-
MQTT/HTTPS to 485
the cloud
dashboard
through a WISP-
mode wireless
link.
Analytics Edge basic Fuzzy logic Filter/FFT in Threshold,
(threshold/ISO (hobby ESP32; analysis alarms; ISO
10816-3) + server grade) on PC 10816-1
(trending/alerts); reference
potential ML
Offline High: data/status Low (small Medium Medium—High
Independence still visible on LCD; relies  (PC/dashboard)  (handheld
LVGL screen even  on broker) mode; local
if broker is down broker)
Industrial IO-Link No No Modbus RTU
Integration compatible via (common in
SICK SIG200 IO- industry)

Link master,
exposing sensor
data through a
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REST API over

Ethernet to the
ESP32-S3.
Standard/ ISO 10816-3 via None General FFT ISO 10816-1
Reference MPB10 indicators; specified as threshold
shock temp

2.4 Summary

This chapter reviews the development and current state of electric motor condition
monitoring systems, emphasizing the importance of vibration analysis as a key
technique for detecting early mechanical faults. Research shows that real-time
condition monitoring using smart sensors and embedded systems can significantly
reduce downtime and improve maintenance planning. Recent technological
advancements, including IoT integration and MQTT communication protocols, enable
efficient remote monitoring and predictive analytics, aligning with Industry 4.0
principles. However, existing systems often lack a combination of local visual
diagnostics and cloud-based access, or they are too expensive and complex for smaller
industrial users.

The proposed system aims to overcome these challenges by offering a hybrid
solution that integrates:
e Industrial-grade vibration sensors,
e A local HMI display, and
e IoT connectivity for remote monitoring.

Compared to existing literature and commercially available products, the proposed
work distinguishes itself by offering a cost-effective, modular, and scalable system that
addresses many of the limitations found in current condition monitoring solutions. Its
design prioritizes affordability without compromising on performance, making it an
attractive option for a broader spectrum of users, particularly targeting small-to-
medium enterprises that often find sophisticated systems financially and operationally
inaccessible. By leveraging modular components, the system allows for easy
customization and future upgrades, ensuring flexibility to adapt to varying user
requirements and evolving industrial standards. Furthermore, its scalable architecture
enables seamless expansion from basic monitoring setups to more comprehensive and
integrated smart maintenance solutions, aligning with the dynamic needs of modern
industry.

This inclusive design approach not only democratizes access to advanced condition
monitoring technologies but also supports the strategic goals of Industry 4.0 by
facilitating smarter, data-driven decision-making processes. By integrating robust
communication protocols and combining local and remote diagnostic capabilities, the
system enhances operational efficiency, minimizes downtime, and optimizes
maintenance schedules. In doing so, it contributes to a smarter, more connected
industrial ecosystem, driving innovation while supporting sustainable and cost-efficient
maintenance practices. Ultimately, this work bridges the gap between cutting-edge
technology and practical usability, paving the way for widespread adoption of smart
maintenance systems across diverse industrial environments.
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Chapter 3
Methodology

3.1 Research Design

This study adopts a Research and Development (R&D) approach, combining embedded
systems design, real-time communication protocols, and web-based dashboard development.
The goal is to build an integrated IoT system capable of monitoring critical electric motor
condition parameters using the SICK-MPB10 vibration sensor, capturing motor health data and
visualizing them both locally via a display and remotely through a web interface.

3.2 System Overview

The proposed system consists of:

o Sensor Layer: The SICK MPB10 condition-monitoring sensor captures the machine vibration
and reports the resultant velocity-RMS magnitude together with a temperature reading over I0-
Link.

o Gateway Layer: A SICK SIG200 sensor-integration gateway acts as the IO-Link master and
exposes the sensor process data through its REST API on the local network.

o Controller Layer: An ESP32-S3 microcontroller retrieves the process data through periodic
REST (HTTP) requests, performs threshold-based classification, controls the Human-Machine
Interface (HMI), and manages IoT communication.

o Display Layer: A 7-inch LVGL-based HMI provides real-time on-site visualization of the
motor condition.

o Communication Layer: Wi-Fi connectivity through a WISP-mode wireless router enables
data transmission to the cloud.

o Dashboard Layer: A web-based dashboard developed in HTML/JavaScript, backed by a
cloud database and deployed to public hosting, displays real-time and accumulated motor-
condition data for remote monitoring and hosts the remote teaching controls.

The overall arrangement of these six layers is illustrated in Figure 3.1.

Monitoring

System
Hardware Software

Acquisition
Module Acquisition Module
’ Firmware

Transmission Display

Database/Server Web Display

Sensor

Figure 3.1 Feature Comparison with Existing Projects
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3.3 System Architecture

The architecture of this system includes:

o Input: SICK MPB10 vibration sensor providing the resultant vibration magnitude (v-RMS)
indicative of imbalance, misalignment, or bearing issues, together with an integrated
temperature reading as a secondary health indicator; both quantities are exposed by the
SIG200 gateway through its REST API.

o Processing: ESP32-S3 microcontroller acquires sensor data, conducts preliminary
processing, manages local display updates, and handles MQTT communication.

o Local Visualization: Real-time motor health metrics are displayed via a 7-inch
touchscreen using the LVGL graphics library.

o Communication Protocol: MQTT over Wi-Fi ensures low-latency, efficient data exchange
between the monitoring device and the remote server.

The resulting system architecture and network topology are illustrated in Figure 3.2 and Figure
3.3, respectively.

MPB10 Vibration Monitoring — Layered View

Sensing Layer M?&luV-bmﬁm?enw 10-Uink 11 SOPAS ET config
o gl w-RMS velock ace tomperaure
Gateway Layer ?,‘fi?l_m!?:”""‘maf‘e(” ) Ethernet - HITP /REST -
Protocal conversios N PR P
Network Layer TP-Link Roter FEE 0211 WLAN - TCRIP
VieFi
Bl Processing ‘ BPa2s3 Wi cleat MQTT [ HTTPS
iy dge controlies - Arcking €
HTTP client
Pols the $16200 REST endooint on a ficed inter
ArduinaJSON + classifier
Parses payioad, compares against tught threshoids
[ Publisher & display driver
MQTT putdish - Femberse cienl - (VG sendes
DataLayer [ MQTTBmk?r A MOTT 311 Frebase RTOB
( Firebase Realtime Database
VGL s =

Presentation

Figure 3.2 System Architecture
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SIGNAL CHAIN

MPB10 Monitoring — Actual Project Components < -
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induction motor. It measures v-RMS vibration velocity and DC10..30 V, Class 2 Cyclic process data

surface temperature and delivers both as 10-Link process
data over a single M12 cable

Figure 3.3 System Topology

3.4 Hardware Components

o SICK MPB10 Condition-Monitoring Sensor:

An industrial-grade MEMS-based sensor that reports the resultant vibration magnitude (v-
RMS) and temperature; it communicates over I0-Link and is connected through a shielded
M12 cable.

o SICK SIG200 Sensor-Integration Gateway:
The IO-Link master that parameterizes the sensor (via its IODD) and exposes the process
data through a REST API over Ethernet.

o ESP32-S3 Microcontroller with 7-inch RGB Display:
A dual-core controller with integrated Wi-Fi and on-board PSRAM that acquires the data via
REST, executes the monitoring logic, and renders the LVGL HMI on the attached 7-inch panel.

o Panel Assembly:

An industrial enclosure with a DIN rail carrying a 24 V DC switching power supply and a
miniature circuit breaker, housing the gateway and power distribution as a single deployable
module.

o Wireless Router (WISP mode):
Provides the local subnet for the monitoring devices and the wireless uplink to the internet.
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3.5 Software Development

. Embedded Firmware:

Developed using the Arduino core for the ESP32-S3. Responsible for periodic acquisition of the
vibration magnitude and temperature from the SIG200 REST API (500 ms interval), automatic
threshold teaching with persistent (NVS/flash) storage of the learned limits, real-time condition
classification with a latched alarm, updating the local HMI, and publishing JSON-formatted data
to the cloud.

