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Abstract

This thesis focuses on the development of Artificial Intelligence techniques for a Machine Vision
System designed to improve the efficiency and reliability of In Vitro Diagnostic medical devices.
The project originates from a real-world industrial need: the company holding the system’s patent
sought to reduce operational errors and prevent damage to the medical devices that automate the
analysis of biological fluids. The work was carried out as part of an industrial PhD program, and
the doctoral project was developed in collaboration with MACS s.r.l., the company that owns the
patent. The proposed vision system is integrated into a laboratory diagnostic device and concen-
trates on monitoring the component responsible for fluid handling, the pipette tip, or simply tip.
The system provides direct and comprehensive visual feedback at two critical moments during de-
vice operation: the gripping of the tip by the IVD instrument, and the aspiration or dispensing of
fluids by the tip itself. To achieve this, three distinct monitoring tasks were developed. The first
checks whether the tip has been correctly picked up by the device. The second ensures that the tip
being used has the correct size. The third estimates the amount of liquid aspirated or dispensed by
the tip.
To implement these functions, we adopted a hybrid approach that combines classical image process-
ing techniques with Machine Learning and Deep Learning models. While machine vision systems
powered by artificial intelligence have been applied in various fields such as manufacturing, agricul-
ture, and healthcare, their use for this specific type of diagnostic device remains unexplored in the
current literature.
Different solutions were designed depending on the task. For the tip presence and size verification,
we evaluated and compared several Support Vector Machines with different kernel functions and
carefully selected features. For the size classification task, in addition to support vector machines,
we also developed a Convolutional Neural Network to directly compare the performance of deep
learning and traditional machine learning models. For the estimation of liquid volume, we imple-
mented and compared both Convolutional Neural Networks and Vision Transformers. The results
were promising across all tasks, showing high accuracy and strong generalization performance.
Given the growing importance of interpretability in deep learning, we further analysed the models
using various explainability techniques to gain insights into their decision-making processes. Finally,
since all models are intended for real-time application within the diagnostic workflow, we verified
that they met the required processing times and were successfully integrated into the system’s con-
trol software.
This work demonstrates that vision-based solutions driven by artificial intelligence can significantly
enhance the reliability and automation of laboratory diagnostic tools, offering a foundation for the
next generation of intelligent medical devices.

Keywords: Artificial Intelligence, Machine Vision System, In Vitro Diagnostic Device, Convolu-
tional Neural Network, Support Vector Machine, Vision Transformer
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Chapter 1

Introduction

In recent years, Machine Vision Systems (MVSs) have emerged as an effective solution for the auto-
mated monitoring of processes in several sectors, such as manufacturing, healthcare, and agriculture
[2–4]. Their use aims to optimize operations, reduce human errors, and automate quality control
procedures. The tasks performed by an MVS range from object identification to defect detection
and the measurement of geometric specifications [5, 6].
Traditionally, these operations are performed manually or through technological devices such as
proximity sensors, pressure systems, or actuators [7, 8]. However, these tools present several limi-
tations: they are often slow, expensive, and prone to errors. Furthermore, when using sensors, the
measurements obtained are often indirect, which can reduce the reliability of the process [7]. In
contrast, MVSs overcome these limitations by offering more objective, faster, and fully automated
monitoring. Their use also reduces the subjectivity and fatigue associated with manual visual in-
spection [9].
MVSs integrate a combination of hardware and software components to capture and analyse visual
information from the surrounding environment. The primary goal is to enable machines to make
informed decisions based on the visual data they acquire. Generally, MVSs consist of several key
components, such as a camera, a lighting system, and a processor. The camera is the primary
input of the vision system and is responsible for acquiring images of the objects or the scene to
be inspected. Cameras can be of different types depending on the task to be performed. Among
the most used are the line scan cameras, which capture images sequentially, the area scan cameras,
which capture images in a single frame, and the 3D scan cameras, which are capable of capturing
images across three dimensions [2]. The lighting system is equally crucial, as it highlights the rel-
evant features of the object, improving its visibility to the camera. Effective lighting is essential,
as the camera cannot inspect objects it cannot see [10]. Finally, the processing unit performs pre-
processing, analyses the acquired images, and executes the decision-making function. It is essential
that these processors are well integrated at the software level with the system being monitored [11]
Currently, two main approaches can be distinguished in vision systems: traditional MVS and MVS
based on Artificial Intelligence (AI) [5, 9]. Traditional machine vision systems are based on pre-
defined rules, geometric models, and manual parameter tuning. Historically, MVS relied heavily
on computer vision techniques, which include algorithms like edge detection (Sobel and Canny),
thresholding, template matching, and various transformations such as Hough and Fourier [12]. These
systems require manually defined rules, and the operating environment must remain constant: any
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change in lighting, position, or shape of the object may compromise the system’s functionality. In
these cases, the system does not learn but merely executes predefined operations. This proves to
be a limitation in production lines or in the regular operation of instruments where environmental
conditions are highly variable [5].
Recent advances in artificial intelligence have led to the development of more sophisticated MVS
that can learn from data and adapt to varying environmental conditions [13, 14].
The term AI refers to technology capable of performing tasks typically carried out by humans, such
as image recognition, decision-making, and natural language processing. Among the main fields
of AI are Machine Learning (ML) [15–17], which allows systems to learn autonomously from data,
and Deep Learning (DL) [16, 18, 19], a subfield of ML that uses multi-layered neural networks to
process high-dimensional and unstructured data. These two fields, or more precisely the algorithms
underlying them, form the foundation of modern advanced vision systems.
The AI-based approach is based on automatic learning, allowing the system to learn from data
rather than being explicitly programmed. Consequently, MVSs acquire the ability to generalize.
Unlike traditional systems, AI-based MVS are capable of handling variations in lighting, object
position, shape, and even background noise, making them robust and adaptable in a wide range of
environments. In support of this, Manzoor et al. [20] compared classical and modern approaches,
demonstrating that deep learning-based models offer better accuracy, adaptability, and generaliza-
tion capabilities, especially in unstructured environments, compared to the traditional solutions.
Similarly, O’Mahony et al. [21] highlights that while traditional computer vision techniques rely
heavily on manual feature extraction and domain-specific knowledge, deep learning models learn to
identify features directly from the data through multiple layers of processing, allowing for hierarchi-
cal representations of the input images. This capability enables deep learning models to outperform
traditional methods in tasks such as image classification, segmentation, and detection.

1.1 Research motivation and scope

In this context fits the present doctoral work, which aims to develop algorithms for an intelligent
artificial vision system designed for the automatic monitoring of the functioning of an In Vitro
Diagnostic (IVD) medical device that automates the analysis of biological fluids. The project was
carried out as part of an industrial PhD program, developed in collaboration with MACS s.r.l., the
company that holds the patent for the system.
IVD devices are instruments used to automatically perform tests on biological samples in order
to determine a patient’s health status [22]. Like any complex instrument, IVD devices are not
immune to errors. However, in the healthcare system, even a single diagnostic error, such as a false
negative or a false positive, can have serious clinical consequences or lead to unnecessary costs for
the healthcare system [23].
For this reason, it was considered necessary to design a system that could monitor in real time some
of the key operations performed by the device. The developed system acquires and processes images
of the pipette tip (or tip), the component used to aspirate and dispense fluids during testing. In
particular, we focused our attention on two fundamental functions of the device: the tip grip and the
aspiration and/or dispensing of fluids through the tip itself. Within these two phases, three control
tasks have been defined: the Presence Check, the Type Check, and the Volume Check. Specifically,
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these checks were designed to verify the tip grip by the medical device’s retrieval system, to ensure
that the picked-up tip has the correct size by distinguishing between 200 µL and 1000 µL tips, and to
verify the volume of liquid aspirated and dispensed by each tip, respectively. The implementation of
these checks is motivated not only by the need to reduce operational errors but also by the necessity
to safeguard the device itself. Observations of the IVD system in real-world use revealed that
failure to monitor these steps can result in operational faults or even mechanical damage, as will
be discussed in this thesis. To develop these monitoring functions, we employed hybrid approaches
that combine computer vision algorithms, machine learning models, and deep neural architectures.
Several comparative analyses were performed: among Support Vector Machines (SVMs) [24, 25]
with different parameter configurations for the presence check; between various SVM architectures
and a deep learning model, namely, the Convolutional Neural Network (CNN) [26–28] for the type
check; and between the CNN and a more recent DL approach, the Vision Transformer (ViT) [29, 30],
for the volume check. The choice of these algorithms was based both on the nature of the specific
tasks and on current trends in the state of the art.
Although the IVD device is already equipped with sensors to limit operational errors, these tools do
not provide a direct measurement of the process, nor do they cover the entire operational cycle. The
proposed vision-based monitoring solution is designed to be embedded within the actual working
pipeline of the instrument, offering real-time feedback and alerting the system in the event of
anomalies. However, implementing this monitoring system in real time raised both hardware and
software level challenges. On the hardware side, it was necessary to define precise placements for
the MVS components in order to ensure high-quality image capture while avoiding interference with
the device’s normal operation. On the software side, we had to take into account both the strict
timing constraints of the IVD workflow and the seamless integration of AI-based algorithms into
the device’s native control software.

1.2 State of the art

To develop the algorithms for the three checks, presence check, type check, and volume check, we
reviewed a selection of studies employing MVSs for tasks analogous to ours. Specifically, we focused
on research related to object detection, shape discrimination, and liquid level estimation. These
studies, primarily from non-medical or IVD fields such as manufacturing and agriculture, offer valu-
able insights into methodologies that support the approaches adopted in this thesis. Notably, the
literature within IVD and medical device domains remains limited in this context.
The presence check, which involves the verification of the correct tip grip, is conceptually aligned
with binary image classification and object presence detection. For instance, Joshi et al. [31] devel-
oped an MVS for identifying and classifying small industrial components. Their hybrid approach
combines machine learning and deep learning algorithms, integrating supervised and semi-supervised
layers. The study compares four different combinations of SVMs and Artificial Neural Networks
(ANNs) [32], aiming to achieve zero defect tolerance in manufacturing by evaluating three distinct
applications. The results are promising, with the system reliably detecting unknown objects across
various scenarios, demonstrating notable flexibility. Their flexible design, validated across multiple
defect types and varying operating conditions, demonstrates an important capability to generalize
across unpredictable scenarios, an essential requirement for real-time monitoring in complex medical
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devices. In the agricultural sector, Ireri et al. [33] proposed a system for detecting defects in toma-
toes. This study involves image classification using SVMs, ANNs, and Random Forest models [34],
applying targeted pre-processing and extracting features based on color, texture, and shape. The
classification algorithms proved effective in identifying defects in two tomato varieties. Although
the study was focused on agricultural inspection, it offers valuable guidance in feature selection and
model comparison that can be applied to scenarios like ours, where the background conditions vary
significantly even if image acquisition remains stable.
The type check, designed to differentiate between tips of different sizes, required an approach based
on shape discrimination. This task shares similarities with the work of Bakhshipour and Jafari [35],
who explored the use of SVMs and ANNs to discriminate between sugar beet plants and weeds
using RGB images. Given the morphological similarities between the two plant types, the study
focused on shape characteristics, such as moment invariant features and Fourier Descriptors (FDs),
without considering color or texture. The results are encouraging, with SVMs outperforming ANNs
in terms of accuracy, highlighting the efficacy of shape-based classification. Furthermore, these
results helped us the selection of descriptors for the initial implementation.
Building on that, we further explored deep learning solutions for shape-based classification. For
instance, in the agri-food industry, Lin et al. [36] introduced an MVS based on deep learning to en-
hance the accuracy of classifying three distinct rice kernel species, facilitating automated rice grain
classification. The study compares the performance of CNNs against traditional methods like SVMs
and K-nearest neighbors. The findings indicate that CNNs consistently outperform other methods
in similar machine vision tasks, suggesting their potential as alternatives for rice image classification
in the industry. This work motivated our use of CNNs in the type check phase, especially when
the shape differences between tip types were subtle and traditional descriptors showed performance
limitations.
For the volume check, focused on estimating the amount of liquid aspirated or dispensed by the
tip, we reviewed several studies on liquid level detection. Pithadiya et al. [37] conducted a study on
automated liquid level control in transparent bottles, employing traditional methods by comparing
various optimal edge detection techniques such as, Canny, Laplacian of Gaussian, and Shen-Castan
[38], to classify bottles into over-fill, under-fill, and correct fill categories. The study demonstrates
that these methods significantly outperform traditional template-based methods like Sobel and
Kirsch operators used in other works. Their work confirmed the advantages of optimal edge de-
tectors over basic template-matching techniques, but also exposed the limitations of handcrafted
methods in complex or noisy environments. Similarly, Felipe et al. [39] introduced a computer
vision system based on OpenCV (acronym of Open Source Computer Vision Library) [40], an open-
source library for computer vision algorithms, for the bottle-filling industry to monitor liquid levels
in amber glass bottles, commonly used in the pharmaceutical sector. Edge detection algorithms
were utilized alongside classification into over-fill, under-fill, and correct fill categories. While this
approach achieves high accuracy, the system requires further development before deployment in
fast-paced manufacturing lines. Finally, Cobo et al. [41] presented an AI-based study employing a
CNN model to estimate red wine volume in various glass liquid containers using a single RGB image.
Notably, this study does not involve classification; instead, it relies on a regression architecture to
predict a continuous value (volume in mL). The model has good performance and holds potential
for real-life applications in diet monitoring and wine consumption studies, offering relevant insights
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for our research. Although the study uses a regression output rather than classification, it provides
useful insight into the ability of deep learning for liquid volume estimation. This confirmed the value
of adopting a deep learning strategy in our pipeline, even though our approach targets discrete class
prediction rather than continuous estimation.
The studies reviewed in this section were selected not only to illustrate the current state of the art,
but also to guide the methodological development of this work. Although they cover diverse appli-
cation domains, such as industrial quality control and agriculture, they offered valuable insights into
suitable techniques for object detection, shape discrimination, and liquid level estimation. These
insights informed the design choices adopted in this thesis, especially in the absence of comparable
prior work in the specific context of IVD systems.

1.3 Theoretical background

To provide a clearer understanding of the foundations underpinning the machine vision systems
developed in this thesis, the following section presents a concise overview of the main theoretical
concepts and techniques used throughout the work. In particular, it introduces core methods image
processing, machine learning, and deep learning, offering a broader perspective on the tools and
algorithms employed in the proposed approach.

1.3.1 Image Processing

Image processing refers to the manipulation of digital images through mathematical operations
aimed at enhancing image quality or extracting relevant information [42, 43]. Typical operations
include noise reduction, gray level correction, and image segmentation. In many applications, im-
age processing constitutes the foundation for subsequent feature extraction and classification tasks
[44]. Depending on the specific goal, features can be extracted either manually (handcrafted) or
automatically through data-driven approaches. Traditional techniques enable direct manipulation
and interpretation of image data prior to the application of machine learning algorithms [45, 46].
A common and effective technique is image thresholding, which simplifies image data by converting
grayscale images into binary representations based on a specific threshold [47, 48]. One widely used
approach is Otsu’s method, a global thresholding technique, which automatically determines the
optimal threshold by maximizing the variance between foreground and background pixel intensities
[48]. This method is particularly useful for images with bimodal histograms and provides robust
segmentation with minimal parameter tuning.
In the image pre-processing, morphological operations are employed to analyse and process the
shape, structure, and boundaries of objects within an image [49, 50]. Among these, closing, which
consists of a dilation followed by erosion. This technique helps eliminate small holes and connect
adjacent components, resulting in more coherent object boundaries and improved visual consistency
[49].
Filtering techniques are widely employed to smooth images, or to enhance and detect edges, improv-
ing the clarity of relevant structures. One of the most common filters is the Gaussian filter, which is
particularly useful as a preparation step for edge detection, helping to reduce high-frequency noise
without significantly altering object boundaries [51, 52].
Edge detection itself plays a key role in identifying the structural outlines of objects. Among the
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available edge detectors, the Canny algorithm, developed by John F. Canny in 1986, is particularly
popular due to its robustness and precision [53]. It combines noise reduction, gradient calculation,
and threshold-based edge selection in a sequential pipeline that highlights the most significant edges
in the image [54, 55].
Finally, for tasks involving object shape analysis, Fourier Descriptors offer a powerful method for
representing contours in the frequency domain [56]. These descriptors represent an object’s contour
in the frequency domain and are useful for shape analysis and classification. FDs provide invari-
ance to translation, rotation, and scaling, making them suitable for scenarios where robust shape
recognition is required under varying conditions [33, 57].
Together, these traditional image processing techniques form the basis for effective preprocessing
and feature extraction pipelines, enabling reliable performance of downstream machine learning and
deep learning models

1.3.2 Supervised Machine Learning

Machine Learning is a subset of AI that allows computers to automatically learn from data and
improve their performance over time without being explicitly programmed [15]. ML encompasses
different learning paradigms, including supervised learning, where models are trained on labeled
data; unsupervised learning, which aims to discover patterns or structures in unlabeled data; semi-
supervised learning, which leverages both labeled and unlabeled data; and reinforcement learning,
where agents learn optimal actions through interactions with an environment and feedback in the
form of rewards or penalties [17]. In supervised learning, which is the focus of this work, an ML al-
gorithm learns from a set of data known as the training set, from which it extracts characteristics (or
features) and patterns. During the inference phase, the model uses what it learned during training
to make predictions on new, unseen data [17]. In the context of this work, machine learning played
a central role in in developing classification models for tasks such as object presence verification
and shape-based discrimination between similar components [16].
Among the various available supervised learning techniques, SVMs were chosen for their strong
theoretical foundations and practical effectiveness, especially in binary classification problems and
scenarios with limited training data [24]. The fundamental principle underlying SVM is the iden-
tification of an optimal separating hyperplane, known as the decision boundary, which maximizes
the margin between classes in an N -dimensional feature space. This maximum-margin criterion
provides robustness to overfitting and helps ensure generalization beyond the training dataset [25].
In its linear form, the SVM attempts to find a straight decision boundary, which divides the feature
space into two regions. However, real-world applications, the data is often not linearly separable.
To address this issue, kernel functions were employed to map data points into a higher-dimensional
space, making them separable without explicitly computing their coordinates in this new space [58].
Commonly used kernels include the polynomial, Radial Basis Function (RBF), and Histogram In-
tersection (HI), each providing different mechanisms for capturing data structure and non-linearity
[59, 60].
The performance of an SVM is highly sensitive to the tuning of its hyperparameters, particularly
the regularization parameter C and kernel-specific parameters such as γ in the RBF kernel. The pa-
rameter C controls the trade-off between the training error and the size of the margin. Typically, a
high C tends to penalize misclassifications more heavily, leading to narrower margins and a greater
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risk of overfitting, while a lower C allows for a wider margin and potentially more misclassified
points [61]. Similarly, the γ parameter defines the influence of individual data points on the deci-
sion boundary: low values result in smoother boundaries, while higher values increase sensitivity to
local variations [59].
Hyperparameter selection is commonly performed using grid search, a method that evaluates combi-
nations of predefined parameter values and uses cross-validation. Although computationally inten-
sive, this approach ensures comprehensive exploration of the parameter space and helps to identify
optimal configurations [61].
To ensure an unbiased evaluation of model performance, k-fold cross-validation can be used through-
out the experimentation. This method partitions the dataset into k equal folds, or groups. The
model is trained on k−1 folds and evaluated on the remaining fold. This process is repeated k times,
with each fold serving as the validation set once. The average performance across all k iterations is
then used to evaluate the model. Typically, k is set to 5 or 10 depending on dataset size, balancing
computational cost and statistical reliability [62, 63].
SVMs are frequently adopted as a baseline in classification tasks, offering a valuable point of com-
parison for more complex models such as deep neural networks. Their interpretability, relatively low
computational demands, and good performance on structured feature sets make them particularly
suitable for scenarios where handcrafted features are informative [25].

