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TIVISTELMA

Viitoskirjassa tutkitaan hienovaraisten virisdvyerojen tunnistamista eri menetel-
milld. Hienovaraiset virisdvyerot ovat tdrkeitd eri sovelluksissa, kuten tervey-
denhuollossa, maataloudessa ja elintarviketeollisuudessa. Virisdvyerojen avulla
voidaan luokitella ja tunnistaa kuvista kiinnostavia piirteitd. Tdssd viitoskirjassa
keskitytddn hienovaraisten vérisivyerojen tunnistamiseen painotuotteista, ja yksi
tutkimuksen sovelluskohteista ovat ns. funktionaaliset musteet. Funktionaalisten
musteiden avulla voidaan valmistaa edullisia ei-elektronisia indikaattoreita, jotka
ilmoittavat esimerkiksi tuotteen ldmpotilan tai kosteuden varinmuutoksen avulla.

Viitoskirjassa kdytetddn virisdvyerojen laskenta-algoritmeja sekd valvomatonta
(unsupervised) ja valvottua (supervised) koneoppimista hienovaraisten virisdvye-
rojen tunnistamiseen. Virisdvyerojen laskennassa kiytetdin uusimpia ja tarkoi-
tukseen parhaiten soveltuvia matemaattisia kaavoja. Valvomattomissa menetel-
missd hyddynnetdin erilaisia ryhmittelymenetelmié (clustering). Valvottujen me-
netelmien osalta tutkitaan yleisimpid neuroverkkorakenteita (convolutional neural
network). Viitoskirjan kokeellisissa osissa pyritddn 10ytdmadn ne menetelmit, joil-
la hienovaraiset sdvyerot voidaan tunnistaa parhaiten.

Virisdvyerojen laskenta-algoritmit pystyvét tunnistamaan riittivin suuria vériero-
ja todellisissa kéyttotapauksissa. Ryhmittelymenetelmét toimivat tarkemmin kuin
laskenta-algoritmit ja mahdollistavat myds pienempien virisdvyerojen havaitse-
misen. Parhaat tulokset saavutettiin konvoluutioneuroverkoilla, joista ResNet-
34 osoittautui testeissd tarkimmaksi. Téatd arkkitehtuuria muokattiin edelleen
kédyttotarkoitukseen sopivammaksi. Sopivin neuroverkko saatiin, kun viimeinen
yhdistidvd kerros muutettiin keskiarvolaskennasta maksimilaskentaan. Téssd ark-
kitehtuurissa kéytettiin myos gradienttien keskittdmistid osana oppimisprosessin ta-
kaisinkytkent4a.

Eri menetelmiin vaikuttavat merkittdvisti kuvien hiiriét ja kuvien laatu. Ku-
vien esikdsittelylld on tirkei rooli, kun viitoskirjassa esiteltyjd menetelmii otetaan
kdyttoon eri sovelluksissa. Kéyttotarkoituksesta riippuen ryhmittelymenetelmét
voivat tarjota paremman hyoty—panossuhteen kuin monimutkaisemmat neurover-
kot. Tdma johtuu siitid, ettd ryhmittelymenetelmit eivit vaadi aineiston keruuta tai
neuroverkon kouluttamista. Ndaméd menetelmiit eivdat myoskdin pyri oppimaan pai-
notuotteen paperin ominaisuuksia.

Avainsanat: tekoily, koneoppiminen, viriero
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ABSTRACT

The dissertation investigates the identification of subtle colour differences using
different methods. Subtle colour differences are important in applications such as
healthcare, agriculture, and the food industry. Colour differences can be used to
classify and identify features of interest in images. In this dissertation, the focus is
on identifying subtle colour differences in prints, and one use for the results of the
dissertation are functional inks. Functional inks can be used to create inexpensive
non-electronic indicators that can trough colour change tell the product’s tempera-
ture or humidity, for example.

In this dissertation, colour difference calculation algorithms as well ass unsuper-
vised, and supervised machine learning methods are used to identify subtle colour
differences. The colour difference algorithms use the newest and most suitable for-
mulas developed. For unsupervised methods, different clustering algorithms were
used. For supervised learning, the most common architectures were explored. In
the various experiments in the dissertation, the aim was to find the methods that are
ideal for identifying subtle colour differences.

Colour difference algorithms can be used to identify colour differences that are
significant enough in real-life use cases. Unsupervised methods work better than
colour difference algorithms and can be used to identify smaller differences. The
best results were achieved with convolutional neural networks, of which ResNet-34
proved to be the most accurate in the tests. This architecture was further modified
to better suit the use case. The best architecture turned out to be the version in
which the last connecting layer was changed from average pooling to maximum
pooling. In this architecture, gradient centralisation was also used as part of the
backpropagation of the learning process.

The different methods are significantly affected by the disturbances in the images
and the quality of the images. Image preprocessing plays an important role when
the method presented in the dissertation is put into practice. Depending on the use
case, unsupervised clustering methods can lead to a better effort-outcome ratio than
more complex supervised neural networks. This is due to the fact that unsupervised
methods do not necessitate the prior collection of labeled datasets or the training of
neural networks. Moreover, these methods do not explicitly aim to learn or model
the underlying structure of the input data.

Keywords: artificial intelligence, machine learning, colour difference
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1 INTRODUCTION

The recognition of colours, their classification, and separation is useful for many in-
dustries, including healthcare, the food industry, and manufacturing. This research
was originally sparked by the fast-moving consumer goods (FMCG) and food in-
dustry sectors. Especially in these industries, consumers and end users will be more
interested in the life cycle of products they use, and the exchange of information
between consumers and producers has a high value (Golan et al., 2004; Isohanni,
2022). Consumers and industry are also more aware of CO, emissions, and espe-
cially in the food industry, of the safety of food and its sources. In response, an
increasing level of data needs to be collected and used. IoT devices and printed
electronics are looking to create data from various life-cycle events, but the prices
of these devices are too high for certain low-cost items. Also, integration to most
consumer items is not possible as many items have a short life-span and their unit
price is low. In such cases, printed indicators with functional inks might play an
important role. Functional inks work by interpreting their status through colour
change; but reading these colour values with mobile devices is currently not reli-
able or accurate, especially when subtle changes are considered.

Colour recognition in controlled environments, or with clearly separate colours, is
a trivial task in computer vision. Colour recognition can be done either by using
colour difference algorithms or by machine learning. When colours become closer
to each other, the task becomes more challenging and achieving the same accuracy
as human vision is not certain. This applies especially in real-life use cases, and
these subtle colour changes can be meaningful, as shown later in the dissertation.
The word ’subtle’ is not a scientific term and must be defined in more detail when
used. In this dissertation, colours are seen to have a subtle difference if their Delta-
E (AE) is below 10. Delta-E is a metric that quantifies the difference between two
colours in a colour space, typically LAB (Luo, Cui, & Rigg, 2001). Delta-E is
widely used in industries such as printing, textile industry, healthcare, and digital
imaging to measure colour accuracy.

An example of the role of colour change is presented in Figure 1. where the ther-
mochromic ink works as an indicator. In this example, the indicator gives consumer
information on whether the beer is at the correct drinking temperature by interpret-
ing the temperature of the bottle. If the bottle is too warm (more than 7°C), the
green bar at the bottom of the Datamatrix becomes transparent.

Functional inks have the characteristics of working through chemical reactions that
change the state of the optical properties of the ink — i.e. the colour. Chemical
reactions are influenced by current environmental conditions such as temperature,
humidity, and some gasses. The functional inks appear in two stages; the stage that
applies when condition A is valid, and the stage that applies in condition B. For
example, the functional ink can appear transparent when the temperature is below
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Figure 1. Thermochromic indicator in a beer bottle (photo: UpCode Ltd).

60°C, and red when the temperature is above 60°C (Harvey, 2007). A good example
of a functional ink is the thermochromic ink used in the TagltSmart Horizon2020
project (Figure 2). This ink changes colour if the temperature of the ink is above or
below 7°C. In this demonstration, the ink reversibly changes colour, but the change
can also be irreversible (Bilgin & Backhaus, 2017). Functional inks have the advan-
tage of being non-electronic which helps their recycling, and they are also suited for
high-speed printing processes (conventional, non-conventional, and hybrid), which
makes them suitable for many products. The mentioned properties are useful when
consumers are the main user group, as functional inks will not require consumers to
take any extra action. The indicator colour can be read either by visual inspection
or by a mobile application (Isohanni, 2022).

e pant BOCK's dryckerm
W legendariska pla

Alt

d' GPukinkuiman’
+3 ten ruokapoytic
s Bock/sin juomd!
BRI amalla lgend
BierigeGrlf
Braumejsie”‘

Figure 2. Example of the colour change in functional inks.

Mobile devices are now used by almost all consumers, which makes them attractive
for use in different applications. If functional ink is used in consumer products,
it would enable consumers or other end-users to read indicator data using smart-
phones. This requires accurate colour recognition so that the consumer / end-user
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can trust the data provided by the indicator. In recent history, we have seen many
use cases in which mobile devices have been used for colour recognition. In their
research, Angelico et al. (2021) developed an app to recognise a limited range of
infant stool colours with mobile devices, and the accuracy of their solution was al-
most 100%. Yang et al. (2021) proposed a solution that can estimate the organic
matter content of the soil under ideal lighting and soil preparation conditions; but
faced a challenge of sharing the parameters between devices. Yulita, Amri, and
Hidayat (2023) trained a DenseNet model for the detection of tomato leaf disease
using a mobile application for image capture and achieved 95.7% accuracy. Teren-
san, Salgadoe, Kottearachchi, and Weerasena (2024) showed the power of smart
phones and developed an app that can identify blast and brown spot diseases by us-
ing K-means clustering, and their app worked with an accuracy of 84.3% and could
identify diseases without the knowledge of experts.

As shown in the previous research mentioned above, mobile devices have great po-
tential in both colour recognition and in the recognition of colour differences. The
characteristics of the devices and cameras must be taken into account when solu-
tions are developed, and appropriate methods must be used to ensure the accuracy
and reliability of the solution. These past applications also show that colour recog-
nition can be done in many different ways. However, the previous mentioned and
other research have focused on various other domains of colour recognition than
printed ones, and the earlier research is more carefully examined in Section 1.1.

Printed colours depend on the printer (and its settings), ink, paper, and printing
conditions, and combination defines how the final colour appears (Mangin & Silvy,
1997). If multiple printers are given the same command ’print 100% blue’, the
results will vary between printers, and even with the same printer, different results
are produced over time.

In this research, the colours are recognised from printed samples (Figure 3). In the
samples used, the colours are embedded inside a QR code for two reasons. Firstly,
the areas within the QR code can be easily extracted for further processing. In
addition, QR codes simulate the usage of functional inks as part of the item label,
and in terms of the presented research, make it more efficient to incorporate the
results of this dissertation into production (Isohanni, 2022).

EAE  EAE  ESE EBSE  ESE
m%;- m%g- m%;- m%g- El%g-
20% 40% 60% 80% 100%

Figure 3. Example of the dataset used.

The presented use case is prone to noise that comes from the structure of the paper,
the printing quality, and the imaging pipeline. In optimal conditions, the colours
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printed on the paper substrate would be constant throughout the surface. However,
when the ink intensity becomes lower, the structure of the paper becomes more
visible, leading to more noise. Another noise source is the quality of the print, and
depending on the printing method used, the pattern of the print can produce noise
and make the colour appear uneven (Figure 4). The print pattern can be so unique
that it can be used to identify the printer (Ali et al., 2004). Partly, these sources
of noise can be managed by image processing methods, and this dissertation looks
at whether the methods used can manage noise as well. The last source of noise
is the imaging pipeline, where electronic signals are converted into the final image
(see Section 2.3). But this source of noise has only a limited influence on the use
case presented, as other sources of noise are more meaningful, and the noise of the
imaging pipeline is reduced by applying blur to images.

With the use case presented in this dissertation, uneven and varying conditions and
ambient light have their influence on the colour information. The effect of un-
even ambient illumination 1s mitigated by the limited spatial extent of the area from
which colour information is acquired, thereby minimising the influence of lighting
non-uniformities on the accuracy of colour measurement. However, dynamic or
fluctuating conditions - such as changes in lighting, background, full shadows and
paper colour - represent a more substantial challenge, as they can compromise the
stability and reproducibility of the captured data (Figure 4) and in real life, dust,
dirt, and tampered colours make the challenge even more complex. Ambient light
conditions cannot be strictly controlled, as consumers use mobile applications in
many different environments. To tackle this common issue, image auto-levelling
can be used to make the solution presented more generally applicable. In image
auto-levelling, the brightness and contrast of a digital image are automatically ad-
justed to enhance its overall appearance. The goal is to enhance the visual quality
by distributing the intensity values (brightness) more evenly across the available
range, often from the darkest black to the brightest white. Image auto-levelling ad-
justs the pixel values so that the darkest and brightest regions are stretched to fit
the full dynamic range of the image. The references for darkest and brightest re-
gions are known as source data and contain regions with no-colour and those which
are totally black (Limare, Lisani, Morel, Petro, & Sbert, 2011). A more advanced
solution would be to add white-balance or similar corrections to the image, which
could be helpful when adapting the solution to different ambient light temperature
conditions. But as matters of imaging scene in the use case, close range to object,
and a low number of colours present, such algorithms are not suitable to be used in
the presented use case.

This dissertation offers a novel contribution to the fields of computer vision and
machine learning by providing a comparative analysis of various methods for subtle
colour difference recognition. Additionally, the dissertation compiles a collection
of approaches suitable for diverse use cases in the recognition of colour differences.
The dissertation also supports the development of functional inks and their use cases



Acta Wasaensia 5

Figure 4. Examples of the different environments, paper and printer noise.

by using new methods that can accurately recognise colour or its change. Indirectly,
the dissertation also provides new information for the development of QR codes if
colours are embedded in the QR code for a specific reason. With this information,
more use case-specific smart tags can be developed with functional inks, and the
information that is read from the smart tags will be more trustworthy and accurate.

1.1 Related past research

This dissertation is structured in such a way that the colour difference algorithm
CIEDE2000, unsupervised and supervised learning are explored. The methods are
then compared, and the relevant past research related to each of the methods is
described in this section. In previous research, many approaches for colour recog-
nition have been used. Notably, some of the earlier research has been conducted
long ago in the 1970s and 1980s, before artificial intelligence emerged during the
2010s.

The mathematical methods in colour difference calculation are widely used and de-
veloped. The most recent version of industrial standard is the so called CIEDE2000
(CIEQO) by CIE (International Commission on Illumination), which calculates the
difference between two colours, building on the previous models CIE76 and CIE94.
The formula is particularly designed to address perceived colour differences across
the colour space. CIEDE2000 has been used in many studies where the colour
difference is matched against human perception or in general colour comparison.
Examples of such research are rice colour recognition by Nguyen, Vo, and Ha
(2022) and mortar colour difference recognition by Lépez, Guzman, and Di Sarli
(2016). Previous research by other researchers (e.g. Ghinea et al. (2011, 2010);
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Mangine, Jakes, and Noel (2005); Pecho, Ghinea, Alessandretti, Pérez, and Della
Bona (2016)) shows that mathematical methods are useful when the differences in
colour are large or when the environment can be controlled. Using such an en-
vironment, the authors showed that mathematical methods can be used in small
colour difference recognition. The work done in the context of dental ceramics
(e.g. Ghinea et al. (2011, 2010); Pecho, Ghinea, Alessandretti, Pérez, and Della
Bona (2016)) shows that the CIEDE2000 algorithm can be used when there are
small differences in the colours. In all of these previous studies, mathematical al-
gorithms have been used in a very controlled environment, and they have focused
on capturing colour information from surfaces which are quite solid in colour. In
this dissertation, mathematical methods are used to calculate the difference of two
colours (Article I).

Unsupervised learning (Article IT) has been mostly used for colour segmentation
when it comes to colour recognition. Colour segmentation aims to identify and iso-
late distinct regions within an image based on their colour attributes. This process
typically involves algorithms that analyse the pixel values of an image, grouping
similar colours to clusters to create meaningful segments that can be further pro-
cessed or analysed. Such clustering can be used for colour recognition if pixels
with the same colour belong to one cluster. In the past, unsupervised learning,
mainly clustering, has been used, for example, in agriculture (e.g. Abdalla, Cen,
El-manawy, and He (2019); Al-Shakarji, Kassim, and Palaniappan (2017); Di Gen-
naro, Toscano, Cinat, Berton, and Matese (2019); Fuentes-Pefailillo, Ortega-Farias,
Rivera, Bardeen, and Moreno (2018)) and healthcare (e.g. Khan et al. (2021);
Rundo et al. (2020)). The mentioned past research articles show that unsupervised
clustering has its use cases in colour image segmentation. But past research has
also shown that unsupervised learning has its challenges when colour differences
between segments are small or when segments do not have clear edges. The big
difference from previously mentioned mathematical methods is that unsupervised
methods have been used in environments which are not so strictly controlled. How-
ever, even though these past studies were working with colours, they do not directly
focus on the recognition of colour differences in printed sources.

Past studies on supervised learning are loosely related to the approach presented in
this study (Articles III & IV). However, they have explored the use of colours in ar-
tificial neural networks in different contexts or as features of broader object recogni-
tion tasks (Anandhakrishnan & Jaisakthi, 2022; Arsenovic, Karanovic, Sladojevic,
Anderla, & Stefanovic, 2019; Lai & Westland, 2020; J. Wu et al., 2019). These
research articles are examples of the use of supervised learning in the context of
colour recognition. But although they only use colour as one feature and state that
using many features is advantageous when it comes to colour recognition, they give
directions for future research. Many other past studies have demonstrated the power
of convolutional neural networks (CNNs) (e.g. Apriyanti, Spreeuwers, Lucas, and
Veldhuis (2021); Atha and Jahanshahi (2018); Boulent, Foucher, Théau, and St-
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Charles (2019); Biiyiikarikan and Ulker (2022); Engilberge, Collins, and Siisstrunk
(2017); Przybyto and Jabtonski (2019); Q. Zhang et al. (2018)) in use cases that
relate but are different, as they do not cover subtle colour difference in printed
sources. Of the mentioned research, Atha and Jahanshahi (2018) found out that
CNN’s, especially ZFNet, can classify items based on small differences. The work
by Biiyiikarikan and Ulker (2022) also proved that various CNN’s can estimate the
illumination of images obtained in varying light colours, and this study is quite well
related to the approach presented in this dissertation. However Biiylikarikan and
Ulker had a special setup for image capturing and a larger surface area for colour.
Colour identification does not always need a deep network with a large amount of
parameters, as Zhang et al. showed, as they were able to classify eight different
colours with their custom lightweight CNN. Apriyanti et al. (2021) were able to
use different CNN’s to classify flower colours into five categories. As can be seen,
past research has shown that CNNs are well suited for colour recognition or similar
tasks. Research has further shown that CNN’s ability to automatically learn hierar-
chical features (such as intricate patterns and variations) from images is useful for
the recognition of colour differences.

As a summary of the past research, there are many studies that relate to this disser-
tation as they have looked into colour or colour difference recognition. What makes
this dissertation different is the use of printed colours as a dataset. Such data sets,
using printed colours and collected in a non-controlled environment, have not been
collected in the past. Another new contribution is the recognition of subtle colour
differences in printed sources, in which mathematical, unsupervised, or supervised
methods were used, and such comparisons have not been performed in the past.

1.2 Obijectives and research methods

Previous scientific research has focused on use cases where the coloured sample
areas occupy a relatively large portion of the object (e.g., cars or fruits with a dom-
inant surface colour), or scenarios with clear chromatic deviations. Many studies
have relied on high-quality cameras designed for surveillance or photography, such
as SLR cameras. In prior neural network research, colour has typically been treated
as only one of many item features.

The main research problem addressed in this dissertation is the reliable detection
and classification of subtle colour differences with machine learning and colour dif-
ference metrics. The objective is to investigate methods for recognising colours and
their intensity from printed sources, particularly in cases where the colour sample
areas are small and no accurate colour reference is available. The small colour area
is not typically influenced by shadows or uneven ambient light, so research focusses
purely on colour difference recognition.
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The study aims to evaluate and compare different technical approaches including a
non-learning-based colour difference algorithm, an unsupervised clustering meth-
ods, and supervised neural network models for their applicability in real-world use
case, where images are captured with mobile devices. The research focusses on
adapting and extending existing methodologies to a context where colours are em-
bedded within a printed QR code marker, simulating an colour changing indicator.

1.3 Contributions
1.3.1 Article |

This article demonstrates that embedding functional ink within traditional markers
does not negatively impact the decoding performance of smart tags. The article
explores the effectiveness of the CIEDE2000 colour-difference algorithm in detect-
ing indicator states, with a specific focus on its performance in different parame-
ter combinations. CIEDE2000 parameters account for differences in lightness (L
*), chroma (C *), and hue (H *), and these parameters incorporate corrections for
chroma compression and hue interactions to align with human visual perception.
Adjustable weighting factors of the parameters allow the algorithm to be tailored
for specific applications, ensuring a more accurate assessment of colour. Among
the parameter weights tested, the combination CIEDE2000(2.76, 1.58, 1) demon-
strated the best performance, particularly in scenarios involving low-intensity func-
tional ink. The article highlights the need for future studies to address absolute
colour-value detection and improve colour recognition accuracy, especially for low-
intensity colours in functional inks.

1.3.2 Atrticle Il

Article II evaluates the effectiveness of prevalent unsupervised learning techniques
in detecting and differentiating printed colours on paper, with a specific focus on
CMYK ink levels. This shows that unsupervised clustering methods can reliably
identify colours within QR codes when the CMYK saturation difference is 20% or
higher in at least one CMYK channel. The article highlights the performance of
K-means in recognising colours even when CMYK saturation is equal to 10%, al-
though its accuracy is notably reduced for the yellow and magenta channels. The
results suggest that a minimum saturation of 20% in one CM YK channel is essential
for reliable colour detection using unsupervised learning techniques. Using only a
10% difference is possible, but this might lead to incorrect predictions. The arti-
cle highlights the need for further research or alternative unsupervised methods to
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handle low ink densities below 5%.

1.3.3 Atrticle lll

Article III applies standard CNN architectures to identify printed colours from mo-
bile phone captured images, where images are pre-processed and stored in datasets
with varying CMYK colour intensities. Although most CNN models performed
well with colour differences of 10% or more. The best models were DenseNet (77%
accuracy) and ResNet (95% accuracy) when very subtle (under 10%) colour differ-
ences were used. ResNet’s residual connections and skip connections contributed
to its strong performance, although it is prone to overfitting. This study sets a base-
line for CNN colour classification, but more research is required on fine-tuning,
optimisation, and preprocessing methods to enhance performance.

1.3.4 Article IV

Article IV introduces a customised ResNet-34 architecture designed for the accu-
rate recognition of subtle colour differences when the colour difference is 10%
or less. By modifying the standard ResNet-34 based on previous research, the
model achieved an accuracy of 98% in colour classification, validated through a
five-fold cross-validation. The colour dataset undergoes colour correction, image
pre-processing, and data augmentation prior to training. The proposed model high-
lights key modifications, such as adding max pooling after residual block operations
or replacing the final average pooling layer with max pooling. These adjustments,
combined with gradient centralisation, improve the model’s accuracy in detecting
variations in colour intensity, demonstrating the effectiveness of custom ResNet ar-
chitectures for specialised image recognition tasks.

1.4 Structure of the dissertation

This dissertation is structured as follows, Sections 2 and 3 cover the various tech-
nologies to an extent necessary for the rest of the dissertation. Section 4 covers the
datasets and methods used in Articles I-IV. Section 5 discusses the results of each
article individually and as a whole. Section 6 presents a discussion of the research
results, and Section 7 summarises the dissertation as conclusions.
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2 DIGITAL IMAGES AND COLOURS

The colours we see are electromagnetic waves of different wavelengths (Figure 5)
and visible radiation. Depending on the wavelength of the wave, it can be observed
in different colours. The human eye recognises colours based on light that is re-
flected from an object or sent by a source into photoreceptor cells by light sources.
The electric signals from the cones of photoreceptor cells are then sent to the brain
to process and form vision. The spectrum that the human eye can recognise starts
with violet at wavelengths below 400 nm. This lower limit of the spectrum cannot
be exactly defined, but it starts around 380-400 nm. Human vision is most reactive
at approximately 555 nm (yellowish green). And then starts to fade away, finally
ending at far reds, somewhere around 700-780 nm. The human eye has three types
of colour photoreceptor cells, which react independently to green, blue, and red
light. Each colour has a specific wavelength range; however, the exact wavelength
range for each colour cannot be strictly defined. (Tooms, 2015)

Wavelength A(m)
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Figure S. Electromagnetic wavelengths (reproduced from Tooms (2015)).

