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Abstrakt

Množstvo odpadu každoročne narastá a recyklácia čo najväčšieho množstva odpadu
má zásadný význam pre zmiernenie znečistenia životného prostredia. V súčasnosti sa
triedenie odpadu stále vo veľkej miere spolieha na ľudskú prácu, a to aj napriek rôznym
pokusom o zavedenie automatizácie pomocou počítačovej technológie. Hoci prístupy
založené na neurónových sieťach vykazujú na súboroch údajov skvelé výsledky, niek-
toré súbory údajov skresľujú realitu tým, že vylučujú pozadie, čím sa stávajú menej
použiteľnými na trénovanie modelov v reálnych scenároch. Existujú modely a súbory
údajov, ktoré sa snažia tieto problémy riešiť a dosiahli dobré výsledky. V našej práci
je cieľom preskúmať, ako efektívne sú prístupy bez neurónových sietí pri riešení to-
hto problému, konkrétne pomocou deskriptorov MPEG-7. Presnejšie, chceme zistiť, či
vizuálne deskriptory MPEG-7 môžu slúžiť ako životaschopná alternatíva na klasifiká-
ciu obrázkov odpadu a optimalizáciu procesu triedenia odpadu automatizovaným spô-
sobom. MPEG-7 je štandard pre opis multimediálneho obsahu, ktorý zahŕňa obrázky,
3D-priestor, video a zvuk. Jeho deskriptory sa dajú spoľahlivo použiť na kategorizáciu
obrázkov a rýchle porovnávanie obrázkov, napríklad pri online vyhľadávaní obrázkov.
Z dôvodu efektívnosti sme použili existujúci súbor údajov o obrázkoch odpadu a k
nim pripojenú kategorizáciu materiálov. Pre každý obrázok sme vypočítali vizuálne
deskriptory MPEG-7, aby sme neskôr mohli posúdiť ich účinnosť pri triedení nových
obrázkov do týchto kategórií. Štandardné implementácie výpočtu deskriptorov MPEG-
7 sú zložité a nie veľmi rýchle. Namiesto prepisovania efektívnejšej implementácie sme
skúmali rôzne spôsoby, ako tieto výpočty urýchliť. Jedným z prístupov bolo zníže-
nie rozlíšenia obrazu, keďže obrazy s vysokým rozlíšením nie sú potrebné na presnú
klasifikáciu založenú na deskriptoroch. Okrem toho, keďže vstupné obrázky často obsa-
hovali skôr celky záberov z dopravných pásov než jednotlivé položky odpadu, riešili sme
tento problém segmentáciou obrázkov. Nakoniec, tieto testy generujú veľké množstvo
metadát a spoliehajú sa na ne, preto sme skúmali možnosť skrátenia niektorých výs-
tupov deskriptorov a zároveň analyzovali, aká presnosť sa zachová. Cieľom tejto práce
je nakoniec vyhodnotiť, či deskriptory MPEG-7 ponúkajú praktickú a výpočtovo efek-
tívnu alternatívu k neurónovým sieťam na automatizované triedenie odpadu alebo, či
sú vhodné pre použitie v strojovom učení.

Kľúčové slová: Triedenie odpadu, MPEG-7, Detekcia odpadu, triedenie recyklo-
vateľného odpadu, analýza dát, strojové učenie
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Abstract

The amount of waste increases each year, and recycling as much of it as possible is crit-
ical for mitigating environmental pollution. Currently, waste sorting still heavily relies
on manpower, despite various attempts to introduce automation using computer tech-
nology. While neural network-based approaches have shown great results on datasets,
some datasets distort reality by excluding backgrounds, making them less applicable
for training models in real-life scenarios. There are models and datasets that attempt
to address these issues and have achieved good results. In our work, the goal is to
investigate how efficient non-neural network approaches are in solving this problem,
specifically by using MPEG-7 descriptors. More precisely, we aim to determine whether
MPEG-7 visual descriptors can serve as a viable alternative for classifying waste images
and optimizing the waste sorting process in an automated manner. MPEG-7 is a mul-
timedia content description standard that covers images, 3D-space, video, and audio.
Its descriptors can be reliably used for image categorization and fast image matching,
such as online image searches. For efficiency reasons, we used an existing dataset of
3000 waste images and their attached material categorization or JSON metadata. For
each selected image, we computed the MPEG-7 visual descriptors to later assess their
effectiveness in real-time sorting new images. Standard implementations of MPEG-7
descriptor computation are complex and not very fast. Rather than rewriting a more
efficient implementation, we explored different ways to speed up these calculations.
One approach was reducing image resolution, as high-resolution images are unnec-
essary for accurate descriptor-based classification. Additionally, since input images
often contained entire conveyor belts rather than individual waste items, we addressed
this issue by segmenting the images. Finally, these tests generate and rely on large
amounts of metadata, so we explored the possibility of shortening certain descriptor
outputs while analyzing how much accuracy is retained. Ultimately, this work seeks to
evaluate whether MPEG-7 descriptors offer a practical and computationally efficient
alternative to neural networks for automated waste sorting or, if they are viable for
use in machine learning.

Keywords: Waste sorting, MPEG-7, Waste detection, recyclable trash sorting, data
analysis, machine learning
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Chapter 1

Introduction

Global waste production has been steadily increasing each year, posing signi�cant envi-

ronmental and logistical challenges for communities and industries worldwide. As the

volume of waste grows, the need for e�cient and e�ective recycling systems becomes

increasingly urgent. Proper recycling not only reduces the environmental impact of

waste disposal but also conserves natural resources, lowers the amount of material sent

to land�lls, and decreases the overall costs associated with waste processing. One of

the most important steps in recycling is the accurate sorting of waste materials. Tra-

ditionally, this task has been carried out by hand, requiring a considerable amount of

time and manual labor. Despite these demands, manual sorting remains faster and

more reliable than many of the current machine-based approaches, which often strug-

gle with speed, accuracy, and adaptability when dealing with mixed or contaminated

waste streams. Furthermore, many of these modern solutions rely heavily on advanced

arti�cial intelligence techniques, often employing multiple neural networks for tasks

like material classi�cation, object detection, and contamination identi�cation. While

these systems can achieve impressive accuracy, they are frequently hardware-intensive

and expensive to deploy and maintain, which limits their accessibility and scalability,

especially in smaller or resource-constrained facilities.

