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Abstract

This thesis is within the Industry 4.0 paradigm, exploring automation solutions in two
distinct but complementary manufacturing areas i.e medical diagnostics and advanced
therapeutic applications, with the aim of improving the quality and efficiency of processes
and reducing human intervention in repetitive tasks.

The first project, APROMISE co-funded by the European Regional Development Fund
POR CreO FESR 2014-2020 — Tuscany Region, explores the feasibility of implementing
an automated machine vision system for the inspection of ultrasound probes produced by
Esaote S.p.A. This system exploits convolutional neural networks (CNNs) to
automatically analyse probe images, detecting surface defects with high accuracy and
reliability, reducing quality control time and ensuring greater uniformity of the finished
product.

The second project, REPAIR funded by the European Union's Horizon 2020 Research
and Innovation Program under Grant Agreement No. 952166, focuses on automating the
manufacturing process of liquid crystal elastomers (LCEs), thermo- and photo-sensitive
materials that can be used for biomedical applications, particularly as contracting devices
for cardiac function support. An automated infiltration cell construction system is
proposed to ensure the uniformity and quality of the LCE films produced.

Both projects show how the technologies developed can improve traditional production
processes, making them more competitive by optimising time, reducing errors and

increasing quality standards.

Keywords: Industry 4.0, Industrial Automation, Artificial Vision, Liquid Crystal
Elastomers (LCE), Quality Control.
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Proposition

Motivation

To improve the efficiency and quality of manufacturing processes in highly regulated
industries, such as biomedical, where accuracy and repeatability are essential to ensure
product safety and reliability. The work aims to reduce human intervention in repetitive
and complex tasks, while minimising associated costs and errors.

Original contribution

Design and development of a machine vision system based on convolutional neural
networks for automated inspection of ultrasonic probes, capable of detecting surface
defects with a higher level of accuracy than traditional manual methods.

Design and development of an automated infiltration cell for the uniform and
repeatable production of liquid crystal elastomers (LCEs) for implantable biomedical
devices.
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Introduction

Introduction

Industry 4.0, also known as the Fourth Industrial Revolution, represents a
transformation of the manufacturing sector characterised by the introduction of advanced
technologies such as cyber-physical systems, automation, artificial intelligence and real-
time connectivity. The Industry 4.0 paradigm is characterised by its ability to make
production processes smarter, more flexible and more resilient, thanks to the integration
of tools that allow production to be continuously monitored, optimised and adapted. The
main objective of this revolution is to improve quality and efficiency, while reducing costs
and waste, minimising human error and responding to growing demands for customisation
and sustainability. Quality control and the production of complex materials benefit
significantly from these innovations, as they require precision, repeatability and a high
degree of automation.

In this context, the projects APROMISE (co-funded by the European Regional
Development Fund POR CreO FESR 2014-2020 - Tuscany Region) and REPAIR (funded
by the European Union's Horizon 2020 Research and Innovation Programme under Grant
Agreement No. 952166) represent two exemplary case studies of the application of
Industry 4.0 principles, responding to specific challenges in the fields of medical
diagnostics and biomaterials for advanced therapeutic applications. Although they operate
in different sectors, both projects share the use of automation and artificial intelligence
technologies to improve the quality and reliability of production, increase efficiency and
ensure the sustainability of processes.

The aim of the APROMISE project is to develop a machine vision system for the
automatic inspection of ultrasound probes manufactured by Esaote S.p.A., a leading
company in the medical devices sector. Ultrasound probes are complex devices used to
obtain diagnostic images by means of ultrasound and are composed of delicate components
that require accurate quality control to ensure optimal performance and durability.

Traditional quality control is performed manually by specialised operators, a time-
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consuming and error-prone process, especially for small defects. This thesis addresses these
limitations by developing an advanced machine vision system based on convolutional
neural networks (CNN) that can capture high-resolution images and automatically detect
surface defects such as scratches, dents and silicone residue. This system reduces
inspection time, optimises costs and increases the quality consistency of end products,
demonstrating the effective application of automation in a complex and highly variable
industrial environment.