Violet has the shortest wavelength in the visible spectrum (around 380—450 nm).
These high-energy wavelengths lie at the edge of what the human eye can perceive.
The blue wavelengths are about 450-495 nm, and these colours are often perceived
as cool. Green spans 495-570 nm. Green wavelengths are in the middle of the
visible spectrum; this range is where human vision is most sensitive. The yellow
wavelengths are between 570 and 590 nm. Orange ranges from 590 to 620 nm, and
the orange wavelengths are longer and are often perceived as warm. Red has the
longest wavelengths visible to the human eye, 620-700 nm, at the lower-energy end
of the visible spectrum. (Tooms, 2015)

The digital camera works in principle in the same way as the human eye. It cap-
tures electromagnetic waves as analogue signals and converts them into electronic
signals. The formation of digital images can be considered to occur in three phases.
Things that happen before the actual sensor, what happens in the sensor, and the
final processing of the sensor data. The purpose of the camera system as a whole
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is to transform the visible light reflected from the object(s) into a digital file. All
cameras are different depending on how much data storage and component space
they use; however, in principle they still work in the same way and produce digital
images. For example, high-quality single-lens reflex (SLR) camera’s and cell phone
cameras have a very different amount of physical space in their use. But in general,
all cameras are still built from the same general components / modules. (Hirsch,
2022; Nakamura, 2017)

Digital cameras have developed during the last few decades into systems that can
capture very fine-detailed information and are equipped with capacity to capture
images which have 10° ... 10® pixels and around 10? ... 10? intensity levels present
in several colour channels (Pak, Reichel, & Burke, 2022).

2.1 Pre-sensor

Before electronic waves arrive at the actual camera sensor and the final image is
formed, some phases affect how the final image looks and how colours are repre-
sented. The following subsections describe the main parts of the image-forming
process.

2.1.1 Lens

As Robert Hirsch explains in his book “Light and Lens: Thinking about Photogra-
phy in the Digital Age” (Hirsch, 2022), the main purpose of the lens is to collect
light rays coming from a subject in front of the camera and project them as images
onto a sensor.

The lens allows the camera to capture light in a very short time to form the final
image. The lens plays a crucial role in determining the field of view and its depth
(Hirsch, 2022). In mobile devices or other devices with limited physical space avail-
able, camera lenses are usually stacked in a holder tube (Figure 6). All lenses serve
a specific purpose in forming the final image. The holder tube can range from a
few millimetres to a tenth of a millimetre. The small space of a mobile phone cam-
era does not allow as fine-detailed control of parameters related to camera system
lenses used in larger cameras (Skandarajah, Reber, Switz, & Fletcher, 2014).

The lenses used on mobile phones have different purposes. Normal lenses function
without reduction or magnification to create two-dimensional images. These lenses
attempt to replicate human vision as closely as possible, including the field of view.
Wide-angle lenses (with short focal length) extend the field of view to wider scenes,
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Figure 6. A traditional stack of lens elements in the holder tube (reproduced from:
Bloss (2009)).

providing a greater depth of field. Telephoto lenses are the opposite of wide-angle
lenses and have a smaller depth of field, and allow taking photographs from greater
distances. The fourth lens type that can be found in mobile phones is the macro-
lens, which allows sharp and clear close-up photography.(Hirsch, 2022)

Mobile phones have very limited space with regard to the overall camera structure.
This also means that mobile phones cannot be equipped with highly moving lenses,
as featured in traditional cameras. Moving lenses allow cameras to adapt to different
distances, environments, and user needs. To overcome this restriction, manufactur-
ers of cell phone cameras have added multiple cameras with different lenses for
different purposes to their product range. One of the mobile phones with multiple
cameras is the Nokia Pureview, which has five 12-megapixel cameras (Nokia N9
product page, n.d.). In today’s popular mobile phones, users can easily find two or
three cameras with different lenses for photography.

When it comes to using mobile devices for special imaging, special equipment for
hyperspectral, thermal, or ultra-violet imaging has been developed.

2.1.2 Filters

Before visible light reaches the sensor within the camera, it passes through camera-
specific filters. These are called either colour filter array (CFA) or colour filter mo-
saic (CFM). Camera sensors (see Section 2.2) feature a grid of millions of individual
light-sensing elements (pixels), and are monochromatic sensors that react only to a
specific wavelength range. The neighbouring pixels record different wavelengths,
forming the basis for subsequent colour reconstruction. CFA or CFM is integrated
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into each pixel sensor. Filters are responsible for selectively transmitting specific
wavelengths of light, enabling each pixel to discern a particular colour channel of
red, green, or blue, if a common Bayer pattern is used. (Nakamura, 2017)

Figure 7. 5 x 5 Bayer CFA pattern (reproduced from: Bayer (U.S. Patent
3971065A, Jul. 1976)).

The CFA (or CFM) can be constructed in various ways, leading to different ap-
proaches to the final image reconstruction. One of the most common CFA designs
is the Bayer pattern (Figure 7), which consists of a 2x2 grid where each pixel is
assigned a red, green or blue filter. In the Bayer pattern, the green filters dominate
50% of the total. This pattern leverages the human eye’s increased sensitivity to
green light. However other designs than Bayer patterns are also used. (Bayer, U.S.
Patent 3971065A, Jul. 1976)

Before CFA (or CFM), there are usually at least infrared (IR) filters, which prevent
harmful wavelengths from entering the image sensor and negatively affecting image
quality (Nakamura, 2017; Wilkes et al., 2016).

2.2 Sensor

A digital sensor array converts the light it receives into digital information (pix-
els). There are different versions of the sensor array (EMCCD, SCMOS, CMOS,
and CCD), each of them working in a slightly different way and having their own
characteristics. The most popular are CMOS and CCD, which can be found in cell
phone cameras.

Charge-coupled devices sensors (CCDs) comprise an array of light-sensitive pho-
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todiodes integrated into a semiconductor substrate, typically silicon. Upon photon
absorption, each photodiode generates electron-hole pairs, initiating the accumu-
lation of photogenerated charge within the depletion region of the semiconductor.
The CCD orchestrates charge transfer through the lattice-like structure of the device.
This is facilitated by a sequence of potential wells formed by electrodes placed on
the semiconductor surface. At an operational level, the CCD sensor has an arrange-
ment of clocked voltages to shuttle charge packets across the pixel array. This pro-
cess is known as charge transfer, and it ensures that spatial information is preserved
while also mitigating noise and distortion. (Barbe, 1975; Nakamura, 2017)

CCD sensors have some advantages over CMOS, they are less prone to noise, pro-
vide higher quality, and are more sensitive to light (Cabello et al., 2007; Magnan,
2003).

Complementary Metal-Oxide-Semiconductor (CMOS) sensors have photodetectors
and active pixel readout circuitry embedded within a monolithic silicon substrate.
CMOS sensors harness the principles of metal-oxide-semiconductor field-effect
transistors (MOSFETs) to facilitate pixel-level signal amplification and readout.
Each pixel on a CMOS sensor comprises a photodiode, responsible for photon-
to-charge conversion, and associated transistor circuitry, including amplifiers and
analog-to-digital converters (ADCs), enabling on-chip signal processing and digiti-
zation. CMOS sensors can be passive or active; In passive pixel arrays, charge am-
plifiers are located at the bottom of each column of pixels, and each pixel has only
one transistor. Active pixel arrays implement an amplifier on every pixel. (Magnan,
2003; Nakamura, 2017)

The main advantages of CMOS sensors are low power consumption, low cost, and
high speed. The disadvantages are low light sensitivity, low charge capacity, pixel
uniformity, and noise. (Bigas, Cabruja, Forest, & Salvi, 2006; Cabello et al., 2007;
Magnan, 2003)

Both types of sensors are highly reliable and suitable for use in mobile devices. In
both sensors, noise is still generated, which affects image quality when closely ob-
served (Naveed, Ehsan, McDonald-Maier, & Ur Rehman, 2019). In the context of
the dissertation, both can capture 8-bit or higher colour depths. However, CMOS
has the advantage of having all of the electronic components in one circuit, making
the integration of CMOS sensors more feasible in smaller spaces. CMOS-based
cameras also have lower power dissipation, which is an advantage in mobile de-
vices. (Litwiller, 2001)
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2.3 Post-processing

The final phase to produce a digital image is digital signal processing (Figure 8),
which occurs in the image processor. This part is also called post-processing or
the imaging pipeline. The purpose of the pipeline is to create a digital image from
the raw data that the sensor produces. The aim of signal processing is to make the
final image appear as natural as possible. In consumer use, post-processing might
optimise images for viewing purposes, and the results can be somehow different
from the actual imaging scene. Depending on the camera module manufacturer, the
purpose of the camera, and the phases that occur before the digital imaging pipeline,
various algorithms are used when the final image is produced. In addition, the order
of operations used varies. An example of a possible imaging pipeline is presented
in Figure 8. (Nakamura, 2017; Ramanath, Snyder, Yoo, & Drew, 2005)

r—-— - - - - 7T - - — — — — — 1
«» A/D Image processing Image Storage
E | Sensor converter algorithms compression } media
Analog frontend Digital backend
S U |

Figure 8. Example of an imaging pipeline (reproduced from: Nakamura (2017)).

The black-level adjustment ensures that the darkest parts of the image (where the
sensor does not capture light) are set to zero. Even when the sensor does not capture
any light (total darkness), some factors like electronic offset and thermal noise can
produce non-zero values for the sensing element. This is called dark-current noise.
Incorrectly addressing the dark current noise results in a whitening of the shadows
and a reduced overall image contrast. (Schoberl, Senel, FoBel, Bloss, & Kaup,
2009; Zhou & Glotzbach, 2007)

White balance (WB) is performed by an algorithm to remove the colour cast caused
by scene illumination. The objective of white balance is to make white objects ap-
pear as white in the image. The colour of the cast depends on the used light source;
for example, fluorescent and incandescent lights produce differently coloured casts.
(Ramanath et al., 2005; Zhou & Glotzbach, 2007) The automatic white balancing
(default option in smart phones) does its best to estimate true white in the imaging
scene and then adjusts the colour balance accordingly (Zhou & Glotzbach, 2007).

Demosaicing and colour interpolation are used to reconstruct the three-dimensional
(R,G,B) colour image. The demosaicing receives information from the Bayer filter
of the camera. The Bayer filter (or any other filter) used has an interleaved pattern
of different colour filters, which results in a sensor output that also has an inter-
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leaved pattern. In practice, this means that not all of the colour pixels of the final
image receive a direct signal relating to them. Demosaicing uses algorithms like
bilinear interpolation, adaptive colour-plane interpolation, and frequency domain to
form the final image, where each pixel has a colour value. (Gunturk, Glotzbach,
Altunbasak, Schafer, & Mersereau, 2005; Ramanath et al., 2005)

There are many sources that contribute to the noise during the imaging process. The
black-level adjustment previously mentioned is intended to minimise so-called fixed
pattern noise (FPN). Other noise that appears in the raw sensor data is called photo-
response non-uniformity noise (PRNU). Some PRNU occurs because colour pixels
have different sensitivities to light, which is initially caused by the non-homogeneity
of silicon wafers and imperfections during the sensor manufacturing process. En-
vironmental and scene-related variables also contribute to PRNU, and these are for
example the light refraction of dust particles and settings that relate to camera be-
haviour (such as zoom use). Some of the noise in the camera sensor is so permanent
and unique that it has been used to identify individual cameras (Lukas, Fridrich, &
Goljan, 2006). An imaging pipeline typically contains an algorithm that reduces
noise in the early phases of the imaging process.

Colour correction can be done from multiple different phases and with various al-
gorithms. The final objective of colour correction is to adapt the camera to current
scene illumination and make colours as natural as possible. This part is also called
the colour constancy of the imaging pipeline. (Nakamura, 2017; Zhou & Glotzbach,
2007) In consumer use, imaging pipeline optimisations might aim to make the im-
age both engaging and visually comfortable.

In addition to colour correction, which attempts to make colours as naturally as
possible, other processing can also be done for images. Each image captured by
a digital camera contains some degree of blur, at least in some parts of the image.
To make the image sharper, especially with regard to the edges of objects, edge
detection is used to sharpen edges. Edges are an important part of an image because
they are the locations where objects start or end. Detecting the edges of objects
is also a way to recognise objects (Zhou & Glotzbach, 2007). Edge detection first
looks for edges that should be sharpened and then applies transformation to make
edges appear more natural. Enhancing edges too much, on the other hand, makes
images appear unnatural. (Tang, Astola, & Neuvo, 1994)

Other algorithms and methods are also used, most of them optimised for a certain
camera model or even individual camera and conditions (Jiang, Tian, Farrell, &
Wandell, 2017; Ramanath et al., 2005). Basically, it can be considered that two
cameras that take images exactly at the same time and take images from the same
scene still produce slightly different images. So, even if you capture a scene twice
in a very short time frame, both images may vary slightly although this difference
is hardly noticeable.
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The final phase of the imaging pipeline is the storage of the image. In advanced
cameras, image data can be stored without compression, as a so-called RAW image.
However, in mobile devices and consumer use, this is rarely possible or feasible. If
an image is stored without compression, it consumes more storage space and is
slower to process and share. Typically, images are stored in JPEG format on mobile
devices (Nakamura, 2017). The compression of images comes with a cost, as some
fine details, as well as colour and tonal detail, can be lost during the compression.
The compression also forces the image to 8 bits per channel, even if a deeper colour
depth was used earlier in the imaging pipeline. JPEG compression is a lossy image
compression method that reduces file size by discarding some of the image data.
The algorithm for compressing the JPEG image uses 8x8 pixel blocks, and a dis-
crete cosine transform (DCT) is applied to each block to represent the pixel data
as frequency components (Rao & Yip, 2018). The higher frequency components,
which typically represent less visually significant details, are quantised and often
discarded to achieve compression. Finally, the remaining data are encoded using
entropy-coding techniques such as Huffman coding, resulting in a smaller file size.
(Pennebaker & Mitchell, 1992)

2.4 Presentation of colours

This subsection provides an overview of the most commonly used colour spaces
and those related to this dissertation.

The presentation of colours depends on the medium used. Roughly colours are
presented either in digital or non-digital format. Digital mediums like displays,
cameras, etc. use different colour spaces (mathematical models) to present colours
(X. Wang & Zhang, 2010). The colour space defines the colours a specific medium
is able to show. The most commonly used colour spaces in digital imaging are vari-
ous RGB colour spaces. In these colour spaces, red, green, and blue are represented
by individual electronic signals. In a non-electronic medium like printing, colours
are typically represented in the CMYK colour space. In CMYK, cyan, magenta,
yellow, and black are mixed to achieve the desired colour. When working with dif-
ferent media, a conversion between colour spaces is required. In addition, there are
many colour spaces that are used for different purposes; some of them are used for
special devices, and some of them are made for mathematical purposes (Fan, Li,
Guo, Xie, & Zhang, 2021).

Different mediums like displays or printers can display different ranges of colours
and gamut. In the optimal world, all media would have the same colour space,
but medias are somehow different and even two identical displays have a slightly
different colour range that they can interpret. Another major difference comes from
the way mediums work, where displays emit light that results in a colour, and paper
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reflects wavelengths representing different colours. A colour space specifies what
colours the current medium can interpret, but it also looks at standardising colours
between mediums (Berns, 2019).

Colour spaces can be broadly categorised into device-dependent and device-independent
colour spaces. Both of these space types serve different purposes. If colours are
presented in a device-dependent colour space (most RGB, CMYK colour spaces)
colour space and then another device is used to present them, the colours may
vary. In addition, the colours captured by different imaging devices vary, as the
devices cannot capture the same range of colours. The device-dependent colour
space presents the colour range that a specific device can display. Device-dependent
colour spaces are primarily used in tasks where the output is intended for a partic-
ular device type, such as graphic design for screens or preparing files for specific
printer models. (Anderson, Motta, Chandrasekar, & Stokes, 1996; Nakamura, 2017;
X. Wang & Zhang, 2010)

Device-independent colour spaces are designed to represent colours consistently,
regardless of the device used to capture, display, or print them (Green & MacDon-
ald, 2011). Examples of such colour spaces are CIE L*a*b* (LAB) and CIE XYZ.
The LAB colour space represents colours based on human vision, and CIE XYZ
serves as the foundation for many other colour spaces (a reference space) (Nixon,
Outlaw, & Leung, 2020). Device-independent colour spaces are used in scenarios
where accurate colour matching is essential, such as in professional photography,
printing, and colour quality control (Ford & Roberts, 1998; Green & MacDonald,
2011).

Device-dependent colour spaces are essential for the specific requirements of in-
dividual devices, whereas device-independent colour spaces provide accurate and
consistent colour representation across different devices and media.

2.41 CMYK

When colours are printed on paper or painted on the walls of a house, a subtractive
colour space is used. Subtractive colour space works by subtracting (absorbing)
certain wavelengths of light and reflecting other wavelengths. If the object (paper
or label) has a white background colour, the CMYK colour printed on it reduces
specific wavelengths of light that would otherwise be reflected. In the printing in-
dustry, the most common subtractive colour space is CMYK, which is used in large
industrial printers and home and office printers. In the CMYK colour scheme (Fig-
ure 9), cyan (C), magenta (M), yellow (Y), and black (K) all have their own source
of colour. All C, M and Y colours that are used are complements of additive primary
colours (Figure 10). Mixing CMYK colours in their full intensity would produce a
black colour, but for technical and cost reasons, black (K) is used as its own colour
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in printing. (Anilkumar, KK and Manoj, VJ and Sagi, TM, 2018)

Yellow

Figure 9. CMYK colour space.

The CMYK colour can be defined in many ways. For example, yellow can be
defined as CMYK(0.0, 0.0, 1.0, 0.0), and in this presentation, each colour can vary
in the range 0.0 ... 1.0. Here, 0.0 is no intensity and 1.0 is full intensity. Another
way is to use 0%C, 0%M, 100%Y, and 0%XK, in which the intensity of each colour
varies between 0% and 100%. The percentage sign can sometimes be left out which
leads to a presentation CMYK =0, 0.0, 100, 0. Some features of CMYK colour and
its printing process have been defined in the ISO 12647-2:2013 (2013) and ISO
2846-1:2017 (2017) standards.

2.42 RGB

The red, green and blue (RGB) colour space (Figure 10) is commonly used in digital
devices. This colour space is additive, and the colours are created by combining
red (R), green (G), and blue (B) light at various intensities (Palus, 1998). The
colour space is built around each primary colour, and when primary colours are
combined, different colours can be created. When all three colours are combined
at full intensity, the result is white colour. If all three colours are set to zero (no
signal), the result is black. (Nakamura, 2017)

In the RGB colour space, each channel (R,G,B) is represented by a numerical value.
These values typically range from 0 to 255 in 8-bit systems. The value range can
also be 0.0 ... 1.0, where 0.0 is no signal (Ford & Roberts, 1998). The RGB colour
space can allow for more than 16 million possible colour combinations. RGB colour
is commonly described by the text RGB: 255,0,0, which represents the full red
colour. (Fan et al., 2021)
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Yellow

Green

Figure 10. RGB colour space.

The ISO standard that closely relates to digital cameras is ISO 17321-1:2012 ”Graphic
technology and photography — Color characterization of digital still cameras (DSCs).”
ISO 17321 works as a quality assurance tool for digital camera manufacturers and

helps to achieve consistent colours between devices, as well as providing a way to
benchmark different devices. (SO 17321-1:2012, 2012)

2.4.3 LAB/CIELab

The LAB colour space (Figure 11) is a perceptually uniform colour space. The
LAB colour space was developed by the International Commission on Illumina-
tion (CIE). The purpose of the LAB colour space is to represent all perceivable
colours perceived by the human eye. The LAB colour space is designed to be
device-independent, ensuring consistent colour representation across different de-
vices. The LAB can accurately describe colours and their relationships. The per-
ceptual uniformity of LAB makes it valuable for applications that require precise
colour measurements and comparisons. (Berns, 2019)

LAB consists of three axes: L*, a*, and b*. L* defines lightness, ranging from 0.0
(black) to 100.0 (white). a* defines the green-red component, which ranges from
-128 to +127. Negative a* values indicate a greenish hue, while positive values
indicate a reddish hue. b* defines the blue-yellow component, ranging from -128 to
+127. Negative b* values indicate a blueish hue, whereas positive values indicate a
yellowish hue. In both a* and b*, zero means that there is no tint. (Fan et al., 2021)
LAB colour space has a special relation to the human vision system because LAB
is perceptually uniform, and the change in its component values equals a change in
visual perception (Berns, 2019).
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Figure 11. LAB colour space (reproduced from: Belasco et al. (2020)).

2.4.4 Colour depth

The colour depth / bit depth defines the number of bits used to represent the colour
of a single pixel in the digital image. The colour depth is one single feature that is
important when the accuracy of colour recognition is considered. The more depth
an image has, the more different colours can be captured. The imaging pipeline
(starting from the sensor) must be able to capture enough colours, and the final
display device must be able to interpret them.

The depth of the colour is determined by the number of bits assigned to each pixel,
and more bits per pixel allows for a greater variety of colours. If an image has only
1 bit per pixel, it can present two different colours, typically black and white. In
RGB (see 2.4.2) each channel has an individual depth of colour. Most commonly
in consumer devices, colour depth is 8-bits per pixel, which allows for 256 different
intensities of colours to be captured on each channel. In total, 8 bits per channel
on three channels (R, G, B) gives a total of 24-bits, and means 16.7 million pos-
sible colours. 24-bit image is considered to be true colour. (Doolittle, Doolittle,
Winkelman, & Weinberg, 1997)

48-bit and higher, deep or high dynamic range, images are used for applications
requiring extreme colour accuracy and detail. These images are used in professional
photo editing, medical imaging, and scientific visualisations. If an image has 16 bits
per channel, a total of 281 trillion possible colours can be presented. High colour
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depth enables more accurate representation of subtle colour variations, which can
be critical for detecting fine details in images.

The following image (Figure 12) shows various depths of colour. In the top-most
colour bar there are 2 bits (4 intensities) and the most bottom bar has 8 bits, 256
intensities on the red colour channel.

2 bits
3 bits
4 bits
5 bits
6 bits
7 bits

8 bits

Figure 12. Various colour depths presented on red channel.

Later in this dissertation, subtle colour differences are experimented with. In the
experiments, the colour differences are split into different intervals of 5%, 10% and
20%. These differences are related to colour depth, and if intervals are in 5% steps
there can be 20 different intensities, 10% steps have 10 different intensities and 20%
steps have 5 different intensities (presented in Figure 13).

5% difference
10% difference

20% difference

Figure 13. Different colour steps.

2.4.5 Colour conversions

As seen in the previous subsections, different colour spaces are used for different
purposes. When colours from different mediums and different colour spaces are
processed in another colour space, a colour space conversion is needed (Z. Su, Yang,
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Li, Jing, & Zhang, 2022). Converting an image from a scanner (RGB) to a printer
(CMYK) may involve first transforming the image into a device-independent colour
space (e.g., LAB) to ensure accurate colour mapping. In addition, when printed
colour (CMYK) is captured into a digital image, it is first stored in an RGB colour
space.