1.3.3 Deep Learning

Deep Learning is a subset of machine learning based on artificial neural networks with multiple
layers, known as deep architectures [18]. While traditional ML models require multiple steps such
as pre-processing, feature extraction, learning, and classification, DL algorithms are capable of
operating directly on raw data, thus reducing or eliminating the need for manual pre-processing
and handcrafted feature design [19]. By using huge amounts of data, DL models map the given
input to output without human intervention [16].
A prominent architecture in deep learning for image analysis is the convolutional neural network.
CNNs automatically extract features from input images through successive convolutional layers that
learn to detect increasingly complex patterns [27]. This hierarchical approach enables CNNs to
capture both low-level information, such as edges and textures, and high-level concepts like shapes
and objects [28]. As a result, CNNs have proven particularly effective in image classification,
segmentation, and detection tasks [26]. The fundamental element of CNNs is the convolutional
layer, which applies a convolutional operation between the input image and a set of kernels to
generate feature maps. These operations serve to detect pattern such as edges, corners, textures,
or shapes during training. As the network deepens, it learns increasingly abstract and complex
features, allowing for the accurate classification or interpretation of high-dimensional visual data
[26, 28].
A typical CNN architecture includes not only convolutional layers, but also pooling layers, and one
or more fully connected layers. Pooling layers perform subsampling, reducing the spatial dimensions
of feature maps, decreasing computational complexity and mitigating overfitting. Fully connected
layers, also referred to as dense layers connect every neuron from the previous layer of the network
to every neuron in the current layer and are typically used at the end of the network to produce
the final classification output [26, 28].
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More recently, an alternative to CNNs has emerged in the form of ViTs. Vision transformers
were proposed by Dosovitskiy et al. [29] and designed to process visual data and to execute many
tasks, such as image classification, image segmentation and object detection. They build upon the
transformer architecture introduced by Vaswani et al. [64] in 2017 for Natural Language Processing
(NLP) tasks. ViTs split the input image into fixed-size patches, flatten them, and project them
into a latent space before passing them through multiple layers of self-attention and feed-forward
networks [30, 65]. One of the main advantages of ViTs is their ability to capture global characteristics
of the images using the self-attention mechanism, which is a significant improvement over CNNs in
certain applications. However, ViTs require significantly larger datasets and higher computational
resources to reach optimal performance [66, 67].
The core innovation of ViTs lies in the self-attention mechanism, which allows models to dynamically
determine the relative importance of different patches in a sequence, improving the interaction
between the patches themselves [29, 64]. This mechanism enables to model long-range dependencies
and relationships between different image parts.
Both CNNs and ViTs are trained using backpropagation and Stochastic Gradient Descent (SGD) or
its variants [68]. During training, the model minimizes a loss function that quantifies the difference
between the model’s predictions and the actual outcomes. The goal of a loss function is to guide
optimization algorithms on how to adjust the model parameters to reduce the discrepancy over time.
To ensure generalization and avoid overfitting, various regularization techniques such as dropout,
weight decay, and data augmentation are commonly applied [19].

1.3.4 Explainable Artificial Intelligence

Unlike traditional ML models, such as the SVMs, DL models are often considered black-box models
due to the opacity of their internal operations and decision-making processes, which can result in
mistrust, biases, and errors, especially in safety-critical domains. Explainable Artificial Intelligence
(XAI) has emerged as a pivotal area of research, seeking to bridge the gap between the complexity
of advanced AI models and the need for interpretability [69, 70]. In other words, XAI helps to reveal
the decision-making mechanisms and provides insight into model decision in order to build trust
that the AI is making correct and non-biased decisions based on facts. Moreover, explainability
benefits both end-users and developers, as it can reveal weaknesses or biases in model behaviour
and help identify and correct errors [71].
In the context of image classification using CNNs, several XAI methods have been proposed to
enhance interpretability. Among these, attribution-based methods are particularly popular. These
techniques highlight the areas of an image that have the greatest influence on a model’s decision.
A prominent example is Gradient-weighted Class Activation Mapping (Grad-CAM), which uses the
gradient information flowing into the last convolutional layer to produce a localization map. Grad-
CAM generates class-specific heatmaps that indicate which regions of the image contributed most
to a given prediction [72].
Another widely adopted technique is the Integrated Gradients (IG) method, which assigns impor-
tance scores to each input feature by integrating gradients along the path from a baseline input
to the actual input. It satisfies two important theoretical axioms: sensitivity, which ensures that
attributions reflect meaningful differences in output, and implementation invariance, which guar-
antees consistency across functionally equivalent models. Although these methods differ in their
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mechanisms, they all aim to offer meaningful insights into model behaviour, enhancing transparency
and accountability in AI systems [73, 74].
Explainability is also critical in the context of vision transformers. Given that ViTs rely on self-
attention mechanisms to process input data, the internal representations can be visualized through
attention maps. An attention map is a visualization or representation that highlights the impor-
tance, or "attention", a model gives to different parts of its input data when making predictions.
These maps are visual aids that highlight the importance or relevance of different parts of the input
data, such as image patches. In these visualizations, areas with higher attention weights appear in
warmer colors, whereas areas deemed less relevant appear in cooler shades. Such maps help users
interpret how the model distributes attention across an image, contributing to the overall trans-
parency of ViT-based systems [75].
In this work, explainability methods are employed to uncover the internal mechanisms underlying
model predictions, with the aim of enhancing transparency in the classification process and improv-
ing the reliability of the system in practical applications. The use of these explainability methods
enhances the transparency of deep learning models by providing insights into their decision-making
processes, which is essential for model validation and informed evaluation in sensitive application
domains.

1.4 Thesis Structure

Before delving into the technical implementation and experimental results, it is helpful to provide
a structured overview of the thesis. This serves to clarify the logical flow of the work and to con-
textualize the contribution of each chapter within the broader research objectives. The content
is organized to reflect the methodological pipeline adopted in this study, progressing from system
design to task-specific model development and evaluation. Chapter 2 describes the structure of the
developed machine vision system, detailing the design of both the hardware and software compo-
nents. This chapter discusses the integration of the MVS into the IVD device, including practical
considerations such as component placement and real-time constraints, to which contributions were
made also in the context of hardware-related decisions. Furthermore, it describes the structural
organization of the implemented checks and how they are logically correlated within the opera-
tional workflow of the IVD device. Chapters 3, 4 and 5 are dedicated respectively to the three
verification tasks: Presence Check, Type Check, and Volume Check. Each chapter starts with a
description of the dataset and pre-processing steps, followed by the methodology used for model
training and evaluation, and concludes with a discussion of the results. The focus is on comparing
different models implemented for each task, discussing their performance, and justifying the final
model selection based on empirical results and task-specific constraints. These chapters also include
an analysis of the role of feature extraction techniques and model parameters in achieving reliable
classification. Chapter 6 presents the conclusions of the study, summarizing the main findings and
contributions. It also discusses the limitations encountered and proposes future research directions
to further enhance the reliability and generalizability of vision-based monitoring systems in medical
applications.
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The real-time monitoring device

In this Chapter, we introduce a machine vision system for real-time monitoring of an IVD device,
with the objective of ensuring the accuracy and reliability of its analytical operations. IVD devices
are automated instruments designed to perform medical tests on biological samples, such as blood or
urine, outside the human body. They typically integrate multiple subsystems for sample handling,
reagent management, precise liquid transfer, reaction control, and result analysis, all coordinated
to deliver rapid and reliable diagnostic results. Integrating this system directly into the diagnostic
workflow reduces potential errors caused by hardware malfunctions and enables early detection of
anomalies that may arise during operation.
Our aim is to minimize errors occurring in the pipetting system, the component responsible for
handling pipette tips, used for aspirating and dispensing liquids. Pipette tips, or simply tips,
are disposable plastic consumables commonly employed in liquid handling processes. They are
typically transparent, but can also be found in other colors depending on their specific application.
In addition, tips are available in different sizes to accommodate varying liquid volumes, ranging
from a few microlitres to several microlitres. Figure 2.1 shows different types of tips highlighting
variations in size and color (left) and inside rack (centre and right). The pipetting system includes

Figure 2.1: Example of tips different sizes and colors (left) and inside the rack (centre and right)

automated pipettors, which are tasked with selecting, gripping, and utilizing the tips during liquid
handling procedures. During operation, the pipetting system follows a repetitive cycle in which the
tips are first gripped, then used to aspirate the target liquid (either reagents or biological samples),
and finally to dispense it into the appropriate wells of a microplate rack.
In this context, we focus on two critical operations performed by the pipetting system: the gripping
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of the tip and the fluid aspiration and dispensing.

2.1 Pipetting system i +- ssues

Pipetting accuracy is critical to ensuring reliable analytical results. Any malfunction in the tip
handling or in the fluid aspiration and dispensing stages can compromise reagent volumes, reaction
conditions, and ultimately the validity of the analysis. It is of utmost importance to ensure that
the instrument’s pipetting system has correctly picked up the tip. If the tip is not taken, the de-
vice will continue to work without taking into account the anomaly, compromising the final result.
This error can alter chemical reaction, as certain reagents may not be dispensed, resulting to false
positives or false negatives. In the medical field such mismatches could have serious implications
for the diagnosis and treatment of patients.
It is also essential to check the size of the tip taken. If the tip is taken, but not of the correct size,
the amount of liquid aspirated may be incorrect, affecting reagent concentrations and distorting
chemical reactions, again resulting in false positives or false negatives. Additionally, a wrong sized
tip introduces mechanical risks. If the tip is smaller than expected, the instrument may draw in
more liquid than the tip can contain, causing a dispersion of liquid on the mechanical parts of the
instrument. Conversely, if the tip has larger dimensions than expected, the pipetting system, cali-
brated to operate and move over a specific dimensional range, could be subject to mechanical shocks,
resulting in structural damage. Finally, errors in fluid aspiration or dispensing can compromise the
accuracy of analytical processes. As shown in the problem of tip size, aspirating or dispensing
incorrect amounts of liquid could alter chemical reactions and lead to wrong results. Therefore, it is
essential to constantly monitor the quantities of liquid drawn in and dispensed during the analysis
process.

2.2 Current monitoring systems in the IVD device

Within the IVD device, there are already monitoring systems for the tip grip and fluid aspiration
and dispensing. These systems, primarily based on pressure sensors and flowmeters, provide indirect
control over these two operations. Specifically, a pressure sensor is used to verify the presence of
the tip. This sensor is positioned on a component of the pipetting system, the mandrel, a cylindrical
mechanical shaft that engages with the pipette tip and holds it firmly in place during aspiration and
dispensing operations. It measures the pressure exerted after the tip has been gripped through a
predefined threshold mechanism. To check that the correct quantity of liquid is aspirated, the system
relies on a combination of a pressure sensor and a flowmeter. These two elements work together
during the aspiration phase: the pressure sensor measures the point along the z-axis (vertical) on
which the free surface of the liquid is located. The amount of descent along the z-axis of the tip is
measured by specific calculations for the instrument in order to aspirate the correct volume, while
the flowmeter verifies that the tip is not plugged during the aspiration phase. During the dispensing
phase, only the flowmeter is used. Its role here is again to ensure that the tip is not plugged.
These monitoring systems allow indirect control of the two operations. They do not directly measure
the actual grip of the tip or the aspirated quantity of liquid, but a parameter related to them. They
also do not include a check on the size of the tip, nor a measure of the amount of liquid dispensed.
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2.3 The machine vision system

In contrast, the proposed system introduces an innovative approach to monitoring these two opera-
tions. Integrated into the IVD device, it captures images of the tip during operation and leverages
machine learning, deep learning, and image processing algorithms to perform real-time verification.
This ensures a more accurate and comprehensive monitoring process compared to traditional meth-
ods, offering a non-invasive and fully automated solution. Before delving into the adopted solutions,
it is essential to outline the hardware architecture of the monitoring system and the technical con-
siderations that guided its development.
Our monitoring system is integrated into an IVD fluid-handler device and consists of: a camera,
a lighting system, a mirror, a power supply card and, an electronic board (CPU). The first three
components are housed inside the structure (or case) that contains the pipetting system, while
the power supply card and the CPU are located outside the case, protected by a special security
structure. The electronic board controls the camera and performs all processing and algorithmic
tasks. The camera is positioned in the middle of the two pipettors, 5° tilted from the vertical of
the case and 3 cm away from the pipettors. The mirror is placed in front of the pipettors and the
camera, at a distance of 10 cm from the pipettors and 13 cm from the camera. The presence of
the mirror makes the image captured mirror-like. The lighting system is positioned on the sides of
the pipettors to ensure uniform illumination. Figure 2.2 shows a schematic representation of the
hardware architecture, showing a side (left) and front (right) view of the system. Figure 2.3 shows

Figure 2.2: Schematic representation of the structure. Side view schematic representation of the structure
(left). Front view schematic representation of the structure (right). The image shows the camera (1), the
pipetting system (2), the CPU (3), the power board (4), the mirror (5) and the lighting system (6) [1].

the hardware architecture within the pipetting system: on the left there is the cross section and
on the right the longitudinal section. Figure 2.4 illustrates the IVD device, the SkyLAB 752, in
which the monitoring system has been integrated. Figure 2.5 shows the same device in an open
state, highlighting the internal components. The red box marks the pipetting system, where the
monitoring system is housed. Finally, Figure 2.6 provides a view of the interior of the IVD device,
depicting the pipetting system as it picks up two tips from a rack.
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Figure 2.3: Hardware architecture of the structure: cross section (left) and longitudinal section (right).

2.3.1 Hardware Design Choices

The selection of hardware components for the monitoring system was driven by functional and
operational requirements. Due to the complexity of the processes involved and the limited space
within the pipetting system case, it was crucial to install only the essential components for image
acquisition. At the same time, careful consideration was given to ensuring that these components
did not interfere with the normal operation of the IVD device. The monitoring system is a patent
officially registered by MACS s.r.l. and has been integrated into the SkyLAB 752 used in MACS
laboratories. The camera chosen for the system is an ELP camera with USB connection. The
selection of the camera was determined by several key requirements to ensure optimal performance
within the system. First, it needed to provide sufficient resolution to capture fine details of the
tip and the liquid inside. Additionally, it was essential that critical parameters including focus,
brightness and exposure could be adjusted to suit the operating conditions. Finally, a compact
design was necessary to allow camera integration into the system without without obstructing
pipettor movements. Moving to the image acquisition layout, the use of the mirror was necessary
after a series of tests: by positioning the camera directly in the current position of the mirror, it
was observed that it interfered with the normal operation of the pipetting system. The insertion
of the mirror thus allowed to maintain a correct image acquisition without interfering with the
operations of the instrument. Once the camera and mirror arrangement had been defined, attention
was given to the illumination system. Given that the pipetting system case remains completely dark
during operation, since the IVD instrument lights are switched off to avoid interference with chemical
reactions, a dedicated lighting system was implemented. Positioned on both sides of the pipettors, it
ensures uniform illumination, allowing clear and consistent image acquisition. Finally, the processing
hardware was selected to meet strict performance requirements. Indeed, the monitoring system is
designed to maximize accuracy and reliability, providing real-time results without slowing down the
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Figure 2.4: External view of the IVD device in which the monitoring system has been integrated.

Figure 2.5: The IVD device in an open state. The red box highlights the pipetting system, which houses
the monitoring system.

Figure 2.6: Internal view of the IVD device. The pipetting system (red box) is shown picking up two tips
from a rack.
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instrument’s normal operation. For this reason, the selected CPU was chosen to ensure that the
acquisition and processing time of each image did not exceed 2 seconds.

2.4 Test and checks

This section examines the tests and validations carried out prior to dataset acquisition and AI
algorithm implementation. This phase is particularly critical, as it defines the system parameters
and image characteristics that constitute the foundation for subsequent analyses.

2.4.1 Verification of the acquisition quality

As a first step, we verified that the hardware configuration of the system allowed to capture adequate
images. In particular, we checked that the images captured contained the pipetting system clearly,
especially the tips. Moreover, we ensured that the tips were present in the images in their entirety
without any out-of-frame elements. Figure 2.7 shows an example of a system image before tip grip
(left), after two 1000 µl tips grip (centre) and after two 200 µl tips grip (right).

Figure 2.7: Example of image acquired by the machine vision system: before tip grip (left), after two 1000
µl tips grip (centre) and after two 200 µl tips grip (right).

2.4.2 Lighting system settings

We manually conducted a series of tests to determine the best light intensity, relying on visual
inspection of test images. Too low light intensity can produce a dark and poorly readable image,
while too high intensity could cause overexposed areas, reducing the visibility of the liquid inside
the tip, especially if the liquid is transparent or light-colored, as in the case of liquids that we will
analyse in this thesis. The optimal intensity was selected qualitatively, without recording absolute
luminance values, by iteratively adjusting the settings until clear and uniform visibility was achieved
under all operating conditions. The tested range covered low, medium, and high settings available
in the lighting controller, as illustrated in Figure 2.8. Specifically, the figure compares low intensity
(left), optimal intensity (centre), and too-high intensity (right).
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Figure 2.8: Example of lighting system optimization test: low intensity (left), optimal intensity (centre)
and high intensity (right).

2.4.3 Camera parameter settings

After the lighting system settings were defined, we manually set the camera parameters to ob-
tain high-quality images. The configuration was selected through visual inspection of test images.
Among the various adjustable parameters, we set:

• Resolution. A resolution of 1280×1024 was selected to ensure detailed images while balancing
quality and computational load. This choice represents an optimal compromise between the
amount of visible detail and processing efficiency;

• Focus. It was optimized to ensure that the object of interest, the tip, in the image is clear,
avoiding focusing on irrelevant background elements;

• Brightness. It was adjusted to stabilize the illumination of images, avoiding excessive exposure
imbalances;

• Exposure. It was adjusted to optimize the amount of light captured, ensuring proper visibility
of the object of interest without overexposures or subexposures. The exposure, brightness and
intensity settings of the lighting system allow a triple control on the brightness of the images;

• Contrast. It was set to improve the readability of images and facilitate subsequent analysis,
especially for the volume analysis phase.

This manual configuration allows to obtain images with stable and controlled characteristics, which
is essential for the algorithms used.
Furthermore, we decided to acquire all BGR scale images. This choice was made because this format
preserves the color quality without loss of information and allows fast conversions to other color
spaces for image analysis.

2.4.4 Image pre-processing: Region Of Interest extraction

After verifying that the captured images fully contained the tip and optimizing the lighting and
camera configuration, we implemented a Region Of Interest (ROI) extraction process as the first
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step in image processing. This decision was driven by several factors. First, extracting only the
portion of the image containing the tip removes unnecessary elements, such as parts of the working
environment or the case, that could interfere with subsequent processing steps. Second, working
with smaller images reduces computational cost and processing time. Third, consistently extracting
the same region ensures that the algorithms receive uniform images, improving training efficiency
and overall performance.
The extraction itself is performed automatically using fixed parameters, identical for all images
acquired. However, the definition of these parameters, namely the ROI dimensions and coordinates,
was carried out manually in a preliminary phase. Several trials were conducted to determine the
optimal ROI size and position, ensuring that the entire tip was always included while minimizing
the presence of irrelevant elements. The ROI height was defined according to the length of the
longest tip used by the system, so that tips of all sizes would be fully contained within the selected
region without risk of truncation. This choice ensures that no relevant information is lost and that
all images are comparable in subsequent processing steps. This process led to the selection of a
ROI of 135 × 635 pixels. Since the pipetting system features two sampling channels, two ROIs
are extracted from each acquired image, one for each channel. The ROI will be the subject of our
investigations. Figure 2.9 shows an example of a captured image and the two ROIs extracted in red
rectangles. While Figure 2.10 shows the two ROI extracted from Figure 2.9.

Figure 2.9: An example of ROI extraction. Image captured (left) and image captured with two ROIs
selected (red rectangles) (right).

2.4.5 System performance

After optimizing the monitoring system configuration, we ran a series of tests to assess CPU per-
formance, paying particular attention to image acquisition and processing times. Tests have shown
that the system is able to capture an image and extract the ROI in less than 1 second. Furthermore,
the MVS maintains a processing time compatible with the operating constraints of the IVD device.
Based on these results, to ensure that the system does not interfere with the normal operation of
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Figure 2.10: An example of two extracted ROIs
.

the instrument, it was decided that subsequent processing should not exceed a maximum time of 1
second per image.

2.5 Strategy

This section outlines the adopted strategy for monitoring the pipetting process, identifying the
implemented controls and the criteria used to assess the correct functioning of the system. The
IVD device operates through a repetitive cycle consisting of three main functions. First, two tips
are simultaneously picked up from the same rack. These tips are then used to aspirate the target
fluid, which can be either reagents or biological samples. Finally, the aspirated liquid is dispensed
into the dedicated wells of a microplate rack. The monitoring system is integrated into this cycle
and performs checks at specific moments to detect and prevent anomalies before they can affect the
analysis.
As previously discussed, this study focuses on two critical operations of the instrument: tip gripping
and fluid aspiration/dispensing. Based on these operations, the main issues identified include tip
grip failure, gripping of an incorrectly sized tip, and incorrect volumes of liquid being aspirated or
dispensed. To mitigate these issues, the monitoring system is designed to perform three sequential
checks. The first is the Presence Check, which verifies the correct tip grip. This is followed by the
Type Check, which verifies that the picked up tip corresponds to the expected size. Finally, the
Volume Check assesses whether the correct amount of liquid has been aspirated and subsequently
dispensed. These three checks are interrelated and executed in the specified order to ensure con-
sistent and reliable operation of the device. A detailed description of each check is provided in the
subsequent sections.
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2.5.1 Presence Check

The first check ensures that the tip has been correctly picked up. For this task, two possible
conditions are considered: tip presence, when the pipettor has correctly picked up a tip, and tip
absence, when no tip is detected. If the system detects that the tip has not been successfully taken
on a channel, it returns an error for that channel and terminates its verification sequence; otherwise,
the process continues to the next check. The two channels are evaluated independently: an error in
one channel does not affect the other. If a tip is missing on a channel, the device issues an error,
discards the tip (if any) from the affected channel, and repeats the gripping operation only for that
channel, while the other proceeds normally. When both channels fail to pick up a tip in the same
cycle, each is handled according to the same independent-channel logic, meaning both will repeat
the gripping operation individually in parallel.

