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Abstract

Recent progress in text-to-image and image-to-image generation models have
resulted in the development of sophisticated systems capable of generating
highly realistic and detailed images. These models have become more ac-
cessible, enabling researchers to explore innovative techniques for enhanced
manipulation and control. This thesis delves into the potential of Latent Diffu-
sion Models (LDMs), specifically employing some exemplar-driven generation
pipeline to address data scarcity issues in semantic segmentation tasks, within
the waste sorting domain. The focus is on presenting results obtained from
training the semantic model on synthetically generated images. My findings
indicate that exemplar-driven augmentation stands out as a competitive tech-
nique, particularly beneficial in scenarios with limited data, where scarcity is
a challenge. However, it is important to note that a significant gap still exists
between synthetic and real images. These results emphasize the potential of
zero-shot learning approaches, providing avenues to alleviate or eliminate the
costs associated with creating extensive datasets while enhancing the capabili-
ties of computer vision models. The code used in this thesis can be accessed at
https://github.com/lucasambin/Diffullaste


https://github.com/lucasambin/DiffuWaste




Sommario

I recenti progressi nei modelli di generazione text-to-image e image-to-image
hanno portato allo sviluppo di sistemi sofisticati in grado di generare immagini
altamente realistiche e dettagliate. Questi modelli sono diventati pit1 accessibili,
consentendo ai ricercatori di esplorare tecniche innovative per una migliore ma-
nipolazione e controllo. Questa tesi approfondisce il potenziale dei Latent Diffu-
sion Models (LDMs), impiegando in particolare alcune pipeline di generazione
guidata da esemplari per affrontare i problemi di scarsita dei dati nelle attivita
di segmentazione semantica, all'interno del dominio della raccolta differenzi-
ata. L'obiettivo & presentare i risultati ottenuti dall’addestramento del modello
semantico su immagini generate sinteticamente. I miei risultati indicano che
lincremento basato sugli esemplari si distingue come una tecnica competitiva,
particolarmente vantaggiosa in scenari con dati limitati, dove la scarsita € una
sfida. Tuttavia, € importante notare che esiste ancora un divario significativo tra
le immagini sintetiche e quelle reali. Questi risultati sottolineano il potenziale
degli approcci di apprendimento zero-shot, fornendo strade per alleviare o elim-
inare i costi associati alla creazione di set di dati estesi, migliorando al contempo
le capacita dei modelli di visione artificiale. E possibile accedere al codice utiliz-

zato in questa tesi all’indirizzo https://github. com/lucasambin/Diffullaste


https://github.com/lucasambin/DiffuWaste
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Introduction

The latest advancements in image generation models have reached a level of
maturity, demonstrating the ability to produce high fidelity and photorealistic
images [16, 27].

These images now possess a quality that deems them suitable for practical ap-
plications, often rendering them indistinguishable from authentic photographs
to the majority of observers [28].

Figure 1.1: On the left, a real images and on the right an image created by
Artificial Intelligence (AI) [28].

In addition, text-to-image models have become more widely accessible, thanks

to contributions from private companies, educational institutions and the open-



source community. Massive models like Stable Diffusion (SD) are now readily
available for anyone interested in experimenting with them. This growing acces-
sibility to such resources, empowers researchers globally to develop innovative
techniques that enable improved manipulation and control of generative mod-

els.

Another important aspects covered in this thesis is semantic segmentation,
which involves identifying objects within an image and generating a pixel-wise
mask for each image. The accuracy of this task has significantly improved with
the advent of machine learning-driven computer vision algorithms [18, 25, 40].
Furthermore, segmentation models are very useful for a large variety of tasks,
such as autonomous driving and medical image diagnostics [32].

Nevertheless, these algorithms require large training datasets, which are often
expensive to generate, due to the time and labor-intensive nature of providing
pixel-wise annotations for all objects in an image. With the rise of generative
image models, such as Latent Diffusion Models (LDMs) [48], a new approach
for generating synthetic training data has been introduced. For instance, in the
study detailed in this paper [6], the authors demonstrated the utility of generated

images in enhancing image classification.

Since the focus of this thesis is on the waste sorting domain, the challenge
becomes even more complex, as it is fraught with various difficulties. As the
global population expands and urbanization progresses, waste production is an-
ticipated to escalate to 2,6 billion tonnes annually by 2030, marking an increase
from the current level of approximately 2,1 billion tonnes [36]. The detection
of recyclable waste presents a unique computer vision challenge, demanding
the detection of highly deformable and often translucent objects within clut-
tered scenes, all without the typical contextual information found in datasets
focused on human-centric scenarios. As shown in Figure 1.2, a real-life scene is
notably different and far more intricate compared to a single patch. Moreover,
considering this challenging computer vision task, the availability of labeled
patches and scenes for model input is limited. Finally, the challenge is also
exacerbated by the need for extensive data and the demand for well-annotated
datasets raises significant concerns. Therefore, this thesis attempts to produce
synthetic patches using Diffusion Models (DMs), with the aim of reducing the

intrinsic knowledge gap in the waste sorting domain.



CHAPTER 1. INTRODUCTION
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Figure 1.2: An example of an actual waste environment.

The creation and maintenance of such vast datasets come with substantial
expenses, often exceeding the resources available to most researchers [65]. As a
result, the scientific community has predominantly focused on optimizing deep
learning architectures rather than developing approaches to alleviate the costs
associated with acquiring and sustaining large-scale datasets [20].

In summary, the primary objective of this thesis is to leverage state-of-the-art
generative models to train a system capable of enhancing detection and se-
mantic segmentation within the domain of waste sorting. Initially, employing
exemplar-driven generation techniques, I established a pipeline for generating
new synthetic patches and scenes employing Diffusion Models (DMs), compris-
ing images and masks, from a dataset containing limited real waste patches,
such as metal and plastic. Subsequently, using these synthetic generated scenes,
I trained a semantic model capable of effectively performing semantic segmen-

tation tasks within the waste sorting context.

Consequently, a pertinent question arises: To what extent can images gener-
ated by image-to-image systems enhance the performance of computer vision models?
Specifically, I approached this issue from the perspective of data augmentation,
focusing on its application to train a semantic segmentation model, with the
goal of improving results beyond those achieved using only real images and the
corresponding masks.

Furthermore, I investigated the impact of using solely generated images as in-
put for training the semantic segmentation model. Additionally, I also explored
whether synthetic images could address class imbalance in one of the datasets.
Lastly, I examined the effects of using only a small fraction (10%) of the en-
tire datasets. Through extensive experimentation, my findings indicate that



exemplar-driven augmentation proves to be a competitive technique under spe-
cific circumstances. In particular, exemplar-driven augmentation produces sig-
nificant benefits in datasets characterized by a limited number of training images

per class.



State of the Art

Text-to-image represents a burgeoning field within deep learning, where
models demonstrate the ability to generate authentic and richly detailed images,
based on textual prompts. Creating these models is a complex undertaking that
necessitates the seamless integration of both computer vision and Natural Lan-
guage Processing (NLP) techniques. The latest progress in text-to-image models
has resulted in their capacity to produce high-quality images with nuanced se-
mantic content. These advancements open up a plethora of applications, includ-
ing virtual reality, video games, e-commerce and education. Despite the recent
strides enabling commercial applications, generative models remain formidable
challenges. This section seeks to delve into the current state-of-the-art in Diffu-
sion Models (DMs) and explore the most promising approaches to address the

previously discussed problem.