The common way to process colours is to either use them in the source colour space
or convert colours into a device-independent reference colour space like LAB. The
role of colour space is a topic that has recently been addressed in many studies (e.g.
Moreira, Magalhaes, Pinho, dos Santos, and Cunha (2022); Nugroho, Goratama,
and Frannita (2021); Zhbanova (2020)). Each digital colour space that represents
the colours that a physical device can interpret has its own colour area (Figure 14),
gamut; therefore, there must be a colour space that is large enough to act as a trans-
formation colour space. For this purpose, it is possible to use LAB colour spaces
(see 2.4.3) (Berns, 2019). The role of transformation between colour spaces is il-
lustrated in Figure 14 where the CIEXYZ (CIE1931xy) reference colour space is
significantly larger than the device-depend colour space (SRGB). (Palus, 1998)

— CIE1931xy
— sRGB

M
X v

Figure 14. Different colour space gamuts (reproduced from: Palus (1998)).

Colour conversion between different colour spaces involves mathematical transfor-
mations that map values from the source to target colour spaces. This process usu-
ally begins with an understanding of the properties of both the source (e.g. RGB)
and target (e.g. LAB) colour spaces (C.-H. Lee, Lee, Ahn, & Ha, 2001). Con-
verting a device-dependent colour space to a device-independent colour space first
requires transforming RGB values to CIE XYZ values using a linear conversion
matrix, followed by conversion from XYZ to LAB using a non-linear transforma-
tion based on reference white points (Plataniotis, 2001). When transforming from a
device-independent colour space to a device-dependent one, the process is reversed.
The conversion process includes gamut mapping to handle colours outside the tar-
get space range (Morovic & Luo, 2001). Accurate colour conversion maintains the
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consistency and fidelity of the colours across different devices.

2.5 Measurement of colour differences

Measurement of colour differences in digital images involves quantifying similar-
ities or differences between two colours. The process is usually performed in a
colour space like LAB because of its perceptual uniformity, ensuring that measured
differences correlate well with human visual perception. (Nakamura, 2017)

The measurement of colour can be done either as an absolute difference or as a
relative difference. Absolute colour difference refers to the measured colour dif-
ference between two colours in a standardised colour space, such as LAB, without
considering the context or environment. Relative colour difference considers the
colour difference in the context of surrounding factors, such as lighting, surface
reflectance, or viewing conditions.

The mathematical formula (CIEDE2000) for calculating the AEOO colour differ-
ence is as follows (Luo et al., 2001):

Ap — (ALY 2+ AC 2+ AH' 2+R AC"\ ( AH
=N\ kLS, koS kS "\ koSe ) \kySy

where the terms are defined as shown on the next page.
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The parametric factors in the CIEDE2000 algorithm are scaling coefficients that
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allow the user to adjust the weighting of the lightness, chroma, and hue components
in the colour difference calculation. These factors are particularly useful for adapt-
ing the formula to specific viewing conditions, applications, or industries where the
perception of colour differences may vary. Parametric factors in the equation are
usually set to 1.0, but for different purposes other values can be used, and in this
way the formula can give different weights to differences in chroma or hue (see del
Mar Perez et al. (2011); He, Xiao, Pointer, Melgosa, and Bressler (2022); Isohanni
(2022); Pereira, Carvalho, Coelho, and Corte-Real (2019)).

The AEOO gives information about how different two colours are. If AEQ0 < 0.5,
the difference is practically invisible. If AEOO < 2.0, the colours have a slight
difference, not noticeable to the human eye. The actual AEOO threshold human eye
can recognise is different for each individual (Mokrzycki & Tatol, 2011).

The CIEDE2000 algorithm has been widely used and research in different fields
has demonstrated its capabilities to some extent. As examples, these studies in-
clude ”Chroma-dependence of CIEDE2000 acceptability thresholds for dentistry”
by Tejada-Casado et al. (2024), "Colorimetric Evaluation of a Reintegration via
Spectral Imaging—Case Study: Nasrid Tiling Panel from the Alhambra of Granada
(Spain)” by Martinez-Domingo, Lépez-Baldomero, Tejada-Casado, Melgosa, and
Collado-Montero (2024), "New Insights into Wine Color Analysis: A Comparison
of Analytical Methods to Sensory Perception for Red and White Varietal Wines”
by Hensel, Scheiermann, Fahrer, and Durner (2023) and ”’Color difference of yarn-
dyed fabrics woven from warp and weft yarns in different colour depths” by X. Wang
et al. (2024). These are only a few examples of the use of the CIEDE2000 algo-
rithm. Some of the past research has also found threshold values for the AEOO
value, and for example in research by Xu et al. the algorithm was not applicable if
AEOQ0 was smaller than 2.0 (B. Xu, Zhang, Kang, Wang, & Li, 2012). The use of
the CIEDE2000 algorithm is justified if the colours compared are clearly different,
or if the threshold between colours is large enough. The threshold value depends
on the use case, and needs to be examined case by case.

The challenge of measuring colour differences comes from aspects that have been
mentioned earlier in this chapter. Measurements can be made to work if the devices
used are standardised and the environment is controllable. However, if the context
of use has variation (e.g. different devices, environments, and so on), it may be
difficult to achieve satisfactory results.

2.6 Colour related applications

”The desire for quantitative measurements of colour exists across many fields”
(Nixon et al., 2020). The most recent research in the field of computer vision,
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during the years 20222024 where colours have been a critical feature, has found
many applications that benefit from accurate colour recognition or the recognition
of colour change.

Healthcare research has adopted the usage of colour differences in different cases,
for example when matching or finding the correct tooth colour, finding tumours or
other diseases, and also in skin and tongue colour classification. Accurate recog-
nition of colours in healthcare makes disease detection more automated and helps
healthcare professionals to make informed decisions (see Amakdouf et al. (2021);
Balaji et al. (2020); Kumar, Singh, and Sachan (2024); Maiti, Chatterjee, and San-
tosh (2021); Ni, Yan, and Jiang (2022)).

Another industry that uses colour recognition and research is food and agricul-
ture. Many use cases (see Adiwijaya, Romadhon, Putra, and Kuswanto (2022);
de Brito Silva and Flores (2021); Keivani, Mazloum, Sedaghatfar, and Tavakoli
(2020); M.-K. Lee, Golzarian, and Kim (2021); Nalhiati, Borges, Speranca, and
Pereira (2023); Shrivastava and Pradhan (2021); X. Su et al. (2023); D. Wang,
Wang, Chen, Wu, and Zhang (2023)) in which colour plays an important role relate
to food quality. In addition, plant and soil analyses have used colour classification.
Colour recognition in food and agriculture can help in sorting items and automat-
ically discarding non-valid items during the production process. Machine-based
colour sorting is also suitable for high-speed production lines.

Accurate recognition of colours can also help make life easier for people with dis-
abilities. Othman et al. (2020) and Cho, Jeong, Kim, and Lee (2020) investigated
devices that can recognise different colours. In these two studies, colours that can
be easily recognised were used. Particularly, colour recognition via smartphone can
help people with disabilities in the retail, commuting, and home environments.

Recently, the development of so-called functional inks, which can react to environ-
mental values like temperature and humidity, has led to a need to recognize colours
accurately. One use case for such functional inks is presented in Article I of this
dissertation (Isohanni, 2022). Originally, the usage of FMCG functional inks and
their application in the food industry has been sparked by various other research
projects, and for example, the EU Horizon 2020 funded project TagltSmart, devel-
oped various interesting use cases for functional inks (Gligoric et al., 2019).
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3 MACHINE LEARNING

In this section, the most relevant machine learning techniques applicable to this dis-
sertation are presented. Machine learning (ML) is a subset of artificial intelligence
(AI), and is a crucial part of almost any technical development that humankind is
pursuing. The development of applications like ChatGPT has brought artificial in-
telligence into our daily discussions. Although high-level applications have gained
a lot of attention, many things are happening ‘under the hood’, and artificial intelli-
gence is an integral part of many ongoing developments.

Machine learning focusses on the development of algorithms and statistical models
that enable computers to learn, make predictions, or the decisions taken based on the
provided data. In traditional programming, where explicit instructions are provided
by the programmer for each task, machine learning systems identify patterns and
rules directly from the data. Machine learning systems also attempt to improve
their performance based on new data over time, without the need for writing new
code. (Samuel, 1959, 1967)

Advances in the development of machine learning systems during the last decade
have been driven largely by the increasing availability of large datasets, new re-
search findings, and improvements in computational power. Some remarkable re-
cent events, such as the success of AlexNet in the ImageNet competition, Google’s
DeepMind achieving human-level performance in certain games, the development
of generative adversarial networks (GANSs), the introduction of pre-trained models
such as BERT, and the recent rise of Large Language Models (such as ChatGPT),
to mention just a few. But also, more datasets have become available for the devel-
opment of machine learning algorithms as the sharing of datasets has become more
common. However, data collection has also become more feasible with the devel-
opment of intelligent devices and applications, like the Internet of Things (I0T).

The primary input to machine learning algorithms is a dataset, with or without pre-
defined labels or outcomes. The data can be numerical, categorical, text, or image,
and is often high-dimensional. Individual elements of the dataset have unique fea-
tures and individual measurable properties or characteristics. These features play a
crucial role in determining the relationships and patterns that the algorithms will un-
cover. Consequently, the quality and relevance of features can significantly impact
machine learning performance. (Goodfellow, Bengio, & Courville, 2016)

A dataset is typically organised in a structured format such as a table, where each
row represents a unique observation or record, and each column represents a fea-
ture or variable of interest. Datasets can vary in size and complexity, ranging
from small, simple collections to large, high-dimensional datasets with millions
of records and features. A dataset can also be a collection of files, such as images,
or other data. Examples of open-source dataset can be found, for example, from
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https://www.kaggle.com/datasets.

3.1 Unsupervised learning

In the unsupervised learning a set of X, Xy,...X, features from n observations
is given to the algorithm; however, there is no associated response variable Y
(Bishop & Nasrabadi, 2006). Unsupervised learning uncovers hidden patterns,
structures, or relationships within the data (Valkenborg, Rousseau, Geubbelmans,
& Burzykowski, 2023). A common example of unsupervised learning is the rec-
ommendations we see on various online shopping sites. In these sites, unsupervised
learning is used to find a group of items that the items that we have in our cart match
the most (James, Witten, Hastie, Tibshirani, & Taylor, 2023).

3.1.1 Algorithms

Different algorithms are at the core of unsupervised learning, and these algorithms
work with datasets and individual item features. The nature of unsupervised learn-
ing is that the dataset does not contain correct answers (like in supervised learning).
Algorithms that solve problems in an unsupervised manner can be roughly classified
into clustering techniques, dimensionality reduction, and anomaly detection algo-
rithms. Some of these algorithms are slightly overlapping; for example, clustering
can also be used for anomaly detection.

Clustering methods (Figure 15) are used for exploratory data analysis to investigate
the underlying structure of the data. Clustering groups objects with similar features.
Govender and Sivakumar have provided a well-described definition for clustering;
“objects in a cluster are more similar than objects in different clusters.” (Govender
& Sivakumar, 2020)

Jain recognised three main purposes for clustering (Jain, 2010):

» Exploring, solves the underlying structure and this way provides insights into
the data, generates hypotheses, detects anomalies, and identifies salient fea-
tures

 Natural classification, finds the degree of similarity among items
» Compression, organises the data and summarises it

Clustering analysis can be broadly categorised into hierarchical and non-hierarchical
algorithms (Figure 16). Hierarchical clustering groups similar datapoints into clus-
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Figure 15. Example of clustering, left image source data, right image expected
clustering (reproduced from: Jain (2010)).

ters based on distance or similarity. The hierarchy is built on a tree-like structure,
where each node represents a cluster of datapoints. If the clustering process is ag-
glomerative, the process begins with each datapoint being its own cluster. Then, the
algorithm iteratively merges the closest pairs of clusters until all points are grouped
into a single cluster. In a divisive approach, all points are initially placed in one
large cluster, and then the algorithm recursively splits the data into smaller clusters
until a predefined number of clusters are reached. Hierarchical clustering is use-
ful because of its ability to visualise the nested relationships between datapoints,
allowing for the determination of an appropriate number of clusters by cutting the
tree at the desired level. (Jain, Murty, & Flynn, 1999)

Non-hierarchical clustering or partitional clustering is an unsupervised learning
method that divides a dataset into distinct groups or clusters without creating a hi-
erarchical structure. Non-hierarchical clustering directly assigns datapoints to clus-
ters based on optimisation criteria. These clustering methods are generally faster
and more scalable than hierarchical clustering. (Han et al., 2012a; Jain et al., 1999)
In non-hierarchical clustering algorithms, datapoints can belong only to one cluster
if hard clustering is used. In soft clustering, datapoints can belong, to some degree,
to multiple clusters (Bishop & Nasrabadi, 2006). Non-hierarchical clustering can be
divided into four subcategories (Figure 16): partitioning, density-based, grid-based,
and others.

The partitioning methods divide the data into a predetermined number of clusters.
A typical partitioning process is to first initialise as many centroids as clusters, then
each datapoint is assigned to the most suitable cluster, and the centroids of the
clusters are updated until convergence. (Jain & Dubes, 1988)

Density-based methods identify clusters based on their density, connectivity, and
boundaries. In density-based clustering, a cluster can grow in any direction if
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distance metrics and other parameters are satisfied. In practice, this means that
density-based clustering can be used to adjust clusters to arbitrary shapes. Grid-
based methods partition data space into a finite number of cells that form a grid
structure. Partitioning of the data is performed on the basis of the algorithm param-
eters present. Other methods include model-based clustering and other methods that
do not fit previous categories. In model-based methods, it is assumed that the data
is a mixture of underlying probability distributions (mathematical models). (Han et
al., 2012a)

When different clustering methods are computationally compared, hierarchical clus-
tering has complexity O(n?), partitioning is O(n), grid-based method is O(n) and
density-based method is O(n log n). Different clustering methods vary in terms of
computational cost; however, these values can be used as a general rule of thumb
when a suitable algorithm is selected. (Ezugwu et al., 2022)

Clustering
Hierarchial Non-hierarchial
! y v v v '
Agglomerative Divisive Partitioning Density-based Grid-based Others

Figure 16. Different clustering methods (reproduced from: Han et al. (2012a)).

In clustering, two essential metrics are used (discussed in more detail in Section
3.1.2) - a distance measure to quantify similarity or dissimilarity between subjects,
and an additional distance measure to quantify the difference between clusters or
between a cluster and a subject (linkage). The clustering algorithm is then respon-
sible for maximising the similarity within a cluster and the dissimilarity between
clusters. (Jain & Dubes, 1988; Valkenborg et al., 2023)

Unsupervised clustering is useful when natural groupings or patterns are analysed
from the data; but also if the dataset is large (Jain et al., 1999). Some challenges
related to unsupervised clustering were identified in 1988 by Jain and Dubes. To
address these challenges, clustering users must consider, for example, what features
they want to use, whether the data have outliers, and how many clusters there are
(Jain & Dubes, 1988). Depending on the domain knowledge and the answers to
these questions, objectives and data, the most suitable algorithm is selected. Some
of the most commonly used clustering algorithms are discussed and used in this
dissertation Article II to identify which works best in the detection of subtle colour
differences.
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3.1.2 Distance Metrics

Distance metrics in unsupervised learning (non-hierarchial clustering) are mathe-
matical measures used to quantify the similarity or dissimilarity between datapoints.
Metrics are the most important value in determining the structure and formation of
clusters; for example, the K-means algorithm uses distance metrics to minimise the
within-cluster variance. (Jain & Dubes, 1988)

Over the years, multiple methods for calculating the distances between two or mul-
tiple points have been developed. One of the most commonly used methods is
Euclidean distance, which is used to measure the straight-line distance between two
points in a feature space. Euclidean distance d(x,y) is the shortest possible dis-
tance between two points (z,y). As a very simple distance measurement function,
the Euclidean distance does not take into account the correlation between variables.
The Euclidean distance is suitable for continuous data in which the magnitude of
differences is meaningful, such as physical distances or measurements. (Mimmack,
Mason, & Galpin, 2001) The Euclidean distance can be calculated using the follow-
ing equation (Jain & Dubes, 1988):

Here, d is the distance between the datapoints x and y. n is the dimension of the
data (in a three-dimensional system n = 3). x; and y; are the coordinates of the
points in the i™ dimension.

The Manhattan distance formula, also known as the L1 norm or the city block dis-
tance, calculates the distance between two points by summing the absolute differ-
ences in their coordinates. The result of the Manhattan distance formula is the
distance if a grid-like path is made between two points. The Manhattan distance
can be calculated using the formula (Jain & Dubes, 1988; Minkowski, 1910):

d(z,y) = Z |z — vl
i=1

Here, d is the distance between the datapoint x and y. n is the dimension of the data
(in a three-dimensional system n = 3). z; and y; are the coordinates of the points
in the " dimension.

The Hamming distance is used as a dissimilarity metric between categorical data-
points. The Hamming distance is described by counting the number of positions in
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distance

Manhattan

Figure 17. Euclidean and Manhattan distance.

which the corresponding symbols differ. The formula for the Hamming distance is
(Hamming, 1950; Jain & Dubes, 1988):

n

d(z,y) = Z 1(zi # yi)

=1

Here, d is the Hamming distance between the datapoint x and y. n is the dimension
of the data (in a three-dimensional system n = 3). 1(z; # ;) is an indicator
function that equals 1 if ;! = y; and O if z; == y;

The Minkowski distance is the generalisation of the Euclidean and Manhattan dis-
tances. In the Minkowski distance formula, the parameter p defines the order of the
norm. The value p can be adjusted to form groups that best capture the underlying
structure of the data. (Minkowski, 1910)

d(z,y) = (Z |z; — yi‘p> ”

Here, d is the Minkowski distance between the datapoint x and y. n is the di-
mension of the data (in a three-dimensional system n = 3). When p = 1 the
Minkowski distance is equivalent to the Manhattan distance. When the value of
p = 2 the Minkowski distance is equivalent to the Euclidean distance. As p
approaches infinity, the Minkowski distance approaches the Chebyshev distance
d(x,y) = max;(|z; — y;|), which is the highest absolute value among all coordinate
differences between points. (Fu & Yang, 2021)

Mahalanobis is an effective distance metric when data features have different scales
and correlations; thus, it is often used in anomaly detection and classification tasks.
The Mahalanobis distance is also more suitable if the clusters have an ellipsoidal
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structure or if the datapoints depend on each other. The formula for Mahalanobis is
(Mahalanobis, 1936):

A (@, 1) = v/ (z — )75z — p)

Here, x is a vector representing the point for which the distance is calculated (n-
dimensional vector). p is the mean vector of the distribution, representing the cen-
troid or mean values of each dimension in a multivariate space, and is also a vector
of dimensions n. S is the covariance matrix of the distribution, the matrix n X n
that describes the variance and covariance between each pair of dimensions. S~!
is the inverse of the covariance matrix and (z — )7 is the transpose of the differ-
ence vector, turning the row vector into a column vector for matrix multiplication.
(Mahalanobis, 1936)

The right distance metric is crucial in clustering tasks because it defines the similar-
ity or dissimilarity between datapoints. The distance algorithm directly affects the
performance and accuracy of the clustering. (Arora, Khatter, & Tushir, 2019)

Different distance metrics capture different aspects of the data. For example, the
Euclidean distance is sensitive to differences in magnitude and is suitable for con-
tinuous numerical data, whereas the Manhattan distance is more appropriate for
data that follow a grid-like structure (R. Su, Guo, Wu, Jin, & Zeng, 2024; Ultsch &
Lotsch, 2022). Euclidean and Manhattan distance tends to form spherical clusters,
whereas the Manhattan distance may form clusters with different shapes (Hastie,
Tibshirani, Friedman, & Friedman, 2009). When working with data with different
scales, it is useful to normalise the data or use a metric like the Mahalanobis dis-
tance. When datapoints are in a high-dimensional space, some of the mentioned
distance metrics, or other distance metrics, may lead to results where all points tend
to appear equally distant from each other. In these situations, metrics such as cosine
similarity (Han, Kamber, & Pei, 2012b) can be used because it measures the angle
between vectors, making them more robust to the dimensionality problem.

The appropriate distance metric improves the algorithm’s ability to identify mean-
ingful patterns and relationships in the data, resulting in more accurate, interpretable,
and relevant results. Choosing an inappropriate metric can result in misleading or
suboptimal clustering results. (Arunachalam & Kumar, 2018; Han et al., 2012a)

3.1.3 Linkage

The linkage methods (Figure 18) in unsupervised clustering, particularly hierar-
chical clustering, determine the distance between the clusters used to form larger
clusters from smaller ones or to divide larger groups into smaller ones. Linkage
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methods influence the shape and composition of clusters. The used linkage method
is selected on the basis of the specific requirements of the analysis and the nature of
the data. Various methods to calculate linkage exist, with the following being the
most popular.

Centroid linkage Single linkage Complete linkage

[ J L ]

> > >

X X X
Ward's method
A A
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y 4 y fe
/ BRRN

> > >
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Figure 18. Illustration of different linkages (reproduced from: Jeon et al. (2017)).

A single linkage (minimum linkage or nearest-neighbour method) combines two
clusters, A and B, if the measured distance between any point in cluster A is less
than the defined minimum distance. A single linkage method can result in long
chain-like clusters and is sensitive to noise and outliers with minimal distance. The
single-linkage distance d(A, B) between clusters A and B is defined as follows:
(Gere, 2023; Johnson, 1967)

d(A,B) = min d(z,y)

r€AyeB

Here d(A, B) is the single-linkage distance between clusters, = and y are the in-
dividual datapoints in clusters A and B, respectively, and d(x,y) is the distance
between datapoints.

Complete linkage (maximum linkage or furthest neighbour method) defines the dis-
tance between two clusters as the maximum distance between any single pair of
points in the two clusters. Complete linkage produces compact clusters but is overly
sensitive to outliers. (Gere, 2023; Johnson, 1967)
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The complete linkage distance d(A, B) between the clusters A and B is defined as
follows:
d(A,B) = max d(z,y)

z€A,yeB

Here d(A, B) is the complete linkage distance between clusters, = and y are the
datapoints in clusters A and B, respectively, and d(x,y) is the distance between
datapoints.

The average linkage defines the distance between two clusters as the average dis-
tance between all pairs of points in the two clusters. This linkage is between a
single and a complete linkage and is a compromise that is less sensitive to noise and
outliers. (Gere, 2023; Sokal, Michener, & of Kansas, 1958) The average linkage
distance d( A, B) between clusters A and B is defined as follows:

d(A,B) = |A|| ZZdwy

acEA yeB

Here d(A, B) is the average linkage distance between clusters, = and y are the
datapoints in clusters A and B, respectively, and d(x,y) is the distance between
datapoints.

A single linkage has the tendency of linking clusters together in cases where data-
points in cluster A are close to clusters B datapoints, which might be further away
from the clusters B centre than other datapoints. Complete and average linkages do
not have this tendency and create more compact clusters with approximately equal
diameters. However, they may not merge clusters close together if there are outliers.
(Hastie et al., 2009)

The centroid linkage defines the distance between two clusters as the distance be-
tween the centroids (geometric centres) of each cluster. A centroid linkage can
result in clusters that minimise the within-cluster variance. However, it is not al-
ways monotonic, meaning that it can sometimes produce non-intuitive clustering.
(Gere, 2023; Lance & Williams, 1967)

The centroid linkage distance d(A, B) between clusters A and B is defined as the
distance between their centroids as follows:

d(S, B) = d(a,b)

The centroids a and b were calculated as follows:

Zx

meA
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Ward’s method seeks to minimise the total variance within the cluster. At each step,
the pair of clusters that leads to the smallest increase in total variance within the
cluster is merged. Ward’s method tends to produce clusters of roughly equal size
and is effective at minimising the overall variance within clusters. (Gere, 2023;
Ward Jr, 1963)

The Ward linkage distance d(A, B) between clusters A and B is defined as follows:

4115 :
d(A, B) = —b
(4.8) = i grlla =l

where centroids a and b are given by:

The purpose of the Ward method is not to optimise the clusters, but to find the
clusters that are most homogeneous (having the most similar datapoints). The Ward

method is computationally intensive and assumes spherical cluster shapes (Ward Jr,
1963).

The different linkage methods are used in Article II and are evaluated as part of the
results presented in Section 5.