This work aims to explore an alternative approach to automated waste sorting that

operates independently of neural network-based systems, utilizing existing and widely

available technologies as a proof of concept. The primary focus is to investigate whether

e�ective waste classi�cation can be achieved without relying on computationally inten-

sive arti�cial intelligence models. Speci�cally, the project seeks to determine the speed

and accuracy of using MPEG-7 descriptors, a standardized set of visual feature descrip-

tors, be it in simple experiments or in machine learning for industrial waste sorting

applications. By analyzing how these descriptors perform in identifying and catego-

rizing di�erent types of waste, the study will assess their potential as a lightweight,

accessible alternative to current AI-driven solutions. To carry out this investigation, an

1



2 CHAPTER 1. INTRODUCTION

established dataset, TrashNet, will be used alongside additional external image data to

evaluate the proposed method's performance. This combination of resources will pro-

vide a practical basis for measuring the feasibility, e�ciency, and reliability of utilizing

MPEG-7 descriptors in future real-world waste management scenarios.

This work splits into six chapters, this introduction being the �rst one. The second

chapter talks about the history of neural networks and explores few real world applica-

tions of neural networks in industrial waste sorting. This chapter also brie�y mentions

some initial ideas for this work. The methodology of the project is explored in the

third chapter. There we brie�y explain what MPEG-7 is and its history, what datasets

we considered for our work along with their advantages and disadvantages. Lastly we

explain the most crucial program used in our work and that is VDE and VDM for the

extraction and matching of MPEG-7 descriptors respectively. The experiments per-

formed for this work are explained in the fourth chapter. These experiments include,

initial matching experiments, simple clusterization, the introduction of outside data

and lastly some real-time experiments utilizing machine learning (K-nearest neighbors

and support vector machines). The �fth chapter summarizes the results of each exper-

iment and the sixth chapter is dedicated to the closing conclusion to our work. A lot

of information in these chapters was also mentioned in our other works [1, 2].



Chapter 2

Overview of the Problem

2.1 Related Works

The amount and variety of waste has grown signi�cantly in recent years due to ur-

banization and rising living standards [3], putting a great deal of pressure on resource

consumption, environmental safety, and cost-e�ective recycling. People who live in

cities are the main producers of household waste, but they also take part in the sorting

process. Recycling is a practical strategy to make use of waste materials, cut down

on waste production, and support sustainable development [4]. Manual waste sorting

techniques take a lot of time and e�ort. As a result, waste recycling and automated

sorting have become pressing issues. Devices for recycling and waste sorting must

frequently in advance derive models, which can be computationally costly. Unfortu-

nately, adding a high-performance graphics processing unit (GPU) to every device is

impractical, leading to needless hardware related costs. Models can be freed from local

computing by cloud deployment, albeit becoming highly reliant on the quality of one's

internet connection. Lightweight models are typically faster and smaller, but slightly

less accurate than large models. Nevertheless, local deployment of lightweight models

might be a useful strategy for waste sorting and recycling equipment. After AlexNet

won the ImageNet image classi�cation competition in 2012 [5], image classi�cation

capabilities CNNs took o�, leading to the development of several models with better

performance, including VGG [6], GoogleNet [7], and ResNet [8]. Currently available

works utilize this approach, but on small and more speci�c datasets, where they train

neural networks to sort images of di�erent types of waste.

Feng et al. [9] took the approach of using an already existing image sorting algorithm,

called E�cientNet [10], and used various approaches to make it more lightweight and

faster for use in waste sorting resulting in GECM-E�cientNet, a lightweight and e�-

cient waste-classi�cation model based on E�cientNetB0 as its baseline model. Tests

on a self-made and TrashNet datasets have shown 94% accuracy with a single infer-

3



4 CHAPTER 2. OVERVIEW OF THE PROBLEM

ence time of 146 ms. Although these outcomes make the model suitable for real-world

implementation, the following drawbacks persist. Only 18 types of household waste

can be identi�ed by waste-classi�cation methods. There are actually numerous types

of waste, thus the dataset will eventually need to be enlarged. The performance of the

classi�cation model is facilitated by the use of semi-supervised learning, which lever-

ages the large amount of unlabeled image data for learning. Mixed waste cannot be

recycled by the mechanical framework as it stands.

As another example Lin et al. [11] have created a module to improve the sorting ability

of CNNs and also their own dataset for the training of CNNs. They provided a thorough

method for automated recyclables in their work. TrashIVL, as a dataset that includes

�ve di�erent categories of recyclable waste. The photos for the dataset were gath-

ered from publicly available data by removing background-free photographs. Twelve

classes can be created within TrashIVL to facilitate �ne-grained recycling. Next, in

order to help CNNs reduce interference from the image background, they presented

the integrated parallel attention module (IPAM). IPAM is a channel-spatial attention

system connected in parallel. In order for the model to adaptively learn the signi�cance

of various features, it scales and modi�es normalized features. Next, they integrated

IPAM into ResNeXt50 [12] to build the recyclable waste sorting network. Their net-

work achieved a sorting accuracy of 97.42% on TrashIVL-5 dataset and 94.08% on

TrashIVL-12 dataset, demonstrating its e�ectiveness in trash sorting. The problem of

sorting plastics is also an important issue that needs attention. There are many types

of plastics that are usually thrown into one waste bin for all plastics, yet all of them

are di�erent and need to be sorted.

This problem has been explored by Özkan et al. [13]. They began their research by tak-

ing pictures of the plastic bottles and doing a number of preprocessing procedures, for

example extracting a bottle's plastic portion from the backdrop. Various morphological

image operations were then put into practice, including picture enhancement, image

segmentation, edge recognition, noise reduction, and hole elimination. These proce-

dures remove the impact of the bottle's color and label which might make the learning

process of CNNs harder. Second, the feature vectors in their work were constructed

using the most widely utilized subspace and statistical feature extraction techniques in

conjunction with the pixel-wise intensity values of plastic bottle photos. Due to their

larger existence ratio compared to other plastic types worldwide, only three forms of

plastic were taken into consideration. The decision mechanism employed a straight-

forward experimental setup with a camera and uniform back-lighting and comprises

�ve distinct feature extraction techniques, each employing di�erent mathematical ap-

proaches to reduce dimensionality and capture essential data patterns. The majority

voting technique was employed as the decision mechanism, and Support Vector Ma-

chines (SVM) were chosen to accomplish the classi�cation task since they provided a
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Figure 2.1: An example of the conveyor belt with waste and bounding boxed symbol-

izing waste of interest. Data Courtesy EDICO SK, a.s.

worldwide answer for a classi�cation problem. This method gave each classi�cation re-

sult an equal weight and places the provided plastic object in the class with the highest

number of agreed-upon classi�cation results. The suggested categorization technique

may operate in real-time applications and has a high accuracy rate. Approximately

90% of the di�erent varieties of plastic bottles may be automatically classi�ed by it.