IMAGE (GENERATION

Image generation is the task of creating novel images based on a training
set. The goal is to ensure that the synthesized images closely adhere to the
input distribution. Various architectural approaches are suitable for generating
visual content, with notable ones including Variational AutoEncoders (VAEs)
[38], Generative Adversarial Networks (GANSs) [21], flow-based models [47] and
more recently, Diffusion Models (DMs) [27, 53].



2.1. IMAGE GENERATION

While each method has demonstrated considerable success in generating high-

quality samples, they also come with their respective limitations. GANs models,
for instance, are prone to potentially unstable training and exhibit less diversity
in generation, attributed to their adversarial training nature. On the other hand,
VAEs relies on a surrogate loss and flow models necessitate specialized archi-
tectures to implement reversible transformations.
In contrast, DMs draw inspiration from non-equilibrium thermodynamics, es-
tablishing a Markov chain of diffusion steps, as can be seen in Figure 2.2. This
process involves gradually introducing random noise to the data and subse-
quently learning to reverse the diffusion steps, constructing desired data sam-
ples from the noise. Unlike VAEs or flow models, DMs follow a fixed learning
procedure and their latent variables have high dimensionality, matching that of
the original data.

Generator

G(z)

Discriminator

D(x)

GAN: Adversarial / X
training

Encoder

VAE: maximize v, < M— — X
variational lower bound q,,;(z|x) pg(x|z)
Flow-based models: x|, Flow .z " Inffrse _—
Invertible transform of f(x) [ (2)
distributions

Diffusion models: Xgl— | X3 » Xo - . —| Z

Gradually add Gaussian B s BE et p et et
noise and then reverse

Figure 2.1: A brief overview of the different types of generative models [59].
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DEeNoISING DirrusioN PrRoBABILISTIC MODELS

The concept of DMs was initially presented in [27, 53] for the purpose of gen-
erating realistic textures and images. Denoising Diffusion Probabilistic models
consists of two components: a forward diffusion process and a reverse diffusion

process.

ForwaRrD Dirrusion PrRoCESs

Starting with a sample, denoted as xo, drawn from a distribution q (xo ~ q(x)),
one can systematically introduce Gaussian noise with increasing variance f;
defining a forward diffusion process. Iterating this process T times results in
X1, ..., X7 noisy samples. Letting T — oco will let the distribution of xr approach
the isotropic Gaussian distribution. In practice T is chosen large enough that xr
is close to being isotropically distributed and close to Gaussian. The authors of

[27] have chosen to define this progression via

q(x¢|xt—1) = N(x¢; /1 = Bixi—1, BtI)

where {B; € (0, 1)}th1 is a deterministic set of variance parameters.
Therefore, it follows that the probability distribution of x; can be computed

directly from the input xp as

q(x¢1x0) = N(x; Vauxo, (1 = &)l)

where ay =1 - f; and a; = ]_[f=1 Q.

RevEeRrst DirrusioN PROCESs

In the reverse process, isotropic Gaussian noise xy ~ N(0, I) gets changed by
progressively removing the added noise from a noisy sample. As the reverse
probability distribution g(x;-1|x;) is not readily available it can be estimated by

its approximation as

po(xi-1]xt) = N(x¢-1; y(xt, t), Lo(xt, t))

where 1, and Xy are approximated by neural networks. Subsequently, these
are trained to lead to the generation of random samples that adhere to the original



2.2. DENOISING DIFFUSION PROBABILISTIC MODELS

Use variational lower bound
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Figure 2.2: The Markov chain of forward (reverse) diffusion process of generating
a sample by slowly adding (removing) noise [27, 59].

data distribution g(xp). Various studies have proposed minor adjustments to the
reverse process, significantly diminishing the required number of time steps T,
to achieve good quality final samples [34, 42, 54].

p=0 t=1 b=
2 2 2
e :3-‘_ 3
The forward trajectory 1; i f‘-. g
Q(xD:T) 0 of == e 0 £
. s "
F goe r
4 s ,;«" !
23 0 2 5 0 2 =2 ] 2
2 2 2
. 4 dhye
The reverse trajectory g b b
o S
po(Xo.7) 0 0 0 L pi
My e ; %
T2 0 2 23 0 2 23 0 2
The drifting term
Ho(X¢,t) — x4

Figure 2.3: An example of training a diffusion model for modeling a 2D swiss
roll data [53].
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IMPROVEMENTS TO DirrusioN MODELs

When training the parameters of the model pg one can make use of a varia-
tional lower bound on the negative log likelihood, as shown in [27, 53]. Training
of u, will then proceed by estimating a noise factor €¢ that gets added to the
current image, while Xg(x;, t) = atzl can be assumed fixed. Fixed in the sense
that o; can be substituted with g; or g, = 11__5%;1 The authors of [27] reported
that predicting e worked best and trained their network with a simplified loss

term

impl
Lilmp €= Et~[1,T],xo,et [”et - eg(xt/ t)||2]

Other studies enhance these findings, as demonstrated in [42], where the
authors highlight the benefits of incorporating the learning of variance Xg(x;, t).
The previous investigation [42], also introduced several enhancement techniques
aimed at assisting DMs in achieving lower negative log likelihood. One of these
improvements involves the implementation of a cosine-based variance schedule.
In fact, the choice of the scheduling function can be arbitrary, as long as it yields
a nearly linear decrease in the middle of the training process and exhibits subtle
changes around t =0and t =T.

1.07 o —— linear
- cosine
0.8 4
0.6 4
157
0.4 4
0.2 1
0.0 1
0.0 0.2 0.4 0.6 0.8 1.0

diffusion step (t/T)

Figure 2.4: Comparison of linear and cosine-based scheduling of f; during
training [42].



2.3. LATENT DIFFUSION MODELS

Figure 2.5: Comparison of linear (top) and cosine-based (bottom) scheduling on
a image [42].

LATENT DIirrusioN MODELS

Although Denoising Diffusion Probabilistic Models have facilitated the gen-
eration of high-quality images, delivering state-of-the-art results, they are strug-
gling with an inherent limitation that subsequent iterations of improvements
have failed to address. The main challenge lies in their operation within pixel
space, which involves adding and eliminating noise in a tensor of the same size
as the input tensor. Indeed, this dependence on pixel space requires enormous
computational resources for training these models.

Consequently, researchers from Ludwig Maximilian University of Munich and
Runway ML proposed a solution in their publication High-Resolution Image Syn-
thesis with Latent Diffusion Models [48]. The main idea involved a strategic shift
from pixel space to latent space, leveraging previously trained autoencoders.
This transition allowed for the acceleration of both training and inference cal-
culations, as the latent space represents images in a lower-dimensional space.
Furthermore, this approach also allowed to find a balance between preserving

the quality of detail and reducing computational complexity.

Hence, the functioning of Latent Diffusion Models (LDMs) can be succinctly
summarised in the diagram provided in Figure 2.6. In the initial training phase,
the goal is to acquire a representation of the given image in the latent space
Z through the encoder &. Subsequently, Gaussian noise is introduced into the
diffusion process until Z; is attained.