3.1.4 Challenges of unsupervised clustering

Unsupervised clustering faces several common challenges. One of the biggest chal-
lenges is the determination of the number of clusters. In many use cases, it is
not known beforehand how many clusters should be found (Jain & Dubes, 1988).
In some use cases, it is possible to give cluster amounts, making the evaluation
of the unsupervised learning outcome more feasible. If the number of clusters
is not known beforehand, it is possible to use methods like the elbow method
(Thorndike, 1953), silhouette analysis (Rousseeuw, 1987), or the gap statistic (Tib-
shirani, Walther, & Hastie, 2001). These methods typically require human analysis
and may not be conclusive. In this dissertation, the determination of the amount of
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the clusters is not a challenge, as it is known that there should be three clusters. This
knowledge can be used to evaluate clustering results and it can also be provided as
a parameter to clustering algorithms.

If the data is very high-dimensional, it may be difficult to make clusters out of
it. In practice, this is related to the dimension calculation. If multiple dimensions
have multiple scales, the measurement distance metrics might be a challenge. The
choice of the distance metric greatly influences the clustering results. Although the
Euclidean distance is common, it may not be appropriate for high-dimensional data.
In some cases, dimensionality reduction techniques such as PCA (Principal Compo-
nent Analysis) (Hotelling, 1933; Pearson, 1901) or t-SNE (t-Distributed Stochastic
Neighbour Embedding) (Hinton & Roweis, 2002) can address this challenge (Stein-
bach, Ertoz, & Kumar, 2004). This dissertation uses LAB colour data as its source
data for clustering algorithms, and while the complexity of the data is not very
high, but more important is to consider how three dimensions are related to correct
distance metrics.

Unsupervised clustering algorithms are computationally intensive. This is a chal-
lenge if a large dataset is used. Some clustering algorithms, such as K-means or
C-means, can work with large datasets. However, complex algorithms such as hi-
erarchical clustering or DBSCAN may struggle with large datasets. (Hastie et al.,
2009; D. Xu & Tian, 2015)

Many clustering algorithms, such as K-means, assume that the clusters are spheri-
cal and of equal size. However, real-world data often contain clusters of arbitrary
shapes and varying sizes. The size and shape of the cluster may not be known
beforehand; thus, selecting a suitable algorithm may not be a clear choice. Density-
based methods such as DBSCAN and GMM can handle arbitrary shapes; however,
they have their limitations. (Han et al., 2012a) The nature of the use case presented
in this dissertation leads to spherical shapes. However, these shapes are not perfect
in the form of a ball, rather being stretched towards each other as the colour changes
to another.

One of the most typical challenges in clustering is noise and outliers. Depending
on the algorithm used, these may have a large impact on the final clustering result.
Some algorithms (such as DBSCAN) are designed to be robust against such anoma-
lies, and in some cases preprocessing of the data is necessary. (Hastie et al., 2009;
Hodge & Austin, 2004) Noise is also a challenge in this dissertation, as when a
change from one colour to another occurs, there are pixel values between these two
colours. Also, as seen in previous sections, noise has multiple sources.

Some algorithms, such as the K-means algorithm, are sensitive to initial conditions
and can converge to different solutions based on the starting points. Multiple runs
with different initialisation setups or using more sophisticated initialisation tech-
niques like K-means++, can help mitigate this problem. (James et al., 2023; Sinaga
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& Yang, 2020)

Depending on the dataset used, it is often necessary to scale or normalise the values
prior to clustering, especially when using distance-based methods. In normalisation,
values are scaled to a specific range, for example 0.0 ... 1.0. Inappropriate scaling
can lead to misleading results because some features with large ranges may dom-
inate the distance calculations. (Han et al., 2012a) Some normalisation methods
commonly used are min-max normalisation, z-score normalisation, and normali-
sation by decimal scaling. Normalisation also speeds up data processing because
calculations with smaller numbers are faster.

Addressing these challenges often requires a combination of algorithmic adjust-
ments, visual data inspection, preprocessing steps, and domain-specific knowledge.

3.1.5 Model Evaluation and Validation

Evaluating clustering results, and their quality, is inherently challenging due to the
lack of ground-truth in unsupervised learning. External validation can only be used
to evaluate the quality of the clustering results if there is a ground-truth. External
validation can be performed by comparing the results with an external set of labels
or ground-truth data. Ground-truth data represent the true cluster memberships.
External validation helps to assess how well the clustering algorithm has performed
in relation to known classes or groups. (J. Wu, Chen, Xiong, & Xie, 2009) As such,
external validation is suitable for selecting the best clustering algorithm for a given
dataset (Liu et al., 2013), and can be performed using some of the following metrics
which compare the clustering results to the ground-truth labels.

* The Rand Index (RI) measures the similarity between two data clusterings,
which can be the result of two different algorithms or between algorithm and
ground truth. The Adjusted Rand Index (ARI) adjusts the Rand Index for
chance that may occur between clusters, providing a more accurate measure
of clustering quality. The Adjusted Rand Index ranges between -1.0 and 1.0,
where 1.0 indicates that clusters have perfect agreement, and 1.0 indicates
that the clusters are totally different. The value O indicates random agreement.
(Rand, 1971)

e Mutual Information (MI) measures the amount of information shared between
clustering assignments and ground truth labels. The adjusted mutual informa-
tion (AMI) version of the MI adjusts the mutual information for chance and
offers a normalised measure. (Kreer, 1957; Shannon, 1948)

* The purity measures the extent to which clusters contain a single class, with
higher purity indicating better clustering performance. (Rendén et al., 2011)
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* Fowlkes-Mallows Index (FMI) considers the geometric mean of precision and
recall evaluating clustering quality. (Fowlkes & Mallows, 1983)

In addition, external validation metrics dependent on the use case can be used,
as shown in Section 5 and Article II, where the clustering results were evaluated
against the ground-truth by using CIEDE2000 colour difference calculation be-
tween the ground-truth and the clustering result. Delta-E difference was then used to
determine whether the clustering was performed correctly (success) or incorrectly
(failure). The success rate for the entire dataset was calculated using the standard
formula: success rate = correctly clustered images / total images.

Internal validation measures can be used to choose the best clustering algorithm if
no external information (ground-truth) is available. In contrast to external valida-
tion, internal validation can also be used when choosing the optimal cluster amount.
Internal validation of the clustering results have two main metrics: 1) compactness,
i.e. how closely datapoint are in a cluster and 2) separation, i.e. how separated
a cluster is from other clusters. Sometimes density-based measures are also used.

The following methods are common for internal clustering validation. (Liu et al.,
2013)

* Davies-Bouldin Index (DBI) measures the average similarity ratio of each
cluster to its most similar cluster. DBI uses the ratio of within-cluster scatter
to between-cluster scatter. A smaller DBI indicates better clustering. (Davies
& Bouldin, 1979)

* The silhouette score measures how similar an object is to its own cluster com-
pared to other clusters. The silhouette score ranges from -1.0 to 1.0, where
higher scores indicate that objects are well matched to their own cluster and
poorly matched to neighbouring clusters. (Rousseeuw, 1987)

* Within-Cluster Sum of Squares (WCSS) quantifies the total variance within
each cluster. WCSS is calculated by summing the squared differences be-
tween each datapoint and the centroid of its respective cluster. WCSS reflects
the compactness of the clusters and a lower WCSS indicates a more compact
cluster. (Hartigan & Wong, 1979)

* Calinski-Harabaz Index (the Variance Ratio Criterion), measures the quality
of clustering by assessing the ratio of the sum of between-cluster dispersion
to within-cluster dispersion. Higher values indicate more dense and well-
separated clusters.(Califiski & Harabasz, 1974)

* Dunn’s index (DI) measures the ratio of the minimum inter-cluster distance to
the maximum intra-cluster distance. Higher values indicate better clustering,
which indicates well-separated clusters with small within-cluster variance.
(Dunn, 1973)
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* R-squared (RS), the ratio of the sum of squares between clusters and the total
sum of squares of the entire dataset. RS is the degree of difference between
clusters. (Sharma, 1995)

* Root-mean-square standard deviation (RMSSTD) is calculated by taking the
square root of the pooled sample variance of all attributes. RMSSTD provides
information about the homogeneity of clusters. (Sharma, 1995)

The mentioned metrics are just examples of ones that could be used; there are many
others, and research of new methods is an interesting topic in the context of unsu-
pervised clustering. If cluster analysis is performed by a human expert, then tools
such as scatter plots, dendrograms, and heathmaps can be used to visualise the result
of the clustering algorithm.

3.1.6 Unsupervised clustering in computer vision

As can be seen from the previous subsection, an unsupervised cluster can be im-
plemented in different ways depending on the given dataset, the use case, and
expected results. Unsupervised clustering is suitable for solving many machine
learning problems, and is commonly used as an initial machine learning technique
for evaluation due to its applicability and easy on-boarding. Unsupervised cluster-
ing has several use cases across various domains. These use cases are driven by
the unsupervised clustering ability to identify patterns and group similar datapoints
without pre-labelled examples.

In the context of computer vision, unsupervised clustering can be used at least for
image segmentation / compression and object recognition. Clustering algorithms
can partition an image into segments or regions with similar characteristics, which
aids in object detection, image analysis, and feature extraction, where the identi-
fication of distinct regions is crucial. Gengtav, Aksoy, and Onder (2012) showed
that unsupervised methods can segment and classify images of cervical cells. An-
other similar study by J. Wu et al. (2017) showed that unsupervised clustering can
be used to reveal breast cancer subtypes. These studies demonstrate that the use
of unsupervised clustering is an option when images need to be classified based
on certain features. Bilius and Pentiuc used K-means and ISODATA clustering
methods in their research to classify materials in the field, and their dataset was
based on hyperspectral imagining. The approach of Bilius and Pentiuc (2020) helps
in agriculture, mineralogy, and other industries when planning land use. Schifer,
Heiskanen, Heikinheimo, and Pellikka (2016) also showed that unsupervised clus-
tering is useful for image segmentation when mapping the diversity of tree species
in a tropical mountain forest
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With unsupervised clustering, it is possible to obtain clusters which share some
feature (like colour) from images. Depending on the use case conditions, their
properties and/or relations can be used for decision making.

3.2 Supervised learning

Supervised learning (Figure 19) differs from unsupervised learning, as the data in
the supervised learning is labelled. With labelled data, supervised learning looks to
discover patterns related to the data. Thus, the goals of supervised learning mod-
els are predetermined and supervised learning attempts to create a model between
input and output. This is done in a training process, where the goal is to learn a
function that can accurately predict the output labels of new, unseen data. (Bishop
& Nasrabadi, 2006)

Forward propagation 6
Iterative process
untill loss function
\\ ' is minized

True values (y)

Weight

Optimizer Loss Score Loss function

update

' Backward propagation

Figure 19. The process of supervised learning (reproduced from: Pramoditha

(n.d.)).

Supervised learning consists of labelled data (dataset), a model, and a learning al-
gorithm. The dataset is a collection of input-output pairs (X, Y’), where X is the
input feature vector and Y is the corresponding output label (Bishop & Nasrabadi,
2006). X can be an image or some other object, and Y can be a label that best
describes X. The dataset is usually divided into training, testing, and validation
datasets. The training dataset is used to train the best possible model, the validation
dataset is used in each iteration to validate the training results, and the test dataset
is used to assess the model performance on unseen data. (Szeliski, 2022) Model is
a mathematical function f(X;60), where X represents the input feature vector and ¢
represents the model parameters. Function f maps input X to the predicted output
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Y. (Deisenroth, Faisal, & Ong, 2020) The choice of model depends on the nature
of the problem and the data; the model can be linear regression, logistic regression,
decision tree, random forest, support vector or some other model (Shalev-Shwartz
& Ben-David, 2014). In this dissertation, neural networks are used as a model for
supervised learning. The learning algorithm is used to find the optimal parameters
6 for the model that minimises the error between the predicted and actual results
(Deisenroth et al., 2020).

In the supervised learning process, the learning algorithm adjusts the model pa-
rameters by minimising a loss function. The loss function measures the difference
between the predicted and actual outputs. As a model and learning algorithm, the
loss function can also be selected. Common loss functions include the mean squared
error for regression and the cross-entropy loss for classification. The adjustment of
the model parameters is performed in an iterative process, where the parameters
are updated in each iteration. At the end of each iteration, the model is validated
with data that are not used for training. Once the training process has gone through
a certain number of iterations or some other goal has been reached, the model is
ready and can be tested. During the evaluation of the testing model with unseen
data, common metrics such as accuracy, precision, recall, F1-score, Mean Squared
Error (MSE), and confusion matrix can be used to measure the performance of the
model. (Hastie et al., 2009; Shalev-Shwartz & Ben-David, 2014)

3.2.1 Loss functions

The loss function is used as a cost or objective function during the training and
validation processes. The loss function is a mathematical formula that calculates
the discrepancy between the predicted outputs of the model and the actual target
values. The loss function value provides a single scalar value that encapsulates how
well the predictions of the model align with the true values. The training process
looks to minimise loss function, where a smaller loss function value indicates a
more accurate model. (Bishop & Nasrabadi, 2006; Hastie et al., 2009)

In a mathematical presentation, the loss function L(y, ) is a function of the pre-
dicted output ¢ and true target value y (Hastie et al., 2009). The gradient of the loss
function is used during backpropagation to update the model parameters (Hecht-
Nielsen, 1992). The selection of the loss function affects how the model is trained
and optimised.

The mean squared error (MSE) is used in regression tasks to measure the average
squared difference between the predicted values (¢) and the true values (y). (Hastie
et al., 2009)
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where n is the number of datapoints. MSE penalises larger errors more severely
due to the squaring term; this means that outliers have a significant impact on MSE.
RMSE (Root Mean Squared Error) is a version of the MSE, where the square root
of the MSE is taken, providing a value that directly relates to the scale of the data.

The mean absolute error (MAE), also used for regression tasks, calculates the aver-
age of the absolute differences between predicted and actual values.

1 n
MAE:— i—AZ‘
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MAE uses absolute difference; thus, it is less sensitive to outliers compared to MSE.
MAE can also be a better choice than MSE if there are anomalies in the errors.
(Hastie et al., 2009).

Huber Loss attempts to combine the advantages of MSE and MAE, and is useful in
the presence of outliers while maintaining the smoothness of MSE. (Huber, 1992)

1 i — Ai 2 for P — AZ' <4
Huber Loss = ;](y B ?)_ 142 h|y Y =<
Yi — Uil — 3 otherwise

where ¢ is a threshold parameter.

Hinge Loss is used for binary classification problems, particularly with Support
Vector Machines (SVMs). The hinge loss method is designed to maximise the mar-
gin between the decision boundary and the datapoints. (Rennie & Srebro, 2005)

Hinge Loss = max(0,1 — y; - 4;)

where y; is the true label and yj; is the predicted value. Hinge Loss not only penalises
the model for incorrect classifications but also those too close to the decision bound-
ary.

Cross-Entropy Loss (Log Loss) is commonly used in classification tasks where the
model outputs probabilities. Log Loss measures the difference between the true
probability distribution and the predicted distribution. For binary classification, the
cross-entropy loss is calculated with: (Hastie et al., 2009; Rubinstein & Kroese,
2004)
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In multi-class classification Cross-Entropy Loss generalises to:

n C
Cross-Entropy Loss = — Z Z Vi 1og(Yic)

i=1 c=1

where C'is the number of classes, y; . is an indicator of whether class c is the correct
label for instance ¢, and ¥, . is the predicted probability of class c.

Kullback-Leibler Divergence (information divergence or relative entropy) can be
used to measure how one probability distribution diverges from a second, expected
distribution. Kullback-Leibler Divergence is often used in variational auto-encoders
and generative models. Kullback-Leibler Divergence is calculated as follows: (Kull-
back & Leibler, 1951)

P(i)
Qi)

KL(P|Q) = Z P(i)log

where P and () are the true and predicted probability distributions, respectively.
Kullback-Leibler Divergence is not symmetric, meaning it is not a true distance
metric. However, it quantifies the discrepancy between distributions. (Kullback &
Leibler, 1951)

The selection of the loss function is a crucial step in the training process. The
selection process depends on the given problem and a custom loss function may be
required (Barton, Alakkari, O’Dwyer, Ward, & Hennelly, 2021; Brophy, Hennelly,
De Vos, Boylan, & Ward, 2022).

3.2.2 Evaluation metrics

As a loss function, an important part of the neural network training process are
evaluation metrics. Evaluation metrics are used to assess the performance and ef-
fectiveness of trained models. Evaluation metrics are mathematical formulas that
provide the developer of a neural network with quantitative measures, and with
these measures, it is possible to evaluate how well the model generalises to unseen
data. As with the loss function, the selection of evaluation metrics depends on the
nature of the problem. Common evaluation metrics include accuracy, precision,
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recall, F1-score, receiver operating characteristic curve (ROC), and area under the
curve (AUC). The loss functions MSE, MAE, and cross-entropy loss can be used
as evaluation metrics in regression tasks. In addition, a confusion matrix is used to
evaluate classification tasks. (Han et al., 2012b)

Accuracy is defined as the ratio of the number of correct predictions to the total
number of predictions:

Number of Correct Predictions
Total Number of Predictions

Accuracy =

While accuracy is straightforward and easy to interpret, it may not be suitable for
imbalanced datasets where certain classes are under-represented (Q. Gu, Zhu, &
Cai, 2009). If the dataset has such a property, precision and recall provide more
reliable metrics. Precision measures the proportion of true positive predictions out
of all positive predictions made by the model, and recall (or sensitivity) measures
the proportion of true positives out of all actual positives (Japkowicz & Shah, 2011):

True Positives

Precision = — —
True Positives + False Positives

True Positives

Recall = — -
True Positives + False Negatives

The F1-score is the harmonic mean of precision and recall, providing a single metric
that balances both (Japkowicz & Shah, 2011):

Fl-Score — 2 Precision - Recall

Precision + Recall

The Receiver Operating Characteristic (ROC) curve is not a formula, but a graphical
representation of the true positive rate versus the false positive rate across different
threshold values. The Area Under the Curve (AUC) quantifies the overall perfor-
mance of the model (Japkowicz & Shah, 2011):

1
AUC = / ROC(t) dt
0

An AUC value of 1 indicates perfect classification, and an AUC value of 0.5 sug-
gests random guessing. The receiver operating characteristic curve and the AUC are
useful for evaluating models in binary classification tasks with varying thresholds.
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(X. Zhang, Li, Feng, & Liu, 2015)

A confusion matrix is used in classification tasks to evaluate model performance.
The confusion matrix provides a detailed breakdown of the model predictions com-
pared to the actual results, helping to identify not only the general accuracy but
also where the model is making errors. This helps in the development of models
and in the development of pre-processing and data acquisition. (Han et al., 2012b;
Japkowicz & Shah, 2011)

A confusion matrix is typically presented as a structured square table with rows
and columns representing different classes in the classification task. For a binary
classification problem (labelled as Positive and Negative), the matrix is a 2 X 2 table:

Predicted Positive | Predicted Negative
Actual Positive | True Positive (TP) | False Negative (FN)
Actual Negative | False Positive (FP) | True Negative (TN)

True positive (TP) denotes the number of instances correctly predicted as positive.
True Negative (TN) is the number of instances correctly predicted as Negative.
False Positive (FP) denotes the number of incorrectly predicted instances as pos-
itive. False Negative (FN) represents the number of incorrectly predicted instances
as negative.

A confusion matrix for multi-class classification problems extends the concept of
a binary confusion matrix to handle multiple classes. In a multi-class scenario,
the confusion matrix is a square matrix, where both rows and columns represent
different classes.

For a classification problem with n classes, the confusion matrix will be an n x n
matrix. Each element in the matrix at position (i, j) represents the number of in-
stances where the true class is 7, and the predicted class is 7. The diagonal elements
represent the number of correct predictions for each class, and the off-diagonal ele-
ments represent mis-classifications.

In Figure 20, 13 images of label 1 were classified as label 1, and no images were
classified as other labels. Then, in label 2, some images have been labelled as label
3. Furthermore, all images of label 3 are correctly labelled. Therefore, the model
may require some improvement.

A confusion matrix can be used to obtain insight into the performance of a classi-
fication model beyond scalar metrics for example, from the confusion matrix it can
be seen which classes are confused and where the model performs well or poorly.
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Confusion matrix, no normalisation

label 1

label 2 S

label 3

label 1 label 2 label 3

Figure 20. Example of confusion matrix for multi-classification.
3.3 Neural networks

Neural networks (artificial neural network ANN, or neural net NN) are models that
have structure and functions that mimic biological neural networks (Hristev, 1998).
Neural networks can be trained with unsupervised or supervised learning methods,
supervised methods being the most common approach. Neural networks perform a
wide range of tasks in various domains.

In classification tasks, neural networks assign input data to one of several predefined
categories, classification can identify objects in images, text classification can iden-
tify language nuances, and speech recognition produces text (Bishop & Nasrabadi,
2006). Regression tasks predict continuous values based on input data, and can be
used to predict things such as prices or weather conditions (Bishop & Nasrabadi,
2006). In image processing tasks, neural networks, particularly convolutional neu-
ral networks (CNNs), are suitable for processing grid-like data. The tasks suitable
for CNNs include object detection, image segmentation, and analysis, as well as im-
age generation (Goodfellow et al., 2016). In Natural Language Processing (NLP)
tasks, neural networks process and generate human language. The NLP task can
be translation, text summarisation, or text generation. Another language-related
task is speech recognition, where CNNs are used to convert spoken language into
text. (Abdel-Hamid et al., 2014) As in unsupervised learning, neural networks are
also suitable for anomaly detection. Artificial Neural Networks (ANNs) can iden-
tify unusual patterns or outliers in data, which is useful for fraud detection, network
security, and industrial maintenance. (H. Wang et al., 2021). In reinforcement learn-
ing tasks, neural networks are used to train agents that learn to make decisions by
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interacting with the environment. This task is suitable for developing artificial in-
telligence gameplay, robotics, and autonomous driving. (Souchleris, Sidiropoulos,
& Papakostas, 2023) In time series analysis, neural networks, especially recurrent
neural networks (RNNs) and long- and short-term memory networks (LSTMs), are
used to analyse and forecast time series data (Goodfellow et al., 2016). This is
closely related to regression tasks and can be used to predict sales and forecasts.
One of the latest developments in ANNs is generative models, such as generative
adversarial networks (GANs). GANs can be used to create new data samples that
resemble a given dataset. GANSs can generate realistic images, music, and text.
(Szeliski, 2022)

Neural networks are composed of individual units, called nodes or artificial neurons,
which are connected to each other through edges. Depending on the architecture of
the neural network (ANN model), there can be varying numbers of nodes across
different layers of the network. These layers and the number of nodes in them
define the width and depth of the model. The nodes in each layer receive input
signals from the nodes in the previous layer, process the signal, and then pass the
processed signal to the nodes in the next layer. The signal received by each node is
a weighted sum of the inputs from the connected nodes, along with a bias term. The
node then applies a non-linear activation function to this weighted sum to produce
an output. The input to the neural network consists of the characteristic values
relevant to the task, such as images, audio, or text documents. The final output
of the network provides a solution to the problem, such as classifying an image or
predicting an outcome based on the input features. (Hristev, 1998)

The layers of the ANN begin from the input layer and end at the output layer. These
layers are called visible layers. The layers between the input and output layers per-
form different transformations to their inputs, and are referred to as hidden layers.
An ANN is considered deep if it has at least two layers between the input and output
layers. The ANN layers can therefore be broadly categorised into three types: input,
hidden, and output layers. (Haykin, 2009; Hristev, 1998)

The input layer receives the raw input data. The neurons in the input layer do not
modify or perform any computation; they simply pass the data to the subsequent
layers. The number of nodes correlates with the size of the input. After the input
layer, the hidden layers perform transformations and extract features from the in-
put data. Depending on the model used and the complexity of the task, different
numbers of layers and neurons in layers are used. (Hristev, 1998) In addition, the
types of hidden layers vary; some common types of layers include (Goodfellow et
al., 2016):

* Dense (Fully Connected) Layers connect to every neuron in both the pre-
ceding and subsequent layers. These layers compute a weighted sum of the
inputs, followed by the application of an activation function to introduce non-
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linearity.

* Convolutional Layers apply learnable convolutional filters (kernels) to the
input data in order to extract spatial features such as edges, textures, and
patterns. These layers are particularly effective for image and spatial data
processing.