In addition, the suggested approach separates Polyethylene terephthalate (PET) from

non-PET plastic types with a classi�cation rate of almost 96%. Furthermore, it pro-

vides 92% precision when classifying non-PET plastic types as Polypropylene (PP) or

High-density polyethylene (HPDE).

2.2 Initial Ideas

Initially the aim of this thesis was to determine the speed and accuracy of utilization

of MPEG-7 descriptors [14] in industrial waste sorting and compare it to the current

implementation by EDICO SK, a.s. [15]. The original input data consisted of a high

quality photographic scan of the conveyor belt and its contents as well as bounding

boxes symbolizing items needed for classi�cation (Figure 2.1). After few experiments

explored further in Chapter 4, we discovered that these data are not compatible with

the TrashNet dataset and would require a creation of a dedicated dataset, which may be

explored in a further works. The drastic di�erence in lighting and the dark background

color of the conveyor belt cause the most incompatibility. For the purposes of the work,

�nding augmentation techniques to �x this issue was not viable.
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Chapter 3

Project Methodology

3.1 Goal

As mentioned before, the goal of this work is to prove the viability of MPEG-7 visual

descriptors in industrial waste sorting. This was explored in multiple ways, either by

using these descriptors directly or by using preexisting matching functions. If the de-

scriptors by themselves prove to be viable, they could be used for training of lightweight

neural networks, which are usable in real-time approaches. On the other hand, if the

preexisting matching functions prove viable, then it allows for further optimization of

theses functions to explore their usability for real-time use. This can be by introduc-

ing parallelism to the function, as especially the extraction functions take long time

to compute. The parallelism could be achieved either by extracting each descriptor

in parallel or directly in the computation of the descriptor. Other approach would

be to shorten the descriptors, thin only reduces the memory space needed, but could

also shorten further computations. Ultimately as the goal we wish to show a less

hardware-expensive approach.

3.2 MPEG-7

The Moving Picture Experts Group (MPEG) was established in 1988 to develop digital

audiovisual compression standards, revolutionizing content production, distribution,

and consumption. Initially three compression algorithms were produced, MPEG-1,

MPEG-2 and MPEG-4. MPEG-1 and MPEG-2 introduced e�cient digital compres-

sion for audio and video, making digital media more manageable. This enabled the

rise of digital television and compact disc-based video storage. MPEG-4 expanded me-

dia delivery beyond traditional broadcasting, optimizing content for the Internet and

mobile devices [14]. The most importance for us has MPEG-7, which was o�cially

launched in 1997 [16]. MPEG-7 ceased being a compression standard but became an

7



8 CHAPTER 3. PROJECT METHODOLOGY

audiovisual information representation standard. Its goal is to enable content discov-

ery and navigation by describing multimedia content rather than encoding it. One of

the main features of MPEG-7 are its descriptors divided into two main groups, Vi-

sual and Audio descriptors. Visual descriptors are divided into Color, Shape, Texture

and Motion descriptors. Other features include: Multimedia Description Schemes for

combined audio-visual metadata, Description De�nition Language based on the XML

format for de�ning description structures, Binary and textual representation to suit dif-

ferent applications and Reference Software as an open-source implementation. Unlike

other metadata systems designed for speci�c industries, MPEG-7 provides a universal,

adaptable framework, ensuring interoperability across diverse media platforms. It plays

a crucial role in managing the vast amount of digital content in modern multimedia

environments. The historical journey as of now ends with MPEG-21 [17]. MPEG-21

standard attempts to establish an open foundation for multimedia applications. It's is

based on two essential concepts, de�nition of a Digital Item and users interacting with

Digital Items.

The most important descriptors for our application domain are the Color, Shape and

Texture descriptors. Here are the eight ones which will be used for our experiments,

after Manjunath et al..

For the purposes of this paper an object or a graphic object is a subsetS � Rm to-

gether with a function f : S � Rm ! Rn . The dimension of S is called dimension of

the graphics object, in this case it would be two [18].

The Dominant Color Descriptor (DCD) represents a way to summarize the main colors

in an image or a part of an image. It is mainly used for searching and browsing image

databases based on color. Unlike traditional color histograms, which use a �xed set of

colors, DCD extracts the most important colors directly from each image. This makes

the color representation more accurate and compact. Usually more than one color are

selected.

The Scalable Color Descriptor (SCD) encompasses a method for representing an im-

age's color distribution in a compressed and �exible way. It works by applying a Haar

transform to a color histogram in the HSV color space, reducing the amount of data

while keeping important color information. The process starts by extracting and nor-

malizing color values, then converting them into a compact four-bit format. The Haar

transform is then applied, grouping and summarizing color data to create simpli�ed

versions of the histogram with fewer bins (e.g., 128, 64, 32, or 16 bins). This allows

the descriptor to adapt to di�erent levels of detail, depending on the needs of an ap-

plication and scalability.

An image is represented by the color structure descriptor (CSD) using both the local

spatial structure of the color and the picture's color distribution, comparable to a color

histogram. The descriptor becomes sensitive to speci�c image elements that the color
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histogram is blind to due to the added information about color structure. The degree,

to which an iso-color plane's pixels are clustered together in relation to the scale of a

related structuring element, is known as its structure.

The Color Layout Descriptor (CLD) represents a compact and resolution-independent

way to represent the spatial distribution of colors in an image. It is designed for fast

image retrieval and works well in similarity-based searches, content �ltering, and visu-

alization. Although similar results can be achieved using a combination of Grid Layout

and the Dominant Color Descriptor (DCD), this approach requires more storage and

processing power. CLD, on the other hand, allows for faster and more e�cient image

matching while using less data.

The Homogeneous Texture Descriptor (HTD) describes the texture of an image region

by analyzing its patterns at di�erent frequencies. It does this by measuring the average

energy and how much the energy varies across 30 frequency channels. These channels

divide the image into di�erent frequency regions. The division is evenly spaced in an-

gles (every 30 degrees) but not evenly spaced in distance from the center instead, it

follows an octave scale (similar to how musical notes are arranged). An earlier research

and how the human visual system processes textures inspired this design, making it

useful for image texture analysis.

Another helpful texture descriptor for similarity search and retrieval is the spatial dis-

tribution of edges in an image. In MPEG-7, the edge histogram descriptor (EHD)

represents the local edge distribution in the image. In particular, a histogram can be

used to describe the local-edge distribution for each sub-image when the image space

is divided into 4 x 4. The sub-images' edges are divided into �ve categories, vertical,

horizontal, 45°, 135°, and non-directional, in order to create the histogram. A total of

5 x 16 = 80 histogram bins are needed because there are 16 sub-images [14].

