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ABSTRACT

Digital twinning is one of the active fields aimed at real-time structural health monitoring
of the aircraft wings. The aviation industry’s drive for improved safety, greater efficiency,
and reduced maintenance costs highlights the need for advanced monitoring systems. The
lack of research and work on real-time monitoring using the digital twin seems persistent.
The project aims to reduce the gap and provide a gateway to achieving structural health
monitoring using digital twins. Our work proposes cutting-edge technology of a digital twin
framework that combines physical models, sensors, cloud server, and real-time data connec-
tion. With the help of data from the strain gauge sensors placed on the wing, we conducted
real-time monitoring of the structural behavior (deflection) of the wing under different load-
ing conditions. The strain gauges were properly calibrated using controlled point loads to
ensure the data they provide is accurate and reliable for further visualization. The project
will open reliable and proper gateway for data transmission using cloud, identifying changes
in strain patterns through deflection, and real-time visualization of the wing; achieving dig-
ital twin. This approach taken for digital twin, provides a real-time monitoring of the wing
which can be further enhanced for continuous health assessment improving the accuracy
and efficiency of aircraft wing maintenance. The project introduces a novel technique that
seems to be lacking in the field of real-time monitoring, which will help revolutionize aircraft

maintenance, ensuring higher standards of safety and operational efficiency.

Keywords: Cloud API Server, Digital Twinning, Structural Health Monitoring, Data Inte-
gration, Internet of Things(loT), Real-Time Analysis
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1. INTRODUCTION

1.1. Background

Aircraft structures, especially wings, face a variety of dynamic loads and environmental
stresses throughout their operational life. Maintaining the structural integrity of these com-
ponents is essential for ensuring flight safety, achieving operational efficiency, and managing
costs effectively. Traditionally, Structural Health Monitoring (SHM) of aircraft has depended
on manual inspections and scheduled maintenance routines. However, these conventional
methods often struggle to detect issues as they occur, sometimes resulting in unexpected

failures, higher maintenance expenses, and increased downtime [1].

Digital Twin (DT) technology has emerged as a promising solution to overcome these lim-
itations. Simply put, a Digital Twin is a virtual model that mirrors a physical system by
integrating real-time sensor data, computational simulations, and advanced analytics. This
digital representation provides engineers with the ability to continuously monitor, diagnose,
and predict the behavior of the actual system, thereby enabling proactive maintenance and
improved safety. Through real-time diagnostics and predictive capabilities, Digital Twins

offer a comprehensive approach to SHM that can reduce costs and prevent failures [2].

The concept of the Digital Twin was first introduced by Michael Grieves in 2002 as part
of Product Lifecycle Management (PLM). Since then, rapid advancements in technologies
such as the Internet of Things (IoT), cloud computing, and Artificial Intelligence (Al) have
expanded the scope of Digital Twin applications across various sectors, including aerospace
[3]. A notable historical example is NASA’s Apollo 13 mission in 1970, where a physical
replica of the spacecraft was used to simulate and resolve a critical issue—a practice that laid

the groundwork for the Digital Twin concept [2].

In aerospace, the use of Digital Twin technology is steadily increasing because it offers nu-
merous advantages. By developing a virtual model that is an exact replica of an aircraft
wing, engineers can monitor its structural behavior in real time. This continuous observation
allows for the early detection of anomalies and the prediction of potential failures before
they occur. As a result, the proactive maintenance approach enabled by Digital Twins mini-
mizes operational downtime, enhances overall safety, and extends the service life of aircraft

components [4].



A Digital Twin is essentially a digital copy of a physical product whether one that currently
exists or one that is planned for production. NASA defines a Digital Twin as “an integrated
multi-physics, multi-scale, probabilistic simulation of an as-built vehicle or system that uses
the best available physical models, sensor updates, fleet history, etc., to mirror the life of its
corresponding flying twin” [2]. Additionally, Liu et al. describe Digital Twins as “living
models of physical assets that continuously adapt to operational changes based on collected
online data and can forecast the future state of the corresponding physical counterpart” [4].
Although concepts similar to Digital Twins have been in use since the 1960s, it was Grieves’

formal introduction in 2002 that spurred its development in modern engineering.

Digital Twin technology stands out because it combines three essential components: the
real-world physical product, its digital counterpart, and the data that connects them. This in-
tegrated approach enables not only real-time monitoring and diagnostic capabilities but also
supports virtual simulations that help identify potential issues before they escalate. Unlike
traditional SHM methods, which rely on periodic data and manual inspections, Digital Twins
continuously update based on live data, thereby offering a more accurate and timely picture

of a system’s condition [3].

Moreover, traditional SHM techniques, which depend on fixed maintenance schedules, often
fail to account for actual wear and tear, leading to inefficient resource use and significant
losses. In contrast, Digital Twin technology harnesses live data to create a dynamic visual
model of the system. This model reflects real-time changes and conditions, making it possi-
ble to spot abnormalities promptly and accurately. Consequently, this proactive method not
only improves safety but also reduces unnecessary maintenance costs by addressing issues

before they develop into serious problem[3].

In today’s increasingly digitized world, there is a growing demand for more advanced meth-
ods to ensure safety and reliability. The complexity of modern systems further underscores
the need for innovative solutions like Digital Twin technology. In aerospace engineering, the
goal is to expand the use of Digital Twins for effective structural health monitoring of aircraft
wings. This is achieved by fabricating a physical model of the wing and analyzing it using
various software tools to validate and enhance the digital representation [5]. By integrat-
ing real-time sensor data with sophisticated computational models, Digital Twin technology
offers a transformative approach to monitoring and maintaining aircraft, ensuring that they

operate safely and efficiently over their entire lifespan.



1.2. Problem Statement

Aircraft wings are vital for safe flight, and understanding their real-time behavior is crucial
for both design optimization and proactive maintenance. Traditional visualization methods
are static and resource-intensive, often failing to integrate live sensor data that could provide

a dynamic view of the wing’s performance.

This project addresses the gap by developing a Digital Twin system that provides real-time
visualization of an aircraft wing while opening gates to integrate advanced SHM techniques
and analysis. The project will create a virtual model that mirrors the physical wing, inte-
grating live sensor data to simulate deflection behavior. This approach not only enhances
the design and simulation process but also lays the groundwork for early fault detection
and maintenance planning, thereby supporting both design innovation and proactive SHM

strategies.

1.3. Objectives

1.3.1. Main Objective

To implement and validate the Digital Twin Technology for an aircraft wing model.

1.3.2. Specific Objectives

1. To integrate the sensors on the wing model and calibrate the sensor data.

2. To integrate Cloud API by sending sensor data through microcontroller for real-time

data communication.
3. To develop a digital twin of the physical wing model.

4. To validate and monitor the real-time data from the physical model.

1.4. Applications

The implementation of Digital Twin technology in aircraft wing real-time monitoring offers

several applications, including:

1. Real-time data monitoring to detect structural anomalies.

3



2. Predictive maintenance to prevent unexpected failures.

3. Enhanced safety and reliability through continuous monitoring.
4. Improved lifecycle management of aircraft components.

5. Virtual characterization and testing of structural performance.

6. Interactive training environments for engineers and maintenance personnel.

1.5. Feasibility Analysis

1.5.1. Economic Feasibility

The project is economically feasible because the creation of the Digital Twin provides a
cost-effective way to virtually monitor the wing’s behavior under different conditions. By
simulating and visualizing real-time wing deformation, future design improvements can be
made without expensive physical testing. This reduces material waste and speeds up the

development process, saving both time and money.

1.5.2. Technical Feasibility

The availability of the sensors and microcontroller for the data collection, the integration of
the digital twin, and the availability of the CATIA and 3D print machine for the fabrication
of the wing model makes it feasible. Also, the availability of the software like Unity along
with Cloud API platforms makes the development of digital twin technically feasible.

1.5.3. Operational Feasibility

The operational feasibility of this project is high, as the Digital Twin system can effectively
capture and visualize real-time wing deformation using affordable sensors and microcon-
trollers. The system integrates well with existing tools like MATLAB, Arduino IDE, and

Unity, ensuring smooth data processing and visualization.



1.6.

1.6.1.

System Requirements

Hardware Requirements

. ESP32 8266 Wroom microcontroller
. Strain gauge BF350388
. Arduino UNO

. Rechargeable battery

Strain gauge Y3 module amplifier

HX711 amplifier

. Jumper wires

. High speed camera

Beam load machine

1.6.2. Software Requirements

. CAD software: CATIA V5

Digital Twin development: Unity 3D

. Cloud-based data acquisition: AWS Cloud

. Programming environment: Arduino IDE

Image processing and data filtering: MATLAB



2. LITERATURE REVIEW

2.1. Introduction

The vision of the Digital Twin itself refers to a comprehensive physical and functional de-
scription of a component, product or system together with all available operational data[6].
It is based on the idea that a digital informational construct about a physical system could be
created as an entity on its own. This digital information would be a “twin” of the information
that was embedded within the physical system itself and would be linked with that physical
system through the entire lifecycle of the system[7]. Data is at the heart of Digital Twin. The
physical operation process is judged, analyzed, predicted and optimized in virtual means.
After, the simulation and optimization of product design, manufacturing and maintenance
process, it guides the physical process to perform the optimized solution[8]. Digital Twin in
aerospace has been driven by four key technologies; IoT and Big Data, Advanced Analytics,
Computing Power, and Accessibility[3]. DT should not be seen as a single technology but
as a set of devices, communication tools, and software working together, and most impor-
tantly, autonomously[9]. Such autonomy implies Machine-to-Machine (M2M) communica-
tion without any direct human intervention, effectively achieved by the 10T. In this context,
the physical world is perceived through a sensor network spatially distributed around the
monitored structure, which means that a large amount of data is collected. At the same time,

the devices can operate on the physical world through actuators when instructed[5].