* Recurrent Layers are designed for processing sequential data. They maintain
a form of memory by passing information across time steps, making them
well-suited for tasks such as time series analysis and natural language pro-
cessing.

* Pooling Layers reduce the spatial dimensions of the feature maps, typically
by computing the maximum or average value within a sliding window (e.g.,
max pooling or average pooling). This operation lowers the computational
burden and helps to mitigate overfitting by reducing spatial redundancy.

* Dropout Layers randomly deactivate a fraction of the input neurons during
each training iteration. This regularization technique prevents co-adaptation
of neurons and encourages the network to learn more robust and generalizable
features.

The output layer is the final layer of the neural network. The number of neurons
in the output layer corresponds to the number of classes in the classification task
and the number of output values in the regression task. The output layer frequently
uses activation functions, such as softmax for classification and linear activation for
regression. (Goodfellow et al., 2016; Hristev, 1998)

3.3.1 Convolutional Neural Networks (CNN)

A Convolutional Neural Network (CNN) is a specialised artificial neural network.
CNN is designed for processing and analysing grid-like data, particularly images.
CNNs are designed to reduce the number of parameters and computational com-
plexity, which is important when images and other high-dimensional grid-like data
are processed. (Goodfellow et al., 2016)

The core component of a CNN (Figure 21) is the convolutional layer, and works as
follows. The convolutional layers apply convolutional filters (kernels) to the local
regions of the input data. These filters are passed across the input to produce fea-
ture maps. Feature maps capture local patterns, such as edges, colour information,
textures, and shapes. Filters are specialised to recognise a specific type of feature,
and during the learning process, the network learns the optimal filters for the given
task. (Goodfellow et al., 2016)
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Figure 21. Example of LeNet CNN-architecture (reproduced from: J. Gu et al.
(2018)).

CNNs use pooling layers to down-sample feature maps. Downsampling reduces
the spatial dimensions and number of parameters in the network, thereby reducing
the complexity and computational costs of the network. Downsampling also helps
reduce overfitting and improves the ability of the network to generalise. Common
pooling operations include max pooling, which takes the maximum value in a win-
dow, and average pooling, which computes the average value. (LeCun et al., 1989;
LeCun, Bottou, Bengio, & Haffner, 1998)

One feature of a CNN is the usage of non-linear activation functions, such as the
Rectified Linear Unit (ReLLU). ReL.U is designed to introduce non-linearity into the
model, which is required when patterns and relationships within the grid-like data
are recognised. ReLLU helps to accelerate the convergence of training by mitigating
the vanishing gradient problem, which often occurs with other activation functions
like the sigmoid or tanh. (Goodfellow et al., 2016; Nair & Hinton, 2010)

In the final stages of a CNN, fully connected (dense) layers are used to integrate
the high-level features extracted by the convolutional layers. The fully connected
layers perform classification or regression tasks based on the learnt representations.
(Goodfellow et al., 2016)

3.3.2 Multilayer Perceptrons (MLPs)

Multilayer Perceptrons (MLPs) (Figure 22) are a class of feedforward artificial neu-
ral networks composed of multiple layers of nodes, where each node (or neuron)
is connected to every node in the subsequent layer. The fundamental structure of
an MLP includes an input layer, one or more hidden layers, and an output layer.
Each connection between nodes is associated with a weight that is adjusted during
training to minimize prediction error. (Fiesler & Beale, 2020; Goodfellow et al.,
2016)
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Figure 22. Multilayer Perceptron architecture.

An MLP operates by performing a series of linear transformations followed by non-
linear activation functions (Fiesler & Beale, 2020).

y=f(W-x+Db)

where x is the input vector, W is the weight matrix, b is the bias vector, and f is
a nonlinear activation function such as the sigmoid, hyperbolic tangent (tanh), or
the more commonly used Rectified Linear Unit (ReLU). The nonlinearity enables
MLPs to learn complex, non-linear mappings between inputs and outputs. (Bishop,
1995; Fiesler & Beale, 2020)

MLPs are trained using supervised learning, typically via backpropagation in con-
junction with gradient descent optimization algorithms such as stochastic gradient
descent (SGD), Adam, or RMSprop. During training, the weights are iteratively up-
dated to minimize a chosen loss function, such as mean squared error for regression
tasks or cross-entropy loss for classification. (Fiesler & Beale, 2020)

The primary distinction from CNNs lie in how these models process input data.
MLPs operate on flattened input vectors, thereby disregarding any inherent spa-
tial structure. CNNs also are more parameter-efficient than MLPs. While MLPs
are fully connected—resulting in a large number of parameters that increase rapidly
with input size, CNNs leverage weight sharing through local receptive fields, signif-
icantly reducing the number of learnable parameters. This efficiency allows CNNs
to scale better and generalize more effectively in tasks involving high-dimensional
input. While MLPs offer simplicity and computational efficiency for non-spatial
data, CNNs are inherently better equipped for tasks involving image data due to
their ability to model local dependencies and spatial hierarchies. (Botalb, Moinud-
din, Al-Saggaf, & Ali, 2018; Haykin, 2009)
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3.3.3 Forward and backward propagation

Forward propagation involves passing input data through the network. The process
begins with the input layer, where the initial data x is input to the network. The
layers after input process the data using a set of weights W and biases b, apply-
ing an activation function f to introduce nonlinearity. (Bishop & Nasrabadi, 2006;
Goodfellow et al., 2016)

For a layer [, the input a~! from the previous layer is transformed as follows
(Bishop & Nasrabadi, 2006; Goodfellow et al., 2016):

20 — W0a0-D L pO

where z(*) is the weighted sum of the inputs. The activation function f is then
applied to z") to produce the output a):

The process is repeated layer by layer, propagating the activation forward through
the network until it reaches the output layer. For example, in a neural network with
L layers, the output a'*) is computed after processing through all intermediate lay-
ers. (Bishop & Nasrabadi, 2006; Goodfellow et al., 2016) If the network is working
on a classification problem, the final result is commonly passed through a softmax
function, which produces a probability distribution over the classes. (Bishop &
Nasrabadi, 2006; Goodfellow et al., 2016)

During training, forward propagation provides the predicted output required to cal-
culate the loss function, which quantifies the error between the predicted and ac-
tual outputs. This error is used in backpropagation to adjust the network weights
and biases in order to minimise the loss function and improve model performance.
(Hristev, 1998; LeCun, Touresky, Hinton, & Sejnowski, 1988)

Backpropagation works vice versa as forward propagation, and enables the model to
learn from the data by adjusting weights and biases to minimise the loss function. In
the iterative optimisation process, backward propagation follows forward propaga-
tion. After forward propagation generates the output, the loss function £ measures
the difference between the predicted output and the actual target. The backpropa-
gation updates the network parameters to reduce this loss. (Hristev, 1998; LeCun et
al., 1988)

Backward propagation begins by computing the gradient of the loss function relative
to the output of the network. Using the chain rule of calculus, these gradients are
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propagated backward through the network layers to calculate the gradients of the
loss function relative to weights and biases. For a given layer [, the gradient of
the loss £ with respect to the weights W) and biases b"") is computed as follows:
(Hristev, 1998; Rumelhart, Hinton, & Williams, 1986)

% _ 5017
oL _
obl)

where 5" represents the error term of layer /, and al’~) is the activation of the
previous layer. The error term ) is computed recursively using:

5([) _ (W(l+1)T5(l+1)) o f/(z(l))

where ® denotes the element-wise Hadamard product, and f’(z")) is the derivative
of the activation function applied to the input z(.

Once the gradients are computed for all layers, the weights and biases are updated
using an optimisation algorithm such as gradient descent as follows:

oL
o — O _ 2=
WY =W nf)W(l)
oL
OO _ 7=
b =b n@b(l)

where 7) is the learning rate, which controls the size of the steps taken to minimise
the loss.

The backpropagation is repeated for many iterations over the training dataset until
the model converges to a solution with minimal loss. This process allows the neural
network to learn the optimal parameters that best fit the data, thus improving its
performance for the given task. (Goodfellow et al., 2016)

3.3.4 Optimisation algorithms

Optimisation algorithms enable neural networks to learn from data by adjusting
their weights and biases to minimise prediction errors. Learning algorithms use
optimisation algorithms to iteratively update network parameters to reduce the loss
function. Previous research has developed several learning algorithms suitable for
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different problems. (Goodfellow et al., 2016)

One of the most used optimisation algorithms is Gradient Descent (GD), which
works by iteratively adjusting the model parameters in the direction of the steepest
descent of the loss function, based on the gradient (partial derivatives) of the loss
relative to the parameters. The update rule for 6 at each iteration ¢ is computed as
follows:

9t+1 = 9t - UVL(Qt)

where 7 is the learning rate, which is a hyperparameter that controls the step size,
and VL(6;) is the gradient of the loss function L at #;. (Cauchy et al., 1847). The
correct learning rate is crucial for optimal parameters to be found; too large a learn-
ing rate might make the algorithm overshoot the minimum or cause divergence; too
small a learning rate makes the training process slow, and the process might not
reach the best parameters within the given training epochs. In GD and other func-
tions that do not use the adaptive learning rate, the learning rate can be adjusted by
a certain constant, such as 0.1, for every fixed number of training epochs. (Takase,
Oyama, & Kurihara, 2018)

GD variants have been developed to address the challenges of GD in optimising
convergence speed and computational efficiency. These include the Stochastic Gra-
dient Descent (SGD) and the momentum. SGD updates the model weights using
a single training example at a time rather than the entire dataset. This mechanism
introduces randomness, which helps escape local minima and explore the parameter
space more effectively. The update rule for SGD is calculated with: (Goodfellow et
al., 2016)

w:=w —nVL;j(w)

where the other variables are the same as in GD, L;(w) is the loss for a single train-
ing example. SGD differs from GD so that it approximates the gradient using only
a single datapoint. This saves time compared to GD. However, it can cause the
weights to oscillate around the minimum rather than converge smoothly. (Goodfel-
low et al., 2016)

Momentum has been developed as an enhancement of SGD. The aim of Momentum
is to accelerate gradient vectors in the right direction so that learning convergence is
faster and oscillation is reduced. The approach used in Momentum is to add a frac-
tion of the previous update to the current update to maintain a velocity vector that
accumulates gradients over time. The momentum is calculated using the following
equation: (Polyak, 1964; Rumelhart et al., 1986)
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v:="v+nVL(w)

w:=w—v

where v is the velocity and v is the momentum term. The momentum term is typi-
cally set between 0 and 1.

The previously mentioned optimising algorithms are examples of traditional (non-
adaptive) optimisers, and use a fixed or globally adjusted learning rate for all param-
eters throughout the training process. Versions in which individual parameters are
up-dated dynamically can be used instead of traditional algorithms, such Adagrad,
Adam, RMSprop and AdaDelta algorithms as examples.

Adagrad (Adaptive Gradient Algorithm) adapts the learning rate for each parameter
by scaling it inversely proportional to the square root of the sum of all historical
squared gradients. Adagrad can perform larger updates for infrequent parameters
and update frequent parameters with smaller values. In the Adagrad model, the
learning rate continuously decays, leading to stopping the learning process when it
is running for too long. The Adagrad update rule is as follows: (Duchi, Hazan, &
Singer, 2011)

wi=w— LVL(IU)

VGii + €

where G is the sum of the squares of past gradients, and € is a small constant that
prevents division by zero.

As Adagrad aggressively decreases the learning rate, AdaDelta was developed to
allow the algorithm to continue learning even after many updates. AdaDelta uses
a moving window for gradient updates, and this window restricts cumulative past
gradients to a fixed size. When AdaDelta is used, there is no need to set the initial
learning rate because AdaDelta adapts the learning rates based on historical gradient
information. (Zeiler, 2012)

Gy = pGe1 + (1= p)(VL(w))*

Aw = —MVL(U))

vV Gt +e€
RMSprop (Root Mean Square Propagation) addresses Adagrads decaying learning
rate problem by maintaining a moving average of squared gradients to normalise the
gradient. RMSprop tries to maintain the effective learning rate throughout training.
The RMSprop update rule is calculated as (Tieleman & Hinton, 2012):
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Gi = pGy_1 + (1 — p)VL(w)?

wi=w — VL(w)

U
VGi + €

where p is the decay rate. The decay rate is typically set to 0.9. (Zou, Shen, Jie,
Zhang, & Liu, 2019)

The Adam (Adaptive Moment Estimation) optimising algorithm combines the ad-
vantages of RMSprop and Momentum. Adam computes adaptive learning rates for
each parameter using estimates of the first and second moments of the gradients.
The Adam update rules are as follows: (Kingma & Ba, 2014)

my = ﬁlmt_l + (1 — Bl)VL(U})
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where 3; and 3, are the decay rates for moment estimates, typically set at 0.9 and
0.999, respectively. (Zou et al., 2019)

Comparison and research of optimising algorithms is a common topic in neural
networks research. This ongoing development has led to various other optimising
algorithms and also results that guide choosing the most suitable learning algorithm
in relation to the used neural network and challenge.

3.3.5 Over- and underfitting

The training process of a neural network can face two major problems, overfitting
and underfitting. In overfitting, the model learns the details and noise in the training
data. The core of the overfitting problem lies in the excessive use of neurons in the
network. In overfitting, the model captures not only the underlying patterns but also
the random fluctuations and outliers in the training data. (Goodfellow et al., 2016)

This negatively impacts the performance of the model on unseen data and prevents
the model from generalising on a given task. The reasons for overfitting vary. The
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most common reasons include a small or biased dataset, noise in training samples,
high variance in model predictions, too complex a model, and not stopping the
training procedure before convergence. (Bejani & Ghatee, 2021).

In overfitting, the model performs exceptionally well on the training data, which can
be observed as low error rates. However, during the validation phase the model fails
to generalise. This leads to high error rates and a significant gap between training
and validation performance metrics, such as accuracy, precision, recall, and loss
values. (Deisenroth et al., 2020; Goodfellow et al., 2016)

There are many ways to control overfitting; Bejani and Ghatee proposed three con-
trol mechanisms: passive, active, and semi-active. Passive methods look for the
best possible neural network model and hyper-parameter optimisation techniques
(Bejani & Ghatee, 2021). Common L1 and L2 regularisation are considered as pas-
sive control methods. L1 adds a penalty proportional to the absolute value of the
coefficients in the loss function and L2 adds a penalty proportional to the square
of the coefficients to the loss function (Tibshirani, 1996). Active control meth-
ods introduce noise into the learning model or the training algorithm so that the
model cannot memorise the connection between the data and the output (Bejani
& Ghatee, 2021). The methods in this control scheme include dropout (Srivas-
tava, Hinton, Krizhevsky, Sutskever, & Salakhutdinov, 2014), data augmentation
(Szeliski, 2022), normalisation (Rafiq, Bugmann, & Easterbrook, 2001), gradient
centralisation (Yong, Huang, Hua, & Zhang, 2020) and the well-chosen activation
functions. Semiactive methods can also modify the network by pruning (Sietsma &
Dow, 1988) or by building the network as seen in (Bejani & Ghatee, 2021).

One technique not mentioned in the Bejani and Ghatee categorisation is early stop-
ping, which can be considered a form of passive regularisation. Early stopping halts
the training process when performance of the model on a validation set ceases to
improve, thereby preventing overfitting. If training is stopped too early, the model
may be underfitted — too simplistic to capture the underlying patterns in the data.
Conversely, if training continues too long, the model risks overfitting to the training
data, reducing its ability to generalise to unseen samples (Goodfellow et al., 2016;
Prechelt, 2002).

Underfitting typically occurs when the model is too simple or lacks sufficient ca-
pacity (i.e., too few parameters) to represent the complexity of the problem. In such
cases, the model fails to perform well both on training data and on new, unseen data.
(Deisenroth et al., 2020; Goodfellow et al., 2016)

An underfitted model has high bias and low variance. High bias indicates that the
model has made strong assumptions about the data and could not adapt to the nu-
ances of the dataset. Low accuracy and/or high error rates in training and validation
indicate underfitting. (Goodfellow et al., 2016; Hastie et al., 2009)
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Strategies to reduce underfitting include increasing model complexity and feature
engineering. Increasing the complexity of the model can be achieved by incorpo-
rating additional layers and neurons in a neural network or by using more complex
models (Hoge, Wohling, & Nowak, 2018). In feature engineering, more informa-
tive features are created from existing data, providing the model with more inputs
(Beaugnon & Chifflier, 2018; Emmert-Streib & Dehmer, 2019).

3.3.6 Cross-validation

Cross-validation is a process that can be used to obtain more reliable information
about a model’s performance, especially when available data is limited. Cross-
validation also makes it possible to maximise the use of the dataset. Compared to
processes without cross-validation, cross-validation provides a more robust estimate
of model accuracy, variance, and generalisation error. Cross-validation involves
partitioning the dataset into multiple subsets or folds, allowing the model to be
trained and tested on different combinations of these folds. Cross-validation not
only provides a more accurate estimate of model performance but also mitigates
issues such as overfitting. (Craven & Wahba, 1978; Deisenroth et al., 2020)

K-Fold cross-validation (Figure 23) is a commonly used cross-validation technique.
The K-fold cross-validation divides the dataset into k£ equal sized folds. The model
is then trained k times, each time using k£ — 1 folds for training and the remaining
fold for testing. The items belong to the same fold in each fold. For each iteration
of training, different folds were used for training and testing. The overall perfor-
mance is obtained by averaging the performance metrics for each of the £ iterations.
(Deisenroth et al., 2020; Hastie et al., 2009) The value of & is not fixed, but some
common values include 5 and 10 (Wong & Yeh, 2019). If 5-folds are used, then
80% of the data is used for training in each iteration.

validation I training I
1st 1 2 3 k-1 k
.5 2nd 1 2 3 k-1 k
[
£ 3rd 1 2 3 . k-1 k
kth 1 2 3 k-1 k

Figure 23. Cross-validation process.

Stratified cross-validation is a variation of K-fold cross-validation, where folds are
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created to preserve the proportion of each class in each fold. Stratified cross-
validation ensures that each fold is representative of the overall class distribution.
Stratified cross-validation is especially suitable for unbalanced datasets, where skewed
performance metrics may appear. (Han et al., 2012b)

Leave-One-Out Cross Validation (LOOCV) is a special case of K-fold Cross Vali-
dation, where k equals the number of items in the dataset. Each fold contains ex-
actly one item for testing, and the remaining & — 1 datapoints are used for training.
LOOCYV is useful for small datasets; however, it can be computationally expensive.
LOOCYV trains the model on all item points except for one, and tests with a single
item. As with the standard K-Fold, the performance metrics are the average of all
iterations. (Han et al., 2012b; James et al., 2023)

3.3.7 Transfer learning

Recent developments in neural networks and machine learning have led to models
that are well trained but are task specific. Transfer learning (Figure 24) can be used
to fine-tune these models for another task. Transfer learning leverages knowledge
gained from previously solved problems and adapts to solve new but related tasks.
Transfer learning can be used to speed up the training process. However, it is also
useful if a limited amount of data is available for the new task. In transfer learning,
the weights of the pre-trained model are fine-tuned with the new dataset. (Han et
al., 2012a; Yosinski, Clune, Bengio, & Lipson, 2014)

m B — Learning task 1

Dataset 1

Knowledge

—p» | Learningtask2 | ————p Final knowledge

Figure 24. Transfer learning process.

Dataset 2

Transfer learning is a popular research topic in machine learning, which has led to
different categorisation of transfer learning, as well as different approaches. One
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way is to categorise transfer learning into inductive, transductive, and unsupervised
transfer learning. In inductive transfer learning, the target task differs from the
source task. The domain of the task can be similar; however, it does not need to be.
In an inductive transfer teaching model, a new domain is considered as multi-task
learning. (Niu, Liu, Wang, & Song, 2020)

Multitask learning is an inductive transfer method that enhances generalisation by
leveraging the domain knowledge embedded in the training data of related tasks
as an inductive bias. This is achieved by learning multiple tasks using common
models. In multitask learning, the knowledge gained from another task can help
improve the learning of other tasks. (Caruana, 1997)

Multitask learning uses hard or soft parameter sharing. In hard parameter-sharing
networks, the shared part is followed by the task-specific section. In soft parameter
sharing, each network has its own set of parameters, but the network architecture is
the same. Multitask learning is also considered as either homogeneous or heteroge-
neous. In homogeneous learning, each task corresponds to a single output, and in
heterogeneous learning, each task corresponds to a unique set of output labels. This
dissertation uses multitask learning, where hard parameter sharing is used to solve
homogeneous transfer learning. (Sun, Panda, Feris, & Saenko, 2020)

A typical case of multitask learning is when the model has been trained with a
certain (image) dataset, and then this model is modified to solve the problem of
another dataset. This can be achieved by maintaining the sharing of the lower-level
representations of the model and training only the higher-level layers.

The transfer learning process is typically done in the following steps: 1) selection
of the pre-trained model, 2) configuration of the pre-trained model, and 3) training
the model for the target domain. The process of configuration can be performed by
freezing the pre-trained layers, removing the last (task-specific) layer, and adding
a new layer that fits the new task. (Zhong & Ban, 2022). During transfer learning,
general feature extraction layers can have their weights “frozen,” meaning that they
are not updated during training on the new task. This helps to preserve the pre-
trained knowledge and often leads to faster and more effective learning on the new
task. (Goodfellow et al., 2016) These early layers capture fundamental patterns like
edges or textures, applicable across various visual tasks.



62  Acta Wasaensia

4 METHODS

4.1 Dataset for the study

This thesis uses various datasets for Articles I - IV, some datasets are used in mul-
tiple articles. To support the creation of a solid and replicable dataset, all materials
were printed using a conventional LaserJet office printer on A4-sized plain paper.
While not formally standardized, the printing process was kept consistent across
all samples to minimize variability in print quality and ensure comparability. The
materials were captured with an iPhone 7, an iPhone 11 Pro and a Nokia TA-1032,
with their built-in camera applications. All of the camera applications used were set
to use automatic settings for white balance and other settings. The purpose was to
mimic a consumer taking a photo.

In the first article, colour recognition was performed for a dataset containing 1260
images of a QR code with colour embed inside as a bar The colours used were
magenta, cyan, yellow, black, red, green, and purple. For each colour five different
intensity levels (100%, 80%, 60%, 40%, 20%) were used. Article I also uses some
of the QR codes that were printed with functional inks in black (C = 0.0, M = 0.0,
Y =0.0, K=1.0), magenta (C=0.0, M =1.0, Y =0.0, K=0.0) and green (C =
0.4,M=0.0,Y =04, K=0.0). The distribution of samples is shown in Table 1,
and each class had at least 12 images that were used for the calculations.

Table 1. Distribution of samples in Article I.

Intensity ‘ Cyan ‘ Purple ‘ Green ‘ Black ‘ Magenta ‘ Red ‘ Yellow

0% 50
20% 19 19 76 19 83 19 | 13
40% 19 19 83 18 64 19 | 13
60% 19 19 58 15 71 19 | 13
80% 19 16 63 19 63 20 | 13
100% | 19 16 | 129 | 20 85 19 | 12
Total | 95 | 105 | 409 | 91 | 366 | 96 | 80

For Article I, the images were captured both in a controlled environment and in
everyday situations (Figure 25). The controlled environment was a 25 cm x 20 cm
x 40 cm white box. Inside the box was a moving sledge for distance control and
adjustable LED lights for ambient lighting control. In the controlled environment,
two levels of ambient light, 400 1x (office ambient light) and 15 Ix (dark environ-
ment) were used. The images captured in everyday situations were taken in normal
home, office, and retail environments. These environments had a varying (warm or
cold) colour of light, with ambient light level over 200 1x. However the light level
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was not measured due multiple locations used, but it was sufficient for completing
general tasks.

.
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Figure 25. Samples of images used in Article I.