2.5.2 Type Check

The second check verifies the size of the tip taken. The IVD device equipped with the monitoring
system operates with two different tip sizes: tip of 200 µL, defined as short tip, and tip of 1000
µL, defined as long tip. The monitoring system discriminates between these two types, ensuring
that the tip picked up matches the expected size for the current task. As with the Presence Check,
the two channels are evaluated independently. If a mismatch in tip size is detected on a channel,
the system issues an error for that channel, discards the incorrect tip, and repeats the gripping
operation only for that channel. If both channels have a size mismatch in the same cycle, each is
corrected individually according to the same procedure, without affecting the other’s workflow.

2.5.3 Volume Check

The purpose of the third check is to evaluate the amount of liquid contained in the tip at four
critical moments during the pipetting cycle.
The first assessment takes place before aspiration, with the goal of confirming that the picked-up
tip is completely empty and free from any residual liquid that could compromise the subsequent
measurement. The second verification occurs immediately after aspiration, to ensure that the
volume of liquid aspirated by the device corresponds to the expected target. A third check is
performed just before dispensing, and serves to detect any possible leakage that might have occurred
while the tip was being transferred from the aspiration station to the dispensing area. Finally, the
system executes a fourth evaluation after dispensing, in order to confirm that the dispensed liquid
volume corresponds to the expected value. If at any of these steps the detected liquid volume
deviates from the expected value, the system returns an error. Otherwise, the process continues
normally. The two channels are evaluated independently: an error in one channel does not interrupt
or modify the operation of the other. Specifically, if, during aspiration, an incorrect volume is
detected on a channel, the system issues an error, discards the liquid from the affected tip, and
repeats the aspiration only for that channel, while the other proceeds without interruption. If,
during dispensing, the dispensed volume does not match the expected value, the system issues an
error and repeats the aspiration–dispensing operation only for the affected channel, targeting the
next available well.
To implement the aforementioned checks, we established specific time points for image acquisition
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and analysis algorithm application. Specifically, images are captured at the following key moments:
before and after the tip grip, before and after the aspiration step, and before and after the dispensing
step. This strategy ensures continuous monitoring of the process, providing reliable data for anomaly
detection. A schematic workflow of the monitoring system is illustrated in Figure 2.11. Upon
completing the volume check, the system can either restart from the beginning, performing checks
on the next tip, or terminate the operation if the pipetting cycle is completed.

START

Before tip grip acquisition

After tip grip acquisition

Presence check

Present?Error

Type check

Correct?Error

Before aspiration acquisition

Volume check

Correct?Error

After aspiration acquisition

Volume check
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Before dispensing acquisition

Volume check

Correct? Error

Before dispensing acquisition

Volume check

Correct? Error

Next step? NEXT IVD PROCESS

1

YES

YES

YES

YES

YES

YES

YES

YES

YES

NO

NO

NO

NO

NO

NO

Figure 2.11: Schematic workflow of the monitoring system
.
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Chapter 3

Presence check

The presence check is the first control made by our machine vision system. As mentioned in Section
2.2, the IVD device is already equipped with a pressure sensor that indirectly monitors the current
tip grip. In contrast, our real-time monitoring system performs the same control in a direct manner
focusing on the object of interest, the tip. For this task, two possible conditions are considered:
tip presence, meaning that the pipettor has successfully gripped a tip, and tip absence, meaning
that no tip has been gripped. This step is crucial, since—as discussed in Section 2.1—a failed
tip gripping would lead the device to continue operating without detecting the anomaly, thereby
compromising the overall reliability of the analysis. For the presence check, we implemented multiple
SVM models, all trained using the same extracted features, but with different model configurations
[1]. The variations involved different kernel functions, allowing us to evaluate which setup provided
the best classification performance for detecting tip presence. The choice of SVM was driven by
the need to integrate AI algorithms directly into the monitoring system’s programming language,
C++, ensuring compatibility and computational efficiency. To this end, all the algorithms of this,
including the SVM models, have been implemented with OpenCV 1. The SVM models were trained
offline, and the best-performing configuration was subsequently deployed within the machine vision
system for real-time inference.
In this Chapter, we describe all the steps developed for presence check. In detail, we will explain the
dataset and the image pre-processing phases before classification, the feature extraction process and
its role in the task. Furthermore, we will present the different SVM configurations tested, together
with a comparative assessment of their performance. Finally, we evaluate the implemented models
considering the real-time constraints to be met.

3.1 Dataset

To train and evaluate the presence check, we built a dataset of images representing both possible
conditions: tip presence, where the pipettor has correctly picked up a tip, and tip absence, where
no tip is detected. To this end, at each grip of the system we decided to acquire two images at the
same position, but at two different times: one before the tip is gripped and one immediately after.
The image captured before gripping shows the analysis scene without the tip and serves as the
background image. Conversely, the image captured after gripping, referred to as the scene image,

1https://opencv.org/
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depicts the analysis scene with or without the tip, depending on whether the gripping occurred or
not. We acquired a dataset of 600 image pairs, each containing scene image and the corresponding
background image. Since for each grip, the system picks up two tips, for each scene image and the
corresponding background image were extracted 1200 ROIs, generating 1200 pairs of images which
will be the input for the subsequent algorithms.
The dataset is balanced to help the model generalise effectively on new data. While class imbalance
can be addressed through various techniques (e.g., re-weighting, oversampling), maintaining an even
distribution between classes in our case simplified the training process and reduced the risk of bias
towards the more frequent class [76]. To this end we acquired the 50% of the images that represents
the presence of tip, while the other 50% represents the absence of tip.
Since the image acquisition is performed in BGR format, the extracted ROIs also retain this color
representation. Before being analysed by the image processing and machine learning algorithms
implemented, they are converted to grayscale to optimize subsequent analyses and enhance feature
extraction. Although grayscale conversion is typically associated with a loss of color information,
this step does not introduce significant distortions, as the original images contain limited color con-
tent.
Figure 3.1 shows an example of a ROI extracted from the scene image alongside its corresponding
ROI from the background image under three conditions: absence of a tip (left), presence of a long
tip (center), and presence of a short tip (right). Figure 3.2 displays the same ROIs after grayscale
conversion. This comparison illustrates how the conversion preserves the relevant structural infor-
mation while removing chromatic components, ensuring that the features used in the subsequent
analysis depend solely on shape and intensity variations.

Figure 3.1: Example of a ROI extracted from the scene image alongside its corresponding ROI from the
background image in case of absence of a tip (left), presence of a long tip (center), and presence of a short
tip (right).

For clarity, in the remainder of this chapter, the term scene image will refer to the ROI extracted
from the scene image, and background image will refer to the ROI extracted from the background
image.
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Figure 3.2: Example of a ROI extracted from the scene image alongside its corresponding ROI from the
background image in case of absence of a tip (left), presence of a long tip (center), and presence of a short
tip (right) after grayscale conversion.

3.2 Feature extraction

Feature extraction is a fundamental technique in machine learning and data analysis, involving the
identification and extraction of relevant features from raw data to simplify complexity without los-
ing essential informations [77]. In our application, it is critical for accurately detecting the presence
or absence of the tip in the acquired images. We extract four distinct features for each pair of im-
ages (scene image and its relative background). In detail, we extracted: the Normalized Root Mean
Square Error (NRMSE), the Mean Structural Similarity Index Measure (MSSIM), the Number of
residual pixels (Residual), and the Perimeter.
These features were selected because they are easy to compute, which helps in reducing computa-
tional cost. Additionally, they exhibit clear differences between the classes making them effective
for classification. The following section provides a detailed explanation of each extracted feature
and its mathematical formulation.

3.2.1 Normalized Root Mean Square Error

The NRMSE is a metric that quantifies the error between two images, a reference image and a
test image, by computing the Root Mean Square Error (RMSE) and normalizing it with respect
to the range of pixel intensity values in the images [78]. This normalization makes NRMSE scale-
invariant, allowing it to be used for comparisons across images with different intensity distributions
or dynamic ranges. NRMSE makes a measurement by making pixel differences, treating each pixel
independently. NRMSE value ranges between 0 and 1. If the value is close to 0, the error is low
and the two images are similar or almost identical (0 if the images are identical). While if the value
is tending to 1, the error is high and the images are different from each other.
In our case, the test image corresponds to the scene image, while the reference image is the back-
ground image.
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Formally, defining the RMSE as:

RMSE =

√∑M
i=1

∑N
j=1[X(i, j)− Y (i, j)]

M ×N
, (3.1)

where X(i, j) and Y (i, j) are respectively the scene image and the background image of M×N

dimensions, the NRMSE is calculated as follows:

NRMSE =
RMSE

max−min
, (3.2)

where max and min are the maximum and the minimum values of pixels of the two images, respec-
tively.

3.2.2 Mean Structural Similarity Index Measure

The MSSIM is derived from the Structural Similarity Index Measure (SSIM), a metric that quantifies
the similarity between two images, a reference image and a test image, based on their structural,
contrast, and luminance properties [78]. Unlike traditional pixel-wise error metrics, SSIM is designed
to better approximate human visual perception, making it a more effective measure for perceptual
image similarity.
Since MSSIM is computed from SSIM, it is essential to first understand the SSIM formulation. Let x
and y be the reference image and test image, respectively. The SSIM index evaluates similarity using
three main components: luminance comparison, contrast comparison, and structural comparison.
In detail, the luminance comparison is defined as:

l(x, y) =
2µxµy + C1

µx2 + µy2 + C1
, (3.3)

where µx and µy represent the mean pixel intensity of images x and y, respectively, and C1 is a
small constant to avoid division by zero.
The contrast comparison is defined as:

c(x, y) =
2σxσy + C2

σx2 + σy2 + C2
, (3.4)

where σx and σy are the standard deviations of x and y, respectively, and C2 is another stabilizing
constant.
The structural comparison is defined as:

s(x, y) =
σxy + C3

σxσy + C3
, (3.5)

where σxy represents the covariance between x and y, and C3 another stabilizing constant.
Finally, the three components are combined to yield the SSIM index:

SSIM(x, y) = l(x, y)α · c(x, y)β · s(x, y)γ , (3.6)
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where α > 0, β > 0 and γ > 0 are parameters used to adjust the relative importance of the three
components.
Typically, default values are set to α = β = γ = 1 and C3 = C2/2, so the SSIM is defined as:

SSIM(x, y) =
(2µxµy + C1)(2σxy + C2)

(µx2 + µy2 + C1)(σx2 + σy2 + C2)
(3.7)

The MSSIM is calculated by averaging the SSIM values over multiple local image windows as follows

MSSIM(X,Y ) =

∑P
j=1 SSIM(xj, yj)

P
, (3.8)

where xj and yj are the image contents within the j-th local window of the scene and background
image, respectively, and P is the total number of local windows. In our case, X corresponds to the
scene image and Y to the background image, while xj and yj denote the local windows extracted
from X and Y , respectively. The MSSIM value ranges between -1 and 1. A value of 1 indicates that
the two images are identical, while a value close to 1 suggests that the images are highly similar.
When MSSIM approaches 0, the images are considered significantly different, whereas a negative
value implies that the images have no structural similarity and are completely distinct.
Figure 3.3 shows an example of a SSIM map. In detail, from left to right, you can see the SSIM
maps for long tip presence, short tip presence, and tip absence, respectively.

Figure 3.3: Example of the SSIM map in the case of long tip presence (left), a short tip presence (center),
and tip absence (right) [1].

3.2.3 The Number of residual pixels

The decision to use the number of residual pixels, or simply Residual, was driven by the visual
analysis of image pairs in both conditions (tip present and tip absent). In particular, this choice
emerged from the observation of images after applying a subtraction operation between the scene
image and the background image.
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Residual is defined as the number of white pixels present in the image after a process of binarization
and normalized to image size. The Residual computation involves a pre-processing step applied to
each image pair. Specifically, the process starts with a pixel-wise subtraction of the background
image from the scene image, generating what we define as the subtracted image. This image is then
binarized using a fixed threshold value. For each pixel if the pixel intensity is less than or equal to
the threshold, it is set to 0 (i.e., black pixel). While if the intensity is greater than the threshold,
it is set to the maximum value (i.e., white pixel).
Denoting the resulting image of M×N dimensions as Z(i, j), the Residual is calculated as follows:

Residual =

∑M
i=1

∑N
j=1 Z(i, j)

M ×N
, (3.9)

with

Z(i,j) =

1 if pixel is white

0 Otherwise.
(3.10)

An example of binarized subtracted image is shown in Figure 3.4.

Figure 3.4: Example of the binarized image in the case of long tip presence (left), a short tip presence
(center), and tip absence (right) [1].

3.2.4 Perimeter

As in the case of the Residual, the decision to use the Perimeter was driven by the visual analysis
of image pairs after applying a subtraction operation. The Perimeter is defined as the total number
of pixels forming the contour of the tip normalized to image size.
To compute the Perimeter, a pre-processing step is applied to each image pair. Specifically, the
process starts with a pixel-wise subtraction between the scene image and the background image,
generating the subtracted image. This image is then processed as follows: a Gaussian filter with
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3× 3 kernel is applied to reduce noise, then the Canny edge detector is used to extract the contour
of the object present in the image.
Denoting this image of M×N dimensions as Z(i, j), the Perimeter is calculated as follows:

Perimeter =

∑M
i=1

∑N
j=1 Z(i, j)

M ×N
, (3.11)

with

Z(i,j) =

1 if pixel is white

0 Otherwise.
(3.12)

An example of image after pre-processing application is shown in Figure 3.5.

Figure 3.5: Image after pre-processing application for perimeter extraction in the case of long tip presence
(left), a short tip presence (center), and tip absence (right) [1].

3.2.5 Feature extraction visualization

To better understand the relationships between the extracted features and their ability to distinguish
between the two classes, presence vs absence, we generated a pairwise scatter plot. Figure 3.6
displays the distribution of the four features under consideration, based on the pairwise combination
of values. Each point represents a sample, where yellow dots correspond to absence cases and purple
dots to presence cases. This visualization makes it possible to visually assess whether the classes can
be separated with simple linear boundaries or whether a more complex decision function is required.
Some feature pairs, such as NRMSE–Residual, show a clear separation between the two classes,
whereas others (e.g., NRMSE–MSSIM) exhibit partial overlap. This indicates that while certain
features may allow for accurate separation using simple thresholds, in other cases a more flexible,
non-linear boundary may be required to correctly classify borderline samples. This supports the
choice of exploring non-linear classifiers that can exploit the joint information contained in multiple
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Figure 3.6: Distribution of the four features considered based on the pairwise combination of values [1].

features. To complement the visual analysis, Table 3.1 reports the mean and the relative standard
deviation values for each feature, computed separately for the two classes. These statistics further
highlight the numerical differences between presence and absence cases, confirming the potential
discriminative power of the selected features.

Output NRMSE MSSIM Residual Perimeter
Tip absence 0.0602± 0.0221 0.8641± 0.0229 0.0090± 0.0371 0.0013± 0.0013
Tip presence 0.3423± 0.0442 0.6763± 0.0420 0.6442± 0.1641 0.0218± 0.0036

Table 3.1: Mean and corresponding standard deviation of each presence check feature, reported separately
for the two classes.

3.3 Models

As already explained in this Chapter, the decision to use a support vector machine for this task
was driven by the need to integrate, as much as possible, AI models into the monitoring system’s
programming language, C++. To achieve this, we implemented multiple SVM models using the
OpenCV library, which includes a dedicated machine learning module with built-in SVM support.
Consequently, both training and cross-validation were performed entirely in C++.
The same feature set extracted from the dataset was used for all SVM models to ensure consistency
in the evaluation. Additionally, we employed a C-Support Vector Classification (C-SVC) model,
which allows for imperfect class separation by introducing a penalty multiplier (C) to handle mis-
classified data points.
As previously shown in Figure 3.6, the scatter plot of extracted features shows partial class overlap
in some pairwise projections; this does not rule out linear separability in the full feature space,
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but it suggests that a strictly linear decision boundary could be suboptimal for borderline samples.
Therefore, in addition to testing a Linear SVM, we also explored non-linear kernels, such as RBF
and HI, which are better suited to capture potential local interactions among features. The selec-
tion of the C parameter was performed through an empirical analysis using a grid search approach,
combined with k-fold cross-validation to ensure robust generalization. The C parameter controls
the trade-off between achieving a low training error and maintaining good generalization. Indeed, a
high C value encourages the model to fit the training data more strictly, reducing misclassification
but increasing the risk of overfitting. While, a low C value results in a simpler decision boundary,
which can help prevent overfitting but may lead to higher misclassification rates.
To determine the optimal C for each kernel, we performed a grid search over multiple values, se-
lecting the one that achieved the best performance in terms of cross-validation accuracy.
For models using the RBF kernel, we also tuned the γ parameter, which controls the influence of
individual training samples. Higher values of γ lead to more complex decision boundaries, which
can improve classification but also risk overfitting. All C and γ parameters were directly configured
in the C++ training implementation. In this process, the explored values of C and γ spanned
the interval [10−5, 107], with logarithmic scaling. The final C and γ values used for each model,
obtained from the grid search, are summarized in Table 3.2.

Kernel C value γ value
Linear 3.125 · 102 N/A
RBF 3.125 · 102 5.0625 · 10−1

HI 6.25 · 101 N/A

Table 3.2: C and γ parameters for each model after grid search optimization.

To ensure robustness and prevent overfitting, we adopted a simple k-fold cross-validation strategy.
We set k = 10, a commonly used configuration in the literature, as it provides a good balance be-
tween bias and variance, yielding a stable performance estimate [63]. After performing 10-fold cross-
validation, the best-performing model was selected for further evaluation. Since cross-validation was
performed with simple k-fold (not stratified), individual folds may exhibit slight shifts in class pro-
portions [79]. Accordingly, following model selection—i.e., choosing the model that achieved the
highest accuracy—we treat accuracy and F1-score as co-primary metrics throughout; precision and
recall are also reported to make the trade-off between false positives and false negatives explicit.

3.4 Results

Evaluation on training and validation set

We trained the three SVM models using the same 4 features (NRMSE, MSSIM, Residual and
Perimeter) extracted from the dataset, and employed 10-fold cross-validation. This means each
model was trained for 10 times and validated on a different fold in each iteration. Table 3.3 presents
the accuracies achieved on the validation fold for all implemented models, expressed as percentages.
Table 3.4 reports the mean accuracies along with the corresponding standard deviations.

As shown, all three models achieved excellent results in distinguishing images with tip from those
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Kernel Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Fold 6 Fold 7 Fold 8 Fold 9 Fold 10
Linear 100% 100% 100% 99.17% 100% 100% 100% 100% 100% 100%
RBF 100% 100% 100% 99.17% 100% 100% 100% 100% 100% 100%
HI 100% 100% 100% 100% 100% 100% 100% 100% 100% 99.17%

Table 3.3: Accuracies on the validation fold for each model type.

Kernel Mean Accuracy
Linear 99.92% ± 0.25%
RBF 99.92% ± 0.25%
HI 99.92% ± 0.25%

Table 3.4: Mean accuracies along with the corresponding standard deviations for all models.

without tip. This indicates that the models are well-suited for the classification task for which they
were designed. By selecting the best model for each kernel type, Table 3.5 presents the performance
metrics for each model. All metrics are expressed as percentages, except the Area Under Curve
(AUC) and the number of support vectors.

Kernel Accuracy Precision Recall F1-score AUC Support Vectors
Linear 100% 100% 100% 100% 1 2
RBF 100% 100% 100% 100% 1 6
HI 100% 100% 100% 100% 1 10

Table 3.5: Performance metrics for each model kernel type.

Although all three models exhibit identical performance—as evidenced by their 100% accuracy,
precision, recall, F1-score, and AUC values—the primary distinguishing factor is the number of
support vectors. Indeed, model selection was partially guided by this parameter. In SVM, a model
with a large number of support vectors (approaching the training set size) may be a signal of higher
boundary complexity and potential overfitting. On the other hand, a smaller number of support
vectors can indicate better generalization, as the model depends on a narrow set of training data;
however, the support-vector count alone does not determine generalization. A model that is too
simple might not adequately capture the complexity of more intricate or non-linearly separable
data [80, 81]. In our experiments, the Linear SVM relies on two support vectors, indicating that a
single hyperplane cleanly separates the data with a wide margin. While this simplicity is attractive,
a strictly linear boundary could be suboptimal for borderline samples or mild acquisition shifts
that induce local non-linear interactions among features. In contrast, the RBF SVM and the HI
SVM present a more reasonable number of support vectors, suggesting a good balance between
complexity and generalization. Having 6 or 10 support vectors out of 1080 training samples does
not indicate excessive model complexity, but rather allows them to capture the overlap highlighted
in the scatter plot. Finally, although a single-feature threshold (e.g., on NRMSE) may suffice
under stable conditions, it is inherently more sensitive to noise and small acquisition artifacts and
cannot exploit joint information across features; the SVM approach addresses these limitations
while keeping inference cost negligible. For these reasons, we retain the RBF SVM as the default
model—matching the top-line metrics, keeping inference cost negligible, and offering a tunable
length-scale to control boundary smoothness—while reporting the Linear model as a strong baseline
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and excluding it from downstream analyses. Figures 3.7 and 3.8 show the confusion matrix and
the Receiver Operating Characteristic (ROC) curve of RBF SVM and HI SVM for validation fold,
respectively.