. HMI Interface with LVGL:
Designed with EEZ Studio and rendered by the LVGL graphics library; displays real-time
readings, trend charts, running min/max records, the learned limits, and an alarm indicator.

. MQTT Communication:
Implements MQTT v3.1 or v5 for TCP/IP-based data transfer over Wi-Fi, ensuring reliable
remote data publishing and subscription.

3.6 Web Dashboard Development
. Purpose:

To allow remote users to monitor electric motor health by accessing real-time and
historical data via an interactive dashboard.

«  Technology Stack Options:

A. JavaScript Stack:

Backend with Node.js using MQTT.js client; frontend employs HTML/CSS with Chart.js for
visualization; real-time updates via WebSocket or MQTT-over-WebSocket.
Advantages. Lightweight, cross-platform, suitable for cloud deployment.

B. C# Stack:

ASP.NET Core MVC backend with MQTTnet library; frontend using Razor pages or Blazor with
LiveCharts or Syncfusion for charting; real-time via SignalR.
Advantages. Strong typing, Windows server compatibility, robust architecture.

o  Dashboard Features:
Real-time vibration data graphs, status indicators with warning levels, historical trends
visualization, CSV data export, and responsive design compatible with mobile and tablet devices.

Based on these considerations, the implemented system adopts the JavaScript approach in a
serverless form: a single-page HTML/CSS/JavaScript dashboard with Chart.js for visualization,
communicating directly with Cloud Firestore through its REST interface for the latest data,
statistics, and remote commands (teach, alarm reset, and parameter reset). The dashboard is
deployed to a public static-hosting service (Netlify), making it reachable over HTTPS from any
browser without a dedicated backend server.

3.7 Data Flow

. The SICK MPB10 sensor reports the resultant vibration magnitude and temperature to the
SIG200 gateway over I0-Link.
. The ESP32-S3 polls the SIG200 REST API every 500 ms, classifies each magnitude sample
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against the learned limits, and updates the local HMI in real time.

. At a longer interval (approximately every 10 seconds), the controller writes the latest
values, limits, and condition status to a single cloud document that is repeatedly overwritten,
and the same payload can be published over MQTT for streaming consumers.

. The web dashboard polls only this latest document (one read per device update),
accumulates the received values in browser memory for its charts, log, and statistics, and
applies a staleness check that reports the sensor as offline and stops polling when no fresh data
arrives.

MPB10 sensor
w-RMS vibration + temperature

1 10-Link

SIG200 gateway
1C-Link master + REST

1 Fahertet

Router TP-Link

WISP mode

1 Wi

ESP32-53
JSON parsing - classification

Configuration via SOPAS

REST AP - JSON output

‘WiFi network (WISP)

Streaming mpbiD/data 2

Local HMI ‘ ‘ MQTT broker ‘ ‘ Firebase RTDB ‘
7 atest 25 - log 60s

data + - teaching +

Clanguage / LVGL (EEZ) MQTT + JSON protocol

Dashboard HTML ‘

JSON parsing - charts - teaching

HTML - CSS - JavaScript

Figure 3.4 Data flow of the proposed system

3.8 Testing and Validation

« Unit Testing: Verify the individual modules — REST-based sensor acquisition, threshold
teaching and classification, NVS persistence, Wi-Fi/cloud communication, and the LVGL GUL.
o Functional (System) Verification: Exercise the complete chain end-to-end under
controlled, manually induced excitation to verify teaching, limit derivation, state
classification, alarm latching, and HMI-dashboard consistency.

» Motor Testing: Apply the verified system to the induction-motor spindle setup, re-
executing the teaching procedure with the sensor mounted on the running motor.

o Continuous-Operation Testing: Confirm stability over long-duration operation,
including sustained cloud updates within the service quota and correct offline detection on
the dashboard.

3.9. Work Breakdown Structure (WBS)
The Work Breakdown Structure (WBS) of this system divides the overall project
into smaller, manageable components called work packages. This hierarchical
approach helps organize and control tasks to ensure successful project completion.
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Literature Review and Requirements Analysis
Conduct a comprehensive literature review on:

o JoT-based electric motor monitoring systems.

« Features and specifications of SICK-MPB10 sensor.

e Human-Machine Interface (HMI) technologies using LVGL.

System Design

« Design the overall system architecture including sensor integration, microcontroller
control, HMI interface, IoT communication, and remote dashboard.

e Design electronic circuitry for connecting SICK-MPB10 sensor with ESP32-S3
microcontroller.

e Design the HMI layout using LVGL on a 7-inch display.

Hardware Procurement and Preparation

 Procure and test the SICK-MPB10 vibration sensor.

e Acquire ESP32-S3 microcontroller and supporting hardware components (display
unit, Wi-Fi modules, power supply).

Embedded Software Development

Implement ESP32-S3 firmware for:

« Periodic vibration data acquisition from the SICK-MPB10 sensor.
« Data processing and filtering algorithms for raw sensor data.

« Real-time display updates on LVGL-based HMI.

Web Dashboard Development
« Develop backend MQTT client and data handling services using Node.js or ASP.NET

Core.

« Create frontend dashboard with real-time and historical vibration data visualization
using Chart.js or LiveCharts.

e Implement alerting, notification systems, and data export features (e.g., CSV
download).

System Integration and Functional Testing

« Integrate hardware and software components into a working prototype.

» Conduct end-to-end testing of data flow from sensor to dashboard.

« Calibrate sensor readings and validate accuracy against reference devices.

System Evaluation and Analysis

« Evaluate system performance for detecting common motor faults (e.g., imbalance,
bearing degradation, overheating).

« Analyze real-time system reliability, data latency, and fault detection sensitivity.

Documentation and Final Report

e Prepare technical documentation covering hardware design, embedded firmware,
communication protocols, and user manuals.

« Write the final report including literature review, methodology, experimental results,
analysis, conclusions, and future work recommendations.
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Presentation and Demonstration

« Prepare presentation materials for seminars or thesis defense.

» Conduct live demonstrations highlighting local display functionality and IoT remote
monitoring capabilities.