The Region-Based Shape Descriptor (RSD) captures the shape of a 2D object or region

by analyzing both its boundary and internal pixels, allowing it to describe complex ob-

jects, including those with multiple disconnected regions or holes. It belongs to the

class of moment-based shape analysis techniques [19] and uses a 2D Angular Radial

Transformation (ART) [20] in polar coordinates. This descriptor provides a compact

(17.5 bytes), e�cient, and robust representation, handles segmentation errors, supports

multiple disjoint regions, and remains resilient to segmentation noise, ensuring reliable

shape analysis.

The Contour-Based Shape Descriptor (CSD) utilizes the Curvature Scale-Space (CSS)

representation [21] to e�ciently describe objects whose key shape features are con-

tained in their contour. It closely matches human shape perception, remains robust

to nonrigid deformations (such as a sheep or a tulip) and perspective transformations,

while maintaining a compact and adaptive size (averaging 14 bytes) based on contour

complexity.
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The process of extracting these descriptors takes a few seconds and produces an XML

�le. For illustration see Figure 3.1.

Figure 3.1: An example of an input (a glass bottle) and an output (an XML �le

representing MPEG-7 descriptors computed on the picture). The current output has

733 attributes among its descriptors, but the maximum number of attributes is 737.

<Mpeg7 xmlns="http://www.mpeg7.org/2001/MPEG-7_Schema"

xmlns:xsi="http://www.w3.org/2000/10/XMLSchema-instance">

<DescriptionUnit xsi:type="DescriptorCollectionType">

<Descriptor NumberOfBitplanesDiscarded="0" numOfCoeff="256"

xsi:type="ScalableColorType">

<Coeff>-40 -18 -58 68 2 27 6 12 8 -4 -5 18 -33 16 19 9 -2 -2 3 3 9 -11 0 0 -15 2 2 9 4

3 1 -4 3 2 -1 1 0 2 1 7 -4 0 1 3 1 2 4 5 13 -3 2 2 2 3 1 -9 0 -7 -2 -2 1 0 -3 -3 1 1 2

0 1 0 -2 -1 1 2 4 1 2 2 2 1 -2 1 1 1 -1 0 -3 -6 1 1 4 1 3 3 2 0 -3 2 0 1 0 0 0 -8 2 1

2 1 3 3 1 0 -7 -1 0 1 0 0 1 -1 1 1 1 0 1 0 -1 1 -1 0 0 0 0 1 -1 0 1 1 -2 0 1 1 -1 0 1

1 -3 -1 0 0 1 -1 1 3 -3 0 0 0 1 0 -1 -1 0 0 1 1 0 1 1 1 -1 -1 0 0 0 -1 1 1 -3 -1 0 0 1

-2 0 3 -3 0 0 0 1 -1 -2 -1 0 0 0 0 2 4 2 1 0 -1 0 0 1 -1 0 1 0 -1 0 1 1 -2 0 3 -1 0 0

1 0 -1 -3 -1 1 0 0 0 0 0 0 0 1 0 0 0 0 -1 0 0 0 0 0 1 0 -1 0 0 0 0 0 1 0 1 </Coeff>

</Descriptor>

<Descriptor xsi:type="DominantColorType">

<SpatialCoherency>0</SpatialCoherency>

<Value>

<Percentage>0</Percentage><Index>6 6 7 </Index>

</Value>

<Value>

<Percentage>22</Percentage><Index>26 23 22 </Index>
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</Value>

<Value>

<Percentage>1</Percentage><Index>6 10 2 </Index>

</Value>

<Value>

<Percentage>3</Percentage><Index>16 14 14 </Index>

</Value>

<Value>

<Percentage>1</Percentage><Index>3 4 1 </Index>

</Value>

<Value>

<Percentage>1</Percentage><Index>10 15 4 </Index>

</Value>

<Value>

<Percentage>1</Percentage><Index>16 15 12 </Index>

</Value>

</Descriptor>

<Descriptor xsi:type="ColorLayoutType">

<YDCCoeff>45</YDCCoeff><CbDCCoeff>23</CbDCCoeff><CrDCCoeff>37</CrDCCoeff>

<YACCoeff5>19 24 18 12 26 </YACCoeff5>

<CbACCoeff2>15 14 </CbACCoeff2>

<CrACCoeff2>16 16 </CrACCoeff2>

</Descriptor>

<Descriptor colorQuant="4" xsi:type="ColorStructureType">

<Values>0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 17 8 0 0 1 0 0 0 1 1 0 0 1 1 1 0 0 0 0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 2 4 3 0 52 44 5 2

23 3 1 1 27 37 67 141 30 48 61 123 8 26 21 5 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 12 27 13 2 49 35 7 3 38 9 2 0 34 36 42 39 35 40

6 1 2 2 1 1 1 0 0 0 0 0 0 0 0 0 0 0 37 31 22 37 33 9 3 2 3 2 2 5 5 5 4 3 6 6 4 2 1 1 2

0 1 1 2 1 0 1 1 0 0 0 0 0 0 0 1 1 </Values>

</Descriptor>

<Descriptor xsi:type="HomogeneousTextureType">

<Average>189</Average>

<StandardDeviation>52</StandardDeviation>

<Energy>151 204 211 196 208 204 138 168 173 199 167 166 116 138 124 198 112 122 84 81

92 158 84 69 63 31 39 131 38 20 </Energy>

<EnergyDeviation>148 207 212 193 211 207 127 166 172 197 159 163 104 134 107 190 96 117

76 65 85 144 76 66 56 18 27 132 26 13 </EnergyDeviation>

</Descriptor>

<Descriptor xsi:type="EdgeHistogramType">

<BinCounts>1 0 0 0 0 4 1 1 1 1 4 0 0 0 0 0 1 0 0 0 0 0 0 0 0 6 0 1 5 2 5 0 0 2 2 0 1 1

1 0 0 0 0 0 0 7 0 2 2 1 6 1 6 1 1 4 0 5 1 0 0 0 0 0 0 5 2 3 4 2 7 1 3 3 1 2 3 6 2 0

</BinCounts>

</Descriptor>

<Descriptor xsi:type="ContourShapeType">

<GlobalCurvature>3 3 </GlobalCurvature>
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<HighestPeakY>0</HighestPeakY>

</Descriptor>

<Descriptor xsi:type="RegionShapeType">

<MagnitudeOfART>8 15 7 9 13 14 15 1 10 9 10 14 8 14 9 6 3 14 11 7 1 4 4 10 6 0 7 6 6 6

4 2 6 5 5 </MagnitudeOfART>

</Descriptor>

</DescriptionUnit>

</Mpeg7>

3.3 Available Datasets

A crucial aspect of training a model or testing its e�ciency is the availability of a well-

structured dataset with proper image categorization. Numerous datasets exist, many

of which are hosted on platforms like Kaggle [22]. In this section, we discuss several

relevant datasets, highlighting both their strengths and limitations.