Figure 3.7: Confusion matrix (left) and the ROC curve (right) of the best RBF SVM on validation fold
[1].

Figure 3.8: Confusion matrix (left) and the ROC curve (right) of the best HI SVM on validation fold [1].

Evaluation on an external test set

To assess the robustness of the selected models beyond cross-validation, we evaluated them on an
external test set, consisting of images that were never used during training or validation. This
dataset was acquired by the vision system during a standard working session and subsequently
stored for testing. It comprised 432 scene images with corresponding background images, balanced
between 216 images representing the presence of the tip and 216 images depicting its absence. The
experiments were conducted on hardware identical to that integrated in the IVD device, ensuring
that the assessment reflects the actual deployment conditions. This external test set provides an
unbiased evaluation of the models’ generalization performance and their reliability in real-world
scenarios.
Figure 3.9 presents the confusion matrices obtained by the RBF model (left) and the HI model
(right). The RBF SVM and HI SVM achieved an accuracy of 99.31% and 99.07%, respectively,
demonstrating excellent performance for the task it was trained for. As k-fold cross-validation
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Figure 3.9: Confusion matrices obtained by the RBF model (left) and the HI model (right) on test set [1].

was not stratified, we also report the F1-score: 99.30% for the RBF model and 99.07% for the
HI model. The confusion matrices also show a few false negatives, meaning that a tip correctly
present was classified as absent. In the workflow of the device, this situation is handled as an error:
the channel discards the tip and repeats the gripping operation, while the other channel proceeds
normally. Therefore, false negatives do not affect the reliability of the process, but only cause a
slight slowdown due to the repetition step.
Although the differences in accuracy, F1-score, and support-vector count are minimal, we selected
the RBF model for presence check to ensure a better generalization without compromising too much
performance.

Time performance

As explained in Section 2.4.5, our MVS must perform the checks within a timing compatible with
the operative constraints imposed by the IVD device. Specifically, each check must be completed
within 1 second per image. For this reason, we performed tests to measure the time required for
feature extraction and classification by the monitoring system to perform the presence check. Table
3.6 shows the average extraction, prediction and total times, along with the corresponding standard
deviations, for the selected model. The average was calculated over the 432 images of the test set,
and the measurements were conducted on a system with hardware identical to the one used in the
IVD device.

Function Time
Feature extraction 1.73 · 10−1 ± 1.90 · 10−2 s
Prediction 3.602 · 10−5 ± 1.03 · 10−4 s
Total 1.73 · 10−1 ± 1.90 · 10−2 s

Table 3.6: Average extraction, prediction, and total times with standard deviations for the selected model.

The results demonstrate the total time employed to execute presence check is consistent with the
time required for this step, and it remains well within the 1-second limit.
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Type check

The second check verifies the size of the tip taken. This check is only performed if the presence check
has been positive, i.e. tip is detected. Its importance is crucial, because as discussed in Section 2.2,
the pipetting system currently does not include an integrated mechanism to verify the type of tip
selected. Such a limitation may cause errors in liquid dosing, which can compromise the accuracy of
chemical reactions and diagnostic results, and may also lead to mechanical damage to IVD device
components.
To mitigate these issues, we implemented a control that discriminates between two different tip
sizes: tip of 200 µL, defined as short tip, and tip of 1000 µL, defined as long tip.
As for the presence check, we implemented multiple SVM models, all trained with the same features,
but with different configurations, i.e. different kernels functions. Once again, the choice of SVM was
driven by the need to integrate the algorithms directly into the monitoring system’s programming
language, C++. The models were implemented using the OpenCV library 1.
In addition to SVM, we also implemented a deep learning model, specifically a CNN [1]. This choice
is motivated by two main consideration: the performances of SVM models, as will be detailed in the
following sections, and the nature of the task, which concerns the discrimination of an object based
on its size and, therefore, its shape. CNNs are well suited for such tasks, as they automatically
extract hierarchical features from images, focusing on geometric and structural aspects. Further-
more, CNNs are able to perform more complex tasks, potentially improving performance compared
to traditional machine learning models.
In contrast to the SVM models, CNN was implemented, trained and tested in Python using the
TensorFlow and Keras libraries 2, two open-source deep learning frameworks [82]. Although our
MVS is designed in C++, the use of a model developed in another programming language did not
result in any compatibility issues. Preliminary tests confirmed the successful integration of Python
models into the monitoring system. In practice, the deep learning models were trained offline in
Python and subsequently integrated into the vision system for real-time inference. This strategy
allows the computationally demanding training phase to be carried out with external resources,
while inference remains lightweight and fully compatible with the industrial workflow of the device.
In this Chapter, we describe the dataset acquisition and the pre-processing techniques applied.
Next, we explain the feature extraction process and its role in SVM models, followed by a compara-

1https://opencv.org
2https://www.tensorflow.org
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4.1. Dataset

tive evaluation of different SVM configurations tested. Furthermore, we introduce the CNN model,
discussing its architecture, implementation, and data augmentation strategies. Finally, we evaluate
the performance of models considering the real-time constraints to be respected.

4.1 Dataset

To train and evaluate the AI algorithms for the type check, we built a dataset of images considering
the two classification cases: short tips and long tips. As in the presence check, we used images
acquired before and after tip gripping. A total of 644 image pairs were collected, each containing
a scene image and its corresponding background image, following the same definition introduced in
Section 3.1. The dataset is balanced, ensuring equal representation of both classes, with 50% of the
images containing short tips and 50% containing long tips.
An example of scene image and its corresponding background in the case of long tip (left) and short
tip (right) is shown in Figure 4.1.

Figure 4.1: Example of scene image and its corresponding background in the case of long tip (left) and
short tip (right).

4.2 General pre-processing steps

Before put images as input to the models, we applied a pre-processing step. The pre-processing
consists of a common procedure, applied to both SVM and CNN models, and a model-specific pre-
processing, which will be described in their respective sections.
This section focuses on the general pre-processing pipeline shared by both approaches.
Since the acquired images are in BGR format, they were first converted to grayscale. Next, we
applied image subtraction to each pair of image: the background image was subtracted from the
scene image. The resulting subtracted image was resized from 135× 635 pixels to 256× 256 pixels.
This resizing step was primarily required to improve computational efficiency for the CNN model.
However, to maintain consistency and ensure a fair comparison between the SVM and CNN models,
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we applied the same resizing to the SVM pipeline. Although resizing can introduce minor distortions,
the transformation was not excessive, and the key visual characteristics necessary for classification
were preserved. Figure 4.2 illustrates an example of pre-processing up to the subtraction step for a
long tip, while Figure 4.3 depicts the same process for a short tip.

Figure 4.2: Example of pre-processing up to the subtraction step for a long tip. The figure displays the
scene image and the corresponding background before grayscale conversion (left), after grayscale conversion
(center), and the resulting subtracted image (right).

Figure 4.3: Example of pre-processing up to the subtraction step for a short tip. The figure displays the
scene image and the corresponding background before grayscale conversion (left), after grayscale conversion
(center), and the resulting subtracted image (right).

Figure 4.4 shows the subtracted image obtained after resizing to 256 × 256 for the long tip (left)
and the short tip (right).
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Figure 4.4: Example of subtracted image after resizing to 256 × 256 pixels for the long tip (left) and the
short tip (right).

4.3 SVM approach

4.3.1 Feature extraction and pre-processing

As previously discussed in this Chapter, the classification of the two tip types was approached
by implementing multiple SVM models, all trained on a common set of features. Since the task
involves distinguishing objects based on shape, we focused exclusively on shape-based features.
Specifically, we employed Fourier descriptors, which require the extraction of the object’s contour
[56]. For this reason, an additional pre-processing pipeline was implemented, complementing the
general steps described earlier. Fourier descriptors were selected because they provide a compact
and robust representation of the contour, while being invariant to translation and rotation [57].
Unlike single-dimensional measurements, they capture the overall geometry of the tip, ensuring re-
liable classification even when the objects appear with slight variations in position or orientation.
This choice improves the robustness of the model in real operating conditions.
The pre-processing procedure for contour extraction consists of the following steps. First, bina-
rization is performed using Otsu’s method, with a minimum threshold set to 128 and a maximum
to 255 [48]. This is followed by a morphological closing operation, employing a structural element
with dimensions of (5, 5). Finally, we applied the findContours 3 algorithm of OpenCV to detect
all closed contours in the image. This function rank all detected contours in descending order of
area. Since the image may contain irrelevant contours (i.e., noise), we selected only the four largest
contours, as they were deemed sufficient to accurately represent the object’s shape. An example of
the pre-processing pipeline applied to both long tip and short tip, is shown in Figures 4.5 and 4.6,
respectively. After pre-processing, the resulting image, referred to as the contour image, is used to
compute the Fourier descriptors. To this end, we selected the first 8 Fourier descriptors as features.
This choice was motivated by the fact that when reconstructing the contour image using only these
8 descriptors, the resulting image was visually very similar to the original one. Figure 4.7 shows an
example of a contour image obtained after pre-processing (left) and its corresponding reconstruction
using the first 8 Fourier descriptors (right) for a long tip. As observed, the two images appear very
similar, and the tip shape is well preserved.
While Figure 4.8 presents the same comparison for a short tip, displaying the contour image (left)

3https://docs.opencv.org/4.x/d3/dc0/group__imgproc__shape.html
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Figure 4.5: Example of the pre-processing pipeline applied to a long tip, showing the resized image after
binarization (left), closing operation (center), and contour extraction (right).

Figure 4.6: Example of the pre-processing pipeline applied to a short tip, showing the resized image after
binarization (left), closing operation (center), and contour extraction (right).

Figure 4.7: Example of a contour image obtained after pre-processing (left) and its corresponding recon-
struction using the first 8 Fourier descriptors (right) for a long tip.

and the corresponding reconstruction (right). In this case as well, the two images are visually simi-
lar, and although the reconstruction of the short tip retains slightly less detail than that of the long
tip, its overall shape remains clearly distinguishable.
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Figure 4.8: Example of a contour image obtained after pre-processing (left) and its corresponding recon-
struction using the first 8 Fourier descriptors (right) for a short tip.

4.3.2 Feature extraction visualization

As in the presence check, to better understand the relationships between the extracted features and
their ability to distinguish between long tips and short tips, we generated a pairwise scatter plot,
shown in Figure 4.9. This figure visualizes the distribution of the 8 extracted features, displaying
their pairwise combinations. Each point represents a sample, where yellow dots correspond to long
tips and purple dots to short tips. From this scatter plot, we can observe that the data distribution
suggests a non-linear separability between the two classes. This indicates that a SVM model with
linear kernel would not be sufficient for effective classification. Instead, the use of non-linear kernels,
such as RBF and HI, is required to capture the complex relationships between features and improve
classification performance. To complement this visualization, Table 4.1 reports, for each feature, the

Figure 4.9: Distribution of the 8 features considered based on the pairwise combination of values.

mean and standard deviation computed across the dataset for the two classes (long vs short tip).
These summary statistics provide a stable, dataset-level comparison and replace the illustrative
single-image examples.
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Output FD 1 FD 2 FD 3 FD 4 FD 5 FD 6 FD 7 FD 8
Long tip 4.848 ± 2.659 4.727 ± 2.497 4.820 ± 2.489 4.590 ± 2.507 4.678 ± 2.381 4.959 ± 2.668 4.862 ± 2.603 4.793 ± 2.737
Short tip 4.804 ± 2.668 4.752 ± 2.261 4.556 ± 2.474 4.753 ± 2.436 4.798 ± 2.509 4.505 ± 2.594 4.755 ± 2.244 4.835 ± 2.464

Table 4.1: Mean and corresponding standard deviation of each type check feature, reported separately for
the two classes.

4.3.3 Models

As discussed earlier in this Chapter, we implemented a set of SVM models to perform the classi-
fication task of tip type discrimination. The same set of features extracted from the dataset was
used for all SVM models to ensure consistency in evaluation. Additionally, we employed a C-SVC
model. Based on the observed feature distribution shown in Figure 4.9, we trained SVM models
with non-linear kernels, specifically RBF and HI, to effectively model the complex relationships
between features. Unlike in the presence check, we did not test a linear SVM kernel, as the feature
distribution clearly suggested non-linearity, making a linear classifier unsuitable [58].
To determine the optimal C and γ values, we followed the same grid search approach used in the
presence check, optimizing model performance through cross-validation. These values were chosen
based on commonly used settings in the literature and were directly configured in the C++ training
implementation. In this process, the explored values of C and γ spanned the interval [10−5, 107].
The selected C and γ parameters for both models are reported in Table 4.2.

Kernel C value γ value
RBF 5 · 10−1 3.375 · 10−2

HI 1 · 10−1 N/A

Table 4.2: C and γ parameters for each model after grid search optimization.

To ensure model robustness and generalization, we trained all models using a simple k-fold cross-
validation, setting k = 5. The choice of k = 5, rather than k = 10 as in the presence check SVM
models, was made to ensure comparability with CNNs, where k = 5 is commonly used for cross-
validation. This is because CNN models typically require larger validation sets to better assess
generalization, making a lower k value more appropriate. After performing 5-fold cross-validation,
the best-performing model was selected for further evaluation. In the subsequent analyses, accuracy
and F1-score are treated as co-primary metrics, as non-stratified k-fold may induce fold-level varia-
tions in class proportions; precision and recall are also reported to characterise the error profile. A
detailed discussion of the mean accuracy and performance metrics for each kernel will be provided
in Section 4.5.

4.4 CNN approach

Given the performance obtained with the SVM models, which will be presented in later sections,
we decided to implement a convolutional neural network as an alternative approach. The entire
implementation, including model architecture design, training, and validation, was performed using
the TensorFlow and Keras libraries in Python.
For this task, we designed a custom CNN architecture rather than adopting a pre-trained model.
The number of convolutional layers, fully connected layers, and the training parameters were chosen
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on the basis of a thorough review of the literature and best practices reported in state-of-the-
art studies. Additionally, we conducted empirical experiments to optimize the architecture and
hyperparameters, adapting them to our specific binary classification task. For brevity, we present
only the final model configuration, which achieved the best performance.
In the following sections, we will describe the data augmentation techniques applied. Additionally,
we will introduce the model architecture, outlining the rationale behind our design choices. Finally,
we will present the selected training parameters and explain the reasoning behind their selection.

4.4.1 Data augmentation

The dataset used for the CNN approach is the same as that used for the SVM approach (see Section
4.1). The images were first subjected to the pre-processing steps described in Section 4.2, resulting
in a dataset of 644 subtracted images, each resized to 256× 256× 1.
Given the limited size of our dataset, we utilized the data augmentation technique, which is essential
for preventing overfitting when data availability is restricted. Deep learning models, such as CNNs,
typically require large datasets (exceeding thousands of samples) to avoid overfitting. Without
sufficient data, the model may memorize training examples instead of learning meaningful general
patterns, leading to poor generalization on unseen data [83].
To address this issue, we applied two data augmentation techniques 4 separately:

• Flip left-right. This transformation reflects the image across an imaginary vertical axis passing
through the image center, simulating possible variations of the tip during acquisition;

• RandomRotation. This transformation applies small rotations to the images, with angles
randomly selected from a range of -3° to 3°.

Figures of the long and the short tip, as well as the images resulting after Flip left-right and
RandomRotation transformations is shown in Figure 4.10.

Figure 4.10: Subtracted images resized to 256 × 256 pixels. Left: 256 × 256 subtracted image depicting
the long tip (left), after Flip left-right transformation (center), and after Rotation between -3° and 3° (right).
Right: 256×256 subtracted image depicting the short tip (left), after Flip left-right transformation (center),
and after Rotation between -3° and 3° (right) [1].

The choice of these two transformations was guided by empirical observations. Since the tips can
be slightly misaligned due to the way the pipetting system picks them up, applying small rotations
helps the model generalize better to real-world scenarios.
Moreover, we deliberately avoided transformations related to brightness, contrast, or other color-
based alterations. As explained in the Section 2.4.2 all acquisition conditions are carefully controlled
and standardized. Applying augmentations that introduce unrealistic variations could lead the
model to learn irrelevant patterns that do not reflect real working conditions.

4https://keras.io/api/layers/preprocessing_layers/image_augmentation/
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Notably, data augmentation was applied only during the training and not during validation. The
reason is that we want to increase our model’s generalization performance by adding more data
and diversifying the training dataset. If augmentation were applied to validation images, it could
artificially overestimate accuracy, leading to misleading performance evaluations [84].

4.4.2 CNN architecture

The architecture of the network is illustrated in Figure 4.11 [1]. The network can be divided into

Figure 4.11: Architecture of the convolutional neural network.

two main blocks: the feature extraction block, responsible for extracting relevant patterns from input
images, and the classification block, which processes the extracted features and assigns a class label
[28].

Feature extraction block

The feature extraction block consists of the following type of layers:

• Rescaling layer. Normalizing images from the range [0, 255] to [0, 1] ensures consistency across
inputs. Variability in pixel intensity ranges could cause the model to assign different impor-
tance to features based on their scale rather than their relevance. Furthermore, normalization
helps maintain the weights within a controlled range, improving model stability and preventing
saturation during training;

• Convolutional 2D layer. We set a kernel of 3 × 3. This choice is based on findings from DL
literature, where 3× 3 filters have become a standard due to their efficiency in extracting fine
details while maintaining computational feasibility;

• Dropout layer. We decided to include this layer to prevent overfitting by randomly deactivating
a fraction of neurons during training. We set dropout rate of 0.1. This value was determined
empirically to strike a balance between regularization and model capacity;

• Max pooling. This layer was included to reduce the spatial dimensions of the feature maps,
thereby decreasing the number of parameters and computational cost.
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Classification block

The classification block combines all extracted features to make a final decision. It consists of the
following type of layers:

• Flatten layer. This layer converts the multi-dimensional feature map from the last convolu-
tional layer into a one-dimensional vector, ensuring compatibility with fully connected layers;

• Fully connected layers. These layers perform the actual classification based on the extracted
features. The final dense layer, responsible for classification, utilizes the sigmoid activation
function, which outputs a probability score for each class. Since this is a binary classification
task, the sigmoid function is the most appropriate choice, as it maps the output to a range
between 0 and 1. The output of the sigmoid function can be interpreted as the probability of
the input image belonging to a specific class.

4.4.3 Architecture parameters

The Table 4.3 summarizes the key parameters of each layer in the CNN, including input and output
dimensions. The input to the network consists of 256× 256× 1 grayscale images obtained from the

Layer # of input channels # of output channels Kernel size Stride Input size Output size

Conv2D 1 8 3 1 256×256×1 256×256×8

Dropout (rate = 0.1) - - - - 256×256×8 256×256×8

MaxPool2D 8 8 - 2 256×256×8 128×128×8

Conv2D 8 16 3 1 128×128×8 128×128×16

Dropout (rate = 0.1) - - - - 256×256×8 256×256×8

MaxPool2D 16 16 - 2 128×128×16 64×64×16

Conv2D 16 32 3 1 64×64×16 64×64×32

Dropout (rate = 0.1) - - - - 256×256×8 256×256×8

MaxPool2D 32 32 - 2 64×64×32 32×32×32

Flatten - - - - 32×32×32 32768

FC - - - - 32768 50

FC - - - - 50 20

FC - - - - 20 10

FC - - - - 10 1

Table 4.3: Parameters of the type check CNN model for each layer.

pre-processing stage. Before being fed into the model, these images are converted into tensors, as
required by the TensorFlow framework.
Observing the convolutional layers, we note that as we move deeper into the network, the number
of channels increases, while the spatial dimensions of the feature maps decrease. Since we used
padding="same" in all convolutional layers, the spatial dimensions of the feature maps remain
unchanged after each convolution operation. This ensures that the extracted features retain fine
details throughout the network, preventing excessive loss of information at early stages of processing.
This behavior follows a fundamental principle in convolutional architectures whose formulas are set
here:

Hout =
Hin + 2P −K

S
+ 1, Wout =

Win + 2P −K

S
+ 1 (4.1)
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where Hin, Win are the height and width of the input feature map, K is the kernel size, P is the
padding applied to both sides of the input (for padding="same" in Keras, P = K−1

2 , and S is the
stride of the convolution) [85].
For Max pooling layers, no padding was applied, meaning that pooling operations reduce the spa-
tial dimensions without adding extra pixels at the borders. This progressive reduction in spatial
dimensions is primarily due to the Max pooling layers, which halve the height and width of the
feature maps, reducing computational complexity and focusing on the most prominent patterns.
Simultaneously, the number of channels increases as deeper layers extract more complex features:
while initial layers capture basic edges and textures, deeper layers learn more abstract representa-
tions, such as object parts and high-level structures. To reduce the risk of overfitting, dropout layers
were added after each convolutional layer. A dropout rate of 0.1 was set, meaning that 10% of the
neurons were randomly deactivated during training. This choice, made empirically, helps prevent
the network from relying too much on specific features, promoting better generalization [27].
In contrast, within the fully connected layers, we observe the opposite trend: the number of neurons
progressively decreases. This compression is designed to condense the extracted features into the
most relevant information for classification. The final layer consists of a single neuron, as the task is
a binary classification problem [28]. A sigmoid activation function is applied to this output neuron,
ensuring that the output is a probability value in the range [0,1], interpreted as follows:

ŷ =

Short tip, if ŷ ≥ 0.5

Long tip, otherwise
(4.2)

This decision threshold enables the network to classify each input image as either a short or long
tip.