Figure 2.1: Digital Twin of Aircraft Model



2.2. History

The digital twin was first introduced by Grieves in 2002 as a concept within Product Life
Cycle Management (PCM); similar approaches have been used since the 1960s[3]. The
digital twin approach was used in missions like Apollo 13. During the mission in 1970, the
oxygen tanks exploded after the launch. The problem was extremely difficult to solve as it
occurred 200,000 miles away. However, NASA had the Twin of Apollo 13 on the ground,
almost a physical mockup. The intervention to rescue the crew had been tested first on the
physically copied model. The mission was accomplished, the crew rescued and that was the
first known big success of the Twin concept[10]. With the advent of Industry 4.0 and the
advances made in Big Data analytics and Machine and Deep Learning, the Digital Twin has
been spreading to several industrial fields, and in 2019 75% of industrial world organizations
are planning to use its innovative technologies in their business processes[11]. Nowadays,
the DT continues to show an increasing trend and its market adoption is expected to grow
heavily in several years. It is estimated that by 2027 almost all the [oT platforms will contain

digital twinning capabilities[3].

2.3. Digital Twin for Aircraft

The development of validated multidisciplinary Structural Health Management (SHM) sys-
tem tools, technologies, and techniques to enable detection, diagnosis, and prognosis in the
presence of adverse conditions during flight will provide effective solutions to deal with
safety-related challenges facing next-generation aircraft[1]. DT will have a huge impact on
achieving the designated safety standards and solutions for the future. This groundbreaking
technology, when applied to aircraft structures, empowers engineers and decision-makers to
comprehensively and continuously monitor and analyze structural behavior throughout the

entire life cycle.[12]

2.4. Concept of Digital Twin for Aviation

NASA and the US Air Force have been working to explore the concept of the digital twin
to realize condition monitoring, fault diagnosis, life prediction, and design optimization of
various types of air vehicles. Li et al. developed a versatile probabilistic model for diag-
nosis and prognosis, using a dynamic Bayesian network to realize the digital twin[13].In a
Bayesian network, random variables are denoted by nodes(vertices) and their dependence re-

lationships are denoted by directed edges; thus, the Bayesian network constitutes a directed



acyclic graph to represent the joint distribution of a set of random variables[10].

Booyse et al. highlighted that current deep learning-based implementations of prognostics
and health monitoring are limited to specific equipment or applications[14]. Therefore, they
proposed a generic framework in the form of a deep digital twin (DDT), which utilizes deep
generative models to generate near-real sensor data under various operational conditions[10].
The DDT is constructed from deep generative models which learn the distribution of healthy
data directly from operational data at the beginning of an asset’s life cycle[13]. Ritto et al.
presented a digital twin framework combining physics-based models and machine learning
classifiers for dynamic structural damage detection, but it has limitations in identifying dam-
age outside the pre-trained scope [14]. Dang et al. proposed a cloud computing and deep
learning-based digital twin framework for structural health monitoring, which can perform
real-time monitoring and proactive maintenance efficiently.[11] DTs technology provides
new ideas for vehicle development, intelligent operation and maintenance of infrastructure,

virtual test of unmanned driving, and live traffic analysis.[15]

2.5. Major Components of Digital Twin

Since the 2000s, the available components of DTs have been continuously expanded along
with the innovation of technologies. Some novel technologies enable DTs to be applied in
new domains, such as biochips for human body DTs, 5G, and edge computing in aircraft
DTs. The major components of DTs can be divided into three categories based on the func-

tion of components:

Physical Entity Connection Virtual Model

Automatic
Data Flow : ,.

Verification& Validation

: nfrastr- “Communicate [ A
-ucture Interface i Algorithm

Figure 2.2: Major Components of Digital Twin




2.5.1. Physical Side: Sensors and Functional Infrastructure

Physical resources are devices producing information or acting on the environment (sensors
and actuators). [9] The state information that defines the physical devices is extracted with
the help of sensors embedded into or around them. The data collected from these sensors
are aggregated and routed through a gateway that makes the data available for the digi-
tal counterpart.[16] Coupled with data transmission technologies, they guarantee that DTs
can realize real-time data collection and synchronization.[4] The integration of Wireless
Sensor Networks (WSNs) with cloud services forms a foundational aspect of the Internet
of Things (I0T), enabling scalable and flexible data collection and sharing across various
applications.[17] Additionally, the physical side should have the functional infrastructure
to enable and perform specific functions depending on the requirements of DT customers.

Components on the physical side are mainly to support data collection and computing. [4]

2.5.1.1 Strain gauges

For reliable operation of a structure, it is important not only to perform a qualitative cal-
culation of its Stress Strain State (SSS) but also to study the SSS of the structure using
experimental methods. To measure strains on the surface of a deformable body, various
methods are used: mechanical, acoustic, optical, holographic interference, piezoelectric, etc.
Currently, the vast majority of measurements are made using strain gauge resistors. [18] A
strain gauge is a small sensor that measures how much a material stretches or compresses
when a force is applied to it. It works by changing its electrical resistance when the mate-
rial it is attached to changes shape. By measuring this small change in resistance, we can

calculate how much strain the material is experiencing. [19]

The BF3503AA is a type of foil strain gauge that is widely used for basic strain measurement.
It is small, easy to attach to different surfaces, and works well with materials like metal,
plastic, and composite materials. This gauge is sensitive enough to detect small changes
in strain, and it gives reliable results in laboratory and experimental testing setups. One
of the useful features of the BF3503AA is that it is temperature compensated, meaning it
can handle some changes in temperature without giving incorrect readings. The BF3503AA
strain gauge is commonly used for testing wings, beams, and mechanical parts because it is

simple, affordable, and effective for most basic strain measurements. [19]

For composite materials, distributed strain sensing techniques, where multiple sensors are
positioned along a surface or structural component, have also been found to offer more reli-
able strain measurements than single-point sensors. This advantage becomes particularly im-

portant in anisotropic materials, where the mechanical response can vary significantly even



over small distances. The ability to monitor strain along a continuous line helps to capture
variations more accurately, reducing the chances of missing localized stress concentrations

or strain irregularities [20]

2.5.1.2 Calibration of strain gauges

Accurate measurement of structural loads on aircraft wings, especially cantilevered wings,
relies heavily on the correct calibration of strain gauges. Calibration ensures that the raw
electrical signals recorded by strain gauges can be reliably converted into actual physical
forces, bending moments, and shear forces acting on the structure. One effective approach
to calibrating strain gauges on composite cantilever wings involves applying known external
loads and recording the corresponding strain data. In a study on an unmanned aircraft wing,
Swigch applied carefully controlled point loads along the span of the composite wing to cre-
ate bending and twisting effects. By comparing the strain gauge outputs at different locations

on the wing with these known applied loads, calibration factors were developed[21]

A similar approach was used for the Active Aero elastic Wing (F/A-18), where a large-
scale calibration process was carried out using hydraulic jacks to apply known loads directly
onto the aircraft wing. This setup involved both point loads and distributed loads to simulate
different types of forces the wing might encounter during flight. During the calibration, strain
gauge responses and wing deflections were recorded to build a comprehensive database of
strain-load relationships. This database was later used to derive load equations, which allow
researchers and engineers to convert strain data into physical quantities such as bending

moments, shear forces, and torque[22]

Both studies highlight the importance of calibration through controlled load application in
ensuring accurate structural health monitoring and aerodynamic performance evaluation. By
establishing clear relationships between applied loads, strain gauge outputs, and structural
deflection, these calibration processes provide a reliable foundation for further analysis and

design improvements in wing structures.

2.5.2. Virtual Side: Analytical Models and Al

The reference “digital twin” is formed when data flows between an existing physical object
and a digital object, and they are fully integrated in both directions. A change to the physical
object triggers a change in the digital object, and vice versa. [23] The main function of the
virtual side is to gather, process, and analyze the data. [4] Usually, a CAD file of the physical
object is used to represent the digital twin, and the changes are reflected on the same. The
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complexity and number of data and control points available to an operator are to be modeled
into the digital twin as per requirements. [16] The application is to be applied in such a way
that the virtual replica acts identically. Unity (or Unity 3D) is a game engine built for making
games. Unity projects themselves are essentially composed of content (assets), scripts (the
programming), and the engine itself which smashes everything together and makes it work
on your particular platform[24]. With the provision of real-time cloud data it can integrate

and provide for real time-visualization; formulating a Digital Twin.