For the inverse process, a U-Net network [49] is employed. Nevertheless, the real
strength of this approach lies in its capacity to condition the generation. This is
accomplished by utilizing a dedicated encoder 79, which maps the conditioning
factors onto the intermediate layers of the U-Net through cross-attention layers.
Ultimately, the outcome in the latent space is transformed back to pixel space

10
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via the decoder D.
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Figure 2.6: The architecture of Latent Diffusion Models (LDMs) [48].

STABLE DIFFUSION

As already said previously, the realm of text-to-image models experienced
a significant surge in popularity and capabilities throughout 2022. A pivotal
catalyst in shaping this transformation in public perception has been Stable
Diffusion (SD), an open-source model with publicly released weights and archi-
tecture. This development has prompted extensive efforts from researchers
and enthusiasts to optimize and expand the project’s functionalities. The
forefront of these endeavors is spearheaded by Stability Al, a generative Al
startup. Thanks to the open-source philosophy, this model is compatible with
consumer-available hardware, empowering the community to harness its ca-
pabilities across a diverse array of applications. SD, adhering to the LDMs
architecture established in the paper [48], as detailed in section 2.3, serves as the
foundation for this advancement. The proposed technique is versatile and ex-
tends its applicability to tasks such as inpainting, outpainting, image-to-image
generation and image upscaling, which are all tasks that can be performed from
SD.

11



2.4. STABLE DIFFUSION

Input Token Processed image Generated
text embeddings information tensor image

|| i

paradise Text Image

cosmic Encoder Information
pbeach (CLIPText) Creator

(UNet + Scheduler)

3x512x512

Stable Diffusion

Figure 2.7: The Stable Diffusion main components [3].

Figure 2.7 presents a high-level diagram illustrating the principal components
of the model:

o Text Encoder: It generates an encoded representation based on the textual
description of the data, aiming to guide the diffusion process and guaran-
tee alignment between the resulting image and the provided description.
The initial iteration of SD employs CLIP [44], while its second version
incorporates OpenCLIP [10]. In both cases, the text encoder collaborates
with an image encoder. CLIP and OpenCLIP are designed to optimize
the similarity between these two encoding, facilitating the model’s ability
to establish associations between images and their corresponding descrip-

tions;

e Image Information Creator: It seeks to employ the diffusion process for
noise reduction in the image through the manipulation of latent space
information. As the process progresses, additional information is intro-
duced to improve the similarity between the image and the description
provided. Notably, this operation occurs in the latent space, leading to en-
hanced efficiency and serving as a pivotal advancement. Figure 2.8 offers

a visual depiction of the denoising process guided by the text encoder;

e Image Decoder: The final image is generated by extracting and utilizing
the compressed information stored in the latent space. This step is executed

just once to form the final image.

12
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Steps: 1 Steps: 2 Steps: 3 Steps: 5 Steps: 8

Steps 10 Sleps 15 steps: 20 aleps: 30 Sleps: 40

Figure 2.8: The denoising process used by SD [60].

DATA AUGMENTATION

Data augmentation serves as a method in the realm of machine learning to
enhance model performance. The fundamental idea is to broaden the variety of
training data, enabling the model to handle real-world data more accurately. Es-
sentially, the goal is to enhance the generalizability of machine learning models.
Despite its considerable potential, research has predominantly concentrated on
refining model architectures rather than enhancing existing data augmentation
techniques [13].

In practice, most data augmentation techniques, employed for real-world issues,
are custom-designed. This is due to the fact that not all available transforma-
tions are applicable in every scenario. For instance, the horizontal flipping
transformation is irrelevant in the MNIST digit recognition task. As a result, the
development of augmentations necessitates expertise from machine learning
professionals, to counteract the rising costs of creating computer vision mod-
els. This challenge was significant enough that in 2018, OpenAl identified the

automatic search for augmentations as an unresolved problem [30].

13



2.5. DATA AUGMENTATION

Addressing this challenge, Google Brain researchers introduced AutoAugment
in 2019 [13]. This data augmentation method autonomously explores optimal
combinations of transformations to create a policy that yields favorable outcomes

without requiring meticulous, ad-hoc design.

Original Sub-policy 1 Sub-policy 2 Sub-policy 3 Sub-policy 4 Sub-policy 5

Batch 1

Batch 2

Batch 3

Equalize, 0.4,4  Solarize, 0.6,3  Posterize, 0.8, 5 Rotate, 0.2, 3 Equalize, 0.6, 8
Rotate, 0.8, 8 Equalize, 0.6, 7  Equalize, 1.0,2  Solarize, 0.6, 8  Posterize, 0.4, 6

Figure 2.9: An example of images augmented by AutoAugment [13].

Despite the promising outcomes achieved by automated augmentation poli-
cies [13], their computational cost makes their massive use in training deep
learning models impractical. The higher computational costs arise from an ad-
ditional search phase, making the dual learning process, which essentially con-
sists in training the network while simultaneously conducting a search in the
augmentations space, unfeasible for many tasks. In the original AutoAugment
publication, an attempt was made to mitigate this by performing the search task
on a smaller dataset before transferring the results to the larger original dataset.

However, Google Brain researchers, in the publication RandAugment [14],
presents findings that contradicts this approach. Consequently, they propose
a novel automated augmentation technique that circumvents these issues by
eliminating the search task. Their solution involves significantly reducing the
search space, enabling the identification of the optimal combination through
grid search on the two proposed hyperparameters.

On the other hand, the scientific community has delved into methods for gen-
erating new training data, not exclusively relying on the transformation of ex-
isting data. Some efforts have focused on the automatic creation of entirely new
data. A particularly intriguing approach in recent years has been the adoption

14
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Magnitude: 9

Original ShearX AutoContrast

Magnitude: 17

Original ShearX AutoContrast

Magnitude: 28

Original ShearX AutoContrast

Figure 2.10: An example of images augmented by Rand Augment [14].

of copy & paste augmentation for segmentation tasks. This technique involves
extracting objects from certain images and inserting them into the backgrounds
of other images, effectively generating new training images at no additional cost.
Furthermore, this approach offers numerous possibilities for combinations, al-
lowing for exploration of diverse implementation methods. One notable success
in this domain is outlined in the publication Simple Copy-Paste is a Strong Data
Augmentation Method for Instance Segmentation [20]. The researchers demon-
strated that a straightforward strategy, involving the selection of random objects
and pasting them into random locations, produced results that enhance the
baselines of various problems. The outcomes of applying this technique to two

images can be seen in Figure 2.11.

15



2.5. DATA AUGMENTATION

copy-paste

Figure 2.11: An example of Simple Copy-Paste augmentation [20]. Random
scale jittering is applied on two random training images and then a subset of
instances from one image is randomly selected to paste onto the other image.

The subsequent logical advancement in the realm of generating new training
data involves the incorporation of text-to-image models. The surge in capa-
bilities of such models in recent years has given rise to a trend in generative
data augmentation [16, 48]. This trend advocates for the utilization of highly
advanced image generation models to generate entirely new images within the
training dataset. Consequently, this approach entailed artificially enhancing the
diversity of the data. Recent works, notably in April 2023, such as Synthetic Data
from Diffusion Models Improves ImageNet Classification [6], are notable for their
compelling results. These studies demonstrated that augmenting training data
with images generated by text-to-image models yields models that significantly
surpass previous benchmarks. Moreover, additional research has indicated the
feasibility of training classification models using solely synthetic images, achiev-
ing competitive results [52].