4.4.4 Training parameters

The custom CNN model was trained 5 times, each time with a different initialization seed. Em-
ploying multiple replications helps mitigate the risk of overestimating the model’s performance due
to fortuitous circumstances.
All training and validation parameters were empirically selected and are summarized in Table 4.4.

Parameter Value
# of replications 5
# of epochs 25
Batch size 16
Learning rate 10−3

Weight decay 10−4

Pooling size 2

Table 4.4: Parameters of the type check CNN model for training.

We trained the model for 25 epochs, applying early stopping to prevent overfitting. Specifically,
we monitored the validation loss starting from the 18th epoch, and the training was stopped if the
loss did not improve within a predefined tolerance range, empirically determined. The pooling size
was set equal 2, value often used in the literature because excellent compromise between decrease
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of the size of feature maps and data loss [28]. The batch size was chosen to balance computational
efficiency, model performance, and convergence speed [86]. For optimization, we used the Adam
optimizer with weight decay, which mitigates the effects of noisy gradients, particularly in scenarios
with small batch sizes such as in our case. As with the SVM models, we applied a simple k-fold
cross-validation to further reduce overfitting and improve generalization without enforcing strati-
fication. We set k = 5. This choice was driven by the need for larger validation sets in CNNs to
better assess generalization. After performing the 5-fold cross-validation, the model’s performance
was evaluated using Binary Cross-Entropy loss, accuracy, and F1-score. Although the dataset as
a whole was balanced, the absence of stratification may introduce slight class imbalances within
individual folds; therefore, the F1-score was included to provide a more robust evaluation by jointly
accounting for precision and recall [87].

4.5 Results

4.5.1 SVM approach

Evaluation on training and validation set

We trained the two SVM models using the same set of features extracted from the dataset, and
employed k-fold cross-validation with k = 5. This means that each model was trained on 480
samples and evaluated on 120 across five folds, ensuring that each fold served once as the validation
set. Table 4.5 shows the accuracies achieved on the validation fold for the two models, and Table
4.6 presents the mean accuracies along with the corresponding standard deviations.

Kernel Fold 1 Fold 2 Fold 3 Fold 4 Fold 5
RBF 51.16% 60.47% 50.39% 55.81% 50.78%
HI 57.36% 52.71% 48.06% 54.26% 47.66%

Table 4.5: Accuracies on the validation fold for each model type.

Kernel Mean Accuracy
RBF 53.72% ± 3.9%
HI 52.01% ± 3.7%

Table 4.6: Mean accuracies along with the corresponding standard deviations for all models.

As shown, both models perform poorly in distinguishing between long tips and short tips. Indeed,
the average accuracies are close to 50%, which is comparable to random behaviour. By selecting
the best model for each kernel type, Table 4.7 reports the performance for each model. All metrics
in the Table are expressed as a percentages, expect for the AUC and the number of support vectors.
Figures 4.12 and 4.13 show the confusion matrix (right) and the ROC curve (left) of RBF SVM and

Kernel Accuracy Precision Recall F1-score AUC Support Vectors
RBF 60.47% 62.90% 58.21% 60.44% 0.606 393
HI 57.36% 67.92% 48.65% 56.70% 0.589 454

Table 4.7: Performance metrics for each model kernel type.
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HI SVM for validation fold, respectively.

Figure 4.12: Confusion matrix (left) and the ROC curve (right) of the best RBF SVM on validation fold.

Figure 4.13: Confusion matrix (left) and the ROC curve (right) of the best HI SVM on validation fold.

Analysing the metrics, we can observe that the RBF SVM has better performance in terms of
accuracy, recall, F1-score and AUC than the HI SVM model. Specifically, the higher accuracy and
AUC indicates a greater ability of the model to discriminate between the two classes. While, the
higher recall suggests a greater ability of the RBF SVM to identify long tips. In contrast, the HI
SVM achieves a higher precision, meaning it is more accurate when predicting long tips. However,
its lower recall indicates that the model has a tendency to omit a greater number of actual long
tips. In addition, the RBF model shows better trade-off between precision and recall, as confirmed
by the higher F1-score.
Regarding model complexity, for both models use very high number of support vectors, 393 for
RBF and 454 for HI, which are close to the training size. This suggests a high degree of boundary
complexity and a high risk of overfitting; however, the number of support vectors is not, by itself,
decisive for generalization capability, which is therefore evaluated on a set of external data not
used for training or validation. Finally, from an operational perspective, classification errors such
as predicting a long tip as short, or vice versa, do not compromise the integrity of the diagnostic
process. In both cases, the monitoring system flags the mismatch, discards the misclassified tip, and
repeats the gripping operation for the affected channel. The direct impact of these errors is therefore
limited to an increase in execution time and a higher consumption of tips, while the accuracy and
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reliability of the diagnostic outcome remain unaffected.

Evaluation on an external test set

To assess the generalizability and robustness of both models, we decided to test them on an external
test set. This dataset consists of 216 images, 108 depicting long tips and 108 short tips. The images
were acquired in the same way as the external test set described for the presence check (Section
3.4). Figure 4.14 shows the confusion matrices obtained on the dataset of the RBF model (left) and
the HI model (right). The two models achieve accuracies of 50.93% and 58.8%, respectively. These
results confirm that both models do not generalize and are not effective for the classification task,
with the RBF model showing performance close to random. When considering the F1-score, which

Figure 4.14: Confusion matrices obtained by the RBF model (left) and the HI model (right) on external
test set.

better balances class-wise performance, the results are essentially comparable to accuracy, with
values of 50.9% for the RBF model and 58.6% for the HI model. These results confirm that both
SVM models fail to generalize and are not effective for the type classification task. While Fourier
descriptors offer a more advanced representation than simple one-dimensional features, their lim-
ited discriminative power in this context indicates that they are not sufficient to capture the subtle
geometric variations of the tips. In particular, although they provide invariance to translation and
rotation, the resulting feature space does not fully represent the structural complexity needed for
reliable classification. From an operational standpoint, the misclassifications produced by these
models would not compromise the diagnostic process, as the monitoring system automatically de-
tects and corrects size mismatches, although at the expense of execution time and tip consumption.
This limitation highlights the need for more expressive approaches, such as convolutional neural
networks.

4.5.2 CNN approach

Evaluation on training and validation set

The CNN model for type check was trained on 1545 images and evaluated on the remaining 129
images. The model was trained using 5-fold cross-validation, and loss function binary cross-entropy
was used as the performance measure. Figures 4.15 and 4.16 show the average loss and accuracy
curves during the training and validation phases, respectively. These curves represent the average
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trend across all replications (using different seeds) for each fold. Specifically, Figure 4.15 shows
the average loss during training (left) and validation (right) across all replications and, Figure 4.16
displays the average accuracy during training (left) and validation (right) across all replications for
each fold.

Figure 4.15: Average loss curves during training (left) and validation (right) across all replications for each
fold. Each curve is obtained by averaging loss curves of each replication across epochs [1].

Figure 4.16: Average accuracies during training (left) and validation (right) across all replications for each
fold. Each curve is obtained by averaging loss curves of each replication across epochs [1].

Both figures show an excellent convergence of the model. In detail, in Figure 4.15, the loss curves
during training decreases until they tend to zero for all folds, expect for fold 4, where a peak is
observed around the third/fourth epoch. This peak is due a sudden increase of the loss in one of the
replications, likely related to a particular batch of images. A similar trend can be seen during the
validation phase. Importantly, this behaviour was detected in only one replication out of the five
and did not reappear in the others, suggesting that it is not related to systematic dataset artifacts
but more likely to the specific composition of a single batch that temporarily altered the learning
dynamics. Moreover, in Figure 4.16, accuracy curves for both training and validation phase increase
and stabilize at 100% around the second/third epoch for all folds, except for fold 4, which exhibits a
peak around the third/fourth epoch. As with the loss curves, this peak can be related to a particular
batch of images during one of the replications.
To better understand the model’s overall performance, we calculated the average accuracy achieved
at the end of validation for each of the five replications. Table 4.8 summarizes these results. The
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last column represents the average accuracy obtained by averaging across all folds.

Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Mean Accuracy
100% 100% 100% 100% 100% 100% ± 0%

Table 4.8: Average accuracies for each fold and overall mean accuracy.

By selecting the best model only, Figure 4.17 shows the confusion matrix (left) and the ROC curve
(right) obtained on the validation set. The CNN achieved 100% accuracy, an AUC equal to 1, and
an F1-score of 100%, meaning it classified all 129 images correctly. This indicates that our model
is a perfect classifier and well-suited for the type classification task.

Figure 4.17: Confusion matrix (left) and ROC curve (right) of the best CNN model on the validation set
[1].

Explainability

In the domain of DL, it is essential not only develop a model capable of achieving excellent perfor-
mance but also to understand the mechanisms behind its predictions. To address this, we performed
a feature analysis using two different methods, the IGs5 and Grad-CAM6. These methods help un-
derstand which parts of the image have contributed most to the model’s predictions. Figures 4.18,
4.19 and 4.20 show for both a long tip (left) and short tip (right), the reference images from the
dataset, the feature map after calculating IG, and the heatmap after calculating Grad-CAM, re-
spectively.
Integrated gradients values can be either positive or negative. Positive values indicate that a region
contributes positively to the model’s prediction, while negative values suggest a negative contribu-
tion. Values close to zero indicate little or no influence on the prediction. In contrast, Grad-CAM
values range from 0 to 1, where a value of 0 indicates no attribution by the model, meaning that
the corresponding part of the image does not influence the prediction. Values closer to 1 denote a
strong influence from that area.
Upon observing the IG feature map of the long tip, we note that our model assigns negative attri-
bution to the tip point and to the edges, and positive attribution to the tip base and center part of
the tip. In addition the model assigns no attribution to the background. Similarly, for the short tip,

5https://www.tensorflow.org/tutorials/interpretability/integrated_gradients
6https://keras.io/examples/vision/grad_cam/
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Figure 4.18: Dataset reference images for XAI computation of a long tip (left) and short tip (right) [1].

Figure 4.19: Feature map after integrated gradients computation of long tip (left) and short tip (right) [1].

the model gives negative attribution to the tip point, positive attribution to the base and center,
and no attribution to the background.
Analysing the Grad-CAM heatmap of the long tip, it is evident that the model focuses primarily
on the tip, with the background receiving a value close to zero. The color gradient, from blue (low)
to yellow (high), indicates that the model’s focus is predominantly on the tip. A similar pattern
is observed for the short tip, confirming that the model is mainly influenced by the tip’s features,
particularly the base and edges.
This behavior is consistent across the entire training and validation datasets, suggesting that the
mechanism behind the model’s predictions is reliable and focused on the relevant areas of the image.

Evaluation on an external test set

As with the SVM approach, we assessed robustness and generalization by evaluating the CNN on
the same external test set: 216 images (108 long, 108 short), acquired following the same procedure
described for the external test set of the presence check (Section 3.4). Figure 4.21 shows the confu-
sion matrix obtained on this dataset. The CNN model achieved 100% accuracy and an F1-score of
100%, confirming that it correctly classified all images. These results demonstrate that, unlike the
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Figure 4.20: Heatmap after Grad-CAM computation of long tip (left) and short tip (right) [1].

Figure 4.21: Confusion matrix on test set of CNN model.

SVM models, the CNN retained perfect discriminative power even on external data, further sup-
porting its suitability for the type classification task. In addition, we performed an explainability
analysis to assess how well the results obtained on the test set align with those from the training
set. Figures 4.22, 4.23 and 4.24 show the images from the test set (left: long tip, right: short tip),
the feature map after IG computation, and the Grad-CAM heatmap, respectively.
Upon analysing the images, we find a consistency between the results obtained on the training
dataset and those obtained on the test dataset. The IG maps indicate that the model is again
not influenced by the background, and the attribution values are similar in magnitude and local-
ization. The same pattern is observed in the Grad-CAM heatmaps, confirming that the model’s
interpretability is consistent across both datasets.

Time performance

Finally, we evaluated our CNN model measuring the time taken to execute pre-processing and
classification. Table 4.9 shows the average pre-processing, prediction and total times, along with
the corresponding standard deviations, for the selected model. The average was calculated over
the 216 images in the test set, and the measurements were conducted on a system with hardware
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Figure 4.22: Test set reference images for XAI computation of a long tip (left) and short tip (right) [1].

Figure 4.23: Feature map after integrated gradients computation of long tip (left) and short tip (right) [1].

identical to the one integrated in the IVD device.

Function Time
Pre-processing 3.179 · 10−3 ± 4.407 · 10−3 s
Prediction 8.411 · 10−2 ± 4.473 · 10−2 s
Total 8.73 · 10−2 ± 4.559 · 10−2 s

Table 4.9: Average extraction, prediction, and total times with standard deviations for the selected model.

These results demonstrate the total time employed to execute the type check is consistent with time
required for this step, as it remains below the limit of 1 second.
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Figure 4.24: Heatmap after Grad-CAM computation of long tip (left) and short tip (right) [1].

Giulia Tufo 52



Chapter 5

Volume check

The volume check is the third and final control performed by our real-time monitoring system. As
discussed in Section 2.2, the IVD device in which the MVS is integrated already includes mechanisms
to mitigate this issue, such as a pressure sensor and a flowmeter. However, these systems are
insufficient, as they only verify the liquid volume during aspiration. In the dispensing phase, the
system only checks whether the tip is clogged, without providing a quantitative evaluation of the
dispensed volume. To address these limitations, the volume check performs a continuous monitoring
of the liquid quantity inside the tip. Specifically, our MVS analyses the liquid volume at four key
time points: before and after aspiration, and before and after dispensing.
Since short tips and long tips handle different liquid volumes, we decided to train separate models
for each tip type. Indeed, we decide to acquire two distinct datasets, one for short tips and one
for long tips. Each dataset was processed independently, and each model was trained and tested
separately to ensure optimal performance in both cases.
Given the complexity of this task, we decided to implement a CNN. Additionally, to compare the
CNN with an alternative deep learning approach, we implemented a ViT, a more recent model that
has gained significant attention in deep learning field. Both models were trained in Python, but using
different frameworks. The CNN was implemented, trained and evaluated with Tensorflow/Keras1,
while the ViT was implemented, trained and evaluated with Pytorch2, a framework for building
and deploying AI algorithms [88]. As in the case of the CNN used for the type check, also here both
deep learning models were trained offline in Python and then the chosen one deployed within the
monitoring system exclusively for inference. In this way, the demanding training phase is carried
out externally, while the deployed models operate efficiently in real time without interfering with
the workflow of the device.
The following sections describe in detail the methodologies adopted for both short tip and long tip
scenarios. In detail we show the two datasets used for training and evaluation and the pre-processing
steps applied to the data. We then describe the CNN and ViT models, including their architecture,
training strategy, and data augmentation techniques. Finally, we evaluate the performance of the
models in relation to the real-time constraints and provide a comparative analysis of the different
approaches adopted.

1https://www.tensorflow.org
2https://pytorch.org
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5.1 Dataset

To perform the volume check at the four key time points, we built a dataset of images representing
short and long tips containing different liquid volumes. Given the different capacities of short
and long tips, we created two distinct datasets, one for each tip type. However, both datasets
were acquired under the same conditions, ensuring consistency in lighting, camera parameters, and
acquisition setup.
For each tip type, we selected the standard volumes handled by the IVD device during normal
operations. Specifically, for short tips, which have 200 µL max capacity, the selected volumes are
summarized in Table 5.1.

Labels
0 µL 50 µL 100 µL 150 µL 200 µL

Table 5.1: Selected volumes for short volume check.

For long tips, which have 1000 µL max capacity, the selected volumes are summarized in Table 5.2.

Labels
0 µL 200 µL 400 µL 600 µL 800 µL 1000 µL

Table 5.2: Selected volumes for long volume check.

The two datasets were collected using the monitoring system integrated into the IVD device. A
total of 1189 images for short tips and 826 images for long tips were acquired. The difference in
dataset sizes is explained by the fact that, for long tips, an additional volume class was initially
included. This class was later excluded after consultation with the MACS’s engineers, since it did
not correspond to a standard operational volume. As a result, the number of images for long tips
is lower than that for short tips, while still ensuring consistency across both datasets. Since the
pipetting system picks up two tips simultaneously, we extracted 2378 ROIs for short tips and 1652
for long tips. For clarity, each ROI will be hereafter referred to as an input image. The input image
dimensions were defined to ensure that the entire tip was fully visible while minimizing unnecessary
background elements, which could interfere with the training process. In particular, input images
with short tips were resized to a resolution of 135 × 420 pixels, whereas those with long tips were
set to 135× 635 pixels.
Since the IVD device typically handles transparent liquids, such as blood plasma and chemical
reagents, and red liquids, such as blood, we ensured that our datasets reflected this characteristic.
To this end, images were acquired using water to simulate colorless reagents and blood plasma, and
a red ginger drink to emulate the visual properties of blood. The use of these substitute liquids
was necessary because laboratory safety regulations at MACS prohibited handling actual biological
fluids or chemical reagents. The selection of water and red ginger extract was based on their visual
similarity to the actual fluids used in diagnostic procedures. Figure 5.1 shows an example of images
captured by the monitoring system, displaying short tips (left) and long tips (right) filled with
transparent liquid. The corresponding extracted input images, used for model training, are shown
in Figure 5.2.
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Figure 5.1: Example of short (left) and long (right) tips filled with transparent liquid, as captured by the
monitoring system.

Figure 5.2: Extracted input images corresponding to those shown in Figure 5.1

Figure 5.3 and Figure 5.4 present, in the form of bar plots, the distribution of images across liquid
volumes and colors for short and long cases, respectively. For the 0 µL class (empty tip), we
maintained an equal 50%-50% distribution between transparent and red liquids. This choice was
made because an empty tip contains no liquid, rendering the color distinction irrelevant. Ensuring
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this balanced distribution allowed for consistent dataset labeling while avoiding potential biases.
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Figure 5.3: Distribution of short dataset images across liquid volume and colors.
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Figure 5.4: Distribution of long dataset images across liquid volume and colors.

Although the two datasets are not perfectly balanced (i.e., each class does not contain exactly 1/5
of the total images for short dataset and 1/6 for long dataset), the distribution is relatively uniform,
minimizing the risk of model bias. To quantify this, we computed the Imbalance Ratio (IR), defined
as:

IR =
max(Ni)−min(Ni)∑

Ni
× 100% (5.1)
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where max(Ni) and min(Ni) represent the maximum and minimum number of samples across output
classes, with class here referring to the discrete volume categories (five for short tips and six for long
tips), and Ni denotes the total number of samples regardless of liquid color [89]. The calculated
values are summarized in Table 5.3.

Tip IR
Short 2.35%
Long 3.39%

Table 5.3: IR values across all volume classes, regardless of liquid color.

Similarly, if we calculate max(Ni) and min(Ni) based on liquid type (transparent vs. red), with
Ni representing the total number of samples for each liquid type regardless of the volume class, we
obtain the distribution summarized in Table 5.4.

Tip IR
Short 3.36%
Long 4.35%

Table 5.4: IR values across all liquid colors, regardless of volume classes.

These results confirm that the dataset maintains a balanced distribution between liquid types as
well. Considering that all values remain below the 5% threshold, the distribution can be regarded
as satisfactory.