The REPAIR project focuses on the automated fabrication of liquid crystal elastomers
(LCEs), a class of innovative materials that actively respond to external stimuli such as
light and heat by expanding or contracting and are particularly promising for biomedical
applications. LCEs are being used to create implantable contractile devices to support
heart function in patients with heart failure. However, the manual production of these
materials presents many difficulties, as it requires a high degree of precision in infiltrating
the material and managing thermal conditions. To meet these requirements, this thesis
developed an automated infiltration system based on a modified 3D printer (X-Y core)
that enables uniform and reproducible infiltration. This approach uses 3D printing
technology to create customised components, ensuring accurate process control and
reducing variability in results. The proposed solution not only improves production
efficiency and quality, but also ensures the biocompatibility of the final product, a key
requirement for therapeutic applications.

In summary, the APROMISE and REPAIR projects are concrete examples of how
Industry 4.0 principles can be applied to innovative quality control systems and advanced
materials production. Their implementation shows that advanced automation and smart
technologies not only increase efficiency and reduce costs, but also raise quality standards,
increasing the sustainability and competitiveness of production processes. This research
is therefore set in the context of industrial and biomedical engineering, highlighting the
crucial role of automation and artificial intelligence in meeting the challenges of an ever-

changing market.
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Aim of the Research

The main objective of this research is to design and develop industrial automation
solutions to improve efficiency and quality in two application areas: firstly, in the quality
control processes of complex medical devices, such as ultrasound probes; and secondly, in
the development of automated systems to produce innovative materials, such as liquid
crystal elastomers (LCEs) for biomedical applications. In particular, the APROMISE and
REPAIR projects are two case studies of the application of technologies emerging from
Industry 4.0, addressing specific challenges in their respective sectors.

The APROMISE project represents the first chapter of this research, proposing a
solution for the quality control of ultrasonic probes produced by Esaote S.p.A. Currently,
the inspection process is entirely manual, wasteful and prone to human error, especially
in the detection of small surface defects.

The REPAIR project addresses another challenge related to the production of liquid
crystal elastomers (LCEs), biocompatible materials with unique deformation properties.
The manual production of LCEs is complex and requires a level of precision that is difficult
to maintain on a large scale. This work addresses this need with an automated infiltration

cell manufacturing system that enables high quality, uniform LCE films.
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1 APROMISE

The sensor, i.e. the probe - the heart of any ultrasound system that captures medical
images using ultrasound signals - contains complex technological solutions based on
different disciplines, due to the dual nature of the energy that passes through it. The
search for sensor solutions that meet specific performance and cost requirements is the
most delicate aspect in the development of an ultrasound system.

The A-PROMISE project, funded by the Region of Tuscany, aims to generate
technological knowledge that will allow Esaote S.p.A. to move from the processes
currently used to solutions for automating the production cycle of ultrasonic probes with
high precision, reliability and programmability.

The project involves the development of new industrial processes for the manufacturing
of ultrasonic probes, based on automation and robotics, in order to guarantee greater
efficiency, reliability and quality in the production processes (welding, cutting and
bonding), to improve working conditions in "labour-intensive" and "operator-oriented"
industrial processes (welding and bonding) and to increase the competitiveness of the
industrial system, especially at international level (design of new products, higher yield,
better production quality and less waste).

The topic is fully in line with the Industry 4.0 paradigm, as it involves the development
of a new global manufacturing process through the introduction of new automated
processes at specific stages of the production process. The innovations introduced by the
project will make it possible to develop a new manufacturing process for ultrasound
probes, which will enable new products. The development and fine-tuning of these
technologies requires extensive collaboration between industry and the research system,
which must address multidisciplinary issues such as mechatronics, robotics, physics,
materials technology and ICT, fully in the context of the technological framework of
Industry 4.0.

t
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1.1 Problem Definition

Industry 4.0 has shown that process automation is essential for the future of
manufacturing. In this context, systems for defect detection and quality control could
save waste, production time, and energy use, therefore increase efficiency [1-3]. To analyse
product quality, data acquisition systems can be added to the production line with
contained costs and low maintenance. In fact, images of the production process are often
used as input for automatic detection systems searching for production defects [2,4].

Currently, in many industrial companies the quality control phase is performed
manually by trained operators at the conclusion of the production process. Other than
being repetitive, manual defect detection introduces errors due to the operator's ability
to detect the different types of defects. Additionally, many aspects concur in the success
of the inspection, such as the viewing angle, the type of ambient lighting, the size of the
defects being sought and the probe’s surface morphology (translucent, glossy, and
coloured).