While the primary objective slightly differs from the outcomes of the afore-
mentioned publications, the current investigation seeks to evaluate the effective-
ness of exemplar-driven generation techniques in improving the performance of
semantic segmentation models within the domain of waste sorting. Specifically,
in this study, the primary application of DMs lies in attempting to generate
diverse and varied waste patches. Subsequently, these patches will be used for

image composition and the training of the semantic segmentation model.

16



Methods

A particularly intriguing aspect of this thesis, is to alter or entirely generate

the object in question, so as to preserve the visual characteristics corresponding
to its object class, thus achieving significant diversity.
Considering the impressive results produced by generative models, one might
contemplate creating images depicting objects belonging to a specific class. The
authors of [6] demonstrate that these generated images can contribute to image
classification. However, focusing solely on classification may prove insufficient
when addressing the challenge of semantic segmentation. In fact, in order to
generate precise training data, it becomes essential to outline the exact position
of the object.

This chapter introduces some techniques, such as image harmonization and
inpainting, that show how to enhance a semantic segmentation dataset with
Diffusion Models (DMs). The approach uses a pre-trained diffusion model,
Stable Diffusion (SD), specifically using the following checkpoint: SD 1.4.

DATASET

The datasets used include ZeroWaste [7] and a private one called IT+Robotics-
V (ITR-V). Both datasets contain realistic and complex scenes featuring a con-
veyor belt with a lots of waste on top. The ZeroWaste dataset includes four types
of waste materials: soft plastic, rigid plastic, cardboard and metal. On the other

17



3.1. DATASET

hand, the IT+Robotics-V dataset was collected in a real waste sorting plant and
focuses on a single type of contaminant, namely plastic.

ZEROWASTE

The purpose for which this dataset was collected is the following: to reduce
environmental pollution. In fact, less than 35% of recyclable waste is actually
recycled in the United States [2], leading to increased land and sea pollution,
representing a major concern for environmental researchers and the general
public.

The crux of the problem lies in the inefficiencies of the waste sorting process,
which involves the separation of paper, plastic, metal, glass and other materials.
This challenge is compounded by the messy and intricate nature of the waste
stream. Recyclable waste detection presents a particular challenge for computer
vision, requiring the identification of highly deformable and often translucent
objects in cluttered scenes, lacking the typical contextual information found in

human-centric datasets.

Figure 3.1: On the left, there is an example of two images extracted from the
ZeroWaste dataset. The corresponding ground truth instance segmentation is
displayed on the right [7].

18



CHAPTER 3. METHODS

As can be seen from Figure 3.1, the ZeroWaste dataset includes removable
objects of four material types: soft plastic, rigid plastic, cardboard and metal.
These objects form the foreground, while the background consists exclusively
of the conveyor belt. At the end of this conveyor belt only paper or cardboard
objects should remain. Therefore, the background includes the conveyor belt
and paper/cardboard objects. Table 3.1 provides a concise overview of all

images and objects within the dataset.

Split | #Images | Cardboard | Soft Plastic | Rigid Plastic | Metal | #Objects
Train 3002 12940 4862 1160 263 19225
Validation 572 2167 855 305 60 3387
Test 929 3428 1236 315 63 5042

Table 3.1: Statistics detailing the overall count of objects in the training, valida-
tion and test splits of the ZeroWaste dataset [7].

IT+RoBoTtics-V

As can be seen from Figure 3.2, the IT+Robotics-V dataset contains removable
objects of only two types: contaminants and non-contaminants.

All the contaminants objects constitute the foreground, while in the back-
ground there are only the conveyor belt and the non-contaminants objects. Only
non-contaminants objects must remain at the end of the conveyor belt. Table 3.2
provides a brief summary of all images and objects within the dataset.

Split | #Images | Contaminant | Not Contaminant
Train 907 447 460
Validation 232 103 129
Test 362 138 224

Table 3.2: Statistics detailing the overall count of objects in the training, valida-
tion and test splits of the IT+Robotics-V dataset.

IMAGE COMPOSITION

The practice of extracting the foreground from one image and integrating it

into another, with the aim of creating a realistic composite, is a widely employed

19



3.2. IMAGE COMPOSITION

Figure 3.2: On the left, there is an example of two images extracted from the
IT+Robotics-V dataset. The corresponding ground truth instance segmentation
is displayed on the right.

operation in photo editing. Several methods [11, 12, 15, 31, 55, 58] have been
proposed, with a particular emphasis on image harmonization to improve the
realism of the composite. More traditional approaches [11, 31, 56] often rely on
handcrafted features to match color distributions, while more recent work [8,
22] use deep semantic features to enhance robustness. A recent breakthrough,
DCCEF [63], introduced four human comprehensible neural filters in a pyramid
structure, achieving state-of-the-art color harmonization results.

However, these methods presume semantic harmony between the foreground
and background, adjusting the composite mainly in the low-level color space
while preserving the structure. In contrast, this thesis addresses the semantic
image composition, also taking into account the challenging aspect of semantic
disharmony. As mentioned previously, in fact, waste detection represents a
unique challenge for computer vision, since the same object can be in very
different conditions, starting from the shape (deformable) up to the appearance
which can be more or less worn. Furthermore, it is also important to consider the

type of material an object is made of, given that when dealing with translucent
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objects, the illumination given by the lights and the arrangement on the conveyor
belt play a fundamental role.

IMAGE vs TEXTUAL PROMPT

Within the realm of semantic image editing, there is an increasing emphasis
on text-guided image manipulation. Early works [1, 4, 61] employed pre-trained
GAN s generators [33] and text encoders [44] to progressively refine images
according to textual prompts. Nevertheless, these methods based on GANS,
have encountered difficulties when handling complex scenes or diverse objects,
due to the limited modeling capabilities of GANSs.

The swift rise and advancement of DMs [45, 46, 51] is demonstrated by their
ability to synthesize diverse and high-quality images. Several studies [5, 26,
35, 37, 39, 43, 50] leverage DMs for text-guided image editing. In particular,
DiffusionCLIP [37], Imagic [35] and DreamBooth [50] fine-tune DMs for specific
text prompts. Another example is Blended Diffusion [5], which introduced a
multi-step blended process to execute local manipulation using masks provided
by the user.

Although these methods yield noteworthy outcomes, I think that the language
guidance still lacks precise control, while images offer a more effective way to
express concrete ideas and highlight even the smallest details. As the proverb
goes, “a picture is worth a thousand words”. In fact, as can be seen from Figure
3.3, the results obtained using images as references significantly exceed those
obtained through textual prompts. Therefore, this thesis focuses on exemplar-
based image editing.

A pure white A pure white A pure white smiling
poochon smiling poochon poochon with droopy ears

Source image Reference A poochon Ours

Figure 3.3: A comparison between progressively precise textual description and
image as guidance. Using image as reference helps preserve finer details [64].
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Cory & PAsTE

The first approach to address the main problem of this thesis, which is the
generation of new scenes starting from a limited number of patches, is one of the
simplest but still effective. Obviously, with this first attempt, the main objectiveis
not to reduce the intrinsic semantic disharmony in the domain of waste sorting,
but to have an almost zero-cost approach, which does not require the use of

generative models. The salient parts of the procedure are shown below:

o Firstly, I extracted all individual patches from both datasets, ensuring a
clear separation throughout the entire process to prevent any contamina-

tion;

e Secondly, I randomly selected a negative image, i.e. a scene used as a
background and no positive object to be removed from the conveyor belt.