5.2 Pre-processing

Before being fed into the models for training and classification, the input images undergo a pre-
processing phase to ensure compatibility across different deep learning frameworks. Since the dataset
consists of two distinct sets of images, one for short tips and one for long tips, the pre-processing
steps were applied separately to each dataset.
The input images were originally stored in BGR format, as acquired by the monitoring system.
However, since both TensorFlow/Keras and Pytorch conventionally operate with RGB images, all
images were converted to RGB format before training. This conversion preserved all visual char-
acteristics while ensuring consistency across deep learning frameworks. Moreover, unlike previous
tasks, we decided not to convert images to grayscale. This choice was made to retain critical color
information, such as subtle variations in liquid appearance, which may be relevant for classification.
The input images were resized to 256 × 256 pixels for CNN model, and to 224 × 224 pixels ViT
model. The reason for using different resizing dimensions lies in the distinct architectures of the
two models. The CNN maintains the same 256 × 256 dimensions used in the type check task (see
Section 4.2), ensuring consistency in computational efficiency and performance. On the other hand,
the ViT approach leverages a pre-trained model, which requires an input size of 224 × 224 × 3

(details provided in later sections).
Despite the resizing process potentially introducing minor distortions, the transformation remains
minimal, ensuring that key visual elements are largely preserved. Figures 5.5 and 5.6 illustrate the
pre-processing steps applied to short tip images containing 100 µL of liquid, while Figures 5.7 and
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5.8 show the corresponding steps for long tip images containing 600 µL of liquid.

Figure 5.5: Example of two short tip images containing 100 µL of liquid, one transparent (left) and one
red (right), before resizing.

Figure 5.6: Example of the resizing process applied to the images shown in Figure 5.5. The images were
resized to 256× 256 pixels (left) and 224× 224 pixels (right).

After pre-processing, the input images have final dimensions of 256 × 256 × 3 for the CNN and
224× 224× 3 for the ViT, both in RGB format.

5.3 Data augmentation

As in the CNN-based type check approach, we applied data augmentation to mitigate the risk
of overfitting, given the limited size of the dataset. This step is particularly important for ViTs
which typically require significantly larger datasets to achieve robust generalization [90]. Data
augmentation was applied separately to the short tip and long tip datasets to ensure consistency in
training while maintaining dataset-specific variations.
To address this issue, we adopted the same data augmentation transformations used for the CNN-
based type check approach, namely horizontal flipping and rotation, but with some modifications.
Specifically, instead of applying a random rotation within a range of -3° to +3°, we opted for
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Figure 5.7: Example of two long tip images containing 600 µL of liquid, one transparent (left) and one red
(right), before resizing.

Figure 5.8: Example of the resizing process applied to the images shown in Figure 5.7. The images were
resized to 256× 256 pixels (left) and 224× 224 pixels (right).

fixed rotations of -3° and +3°. This choice is due to the fact that when using different deep
learning frameworks, as in our case, the implementations of transformations can vary slightly. In
particular, randomization functions may generate slightly different distributions between Pytorch
and TensorFlow/Keras, with possible effects on model convergence. By setting fixed angles, we
ensure that the input data is transformed identically between the two frameworks, making the
results more easily comparable.
For the CNN approach, we applied the following transformations:

• Flip left right3, as previously described in Section 4.4.1;

• Fixed Rotation of -3°, implemented using the scientific computation library Scipy4. Specifi-
cally, we utilized its rotate function, which ensures consistent, non-randomized rotations;

• Fixed Rotation of 3°, applied using the same method as the previous point.
3https://keras.io/api/layers/preprocessing_layers/image_augmentation/
4https://scipy.org/
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For the ViT approach, we used transformations provided directly by Pytorch5:

• RandomHorizontalFlip, defined in the same way as Flip left right provided by TensorFlow/K-
eras. In our implementation, we set the probability p = 1, ensuring that all images undergo
this transformation, making it effectively deterministic;

• RandomRotation of -3°. Although the function name suggests randomness, we explicitly fixed
the rotation angle at -3°, ensuring a consistent transformation across all training images;

• RandomRotation of 3°. Similarly, we fixed the rotation angle at 3° to maintain symmetry in
the augmentation process and avoid unnecessary variability during training.

These transformations were selected based on empirical observations of the monitoring system’s
behavior. We deliberately avoided additional augmentations, as the pipetting system operates
within a standardized and controlled environment. Introducing further variations could introduce
unrealistic distortions that do not align with real-world conditions.
Figure 5.9 illustrates the effects of these transformations on the 256× 256 images presented earlier
in Figures 5.6 (top) and 5.8 (bottom). Figure 5.10 illustrates the effects of these transformations
on the 224× 224 images presented earlier in Figures 5.6 (top) and 5.8 (bottom).
Finally, we applied online data augmentation, dynamically generating new variations of the training
samples at each iteration. This approach prevents overfitting by continuously exposing the model
to slightly modified versions of the original data while preserving the integrity of the validation set.

5.4 CNN approach

For both cases, short and long, we adopted the same CNN architecture as the one implemented in
the type check approach (see Section 4.4.2). The architecture consists of the same two main blocks:
the feature extraction block and the classification block, as shown in Figure 4.11.
The main differences between between the type check and volume check lie in the hyperparameters,
which have been optimized experimentally for this task, and the output layer, as this is a multi-
class classification problem rather than a binary one. Specifically, in the final dense layer, we used
five output neurons for short volume check case and six output neurons for long volume check,
each corresponding to a liquid volume class. Instead of a sigmoid activation, we applied a softmax
activation function, which is more suitable for multi-class classification.
The entire implementation, including training and validation, was carried out using Tensorflow and
Keras libraries in Python.
For brevity, we present for both cases only the final model configuration, which achieved the best
performance. The decision to continue using a custom CNN, rather than a pre-trained model, was
driven by extensive testing. Despite its relatively lightweight architecture, the model has proven
effective even for more complex tasks such as this one.

5.4.1 Architecture parameters

Tables 5.5 and 5.6 summarize the key parameters for each layer of the CNNs, including input and
output dimensions. The input to the network consists of a 256× 256× 3 image, obtained after pre-

5https://docs.pytorch.org/vision/0.22/transforms.html
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5.4. CNN approach

Figure 5.9: Example of data augmentation applied to the 256× 256 images shown in Figures 5.6 (top) and
5.8 (bottom). In both cases, the images after applying horizontal flip (left), +3° rotation (center), and -3°
rotation (right) are displayed.
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Figure 5.10: Example of data augmentation applied to the 224 × 224 images shown in Figures 5.6 (top)
and 5.8 (bottom). In both cases, the images after applying horizontal flip (left), +3° rotation (center), and
-3° rotation (right) are displayed.
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processing. Before being fed into the model, these images are converted into tensors, as required by
the TensorFlow framework.

Layer # of input channels # of output channels Kernel size Stride Input size Output size

Conv2D 3 8 3 1 256×256×3 256×256×8

Dropout (rate = 0.1) - - - - 256×256×8 256×256×8

MaxPool2D 8 8 - 2 256×256×8 128×128×8

Conv2D 8 16 3 1 128×128×8 128×128×16

Dropout (rate = 0.1) - - - - 128×128×16 128×128×16

MaxPool2D 16 16 - 2 128×128×16 64×64×16

Conv2D 16 32 3 1 64×64×16 64×64×32

Dropout (rate = 0.1) - - - - 64×64×32 64×64×32

MaxPool2D 32 32 - 2 64×64×32 32×32×32

Flatten - - - - 32×32×32 32768

FC - - - - 32768 50

FC - - - - 50 20

FC - - - - 20 10

FC - - - - 10 5

Table 5.5: Parameters of the short volume check CNN model for each layer.

Layer # of input channels # of output channels Kernel size Stride Input size Output size

Conv2D 3 8 3 1 256×256×3 256×256×8

Dropout (rate = 0.1) - - - - 256×256×8 256×256×8

MaxPool2D 8 8 - 2 256×256×8 128×128×8

Conv2D 8 16 3 1 128×128×8 128×128×16

Dropout (rate = 0.1) - - - - 128×128×16 128×128×16

MaxPool2D 16 16 - 2 128×128×16 64×64×16

Conv2D 16 32 3 1 64×64×16 64×64×32

Dropout (rate = 0.1) - - - - 64×64×32 64×64×32

MaxPool2D 32 32 - 2 64×64×32 32×32×32

Flatten - - - - 32×32×32 32768

FC - - - - 32768 50

FC - - - - 50 20

FC - - - - 20 10

FC - - - - 10 6

Table 5.6: Parameters of the long volume check CNN model for each layer.

As observed in both Tables 5.5 and 5.6, moving through the convolutional layers, the number of
channels increases, allowing the model to capture more complex patterns, while the spatial dimen-
sions decrease, due to the Max pooling layers, which help reduce computational complexity while
preserving the most important features. In addition, we applied "same" padding to all convolutional
layers to maintain spatial consistency. To prevent overfitting, a dropout layer with a rate of 0.1
was applied after each convolutional layer. Conversely, in the fully connected layers, the number of
neurons gradually decreases, condensing the extracted information before classification. The final
layer consists of five neurons for the short tip volume check, each representing a class (0, 50, 100,
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150, 200 µL), and six neurons for the long tip volume check, corresponding to the classes (0, 200,
400, 600, 800, 1000 µL). The softmax activation function ensures that the output is a probability
distribution over these five and six classes, with the predicted class corresponding to the neuron
with the highest probability. The sum of all output values is always equal to 1.

5.4.2 Training parameters

The two custom networks were trained only once due to the high computational cost associated
with the training process. Given the complexity of the classification task and the need for extensive
hyperparameter tuning, multiple training repetitions would have significantly increased processing
time without a guaranteed improvement in performance. Instead, we prioritized careful hyperpa-
rameter selection and a k-fold cross-validation strategy to enhance model robustness. All training
and validation parameters, identical for both cases, were empirically chosen and are summarized in
Table 5.7.

Parameter Value
# of replications 1
# of epochs 25
Batch size 8
Learning rate 10−3

Weight decay 10−4

Pooling size 2

Table 5.7: Training parameters for both short and long tip volume check CNN models.

We trained both models for 25 epochs, a value determined experimentally to ensure convergence
without excessive training time. Unlike in the type check CNN, early stopping was not applied,
as it led to suboptimal performance by halting training too early. Instead, dropout was used as
the primary regularization technique to prevent overfitting. The pooling size was set to 2, a widely
used value in the literature that balances computational efficiency and feature retention. The batch
size was fixed at 8, chosen as a trade-off between training stability, memory constraints, and pro-
cessing speed. A smaller batch size helps avoid memory saturation while still allowing for efficient
gradient updates. For optimization, we employed the Adam optimizer with weight decay, which
helps mitigate noisy gradients, particularly important given the small batch size. As in the CNN-
based type check approach, we applied k-fold cross-validation (k = 5) to improve generalization
and reduce overfitting. The choice of k = 5, instead of higher values, aligns with common practice
in deep learning, where larger validation sets help better assess the model’s ability to generalize.
After performing 5-fold cross-validation, the model’s performance was evaluated using Categorical
Cross-Entropy (Categorical CE) loss, average accuracy, and the macro F1-score. Unlike binary
classification, where micro (classic) and macro F1-scores coincide, in multi-class settings the two
metrics may diverge. In particular, the macro F1-score was preferred because it computes the F1
independently for each class and then averages the results, thereby ensuring that all classes con-
tribute equally to the final evaluation [87]. This choice is especially relevant in our case, where
the use of a simple non-stratified k-fold cross-validation may temporarily alter the balance among
classes, despite the overall dataset being well balanced according to the IR.
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5.5 ViT approach

As previously introduced in this Chapter, for this task, we implemented a vision transformer,
which, unlike the CNN, processes images in their entirety and captures long-range dependencies
through a self-attention mechanism. For both classification tasks, we adopted the same base ViT
architecture. The main difference between the two implementations lies in the final classification
layer configuration. Specifically, for the short volume check, the output layer consists of five neurons,
while for the long volume check, it contains six neurons. For brevity, we present only the final
configuration that achieved the best performance for both tasks.
The model used in both cases is a pre-trained ViT, provided by the HuggingFace6 library [91]. We
selected the model google/vit-base-patch-224. The decision to use a pre-trained model, instead of
building and training one from scratch, was motivated by the high computational cost and the large
amount of data required to effectively train a ViT model (typically tens of thousands of images)
[92]. Furthermore, this specific model offered an excellent balance between computational efficiency
and performance. The entire implementation, including training and validation, was carried out
using Pytorch library in Python. Preliminary tests were performed to ensure the compatibility and
seamless integration of the deep learning libraries implemented in Python with the machine vision
system’s operational environment.
In the following sections, we will describe the architecture of the model, explaining all its parameters
in detail. We will also present the training parameters and explain the rationale behind their
selection.

5.5.1 ViT Architecture

The architecture of the model selected for both volume check tasks is based on the google/vit-
base-patch-224 model, which has the same architectural characteristics as the ViT-Base variant
described by Dosovitskiy et al. [29] The model includes all the standard components expected in
a vision transformer. The only modification compared to the original model is the addition of a
dropout layer before the final classification layer, which helps reduce overfitting.
Our vision transformer architecture is shown in Figure 5.11. The key parameters of the ViT used for
both volume check tasks are summarized in Table 5.8. The input image consists of a 224× 224× 3

Parameter Value
Patch size 16 ×16
Image size 224 × 224 × 3
Hidden size 768
MLP hidden dimension 3072
Number of transformer layers 12
Dropout rate 0.2

Table 5.8: Training parameters for both short and long tip volume check ViT models.

image, obtained after pre-processing. Before being fed into the vision transformer, the image is
converted into a tensor and normalized according to the statistics of the dataset on which the
model was pre-trained, specifically the ImageNet-21k statistics [93], in order to match the format

6https://huggingface.co
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Figure 5.11: Visualization of the vision transformer architecture.

and distribution expected by both the model and the pytorch framework.
The pre-trained model divides the input image into patches of size 16 × 16 × 3 pixels, resulting in
196 patches, with the addition of the CLS token, which is necessary to capture the encoded features
of the entire image. The 12 transformer layers indicate that the model consists of 12 parallel heads
performing the task. The dropout rate was set to 0.2, meaning that 20% of the neurons were
randomly deactivated during training. This value was empirically determined to balance between
regularization and the capacity of the model, and is consistent with standard best practices. The
final classification layer consists of 5 neurons for the short volume check, each representing a class
(0, 50, 100, 150, 200 µL), and 6 neurons for the long volume check, corresponding to the classes (0,
200, 400, 600, 800, 1000 µL). As per standard practice, a softmax activation function is applied at
the final layer to ensures that the output represents the probability distribution over classes. The
predicted class corresponds to the neuron with the highest probability.

5.5.2 Training parameters

As with the CNNs, the two custom ViT models were trained a single time, due to the significant
computational effort required by the training process. Considering the complexity of the classifica-
tion task and the necessity of extensive hyperparameter optimization, repeating the training would
have greatly increased processing time without necessarily improving performance. Instead, we pri-
oritized careful hyperparameter selection and the adoption of a k-fold cross-validation strategy to
enhance model robustness and prevent overfitting. All training and validation parameters, identical
for both cases, were empirically chosen and are summarized in Table 5.9.
We trained both models for 25 epochs, a value determined empirically to ensure convergence. As
for CNN approach, we decided not to apply early stopping, to avoid prematurely underestimating
the model’s learning potential. The batch size was fixed at 8, chosen as a trade-off between training
stability and memory constraints. Larger batch sizes would have caused memory saturation on
the available computational resources. For optimization, we employed the Adam optimizer with
weight decay, a technique useful for mitigating noisy gradients, particularly important given the
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Parameter Value
# of replications 1
# of epochs 25
batch size 8
learning rate 10−4

weight decay 10−2

Table 5.9: Training parameters for both short and long tip volume check ViT models.

small batch size. We applied a simple k-fold cross-validation with k = 5, to prevent overfitting and
improve the models’ generalization ability. This choice was maintained to ensure a fair comparison
between the ViT and CNN models. As with the CNN model, after performing the 5-fold cross-
validation, the ViT performance was evaluated using Categorical CE loss, accuracy, and macro
F1-score. The latter is particularly relevant in the multi-class setting, as it provides a balanced
evaluation across all classes, complementing accuracy and offering a more reliable assessment of the
model’s performance.

5.6 Short volume check results

5.6.1 CNN approach

Evaluation on training and validation set

The CNN model for the short volume check was trained on 7624 images, obtained through data
augmentation applied to the 1,906 original training images, and evaluated on 472 images. The
model was trained using 5-fold cross-validation, meaning it was trained five times, each time using
a different fold as the validation set and the remaining folds as training data. Figures 5.12 and 5.13
show the loss curve and accuracy curves, during training and validation phases for each fold.

Figure 5.12: Loss curves during training (left) and validation (right) for each fold for short volume check.

As shown in figures, the curve behaviours during the training and validation phases are different.
The training curves show a stable and consistent trend across all folds. The training loss rapidly de-
creases rapidly during the first few epochs and then stabilizes at very low values, approaching zero.
In parallel, the training accuracy increases very quickly and stabilises around 98%. This behaviour
indicates an effective and stable performance. On the other hand, regarding the validation phase,
the trend is different. The validation loss shows a tendency to decrease, as the accuracy tends to
increase until it stabilizes around 97%, with peaks occasionally dropping to approximately 93%.
However, in both cases, the curves for all the folds have pronounced oscillations, which suggest a
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Figure 5.13: Accuracies during training (left) and validation (right) for each fold for short volume check.

higher sensitivity to fold-specific variations and reflect the natural variability in model generaliza-
tion.
Despite these fluctuations, the validation accuracy remains consistently high, confirming a the
model’s good generalization ability. It is worth noting that the use of dropout and weight decay
likely contributed to controlling overfitting, maintaining a small performance gap between training
and validation phases.
Table 5.10 shows the accuracies achieved at the end of validation for each fold. In addition, the last
column represents the average accuracy obtained by averaging across all folds.

Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Mean Accuracy
98.74% 98.11% 99.16% 99.16% 98.95% 98.82% ± 0.39%

Table 5.10: Average accuracies for each fold and overall mean accuracy.

By selecting the best model, Figure 5.14 presents the confusion matrix obtained on the validation
set. The model achieved an accuracy of 99.16% and a macro F1-score of 99.14%, demonstrating ex-
cellent performance in the classification of different liquid quantities. Since our model was designed
for a multi-class classification problem, the traditional ROC curve, which is a binary classification
metric, is not directly applicable. In multi-class scenarios, the ROC curve can be computed us-
ing the one-vs-rest approach, where a ROC curve is generated for each class, treating that class
as positive and the others as negative. However, this approach presents different computational
challenges, when dealing with a large number of classes, as in our case. Specifically, the generation
of a separate ROC curve for each class would be computationally expensive and could lead to diffi-
culties in interpretation. Given these challenges, we opted to focus on accuracy, F1-score, and the
confusion matrix, which together offer a more direct and reliable interpretation of the model per-
formance. From an operational perspective, classification errors in the volume check do not affect
the correctness of the diagnostic result. The monitoring system automatically detects mismatches,
discards the affected liquid, and repeats the aspiration–dispensing cycle for the specific channel
involved. The impact of these errors is therefore limited to a modest increase in execution time and
a slightly higher consumption of consumables, without compromising the accuracy or reliability of
the analytical outcome.

Explainability

As for type check, we performed a feature analysis using the IG method and Grad-CAM method.
Figures 5.15, 5.16, 5.17, 5.18, 5.19, 5.20, 5.21, 5.22 and 5.23 illustrate the original image (left), the IG
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Figure 5.14: Confusion matrix of the best CNN model on the validation set.

map (center) and the Grad-CAM heatmap (right) for the following cases: 0 µL, 50 µL transparent
liquid, 50 µL red liquid, 100 µL transparent liquid, 100 µL red liquid, 150 µL transparent liquid,
150 µL red liquid, 200 µL transparent liquid, and 200 µL red liquid, respectively.

Figure 5.15: Original image (left), IG map (center), and Grad-CAM heatmap (right) for the case with 0
µL

In contrast to the integrated gradients of the type check, where the values oscillate between negative
and positive values, in the volume check we rescaled the IG scores to the range [−1, 1] because the
raw attributions were too small to be visible; this rescaling does not affect any quantitative analysis.
In our setting, we observed IG maps are comparatively faint and sparse. Upon analysing the IG
feature maps, we observe that the model focuses mainly on the level of liquid in all images, except
for the empty case, where attributions are distributed randomly and focused on reflections. In the
case of 50 µL of transparent liquid, the attribution is strong on the liquid level, with negative values
in other areas. For the red liquid, the attribution is not as marked, with a lower concentration
on the level. For the larger volumes (100, 150 and 200 µL), the model continues to focus on the
liquid level, but with variations in the attributes related to the contrast and color of the liquid. In
particular, for the case of 1000 µL of red liquid, the attribution extends over the entire area of the
liquid, showing a diffused positive and negative influence. Overall, the model appears to be able to
accurately detect the level of the liquid, especially for larger volume.
With respect to the Grad-CAM heatmaps, the regions of higher relevance are clearly localized at
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Figure 5.16: Original image (left), IG map (center), and Grad-CAM heatmap (right) for the case with 50
µL transparent liquid.