One notable dataset is TrashNet [23, 24], which classi�es waste into six broad cate-

gories: Paper, Glass, Plastic, Metal, Cardboard, and Trash (other waste). These broad

classi�cations allow for easier learning and sorting by models. The dataset consists of

over 2,400 hand-collected images, with each category containing between 400 and 500

photos. However, a signi�cant limitation is that all items are photographed against a

white background, which may reduce the model's e�ciency in real-world scenarios. To

mitigate this issue, the dataset creators implemented data augmentation techniques.

A similar project, AutoTrash, presented at the 2016 TechCrunch Disrupt Hackathon

[25], also focuses on automatic waste sorting. It utilizes a Raspberry Pi module and

camera to distinguish between recyclable and compostable waste.

Another dataset, Drinking Waste Classi�cation (DWC) [26], is also manually collected

and labeled. Unlike TrashNet, DWC focuses solely on beverage containers, classifying

them into four categories: Aluminum Cans, Glass Bottles, PET (Plastic) Bottles, and

HDPE Milk Bottles. The dataset was developed for a real-time garbage detection and

identi�cation system powered by the YOLO framework. Similar to TrashNet, DWC is

publicly available and provides both raw images and annotated labels, 10000 in total.

In contrast, the Waste Pictures dataset [27] presents some signi�cant drawbacks. It

contains 34 categories, with approximately 200 images per category. While the dataset

o�ers a more granular classi�cation by subdividing materials, such as plastic into plas-

tic bags, plastic bottles, medicine bottles, nail polish bottles, and toothpaste tubes,

it also includes non-material categories like bread, leftovers, and traditional Chinese

medicine. Additionally, some categories are excessively speci�c, such as pen holders

and nuts. While the inclusion of organic waste could be interpreted as an attempt to

classify compostable material, the lack of documentation from the authors makes this

assumption uncertain.
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The TrashBox dataset [28] shares similarities with TrashNet but introduces two addi-

tional categories: medical and electronic waste. These categories represent relevant and

growing types of recyclable waste and contain over 17000 images. For instance E-waste,

such as cellphones, is constructed from gold, rare earth metals, and other valuable ma-

terials, all of which may be easily recovered through regular procedures. Similarly, the

COVID-19 pandemic has led to a surge in the disposal of masks, gloves, and other

medical waste, necessitating careful handling to prevent environmental contamination

and protect waste management workers. The authors benchmarked this dataset using

transfer learning-based models, achieving an impressive accuracy of 98.47%. They used

it to train cutting-edge deep neural models, like ResNet [8], to assess this performance.

The Garbage Dataset [29] was speci�cally created for machine learning and computer

vision applications in recycling and waste management. It consists of almost 20000

images categorized into ten types: Metal, Glass, Biological, Paper, Battery, Trash,

Cardboard, Shoes, Clothes, and Plastic. This dataset has particular suitability for

object detection and classi�cation models, as well as AI-driven waste management

solutions. Its strengths include a diverse categories and high-resolution images with

annotations.

The TACO dataset [30] focuses on high-resolution waste images captured using mobile

devices. One of its key features is an online tool [31] that enables users to annotate

and segment images, all of which are freely available under open-source licenses. The

dataset employs a hierarchical taxonomy with 60 waste categories and allows scene tag-

ging to provide contextual information. However, class overlap, such as the di�culty

in distinguishing between glass and plastic can pose a challenge, luckily in such cases

the classes can be rearranged. Additionally, small objects like cigarette butts may be

mislabeled due to their size. According to their website, they currently posses 1500

images with over 4500 annotations.

As a response to some of the limitations of TACO and TrashNet, the AquaTrash

dataset [32] was developed. One of the main issues with previous datasets was the

lack of proper annotations, either due to their absence or the use of error-prone crowd-

sourced labeling. AquaTrash was designed for the AquaVision model and has proven

e�ective for waste classi�cation experiments. It consists of 369 manually annotated im-

ages categorized into four waste types. The images originate from the TACO dataset

but have been relabeled to ensure accuracy.

Finally, the TrashIVL dataset [11] comprises 10,040 images categorized into �ve broad

classes: Clothes, Plastic, Metal, Paper, and Glass. The dataset was assembled from

various public sources and retains real-world backgrounds, making it particularly suit-

able for practical waste sorting applications. Additionally, TrashIVL can be further

divided into 12 subcategories (TrashIVL-12) to improve recycling e�ciency and sort-

ing accuracy.
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All of datasets alongside their contents are publicly available either on Kaggle, GitHub

or in the case of TACO, on their own website [31].

3.4 Comparison of Datasets

Each dataset discussed above has distinct advantages and drawbacks. TrashNet has

already achieved wide use and has a well-structured categorization but su�ers from un-

realistic backgrounds. DWC is more specialized but limited to drink containers, making

it less versatile. Waste Pictures attempts a highly detailed classi�cation but introduces

unnecessary speci�city and poorly de�ned categories. TrashBox improves on TrashNet

by introducing e-waste and medical waste categories, both of which are increasingly

relevant in modern recycling e�orts. Datasets like Garbage Dataset and TACO o�er a

broader selection of waste categories, with TACO incorporating hierarchical classi�ca-

tion and real-world contextual information. AquaTrash directly addresses annotation

quality issues in TACO and TrashNet, making it more reliable despite its smaller size.

TrashIVL, meanwhile, stands out for its real-life background images, making it one of

the most practical datasets for real-world waste sorting applications.

Ultimately, the choice of dataset depends on the speci�c application. If broad classi-

�cation is needed, TrashNet or Garbage Dataset may be su�cient. For more precise

waste categorization, TACO and TrashIVL provide enhanced granularity and real-

world applicability. TrashBox has particular usefulness when dealing with medical or

electronic waste, while AquaTrash ensures higher annotation reliability. Thus, selecting

the optimal dataset depends on balancing factors such as category diversity, annotation

accuracy, real-world applicability, and computational requirements.