2.5.3. Connection

The essence of connections lies in data communication technologies. In this era of Big Data
and IoT, communication technologies are becoming abundant, such as 5G and LoRa for
large- scale networks, Wi-Fi for small and medium workshops, and SatCom for aircraft data
transmission, etc. Users can choose according to the specific connection requirement[17].
Since the 2010s, with the continuous improvement of computing power, developing data-
driven models has become more efficient and in line with the trend of Big Data and [oT[4].
The IoT device interacts with the cloud server to upload the data, and the cloud server will
store and host the data[25].The integrity and security represented by the use of cloud com-
puting are considered a priority to manage access to services. Different microservices and
protocols must be used to allow data transmission for connection purposes. The develop-
ment of MQTT protocols to receive data from physical sensors to the development of APIs

for communication purposes is used using AWS Cloud platform[26].

Herrera et al describes the backend services of AWS including the use of MQTT protocol to
receive sensor data, AWS Lambda to create serverless function, API Gateway using HTTP
protocol to manage gateway between physical and virtual connection. The API Gateway
integrate orders to the server and serverless functions, managing data that come from the
Gateway to target microservices. Unity software and cloud are used to allow users to view
data from digital sensors and take control of actuators connected to 10T devices[27]. DTs are
growing more adaptable these days. The choices for components and enabling technologies
will increase as the “must-have” components continue to advance in sophistication and as
prices continue to drop [28]. It will get harder and harder to precisely describe the standard
components of DTs as more and more combinations of DT techniques are regularly studied

for various domains.
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3. METHODOLOGY

3.1. Introduction

We have divided our project methodology into four major sections: Wing Modeling and Sen-

sor Installation, Sensor Calibration, DT development, and validation and image processing,

each having different subsections of its own.
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3.2. Wing Modeling and Sensor Installation
3.2.1. Wing Modeling

To understand the initial steps involved in developing a Digital Twin, the process began with
creating a digital design of the aircraft wing structure using CATIA V5 software. A detailed
3D model of the wing was developed, covering all important aspects such as its geometry,

internal structure, and certain functional elements.

Figure 3.2: CAD Model of Wing

A composite wing with a half span of 56.4 cm and a root chord length of 17.25 cm was
selected. To achieve a good balance between lift and drag, the Eppler 205 airfoil was chosen
because it provides high lift and low drag. The internal structure of the wing was designed
with balsa ribs, which were placed evenly along the span to provide internal support and
maintain the shape of the wing. The outer skin of the wing was made from fiberglass com-
posite sheets, placed on both the upper and lower surfaces, providing strength, durability, and
protection to the internal components. For load-bearing and structural support, two rectan-
gular balsa spars were positioned at 25% and 55% of the chord length, which is close to the
aerodynamic center. This positioning helped distribute aerodynamic loads evenly across the
wing and reduced twisting forces that could affect stability. To further improve the structural
integrity, two cylindrical carbon fiber spars with a radius of 6 x 4 cm were added. These

spars acted as additional reinforcements to enhance the overall stiffness and strength of the
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wing[29].

After completing the digital modeling, the design was converted into a physical prototype,
ensuring the real-world wing closely matched the virtual model. This combined process of
digital design and physical fabrication is a key step in building a Digital Twin, where the
physical and digital versions of the wing are continuously linked. By following this practical
approach, valuable insights into the development process were gained, which also high-
lighted the potential advantages of using Digital Twin technology for real-time monitoring

and analysis.

3.2.2. Sensor Installation

To enable real-time data collection and processing, several electronic components, micro-
controllers, and sensors were installed on the physical wing prototype. The ESP32 micro-
controller served as the main processing unit, responsible for receiving, managing, and trans-

mitting data gathered from strain gauge sensors placed at different points on the wing.

. ~ A+ GHD
Strain Gauge 2 Strain Gauge 4
350 Q 300 — 4 oT
E+ SCK 1
1 E- WCC

Strain Gauge 1
3500

Strain Gauge 3
3500

Figure 3.3: Circuit Design

The sensors we used were BF3503AA strain gauges, which were placed to capture strain
data from both the root and tip sections of the wings. A total of eight strain gauges were
installed; four placed around 44 cm from the root (closer to the tip) and four placed around 9
cm from the root (closer to the wing base). This distributed sensor placement ensured more
accurate and reliable strain measurement compared to using only one sensor, as stated by A.
Freiddi [24].

In order to place the strain gauges, we first cleaned the surface of the wing using iso-propyl
alcohol. Once cleaned, the strain gauges were carefully unpacked and placed on the desired
position. A small amount of cyanoacrylate was used to attach the strain gauges to the desired

location.
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Once attached, the strain gauges were connected, and their signals were amplified using
the HX711 amplifier module, which is commonly used to read the data from strain gauges.
The amplified datas were sent to the ESP32 microcontroller, which acted as the central hub
for data collection, processing, and transmission. This sensor setup played a crucial role
in enabling real-time monitoring, which is essential for capturing wing deformation and

fluttering, forming a key part of the Digital Twin system.

Figure 3.4: Sensor Installation

3.3. Sensor Calibration

In order to calibrate the strain gauge, the beam apparatus was used. The manufactured wing
had to be cantilevered in order to apply load through the beam apparatus. Thus, in response,
we designed a 44 cm tall stand with wooden blocks to fix the spar of the wing into the drilled
holes in the wood. A sqaure base was manufactured with welded metal joints and four square
metal rods were placed in the edges of the base and welded together. The two wooden blocks
were cut and holes were made in the wooden blocks and rods with the help of driller. The

wooden blocks were attached to the metal stand with the help of bolts and nuts.
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Figure 3.5: Wing Stand Model

The wing was then fitted into the stand through the holes in the wooden block in order to

cantilever the wing, which is modeled as:

Figure 3.6: Cantilevered wing model
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After the ESP32 was coded with the help of Arduino IDE, the wing was placed in the beam
apparatus and known loads were applied which deflected the wing. The raw values of the
strain gauges were collected along with the actual deflection given by the gauge in the point

load apparatus for tip and root sensors. A graph was plotted to obtain the calibration factor.

Figure 3.7: Beam apparatus used for calibration

The next step was to reduce the noise. For this, the ESP32 was recoded along with the
constant calibration factor and moving average filter in-built in Arduino IDE was used to
further calibrate and reduce noise. With the help of this, the noise and self-weight deflection

of the wing structure were tarred and used for DT development.

3.4. Digital Twin Development

The development of the Digital Twin for the aircraft wing was carried out through a step-by-
step process, starting from digital modeling, followed by sensor integration, data transmis-
sion, real-time visualization, and data analysis. This process focused to ensure the virtual
model accurately reflected the real-world behavior of the physical wing, creating a strong

link between the physical model and its digital counterpart.
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3.4.1. Data Transmission and Cloud Integration

To allow real-time monitoring, various cloud platforms were explored.

1. Blynk Cloud
Blynk Cloud was the first option for synchronous data transfer because it was simple
and user friendly. It provided real-time monitoring of data and correct device con-
nectivity making it an ideal server for our project. But regional server problems kept
us from logging into our account, disrupting our entire process. As real-time syn-
chronization was required, dependence on a platform with access problems was not a

possibility.

2. ThingSpeak Cloud
We then chose ThingSpeak as our cloud server successfully developing our own cloud
setup on it. However, upon using our own cloud server and testing, there was a delay
of 15 seconds which defeated our main goal to monitor in real time. Furthermore,
while using ThingSpeak, we were familiar with MQTT and APIs, which enhanced our
understanding of cloud server integration and real-time communication. However, this

didn’t solve out problem of time delay forcing us to switch to another cloud service.

3. Arduino IoT Cloud
Next, we attempted Arduino IoT Cloud because we were coding our microcontroller
with Arduino IDE and using the same server should be easy. However, we had an
issue of not even being able to select our device or access the editor. So, we decided

to switch to AWS cloud server which eventually became our desired cloud server.

The ESP32 was connected to AWS IoT Core, an IoT cloud platform. The AWS IoT library
was installed in the Arduino IDE, and custom code, along with AWS IoT Core policies, rules,
things and certificates were created to send data to the cloud platform and to identify the re-
ceived data, over a Wi-Fi connection. The data from the strain gauges are collected through
the MQTT client. The MQTT Test Client helped simulate how IoT devices send data using
the lightweight MQTT protocol, which makes it easier to quickly test the device commu-
nications. AWS IoT Core is also responsible for securely receiving and verifying messages
from connected devices, while also allowing smooth integration with other AWS tools. The
IoT Rules Engine processes incoming data, applies transformations, and sends it to differ-
ent AWS services as needed. To allow external apps to access this data, the API Gateway
offers secure, standardized web-based endpoints. Finally, the Data Publishing Endpoint en-

sures that processed data can be shared with subscribers in real time, enabling event-driven
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processing and allowing the data to be further analyzed or stored. These wireless communi-
cation setup enabled the system to continuously upload deflection data to the cloud helping to
access remotely as well. Furthermore, a custom API was developed for secure retrieving of
data on the cloud platform. This API ensured that data was organized efficiently, and it also
allowed remote users to access live data from anywhere. This combination of sensor data
transmission and cloud storage formed the backbone of the Digital Twin system, allowing

the physical wing’s condition to be continuously updated.