As part of the A-PROMISE project, in which Esaote S.p.A. planned to create a new
automated process to produce ultrasound probes, there was a need for a database on the
quality of its products. These products are available on the market in different shapes,
colours and sizes, depending on the application, and usually consist of several components,

as shown in Figure 1 [5].

Cable Cable Cover Body Shell Lens

Figure 1 — C 1-8 probe produced by Esaote S.p.A.

The inspection procedure requires qualified operators to conduct both the production
and the quality control steps manually. Within Esaote S.p.A. production line, during the
quality control phase, operators search for surface defects, which is a critical step due to
the numerous components that need to be checked, including the lens, probe bodies and
cable cover (see Figure 1).

Probe components can be categorised into three groups:
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- Group A Area: the investigated area is always visible from the end user during
device use.

- Group B Area: the investigated area is visible from the end user but not during
device use.

- Group C Area: never visible from the end user.

According to company policy, areas categorised as A and B must be inspected for 10
seconds, while Area C is excluded from inspection. The amount of time spent seeking
defects is typically 60 seconds, depending on the type of probe. Quality control has often
proven to be inadequate due to errors caused by a sum of factors such as short
examination time and small defect size. Some potential defects, ranging in size from 0.1

mm to 10 mm, are shown in Figure 2.

c) d)

Figure 2 — Some of the types of defects found on probe bodies: a) spot, b) scratch, c)
dent&residual silicon and d) spot&scratch.

The presence of cosmetic defects does not invalidate the proper functioning of
ultrasound systems. However, it is a problem for purchasers. This dissertation presents a
machine vision system for acquiring high quality images, enhanced by artificial intelligence
(AT), to assist the operator in detecting defects in Group A and Group B areas. Indeed,
for an Al system to be successful in identifying the presence of a defect, it is critical that
the input images are consistent and sufficiently representative of the problem [2,6-11].

This thesis examines critical aspects of the development of a machine vision system
for acquiring such images, such as identifying the best methods for acquisition, lighting

and camera movement [2,12-16]. After obtaining high-resolution images, the work focused
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on investigating CNN-based solutions by analysing the achievable accuracy on the two
tasks of defect detection and classification, using and comparing different neural network
architectures.

1.2 Machine Vision System

Advanced industrial systems require increasingly improved product performance along
with an increased need for quality control during production [2,17,18]. However, defects,
such as scratches, spots, or holes on the surface of the product, adversely affect not only
the aesthetics of the product and the comfort in using it but also its performance[19-21].
Although in some cases, artificial visual inspection may be superior, it is inefficient and
prone to fatigue. Artificial visual inspection is not feasible for some applications that have
dangerous consequences in the event of a failure [22,23].

A typical industrial visual inspection system mainly consists of three modules: optical
illumination, image acquisition, and image processing and defect detection [2,22,23] as
shown in Figure 3.

Light source Computer

Camera

= — =gy

) Detected object [

Hardware platform Algorithm

Optical illumination ‘ qp l Image acquisition I = | Image processing and defect detection

* Image preprocessing

¢ (lassification

* Localization

*  Segmentation

* LSTM-based periodic defect recognition
»  Multi-feature fusion detection based on

DBN and SAE

* Light source
* Fundamental illumination modes
* [llumination system design

* CCD and CMOS

* Image acquisition schemes

Figure 3 — Typical industrial visual inspection system architecture and main components. [2]

Firstly, an optical illumination platform is designed based on the product
characteristics and inspection requirements. Subsequently, Complementary Metal-Oxide-
Semiconductor device (C-MOS) cameras or alternative image acquisition hardware are
employed to transform the target objects positioned within the light field into images and
transmit them to a computer. As a medium of information, the images that reflect the
features of the objects under inspection constitute the core element of visual inspection;

therefore, their quality is of great importance. The utilisation of superior optical
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illumination platforms and appropriate image acquisition hardware is essential for the
acquisition of high-quality images. Subsequently, a series of operations are conducted on
the images, employing either traditional image processing algorithms or deep learning
algorithms, with the objective of extracting features and performing -classification,
localisation, segmentation and other operations. The processing of images represents a
pivotal technology in the domain of machine vision. By means of image processing and
analysis, a computer is able to automatically comprehend, analyse and evaluate image
features, and subsequently control the actuator of the automatic production line for
further operation. The primary evaluation criteria for a visual inspection system are
accuracy, efficiency and robustness. The system's objectives are to achieve high precision,
high efficiency and robust performance. In order to achieve these goals, it is necessary to
ensure excellent coordination between the various stages of the process, including optical
illumination, image acquisition, and image processing and defect detection.