3.5 Visual Descriptor Extraction and Visual Descrip-

tor Matching

The core tools for descriptor extraction, matching, and analysis in our implementation,

under the name Gripsort1, are VDE (Visual Descriptor Extraction) and VDM (Visual

Descriptor Matching) [33, 34]. These applications extract and match MPEG-7 visual

descriptors from images, allowing for low-level visual characterization based on pro-

vided images and regions of interest. When two descriptions are compared, a distance

measure is computed, usually ranging from 0 to 1000, in few cases up to around 1500.

Both tools feature a simple command-line interface and operate somewhat e�ciently.

The descriptor extraction can take form a third of a second up to few seconds de-

pending on the resolution of the image. The matching process always takes about a

thirtieth of second as the amount of attributes inside one XML �le ranges from 717



3.5. VISUAL DESCRIPTOR EXTRACTION AND VISUAL DESCRIPTOR MATCHING 15

to 737. This range was observed when extracting descriptors from the images in the

TrashNet dataset, as the number of dominant colors ranged from 3 to 8 and each has

4 attributes.

MPEG-7 o�ers multiple ways to de�ne regions for descriptor extraction, including

global extraction (from the entire image), binary masks (for speci�c regions), region

maps (for segmentation-based extraction), and bounding boxes (de�ned by coordi-

nates). Due to the nature of the data we used this work we could a�ord to extract

globally.

The extracted descriptors characterize key image features:

1. Color Descriptors: Dominant Color captures main colors and their distribution,

Color Structure combines global and local color information, Color Layout pro-

vides a compact, resolution-independent representation, and Scalable Color ap-

plies a Haar transform to a color histogram.

2. Texture Descriptors: Homogeneous Texture quanti�es texture patterns, while

Edge Histogram captures the spatial distribution of edges.

3. Shape Descriptors: Region-Based Shape describes objects by analyzing both con-

tour and internal pixels, while Contour-Based Shape captures key contour fea-

tures using a Curvature Scale-Space (CSS) representation.

All of these descriptors are described in more detail previously in Chapter 3.2.

VDE extracts descriptors from various image formats and outputs metadata in plain

text or XML. VDM then computes distances between descriptors from the XML �les

based on MPEG-7-de�ned metrics, allowing for e�cient image comparison. As possibly

e�cient as it could be, these distances are eight dimensional which creates problems

when comparing them. We explore this problem further in Section 4.5.
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Chapter 4

Implementation

4.1 Installation Guide

To replicate our setup, start by downloading the following �les from the download sec-

tion of the previously mentioned author's website [34]: the VDE executable, the VDM

executable, the VD DLL �le, and the accompanying documentation.

Once downloaded, create a new folder and extract all the �les into it. Next, down-

load and install OpenCV version 1.0 [35] into the same folder. Since this program is

somewhat outdated, it requires two DLL �les that are no longer included in modern

Windows installations. You'll need to download the 32-bit versions of libguide40.dll

[36] and possibly msvcr71.dll [37] as well. After downloading, place both DLL �les in

the same folder alongside the other program �les.

At this point, both VDE and VDM should be ready to use.

The program used to extract MPEG-7 visual descriptors is called Visual Descriptor

Extraction (VDE). To extract a global descriptor, simply provide an image in one of

the supported formats. The program can also generate an output using a region map,

region mask, or bounding box description for speci�c areas of interest within the im-

age. Results can be saved in either plain text or XML format. For matching MPEG-7

visual descriptors we use the program called Visual Descriptor Matching (VDM). It

calculates descriptor distances based on the XML �les generated by VDE after extract-

ing descriptors from the images. The distance calculations follow the de�nitions for

matching provided by the MPEG-7 standard [14].

Both VDE and VDM are console-based applications, meaning you'll need to run them

through the Command Prompt. To open the Command Prompt, press Win + R,

type cmd, and hit Enter. Then, use the 'cd' command followed by the full path to

the folder where you installed VDE and VDM to navigate to the correct directory.

From there, you can run both programs according to the instructions in the provided

documentation mentioned in the initial step.

17
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4.2 How Does This Work

Figure 4.1: Work�ow of Gripsort 1

Figure 4.1 shows the whole process. It starts in the real world with waste in land�lls,

on conveyor belts of sorting facilities, in peoples homes (Figure 4.1 part 1.). Then

photos are made and images are annotated with metadata. For this work we used

annotated photos from TrashNet. These photos are good for our theoretical needs as

they have a consistent light-colored background, the aspect ratio of 7:5 (512 x 384 px)

and are annotated into six simple classes (Cardboard, Glass, Metal, Paper, Plastic,

Trash). These photos were taken in a controlled environment, possibly at home. The

also mentioned EDICO dataset [15] contains around 1000 images, that have a di�erent

style of annotation. The EDICO dataset photos were taken on a conveyor belt and

their metadata is much di�erent. First important metadata (Figure 4.1 part 2.1.) they

contain, are bounding boxes representing only one piece of waste. This allows for

better extraction of descriptors as global extraction from a conveyor belt would only

yield nonsense. The second type of data, hyperspectral data, allow for categorization

using the electromagnetic spectrum.

Since we decided to base our work on the TrashNet dataset, the EDICO dataset was

not suitable for cross-testing between them, as unlike TrashNet, EDICO images have

a black background and are under a di�erent lighting. This in�uenced our decision to

ultimately not to use this dataset in this work and reserved it for further works. Such

data will need its own manually annotated dataset with the likes of TrashNet for future

use.

4.2.1 Extraction

The work�ow (Figure 4.1, parts 2.2. and 2.3.) continues with the global extraction of
visual descriptors from all images inside the TrashNet dataset. We can a�ord to do this,
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due to the nature of the photos, as mentioned before. From an image we extract every
out of the eight descriptors (ScalableColor � SC, DominantColor � DC, ColorLayout
� CL, ColorStructure � CST, HomogeneousTexture � HT, EdgeHistogram � EH,
ContourShape � CS, RegionShape � RS). As an exmple, for the output shown under
Figure 3.1 a command like this would be used:

vde.exe -d SC DC CL CST HT EH CS RS -i bottle.jpeg -o bottle.xml

The Scalable Color Descriptor has a �rm 256 attributes under the 'Coe�' tag. The
Dominant Color Descriptor has one attribute under 'SpatialCoherency' and each 'Value'
has four attributes, one under 'Percentage' and three under 'Index' representing the
RGB values of a color. In total the DC can have up to 33 attributes. Next the Color
Layout Descriptor has one attribute in 'YDCCoe�', 'CbDCCoe�' and 'CrDCCoe�', 5
in 'YACCoe�5' and 2 in 'YACCoe�5' and 'CrACCoe�2'. In total CL has 12 attributes.
Next 256 attributes are added by 'Values' in the Color Structure Descriptor. That
brings us to 557 attributes from the color descriptors. From the texture descriptors,
the Homogenous Texture Descriptor has 1 attribute in 'Average' and 'StandardDevia-
tion' and 30 attributes in 'Energy' and 'EnergyDeviation' each, totaling 62 attributes.
The other descriptor, the Edge Histogram Descriptor has 80 attributes in 'BinCounts'.
In total the texture descriptors have 142 attributes. Lastly the shape descriptors have
38 attributes. The Contour Shape Descriptor has 3 attributes, 1 in 'HighestPeakY'
and 2 in 'GlobalCurvature'. The Region Shape Descriptor has 35 attributes in 'Mag-
nitudeOfART'.
Overall each XML �le has up to 737 attributes (integer values). The program used
for descriptor extraction (vde.exe) can process only one image at a time, so a Python
3.11.9 script was made to automate this process. To call vde.exe using python a simple
sub-process call can be used.