In order to send the data to Unity, an API Server was developed to form a gateway using
lambda function through which the data received by AWS IoT Core would be sent to Unity
Hub.

3.4.2. Real-Time Visualization

The detailed digital model of the wing using CATIA VS5 served as the foundation for the
Digital Twin development which was imported in Unity and meshed for better visualization
of the deflection and fluttering of the wing. Since, the physical wing was cantilevered, a
custom C# script was developed to cantilever the digital wing structure to further synchronize
with its physical counterpart. To ensure accurate wing deflection animation in UnityHub, we
initially tested the virtual setup prior to sensor, cloud storage, and software integration. We
created the physical prototype to replicate real-world conditions. We used a meshed CAD
model of the wing, which was cantilevered at the root and provided it’s structural properties
like density, Young’s modulus, shear modulus, and Poisson’s ratio. Deflection was applied
at the points where sensors were integrated in the physical model. We then interpolated the
of deflection data imported from a CSV file containing strain gauge measurements into the
Unity. When the scene was played, the wing deflection accurately mirrored the physical

model’s behavior while the data was being taken.

After this, for real-time monitoring the physical model was fed with the combined data
received from the AWS IoT Core gateway allowed to view and interact with the live Digital
Twin. To achieve this, a custom C# script was developed in Unity to fetch the data from AWS
using REST API. The C# script in unity opened the gateway created in the cloud platform and
the data received by cloud would transmit to Unity in real-time. Further the data transmitted
to Unity had to be connected with the wing model imported. Thus, another custom C#
script was developed to connect the data transmitted to Unity from the API gateway to the
wing model. This C# script functioned as an instructor or connector to instruct the wing for
the needed deformation that has been received through the cloud or to connect the received

API cloud data with the prototype wing model. This real-time link allowed the digital wing
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model to deflect and respond based on live data, giving a real-time visual representation of

the wing’s physical condition.

3.4.3. Validation of Synchronization

To ensure the Digital Twin accurately represented the physical wing, a validation process
was carried out. The real-time sensor data from the physical prototype was compared with
the simulated behavior of the digital model. If any differences or mismatches were detected,
the codes were reverified and the sensor was recalibrated to align the physical and digital
behaviors. This continuous comparison and recalibration process throughout the test period
ensured the synchronization of the twins. As a back-up to the AWS Cloud platform, Things
speak and Blynk cloud were taken in the trial and test periods subject to comparison and

fulfilment of the needed objectives.

3.4.4. Opverall System Refinement and Optimization

Throughout the development process, the Digital Twin system underwent several stages of
refinement through various color schemes and calibration, processing and addressing techni-
cal issues related to network, error in codes, noise issues and software limitations to improve
data accuracy, and visualization capabilities. By combining real-time data collection, cloud-
based storage and color gradient, the final Digital Twin system provided a comprehensive
platform for monitoring the aircraft wing. This practical application of Digital Twin tech-
nology demonstrated its potential benefits in the field of aerospace engineering, particularly
for real-time visualization of unmanned air vehicles providing huge asset for future enhance-

ments.

3.5. Validation and Image Processing

Although the synchronization between the Digital Twin and the physical wing was validated
visually, it was also important to confirm the accuracy of the data collected from the strain
gauges. To do this, theoretical calculations were carried out to estimate the expected range
of deformation the wing could experience. These calculated values were then compared with
actual data collected during testing. In addition, wind tunnel test was performed, where the
wing was left to experience the airflow, and its deformation was recorded using a high-speed
camera. The captured images were processed to measure the actual deformation, which

was then compared with both the strain gauge readings and the theoretical values. This
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combination of theoretical, visual, and sensor data validation helped to ensure the accuracy
and reliability of the collected data. In order to obtain this flow of reliable methodology,
we went through a series of test and hit. A strain gauge is a delicate sensor and needs to
be handled carefully and mounted precisely. Its minute changes in resistance need to be
amplified (Y3 module or HX711 amplifier). Being sensitive, strain gauge measurements
are susceptible to anomalies and require a controlled experimental environment. Filters can
reduce noise but cannot eliminate uncertainties. Mounting takes time, as surface material
and surface finish affect performance. Wire and solder with extreme caution not to cause
short circuits, which would render the gauge useless. As mentioned earlier, DT development
began from modeling, all the way to visualization in Unity. From this, gaining insights into
the use of strain gauges as sensors, calibration of data and the use of cloud platform were
important. Thus we initiated our project by using a metal scale to understand data calibration

and sensor integration.

1. Quarter-bridge strain gauge configuration: We began by familiarizing ourselves with
the strain gauge installation process, surface preparation, and circuit configuration.
We initially tested a strain gauge with three dummy resistances building a quarter
bridge strain gauge configuration on a PLA wing model, but the inherent properties
of the material resulted in no viable data. We subsequently attached the strain gauge
to a metal scale with the quarter-bridge configuration with a strain gauge Y3 module

amplifier, where we were able to obtain a good signal.

Strain Gauge

3500
_:_IJGELU;E Y3 module amplifier
GMD
VCC
ouT

Figure 3.8: Quarter-Bridge circuit configuration

2. Full-bridge strain gauge configuration: We first tried to use a quarter-bridge setup, but
we were hindered by the high sensitivity of the strain gauge with a small signal range.

To improve amplification, we switched to a full-bridge setup on our real wing model
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and used the HX711 amplifier, which provided a better gain. This change allowed us
to obtain more stable data with less noise, successfully completing the strain gauge

configuration.

Followingly, we attempted our DT development in PLA wing. Although we were not able to
create Digital Twin of PLA wing due to the material properties, we gained a vast knowledge
on the principles of DT technology.

22



4. RESULTS AND DISCUSSIONS

4.1. Output

4.1.1. Calibration of sensors using beam apparatus

To develop an accurate digital twin for the physical model, the first step involved proper
integration and calibration of the sensors. The calibration factor is the ratio of the actual

deflection shown by the deflection gauge to the raw value of the strain gauge sensors.

1. Calibration in steel scale

Strain gauge calibration was a critical part of our project since uncalibrated raw data
was useless. We used the Dead Weight Calibration method using a Beam Apparatus.
The half bridge scale setup was suspended in a half-bridge mounting from two knife-
edge supports, and the strain gauge was mounted centrally with a deflection gauge
placed accordingly. A point load was applied near the strain gauge to minimize errors.
The applied loads, deflection gauge readings, and ADC values from Arduino’s console
were taken. By plotting ADC value vs. deflection, we determined the calibration factor
to be 0.0022.

Table 4.1: Load (N), ADC and Deflection (mm) values

Load (N) | ADC | Deflection (mm)

7 80 3.9

7.5 193 4
8 350 4.4

8.5 550 4.7

10 900 5.45

14 2100 7.9

16 2700 9.8
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Figure 4.1: Raw ADC values vs. Deflection

. Calibration of full-bridge configuration on wing model

For the calibration of the full-bridge configuration, we used the Dead Weight Calibra-
tion method that was used earlier. A stand was built to cantilever the wing, simulating
real-life conditions. Due to the full-bridge configuration, the load was applied in the
center of the configuration to induce minimum error. Tip and root sensors were cali-
brated, and self-weight noise of the wing was filtered out. With calibration and filter

on the test setup, sensor setup was completed.
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The calibration graph can be shown below:

Raw Value vs Deflection
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Figure 4.2: Calibration Graph for Root Deflection

The result of the calibration graph for the root strain gauge sensors was obtained as 0.00005.

Table 4.2: Deflection vs. Raw Strain Gauge Value

Deflection (mm)

Raw Strain Gauge Value

0.0
2.1
4.3
6.2
8.5

10.0

0
41820
87265
125655
169482

201813
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Raw Value vs Deflection
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Figure 4.3: Calibration Graph for Tip Deflection

The result of the calibration graph for tip strain gauge sensors was obtained as 0.000114.

Table 4.3: Deflection vs. Raw Strain Gauge Value

Deflection (mm)

Raw Strain Gauge Value

0.0
2.0
4.1
6.3
8.4

10.2

0

17456
36508
55512
73140
89805
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Further, for cancellation of noises, the calibrated data was sent through a moving average
filter built in Arduino IDE, whose graph has been shown below:

Raw vs. Filtered Root Deformation
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Figure 4.4: Filtering of data received from root sensors
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Figure 4.5: Filtering of data received from tip sensors
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4.1.2. Real-time data communication between cloud and sensors

The calibrated and filtered data was sent to the AWS Cloud server through the ESP 32 micro-
controller. As a result, we were able to observe the strain gauge value published in the AWS

Cloud platform in real time from the serial monitoring window of the IDE and MQTT Test
Client of AWS Cloud.