Table 3.1 Data flow of the proposed system

No. Work Package Description Duration Time
Frame
1 Literature Review & Review studies, sensor 2 weeks Week 1 —
Requirements Analysis specs, HMI tech, MQTT Week 2

protocols, try to identify
parameters and  system

needs
2 System Design Design  overall  system 2 weeks Week 3 —
architecture, all electronic Week 4

circuit for sensor integration,
HMI UI, MQTT format

3 Hardware Purchase and test SICK- 2 weeks Week 5 —
Procurement MPB10 sensor, ESP32-S3, Week 6
& Preparation display, and any other
peripherals
4 Embedded Software Develop firmware for data 4 weeks Week 7 —
Development reading, processing, MQTT Week 10
communication, and HMI
interface
5 Web Dashboard Backend or frontend 3 weeks Week 11
Development development for real-time - Week
data display, alerts, and 13
responsive dashboard
6 System Integration Integrate all components, 3 weeks Week 14
& Testing conduct  functional and - Week
stress testing, ensure 16

stability
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7 System Evaluation Evaluate all of the system 2 weeks Week 17
& Analysis performance, fault detection, - Week
and user experience 18
8 Documentation & Write technical documents, 2 weeks Week 19
Final Report manuals, and the final - Week
thesis or project report 20
9 Presentation & Prepare all of presentation 1 week Week 21
Demonstration materials and conduct live

system demo
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Chapter 4 System Design and
Implementation

4.1 Design Overview and Functional Layers
This chapter describes the detailed design and implementation of the proposed

integrated induction-motor condition monitoring system. Following the methodology
established in Chapter 3, the system is realized as four cooperating functional layers:
sensing, processing, visualization, and communication. At the sensing layer, a SICK
MPB10 condition-monitoring sensor is mounted on the induction motor and configured
to output the resultant vibration magnitude directly as a single scalar value, together
with a temperature reading as a secondary health indicator. In contrast to an earlier
design iteration, in which the raw per-axis acceleration components (X, Y, and Z) were
transmitted and recombined into a resultant magnitude on the controller, the direct-
magnitude configuration reduces controller-side computation, lowers the transmitted

data volume, and improves system responsiveness.

The MPB10 is connected to a SICK SIG200 sensor-integration gateway through
I0-Link, and the SIG200 exposes the magnitude and temperature values through its
REST API. The processing layer is implemented on an ESP32-S3 microcontroller, which
retrieves the process data through periodic REST (HTTP) requests, performs
threshold-based classification, drives the local display, and manages IoT publishing.
The visualization layer is split into two complementary parts: an LVGL-based Human-
Machine Interface (HMI) rendered by the ESP32-S3, which serves purely as a local
monitor for on-site personnel, and an HTML web dashboard that provides global
monitoring and hosts the baseline-teaching feature. Finally, the communication layer
transmits the processed magnitude and status using the MQTT protocol over Wi-Fi
through a wireless router operating in WISP mode.

4.2 System Architecture
The architecture follows a layered design in which each layer has a clearly

delimited responsibility. At the sensing layer, the MPB10 captures the vibration of the
motor and reports the resultant magnitude, which is made available by the SIG200
gateway through its REST API. At the processing layer, the ESP32-S3 retrieves the
magnitude via HTTP requests, executes ISO-based threshold classification, and
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coordinates the local and remote outputs. At the visualization layer, the LVGL HMI
presents the live magnitude and condition state directly at the machine, while the
HTML web dashboard provides global visualization and the teaching interface. At the
communication layer, the ESP32-S3 publishes the data via MQTT over the WISP-mode
wireless link to the broker and the web dashboard, enabling real-time streaming,
historical storage, and remote access. The complete architecture and data flow are
shown in Figure 4.1.

IMPLEMENTATION

System Architecture and Data Flow

Q == (2] (3] —
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(Foiie HTTP
2 10-Link REST
'
SICK MPB10 SICK 51G200 Wi-Fi router ESP32-53
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10-Link + no TP 192.168.8.116 192.168.08.1 / 24 192.168.8.100

MQTT publish (periedic] { subscribe (teach/reset) J l local display bus
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Figure 4.1 Architecture and data flow of the proposed system.

4.3 Network Topology and Configuration
The network topology describes how the devices are interconnected. The MPB10

communicates with the SIG200 over I0-Link, and the SIG200 makes the process data
available through its REST API on the local network. The ESP32-S3 obtains the
magnitude via HTTP requests and connects wirelessly to a router operating in WISP
mode, which acts as a wireless client to an upstream access point while providing an
isolated local subnet. A key property of this arrangement is that the local subnet
remains stable regardless of the upstream internet source: the addresses of the
SIG200, the ESP32-S3, and the gateway are fixed within the router’s LAN, so the
monitoring system continues to operate consistently even if the upstream connection

changes.

Within this subnet, the ESP32-S3 is assigned a static IP address of
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192.168.0.100 with the router as the gateway at 192.168.0.1, and the SIG200 is
configured at 192.168.0.110. Because a static IP configuration bypasses automatic

DNS assignment, public DNS servers are configured explicitly in the firmware so that

cloud hostnames can still be resolved. The resulting network topology is illustrated in

Figure 4.2, and the addressing and protocol assignments are summarized in Table 4.1.

NETWORK TOPOLOGY
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Figure 4.2 System (network) topology with IP addressing and the WISP-mode path

Table 4.1 Network configuration and protocol assignment.

Device / Segment Parameter Value
MPBI10 « SIG200 Sensor interface 10-Link
SIG200 «<» ESP32-S3 Gateway interface REST API (HTTP)

S1G200 IP address 192.168.0.110
ESP32-S3 Static IP address 192.168.0.100
ESP32-S3 Subnet mask 255.255.255.0
ESP32-S3 Gateway 192.168.0.1

Wireless router Operating mode WISP (wireless client)
Wireless router LAN gateway IP 192.168.0.1

ESP32-S3 < broker IoT protocol / port MQTT /1883

4.4 Hardware Implementation

From the hardware perspective, the system integrates the SICK MPB10

condition-monitoring sensor, the SICK SIG200 sensor-integration gateway, and an
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ESP32-S3 microcontroller with an attached 7-inch RGB display panel used as the local

HMI. The MPB10 is mounted on the induction motor and configured to report the

resultant vibration magnitude. The SIG200 acts as the IO-Link master and exposes the
sensor data through its REST API server. The ESP32-S3, equipped with 8 MB of
PSRAM required for the display frame buffer, retrieves the magnitude via HTTP

requests, executes the monitoring logic, drives the display, and co

nnects to the WISP-

mode router for IoT communication. The main hardware components are listed in

Table 4.2, and the hardware topology is shown in Figure 4.3.

Table 4.2 Main hardware components.

Component Function Interface

SICK MPB10 Vibration condition-monitoring sensor; I0-Link
outputs resultant magnitude and temperature

SICK SIG200 Sensor-integration gateway (IO-Link master | IO-Link <» REST API
/ REST API server) (Ethernet)

ESP32-S3 Controller: acquisition, threshold logic, local | REST API (HTTP) / Wi-Fi
HMI, MQTT

7-inch display panel Local monitor rendered with LVGL RGB parallel, driven by

ESP32-S3
Wireless router Network uplink to broker/cloud Wi-Fi (WISP mode)
Induction motor Monitored asset (vibration source) —

Real-Time loT-Based Condition Monitoring System

for Induction Motors with Auto-Teaching Vibration Thresholds

Real-time Monitoring + Auto-Teaching Threshold ¢ loT Connectivity
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Figure 4.3 Hardware topology of the monitoring system.