An example of a negative image can be seen in Figure 3.4;

e Thirdly, I randomly selected a specific number of patches for image com-
position, constituting the foreground. The number of objects chosen
varies depending on the dataset. Specifically, for the ZeroWaste dataset,
I opted for a maximum of four positive patches per image, while for
the IT+Robotics-V dataset I limited myself to a maximum of two positive
patches. This choice is due to the fact that this model will be used in a
Robotic Waste Sorting System (RoWSS), in which the number of positive
objects to be removed is strictly linked to the speed with which the robot is
able to remove the object in question. Furthermore, I also tried to make the
scenes consistent with those present in both original datasets. An example
of some patches is illustrated in Figure 3.4;

e Finally, I copied the selected patches and then pasted them into the back-
ground image at random positions. An example of a final image compo-
sition can be found in Figure 3.4.

Using this approach I was also able to save the related semantic masks for
each patch, which will be used later for training the semantic model.

From now on, all subsequent approaches are based on a zero-shot image

generation, since the computational resources I was able to use, did not allow to

retrain or fine-tune the entire model.
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Figure 3.4: On the top left, an example of negative image (background). On
the top right, an example of patches retrieved from the ZeroWaste dataset (fore-
ground). On the bottom, the result obtained after copy & paste, with the relative
segmentation mask.

IMAGE HARMONIZATION

The second approach extends the first one. In addition to a simple copy
& paste image composition, I also incorporated a pre-trained DMs, specifically
SD 1.4, to achieve a more photorealistic image. I made this choice, that is, to
use a pre-trained version of SD, instead of fine-tuning or retraining the entire
model, because my computational resources were not sufficient. In this way, I
could exploit the potential of DMs with the main purpose of making the new
composed scene more faithful to reality, without putting too much emphasis on

diversity.

This was possible using the approach presented in the Cross-domain Composit-
ing with Pretrained Diffusion Models paper [23]. The main goal of this paper was to
broaden the capabilities of DMs, with a specific emphasis on tasks such as image
blending, object immersion, texture replacement and even CG2Real translation

or stylization. The authors used a localized, iterative refinement scheme that in-
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corporates contextual information from the background scene into the inserted
objects, allowing finer control over the degree and types of changes the object
can undergo.

As previously stated, this method places a greater emphasis on realism rather
than diversity. An example showing this approach applied to both datasets is
shown in Figure 3.5.

Figure 3.5: On the left the copy & paste version, on the center the segmentation
mask and finally, on the right, the final harmonized result. Above an example
from the ZeroWaste dataset, while below an example from the IT+Robotics-V
dataset.

IMAGE INPAINTING

The third approach further expands the first two approaches. In fact, in
addition to a simple copy & paste image composition and harmonization, this
approach is able to exploit all the potential of SD, using inpainting, with the aim

of obtaining a more photorealistic and varied image.

Inpainting is the task of filling specific parts of an image delimited by a mask.
DMs inherently possess capabilities for inpainting masked areas. Previous work
[53], demonstrated the potential of inpainting with DMs and RePaint [41] was
able to achieve realistic outcomes even with extreme masks, by modifying the
reverse diffusion process. However, RePaint primarily concentrated on pixel
space rather than the latent space utilized in SD. Although it can be applied
in the latent space of SD, it results in a loss of pixel-level control, leading to
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inaccuracies in mask-object correspondence.

Other studies, such as GLIDE [43] and Blended diffusion [5], demonstrated the
effectiveness of text-guided image inpainting with DMs. Fine-tuning additional
parameters for SD proved beneficial in developing a reliable inpainting method,
building upon the trained SD model [48]. SmartBrush [62] showcased that with
additional regularization, it is possible to fine-tune a diffusion model to fill the
entire masked area with the inpainted object while being guided by text and

mask, which it’s something that standard SD inpainting struggles with.

This was possible using the approach presented in the Paint by Example:
Exemplar-based Image Editing with Diffusion Models paper [64]. In fact, for the
first time, in this paper the authors investigated exemplar-guided image editing
for more precise control than a simple textual prompt. They were able to achieve
this by leveraging self-supervised training to disentangle and rearrange the orig-
inal image and the exemplar. The entire framework involves a single forward of
the DMs without any iterative optimization. Importantly, this approach works
effectively even without the need to fine-tune or retrain the entire SD model.
As mentioned before, this approach places a greater emphasis on patch variety
rather than fidelity to the reference patch, provided as input. An example of
this approach applied to both datasets is presented in Figure 3.6.
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3.6. IMAGE INPAINTING + HARMONIZATION

Figure 3.6: From left to right: the negative image (background), the segmenta-
tion mask of the patch to be inpainted, the reference patch and finally, the image
inpainting result. Above an example from the ZeroWaste dataset, while below
an example from the IT+Robotics-V dataset.

IMAGE INPAINTING + HARMONIZATION

This final approach seeks to exploit the advantages of the two previous mod-
els, while minimizing their disadvantages. As expected, the main limitation
of image harmonization lies in the degree of variety achievable for each patch.
Essentially, image harmonization aims to improve the realism of the scene with-
out introducing substantial additional knowledge. On the other hand, image
inpainting is able to achieve significant variety, but encounters challenges with
mask-object correspondence, resulting in inaccuracies. Furthermore, the results
of this approach can vary greatly, ranging from a partially incorrect mask to a
completely blank scene. Compared to the image harmonization approach, the
final results of image inpainting are also not that photorealistic. An example
showing these problems can be seen in Figure 3.7.
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Figure 3.7: Above an example of the image harmonization approach where
the lack of variety can be seen. Below an example from the image inpainting
approach where you can see the limit in the mask-object correspondence.

Indeed, inspired by the methodology presented in Effective Data Augmentation
With Diffusion Models [57], which aims to tackle the issue of limited diversity in
data augmentation through image-to-image transformations using pre-trained
text-to-image DMs, I tried to integrate the strengths of the aforementioned ap-
proaches.

Initially, after collecting all patches from both datasets, I augmented individual
objects using the inpainting approach, as done in section 3.5. Subsequently, fol-
lowing the standard image composition applied in the copy & paste approach, I
further used the harmonization approach (section 3.4) to enhance realism. This
approach allowed me to achieve both wide variety and high fidelity, avoiding
the limitations of previous approaches. Figure 3.8 shows an example of patches
augmented employing the inpainting approach, while Figure 3.9 shows the final

results incorporating image harmonization after standard image composition.
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3.6. IMAGE INPAINTING + HARMONIZATION

Figure 3.8: An example of some patches augmented using the image inpainting
approach.

Figure 3.9: On the left the copy & paste version with the patch augmented by
image inpainting, on the center the segmentation mask and finally, on the right
the final harmonized result. Above an example from the ZeroWaste dataset,
while below an example from the IT+Robotics-V dataset.
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Experiments

This chapter is dedicated to empirically assessing the effectiveness of exemplar-
driven generation techniques for data augmentation in improving the perfor-
mance of computer vision models. My approach involves evaluating the com-
petitiveness of this data augmentation technique in real-world tasks, such as
semantic segmentation within the waste sorting domain.

Additionally, I examined the dynamics of the relationship between real and syn-
thetic images, evaluating the amount of information that can be gleaned from
synthetic images alone. Through these investigations, I sought to demonstrate
that the proposed augmentation approaches can improve the performance of

segmentation models.