Figure 5.17: Original image (left), IG map (center), and Grad-CAM heatmap (right) for the case with 50
µL red liquid.

Figure 5.18: Original image (left), IG map (center), and Grad-CAM heatmap (right) for the case with 100
µL transparent liquid.

Figure 5.19: Original image (left), IG map (center), and Grad-CAM heatmap (right) for the case with 100
µL red liquid.
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Figure 5.20: Original image (left), IG map (center), and Grad-CAM heatmap (right) for the case with 150
µL transparent liquid.

Figure 5.21: Original image (left), IG map (center), and Grad-CAM heatmap (right) for the case with 150
µL red liquid.

Figure 5.22: Original image (left), IG map (center), and Grad-CAM heatmap (right) for the case with 200
µL transparent liquid.

Figure 5.23: Original image (left), IG map (center), and Grad-CAM heatmap (right) for the case with 200
µL red liquid.
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the liquid level for the transparent liquid, and they are more widely distributed across the entire
liquid area for the red liquid. This difference is likely due to the sharper contrast between the
red liquid and the background, making it more distinct for the model. In the case of transparent
liquid, the highest contrast is observed at the liquid level, with noticeable blue-green colors in the
heatmap. Additionally, across all images, the Grad-CAM heatmaps indicate that the model also
attends to background structures—such as specular reflections near the tip base and the white
bars—likely driven by local contrast rather than task-relevant evidence. As a practical aid for
qualitative inspection, future work could apply a tip mask when visualising attributions, in order
to exclude background regions while leaving training and evaluation unchanged.
These findings are consistent across the entire dataset. Although the results obtained in terms
of explainability confirm the model’s ability to focus on key image features, such as the liquid
level, the way this information is represented by the two explainability techniques reveals some
differences. Specifically, IGs provides a more fine-grained view by assigning relevance at the pixel
level, while Grad-CAM highlights broader regions where the model’s attention is concentrated. As
a result, Grad-CAM offers a more general overview of the model’s behavior. These differences in
visualization suggest that, unfortunately, combining the two techniques may lead to inconsistencies
in the precise localization of the model’s areas of interest.

Evaluation on an external test set

To assess the models’ ability to generalize beyond the training data, we evaluated the CNN model
on an external test set of 384 images, covering all liquid volumes for short tips and both liquid types
(transparent and red). The distribution of the test set is reported in Figure 5.24. This dataset
was acquired independently from the training/validation data but under the same experimental
conditions, ensuring consistency while avoiding data leakage. Figure 5.25 present the confusion
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Figure 5.24: Distribution of the test set for the short volume across different liquid volumes and colors.

matrix obtained on the test set. Our model achieved an accuracy of 95.03% and a macro F1-score
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of 94.9%, indicating that the model is well-suited for this multi-class classification task and has an
excellent ability to generalize. Although the model achieves high accuracy and a macro F1-score,
the observed errors only lead to discarding the affected tip and repeating the cycle for that channel.
This slightly increases execution time and tip consumption, without affecting the reliability of the
diagnostic outcome. Furthermore, we performed an feature map analysis using IG method and the

Figure 5.25: Confusion matrix of CNN model on the test set.

Grad-CAM technique to understand the mechanism behind the prediction. Figures 5.26, 5.27, 5.28,
5.29, 5.30, 5.31, 5.32, 5.33, and 5.34 illustrate the original image (left), the IG map (center) and
the Grad-CAM heatmap (right) for the following cases: 0 µL, 50 µL transparent liquid, 50 µL red
liquid, 100 µL transparent liquid, 100 µL red liquidi, 150 µL transparent liquid, 150 µL red liquid,
200 µL transparent liquid, and 200 µL red liquid, respectively.

Figure 5.26: Original image (left), IG map (center), and Grad-CAM heatmap (right) for the case with 0
µL

Upon analysing the IG maps from the test set, we observe that the model consistently focuses on the
liquid level across different volumes, aligning with the patterns seen during training. In the case of
the empty tip, the attributions are sparse and focused on the edges, as observed previously. As the
liquid volume increases, the model’s attention is concentrated primarily on the liquid level, though
the strength of the attribution varies depending on the volume. In some cases, the attributions are
more localized to the liquid area, while in others, the attribution extends across the tip, with both
positive and negative influences. Furthermore, the Grad-CAM heatmaps also show an alignment
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Figure 5.27: Original image (left), IG map (center), and Grad-CAM heatmap (right) for the case with 50
µL transparent liquid.

Figure 5.28: Original image (left), IG map (center), and Grad-CAM heatmap (right) for the case with 50
µL red liquid.

Figure 5.29: Original image (left), IG map (center), and Grad-CAM heatmap (right) for the case with 100
µL transparent liquid.

Figure 5.30: Original image (left), IG map (center), and Grad-CAM heatmap (right) for the case with 100
µL red liquid.
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Figure 5.31: Original image (left), IG map (center), and Grad-CAM heatmap (right) for the case with 150
µL transparent liquid.

Figure 5.32: Original image (left), IG map (center), and Grad-CAM heatmap (right) for the case with 150
µL red liquid.

Figure 5.33: Original image (left), IG map (center), and Grad-CAM heatmap (right) for the case with 200
µL transparent liquid.

Figure 5.34: Original image (left), IG map (center), and Grad-CAM heatmap (right) for the case with 200
µL red liquid.
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with the results observed during training. The heatmaps confirm that the model primarily focuses
on the liquid inside the tip. In the case of transparent liquid, the model highlights the liquid level
and in the case of red liquid, the focus is on the entire liquid volume within the tip. Moreover, as
observed during the training phase, the model focuses attention to reflections on the tip base and
background areas with higher contrast. This suggests that our model is sensitive to features that
create significant contrast in the image. Nonetheless, the same caveats observed during training
and validation persist: IG attributions remain comparatively faint and sparse, and Grad-CAM
occasionally highlights background structures (e.g., specular reflections and white bars), indicating
sensitivity to contrast.
These results demonstrate consistent behavior across both the training and test datasets, confirming
that the model’s decision-making process is reliable and generalizable to unseen data.

Time performance

Finally, we assessed the computational efficiency of our model by measuring the time required
to perform the pre-processing and classification procedures. Table 5.11 presents the average pre-
processing, prediction and total times, along with the corresponding standards deviations for our
model. The average times were calculated on the 384 images of the test set, and performed on the
system with the hardware identical to the one mounted in the medical device.

Function Time
Pre-processing 3.715 · 10−2 ± 2.879 · 10−2 s
Prediction 1.916 · 10−1 ± 1.159 · 10−1 s
Total 2.288 · 10−1 ± 1.312 · 10−1 s

Table 5.11: Average extraction, prediction, and total times with standard deviations for the selected model.

These time results demonstrate that our model requires less than one second to perform the short
volume check and complies with the predefined time constraint for task execution.

5.6.2 ViT approach

Evaluation on training and validation set

The ViT model for the short volume check was trained and validated using the same dataset em-
ployed for the CNN model. This means that our ViT model was trained on 7624 images, validated
on 472 images, and 5-fold cross-validation was applied. Figures 5.35 and 5.36 show the loss curves
and accuracy curves during training and validation phases for each fold.
As shown in figures, the training and validation curves of our ViT model exhibit distinct behaviours.
During the training phase, the loss decreases rapidly, stabilizing at very low values, while accuracy
increases sharply and then plateaus around 97-99% for all folds. This indicates strong learning and
effective performance during the training step. However, the validation loss and accuracy curves
show more fluctuation. In detail, the validation loss tends to decrease, as expected, but we can
observe many oscillations. The validation accuracy increases and stabilizes around 96-98%, with
occasional drops to approximately 94%. These fluctuations likely reflect natural variations in model
generalization, where each fold is trained on a slightly different subset of data. Despite these oscil-
lations, the validation accuracy remains consistently high and the loss curves tend to zero. The use
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Figure 5.35: Loss curves during training (left) and validation (right) for each fold for short volume check.

Figure 5.36: Accuracies during training (left) and validation (right) for each fold for short volume check.

of techniques such as dropout and weight decay likely helped mitigate overfitting, ensuring that the
performance gap between the training and validation phases remains minimal.
Table 5.12 presents the accuracies achieved during validation for each fold. The last column repre-
sents the average accuracy computed by averaging across all folds.

Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Mean Accuracy
96.64% 98.11% 98.11% 96.64% 97.05% 97.31% ± 0.67%

Table 5.12: Average accuracies for each fold and overall mean accuracy.

By selecting the best model, Figure 5.37 shows the confusion matrix obtained on the validation
set. Our model achieved an accuracy of 98.11% and a macro F1-score of 98.1%, demonstrating that
is capable on distinguishing between different liquid volumes. Given that our model addresses a
multi-class classification task and considering the computational complexity involved in generating
the ROC curve, we chose not to compute it, focusing instead on accuracy, macro F1-score and the
confusion matrix. Finally, the few observed errors do not compromise the diagnostic outcome but
only lead to a slight slowdown of the workflow due to the need of repeating the pipetting operation
on the affected channel.

Explainability

As with CNN, an analysis of the internal mechanisms was also performed for our ViT model. In
this case, however, due to the different architecture of the ViT, the analysis focused on attention
maps, as the model relies on attention mechanisms rather than convolutional feature maps. Figures
5.38, 5.39, 5.40, 5.41, 5.42, 5.43, 5.44, 5.45 and 5.46 illustrate the original image (left) and the
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Figure 5.37: Confusion matrix of the best ViT model on the validation set.

attention map (right) for the following cases: 0 µL, 50 µL transparent liquid, 50 µL red liquid,
100 µL transparent liquid, 100 µL red liquid, 150 µL transparent liquid, 150 µL red liquid, 200 µL
transparent liquid, and 200 µL red liquid, respectively.

Figure 5.38: Original image (left) and attention map (right) for the case with 0 µL

Upon examining the attention maps, we can observe that, in all cases, the model predominantly
focuses on a specific point at the base of the tip. This high attention to this point may be due to the
significant contrast or brightness variation at the tip base, which the model considers important.
For tips filled with liquid, both transparent and red, the model’s focus shifts slightly to the liquid
itself. However, this attention is not uniform, as reflected by the blue-purple colors, indicating less
certainty in those areas. The only exception occurs in the case 100 µL volume, where the model
highlights the the region between the base of the tip and the liquid level. This suggests that the
model might encounter some difficulty interpreting the liquid in this specific region. Finally, the
model appears to focus on reflections and areas of high contrast in the background. Reflections on
the tip or nearby surfaces may provide the model with additional cues for accurate classification of
the scene.
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Figure 5.39: Original image (left) and attention map (right) for the case with 50 µL transparent liquid.

Figure 5.40: Original image (left) and attention map (right) for the case with 50 µL red liquid.

Figure 5.41: Original image (left) and attention map (right) for the case with 100 µL transparent liquid.
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Figure 5.42: Original image (left) and attention map (right) for the case with 100 µL red liquid.

Figure 5.43: Original image (left) and attention map (right) for the case with 150 µL transparent liquid.

Figure 5.44: Original image (left) and attention map (right) for the case with 150 µL red liquid.
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Figure 5.45: Original image (left) and attention map (right) for the case with 200 µL transparent liquid.

Figure 5.46: Original image (left) and attention map (right) for the case with 200 µL red liquid.

Evaluation on an external test set

To investigate potential training-related bias and assess the model’s ability to generalize, we eval-
uated the ViT model on a test set of images. This test set is the same used for the CNN model
and introduces in Section 5.6.1. Figure 5.47 shows the confusion matrix obtained on the test set.
Our ViT model achieved an accuracy of 98.95% and a macro F1-score of 98.93%, meaning that it

Figure 5.47: Confusion matrix of the ViT model on the test set.
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is well-suited for the short volume check. Importantly, The few misclassifications observed do not
affect the diagnostic outcome, but only result in a slight slowdown of the workflow due to the need
to repeat the pipetting operation for the affected channel. Furthermore we computed the attention
map on the test set. Figures 5.48, 5.49, 5.50, 5.51, 5.52, 5.53, 5.54, 5.55 and 5.56 illustrate the
original image (left) and the attention map (right) for the following cases: 0 µL, 50 µL transparent
liquid, 50 µL red liquid, 100 µL transparent liquid, 100 µL red liquid, 150 µL transparent liquid,
150 µL red liquid, 200 µL transparent liquid, and 200 µL red liquid, respectively.

Figure 5.48: Original image (left) and attention map (right) for the case with 0 µL

Figure 5.49: Original image (left) and attention map (right) for the case with 50 µL transparent liquid.

The results obtained during the testing phase confirm the observations made during training. In-
deed, we also see a concentration of the model’s attention on the tip base across all volumes.
Furthermore, the model continues to focus on the liquid inside the tip, for both transparent and
red liquids. In the case of the 100 µL volume, we again observe that the model concentrates on the
area between the base of the tip and the liquid level. Finally, as seen during training, the model
seems to pay particular attention to reflections and areas with high contrast. This suggests that
the model continues to use information from reflective surfaces to improve its prediction.

Time performance

Finally, we measured the time required to perform pre-processing and classification steps. Table
5.13 presents the average pre-processing, prediction and total times, along with the corresponding
standards deviations for our model. The average times were calculated on the 384 images of the
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Figure 5.50: Original image (left) and attention map (right) for the case with 50 µL red liquid.

Figure 5.51: Original image (left) and attention map (right) for the case with 100 µL transparent liquid.

Figure 5.52: Original image (left) and attention map (right) for the case with 100 µL red liquid.
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Figure 5.53: Original image (left) and attention map (right) for the case with 150 µL transparent liquid.

Figure 5.54: Original image (left) and attention map (right) for the case with 150 µL red liquid.

Figure 5.55: Original image (left) and attention map (right) for the case with 200 µL transparent liquid.
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Figure 5.56: Original image (left) and attention map (right) for the case with 200 µL red liquid.

test set, and performed on the system with the hardware identical to the one integrated used in the
IVD device. The total execution time, which is 3.411 · 10−1 seconds, falls well within the required

Function Time
Pre-processing 1.058 · 10−2 ± 7.779 · 10−3 s
Prediction 3.305 · 10−1 ± 4.357 · 10−2 s
Total 3.411 · 10−1 ± 4.314 · 10−2 s

Table 5.13: Average extraction, prediction, and total times with standard deviations for the selected model.

standards for the task, being well below the 1-second threshold.

5.6.3 Models comparison

After presenting the results obtained with both approaches, we compared the two models to deter-
mine the most suitable one for the short volume check application. The comparison was based on
three main criteria: accuracy achieved during validation and testing phases, model interpretability,
and execution time.
Regarding validation accuracy, the CNN model outperformed the ViT model, achieving 99.16%
compared to 98.11%. However, during the testing phase, the ViT model demonstrated a higher
accuracy (98.95%) compared to the CNN model (95.03%). Consistently, macro F1-scores confirmed
the overall robustness of both models, mitigating the possible effect of class imbalance introduced
by the k-fold procedure.
In terms of interpretability, the results obtained with XAI methods revealed some key differences
between the models. Specifically, the ViT model did not appear to focus on the relevant parts of
the image, particularly the liquid inside the tip. While the IG maps for the CNN were sometimes
weak and less informative, the Grad-CAM visualizations consistently highlighted the relevant liquid
regions with greater clarity, providing a more reliable interpretation of the model’s decision process.
Indeed, in all liquid-filled cases, the CNN model consistently focuses either on the entire liquid
region (in the case of red liquid) or specifically on the liquid level (in the case of transparent liquid).
Lastly, considering the execution time, the CNN model was faster in completing the task compared
to the ViT model, which is an important factor for real-time applications. Based on these findings,
we decided to select the CNN model for the execution of the short volume check, given its better
balance of performance, interpretability, and execution time.
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5.7 Long volume check results

5.7.1 CNN approach

The CNN model for the long volume check was trained on 5296 images, obtained after data aug-
mentation application, and evaluated on 328 images. The model was trained using 5-fold-cross-
validation. Figures 5.57 and 5.58 show the loss curves and accuracy curves during the training and
the validation phases for each fold.

Figure 5.57: Loss curves during training (left) and validation (right) for each fold for long volume check.

Figure 5.58: Accuracies during training (left) and validation (right) for each fold for long volume check.

By analysing the loss curves during the training phase, we observe that all curves show a rapid
decrease in the early epochs, stabilizing at very low values close to zero. There are oscillations at
the beginning of the training, which could be attributed to the model’s sensitivity to variations
between folds. A similar pattern is seen during the validation phase, where fluctuations continue
until the tenth epoch, with the exception of Fold 5, which shows a peak towards the end of the
training. This could be due to a particular batch of images encountered during training, introducing
some variability in the model’s performance.
Regarding the accuracy curves during training, we observe that curve increase rapidly and stabilize
around 98-99%. The slight fluctuations at the beginning of the training could be an indication
of overfitting. The peak towards the end of the training for Fold 5, which does not exceed 90%,
may indicate a difficulty of the model in adapting to a specific batch of images. For the validation
accuracy curves, we observe a very similar pattern to that of the training phase. The curves rise
quickly and stabilize around the tenth epoch, reaching an accuracy of 98-99%. As with the training
phase, slight fluctuations can be observed during the early epochs, and a small peak appears towards
the end of training. This behavior may be attributed to small differences between folds. Since the
accuracies stabilize at high values, it indicated that the model generalizes well and has effectively
learned the features of the data.
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To better evaluate the model’s overall performance, we computed the average accuracy achieved at
the end of validation phase. Table 5.14 shows these results. The last column represents the average
accuracy obtained by averaging across all folds. By selecting the best model, Figure 5.59 shows the

Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Mean Accuracy
99.70% 100% 99.70% 99.70% 100% 99.82% ± 0.15%

Table 5.14: Average accuracies for each fold and overall mean accuracy.

confusion matrix obtained on the validation set. The model achieved 100% accuracy and a macro
F1-score of 100%, confirming its behaviour as a perfect classifier. As for short volume check CNN
model, since our model was designed for a multi-class classification problem and computational
challenges to build the ROC curve, we decided to not computed the ROC curve, but we opted to
focus only on accuracy and confusion matrix.

Figure 5.59: Confusion matrix of the best CNN model on the validation set.

Explainability

To better understand the model performance, we performed a feature map analysis, using the IG
and Grad-CAM methods. Figures 5.60, 5.61, 5.62, 5.63, 5.64, 5.65, 5.66, 5.67, 5.68, 5.69, and 5.70
illustrate the original image (left), the IG map (center) and the Grad-CAM heatmap (right) for the
following cases: 0 µL, 200 µL transparent liquid, 200 µL red liquid, 400 µL transparent liquid, 400
µL red liquid, 600 µL transparent liquid, 600 µL red liquid, 800 µL transparent liquid, 800 µL red
liquid, 1000 µL transparent liquid and, 1000 µL red liquid, respectively.
Analysing the IG maps, we observe that the model correctly focuses its attention on the most
relevant regions of the image, specifically, on areas corresponding to the liquid or its level. An
exception is observed in the case of empty tip, where the model appears to attribute importance
to the outline of the tip and, in some instances, to certain background regions. For tips containing
liquid, the behavior of the model varies based on the color of liquid. In particular, in the presence of
transparent liquid, the model assigns positive attribution mainly to the liquid level. In contrast, for
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Figure 5.60: Original image (left), IG map (center), and Grad-CAM heatmap (right) for the case with 0
µL.

Figure 5.61: Original image (left), IG map (center), and Grad-CAM heatmap (right) for the case with 200
µL transparent liquid.

Figure 5.62: Original image (left), IG map (center), and Grad-CAM heatmap (right) for the case with 200
µL red liquid.

Figure 5.63: Original image (left), IG map (center), and Grad-CAM heatmap (right) for the case with 400
µL transparent liquid.
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Figure 5.64: Original image (left), IG map (center), and Grad-CAM heatmap (right) for the case with 400
µL red liquid.

Figure 5.65: Original image (left), IG map (center), and Grad-CAM heatmap (right) for the case with 600
µL transparent liquid.

Figure 5.66: Original image (left), IG map (center), and Grad-CAM heatmap (right) for the case with 600
µL red liquid.

Figure 5.67: Original image (left), IG map (center), and Grad-CAM heatmap (right) for the case with 800
µL transparent liquid.
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Figure 5.68: Original image (left), IG map (center), and Grad-CAM heatmap (right) for the case with 800
µL red liquid.

Figure 5.69: Original image (left), IG map (center), and Grad-CAM heatmap (right) for the case with
1000 µL transparent liquid.