4.5 Sensor Configuration and Data Acquisi

tion
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The MPB10 is parameterized through the SIG200 gateway using the SOPAS
engineering environment. The sensor’s I0 Device Description (IODD) file is first
uploaded to the gateway and assigned to the corresponding IO-Link port, which allows
the gateway to interpret the sensor’s process data with meaningful labels instead of
raw bytes. The process-data output of the MPB10 is then configured so that the first
value field carries the resultant velocity-RMS magnitude (v-RMS) and the second value
field carries the temperature. Restricting the payload to these two quantities keeps the
acquisition path lean and reduces both the controller-side parsing effort and the
volume of data forwarded to the cloud.

For acquisition, the port ownership on the SIG200 is assigned to the REST
interface, and the ESP32-S3 issues a periodic HTTP POST request to the gateway’s
readDevice endpoint every 500 ms. The gateway responds with the parsed process
data in JSON format, from which the firmware extracts the magnitude and
temperature fields. The 500 ms polling interval is chosen as a balance between
responsiveness of the condition assessment and the processing load on the controller,
which must concurrently render the local HMI.

4.6 Firmware Implementation on the ESP32-S3

The embedded firmware is developed with the Arduino core for the ESP32-S3
and is organized around a non-blocking main loop that schedules four recurring
activities: (i) magnitude and temperature acquisition from the SIG200 every 500 ms;
(ii) threshold-based classification of each new magnitude sample; (iii) rendering of the
LVGL HMI; and (iv) IoT publishing. The classification result drives the HMI state, an

alarm LED indicator, and the status field transmitted to the dashboard.

Two implementation aspects are essential for robust field operation. First, the
learned baseline and derived limits are stored in the ESP32-S3 non-volatile storage
(NVS/flash) immediately after a successful teaching cycle; at start-up the firmware
reloads these values automatically, so the monitoring configuration survives power
cycling and unexpected resets without requiring the operator to repeat the teaching
procedure. Second, the alarm state is implemented as a latched condition: once the
magnitude has exceeded the maximum limit, the alarm remains active even if the
vibration subsequently decreases, and it can only be cleared through an explicit reset
command. This latching behavior follows common industrial-alarm practice and
guarantees that transient fault events are not silently missed by the operator.
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For IoT communication, the firmware formats the magnitude, temperature,
learned limits, alarm flag, and condition status as a lightweight JSON payload and
publishes it over MQTT to a predefined topic. In parallel, the latest record is written to
a single cloud document that is repeatedly overwritten rather than appended, a quota-
efficient strategy discussed further in Section 4.9.

4.7 Automatic Threshold Teaching Implementation

To avoid manual configuration and to adapt the limits to each specific motor
installation, the system implements an automatic threshold-teaching procedure based
on the vibration magnitude reported by the MPB10. Teaching is triggered from the
HTML web dashboard (or the on-board local web page) while the motor operates in a
known-healthy condition. During this phase the firmware records ten consecutive
magnitude samples b1, b2, ..., bio at the 500 ms sampling interval, so that one
teaching cycle takes approximately five seconds. The healthy baseline B is obtained as
the arithmetic mean of these samples, as expressed in Equation (4.1) and, in general

form, in Equation (4.2):
B=(bi+b:+bs+~ +biw)/10 (4.1)
B=(I/N)Y. b, i=1..N, N=10 (4.2)

From the learned baseline B, the operating limits are derived as fixed multiples
of the baseline, anchored to the ISO vibration-severity evaluation zones (ISO 10816 /
ISO 20816 define severity zones A-D for rotating machinery, where zones A/B denote
good-to-acceptable operation, zone C denotes an unsatisfactory condition suitable for
a warning, and zone D denotes an unacceptable condition suitable for an alarm). A
pre-warning limit and an alarm limit are computed from B, and an additional off-

threshold is used to detect a stopped motor, as given in Equations (4.3)—(4.5):
L off = 0.4 x B (motor-off detection) (4.3)
L pre =18 x B (pre-warning) (4.4)
L max =25 xB (alarm) (4.5)

The scaling factors are fixed in firmware (OFF_RATIO = 0.4, FACTOR_WARNING
= 1.8, FACTOR_ALARM = 2.5) and are chosen so that the resulting limits approximate
the ISO severity-zone boundaries for the applicable motor class; they can be re-tuned

for other motor ratings or mounting classes. Once the limits are established, each
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measured magnitude M is classified against them in real time, as summarized in Table

4.3. Before the first teaching has been performed, no limits exist and the system

reports a not-taught state in which no alarm can be triggered.

Table 4.3 Condition classification rule based on the measured magnitude M.

Condition Rule
OFF (motor stopped) M<L off(=0.4 xB)
NORMAL L off <M <L pre

WARNING (pre-limit exceeded)

L pre<M <L max

ALARM (latched until reset)

M>L max (=2.5 x B)

A worked example of the teaching procedure is given in Table 4.4 using the ten
healthy-state samples recorded on the 7.5 kW three-phase test motor. The mean of
the ten samples yields a baseline of B = 28.66 mmy/s; applying the firmware factors
gives L_off = 11.46 mm/s, L_pre = 51.58 mm/s, and L_max = 71.64 mm/s. Table 4.5
then illustrates how representative magnitude readings are evaluated against these
derived limits. The complete teaching procedure and the resulting classification bands

are shown in Figure 4.4 and Figure 4.5, respectively.

Table 4.4 Baseline teaching samples recorded on the 7.5 kW three-phase test motor.

Sample Magnitude (mm/s) Note

bl 28.40 Threshold reference
b2 28.90 Threshold reference
b3 28.50 Threshold reference
b4 29.00 Threshold reference
b5 28.60 Threshold reference
b6 28.80 Threshold reference
b7 28.40 Threshold reference
b8 28.90 Threshold reference
b9 28.70 Threshold reference
b10 28.40 Threshold reference
Baseline B (mean) 28.66 =>bi/ 10

Table 4.5 Worked example of the condition-evaluation rule using the learned limits of the reference compressor.
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in Chapter 5.
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Actual magnitude M (mm/s) | Compared with limits Classified condition
0.20 M<11.46 OFF (motor stopped)
28.66 11.46 <M <51.58 NORMAL

37.45 11.46 <M <51.58 NORMAL

55.20 51.58 <M <71.64 WARNING

72.50 M>171.64 ALARM (latched)

Auto-Teaching Procedure

START teaching

{from HTML dashboard or local web!

l

Motor running in healthy state

!

Rempne Collect magnitude samples
by — byg B 580 ms (= 5§ s)

k. 4

count = 18 7

yas

]

baseline B = (bit.+big) / 18

l

Derive limits (ISO-aligned):

OFF = 8.4 = B (motor-off)
PreMax = 1.8 = B (warning)

Max = 2.5 x B (alarm)

L

Save to flash (NV5S) — MONITOR mode

Figure 4.4 Auto-teaching procedure executed on the ESP32-S3.
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------------ min limit - @.4xE

Figure 4.5 Condition classification bands derived from the learned baseline.