My results support the hypothesis that exemplar-driven generation is a com-
petitive data augmentation technique in real-world tasks, particularly showing
its importance in scenarios with sparse training data. However, it can be noted
that including synthetic images in a small dataset only makes sense up to a
certain threshold, especially when sufficient real training images are available.
Moreover, I will present evidence showing the gap between the results obtained
using only synthetic versus real images in training a computer vision task. In
the subsequent test, various semantic segmentation models were evaluated and
the most promising ones are reported below:

e U-Net [49] as segmentation model, ResNet-50 [24] as encoder and Ima-
geNet as weights;
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4.1. ZEROWASTE: BALANCE VS IMBALANCE

e DeepLabV3+ [9] as segmentation model, mobilenet_v2 [17] as encoder and

ImageNet as weights;

e DeepLabV3+ [9] as segmentation model, mobilevitv2_200 [19] as encoder
and ImageNet as weights.

Finally, all the results obtained are fully replicable, since the training and
testing of these models are performed using the Segmentation Models library
[29].

ZEROWASTE: BALANCE vs IMBALANCE

In this section, I will analyze the distribution of data within the ZeroWaste
dataset, since it is the only dataset containing more than one positive class (soft
plastic, hard plastic and metal). As can be seen from the Table 4.1, resembling
the one presented in Chapter 3, it is evident that the distribution of patches is

not uniform.

Split | #Objects | Soft Plastic | Rigid Plastic | Metal
Train 6285 4862 1160 263

Real Distribution 77,36% 18,46% 4,18%
Uniform Distribution 33,33% 33,33% 33,33%

Table 4.1: Statistics detailing the overall distribution of objects in the ZeroWaste
training dataset [7].

Indeed, each class possesses a distinct number of patches and since certain
classes have more patches than others, the outcomes may be influenced by this
imbalance. As explained in the Chapter 3, in the sampling phase, during which
the patches that will subsequently be used to compose the scenes to be generated
will be selected, I aimed to employ a more uniform distribution, deviating from
the distribution in the original dataset.

The results of this comparison are presented in the following table.
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Unet+resnet50 | Copy & Paste | Harmonization | Inpainting

Imbalance 48,791% 47 93% 47 405%
Balance 49,537% 45,429% 52,267%
Baseline 48,861%

Table 4.2: Results achieved using different sampling to create scene to generate
for the ZeroWaste dataset [7].

Table 4.2 shows the results obtained using copy & paste, image harmoniza-
tion and image inpainting approaches, which were presented in Chapter 3. The
Baseline represents the results obtained using only real images from the Ze-
roWaste dataset, without any augmentation. Consequently, Imbalance results
arise from using the original probability distribution of the dataset, while Bal-
ance results emerge from using a more uniform probability distribution.
Examining the results summarized in Figure 4.1, which provides a concise
overview of the data presented in the previous table, it becomes evident that
using a more balanced sampling approach tends to produce superior overall
results.

Balance vs Imbalance

[ BASELINE [l IMBALANCE BALANCE
54,00%
53,00%
52,00%
51,00%
50,00%
49,00%
48,00%
47,00%
46,00%
45,00%

48,861 48,861 48,861

mloU

COPY & PASTE HARMONIZATION INPAINTING

Unet + resnet50 + imagenet

Figure 4.1: A simple graph showing the results of using different sampling
distribution for the ZeroWaste dataset [7].
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SYNTHETIC VS REAL

Within this section an examination will be conducted on the quality and
degree of realism exhibited by synthetic images compared to their real counter-
parts. The findings are derived from the preceding section’s outcomes, where
patches are uniformly sampled from the ZeroWaste dataset. The following ta-

ble shows the mean Intersection over Union (mloU) results of this comparative

analysis.
Unet+resnet50 ZeroWaste | IT+Robotics-V
Baseline 48,861% 84,684%
Copy & Paste 28,763% 75,521%
Harmonization 26,340% 51,73%
Inpainting 26,062% 60,584%
Inpainting + Copy & Paste 30,666% 75,552%
Inpainting + Harmonization | 27,206% 52,931%

Table 4.3: Model comparison results from only synthetic and real images for
both datasets.

Table 4.3 displays the outcomes generated through various approaches out-

lined in Chapter 3. The Baseline shows the results obtained exclusively from
real images in both datasets, without any augmentation. Conversely, all other
approaches, as elucidated in the preceding chapter, show the results derived
exclusively from synthetic images in both datasets.
Examining the results summarized in Figure 4.2, which provides a summary
overview of the data presented in the previous table, it becomes apparent that
a disparity persists between models trained with synthetic images (31% for
ZeroWaste and 75% for ITR-V) and those trained with real images (49% for
ZeroWaste and 85% for ITR-V). In fact, the findings suggest that while satisfac-
tory outcomes can be achieved, the synthetic images lack the fidelity to reality
necessary for competitive results.
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Synthetic vs Real

[ BASELINE [l COPY & PASTE HARMONIZATION [l INPAINTING
[ INPAINTING + COPY & PASTE [ INPAINTING + HARMONIZATION

100,00%
75,00%

50,00%

mloU

25,00%

0,00%

ZEROWASTE IT+ROBOTICS-V

Unet + resnet50 + imagenet

Figure 4.2: A simple graph showing the results of using only synthetic in com-
parison with real images (Baseline) for both datasets.

SYNTHETIC + REAL: AUGMENTATION RATE

In this section, I will examine the impact of combining synthetic images with
real ones. Essentially, I added a percentage of synthetic images to the original
training set of both datasets, which is exclusively composed of real scenes. To
achieve this, I used only a small portion of the complete datasets, as augmenting
entire datasets (with over 7000 patches) is computationally demanding. As you
will see in the next section, the results indicate that using only a small portion of
the dataset produces similar results compared to using the complete datasets.
So, I decided to limit both datasets to 10% of its total size, reducing the number
of patches from over 6000 to 600 for the ZeroWaste dataset and from over 600 to
60 patches for the IT+Robotics-V dataset. Sampling for the ZeroWaste dataset
follows a uniform distribution, as discussed in the previous section.
Consequently, as just said, I chose a limited number of real images (10% of
the entire dataset) and then added a predefined percentage of synthetic images
generated, in order to better understand the contribution and the trend shown by
the semantic segmentation model as the number of synthetic generated scenes
increases. Therefore, as reported in the following tables, I chose to use three
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augmentation steps for each dataset, to get a more complete picture of how the

approaches, presented in Chapter 3, can contribute to the goal of my thesis.

e Table 4.4 summarizes the results obtained using U-Net [49] as segmenta-

tion model, ResNet-50 [24] as encoder and ImageNet as weights;

e Table 4.5 summarizes the results obtained using DeepLabV3+ [9] as seg-

mentation model, MNet [17] as encoder and ImageNet as weights;

e Table 4.6 summarizes the results obtained using DeepLabV3+ [9] as seg-

mentation model, MViT [19] as encoder and ImageNet as weights.

U-Net ZeroWaste IT+Robotics-V
+ResNet-50 100% | 300% | 450% | 100% | 500% | 1000%
Baseline 44,76% 80,252%

Copy & Paste 4551% | 44,59% | 41,66% | 80,105% | 81,713% | 79,265%
Harmonization | 43,25% | 39,5% | 42,22% | 80,095% | 80,395% | 80,161%
Inpainting 43,02% | 42,91% | 42,18% | 78,161% | 77,889% | 78,656%
Inp. + C&P 44,321% | 42,607% | 42,889% | 80,792% | 81,03% | 80,72%
Inp. + Harm. 41,747% | 41,029% | 39,689% | 79,273% | 80,234% | 80,791%

Table 4.4: Results of combining synthetic images, using different augmentation
rate, with both reduced real dataset (10%).