output_file = Path(output_dir) / f"{image_file.stem}.xml"

cmd = [vde_path, "-d", "SC DC CL CST HT EH CS RS", "-i", str(image_file),

"-o", str(output_file)]

subprocess.run(cmd, stdout=subprocess.DEVNULL, stderr=subprocess.DEVNULL)

One �le descriptor extraction using an image from the TrashNet dataset takes on
average 0.205 seconds. The 'image_�le' variable contains the absolute path to an
image, 'vde_path' contains the absolute path to the vde.exe and 'output_dir' contains
the absolute path to the output directory. To make batch processing easier, we use
regex to recursively process only images we want from the directories.

image_files = [f for f in i_p.rglob("*") if regex_pttrn.match(f.name) and

(len(f.relative_to(i_p).parts) <= depth)]
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4.2.2 Matching

Next part of the work�ow process (Figure 4.1, part 2.4.) requires understanding the

descriptor matching of the VDM. The matching is done between two XML �les and

produces eight values, one for each descriptor. A matching process between two XML

�les takes on average 0.034 seconds. SC, CL, CST, HT, EH, CS, RS have values usually

ranging between 0 and 1000 in some cases reaching values of 1500. The lower the value

the more similar the two images are to said descriptor. DC is an exception as it can

reach negative values, here a more complex approach to similarity was taken, where

�rst we match image 1 with it self on DC, we then subtract the result from the previous

DC and then we return the absolute value (abs(f-dc_lim)). 'f' represents the value of

matching two XML �les on DC and 'dc_lim' the value of matching DC of the �rst

XML �le with itself.

The same problem with matching large amount of �les appears here as it did with

extraction, so again a python script was made. The program vdm.exe [34] has a

limitation, where only four descriptors could be matched at a time so �rst we extracted

SC, DC, CL, CST and then HT, EH, CS, RS, merging them in the end.

cmd = [vdm_path, "-d", "SC DC CL CST", "-n1", str(input_dir) + "\\" + str(f1)

+ ".xml", "-n2", str(input_dir) + "\\" + str(f2) + ".xml", "-o",

str(output_dir) + "\\" + str(f1) + str(f2) + "-1.txt"]

subprocess.run(cmd, stdout=subprocess.DEVNULL, stderr=subprocess.DEVNULL)

cmd = [vdm_path, "-d", "HT EH CS RS", "-n1", str(input_dir) + "\\" + str(f1)

+ ".xml", "-n2", str(input_dir) + "\\" + str(f2) + ".xml", "-o",

str(output_dir) + "\\" + str(f1) + str(f2) + "-2.txt"]

subprocess.run(cmd, stdout=subprocess.DEVNULL, stderr=subprocess.DEVNULL)

...

temp_1_floats = parse_floats_from_file(temp_1_path)

temp_2_floats = parse_floats_from_file(temp_2_path)

float_array = temp_1_floats + temp_2_floats

In this script 'vdm_path' represents the absolute path to vdm.exe, 'input_dir' and
'output_dir' the absolute path to the input and output directories respectively, 'f1'
and 'f2' extension-less names of �les to be matched. In the second part of the code
snippet, 'temp_1_path' and 'temp_2_path' contain the absolute path to both half
of the matching result as explained above. Figure 4.2 represents an example of two
images being matched as explained in this subsection, accompanied by a command line
inputs.
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vdm.exe -d SC DC CL CST -n1 glass2.xml -n2 glass3.xml -o temp-1.txt

vdm.exe -d HT EH CS RS -n1 glass2.xml -n2 glass3.xml -o temp-2.txt

Figure 4.2: Matching between glass2 (left) and glass3 (right). Matching distance on

each descriptor: {SC, DC, CL, CST, HT, EH, CS, RS} = {63, -919.667, 2.44949, 193,

613, 30, 0, 31}

This understanding of matching will become important in all upcoming experiments

especially the rest of part 2.4., part 3.1. and part 3.2. of the work�ow (Figure 4.1).

4.3 Initial Experiments

As another experiment in part 2.4. of the work�ow (Figure 4.1) we conducted some

matching experiments within the TrashNet dataset. For these experiments we created

our own grading system. Since the matching of two XML �les (further referred in this

section as images) compares them descriptor by descriptor, it produces eight values.

Two images match on a descriptor if the value in produced by the matching is lower

than a certain threshold. In our tests this threshold was set to 100. The lower the

threshold, the better will the results be, but less images will match these criteria.

The grading system is shown in the table below (Table 4.1).

Match Type Description

Perfect Match Two images matched on 7 or more (8) descriptors

Good Match Two images matched on 6 descriptors

Match Two images matched on 5 descriptors

Questionable Match Two images matched on 4 descriptors

No Match Two images matched on 3 or fewer descriptors

Table 4.1: Match types based on descriptor counts.
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Using this simple grading system (visual example in Figure 4.3), from each class, except

the Trash class, in the TrashNet dataset, we picked few images and matched them with

all other images within its class.

Figure 4.3: Example of a perfect match between cardboard1 (left) and cardboard107

(right) and a program output of matching these two images. SC: 102.0 DC: -1574.13

CL: 8.24621 CST: 309.0 HT: 569.0 EH: 216.0 CS: 0.0 RS: 102.0 Perfect(7+)

The Cardboard class has the total of 403 images and we picked three images for this

experiment (Figure 4.4). First image we tested was 'cardboard1', a close-up image of

a cardboard box, �lling the whole frame. The results of 'cardboard1' were promising,

with 31 Perfect Matches (only two incorrect) and 107 Good Matches (13 incorrect),

resulting in an accuracy of 89.13%. Next we picked a di�erent close-up image of a

cardboard box, 'cardboard10'. This image performed similarly to 'cardboard1', with 9

perfect matches (only one incorrect) and 27 good matches (three incorrect). Lastly in

cardboard be conducted a more speci�c test, 'cardboard26' a photo of an open card-

board box. The matching on this image performed poorly, yielding just one perfect

match, no good matches, and since this was not enough data we counted the sim-

ple matches, achieving 84 matches, of which only 16 were correct. With matches it

achieved 20% accuracy.