The dataset used in Article I had challenges that were fixed for the dataset 1 (DS1)
used in the Article II. The challenges were related to the bar which was used to
embed colour inside the QR code. For DS1 the different colours (black, white and
colour) were clearly separated from each other and given square area. In this way,
the extraction of the data was more feasible. The final DS1 (Isohanni, 2023) used
25 different modified QR codes with different colour and intensities. QR codes had
three colour zones in them: black, white, colour. The colour zone was the colour
which was sought to be recognised correctly. The black zone was printed with pure
black (100K /CMYK(0.0, 0.0, 0.0, 1.0)) colour, the white zone had no colour (paper
white), and the third zone was printed with specific colour. In total DS1 had 722
images distributed as shown in Table 2.

Table 2. Distribution of samples in DS1.

Intensity ‘ Cyan ‘ Green ‘ Black ‘ Magenta ‘ Yellow

0% 20

20% | 25 | 25 | 26 33 22
40% | 27 | 34 | 18 31 34
60% | 33 | 25 | 20 42 26
80% | 27 | 31 | 25 32 23
100% | 29 | 40 | 21 29 24
Total | 141 | 155 | 130 | 167 129

In the example Figure 26, the colour area has saturation 20% in magenta (20M
/ CMYK(0.0,0.2,0.0,0.0)). The dataset was created by printing colour areas with
different ink saturations (20%, 40%, 60%, 80% and 100%). Figure 27, shows an
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Figure 26. One sample of the DS1 and DS2 image, and extraction of colour areas .

example of QR codes with colour saturation 20% ... 100% in a magenta channel
(M). The other colours and combinations of colours were C (cyan), M (magenta), Y
(yellow), K (black), and CY (green). This dataset was further developed to dataset
2 (DS2) (Isohanni, 2024a) by including additional saturation levels (10% and 5%).
This was done so that the algorithms and models could be tested with very subtle
differences. DS2 had a total of 561 images, distributed as shown in Table 3.

Table 3. Distribution of samples in DS2.

Intensity | Cyan | Green | Black | Magenta | Yellow

0% 52

5% 45 55 50 47 50
10% 53 55 49 51 54
Total 98 110 151 98 104

The images in both datasets were acquired using two consumer-grade mobile de-
vices (distinct iPhone models) under typical ambient lighting conditions. The con-
ditions which are commonly found in residential and office settings. The datasets
cover a range of variations in colour temperature, illumination levels, imaging dis-
tances, and device-specific camera settings. This variability was intentionally pre-
served to simulate various real-world scenarios encountered in everyday contexts.

The dataset used was relatively small, so for supervised learning, data augmentation
was used with the following options to extend the dataset, rotation of 90 degrees,
0.2 width shift, 0.2 height shift, 0.2 shear range, 0.2 zoom range, horizontal flip and
vertical flip.

In Articles IIT and IV DS1 and DS2 were split into training (80%) and validation
(20%) datasets, and in the last experiments of Article IV K-Fold cross-validation
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(five times) was also used.

Elgilil EI'%EI EI:%EI EI:%EI EI:%EI
=] =] =] (=] =]
20% 40% 60% 80% 100%

Figure 27. Samples of DS1 with varying colour intensity.

4.2 Article | - Mathematical methods

Article I explores the embedding of functional ink inside a QR code and how accu-
rately the colour of the indicator can be read using mathematical methods. For this
dissertation, the most important part of Article I is colour recognition. Article I uses
two different colour areas, white and colour, the mean colour value of these areas
is calculated, and then values are compared. The colour difference is calculated
using the CIEDE2000 algorithm using different parametric values for K;, K¢, and
Ky. These parameters were CIEDE2000 (1, 1, 1), CIEDE2000 (2.76, 1.58, 1), and
CIEDE2000 (2, 1, 1).

4.3 Article Il - Unsupervised learning

Article IT uses the DS1 and DS2 datasets and focusses on using common unsuper-
vised learning methods to recognise colours. In this article, the process used is
shown in the following Figure 28. The process takes an RGB JPEG image as input
and outputs the LAB values of three (white, black, and colour) cluster centres. After
clustering, the cluster closest (smallest DeltaE) to CIELAB(1.0, 0.0, 0.0) is labelled
as “white”. The cluster closest to CIELAB(0.0, 0.0, 0.0) gets the label “black”.
The final cluster is labelled “colour”. If only two clusters, or more than three major
clusters are found, the result of the clustering process is considered to have failed.
Finally, Delta-E between the white and colour clusters is calculated. This value
indicates how different or similar colours are on a scale 0 ... 100. Clusters were
considered to represent different colours if their Delta-E was > 2.0. Article II com-
pares the K-mean, Fuzzy C-Means, DBSCAN, Mean shift, Hierarchical clustering,
Spectral clustering, Gaussian Mixture Model (GMM), BIRCH and OPTICS algo-
rithms.
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Read input image into a
3-channel RGB matrix
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white and colour cluster
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]

Group analysis areas into
one dataframe

Figure 28. The process used in Article II.

4.4 Articles lll & IV - Convolutional neural networks

Articles IIT and IV use the DS1 and DS2 datasets. The images are processed partly
through the same process as described in Article II, image auto-levelling and an
extraction of colour areas. The difference from Article II is that the images are
slightly blurred, with Gaussian Blur, to reduce noise that might impact the training
process. After this, a difference image is calculated and the image is resized to
256x256. This difference image represents the difference between paper-white and
colour, and is labelled with a label that defines colour.

In Article 111, the dataset is divided 80% into training data and 20% into validation
data. Article IV used K-Fold cross-validation for a final evaluation of the CNN
model. These articles use data augmentation to expand the training set. Data aug-
mentation was performed with rotation, width shift, height shift, shear, and zoom
options.

Articles III and IV also used transfer learning to transfer knowledge from DS1 to
DS2. First, the neural network is trained with DS1. Then, the top layers of the
network were changed to match the DS2, and the network is trained again. For
the DS1 models were trained with 30 epochs and for the DS2 with 15 epochs.



Acta Wasaensia 67

The Article IT used standard versions of each architecture. Optimisations regarding
hyper-parameters, such as momentum, learning rate, and batch size, were not used,
and exploring them with different architectures was left for further research. All
CNN models were compiled using the cross-entropy loss function and the Adam
optimiser. The CNNs used in Article III were AlexNet and ZFNet, VGG, ResNet,
GoogLeNet, DenseNet and EfficientNet.

Article IV has the same general approach as taken in Article III. In this article,
the standard versions of the ResNet-18, ResNet-34, ResNet-50, ResNet-101, and
ResNet-153 architectures are trained with DS1 and DS2. The architectures were
compared with two different approaches, the first being the standard architecture
and the second using gradient centralisation (GC). GC is an optimisation technique
that normalises gradients during training (Yong et al., 2020). Normalisation of gra-
dients can help the training process to focus on the relevant signals rather than being
dominated by noise or extreme gradients. Finally, a custom ResNet-34 was built by
experimenting with different modifications to the standard architecture. These mod-
ifications include adding a dropout layer to the fully connected layers, adding batch
normalisation at the end of the residual block, and using different pooling methods.
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5 RESULTS

5.1 Article | - Mathematical methods

In Article I, first experiments discuss how the indicator embedded inside a QR code
affects the decoding distance. The results show that the distance change is only
small. This is related to the Reed-Solomon error correction, which reconstruct lost
or unreadable data. These results give insight on how embedding should be done,
but do not directly contribute to the main theme of the dissertation. The second
experiment is more interesting as it experiments different CIEDE2000 algorithms
with three different parametric (K;, K¢ and Ky) values (1, 1, 1), (2.76, 1.58, 1) and
(2, 1, 1). These parametric values were selected based on findings of past research
done in the field.

The best-performing algorithm in the study was CIEDE2000 with the parameter
configuration (2.76, 1.58, 1). This version of the algorithm demonstrated the high-
est and most consistent accuracy in recognising sensor states, particularly in situ-
ations where the colour intensity of the functional ink was low. Compared to the
other tested configurations, CIEDE2000(2.76, 1.58, 1) yielded broader and more
distinct value ranges, which improved the clarity of sensor state differentiation. Fur-
thermore, in the third experiment involving real-world printed markers with actual
functional inks, this parameter setup maintained strong performance by producing
stable and interpretable sensor values. Configuration (2.76, 1.58, 1) was determined
to be the most accurate and robust option, of the used ones, for detecting the func-
tional ink state in smart tags.

The results of the experiment two in Article I are shown Tables 4, 5 and 6. In these
tables each row corresponds to a specific CMYK colour used in the simulated sensor
area, including both primary colours (such as cyan, magenta, yellow, and black) and
secondary or mixed colours (such as red, green, and purple). The first row ("No
sensor”’) provides the baseline colour difference range for a non-active sensor area.
The columns represent different intensity levels of the sensor ink, ranging from
20% to 100%. For each combination of colour and intensity, tables shows the range
of colour difference values calculated by the algorithm. These values reflect how
strongly the sensor area differs from the reference (non-sensor) area, with higher
values indicating a more detectable change.

The results in Article I show that the CIEDE2000 algorithm, with any of the para-
metric settings mentioned, can reliably recognise the indicator state accurately if the
indicator intensity is 40%. When the indicator intensity decreases to 20% or below,
incorrect results are occasionally provided, and the reliability decreases. These in-
correct results appeared especially with the yellow ink. The results also demonstrate
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CMYK

20%

40%

60%

80%

100%

No sensor

[0.00 ...

0.05

(0’ 0’ 0, 1)

[0.16 ...

0.27

.. 0.60]

[0.58 ...

.. 0.95]

[0.60 ...

(17 0, 07 0)

[0.07 ...

.. 0.36]

[0.28 ...

.. 0.49]

[0.47 ...

0,1,0,0)

[0.06 ...

0.24

.. 0.31]

[0.29 ...

.. 0.61]

[0.43 ...

0,0,1,0)

[0.04 ...

|
|
0.17]
|
|

0.12

. 0.17]

[0.08 ...

.. 0.14]

[0.14 ...

(]" 1’ 0’ O)

[0.15 ...

0.28]

.. 0.51]

[0.64 ...

.. 0.88]

[0.75 ...

0,1,1,0)

[0.08 ...

0.18]

.. 0.31]

[0.22 ...

.. 0.61]

[0.44 ...

(1,0,1,0)

[0.10 ..

. 0.25]

.. 0.31]

[0.31 ..

.. 0.42]

[0.53 ...

Table 4. Results from the Article I, second experlment CIEDE2000(1 1, 1)
algorithm.

CMYK

20%

40%

60%

80%

100%

No sensor

[0.00 ...

0.05]

0,0,0,1)

[0.16 ...

0.27]

[0.31 ...

0.60]

[0.58 ...

0.87]

.. 0.95]

[0.60 ...

(]" 0’ 0’ O)

[0.08 ...

0.16]

[0.19 ...

0.36]

[0.30 ...

0.37]

.. 0.50]

[0.50 ...

(O? 1’ 03 O)

[0.10 ...

0.24]

[0.23 ...

0.34]

[0.36 ...

0.49]

.. 0.63]

[0.48 ...

(0’ 0’ 1, 0)

[0.11 ...

0.15

0.16 ...

0.21]

[0.21 ...

0.39

.. 0.33]

[0.27 ...

(1’ 1, 07 0)

[0.19 ...

0.38]

[0.65 ...

.. 0.90]

[0.75 ...

0,1,1,0)

[0.09 ...

|
0.29]
0.18]

[
[0.28 ...
[0.17 ...

0.31]

[0.23 ...

|
0.72]
0.47]

.. 0.61]

[0.46 ...

(1,0, 1,0)

[0.14 ..

. 0.29]

[0.28 ..

. 0.38]

[0.36 ..

. 0.66]

.. 0.53]

[0.56 ...

Table 5. Results from the Article I, second experiment, CIEDE2000(2 76, 1.58, 1)
algorithm.
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[0.48 ...
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[0.33 ...
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[0.17 ...
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[0.09 ...

[0.18 ...

0.31]

[0.23 ...
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[0.12 ..

[0.25 ..
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[0.34 ..
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[0.54 ...

Table 6. Results from the Article I, second exper1ment CIEDE2000(2, 1, 1)
algorithm.
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that the algorithms yield values that vary widely, especially with higher intensities.
This means that a threshold can be set for recognition if colours are different, but
accurate recognition of colours is not feasible with the CIEDE2000 algorithm when
printed sources are used in different environments. In such environments, camera
accuracy, ambient light, print quality, and paper quality have a significant impact,
so only a limited number of colour shades can be recognised accurately.

5.2 Article II - Unsupervised learning

Article II compares different unsupervised clustering methods. In these experi-
ments, the clustering process was considered successful if it could recognise three
different clusters and the clusters were formed correctly. The clusters were correctly
formed if the Delta-E value between the white and the colour cluster was equal to
or smaller than 2.0, compared to the ground-truth. The ground-truth was obtained
from the images before the datapoints were combined and sent to an unsupervised
algorithm. The Delta-E value 2.0 is considered to be the smallest colour difference
that an inexperienced human observer can notice (Mokrzycki & Tatol, 2011).

In Article 11, the success rate was calculated for each image in the dataset.

correctly clustered images
success rate = ;
total images

The first experiment explored various unsupervised clustering methods. Feasible
parameters or their combinations were used for each method. The results are shown
in the following Table 7, where the runtime presented is the average runtime per
image.

The results of the experiment show that multiple clustering methods are suitable
if the difference in colour between white paper is sufficiently large (equal to or
greater than 20%). K-Means, with K-Means++ initialisation, performed well over-
all, particularly benefiting from its hard clustering nature, although it struggled with
low-density ink colours and outliers. C-Means, while generally effective, faced dif-
ficulties with close clusters and low-density colours, requiring high-fuzziness pa-
rameters for better results. DBSCAN frequently failed due to incorrectly classify-
ing datapoints as noise, especially in mid-intensity colours. GMM performed sim-
ilarly to K-Means but with fewer issues, and although it struggled with noisy data,
it was still the best algorithm in larger differences. BIRCH performed better than
expected for non-hierarchical data, but was sensitive to outliers and data ordering.
Hierarchical clustering was effective, particularly with Ward linkage, but struggled
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Method (parameters)

Success rate

Runtime (s.)

K-means (algorithm = elkan)

K-means (algorithm = full)

C-means (m = 1.0)

C-means (m = 2.0)

C-means (m = 3.0)

C-means (m = 4.0)

C-means (m = 5.0)

C-means (m = 6.0)

DBSCAN (eps = 2.5, min_samples = 25%)
DBSCAN (eps = 5.0, min_samples = 25%)
DBSCAN (eps = 10.0, min_samples = 25%)
DBSCAN (eps = 10.0, min_samples = 16.7%)
DBSCAN (eps = 10.0, min_samples = 33.3%)
DBSCAN (eps = 15.0, min_samples = 25%)
GMM (covariance_type = full)

GMM (covariance_type = tied)

GMM (covariance_type = diag)

BIRCH (threshold = 1.0, branching_factor = 50)
BIRCH (threshold = 0.5, branching_factor = 50)
BIRCH (threshold = 0.25, branching_factor = 50)
BIRCH (threshold = 0.25, branching_factor = 100)
BIRCH (threshold = 0.25, branching_factor = 25)
BIRCH (threshold = 0.1, branching_factor = 50)
Hierarchical (affinity=euclidean, linkage=ward)

Hierarchical (affinity=euclidean, link-
age=complete)
Hierarchical (affinity=euclidean, link-

age=average)

Hierarchical (affinity=euclidean, linkage=single)
Spectral (affinity=radial basis function)

Spectral (affinity=nearest_neighbour)

Meanshift (quantile = 0.5)

Meanshift (quantile = 0.75)

Meanshift (quantile = 0.4)

OPTICS (eps = 2.5, min_samples = 25%)
OPTICS (eps = 5.0, min_samples = 25%)
OPTICS (eps = 10.0, min_samples = 25%)

98.1%
98.1%
96.1%
96.6%
97.1%
97.6%
97.6%
97.6%
19.5%
70.1%
78.1%
81.6%
25.2%
70.1%
99.0%
97.6%
99.0%
78.5%
81.9%
85.3%
84.0%
83.5%
85.0%
97.7%
82.9%

92.7%

84.2%
98.1%
52%
0%
5.0%
17.7%
70.0%
17.7%

0.052
0.051
0.034
0.027
0.039
0.051
0.050
0.068
0.172
0.176
0.191
0.177
0.167
0.181
0.085
0.071
0.071
0.285
0.344
0.351
0.354
0.410
0.380
0.537
0.414

0.468

0.417
2.870

18.30
17.50
15.60
5.120
24.12
5.12
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with specific low-density colours. Spectral clustering performed reasonably well,
but was affected by outliers. Meanshift was slow and ineffective in clustering the
data. OPTICS, although similar to DBSCAN, achieved only a success rate of 70%
and was slower. A closer inspection of each algorithm is presented in Article III.
Some common observations are that as clusters become closer to each other, it is
very challenging for unsupervised learning to identify to which cluster datapoint
belongs to. Most algorithms also suffer from noise and outliers, noise is common
in the presented use case and comes from many source and transitions of colours.

Article II also presents another experiment in which the intensity difference with
respect to paper-white was 0%, 5%, or 10% in the specified CMYK channels. For
this experiment, the best algorithms were chosen K-means, C-means (m = 3.0),
GMM (covariance = full), hierarchical clustering (affinity = Euclidean, linkage =
Ward) and spectral clustering (affinity = radial basis function). The results of this
experiment are shown in Table 8.

Table 8. Results of the second experiment, colour difference <= 10%.

Method (parameters) 10% intensity 5% intensity
C-means (m = 3.0) 94.8% 83.3%
K-means 96.3% 89.3%
GMM (covariance = full) 92.5% 84.5%
Hierarchical clustering (affinity=euclidean, 93.4% 84.5%
linkage=ward)

Spectral clustering (affinity = radial basis 97.8% 76.2%
function)

From the results, it can be seen that the success rate of all algorithms was lower
than in the first experiment. The algorithms performed quite well when the inten-
sity of the colour was 10%; however, with a small intensity of 5%, only the K-means
achieved an almost 90% success rate. The challenges come mainly from the ma-
genta and yellow colours. This is shown in Figure 29, where images a) and b) have
a colour intensity of 10% and c) and d) have an colour intensity of 5%.

a) b) Q) d)
Figure 29. Failed images in experiment two.

The results of the Article I show that unsupervised clustering methods, K-means,
C-means, GMM, hierarchical clustering, and spectral clustering, can be used to
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recognise colour differences in printed CMYK colours. These methods are feasi-
ble, especially when the colour has an intensity difference of 20% or more. The best
option for these use cases is GMM, which in the experiment presented achieves a
99.0% success rate, and spectral clustering, and a K-means also reached a success
rate greater than 98%. All of the best algorithms also performed well when the
ink levels were 10%. But when the difference dropped to only 5%, none of the
algorithms achieved a success rate higher than 90%. With very low colour intensity
differences (5%), the best algorithm was K-means followed by GMM and Hierar-
chial clustering. Each of the top three algorithms have very different approaches to
clustering. Where K-means and Hierarchial clustering are hard clustering, GMM
is soft. GMM and Hierarchial clustering assume elliptical or arbitrary clusters and
K-means spherical.

The results demonstrate that the unsupervised clustering methods are very sensitive
to outliers and noise when they are used for colour data clustering. The noise comes
from the change of colour; for example, when black changes to white, there are grey
colours in the data. Noise datapoints weaken the results of the clustering by drifting
centroids away from their actual locations. Using techniques to filter out noise and
outliers would be beneficial, however, the challenge lies in the recognition of noise
because they lie close to actual datapoints. With the best approaches, it is noticeable
that clustering of yellow and magenta does not work as well as with green and blue.
This is interesting as red and yellow lie on the lower end of the colour spectrum as
well as on the positive A and B axis in the LAB colour space.

5.3 Article lll - Convolutional neural networks

Article III used standard CNN architectures to classify images based on their colour
difference to paper-white. The same approach as described in Article II was used:
first a dataset with larger colour intensity difference was used, and then another
dataset with smaller differences. The results of the training process for the first
dataset are shown in Table 9, which contains the accuracy and train time/epoch for
each architecture.

The results demonstrate that most CNNs outperform unsupervised algorithms. Deeper
networks have better performance than shallow ones, except AlexNet, which can be
considered shallow with only eight layers. One thing to note is that the AlexNet
training speed is the fastest. The results demonstrate that the problem may not re-
quire complex or deep networks, as the data used is not very complex. Regarding
the best algorithm, DenseNet, which employs a learning approach through residu-
als, all images were classified correctly. Other architectures made mistakes in some
images. ResNet and VGG-16 sometimes make confusions between different inten-
sities of the same colour (VGG-16 in a total 24 images and ResNet in 32 images).
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Table 9. Results of the first experiment (difference >= 20%) in Article III.

Architecture  avg. train time / epoch (s.) Accuracy

DenseNet 690 s. 1.00
ResNet 626 s. 0.98
VGG-16 570 s. 0.97
AlexNet 110 s. 0.93
EfficientNetB1 359 s. 0.90
ZFNet 340 s. 0.88
GooglLeNet 1639 s. 0.87

AlexNet on the other hand confused some colours with other colours (in 88 images).

Article III also included another experiment with smaller intensity differences, equal
to or below 10%. In this experiment, the four best CNN architectures were used.
In Article III transfer learning was also used to speed up the training process and to
transfer knowledge from DS1 to the DS2 training process. Transfer learning used
models of the first experiment to obtain initial weights and biases for DS2 training.
These results are shown in the following Table 10.

Table 10. Results of the second experiment, colour difference <= 10%.

CNN avg train time / epoch (s.) Accuracy
VGG-16 690 s. 0.34
ALEXNET 13s. 0.47
DENSENET 201 s. 0.77
RESNET 725 s. 0.95

With smaller colour differences, it becomes a challenge for supervised learning to
classify images correctly. When the models are compared, AlexNet and ResNet
learnt through the process. However, VGG-16 and DenseNet stopped learning at a
certain epoch.

According to the confusion matrix, and further investigation of the per-class perfor-
mance of the models, most of the models could classify the items correctly if there
was no colour presented (class = 0) or when there is at least 10% intensity of some
colour. However, when there is only 5% intensity, different classes are confused.

Based on the results presented, the best accuracy was achieved with the ResNet
architecture, which exhibited the best overall performance if both experiments are
considered. The ResNet architecture can accurately classify other colours, with
the exception that low-intensity yellow and magenta are sometimes confused. In
addition, in some cases ResNet cannot differentiate 5% yellow from paper-white,
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which is also quite challenging for the human eye.

All of the selected CNNs were effective in recognising colour differences, espe-
cially those with large intensity differences (>= 20%). When the colour difference
decreased to only 5% or 10% (see later Figure 34) in some CMYK channels, most
architectures struggled to classify images correctly.

The results demonstrate that different CNN architectures can be used for colour-
difference recognition. Deeper CNNs can typically identify more complex features;
however, they are more difficult to train. Wider networks can capture more fine-
grained features, but they experience difficulties when handling high-level features
(see Tan and Le (2019)). In this use case, it is interesting that the depth of the
network and the number of parameters are directly correlated with the accuracy of
the network when the colour difference is large.

The best architectures (i.e. ResNet and DenseNet) use an approach that connects
layers not only to the previous and subsequent layers. However, they either have
a dense connection (DenseNet) in which the architecture connects each layer to
other layers separately in a feed-forward manner (Zhu & Qiu, 2021), or as seen
in ResNet, where the architecture allows data to flow from other layers directly to
subsequent layers (W. Zhang, Li, & Ding, 2019). These connectivity types appear
to significantly affect performance when the model attempts to classify items based
on small differences. As with unsupervised learning, the most challenging colours
for neural networks were yellow and magenta.

5.4 Article IV - Optimised ResNet

Article IV follows the same structure as Article 111, and the first different versions of
ResNet, ResNet-18, ResNet-34, ResNet-50, ResNet-101 and ResNet-153 are eval-
uated together. Then, the best of the architecture is selected for modification to
achieve more accurate results. All architectures were tested with and without gra-
dient centralisation. The results of the first experiment are shown in Table 11.