DeepLabV3+ ZeroWaste IT+Robotics-V
+MNet 100% | 300% | 450% | 100% | 500% | 1000%
Baseline 39,95% 76,603%

Copy & Paste 41,122% | 41,827% | 40,716% | 76,101% | 74,449% | 78,136%
Harmonization | 37,14% | 41,22% | 38,34% | 78,185% | 79,122% | 79,408%
Inpainting 41,06% | 43,04% | 41,06% | 77,291% | 75,962% | 78,656%
Inp. + C&P 43,31% | 43,351% | 41,08% | 77,353% | 78,21% | 79,984%
Inp. + Harm. 42,268% | 39,216% | 37,09% | 76,615% | 79,136% | 78,155%

Table 4.5: Results of combining synthetic images, using different augmentation
rate, with both reduced real dataset (10%).
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DeepLabV3+ ZeroWaste IT+Robotics-V
+MViT 100% | 300% | 450% | 100% | 500% | 1000%
Baseline 44,01% 81%

Copy & Paste 43,714% | 45,66% | 45,641% | 81,051% | 74,955% | 80,302%
Harmonization | 41,963% | 44,137% | 41,021% | 79,33% | 80,27% 80,7%

Inpainting 42,931% | 44,827% | 46,223% | 78,473% | 77,986% | 79,457%
Inp. + C&P 45,008% | 45,247% | 43,27% | 79,563% | 80,478% | 80,602%
Inp. + Harm. 41,86% | 42,041% | 42,902% | 79,064% | 78,585% | 79,361%

Table 4.6: Results of combining synthetic images, using different augmentation
rate, with both reduced real dataset (10%).

The Baseline indicates the results obtained exclusively with real images from
both reduced (10%) datasets, without any augmentation. Consequently, all
other approaches, as detailed in the previous chapter, demonstrate the results
obtained through the combination of both real and synthetic images.

Upon scrutinizing the results encapsulated in the subsequent figures, which
provide a condensed overview of the data presented in the earlier tables, it is
clear that the utilization of synthetically generated images proves advantageous
for the objectives of this thesis. Additionally, it is noteworthy that the augmen-
tation of synthetic images is not universally beneficial, as the ultimate outcomes
can vary significantly based on the quantity of synthetic images employed and

the chosen approach.
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ZeroWaste 10%
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Figure 4.3: A simple graph showing the results of combining synthetic images,
using different augmentation rate, with both reduced real dataset (10%).
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ZeroWaste 10%
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Figure 4.4: A simple graph showing the results of combining synthetic images,
using different augmentation rate, with both reduced real dataset (10%).
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ZeroWaste 10%
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Figure 4.5: A simple graph showing the results of combining synthetic images,
using different augmentation rate, with both reduced real dataset (10%).
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SYNTHETIC + REAL: SEMANTIC SEGMENTATION

In this section, unlike the previous sections, I will examine the impact of com-
bining synthetic images with real images on both entire datasets. The following
tables show the results obtained after the training on both entire datasets, using

the three semantic segmentation models discussed in the previous section.

U-Net ZeroWaste IT+Robotics-V

+ResNet-50 10% 100% 10% 100%

Baseline 44,76% | 48,861% | 80,252% | 84,684%
Copy & Paste 45,51% | 49,537% | 81,713% | 81,204%
Harmonization | 43,25% | 45,43% | 80,395% | 84,909%
Inpainting 43,02% | 52,26% | 78,656% | 82,882%
Inp. + C&P 44,321% | 45,953% | 81,032% | 83,512%
Inp. + Harm. 41,747% | 43,313% | 80,791% | 82,17%

Table 4.7: Results of combining synthetic images with both real dataset.

DeepLabV3+ ZeroWaste IT+Robotics-V

+MNet 10% 100% 10% 100%

Baseline 39,95% | 47,28% | 76,603% | 80,06%
Copy & Paste | 41,827% | 45,605% | 78,136% | 82,032%
Harmonization | 41,22% | 44,02% | 79,408% | 78,34%
Inpainting 43,02% | 48,94% | 75,962% | 80,133%
Inp. + C&P 43,351% | 43,569% | 79,9839% | 80,708%
Inp. + Harm. 42,267% | 43,614% | 79,136% | 80,288%

Table 4.8: Results of combining synthetic images with both real dataset.

DeepLabV3+ ZeroWaste IT+Robotics-V
+MViT 10% 100% 10% 100%
Baseline 44,01% | 47,23% 81% 84%
Copy & Paste 45,66% | 50,072% | 81,051% | 80,382%
Harmonization | 44,137% | 47,583% | 80,7% | 84,27%
Inpainting 46,223% | 50,481% | 79,457% | 82,53%
Inp. + C&P 45,247% | 50,481% | 80,602% | 82,052%
Inp. + Harm. 42,902% | 48,571% | 79,361% | 81,79%
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The Baseline indicates the results obtained exclusively with real images from
both datasets, without any augmentation. Consequently, all other methodolo-
gies demonstrate the results obtained through the combination of both real and
synthetic images.

Examining the results summarized in the following figures, which provide a
summary of the data presented in the previous tables, it becomes evident that
the utilization of synthetically generated images proves advantageous for the
objectives of this thesis. Additionally, the results obtained from both dataset
may change a lot with respect to the semantic models used.

Finally, it is interesting to note that the use of synthetic images is not always
advantageous, in fact, some results are even lower than the baseline, even if real

images are also found in the training set.
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Figure 4.6: A simple graph showing the results of combining synthetic images
with both real dataset.
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Figure 4.7: A simple graph showing the results of combining synthetic images
with both real dataset.
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Figure 4.8: A simple graph showing the results of combining synthetic images
with both real dataset.
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ANALYSIS OF THE RESULTS

In this section, I analyze and summarize the results of the various exper-
iments, just presented in the previous sections, using all the exemplar-driven
augmentation pipelines that I have developed. The extensive experiments con-
ducted provide evidence that exemplar-based augmentation compares favorably
with other widely used techniques in the field of data augmentation. In particu-
lar, the various generative approaches are particularly useful when the number
of images available to train a computer vision model is limited, since it seems
easier to introduce new knowledge in a context with limited data available.