Figure 4.4: From left to right: 'cardborad1', 'cardborad10', 'cardborad26'
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In the Glass class, which has 501 images, we experimented with two images (Figure

4.5). A wine bottle, 'glass11', and an empty jar, 'glass34'. The wine bottle achieved 15

perfect matches (7 incorrect) and 39 good matches (only 16 correct), with the overall

accuracy of 44%. The jam jar performed better, achieving 76 Perfect Matches (only 8

incorrect) and 48 Good Matches (with 20 incorrect), leading to an accuracy of 77.42%.

Figure 4.5: 'glass11' (left), 'glass34' (right)

From the Metal class, with 410 images, we chose two images (Figure 4.6). First

being 'metal16', a crumpled piece of aluminium foil. The aluminium foil achieved 3

perfect matches and 3 good matches (all correct), as well as 23 matches (only 9 were

correct) and with these matches it achieved an accuracy of 51.72%. The aluminium

can performed better with one perfect match and 23 good matches (only 4 incorrect),

achieving an accuracy of 83.33%.

Figure 4.6: 'metal16' (left), 'metal32' (right)

In the Paper class, which has 594 images, we experimented with only one image, that

being 'paper87' a paper envelope (Figure 4.7). The paper envelope achieved 45 perfect

matches (only 9 incorrect) and 62 good matches, half of which were incorrect. Overall

the envelope achieved the accuracy of 62.62%.
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Figure 4.7: 'paper87'

Lastly in the Plastic class, with 482 images, we, once again, picked one image. A plastic

bottle with a blue label and green cap, 'plastic14' (Figure 4.8). This bottle achieved

23 perfect matches (all correct) and 72 good matches (once again half incorrect). The

accuracy achieved was 60%.

Figure 4.8: 'plastic14'

These initial experiments furthered our understanding of image matching and showed

us practical examples of how it works. The grading allows for a useful benchmarking

tactic used further in park 3.2. of the work�ow (Figure 4.1).

4.4 Simple Clusterization

After understanding how the matching of images (XML �les) works, we tried group

the perfectly matching images together into clusters (Figure 4.1 part 3.1) using the

TrashNet dataset. As mentioned before, a perfect match between two images when all

seven or eight values in produced by the matching are lower than a certain threshold.

In this case it was again, 100. Other than simply testing the knowledge we acquired by

our previous experiments, these clusters were also formed to reduce the overall num-

ber of images in the dataset, speeding up any subsequent matching processes. These

clusters are very simple in nature, as they were simply created by selecting one image,

�nding all of its perfect matches and adding them to its cluster, then moving onto

next unassigned one. In reality some clusters would overlap, as images can be apart of

several clusters at once, but our approach disregards this (Figure 4.9).
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Figure 4.9: The left diagram shows a possible reality of perfect matches between three

images and the right shows how this relation will be shown in our simple clusterization.

Here we present a code snippet of the cluster assignment (the matching happening
there is left out as the code for such action was described before).

out_str += (str(dir_c) + str(tn) + " -")

... //matching between images happens here

i = 0

j = 0

for floatt in float\_array:

if(normalize\_floats(floatt, j) < thresh):

i += 1

j += 1

if(i >= 7):

nn = extract\_number(image\_file.stem)

xd[nn-1] = True

out\_str += (" " + str(nn))

Due to the programs localization for the TrashNet dataset, many variables are speci�c
to its �le structure. For example, 'dir_c' represents the type of waste (cardboard, glass,
etc.) and 'tn' the image number (together they make up strings like 'cardboard1',
'glass69', etc.). The '�oat_array' represents an array of the eight matching values.
The 'normalize_�oats' function adjusts the matching values as explained previously,
regarding DC reaching negative values. The 'image_�le' variable contains the absolute
path to the currently processed image and the function 'extract_number' extracts the
number just like 'tn'. Lastly 'xd' represents another an array that keeps record of
already processed images from the class.
Firstly, the current center of a cluster is added to the output string, then one by
one all unsorted images are matched with the current center. The for-loop and the
if statement check that it was a perfect match and add it to the cluster, making the
image unavailable for next matchings.
An example of a clusterization output is presented below:
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cardboard1 - 1 104 107 137 221 23 231 235 245 246 256 267 271 289 299 301

303 305 316 324 325 328 330 342 368 371 60 62 67 83

This symbolizes that the images in the cluster of 'cardboard1' are 'cardboard1', 'card-

board104', 'cardboard107', etc. Next we present some clusters that had the size of four

and more. We consider such clusters notable. The clusters carry the name of an image

of the de facto center image of the cluster. For each cluster we also show images that

are in that cluster.

From the Cardboard class we chose clusters 'cardboard1' and 'cardboard133' (Figure

4.10). The 'cardboard1' cluster has 30 images and is represented by the most common

full cardboard texture similar to the one shown in the initial tests. Many other clusters

were similar to 'cardboard1' due to the nature of the class itself. The other cluster

'cardboard133', has 5 images and is represented by a torn piece of cardboard against

a gray background.

Figure 4.10: Examples of clusters from the cardboard class: 'cardborad1' and 'card-

board133'

From the Glass class we chose clusters 'glass2' and 'glass25' (Figure 4.11). The 'glass2'

cluster is represented by a small glass cup and has 25 images. The second cluster from

this class was 'glass25' represented by an empty jam jar. This cluster was quite sizable

containing 51 images.
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Figure 4.11: Examples of clusters from the glass class: 'glass2' and 'glass25'

From the Metal class we chose clusters 'metal3' and 'metal17' (Figure 4.12). The

'metal3' cluster is represented by an aluminium beer can, with the size of 5, only

matching with other instances of itself. The other cluster, 'metal17', is represented by

a metallic lid and achieved the size of 12.

Figure 4.12: Examples of clusters from the metal class: 'metal3' and 'metal17'

From the Paper class we chose clusters 'paper11' and 'paper45' (Figure 4.13). The

'paper11' cluster is represented by a paper envelope, having the size of 16 and 'paper45'

is represented by a crumpled piese of paper, containing 5 images. The 'paper11' cluster

also contains few pieces of folded paper, since such images resemble a paper envelope

quite closely.
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