The results demonstrate high general accuracy for all architectures. With GC used,
most architectures achieve higher accuracy, but with very deep ResNet-101 and
ResNet-153, GC weakens accuracy. This might be an indication that GC accelerates
the vanishing gradient problem if the network is very deep. Based on the findings
presented in Article IV, most architectures are prone to overfitting with the target
dataset. One possible reason for overfitting is small differences in images or a small
dataset. ResNet-34 with gradient centralisation demonstrated the best accuracy of
96.9%.
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Table 11. Results of first experiment (without K-Fold cross-validation) in Article
IV, colour difference <= 10%.

Architecture Centralised gradient used avg. train time / epoch (s.) Accuracy

Resnet-18 Yes 323 s. 0.934
Resnet-18 No 316 s. 0.952
Resnet-34 Yes 236 s. 0.969
Resnet-34 No 233 s. 0.966
Resnet-50 Yes 785 s. 0.958
Resnet-50 No 781 s. 0.901
Resnet-101 Yes 1414 s. 0.941
Resnet-101 No 1350 s. 0.948
Resnet-153 Yes 2079 s. 0.682
Resnet-153 No 1094 s. 0.935

Article IV also presents the modified ResNet-34 architecture, where modifications
are based on the findings of past research. The modifications were first tested with-
out K-Fold cross-validation, and later final architecture accuracy was tested with
K-Fold cross-validation.

Adding extra dropouts can be used to mitigate overfitting. The first dropout was
added after the first convolutional layer, and this approach achieved an accuracy of
98.9%. Then, dropout was added after each residual group, which led to a 94.34%
accuracy. The results of these modification demonstrate that dropout in the correct
location in the architecture can improve model performance in the target dataset.
Another way to make the network more resistant to the degradation of the between-
class distance to the within-class distance ratio is to include batch normalisation. In
the proposed ResNet-34 batch normalisation was added at the end of the residual
block. In this approach, the accuracy of the model was reduced by 1.0% from the
standard ResNet-34 implementation. Article IV also modified the residual block
of ResNet by adding a max-pooling layer after each convolutional operation. This
change led to a 95.1% accuracy. The maximum pooling was also tested after both
convolutional operations were performed, achieving an accuracy of 99.7%. Then,
as the final change of average pooling was changed to global max pooling, this
change achieved an accuracy of 99.6%

Some previously mentioned changes improved the accuracy of ResNet34. However,
when all or some of them were used together, the accuracy did not improve. This led
to the following result: that the best options to improve the accuracy of ResNet-34
are:

* changing average pooling to maximum pooling before the fully connected
layer; Architecture A



* using maximum pooling at the end of the residual block; Architecture B

Architectures A and B (Figure 30) showed continuous progress during the training
phase, and even with an early stopping, training completed 30 epochs. Architecture
A encountered some challenges, with low-level green (10% CY) and yellow (10%
Y) images being confused with very low yellow images (5% Y). Architecture B on
the other-hand confused different green images (5% CY and 10% CY) and low-

intensity yellow to paper white.

Acta Wasaensia

Layer name output size custom Resnet - version a Layer name output size custom Resnet - version b
convl 112x112 7x7, 64 stride 2 convi 1M2x112 7x7, 64 stride 2
3x3 max pool, stride 2 3x3 max pool, stride 2
3x3,64
3x3,64 X3 3x3,64 o
conv2 56 x 56 3x3 max pool, stride 2 conv2 56 x 56 3x3,64
3x3,64 X1 3x3,64 X1
3x3,64 3x3,64
3x3,128
3x3,128 X3 3x3,128 X3
3x3 max pool, stride 2 3x3,128
conv3 28x28 o - conv3 28x28 L -
3x3,128 X1 3x3,128 X1
3x3,128 3x3,128
3x3,256
3x3,256 X5 3x3,256 s
3x3 max pool, stride 2 3x3,256
conv4 14x14 ot - conv4 14x14 L =
3x3,256 X1 3x3,256 X1
3x3,256 3x3,256
3x3,256 3x3,256
conv5 7x7 3x3,256 x3 conv5 7x7 3x3,256 X3
3x3 max pool, stride 2 3x3 max pool, stride 2
1x1 average pool, fc, softmax Tx1 maximum pool, fc, softmax

Figure 30. Final architectures A and B.

The final results of K-Fold cross-validation, using 5 folds and 30 epochs, are shown

in the following Table 12.

Table 12. Final architectures, K-Fold cross-validation accuracy.

Fold Architecture A ResNet-34 Architecture B

0 97.66 95.31 97.85
1 99.51 98.93 99.22
2 96.58 97.66 97.17
3 96.29 98.73 98.54
4 100.00 96.58 98.63
Final 98.00 97.44 98.28
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6 DISCUSSION

This research has focused on exploring the possibilities of different methods, colour
difference algorithms, and non-supervised and supervised learning in subtle colour
difference recognition. The recognition of colours, or their difference, is a common
challenge in computer vision research and is commonly used in agriculture, health-
care, civil engineering, and printing domains. Mostly, colour recognition is used to
differentiate various colours, but as seen in Section 1.1, small differences in colour
are important in the identification of plant disease, the quality control of print, and
in medical imaging.

The use case that inspired this research was the recent development of functional
inks. Functional inks have been used for a long time to create colour-changing
effects on products such as cans, mugs, stickers, and so on. As these inks have
developed and their price has come down, new use cases have been found, including
consumer-related applications like printed freshness and temperature indicators. In
addition, industry is using functional inks for the detection of gasses or humidity,
and common for all these use cases is that functional inks indicate their state through
a colour change.

The main research question that this research focused on was which of the presented
methods is most accurate when subtle colour differences are observed in printed
sources. The printed sources used have various characteristics that make the recog-
nition of colours a challenge, and include paper quality, the ink and printer used, and
ambient light conditions that are present. The use case presented in this research
has focused on the consumer perspective, where it is difficult to control the usage
environment or the devices used. Although modern mobile devices have high-range
cameras integrated into them, the imaging quality between devices varies greatly.

The work done in the past has shown the possibilities of smartphone cameras in
colour detection, for example, Fan et al. presented a digital image colorimetry on
smartphone (Fan et al., 2021). As smartphones are not typically used in calibrated
or controlled environments, solutions developed for them need the ability to adapt to
various situations regarding camera accuracy, ambient light, print, and paper quality
(Bagherinia & Manduchi, 2011; Kim, Song, & Kang, 2018). In addition, shadows
and uneven light conditions play a role in colour recognition, although these are
not crucial if the surface area of the colour is small. To overcome these challenges,
many previous studies have used devices that make the environment more control-
lable (e.g. Rateni, Dario, and Cavallo (2017)). In this research, the focus was on
using devices in everyday life situations without external help.

The general findings of the research show that different methods are suitable for dif-
ferent purposes. To some extent, each of them is a powerful tool for colour recog-
nition. This means that if the limits of the method are known, it can be deployed in
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solving suitable use cases.

6.1 Mathematical methods in colour comparison

The recognition or matching of colours through mathematical methods works well
in digital and controlled environments. For example, when the colour interpretation
of two displays are compared, or in the colour calibration of displays and cam-
eras. Mathematical methods are also an option in use cases where the capturing
environment can be controlled. But in real-life scenarios, mathematical methods
have a more limited usability due to a non-controlled environment and the variety
between captured images.

The colour difference algorithm is a powerful tool as it has evolved over the years
and become more and more accurate for various purposes. Furthermore, its chal-
lenges, such as discontinuity and applicability, are well known (Luo et al., 2001).
CIEDE2000 can be easily integrated into software solutions and does not require
special libraries or such.

CIEDE2000 has become a standard in dental colour-matching use cases, where the
colours of the dental ceramics are observed in very controlled environments. (Yer-
liyurt & Sarikaya, 2022). CIEDE2000 is also a good choice if the colour difference
is measured against how humans perceive colours. The smallest difference that
humans can recognise is typically Delta-E 2.0 or greater, but the acceptable differ-
ence depends on the use case (Farrag, Bakry, & Aly, 2022; Struncovi et al., 2020;
Yilmaz, Tutus, & Sonmez, 2022). In Article I Delta-E 2.0 was used to recognise
the smallest possible difference for humans.

The most important part of using the CIEDE2000 algorithm is choosing the para-
metric values, K;, K¢, and K. These parameters adjust the weighting of the light-
ness (K;), chroma (K¢), and hue (Ky) components of the colour difference, re-
spectively, based on specific viewing conditions or application needs. A common
approach is to have all of these parameters have a value of 1.0, although other val-
ues,suchas K; =2, Kc=1,Ky=1,and as K; = 2.76, Kc = 1.58, Ky = I have
been used in the past (e.g. del Mar Perez et al. (2011); He et al. (2022); Isohanni
(2022); Mangine et al. (2005); Pereira et al. (2019)). Article I used previously men-
tioned parametric values in its experiments. The results show that in the case of
the recognition of colour difference, using more weight on lightness and chroma
provides better results. This seems reasonable as the actual colour is not important,
but rather the change in colour. When these parametric values are used, the change
from white to any colour other than yellow can be recognised more accurately. Us-
ing larger K; and K¢ values has also been considered as a solution by del Mar Perez
et al. (2011) and Pecho, Ghinea, Alessandretti, Pérez, and Della Bona (2016). In



80  Acta Wasaensia

another study, Pérez et al. (2022) also showed that human vision is more sensitive
to changes in lightness and chroma than hue.

When varying conditions are considered, the smallest colour difference that can be
reliably recognised with the CIEDE2000 algorithm is 40% as the change in inten-
sity of a CMYK channel(s) (Figure 31). With this change between colours, the
CIEDE2000 difference is constantly over the threshold. If conditions are more con-
trolled in the sense of printing, ambient light, and devices used, then smaller differ-
ences (20%) can be recognised, or if the use case does not require 100% accuracy
at all times.

40%
0% 100% 0% 40%

Figure 31. 40% colour intensity change.

If the change is observed with the CIEDE2000 algorithm, the solution should be
transferable to varying conditions, and devices, if the difference between colours
is high enough. This is because the absolute difference between colours is mea-
sured. However, the result depends on how well the colour information can be
captured from the source, if the colour information is noise-free and how well the
pre-processing works.

The CIEDE2000 algorithm can quantify how “far apart” two colours are in percep-
tual terms. However, colour recognition requires identifying or naming a colour
(e.g., ’red,” ”blue”), if CIEDE2000 is used for such purposes, reference colour(s)
would be needed.

6.2 Clustering colours with unsupervised learning

Unsupervised clustering is a good tool when large datasets need to be processed.
With unsupervised clustering, it is possible to get insight into the data when labels
or relationships between datapoints are unknown. In computer vision/image pro-
cessing, unsupervised clustering has use cases like data compression, image classi-
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fication, and segmentation. As with mathematical methods, unsupervised clustering
is quite easy to implement as part of software solutions, and this makes it feasible
for many use cases.

Figure 32. Example of the challenge of clustering colours.

When unsupervised clustering is used for colour difference recognition, the chal-
lenges can be seen in Figure 32, where the datapoints are scattered around the plot.
Some dense regions (red circle = black, green circle = white, and yellow circle =
CMYK(0.0, 0.6, 0.0, 0.0)) are highlighted in the figure. The black and white colours
lie on different ends of the L-axis, and the yellow colour is fairly in the middle of
the L-axis, with a negative A value and a positive B value. As the differences be-
tween these clusters become smaller, the algorithm cannot be sure which cluster the
datapoint belongs to. From the figure, it is also possible to observe the existence of
outliers: in the illustrated case outliers are between black and white colour, but also
between white-yellow and black-yellow.

The research done in Article II shows that multiple different clustering approaches
outperform mathematical methods in subtle colour-difference recognition. The al-
gorithms K-means, C-means, GMM, Hierarchical clustering, and Spectral cluster-
ing all have the ability to accurately recognise colours when the difference in the
CMYK intensity of the colour is 20% or greater.

In Article II, unsupervised clustering was used to identify if the colour differs from
paper-white and its actual colour. And, for example, GMM was able to correctly
identify the difference with 99.0 accuracy, when the intensity of the colour was
equal to or greater than 20%. When the difference between colours dropped to 10%,
the popular K-means algorithm and Spectral Clustering, with affinity = rbf, showed
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the best performance. The smallest difference, only 5%, was too challenging for all
of the algorithms used. The Delta-E difference between the 10% CMYK intensity
ranges from 8.8 to 17.0 depending on the colour, which is still a very clearly visible
difference for human perception. The process where colours are first clustered with
unsupervised learning methods and then the difference between cluster centres is
calculated with the CIEDE2000 algorithm seems to work quite well. The K-means
has been used by other researchers in the past to classify colour or segment images
(e.g. Abdulateef, Ahmed, and Salman (2020); Saifullah (2020); Trivedi, Shukla,
and Pandey (2022); T. Wu, Gu, Shao, Zhou, and Li (2021)). Conservatively, where
the accuracy of the methods (K-means, C-means, GMM, Hierarchical and Spectral
clustering) is close to 100%, it can be considered that unsupervised clustering can
be used if the difference in colour intensity is 20% or more (Figure 33).

20% 40%
0% 1 [ 100% 0% 20%

L | —
] - [
[ —— [ ]
L |

Figure 33. 20% colour intensity change.

As the best of the methods, K-means is very dependent on the initialisation of the
cluster centres. The standard K-means algorithm randomly selects initial centroids,
which can sometimes result in poor clustering results or slow convergence. The K-
means++ initialisation method addresses this by carefully choosing initial centroids
by spreading them out as much as possible. K-means++ has outperformed standard
K-means in colour-related applications in research (e.g. Biswas, Umbaugh, Marino,
and Sackman (2021)). One option would be the manual initialisation of cluster
centres, as in the use case where black and white colour values are known. This
could lead to better clustering results, as shown by Basar et al. (2020). As with
the mathematical methods, the more advanced pre-processing might also help if it
can eliminate noise and outliers. Using clustering algorithms that are resistant to
outliers could also be experimented with, such as the recent innovation of Z. Wang
(2020) regarding slope difference distribution (SDD) or Multi-View Clustering with
Outlier Removal (MVCOR) by Chen, Wang, Hu, and Zheng (2020).

With unsupervised learning, the possibilities of transferring results into different
contexts, such as different devices, printers, etc., should be feasible. As the unsu-
pervised clustering only groups colours and the final measurement is done with the
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CIEDE2000 algorithm, the results of the recognition is mostly dependent on how
accurate clustering is in the used context. If clustering has reference or known val-
ues for black and white colour, then a calculation of difference to the third cluster
will provide an absolute colour difference value. As with mathematical methods,
the noise and paper used might again weaken the transfer of the results.

6.3 Neural network based colour classification

Unsupervised learning methods have already demonstrated the ability to recognise
subtle colour differences with reasonable accuracy (Isohanni, 2024b). However,
due to the inherent limitations in capturing non-linear relationships and contextual
cues, more accurate solutions have been sought through supervised learning meth-
ods (Isohanni, 2025). In this work, the supervised approach involved classifying
images into predefined categories, where each image represents a colour deviation
from the paper-white average and is annotated accordingly.

Some supervised models were able to classify colours and recognise subtle differ-
ences more effectively than their unsupervised counterparts. As shown in Figure
34, the subtle colour changes become barely perceptible when the CMYK inten-
sity varies by only 5%. As colour saturation decreases, the texture and structure
of the paper surface become more pronounced, introducing additional noise into
the image. It has been shown, for example by De and Pedersen, that the loss of
colour information — even partial — makes the classification task more complex
for CNNs (De & Pedersen, 2021).

5% M 5%Y 5% CY 5% C 0%

Figure 34. Examples of small colour differences.

The increase in image noise highlights the importance of appropriate preprocessing.
Improper preprocessing techniques can inadvertently degrade colour information or
amplify noise artifacts (Maharana, Mondal, & Nemade, 2022). The noise artifacts
become more significant when colour differences become smaller.

Among the tested models, only ResNet achieved classification accuracy exceeding
90% when recognising very small colour differences. The ResNet architecture has
also been explored by De and Petersen, and by optimising its hyperparameters they
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were able to make ResNet more robust against loss of colour information (De &
Pedersen, 2021). The ResNet architectures have recently shown their robustness in
recognising small differences, like example in Chen and Luo (2023); Gao, Yi, Liu,
and Tan (2025); S. Wang, Wang, Yang, Li, and Fan (2022)

The core innovation of the ResNet architecture lies in its use of residual connections,
which mitigate the vanishing gradient problem, a common issue in deeper convolu-
tional neural networks. These skip connections allow gradient flow through identity
mappings, which seems particularly advantageous in tasks where small colour dif-
ferences must be preserved and propagated through the network. In the Article III,
ResNet-34 achieved the best baseline performance among standard CNN architec-
tures for subtle colour recognition.

The further tuning of the ResNet-34 architecture in Article IV proved that a custom
architecture results in better accuracy. The customised version, where Gradient
Centralization (GC) and max-pooling were used, resulted in the best accuracy even
with very small colour differences (5%). This is a pretty good result, as the Delta-E
difference between these colours can be as low as 4.4. In this research, ResNet-34
was used, but as the architectures evolve, other solutions might also be feasible. The
Gradient Centralization has been previously used successfully in medical imagining
like L. Zhang, Xia, Yang, Zhang, and Wang (2024) and Khatri and Kwon (2024).
Max-pooling on the other hand can be used to identify small differences as seen in
Zheng et al. (2021) and Ashtiani et al. (2023).

The Articles III and IV introduced a difference-image-based approach, where the in-
put emphasizes the chromatic deviation from a reference white point. This approach
not only improves class separability but also enhances the method’s adaptability to
other use cases with uniform backgrounds and subtle chromatic shifts. This solution
remains sensitive to variations in paper structure and imaging conditions, which are
features that CNNs may learn unless explicitly regularized.

The application of convolutional neural networks in complex colour classification
tasks has recently demonstrated promising results. For instance, Wei et al. investi-
gated the performance of CNN architectures VGG-16 and ResNet-34 in the classifi-
cation of tea leaves, where colour was one of the distinguishing features despite the
subtle differences in hue between samples (Wei et al., 2022). Both models achieved
classification accuracies exceeding 90%, with VGG-16 outperforming ResNet-34
in overall performance. However, it is important to note that their classification
approach relied not only on colour but also on additional morphological and textu-
ral features. Their findings also highlighted that incorporating all image channels
contributed to improved model accuracy, underlining the value of comprehensive
image data in CNN-based classification.

Similarly, Katkus, MaciuleviCius, and Lipnickas (2023) explored the use of a CNN
model for classifying amber gemstones based on subtle colour variations. Their cus-
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tom CNN approach achieved high accuracy, demonstrating that CNNs are capable
of distinguishing fine colour differences when appropriately trained and configured.
The work of Katkus et al. aligns with the findings presented in this study, reinforc-
ing the conclusion that CNNs are a powerful tool for colour classification. How-
ever, achieving high performance in such tasks typically requires tailored network
architectures, careful preprocessing, and data augmentation strategies to mitigate
the effects of noise and enhance generalisation.

One interesting option could be to use Multilayer Perceptrons (MLPs) instead of
Convolutional Neural Networks. MLPs, by design, require the input image to be
flattened into a one-dimensional vector, which removes all spatial relationships be-
tween pixels (Guo et al., 2022). This can be a limitation in image-based tasks where
spatial patterns — such as edges, textures, or shapes — carry meaningful informa-
tion, especially when the images are not consistently aligned in terms of position,
rotation, or scale within the training set, or between the training and test sets. If
the images contain more than just colour values, this loss of spatial context may
degrade the performance of MLPs. In the presented use case, however, MLPs can
still serve as a useful baseline for comparison with CNNs, and can help evaluate the
significance of spatial information in the context of colour classification.

In a lightweight experiment, six different MLPs were trained on both datasets using
ReLU activation, the Adam optimiser, and 50 training iterations. As high-resolution
images lead to high-dimensional input vectors when flattened for MLPs, which sig-
nificantly increases the number of model parameters. This makes the network more
prone to overfitting (Liu, Starzyk, & Zhu, 2008). So in this experiment DS1 and
DS2 were scaled to 64x64.

Table 13. Results of the different MLPs.

MLP (layers) Accuracy DS1  Accuracy DS2
(512, 256, 128, 64) 0.87 0.88
(512, 256, 128, 64, 32) 0.86 0.87
(256, 128, 64) 0.76 0.87
(256, 128, 64, 32) 0.90 0.88
(128, 64) 0.72 0.85
(128, 64, 32) 0.80 0.86

The results (Table 13) of this comparison show that MLP networks almost reach
the same level as the best CNNs (DenseNet, ResNet and VGG-16). MLPs com-
putational cost is lower, so training can be done faster and also they are easier to
implement in programming environment due their simplistic architecture. When
larger colour differences are classified, MLPs can offer a good starting point.
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6.4 Comparison of the methods

The approaches presented in Articles I-IV use different methods for colour recog-
nition. Each of these methods has its use case and is suitable for colour difference
recognition.

The challenge of the use case presented in this dissertation comes from the small
data area, a subtle difference in colours, and the noise that is generated from the
printing process, used paper, and imaging pipeline. Also, since the use case was
aimed at consumer use, the environment of use cannot be controlled.

Based on the findings of the research, two main paths for integrating the results of
the research can be identified a) unsupervised or b) supervised path. If more simple
and easier to implement solutions are sought, then unsupervised clustering can be
used to cluster colours into a specified number of clusters, and then the difference
between colours can be calculated with the CIEDE2000 algorithm. With this ap-
proach, small differences (CMYK difference <= 20%) can be reliably recognised.
The results of using unsupervised learning will be better if references of white and
black colour are available for use during clustering, and this solution can also be
run directly on mobile devices without the need for data collection.

With supervised learning, it is possible to recognise very subtle colour differences
(CMYK difference <= 10%), but the solution will become more use case spe-
cific. The same model might not work if different papers and printers are used, and
supervised learning will also require a lot of data collection, especially if more gen-
eralised solutions are sought. This could mean that a process to continuously train
the model would need to be developed.

When printed sources are used, and the colour difference between paper-white and
colour is observed with machine learning, unsupervised methods are useful if the
difference between one or more CMYK channels is equal or greater than 20%. Su-
pervised learning methods, CNNs and MLPs, can go lower and accurately recognise
a 10% difference, or even 5% if the results do not need to have high accuracy all the
time. There are differences between individual colours, and while the most chal-
lenging colour to be identified is yellow for all of the methods, other colours work
quite equally in the presented use case.

In the tests conducted for the dissertation, both unsupervised and supervised meth-
ods were able to handle the recognition of colours that lie on the negative side of the
A or B-axis on the LAB colour space, better than those on the positive side. This
might mean that the used imaging pipelines give more weight to blue and green
shades than to red and yellow shades.
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6.5 Limitations and future research

Although consumer camera devices have developed over the years, the development
has focused mainly on common photography, including taking selfies, vacation pho-
tos, etc. Some devices have special lenses for close-range photography, but they are
not common. The presented research uses close-range photography to capture the
colour data, and this approach is prone to noise that is produced in different phases
of the imagining pipeline and which comes from different sources, like paper struc-
ture that appears easily. All of this has implications on the generalisation of the
solution. Deviations related to camera devices can be overcome with image pro-
cessing solutions that maintain colour difference information, like smart blurring
or similar. But using different paper or printers can lead to situations where any
generalisation of the solution is challenging. This dissertation has focused on us-
ing laser-jet printed sources with standard office paper. Different printers such as
Flexo, gravure and inkjet result in different print quality. In addition, the paper that
is used has an impact on the colour appearance. These limitations restrict the use of
the proposed approach to specific datasets, where the image comes from the same
printer with the same paper. However, these challenges can be overcome with larger
datasets when supervised learning is used.

Both training and testing were conducted using images captured on the same hard-
ware platform. This ensures consistency in image acquisition, it also limits the as-
sessment of the model’s generalisation across different devices. The used imaging
scenes are relatively small and the colour areas are consistent, so variations between
camera devices may have a limited impact on the results. Still, future work could
explicitly evaluate the robustness of the approach by testing it on data captured with
different devices exhibiting varying imaging characteristics.

More research is needed, especially in the preprocessing phase of the images. More
advanced methods could adapt the images so that the differences between differ-
ent environments, papers, and printers would have a less significant impact on the
colour recognition, and thus make the solution more generic for various use cases.
Also, this research only focused on small colour areas, so shadows and uneven light
might have influence on how proposed approach works with larger areas.