+* Shadow updated v Shadow updated
$aws/things/ESP32_Sensor/shadow/update/accepted Saws/things/WingTipSensor/shadow/update/accepted
i
vstate™: | “ctate®: {

"reported”: { "reparted”: [
"deformation": 1.75, "deformation”: -B.82,
"rawlata": 683758.25 "rawData”™: 288357

} ]

“metadata™: { "metadata™: {

"reported”: { "reported”: {

“deformation": { "deformation”: {
"timestamp": 1741155791 "timestamp": 1741155996
1 h

“rawbata: {
"timestamp": 1741155926

"rawData": {
"timestamp”: 1741155791
1 1
1
1 J
J

“version": 113595,

YERILONTE Lkl ol “timestamp": 1741155386

“timestamp®: 1741155791

Figure 4.6: AWS Console

4.1.3. Development of Digital Twin

The Unity platform cannot retrieve the data directly from the strain gauge, and as a result the
data had to be retrieved from the cloud platform. By feeding the data from the cloud server to
the imported CAD model of the wing in Unity, we were able to visualize the behavior of the
Digital Twin. However, the physical and digital twins were not synchronized. To resolve the
issue of synchronization, we increased the rate of data to be published in the Cloud Server
and by custom coding Unity to receive a larger number of data through the API HTTP Server

Gateway and a better internet connection, we obtained a synchronized behavior of the twins.
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Figure 4.8: Synchronous downward deflection

We also custom color-coded the digital twin for better visualization and smoother display.
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Figure 4.9: Side view of color coded wing model

Figure 4.10: Top View of color coded wing model

30



4.1.4. Validation of the digital twin

4.1.4.1 Theoretical Validation First, the wing was subjected to the wind tunnel and the

lift and drag forces acting on the wing were calculated.

The value of the lift force generated by the wing was calculated using the lift equation:

1
L= EC,pAv2

Where:

L is the lift force,
* p (rho) is the air density,

* v is the velocity of the air relative to the wing,

A is the reference area (typically the wing area for an aircraft),

* (; is the coefficient of lift, which depends on the shape of the airfoil and the angle of
attack (AoA).

From the above formula, the maximum lifting force (F) on the wing at 5 degrees AOA was
found to be 20.274 N [29].

Since the wing structure is cantilevered and rectangular, it was assumed to behave like a

cantilever beam with the following material properties:

* Young’s modulus (E) = 3 GPa
* Wing chord length (b) = 17.25 cm

e Thickness (4) = 1.8 cm

The moment of inertia (/) was calculated using:

1
[ = Ebh3 —8.3835x 10 ¥ m*
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Since the airflow in the wind tunnel was symmetric and laminar, the flow was considered to
be a uniformly distributed load (UDL).

The maximum deflection of the wing was calculated as:

4

[ F
Omax = 8q_EI whereqg = 7

Omax = 1.8077cm = 18.077 mm

When the wing was subjected to airflow in the wind tunnel, the wind speed measured by the

anemometer was approximately 8.5 m/s.

The lift force on the wing was recalculated using:
1 2
L= EClpAv =4.6498N
The corresponding deflection of the wing was:

l4
s=2L" _4416mm
8E]
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4.1.4.2 Image processing
The fluttering wing subjected to the wind tunnel was captured using a high-speed camera.

The deflection of the wing when subjected to constant wind of velocity 8.5 m/s is obtained
to be around 4 mm. From previous calculations, we observed that the maximum deflection
the wing can withstand is around 18 mm. With the graph below, we can visualize the data
obtained from the stain gauges along with the actual data shown through image processing.
Since the wing was placed slightly behind the test section, the wing will experience a light
variation in wind, which led to fluctuations in the obtained data and flutter of the wing. By
comparing these results with the actual results from our wing sensors, we can validate our

digital twin.

Caleulatad Deformaton from serain gauge
Actual Deformaticn from Image Processing

deformation

| 1
0.5 1 15 2 25 3 35 L] 45 5
tima

Figure 4.11: Image processing vs obtained data from strain gauges

4.2. Limitation

1. Integrating complex systems can introduce additional challenges, disrupting data flow

and compatibility.
2. High rate data couldn’t be fed in Unity Hub.

3. Using discrete variables for proactive health monitoring.
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4.3. Problems Faced

We encountered several challenges during the integration of sensor data with a cloud API to
ensure continuous evaluation and minimal delay. One of the issue was managing real-time
data collection from the BF3503AA strain gauge through the amplifiers, where noise and
scaling inaccuracies required precise calibration and filtering. Connectivity posed another
challenge, as configuring the ESP32 for seamless Wi-Fi communication with the cloud in-
volved troubleshooting authentication issues and optimizing protocols for reliability. Further,
the unstable internet connection posed additional challenges to reduce lag time between the
physical and digital twins. Minimizing time delay further demanded payload optimization,
batching, and compression strategies, alongside ensuring that cloud backends like AWS IoT

could process data with low latency.

4.4. Implications and Significance

1. The digital twin technology is a real-time monitoring process that analyzes the data in

real time.
2. The data acquired in real-time can be used for structural health monitoring.

3. Safety and reliability can be increased through the application of digital twin technol-

ogy.
4. The digital twin technology is used to identify structural anomalies to detect failures.

5. It allows the researchers to study the different contours of different physical properties
like deformation when applying various loads, enabling a better understanding of the

structure of the component.
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4.5. Budget Analysis

Table 4.4: Material Cost Table

S.No. | Material Quantity Rate (Rs) Cost (Rs)
1 ESP32 Dev Module 3 900 2700
2 Arduino UNO 2 1500 3000

3 HX711 Amplifier 3 180 540

4 BF3503AA Strain Gauge 10 440 4400

5 BF3505AA Strain Gauge 5 520 2600
6 Strain Gauge Y3 Module | 9 630 5670

Amplifier

7 AWS Subscription 1 2980 2980
8 Jumper Wire (Male/Female) | 80 4 320

9 Miscellaneous - - 3500

Total (Rs) | 23,210
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Figure 4.12: Gantt Chart
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5. CONCLUSION

5.1. Conclusion

The development of a digital twin for the wing model marks a significant step forward in the
use of advanced proactive technologies in the field of aviation. By creating a virtual replica of
the physical wing, we were able to visualize and monitor the behavior of the wing, improving
our understanding of structural performance. This step in the use of the latest technology
serves as a solid foundation for the future integration of SHM systems and feedback systems,
enabling proactive monitoring and predictive maintenance in the upcoming stages of the

project.

This digital twin technology opens new possibilities for simulating real-world scenarios,
optimizing design processes, and evaluating the structural response to external forces, all in a
virtual environment. Challenges related to data synchronization, real-time updates, network
issues, and system optimization remain, providing additional opportunities for enhancement.
In general, this project successfully demonstrates the potential of digital twin technology in
the aviation sector, laying the foundation for future advances in safety, operational efficiency,
and life-cycle management through the eventual incorporation of real-time structural health

monitoring.

5.2. Scope of Future Enhancements

5.2.1. Use of Bayesian Network

In the future, the digital twin can be improved by adding Dynamic Bayesian Networks
(DBNs). These are probability-based models that can handle uncertainties like changes in
applied loads, material properties, and crack growth. DBNs can combine data from different

sources and continuously update the condition of the wing, making predictions more reliable.

Using Particle Filters (PF), the system can also track changes in the health of the wing over
time, helping to predict failures and estimate the remaining life of the wing. Adding these
methods would make the digital twin even more useful for monitoring and predicting struc-

tural issues in the future.
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5.2.2. Development of feedback loop or two-way communication between physical

and digital system for real-time monitoring and control

A key improvement in our project can the development of a two-way communication system
between the physical wing structure and its digital counterpart. Currently, we have been able
to use the digital twin for monitoring deformation and fluttering collected from the physical
wing. However, by developing a feedback loop, the system can go beyond just observation
and enable interaction between the two systems. This means that real-time data from the
physical wing will not only be sent to the digital twin but also analyzed instantly. Based
on the analysis, responses or corrective actions can be sent back to the physical system if
needed. For example, in a long-range drone, if excessive deformation or fluttering of pro-
peller/wings are detected which can be due to turbulences or weather impacts or faults which
can be identified by increasing the types of sensors integrated, the system can trigger adjust-
ments, such as aborting the mission if needed or increasing/decreasing heights or changing
speeds involuntarily. This would create a closed-loop system with continuous monitoring

and automatic adjustments improve reliability and efficiency.

5.2.3. Integration of real-time feedback mechanisms for dynamic control of physical
entities through digital twins

Another significant enhancement can be integration of real-time feedback mechanisms to
dynamically control the physical wing based on digital twin simulations. Instead of just
displaying data on a dashboard, the user will be able to dynamically instruct the physical
entity with its digital twin empowering the user with Structural Health Monitoring (SHM) of

the aircraft.

For instance, if the digital twin detects excessive strain on a specific part of the wing during
wind tunnel testing, it could suggest modification like redistributing load. Also, in a aircraft
wing, features like anti-icing, de-icing could be controlled from a ground based pilot as well,
though needs a well-established and strong cyber security, this enhancement in larger scale
can completely facilitate an already developed air transportation to new heights. The system
could also alert engineers in real-time about potential structural weaknesses before they be-
come critical. This integration would make the digital twin more than just a passive tool it

would act as an assistant for engineers and researchers, improving safety and efficiency.
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5.2.4. Implementation of AI-driven decision-making to activate or adjust systems based

on data from digital twins

Furthermore, the capabilities of the system, artificial intelligence (Al) can be integrated to
assist in decision-making and proactive analysis. Al algorithms will analyze real-time data
from the sensors in the wing and compare it with simulations to predict potential issues

before they occur taking DT technology from a passive tool to a proactive front line driver.