Figure 5.70: Original image (left), IG map (center), and Grad-CAM heatmap (right) for the case with
1000 µL red liquid.
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red liquid, we observe positive attribution across the entire liquid region inside the tip. However,
for larger volumes, such as 600, 800 and 1000 µL, the attention appears to shift back to the liquid
level. the model assigns positive attribution mainly to the liquid level. In contrast, for red liquid,
we observe positive attribution across the entire liquid region inside the tip.
Regarding the Grad-CAM heatmaps, results confirm these observations. Indeed, for empty tip,
the model’s focus is distributed across various regions, including parts of the background. For
liquid-filled tip, the model consistently highlights the liquid. Specifically, for transparent liquid, the
prediction is most influenced by the liquid level, while for red liquid the CNN focuses on the entire
volume of liquid. In samples with higher volume, such as 800 and 1000 µL, the attention becomes
even more pronounced. These differences between transparent and red liquids may be explained by
the higher contrast offered by red liquid, which makes the entire liquid volume more visually salient
compared to the subtler boundary of transparent liquid, where the level is more distinguishable.
Moreover, as observed in the short volume classification task, the model also assigns importance to
reflections within the image, particularly those occurring near the tip base and background elements
with high contrast.
In this specific configuration, the two attribution methods appear to converge, both in terms of
spatial relevance and interpretability. This consistency could be favored by the stronger contrast
between the red liquid and the tip background, as well as by the larger horizontal cross-section of
the long tips, which may help highlight key visual features more clearly. It is worth noting that these
patterns are consistently observed across the entire dataset, indicating a stable and interpretable
decision-making process.

Evaluation on an external test set

In order to evaluate the model’s applicability in real-world conditions, its performance was tested
on a dataset comprising images not included in either the training or validation stages. This test
set consists of 438 images, distributed as shown in Figure 5.71, and was acquired with the same
acquisition conditions of the short volume external test set. Figure 5.72 shows the confusion matrix
obtained on the test set. The CNN achieved an accuracy of 95.89% and a macro F1-score of 95.90%,
demonstrating that the model has excellent performance for the long volume check task. The few
misclassifications observed at this stage do not compromise the diagnostic outcome, but only slow
down the device workflow, as each error requires the pipetting operation to be repeated.
To assess alignment with the results obtained during the testing phase, we performed a feature map
analysis using the two attribution methods previously employed, IG and GradCAM. Figures 5.73,
5.74, 5.75, 5.76, 5.77, 5.78, 5.79, 5.80, 5.81, 5.82, and 5.83 illustrate the original image (left), the IG
map (center) and the Grad-CAM heatmap (right) for the following cases: 0 µL, 200 µL transparent
liquid, 200 µL red liquid, 400 µL transparent liquid, 400 µL red liquid, 600 µL transparent liquid,
600 µL red liquid, 800 µL transparent liquid, 800 µL red liquid, 1000 µL transparent liquid and,
1000 µL red liquid, respectively.
By analysing all the IG maps and Grad-CAM heatmaps, we observe consistency between the re-
sults obtained during the training and testing phases. In detail, the IG maps reinforce the results
previously obtained. Specifically, in the empty case, a generally sparse focus is observed, with
greater attribution around the reflections. For tips filled with liquid, a positive attribution remains
concentrated at the liquid level; as the liquid volume increases, particularly for the red liquid, the
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Figure 5.71: Distribution of the test set for the long volume across different liquid volumes and colors.

Figure 5.72: Confusion matrix of CNN model on the test set.

attribution becomes distributed across the entire liquid area, showing both positive and negative
contributions.
Grad-CAM heatmaps show that as the volume of red liquid increases, the model’s attention be-
comes increasingly concentrated on the liquid, as reflected by more intense green-yellow regions in
the heatmap. These differences in the model’s focus between transparent and red liquids may be
due to the higher contrast of red liquid compared to transparent liquid, making the red liquid more
visually distinguishable. Additionally, as with the previous analysis for training and validation im-
ages, the model also seems to focus on reflections present on the tip base and in background areas
where contrast is particularly high.
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Figure 5.73: Original image (left), IG map (center), and Grad-CAM heatmap (right) for the case with 0
µL.

Figure 5.74: Original image (left), IG map (center), and Grad-CAM heatmap (right) for the case with 200
µL transparent liquid.

Figure 5.75: Original image (left), IG map (center), and Grad-CAM heatmap (right) for the case with 200
µL red liquid.

Figure 5.76: Original image (left), IG map (center), and Grad-CAM heatmap (right) for the case with 400
µL transparent liquid.
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Figure 5.77: Original image (left), IG map (center), and Grad-CAM heatmap (right) for the case with 400
µL red liquid.

Figure 5.78: Original image (left), IG map (center), and Grad-CAM heatmap (right) for the case with 600
µL transparent liquid.

Figure 5.79: Original image (left), IG map (center), and Grad-CAM heatmap (right) for the case with 600
µL red liquid.

Figure 5.80: Original image (left), IG map (center), and Grad-CAM heatmap (right) for the case with 800
µL transparent liquid.
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Figure 5.81: Original image (left), IG map (center), and Grad-CAM heatmap (right) for the case with 800
µL red liquid.

Figure 5.82: Original image (left), IG map (center), and Grad-CAM heatmap (right) for the case with
1000 µL transparent liquid.

Figure 5.83: Original image (left), IG map (center), and Grad-CAM heatmap (right) for the case with
1000 µL red liquid.
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These results indicate a high degree of consistency across the entire test set, confirming that the
model maintains its ability to generalize well to unseen data.

Time performance

Finally, we evaluated the computational time of the CNN model during the pre-processing and
prediction steps. Table 5.15 shows the average pre-processing, classification and total times, along
the corresponding deviations. Times were calculated on the 438 images of the test set, and performed
on system hardware identical to the each one integrated in the IVD device.

Function Time
Pre-processing 5.824 · 10−3 ± 7.649 · 10−3 s
Prediction 9.082 · 10−2 ± 4.502 · 10−2 s
Total 9.664 · 10−2 ± 4.926 · 10−2 s

Table 5.15: Average extraction, prediction, and total times with standard deviations for the selected model.

Since the maximum allowed time for performing the check is 1 second, and the total time taken by
the model to complete the check is 9.664 · 10−2 seconds, it follows that we are within the required
time limits, even when accounting for the standard deviation.

5.7.2 ViT approach

Evaluation on training and validation set

The ViT model for the long volume check was trained and evaluated using the same dataset em-
ployed for the CNN model, meaning that the model was trained on 7624 images, and evaluated on
the remaining 472 images. Figures 5.84 and 5.85 present the loss and accuracy curves during the
training and the validation for each fold.

Figure 5.84: Loss curves during training (left) and validation (right) for each fold for long volume check.

Figures show two distinct trends between the training and validation phases. The training loss
curves show a rapid decrease in the first few epochs, reaching very low values, and stabilizes around
a small positive value. This behavior is typical of a well-functioning model. Despite some small
oscillations in the loss curve after the initial drop, the general trend is towards convergence, which
is a positive sign that the model is learning effectively. The training loss curves increase rapidly,
stabilizing around high values such as 98-99%.
On the other hand, during validation we observe a different trend. The validation losses exhibit

Giulia Tufo 96



5.7. Long volume check results

Figure 5.85: Accuracies during training (left) and validation (right) for each fold for long volume check.

significant fluctuations throughout the epochs, with occasional sharp spikes. The presence of these
peaks suggests that the model is struggling with certain data points, potentially due to overfitting or
higher variability in the data for specific folds. Likewise, the validation accuracy shows substantial
oscillations. The accuracies initially rise but experiences several dips, dropping to as low as 82.5%
for some folds before rising again and stabilizing around 94-96%. These fluctuations are typical in
cross-validation tasks and suggest that the model is sensitive to the particularities of each fold of
the data. However, they should be carefully monitored to ensure that the model maintains a good
generalization capability when applied to real-world data.
Table 5.16 presents the accuracies achieved during validation for each fold. The last column repre-
sents the average accuracy computed by averaging across all folds.

Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Mean Accuracy
100% 99.70% 99.70% 98.78% 100.0% 99.64% ± 0.67%

Table 5.16: Average accuracies for each fold and overall mean accuracy.

By selecting the best model, Figure 5.86 shows the confusion matrix obtained on the validation set.

The model achieved 100% of accuracy and macro F1-score, demonstrating that is perfeclty suited
for long volume check. Due to computational constraints, we opted not to present the ROC curves
for the multi-class classification task. Instead, we focused on alternative performance metrics,
specifically accuracy and confusion matrix, which provide a clear and efficient evaluation of model
performance in this context.

Explainability

To better understand the mechanism behind our vision transformer, we performed analysed its
attention map for training dateset. Figures 5.87, 5.88, 5.89, 5.90, 5.91, 5.92, 5.93, 5.94, 5.95, 5.96,
and 5.97 illustrate the original image (left) and the attention map (right) for the following cases:
0 µL, 200 µL transparent liquid, 200 µL red liquid, 400 µL transparent liquid, 400 µL red liquid,
600 µL transparent liquid, 600 µL red liquid, 800 µL transparent liquid, 800 µL red liquid, 1000 µL
transparent liquid and, 1000 µL red liquid, respectively.
By analysing the attention maps, we observe distinct behaviours depending on the volume and type
of liquid present in the tip. For volumes ranging from 0 to 400 µL, the model predominantly focuses
on regions in the background rather than directly on the tip or the liquid level. Interestingly, these
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Figure 5.86: Confusion matrix of the best ViT model on the validation set.

Figure 5.87: Original image (left) and attention map (right) for the case with 0 µL

background regions do not correspond to areas of high contrast or strong reflections, suggesting that
the model may be influenced by features that are not directly related to the main object of interest.
Starting from 600 µL and higher, the model’s attention shifts more clearly toward the liquid level
inside the tip. This behaviour is particularly evident for the red liquid, where the attention intensity,
indicated by the yellow regions, is stronger compared to the transparent liquid. This suggests that
the model finds the red liquid easier to detect, likely due to the higher visual contrast between the
red liquid and the background.
Overall, these findings indicate that the ViT model, while capable of identifying the liquid level
for higher volumes, may still be partially distracted by irrelevant background features, especially at
lower volumes.

Evaluation on an external test set

We performed the model’s capability to classify images that were not used in training and validation
steps. The test set used was the same used for the CNN approach and introduced in Section 5.7.1.
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Figure 5.88: Original image (left) and attention map (right) for the case with 200 µL transparent liquid.

Figure 5.89: Original image (left) and attention map (right) for the case with 200 µL red liquid.

Figure 5.90: Original image (left) and attention map (right) for the case with 400 µL transparent liquid.
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Figure 5.91: Original image (left) and attention map (right) for the case with 400 µL red liquid.

Figure 5.92: Original image (left) and attention map (right) for the case with 600 µL transparent liquid.

Figure 5.93: Original image (left) and attention map (right) for the case with 600 µL red liquid.
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Figure 5.94: Original image (left) and attention map (right) for the case with 800 µL transparent liquid.

Figure 5.95: Original image (left) and attention map (right) for the case with 800 µL red liquid.

Figure 5.96: Original image (left) and attention map (right) for the case with 1000 µL transparent liquid.
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Figure 5.97: Original image (left) and attention map (right) for the case with 1000 µL red liquid.

Figure 5.98 presents the confusion matrix obtained on the test set. Our model achieved an accuracy
and a macro F1-score of 98.86%, confirming its robustness under external test conditions. Moreover,

Figure 5.98: Confusion matrix of the ViT model on the test set.

we evaluated the alignment between the previous results and that one obtained on the test set in
terms of explainability. Figures 5.99, 5.100, 5.101, 5.102, 5.103, 5.104, 5.105, 5.106, 5.107, 5.108,
and 5.109 illustrate the original image (left) and the attention map (right) for the following cases:
0 µL, 200 µL transparent liquid, 200 µL red liquid, 400 µL transparent liquid, 400 µL red liquid,
600 µL transparent liquid, 600 µL red liquid, 800 µL transparent liquid, 800 µL red liquid, 1000 µL
transparent liquid and, 1000 µL red liquid, respectively.
Upon analysing the attention maps for the test set, we observe a similar trend to the one seen during
training. In all cases, the model primarily focuses on the base of the tip, particularly up to 400
µL, where the attention appears more diffuse, possibly due to lower contrast or other background
factors. As the liquid volume increases, from 600 µL onward, the model’s attention becomes more
focused on the liquid itself, especially for the red liquid. This trend supports the idea that the
model is able to concentrate on the relevant areas as the volume increases, providing more stable
predictions. This observation aligns well with the model’s behaviour in training, further confirming
its ability to focus on the relevant features as the liquid volume increases. The consistency across
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Figure 5.99: Original image (left) and attention map (right) for the case with 0 µL

Figure 5.100: Original image (left) and attention map (right) for the case with 200 µL transparent liquid.

Figure 5.101: Original image (left) and attention map (right) for the case with 200 µL red liquid.
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Figure 5.102: Original image (left) and attention map (right) for the case with 400 µL transparent liquid.

Figure 5.103: Original image (left) and attention map (right) for the case with 400 µL red liquid.

Figure 5.104: Original image (left) and attention map (right) for the case with 600 µL transparent liquid.
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Figure 5.105: Original image (left) and attention map (right) for the case with 600 µL red liquid.

Figure 5.106: Original image (left) and attention map (right) for the case with 800 µL transparent liquid.

Figure 5.107: Original image (left) and attention map (right) for the case with 800 µL red liquid.
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Figure 5.108: Original image (left) and attention map (right) for the case with 1000 µL transparent liquid.

Figure 5.109: Original image (left) and attention map (right) for the case with 1000 µL red liquid.

both training and test sets suggests that the model is generalizing well to new data.

Time performance

Finally, we evaluated the time required by our vision transformer to perform both the pre-processing
and classification steps, in order to verify their compatibility with the time constraints imposed by
the application context. Table 5.17 reports the average pre-processing, classification, and total
execution times, together with their corresponding standard deviations. These measurements were
obtained on the 438 images of the test set and executed on hardware systems identical to those
integrated within the medical devices available in MACS laboratories.

Function Time
Pre-processing 1.188 · 10−2 ± 8.744 · 10−3 s
Prediction 3.706 · 10−1 ± 6.556 · 10−2 s
Total 3.825 · 10−1 ± 6.541 · 10−2 s

Table 5.17: Average extraction, prediction, and total times with standard deviations for the selected model.

Since the total time required by the model to process and classify a single image is approximately
3.825 · 10−1 seconds, and the maximum allowed execution time for this check is 1 second, we can
conclude that the model complies fully with the timing requirements for deployment within the
target system.
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Models comparison

In order to identify the most suitable model for integration into the machine vision system for
the long volume check, we compared the performance of the two models, CNN and ViT. The
comparison was carried out based on several criteria: accuracy achieved during both validation and
testing phases, explainability of predictions, and execution time.
When analysing the accuracy, we observe that both models achieved a maximum accuracy of 100%
during the validation phase. However, in the testing phase, the ViT model outperformed the CNN,
achieving an accuracy of 98.86% compared to the CNN’s 95.89%. Importantly, the macro F1-score
values confirmed these results, showing a consistent alignment with the accuracies reported in both
validation and testing.
Despite these differences in testing performance, further analysis of the feature maps and attention
maps reveals significant disparities in the models’ behaviour. The CNN consistently attributes
relevance to the portions of the image corresponding to the liquid, whether transparent or red,
across all cases examined. On the other hand, the ViT model appears to focus on regions considered
less relevant for volumes up to 400 µL, only starting to concentrate on the liquid level from 600 µL
onward, regardless of its color. This difference in focus indicates that the CNN is more consistent
in identifying the relevant features across all volumes.
Lastly, when considering the processing and prediction times, the CNN demonstrates a significant
advantage, requiring less time than the ViT model (9.964 × 10−2 seconds versus 3.825 × 10−1

seconds).
Despite the superior accuracy of the ViT model in testing, we opted for the CNN due to its stronger
alignment between predictions and feature maps, which contributes to a higher level of explainability.
This consistency between the model’s attention and the expected behavior is a crucial factor for the
robustness of the machine vision system in real-world applications.
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Conclusions

This thesis investigated the application of Artificial Intelligence for the automated monitoring of
the functioning of an In Vitro Diagnostic device. The project originated from the need to limit
operational errors that may compromise patient safety and damage the instrument. The monitor-
ing system developed focuses on the key functional element of the device: the pipette tip, which is
responsible for fluid handling.
The current version of the device is equipped with internal sensors intended to detect operational
anomalies; however, two major limitations were identified: incomplete coverage of all functional
steps and the lack of direct measurement capabilities. To address these critical issues, a novel
monitoring system based on machine vision and AI algorithms was designed and fully developed by
MACS s.r.l., the company holding the patent for the device.
The monitoring system specifically targets two core functions of the device: tip gripping and liquid
handling. Three sequential checks were implemented: verification of correct tip gripping (presence
check), identification of the correct tip size (type check), and estimation of the liquid volume inside
the tip (volume check). Following a preliminary feasibility assessment, data collection was carried
out to support the development of the AI algorithms, leveraging libraries such as OpenCV, Tensor-
Flow/Keras, and Pytorch. In addition, several pre-processing and data augmentation techniques
were applied to enhance model robustness and performance. The implemented models span from
traditional image processing and machine learning to deep learning, including Support Vector Ma-
chines, Convolutional Neural Networks, and Vision Transformers. For the presence check, multiple
SVM models with different kernel functions were trained for binary classification. Custom-designed
feature sets were extracted and specifically tailored for this task. All trained models demonstrated
excellent performance, achieving perfect accuracy, precision, recall, and F1-score. The selected
model, an SVM with RBF kernel, was chosen not only for its perfect validation and external testing
performance, but also because it required fewer support vectors compared to alternatives, indicative
of a compact decision function. The model was integrated into the machine vision system in C++
for real-time inference, confirming both robustness and computational efficiency.
For the type check task, several SVM models with different kernel functions were implemented
using Fourier descriptors as input features. In parallel, a CNN was developed to perform image
classification. The results highlighted a clear difference: while the support vector machines relying
on handcrafted descriptors, performed close to chance both in validation and testing phases, the
CNN demonstrated significantly superior performance, achieving perfect classification of 200 µL and
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1000 µL tips in both the validation and testing phases. Explainability analyses using Integrated
Gradients and Grad-CAM confirmed that the CNN accurately localized the relevant features cor-
responding to the tip. Moreover, in some cases, Grad-CAM showed that the model also attended
to background reflections, which could serve as misleading cues.
For the volume check task, separate multi-class classification models were developed for 200 µL and
1000 µL tips. For both cases, CNNs and ViTs were trained and compared. The CNNs consistently
demonstrated superior performance in validation and provided interpretable Grad-CAM heatmaps,
which accurately highlighted the liquid regions (red liquid) or the liquid level (transparent liquid).
By contrast, the ViTs achieved higher accuracy on external test sets, but their attention maps
often focused on irrelevant background regions, particularly for lower volumes, and only at higher
volumes did they consistently attend to the liquid. IGs for CNNs provided fine-grained but weak
attributions, while Grad-CAM heatmaps proved more informative, reinforcing the importance of
complementing different explainability techniques. Taken together, these analyses confirmed that
CNNs aligned more closely with expected features, while ViTs, although accurate, raised concerns
about the consistency and reliability of their internal reasoning.
Finally, a computational performance evaluation was carried out for each selected model. All cho-
sen models met the predefined timing constraints for pre-processing and inference, demonstrating
suitability for integration into the real-time workflow of the device. Importantly, all deep learning
models were trained offline in Python and then deployed in the C++-based machine vision system
for inference only, ensuring computational efficiency during operation without interfering with the
device’s workflow.
This thesis demonstrated that integrating artificial intelligence into vision-based monitoring systems
can significantly enhance the safety, reliability, and automation of laboratory diagnostic devices. The
experimental results confirmed the robustness and efficiency of the implemented methods in address-
ing the specific monitoring tasks. These outcomes show the practical feasibility of integrating such
solutions into real-world diagnostic environments. Explainability analyses further revealed that the
models occasionally rely on spurious cues, such as reflections or background elements, particularly
in the case of transparent liquids. These behaviors highlight the need for additional refinement,
possibly through pre-processing strategies (e.g., reflection suppression, masking) or targeted data
augmentation. Nevertheless, although accuracy exceeded 95% in most cases, misclassifications still
translate into repeated operations within the workflow, potentially slowing down execution and
increasing consumable use.
Despite these promising results, several limitations were identified. The proposed models were de-
veloped and validated on a specific IVD device and dataset, which may restrict their generalizability
to other platforms. The monitoring system currently covers only selected functional phases, leaving
other critical steps unaddressed. Future work will aim to address these limitations by extending
the monitoring system to additional checks, such as the detection of air bubbles or foam during
liquid handling, by improving pre-processing and acquisition protocols to minimize background re-
flections and irrelevant cues, by enhancing model robustness on transparent liquids where attention
occasionally shifts away from the liquid level, and by scaling and validating the proposed solutions
on different diagnostic devices to assess generalizability and industrial applicability.
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