- Classification

To identify the presence of a defect in an image, it is essential to extract the relevant
features by mapping the differences between them. The most common methods employed
in this regard include greyscale, shape, size and texture-based approaches. The features
that can be extracted using greyscale are the most intuitive image features. Shape and
size features are important information for identifying various defects. Common defects
can be detected from shape information, such as lines, curves, ellipses and rectangles, and
size information, such as area and perimeter. Depending on the type of defect, different

methods can be used to classify defects, which are briefly described in Table 1.
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Table 1 — The performances of traditional feature extraction and defect classification methods. [2]

Methods Performances

The calculations are straightforward and remain unchanged when
. the image is translated or rotated. However, these features only
Histograms . . . .
reflect the probability of the greyscale level of the image and do
not account for the spatial distribution of the pixels.
It reflects the comprehensive information about image greyscale
levels in terms of direction, adjacent interval and change
GLCM - grey-level cooccurrence i ) . o
amplitude, which can be used to analyse image primitives and
arrangement structure.
The system simulates the biological action of the human eye and
Gabor transform can extract relevant features at different scales and directions in
the frequency domain.
It demonstrates robust performance in the presence of changes in
LBP - local binary pattern image grayscale levels due to illumination variations. It is
frequently employed for the extraction of local texture features.
The system could be employed for the purposes of both detecting
SIET - scale-invariant feature transform  and describing local feature points. However, the algorithm has
high requirements for image quality, which limits its application.
It can more easily extract edge information and consider the
HOG - Histograms of oriented gradient structural information of the image. However, it has suboptimal
real-time performance and is susceptible to noise.
SURF - Speeded up robust Feature In comparison with SIFT, the computational speed has been
enhanced.
The system demonstrates excellent real-time performance;

BRIEF - binary robust \|\independent

however, there is room for improvement in terms of rotation

elementary . .
invariance.
The algorithm exhibits both high processing speed and robust
ORB - oriented and rotated BRIEF anti-rotation capabilities. Nevertheless, the scale registration error
is considerable, and the registration rate is relatively low.
The method exhibits rapid processing speeds, robust
generalisation capabilities, and the outcomes are readily
SVM - support vector machine comprehensible. The method has several limitations. It is not

suitable for multi-classification, is sensitive to missing data, and
is sensitive to the selection of parameters and kernel function.
The method is straightforward, readily comprehensible, and can
. be readily implemented without the need for extensive training.
KNN - K nearest neighbour y P , . . §
However, the computational burden is considerable, and the
system is not sufficiently robust.
The underlying concept is straightforward and the process is
. relatively straightforward to implement. Nevertheless, the
K-means clustering . .
parameters must be set manually. The model is susceptible to the

influence of noise and outliers.

- CNN - Convolutional neural network

In recent years, the application of artificial intelligence technology has yielded
significant benefits in the field of industrial production. Neural networks represent a
significant area of advancement within the field of artificial intelligence. Deep learning

10
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methods are capable of automatically extracting and combining the essential
characteristic information of objects and are particularly adept at classifying images.

There are three main types of neural layers that play different roles in a convolutional
neural network (CNN): convolution layers, clustering layers and fully connected layers.
Convolution layers are designed to detect local combinations of features from a previous
layer, clustering layers are designed to merge semantically similar features into one, and
fully connected layers finally convert feature maps into a feature vector, as illustrated in
Figure 4.

Input layer Fully connected

£ layer
Xn X .. Xn s !~\\ Class 1
s " Wavelet HIHS - Prai -~ u

Xn I .. X | Scalogram PG ol Class 2

2 » R -7 _ & .
Reshape 5% TN /' """" ol ¢ Class 3
| | ~ -~ = .~ < ~

..... Sunsjis g Softmax

L~
X X oo X HH PH % ™ 2 -n lass 4
- . = ~
Raw Data Convolution Samp lin g

Figure 4 — Architecture of a CNN model [24]. Copyright 2018, Elsevier.

- Localisation

The objective of defect localisation is to accurately determine the position of the defect
in a given image and to categorise the defect. In general, defect localisation is performed
using several techniques derived from object detection. Deep learning-based object
detection methods can be divided into two main categories. One method involves the
generation of regions and subsequent classification of each region to identify different
categories of objects. The alternative approach treats object detection as a regression or
classification problem and uses a unified framework to obtain the final categories and

localisations directly.