For example, if the Al detects an unusual strain pattern that could lead to structural failure, it
could automatically suggest adjustments or even activate corrective measures way before it is
to happen. Over time, Al can learn from past data to improve its decision-making accuracy,

making the system more intelligent and efficient.

By implementing these improvements, the digital twin will evolve into a smarter and more
interactive system. It will not only monitor structural changes but also assist in optimizing
performance, reducing risks, and improving aircraft wing design through real-time analysis

and automated control.
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A. TRIAL PHASE WORK

A.1. Trial of Calibration and sensor integration in metal scale

Figure A.1: Calibration trial in metal scale

A.2. Use of 3d printed aircraft wing model

Figure A.2: CATIA Model and Ansys Analysis of 3d wing
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Figure A.3: Set-up to test DT in 3d wing
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Figure A.4: Deformation data when 0.5 Kg load applied
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Figure A.5: Deformation data when 1 Kg load applied

Deformation obtained when 1.5kg load applied

1 4 7 1013 16 19 22 25 28 31 34 37 40 43 46 49 52 55 58 61 64 67 70 73 76 79 82 85 88 91 94 97 100
Time in seconds

Figure A.6: Deformation data when 1.5 Kg load applied
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B. MISCELLANEOUS

Figure B.1: During test for image processing
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Figure B.2: 3d printed wing model

Figure B.3: Fiber fabricated wing model



Figure B.4: Shaded wire frame in final Unity wing
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Figure B.5: Unity Interface
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Figure B.9: Wind Tunnel Set-up

Figure B.10: Image processing y-position track
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C. CODES

C.1. Arduino IDE Codes

//Arduino code to send root sensor data to AWS Cloud Platform//
#include "secrets.h"

#include <WiFi.h>

#include <WiFiClientSecure.h>

#include <PubSubClient.h>

#include <HX711.h>

"$aws/things/ESP32_Sensor/shadow/update"

WiFiClientSecure net = WiFiClientSecure();

PubSubClient client (net);

#define DOUT 33
#define SCK 32

HX711 strainGauge;

const float calibrationFactor = 0.00005;
const int NUM_SAMPLES = 10;

float sampleBuffer [NUM_SAMPLES];

int sampleIndex = O0;

bool bufferFilled = false;

void connectAWS () ;
void sendDataToAWS(float rawData, float deformation);
float applyMovingAverage(float newSample) ;

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

Serial.println("Initializing HX711...");
strainGauge .begin (DOUT, SCK);
Serial.println("Taring, sensor...");
strainGauge.tare () ;

Serial.println("Tare complete. Starting measurements...");
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for (int i = 0; i < NUM_SAMPLES; i++) {
0.0;

sampleBuffer [i]

void loop() A{
if (!'client.connected()) {
connectAWS () ;

}
client.loop();

float rawData = strainGauge.get_units (10);
float filteredData = applyMovingAverage (rawData);

float deformation = filteredData * calibrationFactor;

Serial .print ("Raw Data:,"); Serial.print(rawData);

Serial .print (", |l uFiltered Data: ") ;
Serial.print(filteredData);

Serial.print (", |l uDeformation:,"); Serial.print(deformation,
6);

Serial.println (" mm");

sendDataToAWS (filteredData, deformation);
delay (1000) ;

void connectAWS () {
WiFi.mode (WIFI_STA);
WiFi.begin(WIFI_SSID, WIFI_PASSWORD);
Serial.println("Connecting to Wi-Fi...");
while (WiFi.status() != WL_CONNECTED) {
delay (500) ;
Serial.print(".");
}

Serial.println("\nWi-Fi_ connected!");

net.setCACert (AWS_CERT_CA) ;
net.setCertificate (AWS_CERT_CRT);
net.setPrivateKey (AWS_CERT_PRIVATE) ;
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client .setServer (AWS_IOT_ENDPOINT, 8883);
Serial.print ("Connecting to AWS IoT...");
while (!client.connect (THINGNAME)) {
Serial.print(".");
delay (100) ;
}
Serial.println("\nAWS, IoT connected!");

void sendDataToAWS(float rawData, float deformation) {

String payload = "{\"state\":{\"reported\":{";
payload += "\"rawData\":" + String(rawData) + ",";
payload += "\"deformation\":" + String(deformation);

payload += "}}}";

client.publish (AWS_IOT_SHADOW_UPDATE_TOPIC, payload.c_str());

float applyMovingAverage(float newSample) {
sampleBuffer [sampleIndex] = newSample;

sampleIndex++;

if (samplelndex >= NUM_SAMPLES) A
sampleIndex = O0;

bufferFilled = true;

0.0;
bufferFilled 7 NUM_SAMPLES : samplelndex;

float sum

int count

for (int i1 = 0; i < count; i++) {

sum += sampleBuffer[i];

return sum / count;
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//Arduino code to send tip sensor data to AWS Cloud Platform//

#include "secrets.h"

#include <WiFi.h>

#include <WiFiClientSecure.h>

#include <PubSubClient.h>

#include <HX711.h>
"$aws/things/ESP32_Sensor/shadow/update"

WiFiClientSecure net = WiFiClientSecure();

PubSubClient client (net);

#define DOUT 33
#define SCK 32

HX711 strainGauge;

const float calibrationFactor = 0.000114;
const int NUM_SAMPLES = 10;

float sampleBuffer [NUM_SAMPLES];

int samplelndex = O0;

bool bufferFilled = false;

void connectAWS () ;

void sendDataToAWS(float rawData, float deformation);

float applyMovingAverage(float newSample);

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

Serial.println("Initializing HX711...");
strainGauge .begin (DOUT, SCK);

Serial.println("Taring, sensor...");

strainGauge.tare () ;

Serial.println("Tare complete. Starting measurements...

for (int i = 0; i < NUM_SAMPLES; i++) {
sampleBuffer [i] = 0.0;
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void loop () {
if (!client.connected()) {
connectAWS () ;
}
client.loop();

float rawData = strainGauge.get_units (10);

float filteredData = applyMovingAverage (rawData);

float deformation = filteredData * calibrationFactor;

Serial.print ("RawData:"); Serial.print(rawData);

Serial.print (", |y Filtered Data:,");
Serial.print(filteredData);

Serial.print (", |l uDeformation:,"); Serial.print(deformation,
6);

Serial.println (" mm") ;

sendDataToAWS (filteredData, deformation);

delay (1000); // Sampling every second

void connectAWS () {
WiFi.mode (WIFI_STA);
WiFi.begin(WIFI_SSID, WIFI_PASSWORD);
Serial.println("Connecting to Wi-Fi...");
while (WiFi.status() != WL_CONNECTED) {
delay (500) ;
Serial.print(".");
}

Serial.println("\nWi-Fi_connected!");

net.setCACert (AWS_CERT_CA) ;
net.setCertificate (AWS_CERT_CRT) ;
net.setPrivateKey (AWS_CERT_PRIVATE);

client .setServer (AWS_IOT_ENDPOINT, 8883);
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Serial .print("Connecting to AWS, IoT...");
while (!client.connect (THINGNAME)) {
Serial.print(".");
delay (100) ;
}
Serial.println("\nAWS, IoT connected!");

void sendDataToAWS (float rawData, float deformation) {
String payload = "{\"state\":{\"reported\":{";
payload += "\"rawData\":" + String(rawData) + ","; //
Filtered raw data
payload += "\"deformation\":" + String(deformation);

payload += "}}}";

client.publish (AWS_IOT_SHADOW_UPDATE_TOPIC, payload.c_str());
}
float applyMovingAverage(float newSample) {
sampleBuffer [sampleIndex] = newSample;
sampleIndex++;
if (samplelIndex >= NUM_SAMPLES) A
sampleIndex = 0; // Wrap around
bufferFilled = true;
}
// Calculate average
float sum = 0.0;
int count = bufferFilled 7 NUM_SAMPLES : samplelndex; // Use
fewer samples initially
for (int i = 0; i < count; i++) {
sum += sampleBuffer[i];
}
return sum / count;
}

//Code to connect the sensors with AWS Cloud//
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#include <pgmspace.h>

#define SECRET
#define THINGNAME "WingTipSensor"

const char WIFI_SSID[] = "Kushal..";
const char WIFI_PASSWORD[] = "#Digitaltwin';
const char AWS_IOT_ENDPOINTI[] =

"a3gbwv43urcd3e-ats.iot.ap-south-1.amazonaws.com";

static const char AWS_CERT_CA[] PROGMEM = R"EOF(

MIIDQTCCAimgAwIBAgITBmyfz5m/jAo54vB4ikPmljZbyjANBgkqhkiGOwOBAQsF
ADASMQswCQYDVQQGEwJVUzZEPMAOGA1UEChMGQW1hem9uMRkwFwYDVQQDExBBbWF6
b24gUm9vdCBDQSAxMB4XDTEIMDUyNjAwMDAwMFoXDTM4MDExNzAwMDAwWMFowOTEL
MAkGA1UEBhMCVVMxDzANBgNVBAoTBkFtYXpvbjEZMBcGA1UEAxMQQW1lhem9ulIFJv
b3QgQOEgMTCCASIwWDQYJKoZIhvcNAQEBBQADggEPADCCAQoCggEBALJ4gHHKeNX j)EOF";