4.8 Local HMI Implementation (LVGL)
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The local HMI is designed with EEZ Studio and rendered by the LVGL graphics
library on the 7-inch display attached to the ESP32-S3. The interface serves purely as
a local monitor: it displays the live v-RMS magnitude and temperature on meters and
trend charts, the running minimum and maximum records, the learned
Min/PreMax/Max limits, and an alarm indicator, but it does not host configuration
functions. Because the display panel requires a large frame buffer, the buffer is
allocated in the on-board PSRAM. A representative layout of the local monitor is shown

v EEZ Stux =] x
View  Help
A Home Ivgl_display x (W testt x
D 0 v o = [ % Pl & 41{ pebug [ Full sim
8f @ o o e i
i B main
Mai ¥ GENERAL
Name a
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Figure 4.6 LVGL local-monitor layout (EEZ Studio): v-RMS magnitude and temperature meters/charts, min/max
records, learned Min/PreMax/Max limits, and an alarm indicator.

4.9 Web Dashboard Implementation

Global monitoring and the teaching feature are implemented in an HTML web
dashboard built with HTML, CSS, and JavaScript, with charts rendered by a JavaScript
charting library. The dashboard presents the real-time magnitude and temperature,
the learned limits, the condition status, accumulated minimum/maximum statistics,
and short-term trend charts. Operator controls are provided for triggering the teaching

procedure remotely, resetting the latched alarm, and resetting the learned parameters.

Two design decisions improve the robustness and efficiency of the dashboard.
First, to conserve the cloud read quota, the dashboard does not query a growing
collection of historical log documents; instead, the device overwrites a single “latest”

document, and the dashboard polls only this document, accumulating the received
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values in browser memory to build its trend charts and statistics. With this scheme
one device update corresponds to exactly one dashboard read. Second, to prevent
misleading “stale” readings when the sensing device is powered off, the dashboard
applies a staleness check based on the server-side update timestamp: if the latest
document has not changed within a defined time window, the interface reports the
sensor as offline and automatically unsubscribes (stops polling), rather than
continuing to display outdated values as if they were live. A manual
subscribe/unsubscribe control is also provided in the interface.

4.10 Summary

This chapter presented the realized design of the monitoring system: a direct-
magnitude sensing chain (MPB10 — SIG200 REST API — ESP32-S3), a non-blocking
firmware with automatic ISO-anchored threshold teaching, persistent (NVS) storage of
learned limits, a latched alarm mechanism, an LVGL local monitor, and a quota-
efficient web dashboard with offline detection, all interconnected through MQTT over a
WISP-mode wireless link. The next chapter evaluates this implementation on two

operating induction-motor-driven air compressors.
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Chapter 5 Testing, Results, and

Discussion
5.1 Testing Objectives and Scope

The evaluation verifies the end-to-end behavior of the implemented system on
two operating machines. Specifically, the tests confirm: (i) correct magnitude and
temperature acquisition from the MPB10 through the SIG200 REST API; (ii) execution
of the automatic baseline-teaching procedure from the web dashboard; (iii) derivation
of the operating limits according to the ISO-anchored rules of Section 4.7; (iv) correct
real-time classification of the operating condition, including the latched alarm behavior;
(v) consistency between the local LVGL HMI and the HTML web dashboard; and (vi)
the reliability of MQTT-based data transmission over the WISP-mode link. The scope
of what these tests can and cannot establish is bounded by Section 1.4: they verify
the acquisition, teaching, classification, and communication chain, and they
demonstrate deviation-based condition alarming, but they do not constitute a
validated fault-detection study, because no controlled fault was injected and no
independent ground truth was obtained for either machine.

5.2 Experimental Setup

The experimental evaluation was conducted in two separate campaigns on two
industrial air compressors, each driven by an induction motor. The first campaign used
a healthy reciprocating compressor rated 10 HP (7.5 kW) with a 520 litre receiver and
a 10 bar cut-out setting, supplied from a three-phase 50 Hz industrial mains; this unit
provided the reference data set. Its motor operates in an automatic load/unload duty
cycle, running until the receiver reaches the cut-out pressure and then stopping until
the pressure falls to the cut-in level, which produces the characteristic on/off pattern
visible in the recorded magnitude trends. The second campaign used a smaller oil-less
reciprocating compressor rated 1.5 HP (1.1 kW) with a 30 litre receiver, supplied from
a single-phase mains. This second unit had a known abnormality: a leak in its
pneumatic circuit prevented the receiver from ever reaching the cut-out pressure, so
the motor was unable to unload and ran continuously without its normal rest intervals.
This condition is documented from the operating behaviour of the machine and is the
only ground truth available for the abnormal session; the internal mechanical state of
the motor was not inspected. In both campaigns the MPB10 sensor is mounted on the
compressor motor housing and the complete monitoring chain of Chapter 4 is
deployed. The assembled monitoring module used in both campaigns is shown in
Figure 5.1, and every test session together with the baseline it produced is
recapitulated in Table 5.1.
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Figure 5.1 The assembled monitoring module: (left) front view of the enclosure with the 7-inch LVGL HMI; (right)
the module with the MPB10 sensor and the I0-Link and Ethernet cabling connected. The limits displayed on the
screen (B = 46.54 mm/s) belong to the bench commissioning session listed as Session A in Table 5.1 and are not
one of the two reported test sessions.

Three teaching sessions were executed in the course of this work, and each one
produced its own baseline. To remove any ambiguity about where a given baseline
comes from, all three are recapitulated in Table 5.1 together with the date, the test
object, the operating point, the sensor mounting position, the scaling factors in force,
and the three limits derived from the baseline. Session A is a bench functional check of
the module and is included only because its limits are visible on the HMI in Figure 5.1;
the results reported in the remainder of this chapter come from Sessions B and C.

Table 5.1 Recapitulation of the teaching sessions and the baselines they produced.

Parameter Session A — bench Session B — reference | Session C —
commissioning (healthy) abnormal condition

Date / time Bench trial preceding 24 Jul 2026 10:00 —25 | 29 Jul 2026 13:11:22 —
the logged campaigns | Jul 2026 22:53 14:18:14
(not logged)

Test object Monitoring module Reciprocating air Oil-less reciprocating
only; sensor not compressor, 10 HP (7.5 | air compressor, 1.5 HP
mounted on a machine | kW), 520 L, 10 bar, (1.1 kW), 30 L, single-

three-phase phase

Operating point Not applicable; Automatic load/unload | Continuous run; cut-
manually induced duty cycle against the out pressure never
excitation 10 bar cut-out setting reached because of an

air leak

Sensor mounting Sensor free on the Compressor motor Compressor motor

point bench housing housing (same

arrangement)

Teaching factors (off | 0.4/1.8/2.5 04/1.8/25 04/1.15/1.25

/ pre / alarm)

Learned baseline B 46.54 28.66 6.50

(mm/s)

L off (mm/s) 18.62 11.46 2.60

L pre (mm/s) 83.78 51.58 7.48
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Parameter Session A — bench Session B — reference | Session C —
commissioning (healthy) abnormal condition

L max (mm/s) 116.36 71.64 8.13

Valid samples Not logged 1,767 (full log); 348 67

(reference window)

Highest magnitude 76.94 38.68 17.34

(mm/s)

Temperature range 34 -36 37-42 31-78

(°C)

Highest state reached | ALARM (manual NORMAL ALARM (latched)
excitation)

Reported in Figure 5.1 (module Figures 5.2, 5.3, 5.7; Figures 5.5, 5.6
photograph only) Table 5.2

5.3 Baseline Teaching Results

The system was evaluated by analyzing the resultant vibration magnitude
reported directly by the MPB10 under two operating conditions of the reference
compressor: with the motor stopped and with the motor running. Because the sensor
outputs the resultant magnitude as a single scalar retrieved through the SIG200 REST
API, the assessment is based on the magnitude value itself rather than on a per-axis
recombination performed on the controller, which simplifies the data path.