- Segmentation

The classification and localisation of defects can facilitate the acquisition of
information about the types of defects and their respective positions within images.
Furthermore, in the context of computer vision, defect segmentation, particularly at the
pixel level, can provide crucial clues for assessing defect severity. Segmentation is a process
that divides an image into distinct regions and identifies objects of interest. The goal of
segmentation is to categorise each pixel in the image. Various methods were proposed to
address the segmentation challenge of identifying regions of interest. Table 2 lists some
traditional methods and their respective characteristics.

11
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Table 2 — Traditional image segmentation methods and their characteristics [2].
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1.2.1 Acquisition system

The machine vision system was developed in accordance with the workflow illustrated
in Figure 5. Initially, the camera and lens that were deemed most suitable for the intended
application were evaluated [2,6,8,11,25,26]. Subsequently, the lighting schemes were

assessed, and finally, the acquisition system was developed.

) @ | T O ) & D
[llumination System Acquisition System

Camera and Lens Design Design

Figure 5 — Workflow for a acquisition system realisation.

1.2.1.1 Camera and Lens

In the field of defect detection, there were many companies that produced high-
resolution cameras. For this reason, cameras with a pixel size of less than 5 g m,
monochrome and fed directly via a connection interface were evaluated. In addition, all
the cameras considered have a connector (I/O: input/output) that can be used to
synchronise possible illumination sources with the camera image. Table 3 presents a list
of potential cameras that could be employed in the machine vision system.

Table 3 — Potential camera for a machine vision system.

. . Pixel Sensor Lens
Camera Megapixel Resolution . Interface
Size Format Mount
[MP] [HxV] [em] [ F [
IDS UI3200SE -M- USB
12,3 4104x 3006 3,45 1,17 C-Mount
GL Type-C
Blackfly BFS-U3-
12,3 4096 x 3000 3,45 1,17 C-Mount USB 3.0
123S6M-C
Opto Engineering -
COE-123-M-USB- 12,3 4096 x 3000 3,45 1,17 C-Mount USB 3.0
080-IR-C
B - VCXU-
aumer 12,3 4096x3000 3,45 1,17 C-Mount  USB 3.0
123M
Basler - acA4112-
asiet - ac 12,3 4096x3000 3,45 1,17 C-Mount  USB 3.0
30um
Alvium 1800 U-1236 12,3 4112x3008 3,45 1,17 C-Mount USB 3.0

13
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As can be observed from Table 3 [27], the cameras in question exhibit minimal

variation in technical specifications. The IDS - UI-3200SE-M-GL camera, shown in Figure

6, was selected since its unique provision of a USB Type-C connection interface, which

permits data transmission at a rate of up to 5 Gbps.

Figure 6 — IDS UI-3200SE-M-GL.

Table 4 shows all the technical specifications of the camera.

Table 4 — Technical Specifications IDS UI-3200-SE-M.

IDS UI-3200-SE-M Specifications

Sensor Type
Shutter
Resolution
Resolution (H x V)
Ratio
Colour depth

CMOS Mono
Global Shutter

12.34 MP

4104x3006 Pixel

Up to 16 Bit

4:3

Sensor Class
Sensor Size

Sensor Diag.

Sensor Manufacturer
Sensor Model

Pixel Size

1.17

14.158%x10.370 mm

17.55 mm
3.45 em
Sony

IMX304LLR-C

The focal length of the optics was obtained by choosing a hypothetical working

distance from the object of 175/225 mm, with the intention of framing an area that could

capture as much information as possible of the object under examination without

exceeding the image size. Table 5 shows the dimensions of the framing from the camera

as the distance varies. It can be observed that the minimum distance coincides with the

minimum focusing distance of the CHIOPT FA series lenses, namely 100 mm.

Table 5 — Camera frame size at different distances and lenses.

Object to
Camera

150
175
200
225

FAO0815A FA1216A FA1616A FA2516A
H 14 H 14 H vV H vV
distance [mm] [mm] [mm] [mm] [mm] [mm] [mm] [mm] [mm]

278 200 182 133 120 98 89 66
325 234 212 155 140 114 103 7
371 267 243 177 160 130 118 88
417 301 273 199 180 147 133 99
464 334 303 222 200 163 148 110

250
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