// Device Certificate
static const char AWS_CERT_CRT[] PROGMEM = R"KEY(

MIIDWTCCAkGgAwIBAgIUe8pypyR92v1GiS38Hu6pJyJQT8YwDQYJKoZIhvcNAQEL
BQAWTTFLMEKGA1UECWxCQW1hem9uIFd1YiBTZXJ2aWN1cyBPPUFtYXpvbi5jb20g
SW5jLiBMPVN1YXRObGUgU1Q9V2FzaGluZ3RvbiBDPVVTMB4XDTI1MDIxODA2NTYw
M1oXDTQ5MTIZMTIzZNTk10VowHjECMBoGA1UEAwwWTQVATIELvVCBDZXJ0aWZpY2F0

XV
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ZTCCASIwDQYJKoZIhvcNAQEBBQADggEPADCCAQoCggEBAN40oShY9ryLXmcbrN3tY
k/vPvnvvLYURSDYWukyHFTkMaHPM7AiySf/rm/Vt5Rzc1mPJ5PX69QnFVS5a2LMP
jHH1HGV7TPoAXUMCJTMTFNTSWjN1k+rUc1ZA8fMd0zzbo89EO6vewLMrcDHO8GQ1
3RFpgLAd5tLQjtelJmJhajxcpZGMQnZ/Y84RblglqSg3Mr851rTj240x55q9c29CJ
HPxFu2xICbSksIskjcRmJyjcrgDfw270iYVEN3Fa7E30mBGpR6XpvxF7x/84M8nP
vTittNVPddKtL1+sIFOARe4LGGamilMc2EdEBNjuZE/A42b8+CUYo1xQp6Z7 jPWn
X5MCAwWEAAaNgMF4wHwYDVRO jBBgwFoAU7viTW8pHKrhZYaAZve3kkRmzWFIwHQYD
VROOBBYEFAD/dwuJyhd1lCHspEdLnCMRVFRL1IMAwWGA1UdEwWEB/wQCMAAwDgYDVROP
AQH/BAQDAgeAMAOGCSqGSIb3DQEBCWUAA4IBAQAZYA580cdiiQ16dQEKqsHAGTow
tiSDxEG/f2WBywChvAZpjb2aXdB6CvEixwcLqlSJuGYc2DTLcliO4ezyrpLXSydts
AFI3LQ+sTzPg4ziuA3dUUV7351u2BR5I7YqdXscQWbCTrvkjEOjlwRukguE7TesK
Nqyd06£890s4D3yDzKP+sPvZS+wxU60jpX71lud/eZ2eUplyuPHjKtH8JFtQEKNuR
OPtKLXxIqXCHTp6bW4j/TKHs1+BuVgyMANodG2vxIEEAW]jib4elzseaKwQgplsTr
eGUeO02FK5Afg9MnTw6mObHOipc TPFKOXIswmM3CBPv36xK1y02LUPyqX0+o0X

JKEY";

// Device Private Key

static const char AWS_CERT_PRIVATE[] PROGMEM = R"KEY(

MIIEpgIBAAKCAQEA3ihKFj2vIteZzms3eliT+8++e+8thRFINha6TIcV0OQxoc8zs
CLJJ/+ub9W31HNzWY8nk9fr1CcVVL1rYsw+McfUcZXtM+gBdQwI1lMxMUINJaM3WT
6tRzVkDx8x3TPNujz0Q7q97AsytwMf3wZDXdEWmAsB3mOtC014smYmFqPFylkYxC
dn9jzhFuWCWpKDcyvznWtOPbjTFLmpzbOIkc/EW7bEgJtKSwiySNxGYnKNyuAN/D
bs6JhUQ3cVrsTc6YEalHpem/EXvH/zgzyc+90K201U910q0vX6wgXQBF7gsYZqak
UxzYROQE205kT8DjZvz4JRijXFCnpnuM9adfkwIDAQABAoIBAQC5alL7YRxNLjj2
qVGzJujLA4EWRVrxdNWFZk3qF6LBz3sFGIR+C2pscd97A5qmOfzSIMLdh/ cSKFSLU
/4mhWTbU3ciHgnNqrOcpyB6YFDLstWwHSvjbo91lnge juClSF1KOR19ddyRp376dC
cjkyyinqIG4Bj9NY3Cx8BW1R6xAps3MAp304DHcIzEyToP4003ukk/HkApjOEEkh
uNZxp6WEEuvpCLLu9s54fZhdt95JqE5ZUCMnZ+YWbAKULOVm/UUa+2++DsAULLgD
zoNkuZ0azlddm8BamgCrxiUWDGxzwgMEppJajBC/ghiusuU3x+09w9tbtsbKh313
xF30+pShAoGBAPqw/KrTZN08zb8Vn2qY8zvgkMBxRK+KbZRiP1wK1la2nYsMSKUC1
gCXytHg/sIX2UH74Eq3A/vb1K3zQQ/427h4j6Sux0Uxci2+kdVrWevZH2fEWu3Qz
0amIysS9DhUYIC6nM/qw6RK22skH32qQr2mqmfFv1PFibBuyPKdiFFGpAoGBAOLc
njYv+mU4LwnN4EFvJE1Hey5SINQybB1a00YZjIxcGftWlqfssoYf2w+iRNEprjCé6
/C850fFuD7gON+sXw0vwMOlfego2GbcbtqLBwNhBc6GwIBKIPW/aRjtbuEGgorPg
CIVQJ9S/skECCz26efgJ3/SULKqCEfTKTAnx2E+TbAoGBANCcGeiK4IZrWLZAKJuvs
90bTrrUyMnzzGlydDMWQ2qPRoBe7+yBVFJ74F63Qy00Ma60OMcVERB1+/GSb8qGV ]
jkjR+00c/241LwB6qqJYt62JIbn2CqF4VQy6pVms42hagjgh+Ka9mZ0QtIacNxj7
sOnKKDL7/kVxalMyRW445T7JAoGBANOXYWEx9Pe8f6swZ00eC2EXNud3xulLGmTMq
AJXPhHguMmwOgRj6xymL1jQwUpz93/NB6BAmad4K9Xrilud50Qelu3+y8DfXxr7IS
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aAUN68QiEiq9ikkVqPG/3 jCUFvw6AzH4vX4HdJfdzNDGvQOtQXHd2B1DSvcubDEt
4ffxE2uKY9/TPa/JLVHGICcIFDM6wWZsDnCsmq7LLZ+zWC9SV4bxoCLB

JKEY";
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C.2. MATLAB Code for Image Processing

%Time_VS_Dy_PLOT (HIGHSPEEDCAMERA)
clc;
clear;

close all;

dataDir =

>C:\Users\kusha\Desktop\dt_chronus\deformationframe_17;

fps = 500;

n_im = 2500;

ppmm = 3.8;

time = (0:n_im-1) / fps;

hli = 300; h2 = 1000; xstart = 450; xend = 1400;

n_xp = 3; % Number of tracking points
data_maps = struct();
for n = 1:n_im

data_maps.(sprintf(’im_%d’, n)) = read_tif (hl, h2, xstart,
xend, dataDir, n);

end

def_profiles = struct();
for i_im = 1:n_im
ylocs = y_locs_tif (data_maps.(sprintf(’im_%d’, i_im)),
h2-h1, linspace (100, xend-xstart-100, n_xp));
def_profiles.(sprintf (’im_%d’>, i_im)) = ylocs(:,1);

end

def_ydat = struct2array(def_profiles) / ppmm;
def_ydat def_ydat ’;

time_shifted_def_y = def_ydat(1,1) - def_ydat(:,1);

figure;

plot (time, time_shifted_def_y, ’k-’, ’LineWidth’, 2);
xlabel (’Time [s]’);

ylabel (’\DeltaY [mm]’);

set (gca, ’FontSize’, 14, ’FontName’, ’Times’);
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grid on;

function [sch_map] = read_tif (hl,h2,xstart,xend,wd,i_im)
filename=[wd ’/frame_’ num2str(i_im,’%06.0f’) °’.tiff’];
[Im] = imread(filename) ;
sch_map = double(Im(hl:h2,xstart:xend));
end
function [ylocs] = y_locs_tif(iIm,y,xlocs)
ylocs = nan(length(xlocs),2); % The first column is
populated with dy data
for jj = 1l:length(xlocs) % jj is x , or columns
j = xlocs(jj);
for i = y-20:-1:20 % i is y , or rows
if abs(iIm(i-10,j)-iIm(i,j)) > 80
ylocs (jj,1) = i-4;
break;
end
end
end

end
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C.3. Unity Codes

//Data from AWS to Unity Code//
using System.Collections;
using UnityEngine;

using UnityEngine.Networking;

public class APIClient : MonoBehaviour

{

private string apiUrl =

"https://w9mqzq8a94 .execute-api.ap-south-1.amazonaws

.com/deformation";

private WingDeflection wingDeflectionScript;