With the compressor stopped, the magnitude remained low and stable. The
teaching procedure was then triggered from the web dashboard while the 10 HP
three-phase compressor ran at its normal operating level, collecting ten magnitude
samples and producing a baseline of B = 28.66 mm/s, from which the limits L_off =
11.46 mm/s, L_pre = 51.58 mm/s, and L_max = 71.64 mm/s were derived
automatically. The learned values were stored in flash and reloaded at start-up,
confirming the persistence mechanism of Section 4.6. It should be noted, in line with
Section 1.4, that this baseline reflects the operating level of the machine at the
moment of teaching; the mechanical health of the compressor was not independently
verified beforehand, and the baseline was obtained from a single teaching cycle, so no
spread is available for it. In addition to the magnitude, the temperature reported by
the MPB10 was displayed on the local HMI (meter, trend chart, and running
minimum/maximum) and published alongside the magnitude for remote monitoring.
Figure 5.2 presents the baseline-teaching result together with the derived limits over a
reference session of 348 valid samples recorded on 24 July 2026 between 10:00:59
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Vibration magnitude, v-RMS (mm/s)

Temperature (°C)

and 16:03:54, in which the magnitude peaked at 37.45 mm/s and the temperature at
42 °C.

Healthy Motor Datalog — 348 Valid Samples
Baseline 28.66 mm/s | PreMax 51.58 mm/s | Max 71.64 mm/s

—— Measured magnitude

70 —-= Max limit (71.64 mm/s) |
-~ PreMax limit {51.58 mm/s)
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Peak 37.45 mm/s
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Figure 5.2 Baseline teaching result and derived limits (L_off, L_pre, L_max) on the healthy 10 HP (7.5 kW)
three-phase compressor — 348 valid samples.

5.4 Condition Classification Results

With the compressor running, the magnitude increased but remained below the
pre-warning limit throughout the observation period, and the system accordingly
reported a normal condition. Across the 348 samples of the reference session the
magnitude peaked at 37.45 mm/s at 97.7 minutes, that is 72.6 % of the pre-warning
limit of 51.58 mm/s, and neither a WARNING nor an ALARM was raised. The
magnitude followed the load/unload duty cycle of the compressor, falling below L_off
= 11.46 mm/s whenever the unit stopped at the cut-out pressure and returning into
the learned band once it restarted, without sudden spikes or abnormal fluctuations,
indicating stable operation and the absence of critical anomalies during the test.
Figure 5.3 shows the measured magnitude and temperature trend after teaching: prior
to teaching, no baseline or warning/alarm limits exist, so no alarm can be triggered;
once the teach routine completes, the pre-max (1.8x) and max (2.5x) limits are
derived and the magnitude is continuously evaluated against them.
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Healthy Motor Result Testing — 348 Valid Samples
24 Jul 2026 10:00:59 to 24 Jul 2026 16:03:54
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Figure 5.3 Measured vibration-magnitude and temperature trend of the healthy 10 HP (7.5 kW) three-phase
compressor after auto-teaching (348 valid samples, 24 July 2026 10:00:59 to 16:03:54).

Representative classification results for the reference session are summarized in
Table 5.2. The rule set correctly identified the stopped-machine state and the normal
operating band throughout the session; the WARNING and latched-ALARM states of
the same rule set were exercised on the second machine and are reported in Section

5.6.2.

Table 5.2 Condition-classification results for the healthy 10 HP (7.5 kW) three-phase compressor (B =
28.66 mm/s; L_off = 11.46 mm/s, L_pre = 51.58 mm/s, L_max = 71.64 mm/s).

Stage Magnitude (mm/s) Band State

Before start 0.20 <L off OFF (motor
stopped)

After start 28.60 L off-L pre NORMAL

Session peak (348 37.45 L off-L pre NORMAL

samples)

Full-datalog peak 38.68 L off-L pre NORMAL

(1,767 samples) (75.0 % of L _pre)
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5.5 Consistency between the Local HMI and the Web
Dashboard

Consistency between the local LVGL HMI and the HTML web dashboard was
verified during the tests. The magnitude and condition state shown on the local
monitor matched the values received by the web dashboard over MQTT, confirming
reliable end-to-end data transmission through the WISP-mode link. The teaching
procedure, executed from the web interface, correctly produced the baseline and
limits that were subsequently displayed on both the local monitor and the dashboard.
A representative view of the web dashboard is shown in Figure 5.4.

Figure 5.4 HTML web dashboard for global monitoring and teaching (representative).
5.6 l1oT Communication and Data-Efficiency Evaluation

The IoT path was evaluated with respect to both reliability and resource
efficiency. The MQTT publications arrived at the broker and dashboard at the expected
cadence, and the dashboard’s staleness detection behaved as designed: when the
sensing device was powered off, the interface reported the sensor as offline within the
configured time window and automatically stopped polling, instead of continuing to
present outdated values as if they were live. The single-latest-document strategy kept
the cloud read cost at exactly one read per device update, in contrast to a log-
collection query approach in which every dashboard refresh would read tens of
historical documents; this reduction is what keeps the system comfortably within the
free quota of the cloud service during continuous operation.

5.6.1 Test Setup and Reference Condition

The MPB10 sensor remained mounted on the machine in the same configuration
as in the earlier tests, and data were logged continuously to the cloud database over
an extended period. For the healthy 10 HP three-phase compressor the full datalog
spans 24 July 2026 10:00 to 25 July 2026 22:53, that is approximately 37 hours and
1,767 valid samples. Over this period the magnitude alternated between the OFF band
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and the learned operating band in step with the load/unload duty cycle of the unit,
and reached a maximum of 38.68 mm/s at 17:21 on 24 July 2026, that is 75.0 % of
the pre-warning limit, while the motor temperature stayed between 37 °C and 42 °C.
No WARNING and no ALARM was recorded during the entire period — that is, no false
alarm occurred in 1,767 consecutive samples — consistent with the baseline
established in Section 5.3. The complete datalog is summarised in Figure 5.7.