Nevertheless, without wasting any more time, let’s get started:

e ZeroWaste: Balance vs Imbalance. The results are unequivocal, as can
be seen from Figure 4.1, given that for two of the three approaches used
to solve this problem, the mean Intersection over Union (mloU) obtained
from the copy & paste and inpainting approaches, respectively 49,5% and
52,3%, is far better than that obtained using imbalance synthetic generated
images (48,7% and 47,4%), but also compared to using only real images
(48,8%). Only in the case of image harmonization the results are worse,
with a mloU of 45,4% using a more balanced sampling versus a mloU of
47,9% with the imbalance sampling. One reason could be the limited new
knowledge introduced using the harmonization approach, since the main
goal of this approach is to obtain a more realistic rather than variegated

scene;

o Synthetic vs Real. The results in this case too are unequivocal, as can be
seen from Figure 4.2, since all the approaches used to solve this problem
show a much lower mloU than the semantic segmentation model trained
only on real images. This was to be expected since throughout literature
there has always been a persistent gap between synthetic and real images.
To get a more complete overview, the gap for the ZeroWaste dataset is
around 18% in favor of the model trained only on real images, considering
the best results obtained using the inpainting + copy & paste approach,
while the gap for the IT+Robotics-V dataset is smaller (9%) and also in this
case the best results for the trained synthetic model are obtained using the
inpainting + copy & paste approach;
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e Synthetic + Real: Augmentation Rate. The main purpose of this exper-
iment was to better understand how synthetically generated images can
impact the main objective that this thesis attempts to address. As can be
seen from Figures 4.3, 4.4 and 4.5, there is no precise and direct correlation
between the percentage number of synthetic scenes used and the conse-
quent results obtained. Looking in more detail at all the mIoU, presented
in the previous three figures, it appears that using a larger number of syn-
thetic generated images (1000% for the IT+Robotics-V dataset and 450%
for the ZeroWaste dataset) is not always optimal and the trade-off with the

resources needed to generate new images is not always advantageous;

e Synthetic + Real: Semantic Segmentation. Analyzing Figures 4.6,4.7 and
4.8, which show a brief summary of the combination of synthetic and real
images also for the entire dataset, the considerations just made in the pre-
vious experiments remain valid. Moreover, it is clear that the approaches
used behave very differently depending on the various situations. In sum-
mary, it becomes evident that approaches that seek to favor variety over
realism appear to produce overall superior results. This is demonstrated
by the fact that in the best case, the inpainting approach outperforms the
baseline by more than 4% for the ZeroWaste dataset, while the copy & paste
approach outperforms the baseline, in the best case scenario, by more than
2% for the IT+Robotics-V dataset. This behavior is entirely predictable,
since by adding synthetic images to a dataset that contains a large number
of real scenes, it simply seems more important have a greater variety of
patches at the expense of high photorealism.
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Conclusions

In this thesis, I explored the functionalities of text-to-image models within
the realm of synthetic imaging and their application in computer vision mod-
els. Specifically, I investigated the impact of synthetic images on enhancing the
performance of semantic segmentation models. This inquiry is particularly per-
tinent given the notable progress in text-to-image models and the considerable
costs associated with obtaining sufficiently large and high-quality datasets. The
widespread availability of certain models, such as Stable Diffusion (SD), has
fueled the increasing potential of text-to-image models. Their wide availability
to both the scientific community and enthusiasts, has spurred notable initiatives
aimed at optimizing and broadening their capabilities and applications.

On the other hand, deep learning models require large amounts of data and
depend on large annotated datasets. The creation and upkeep of such vast
datasets come with significant costs, making them impractical for many re-
searchers. Consequently, the scientific community has prioritized optimizing
deep learning architectures rather than developing approaches to mitigate the

expenses associated with acquiring and maintaining large datasets.
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Considering the results of Chapter 4, in relation to the research question that
sought to determine the extent to which images generated by image-to-image
models can enhance the performance of computer vision models, we can deduce
the following implications:

e There is still a significant gap between synthetic and real images;

e Exemplar-driven generation techniques represent a viable and competitive
approach to data augmentation;

e Exemplar-driven augmentation techniques are especially relevant in datasets

where data is scarce or expensive to obtain.

A noteworthy consequence is the reduction in the cost of generating exten-
sive and high-quality datasets. As previously mentioned, the focus within the
scientific community has been predominantly on refining architectures, rather
than enhancing and augmenting datasets [20] and this emphasis stems from
the significant cost associated with acquiring datasets, which are necessary for
training deep learning architectures [65].

Additionally, as I exclusively employed zero-shot image generation tech-
niques, it’s important to note that the outcomes can vary significantly depending
on the chosen approach and semantic model. The image inpainting approach
appears to be the most promising, as it can introduce new information for the
majority of the patches, although it is not free from flaws. Occasionally, the
results deviate significantly from the desired outcome, presenting either a blank
image or an incompletely inpainted patch. Furthermore, the effectiveness of
this approach differs between datasets. Notably, the image inpainting approach
proves to be very effective with the ZeroWaste dataset, but less so with the
IT+Robotics-V dataset. This discrepancy can be attributed to the nature of the
patches within each dataset. Indeed, ZeroWaste includes a large number of
patches (over 6000) but lacks diversity, since the scenes from which the patches
are extracted are essentially multiple images of the same moving conveyor belt.
In contrast, the IT+Robotics-V dataset contains fewer patches (over 600), but
shows significant diversity within the specific class (plastic) domain. For this
dataset, more traditional approaches that prioritize patch realism over diversity,
such as copy & paste and harmonization, appear to be the most promising.
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It’s also worth noting that copy & paste, remains a valid approach with almost

"zero" associated costs.

In conclusion, as evident from the previous chapter, augmenting a small
dataset appears to be more effective than augmenting a larger one. Naturally,
the introduction of new knowledge appears to be more straightforward when
the number and diversity of patches are constrained.

Nevertheless, I observed a notable disparity between synthetic and real images.
Consequently, achieving the performance levels of models trained with an am-
ple supply of real images remains unattainable, regardless of the amount of

synthetic images employed.

Future WORKs

In general, this study is robust and fruitful, providing substantial insights
into the research questions. Nevertheless, akin to any analysis of this scale, there
are constraints, areas open for enhancement and new research questions that
arise during the work. Major limitations have already been identified in the
previous sections, including challenges in consistently obtaining high-quality
results, enormous computational requirements and the existence of biases. Ac-
cordingly, I propose the following research directions to address these issues
and broaden the scope of this thesis:

e Train or fine-tune the employed models. Even if training or simply fine-
tuning these huge models is not feasible with my computational resources,
it might be worth trying this route. In fact, this approach might offer
potential solutions to the limitations and issues identified in the context of

image inpainting;

e Improving and optimising exemplar-driven generation techniques. The
authors of Cross-domain Compositing [23] and Paint by Example [64] suggest
enhancements to their respective methods, aiming to enhance both the
execution times and the representations acquired in customized image-to-

image models;
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e Employing superior and more advanced image-to-image models. One
potential strategy is to replicate the experiments using an upgraded version
of Stable Diffusion (SD), such as SDXL Turbo or Imagen [51]. In fact,
using these models could bring higher quality images and shorter times to
generate new scenes. The rationale for utilizing version 1.4 in the current

study is its extensive compatibility with the employed libraries;

e Explore the possibility of creating entirely new scenes from scratch. In-
vestigating the potential of generating entirely novel scenes, utilizing either
text or an image as a prompt, along with the corresponding segmentation
mask or bounding box, allowing DMs to fill in the remaining parts. This
change in strategy has the potential to fully exploit the capabilities of DMs.

e Bias reduction. Mitigating bias is a critical issue in text-to-image models,
as extensively discussed in various papers. Large-scale models, in par-
ticular, tend to inherit biases and stereotypes from their training data. I
advocate for more comprehensive research to tackle this concern, with a
specific focus on exploring the impact of exemplar-driven augmentation
techniques. These approaches have the potential to transfer biases from
image-to-image models to associated models. Due to the social implica-
tions at stake, it is imperative to investigate strategies that can minimize
such biases and alleviate potential societal challenges that may arise as a

consequence.
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