[System.Serializable]

public class DeformationData

{
public float ESP32_Sensor;
public float WingTipSensor;
public string timestamp;

X

void Start ()

{
wingDeflectionScript =

FindObject0fType<WingDeflection>();

StartCoroutine (FetchDataLoop ());

b

IEnumerator FetchDataLoop ()

{
while (true)
{
yield return StartCoroutine (GetAPIData());
yield return new WaitForSeconds(0.1f); // Fetch
data every 0.1 seconds (1/10th of a second)
}
}
IEnumerator GetAPIData ()
{
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using (UnityWebRequest request =
UnityWebRequest.Get (apiUrl))

{

yield return request.SendWebRequest();
if (request.result == UnityWebRequest.Result.ConnectionError ||
request.result == UnityWebRequest.Result.ProtocolError)
{
Debug.LogError ("API Error:," + request.error);
b
else
{
string jsonResponse = request.downloadHandler.text;

DeformationData data =

JsonUtility.FromJson<DeformationData>(jsonResponse) ;

float esp32Deflection_m = data.ESP32_Sensor /
1000f;

float wingTipDeflection_m = data.WingTipSensor
/ 1000f;

{esp32Deflection_m}"); {wingTipDeflection_m}");
Debug.Log($"Timestamp: ,{data.timestamp}");
wingDeflectionScript.SetDeflectionValues

(esp32Deflection_m, wingTipDeflection_m);
}

//Code to see the real time deformation in Unity 3D//
using UnityEngine;

using System.Collections;

using System.Collections.Generic;

using UnityEditor;

public class WingDeflection : MonoBehaviour
{
public float updatelInterval = 1f;
public float scalingFactor = 1.0f; // Adjust to match
simulation/ANSYS scale
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private MeshFilter meshFilter;

private Vector3[] originalVertices;

private Vector3[] modifiedVertices;

private Color[] vertexColors;

private float rootZ;

private float tipZ;

private float wingSpan;

public float D1 = 1f;
public float D2 = 0f;
private const float sensorDistance = 0.5f;

public float pointLoad = 10f;

public float uniformLoad = 5f;

public float appliedMoment = 20f;

void Start ()

{

meshFilter = GetComponent<MeshFilter>();

if (meshFilter == null || meshFilter.mesh == null)

{
Debug.LogError (" uMeshFilter or Mesh_not, ,found!");
return;

}

Mesh mesh = Instantiate(meshFilter.mesh);

mesh .MarkDynamic () ;

meshFilter .mesh = mesh;

originalVertices mesh.vertices;
modifiedVertices = new Vector3[originalVertices.Lengthl;

vertexColors = new Color[originalVertices.Lengthl];

FindRootAndTipZ () ;
ApplyDefaultColors () ;
StartCoroutine (UpdateDeflection());
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void FindRootAndTipZ ()
{

rootZ = float.MinValue;

tipZ = float.MaxValue;

foreach (Vector3 v in originalVertices)

{

if (v.z > rootZ) rootZ v.z;

if (v.z < tipZ) tipZ = v.z;

wingSpan = Mathf.Abs(rootZ tipZ);
Debug.Log ($" uWing RootatZ={rootZ}, Tipuaty

Z={tipZ},_ Span={wingSpan} meters");

IEnumerator UpdateDeflection ()

{
while (true)
{
ApplyDeflection(D2);
yield return new WaitForSeconds(updatelInterval);
}
}

void ApplyDeflection(float esp32Deflection)
{

float t_sensor = sensorDistance / wingSpan;

for (int i = 0; i < originalVertices.Length; i++)
{

Vector3 vertex = originalVertices[il];

float distanceFromRoot = rootZ - vertex.z;

float t_total = distanceFromRoot / wingSpan;

float loadDeflection = 0f;
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if (pointLoad != 0)

loadDeflection = (pointLoad /
Mathf .Pow(wingSpan, 3)) *
Mathf .Pow(distanceFromRoot , 3) *

scalingFactor;

}
else if (uniformLoad != 0)
{
loadDeflection = (uniformLoad / (2 *
Mathf .Pow(wingSpan, 3))) *
Mathf .Pow(distanceFromRoot, 2) * (3 *
wingSpan - distanceFromRoot) * scalingFactor;
}
else if (appliedMoment != 0)
{
loadDeflection = (appliedMoment / (2 x*
Mathf .Pow(wingSpan, 2))) * (wingSpan -
distanceFromRoot) * scalingFactor;
}

float interpolatedDeflection = (esp32Deflection /
Mathf .Pow(t_sensor, 3)) * Mathf.Pow(t_total, 3) =*
scalingFactor;

float finalDeflection = loadDeflection +

interpolatedDeflection;

modifiedVertices[i] = new Vector3(vertex.x,

vertex.y + finalDeflection, vertex.z);

float normalizedDeflection =

Mathf.Clamp (finalDeflection /

Mathf .Abs(finalDeflection), -1f, 1f);
vertexColors[i] = Color.Lerp(Color.red, Color.blue,

(normalizedDeflection + 1f) / 2f);

meshFilter .mesh.vertices = modifiedVertices;

meshFilter .mesh.colors = vertexColors;

meshFilter.

meshFilter.

mesh.

mesh .

RecalculateNormals () ;

RecalculateBounds () ;
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Debug.Log (" uWholewing,,deformation applied withy

interpolationand load_ distribution.");

void ApplyDefaultColors ()

{
for (int i = 0; i < vertexColors.Length; i++)
{
vertexColors[i] = Color.white;
}
meshFilter .mesh.colors = vertexColors;
}

public void SetDeflectionValues(float esp32Deflection,
float wingTipDeflection)

D2
D1

esp32Deflection;

wingTipDeflection;

\\Code to cantilever the wing\\

using UnityEngine;

using System.Collections;

[RequireComponent (typeof (MeshFilter))]

public class CantileverWingDeflection : MonoBehaviour

{

public float updatelInterval = 1f;
public float scalingFactor = 1.0f;

private MeshFilter meshFilter;
private Vector3[] originalVertices;
private Vector3[] modifiedVertices;

private Color[] vertexColors;

private float rootZ;
private float tipZ;

private float wingSpan;
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public float D1 = 1f;
public float D2 = 0f;
private const float sensorDistance = 0.5f;

void Start ()

{
meshFilter = GetComponent<MeshFilter >();
if (meshFilter == null || meshFilter.mesh == null)
{
Debug.LogError (" uMeshFilter or_ Mesh_not,found!");
return;
}
Mesh mesh = Instantiate(meshFilter .mesh);
mesh.MarkDynamic () ;
meshFilter .mesh = mesh;
originalVertices = mesh.vertices;
modifiedVertices = new Vector3[originalVertices.Length];
vertexColors = new Color[originalVertices.Lengthl];
FindRootAndTipZ () ;
ApplyDefaultColors () ;
StartCoroutine (UpdateDeflection());
}

void FindRootAndTipZ ()
{

rootZ = float.MaxValue;

tipZ = float.MinValue;

foreach (Vector3 v in originalVertices)

{
if (v.z < rootZ) rootZ = v.z;

if (v.z > tipZ) tipZ = v.z;

wingSpan = Mathf.Abs(tipZ - rootZ);
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Debug.Log ($" uWing  RootatZ={rootZ}, Tip,aty
Z={tipZ},, Span={wingSpan} meters");

IEnumerator UpdateDeflection ()

{
while (true)
{
ApplyCantileverDeflection (D2);
yield return new WaitForSeconds(updatelInterval);
X
X

void ApplyCantileverDeflection(float esp32Deflection)
{

float t_sensor = sensorDistance / wingSpan;

float sensorDeflection = esp32Deflection *

scalingFactor;

for (int i = 0; i < originalVertices.Length; i++)
{
Vector3 vertex = originalVertices[i];
float distanceFromRoot = vertex.z - rootZ;
float t = distanceFromRoot / wingSpan; //

normalized span position (0 at root, 1 at tip)

float deflection = 0f;

if (t <= t_sensor && t_sensor > 0)

{
deflection = sensorDeflection * (t / t_sensor);
}
else
{
deflection = sensorDeflection * Mathf.Pow(t /
t_sensor, 3);
}
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modifiedVertices[i] = new Vector3(vertex.x,

vertex.y + deflection, vertex.z);

float normalizedDeflection =
Mathf.ClampO1l (Mathf.Abs(deflection /
sensorDeflection));

vertexColors[i] = Color.Lerp(Color.red, Color.blue,

normalizedDeflection) ;

}
meshFilter .mesh.vertices = modifiedVertices;
meshFilter . .mesh.colors = vertexColors;

meshFilter.mesh.RecalculateNormals () ;

meshFilter .mesh.RecalculateBounds () ;

Debug.Log (" uCantilever wing deformation applied.");

void ApplyDefaultColors ()

{
for (int i = 0; i < vertexColors.Length; i++)
{
vertexColors[i] = Color.white;
}
meshFilter .mesh.colors = vertexColors;
}

public void SetDeflectionValues(float esp32Deflection,
float wingTipDeflection)

{
D2 = esp32Deflection;
D1 = wingTipDeflection; // This could be used for
validation against predicted tip deflection
b
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