For the abnormal-condition test a different machine was used: the 1.5 HP (1.1 kW)
single-phase oil-less compressor described in Section 5.2, whose pneumatic circuit was
leaking. Because the leak prevented the receiver from reaching the cut-out pressure,
the pressure switch never released the motor, and the unit ran continuously instead of
following its normal load/unload cycle. The automatic teaching procedure was
executed on this machine so that the operating limits reflected its own running level,
and the scaling factors were tightened from 1.8 and 2.5 to 1.15 (pre-warning) and
1.25 (alarm), as foreseen in Section 4.7, so that a developing deviation could be
resolved within the much narrower operating band of this smaller unit. The teaching
produced a baseline of 6.50 mmy/s, from which an off-threshold of 2.60 mm/s, a pre-
max limit of 7.48 mmy/s, and an alarm limit of 8.13 mm/s were derived automatically.
Two qualifications apply to this baseline and are carried into Section 5.8: it was
learned while the machine was already operating abnormally, so it represents the
running level of a leaking system rather than a verified healthy condition, and it was
obtained from a single teaching cycle.

5.6.2 Measured Fault Behaviour

The measured vibration magnitude and temperature during the abnormal-
condition test are shown in Figure 5.5. The session was recorded on 29 July 2026
between 13:11:22 and 14:18:14 and comprises 67 valid samples over approximately
67 minutes. For the first 4.5 minutes the compressor was stopped and the magnitude
remained at about 0.2 mm/s, below the off-threshold of 2.60 mm/s, so the system
reported OFF. At start-up the magnitude rose immediately to about 6.3 mm/s and was
classified as NORMAL. Because the leak prevented the cut-out pressure from being
reached, the motor never unloaded and both parameters then rose together in a
signature clearly led by temperature: the motor temperature climbed steadily from
31 °C to a peak of 78 °C, while the vibration magnitude increased more gradually
from 6.3 mm/s to a peak of 17.34 mm/s, that is 2.7 times the learned baseline, as the
machine ran without its normal rest intervals under sustained thermal load.

The correlated behaviour of both parameters is shown in Figure 5.5. The first
WARNING was raised at 13:26:43, when the magnitude reached 7.52 mm/s and
exceeded the pre-max limit of 7.48 mm/s at a motor temperature of 49 °C. Two
minutes and thirty-seven seconds later, at 13:29:20, the magnitude reached 8.14
mmy/s and crossed the alarm limit of 8.13 mm/s at a temperature of 54 °C, raising the
latched ALARM, which remained active for the remainder of the session even though
the magnitude continued to rise well beyond the limit. Ten minutes therefore elapsed
between the start of the machine and the first WARNING, and a further two and a half
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minutes to the latched ALARM. It should be stated explicitly that the abnormality
demonstrated here is a documented operating fault of the pneumatic system — a leak
causing continuous duty — and not a mechanical defect of the motor that was
independently confirmed; the temperature reported by the sensor is the physically
leading indicator, while the classification rule of Table 4.3 responds to the
accompanying rise in vibration magnitude. The complete transition from OFF through
NORMAL and WARNING to the latched ALARM is shown in Figure 5.6, and the
aggregated datalog of the healthy reference session is summarised in Figure 5.7.

MPB10 Motor Condition Monitoring — Vibration and Temperature

—e— Magnitude (v-RMS) PreMax 7.48 mm/s
—=— Temperature —-+ Max limit 8.13 mm/s
20.0 Baseline 6.50 mm/s

teTnperature 78 *C

irst ALARM
8.14 mm/s, 54 °C
13:29:20

Peak vibration 17.34 mmys

Vibration magnitude, v-RMS (mm/s)
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Source: MPBLO export | 67 valid samples | 29 Jul 2026 13:11:22-14:18:14

Figure 5.5 Correlated rise of vibration and temperature on the abnormal 1.5 HP (1.1 kW) single-phase compressor
running continuously because of an air leak (67 valid samples, 29 July 2026 13:11:22 to 14:18:14).
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Figure 5.6 Transition from OFF to WARNING and latched ALARM on the abnormal 1.5 HP (1.1 kW) single-phase
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compressor (baseline 6.50 mm/s, PreMax 7.48 mm/s, Max 8.13 mm/s).

24 Jul 2026 10:00 to 25 jul 2026 22:53 1,767 valid samples

Motor Condition Monitoring — Full Datalog
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Figure 5.7 Full datalog summary from the sensor — healthy 10 HP (7.5 kW) three-phase compressor, 1,767 valid
samples, 24 July 2026 10:00 to 25 July 2026 22:53.

5.7 l1oT Communication and Data-Efficiency Evaluation
The IoT path was evaluated with respect to both reliability and resource

efficiency. The MQTT publications arrived at the broker and dashboard at the expected
cadence, and the dashboard’s staleness detection behaved as designed: when the
sensing device was powered off, the interface reported the sensor as offline within the
configured time window and automatically stopped polling, instead of continuing to
present outdated values as if they were live. The single-latest-node strategy kept each
update to a small, fixed-size transfer, in contrast to a log-collection query approach in
which every dashboard refresh would download tens of historical entries; this
reduction is what keeps the system comfortably within the free bandwidth quota of
the cloud service during continuous operation.

5.8 Discussion
Overall, the results demonstrate that the proposed system reliably captures the

vibration magnitude in real time, learns a machine-specific baseline, and classifies the
operating condition against limits derived from that baseline. Three claims are
supported by the measured data and are stated here explicitly. First, the classification
chain is stable under continuous operation: across 1,767 consecutive samples

spanning approximately 37 hours on the reference compressor, the peak magnitude
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reached 75.0 % of the pre-warning limit and no false WARNING or false ALARM was
produced. Second, the alarming chain responds to a real departure from the learned
operating level: on the leaking compressor, which ran continuously because its cut-out
pressure was never reached, the system raised the WARNING at 7.52 mm/s against a
7.48 mm/s limit and latched the ALARM at 8.14 mm/s against an 8.13 mm/s limit, ten
and twelve and a half minutes respectively after the machine started. Third, the
design decisions of Chapter 4 hold in the field: the learned limits survived power
cycling through the NVS store, the latched alarm retained the excursion until it was
explicitly reset, and the single-latest-document strategy held the cloud cost to one
dashboard read per device update, approximately 8,640 reads per day at the ten-
second publishing interval, well inside the free daily quota of the cloud service. The
direct-magnitude approach reduces controller-side computation and data volume, and
the combination of local visualization and IoT connectivity provides both on-site and

remote condition awareness.

Several limitations qualify these findings and bound the claims that can be
drawn from them. First, the measurement scale has not been verified. The magnitudes
reported through the IODD process-data mapping have not been compared against a
calibrated hand-held vibration meter, and the values recorded here are high relative to
the severity zones that ISO 10816/20816 define for machines of this size; until such a
comparison is made at several operating points, the results should be read as relative
changes rather than as absolute vibration severity. Second, no controlled fault was
injected and no independent ground truth was obtained: the abnormality of the
second machine is documented from its operating behaviour (a pneumatic leak
causing continuous duty) and not from disassembly or from a graded, repeatable
defect, so the demonstrated capability is deviation-based condition alarming rather
than validated fault detection, and no detection rate or false-alarm rate can be
reported. Third, every baseline in this thesis comes from a single teaching cycle of ten
samples over five seconds, so the repeatability of the teaching procedure and the
spread of the learned baseline are unknown, and the teaching window is short
compared with the duty cycle of the machines tested. Fourth, teaching was executed
while each machine was already running at its operating level rather than in an
independently verified healthy condition, which for the second machine means the
baseline describes a leaking system; that session therefore demonstrates the adaptive
mechanism and the alarming behaviour of the system, but does not by itself prove a
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fault-detection capability. Fifth, the scaling factors are not universal: they had to be
tightened from (0.4, 1.8, 2.5) to (0.4, 1.15, 1.25) for the smaller machine, and they
require re-tuning for other ratings, mounting classes, or operating-speed ranges. Sixth,
the classification rule evaluates the vibration magnitude only, whereas the abnormal
session was led physically by temperature; no learned temperature limit exists. These
aspects define the boundary between the demonstrated functionality and broader
generalization, and each of them is addressed by a specific recommendation in Section
6.2.

5.9 Summary

This chapter validated the implemented system on two operating air
compressors. On the healthy 10 HP (7.5 kW) three-phase unit the automatic teaching
produced a baseline of 28.66 mm/s and limits of 11.46, 51.58, and 71.64 mm/s, and
over 1,767 valid samples spanning approximately 37 hours the magnitude peaked at
38.68 mm/s, that is 75.0 % of the pre-warning limit, with no false warning and no
false alarm. On the abnormal 1.5 HP (1.1 kW) single-phase unit, which ran
continuously because a pneumatic leak prevented its cut-out pressure from being
reached, the teaching produced a baseline of 6.50 mm/s with limits of 2.60, 7.48, and
8.13 mm/s, and the system captured the full sequence from OFF through NORMAL
and WARNING to the latched ALARM, raising the first WARNING at 7.52 mm/s and
49 °C ten minutes after start-up and latching the ALARM at 8.14 mm/s and 54 °C two
and a half minutes later, while the temperature rose to a peak of 78 °C. The
classification rule therefore reported the OFF, NORMAL, WARNING, and latched
ALARM states correctly on both machines; the local HMI and the web dashboard
remained consistent through the MQTT/WISP path; and the quota-efficient dashboard
design with offline detection operated as intended. The provenance of every baseline
used in this chapter is recorded in Table 5.1. These findings confirm the effectiveness
of the system for real-time, deviation-based condition monitoring of induction-motor-
driven machinery and support its applicability for condition-based maintenance,
subject to the limitations set out in Section 5.8.
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Chapter 6 Conclusion and
Recommendations

6.1 Conclusion

This thesis set out to design, implement, and evaluate an integrated electric-motor
monitoring system combining an industrial condition-monitoring sensor, a local HMI,
and IoT connectivity. The objectives stated in Section 1.3 were addressed through the
design of Chapter 4 and the evaluation of Chapter 5, and the following conclusions are
drawn.

First, the sensing and processing chain works end to end. The MPB10 delivers the
resultant velocity-RMS magnitude and the sensor temperature through the SIG200 IO-
Link gateway, and the ESP32-S3 acquires both quantities over the REST interface
every 500 ms, classifies each sample, drives the LVGL HMI, and publishes the result to
the cloud without interrupting the display refresh. The chain ran without loss of data
across a continuous logging period of approximately 37 hours and 1,767 valid samples.

Second, the automatic teaching mechanism produces usable, machine-specific
limits without manual configuration. On the 10 HP three-phase compressor the
procedure learned a baseline of 28.66 mm/s and derived limits of 11.46, 51.58, and
71.64 mm/s; on the 1.5 HP single-phase compressor it learned 6.50 mm/s and derived
2.60, 7.48, and 8.13 mm/s. The learned values survived power cycling through the
NVS store, confirming the persistence design of Section 4.6.

Third, the classification and alarming logic behaves as specified. The reference
session remained within the OFF and NORMAL bands throughout, with a peak of 38.68
mm/s corresponding to 75.0 % of the pre-warning limit and no false warning or false
alarm in 1,767 consecutive samples. The abnormal session reproduced the complete
OFF, NORMAL, WARNING, and latched-ALARM sequence, with the WARNING raised at
7.52 mm/s against a 7.48 mm/s limit and the ALARM latched at 8.14 mm/s against an
8.13 mm/s limit, and the alarm remained latched until it was explicitly reset from the
dashboard.

Fourth, the local and remote views stayed consistent, and the single-latest-
document cloud strategy held the cost of continuous operation to one dashboard read
per device update. At the ten-second publishing interval this amounts to approximately
8,640 reads per day, comfortably inside the free daily quota of the cloud service.

Finally, and of equal importance, the boundary of what has been demonstrated
must be stated plainly. What this work establishes is deviation-based condition
alarming: the system reliably detects and reports a departure from the operating level
that the machine itself has taught it, and it does so on two machines of very different
rating. Because no controlled fault was injected, because the abnormality of the
second machine is documented only from its operating behaviour, and because the
absolute vibration scale has not been checked against a calibrated instrument, this
work does not establish a validated fault-detection or fault-diagnosis capability. Raising
the claim to that level is the purpose of the recommendations that follow.
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6.2 Recommendations for Further Work

The following recommendations follow directly from the limitations identified in
Sections 1.4 and 5.8 and define the next stage of this work.

Verify the measurement scale. The magnitude reported through the IODD
process-data mapping should be compared against a calibrated hand-held vibration
meter at a minimum of three distinct operating points, and the deviation reported.
Until this comparison exists, the absolute values in Chapter 5 must be read as relative
indicators only, and any reference to ISO severity zones remains provisional.

Impose a teaching precondition in firmware. Teaching should be permitted only on
a machine whose healthy condition has been independently verified, and re-teaching
should be disabled for the duration of any anomaly investigation, so that an abnormal
operating level cannot be silently adopted as the new baseline. This is an interlock in
the firmware, not merely an operating procedure.

Record the operating point with every baseline. Each teaching cycle should store
the conditions under which it was executed — speed, load, discharge pressure, and
the sensor mounting position — alongside the learned baseline, so that limits are
compared only between sessions taken at the same operating point.

Measure the repeatability of the teaching procedure. Ten consecutive teaching
cycles should be executed at an identical operating point and the mean and standard
deviation of the learned baseline reported. This quantifies the confidence interval of
every derived limit and is a prerequisite for defending any threshold as a decision
boundary.

Lengthen the teaching window. The present cycle averages ten samples over five
seconds, which is short relative to the duty cycle of the machines tested. A window
spanning at least one complete load/unload cycle, or a percentile-based estimator in
place of the arithmetic mean, would yield a baseline that is far less sensitive to the
instant at which teaching happens to be triggered.

Establish ground truth through graded fault injection. Controlled unbalance should
be introduced in defined increments on a test rig, the detection outcome recorded at
each level, and the detection rate and false-alarm rate reported. Only with this
evidence can the claim be raised from deviation-based alarming to validated fault
detection.

Extend the classification rule to temperature. The abnormal session was led
physically by temperature rather than by vibration, yet the rule of Table 4.3 evaluates
the magnitude alone. A learned temperature limit derived by the same teaching
mechanism would allow the system to report thermal deviations directly instead of
leaving them to operator interpretation.
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