Since the proposed solution can be deployed as a backend service, with results
transmitted to mobile terminals or user-facing applications, inference latency is not
critical at this stage. Algorithms like CIEDE2000 can be run in real-time in mo-
bile terminals, as well as some unsupervised and supervised methods. But future
research may explore how to optimise the presented models for reduced inference
time, particularly if deployment in low-power or real-time environments.

The development of machine learning is so rapid at the moment that various archi-
tectures and approaches might be more usable to solve the problem in the future.
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7 CONCLUSIONS

In this research, colour classification and recognition were studied by using various
methods. The objective was to determine how colour, particularly subtle colour dif-
ferences, could be classified by using colour difference algorithms, unsupervised
and supervised methods. This objective was closely related to functional inks,
which can serve as indicators if their colour or colour difference can be accurately
identified.

The dissertation began with colour difference algorithms and demonstrated that the
colour difference algorithm could identify colour differences in printed sources. But
this was only if the colour difference is equal or greater than 20% in some or many
CMYK channels, considering 0% as no printed colour and 100% as full intensity of
colour. Although colour difference algorithms cannot be used for precise real-life
use cases, they can indicate if the colour difference exceeds a certain threshold.

Unsupervised methods can classify colours when the colour difference is equal or
less than 20% on some CMYK channel but greater than 10%. One of the best un-
supervised algorithms is K-means with K-means++ initialisation, which is a hard
clustering method that can achieve good accuracy even with a colour intensity dif-
ference as low as 10%, if the accuracy of 100% is not considered. Other unsuper-
vised methods such as C-mean, GMM, and hierarchical clustering can classify the
colour when the colour difference is over 10%.

In supervised learning, CNN architectures were shown to be more accurate than
unsupervised algorithms. Architectures like AlexNet, DenseNet, and ResNet were
able to correctly classify the colour, with ResNet standing out as the most accurate.
ResNet addresses the problem of vanishing gradients by introducing “skip connec-
tions” or “residual connections,” allowing the network to bypass one or more layers
by adding the input of a layer directly to the output of a subsequent layer, form-
ing a residual block. These residual connections enable the model to retain critical
features even as the network deepens.

The research modified the best CNN candidate, ResNet, and its ResNet-34 architec-
ture to achieve more accurate classification results. When ResNet-34 was used with
Gradient Centralisation and the last average pooling layer was changed to the max-
pooling layer, the proposed architecture reached 98.28% accuracy with the very
subtle colour differences dataset. This result was validated using K-Fold cross-
validation, making it the best solution among all the experiments.

This dissertation shows that the classification of colour and the recognition of subtle
colour differences is possible with colour difference algorithms, and unsupervised
and supervised learning. Choosing optimal methods is use-case dependent. If the
colour differences are small, CNNs are the best option. Unsupervised learning can
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be quite easily taken into use without a training process and can recognise differ-
ences when they are at least 20% in CMYK intensity. If the difference is larger,
colour difference algorithms can be used even under varying conditions.
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Abstract

In the fast-moving consumer goods (FMCG) industry, current labelling solutions have challenges to meet the track & trace
requirements. Currently, FMCG items use mainly paper-based self-adhesive labels with traditional barcodes. These labels are
low priced and technically easy to produce and deploy. The shift towards advanced solutions, like radio frequency identifica-
tion (RFID) or near field communication (NFC) tags, still does not offer a good enough cost/benefit ratio. These advanced
solutions have a high unit price or require costly changes in production lines. Still, the industry recognizes the possibilities of
smart tags. Recent research has shown that functional inks can operate as cheap sensors. However, more research is needed to
take functional inks into the operational FMCG environment. This paper presents one technical solution for an FMCG smart
tag. The proposed smart tag builds on traditional QR-Code and Datamatrix markers, printed with standard inks. However,
it also has functional ink embedded inside the marker as a sensor. This research experiments how embedding impacts the
overall performance of the smart tag decoding. And if the CIEDE2000 color difference algorithm can calculate the state
of the sensor. Three different parameter combinations, CIEDE2000(1, 1, 1), CIEDE2000(2, 1, 1), CIEDE2000(2.76, 1.58,
1), and their accuracy are compared. Experiments show that the proposed approach does not negatively affect the decoding
performance. And that a color comparison can detect sensor states, especially when the functional ink has high enough
color intensity. Between different parameters, CIEDE2000(2.76, 1.58, 1) performed best, especially in the low-intensity
test. However, some future research needs to address absolute color value detection and the accuracy of color recognition;
especially when if the color has low intensity.

Keywords Functional ink - Smart tag - Fast-moving consumer goods - Color difference - Machine vision

Introduction

From the day mobile devices have had cameras, they have
been used to decode markers. The most popular markers
today are QR-Code and Datamatrix. These markers can be
found in many items starting from fast-moving consumer
goods (FMCG) and going all the way to industrial and medi-
cal usage. According to Tiwari (2016), the first one-dimen-
sional (1D) marker was invented in the 1960s. Since markers
have evolved from 1D barcodes to multi-color two-dimen-
sional (2D) markers (Fig. 1) [56]. Marker development has
followed other technologies that relate, like cameras and
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image vision. Currently, there are multiple marker types,
some more general, some more use-case specific.

This research extends standard QR-Code and Datamatrix
markers to smart tags. Smart tags primary function is to
provide information to its user regarding the status of item
[38]. Printed non-electronic smart tags function by com-
municating through the physical senses (human vision) or
machine vision.

Functional inks are used to extend standard QR-Code and
Datamatrix markers. These inks form the part of the marker
which acts as an active sensor by reacting to environmental
variables like humidity, temperature, or light. Functional
inks are suitable to the normal label print process of mark-
ers. The chemical structure of the functional ink determines
how and on which environmental variables ink reacts.

As summary, this research looks into solving following
research questions:
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e How to embed functional ink inside the QR-Code or
Datamatrix?

e How does the embedding impact the decoding perfor-
mance of QR-Code or Datamatrix?

e Can CIEDE2000 color difference algorithms accurately
recognize state of the functional ink?

The rest of the paper is organized as follows. Sec-
tion “Related Work™ goes through related work. Sec-
tion “Materials and Methods defines what smart tags are,
how label printing works, introduces use-cases that relate to
smart tags, and looks into the proposed technical approach.
Section “Experiments” discusses details of experiments, and
in Section “Results and Discussion”, results of the experi-
ments are discussed. Finally, Section “Conclusions” con-
cludes the work, followed by future research topics in Sec-
tion Future Work.

Related Work

Relevant past research work has focused on exploring pos-
sibilities of intelligent packaging in the FMCG industry. As
part of intelligent packaging smart tags have been seen as a
possibility to track items and their status. For example, this
research has been done in the context of food items by Yam
[60], Mohebi and Marquez [34], Realini and Marcos. [43],
Kalpana et al. [21], and Fuertes et al. [8].

Related research has developed new advanced markers.
These markers have one difference from traditional markers.
Where traditional markers use black and white values to
present binary values, advanced markers use a limited spec-
trum of colors. Parikh and Jancke proposed an approach to
recognize multiple colors in 2D color barcodes [36]. Bulan
and Sharma proposed using dot orientation, with colors, to
encode data into high-capacity barcode [4]. Grillo et al. pro-
posed a new barcode that uses colors to include more data

W @ Springer

[13]. Bulan and Sharma proposed a barcode that uses the
cyan, magenta, and yellow colorant separations to enable
high-capacity barcode [5]. Subpratatsavee and Kuacharoen
proposed a new barcode that reduces the physical space
needed for the barcode. In their research, Subpratatsavee
and Kuacharoen present the design and the implementation
of a high-capacity two-dimensional barcode [50]. Taveerad
and Vongpradhip proposed color QR-Code to hold more data
through a novel encoding concept [54]. Common to all these
approaches is that in theory, black & white marker data can
only be translated into 1s and Os when decoded. However,
colors, or shades, can be translated to as many values as
possible to identify [41]. Most of these past studies relate
to using colors to encode more data into barcodes. Or how
to change data that barcode contains through colors. John
and Raahemifar provided an overview of color barcodes.
They also proposed a binarization and grouping algorithm to
encode data to form a color barcode [20]. Wasule and Met-
kar took into account the intensity variation which occurs
while decoding colored barcodes and proposed an approach
that will increase the capacity of barcodes beyond threefold;
in their work, they used quantization of grey levels [59].
Ramalho et al. used the concept of super-modules to encode
more data into QR-Code but also to make QR-Code more
secure [42].

Functional inks and mainly their properties have been
studied during recent years. Gao et al., in their research,
focused on time-temperature indicators (TTIs) data mod-
elling [9]. Li and Chen used two different functional inks
in their proposal as a new Dynamic and Sensitive Barcode
(D&S), D&S can react to environmental state change [27].
Chen et al. used a vice-versa approach and made the paper
reactive to environmental changes, and they also used
smart devices to decode color information [6]. KulCar et al.
focused their research on the properties of functional inks
regarding state changes [24].

One of the most relevant research around functional inks
and smart tags is a study by Gligoric et al. In this research,
authors defined possible approaches for smart tags [12].
Quite similar work was done by Hakola and Vehmas [14].
However, these studies mainly focus on uses-cases and prop-
erties of functional inks, and only briefly define technical
frameworks for ink-based smart tags

This research uses CIEDE2000 (KL, KC, KH) algorithm
for color difference calculations. CIEDE2000 has been
used in many studies where color difference is matched
against human perception or in general color comparison.
This work has been conducted for example by Taoa et al.
[52], where authors used the algorithm to recognize leaf
color differences. By Nguyen et al. [35] in the context of
rice color recognition and by Lépez et al. [30] for mortar
color differences. Usage of KL = 1, KC =1, and KH =1
parametric values is the most common approach when using
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CIEDE2000 [11, 31, 37]. Past research has also achieved
good results with KL = 2, KC = 1, and KH = 1 parametric
values [10, 32]. The third set of parametric values used in
this research is KL = 2.76, KC = 1.58, and KH = 1, which
has been used in the past, especially in digital and printed
images [29].

The past research approaches smart tags from different
point-of-view; they rarely consider the actual FMCG label
printing process. And previous color difference research has
focused on color difference calculations; especially, in use-
cases where color comes from a physical object, or colors
have a different hue.

Contributions of this research work are:

(a) Technical approach to extend standard QR-Code and
Datamatrix markers to smart tags, without significant
impact on marker decoding performance.

(b) Verity the suitability of embedding functional inks into
QR-Code and Datamatrix markers.

(c) CIEDE2000 algorithms’ parameter comparison with
printed colors.

Materials and Methods
Labels

Smart tags have been defined in the past research in various
ways. They might refer to radio-enabled electronic devices,
e.g., [62], radio frequency identification (RFID), or near
field communication (NFC) tags, e.g., [1]. Smart tags have
also been considered as printed electronics, e.g., [45].

In this research, smart tags are standard two-dimensional
markers with added intelligence from functional inks. Smart
tags are printed on self-adhesive labels, and finally glued
to FMCG products. This paper does not take into account
labelling/printing that is done directly on items, like laser
marking. According to Kirwan (2012), the invention of self-
adhesive labels was in the mid-1930s. Labels were back then
used to apply price and decoration on store items. Currently,
the FMCG industry uses labels to add value to a product
item during its life-cycle. The latest development of labels
has made them smart, smart-active, or smart-intelligent
(Fig. 2). Smart labels have various usages like tracking
products, monitoring their temperature, and indicating food
freshness [23].

Smart tags have the functionality to react to environ-
mental changes and identify individual items, rather than
presenting only static content. This categorizes smart tags
as customized labels [14]. Smart tags defined in such a
way are part of intelligent packaging, an emerging technol-
ogy in the FMCG. Intelligent packaging uses smart tags as

| Smart, smart-active and smart-intelligent labels |

I

’ Smart labels

Smart labels

Smart labels

l

[

Labels store information
and can communicate with
a reader. More
sophisticated systems can
have read/write capability.
Do not require line of sight

Labels become active in
response to a trigger event
(i.e. release of pressure or

gases, exposure to UV,

moisture of bacteria)

Label information is able
to switch on and off in
response to
external/internal conditions.
Ability to sense
and inform

RFID labels

EMID labels

Chip labels
Chipless labels

Oxygen scavenging labels
Anti-microbial labels
Ethylene scavenging labels
Odour and flow absorbing labels
Moisture absorbing labels
Heating/cooling labels

Microbial growth indicators
Physical shock indicators
Leakage, microbial spoilage
indicators
Light protection
Time/temperature indicators
Freshness indicators

Fig.2 Categories of labels [23]

the communication function between the package and the
user. Smart tags and their information help in the decision-
making related to the item, to achieve the added value, like
enhanced food quality, user experience, and safety [60].

Label Printing Process

Labels with smart tags are either (a) pre-printed in print
houses or (b) printing occurs just before they are applied
(in-house) [49].

Depending on the chosen label printing facility, pre-
print or in-house, multiple technologies can be used to
print labels.

Rotary and semi-rotary letterpress.
Flexographic printing.
UV-flexographic printing.

Screen printing.

Offset printing.

e Rotogravure printing.

e Thermal printing.

e Laser and inkjet printing [23].

All listed technologies are suitable for the pre-printing of
labels. For labels printed in the production line, thermal,
laser, and inkjet printing are plausible. These non-conven-
tional technologies can also print customized information
that varies per label. It is also possible to mix conven-
tional and non-conventional ways of printing; this is called
hybrid printing [23].

Electronic/non-electronic labels can occupy as much
as 50% of the package costs. However, in most low-priced

:w @ Springer
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products, like food, the price of the package should not
exceed 10% of the total costs of the product [58].

Functional Inks

Functional inks can report exposure to environmen-
tal influences by switching between two states of opti-
cal properties. The state of the ink and its absolute value
depends on the current properties of the used ink. Func-
tional inks can ultimately appear either in an active (1) or
non-active (0) binary state. Switch between states is rela-
tive to physical influences. For example, water/humidity
(hydrochromism), temperature (thermochromism), and the
intensity of light (photochromism) can change the state of
the functional ink [15].

Depending on the environmental influence, and proper-
ties of the ink, change between two binary states occurs
in a specified time. During this period, functional ink can
also have values between 0 and 1. Optically visible change
between states can either be a change between colors or
color-changing its intensity. Also, depending on the chem-
ical compound of the ink, change can be reversible or irre-
versible [3].

According to Zabala et al., the change in functional ink
can represent accumulated exposure (total), or if the ink
has exceeded its activation point [61]. Therefore, func-
tional inks can track continuous exposure during the whole
life-cycle, or exposure to an environment lower/higher
than the threshold set.

Functional inks in this research are compatible with the
high-speed printing process (conventional, non-conven-
tional, and hybrid). And to meet labelling cost require-
ments, the price of the functional ink is close to the price
range of standard color inks. The advantage of the smart
tag with functional ink is that there are no electronics in
it. This makes the manufacturing technically less complex
than RFID/NFC-based smart tags. The advantage is also
in recycling, as some regulations define RFID/NFC-based
tags as electronics. Using functional ink raises the pos-
sibility to design innovative products for markets not yet
addressed by the electronic tags [12]. Functional inks are
suitable for most printing methods presented in the previ-
ous chapter, including flexographic, gravure, screen, and
inkjet [28].

When smart tags are developed for the needs of the food
industry, they should not impose thread to items inside pack-
ages or when in direct contact with food items. There are
three main ways of food safety can be compromised by the
ink used in labels/packages [46]:

e Migration, components of ink pass through the substrate

W @ Springer

e Invisible set-off—transfer of components of ink from the
printed side to the food-facing side, for example when
packages are stacked.

e Gas-phase transfer of ink components via the air in the
packaging to food.

Some functional inks are suitable for short- or long-term
direct food contact (DFC). These inks meet regulations set
by authorities like EuPIA (European Printing Ink Associa-
tion) and U.S. Food and Drug Administration (FDA). How-
ever, some functional inks can only be used in non-food
contact. Past research has also developed options for this
like impermeable barriers/papers, which can be used when
printing smart tags [61]. As this paper only focuses on pro-
posing a general approach, research of these options is left
for future research.

Use-Cases for Smart Tags in FMCG Industry

Fast-Moving-Consumer-Goods are perishable packaged
products purchased and consumed by all members of soci-
ety. FMCG cover items like food and beverages; often, these
goods are also considered as Consumer Packaged Goods
(CPG). One of the main purposes of the product packag-
ing is to communicate important information about item(s)
in the package to the user. Information user gets through
labels, which might relate to the ingredients/material of the
product. However, the label can also contain other informa-
tion, like nutritional facts. Packages, and their labels, look to
meet customer experience expectations. However, some of
their functionality is also responsible for fostering a circular
economy. Part of this is cradle-to-grave tracking and actions
that relate. Typical life-cycle (cradle-to-grave) of an product
is illustrated in Fig. 3.

As shown in Fig. 3, intelligent packaging links to all
phases of the product life-cycle. In this context, smart tags

Raw
material
Disposal/ Product
recovery manufacure
Intelligent
packaging

Customer/ Product/
consumer package
Distribution

Fig.3 Product life-cycle and its relation to intelligent packaging [60]
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should deliver various information to the user. This infor-
mation contains either data about the current status of the
product or information that relates to the product’s histori-
cal status. Depending on the life-cycle phase, user might be
interested in a lifetime, temperature history, freshness status,
package condition, authenticity, or something else [23].

Smart tag-related research has recognized suitable use-
cases which directly or indirectly contribute to meeting
the needs of consumers, producers, and manufacturers [7].
These uses-cases are classified as follows:

e Manufacturing (Raw material, Product manufacturing,
Packaging).

e Distribution & Consume.

e Recycle [38].

Listed use-cases are related to item identification and provid-
ing information about the item to the current stakeholder or
user. When the packaged item has a smart tag on its label,
the item has intelligent packaging. The intelligent package is
“a packaging that contains an external or internal indicator
to provide information about aspects of the history of the
package and/or the quality” [44]. Some use-cases are more
suitable for intelligent packaging than others.

As printed smart tags belong to the same category as
RFID tags’ most use-cases can be derived from RFID/NFC
use-cases [12]. Printed smart tags lack a radio interface, so
the decoder must have a line of sight and relatively close dis-
tance. However, printed smart tags support a visual interface
that low-cost RFID/NFC do not currently have. Generally,
the costs of the smart tags are part of the packaging costs.

Technical Approach for the Smart Tag

Smart tags developed for the FMCG, must be able to: (a)
avoid any false negatives (samples that seem safe but are
dangerous) and (b) they should have as few false positives
(samples that seem unsafe but are healthy) as possible.

If a functional marker detects false negatives, it provides
information that the item is safe, although the reality is vice
versa. False positives are not that crucial, but providing false
positives weakens the trust towards the system. False posi-
tives provide information that the item is unsafe even if they
are not. The price of the marker is also a meaningful factor
and how the user can decode the marker [39].

Intelligent packaging use-cases are dependent on two fea-
tures. First is a unique identifier, which provides a way to
trace items’ history and link life-cycle events of the item into
databases or other services [38]. The second feature is a use-
case-specific sensor printed with functional ink. Therefore,
markers must be printed with two different inks, one that is

static (unique identifier) and one that can react to environ-
mental changes (sensor) [S1].

The following three methods can be when extending
markers with functional ink [51]. These are:

— (a) Functional ink placed outside of the marker, a solution
used by many of the existing smart tags. This increases
the required physical print area and might make decoding
of the functional ink state complex.

— (b) Functional ink changes markers’ data, and this solu-
tion is more advanced and requires specific and matching
functional inks and compatible marker contents.

— (c) Functional ink placed inside of the marker, a solution
presented in this paper.

In the proposed approach, functional ink is placed inside
the marker without disturbing the reserved cells, like a tim-
ing pattern. This does not exceed markers’ error correction
capability. However, due to ink misplacement or dye growth,
the approach uses functional ink intensity satisfying require-
ments for symbols set by GS1 standard (bar code symbol
print quality test specification—two-dimensional symbols)
[16]. In these requirements, the contrast between the sym-
bols black and white cells should not be lower than 40%.
Placing functional ink inside marker also affects modulation
criteria, which compares local contrast to global contrast. As
functional ink area disturbs the global threshold, it might
affect the probability of incorrect cell color identification.
In such a case, base markers’ capability to recover from
error/destroyed data is used while decoding. When using
QR-Code or Datamatrix as the base marker, around 30% of
destroyed data can be recovered [17, 18].

The proposed approach has the following advantages: (a)
it does not occupy more physical space than adding stand-
ard QR-Code, (b) QR-Code can work as call-to-action, and
(c) it is technically suitable for the current label printing
processes. Technically approach might be suitable for use-
cases with more than one functional ink (sensor), but more
research is needed.

Figure 4 shows proposed approach in QR-Code. In this
approach, the sensor area would be defined by rectangle

Fig.4 Approach to embed func-
tional ink into QR-Code

m €\ Springer



116  Acta Wasaensia

192 Journal of Packaging Technology and Research (2022) 6:187-198
- OO0
y=n-— 3 » -!
=n-9
h=2, REF e gy
where 7 is the count of cells marker has in vertical/horizon- E S1
Pl LIRSS

tal direction and indexes of the cells start from top-left cor-
ner where index is (0,0) and bottom-right corner has index
(n—1,n — 1). When sensor data are occupying such a rec-
tangle, it does not occupy more space than 24 cells (13%)
of 189 data cells in the smallest possible Qr-Code (21x21)
[17]. Some research needs to be done in the future to explore
if this amount of sensor cells is enough for accurate color
recognition. Theoretically, the sensor could occupy more
area within QR-Code. However, this might affect the decode
performance of the QR-Code. Especially performance could
be lower in challenging environments if more errors occur
in other parts of the QR-Code [26]. Using only one row for
the sensor might affect sensor data decoding, especially in
small QR-Codes. This is because the QR-Code generator
algorithm optimizes the ratio between white and black cells,
but might sometimes generate rows where black/white cells
have the majority [17].

Functional ink inside the marker is straightforward to
locate. When decoding a standard QR-Code, an algorithm
finds coordinates of each cell. As the algorithm knows the
location of each cell, it can also define the coordinates of the
sensor area. In the proposed approach, standard QR-Code
scanner applications can decode contents of the QR-Code,
but cannot decode sensor area information.

Decoding of the sensor value happens with a special
algorithm. This algorithm calculates the difference between
white and black cells’ color values within the sensor area.
Then, the difference is compared to the maximum difference,

and black cells in S1

C;:?ulate czglﬁ:ieoso)o Calculate max Calculate median
fference (DIFF < CIEDE2000 difference color value for white
between black and white (DIFF_MAX) botwoen | << and black cells in
REF

Calculate median
Extract
{ Decods marker } — [ ractsensor ] — [ Exract oferonce } > [mr Vlus for wh..eJ

in §1 black and white in REF

mpare
DIFF_REF and

Sensor active Sensor inactive

Fig.5 Sensor data decoding process of the proposed approach
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Fig.6 Reference area (REF) and sensor area (S1) extraction

calculated in the same way but from the reference area. The
color difference is calculated by CIEDE2000(KL, KC, KH)
formula [31]. The performance of different parameters is
compared later in the experiments section. Figure 5 shows
the process chart of the algorithm. The sensor is considered
active if its value is over 10% of the reference maximum
difference.

Figure 6 shows the reference area (REF) and sensor area
(S1). These areas work as sources for the calculation of the
white-black or sensor-black difference. The location of the
reference area is two rows above the sensor area because of
possible functional ink spreading or misplacement. Placing
the reference area further from the sensor are might alter it
to ambient lighting changes like shadows, different to ones
that the sensor has.

Even though in Fig. 4, it shows sensor in the QR-Code
marker, the approach should apply to other markers with
the error correction capability, like Datamatrix. As such,
the addition of the sensor affects the general performance of
the marker, discussed in the next chapter. Depending on how
much data are recoverable from damaged markers (Datama-
trix or QR-Code), height of the sensor area can vary in dif-
ferent sized markers. In this research, sensor area is always
two rows in height.

Experiments

This section focuses on the practical experiments with the
proposed approach. The focus of the first experiment is to
validate how sensor embedding impacts the decoding per-
formance of the marker. The focus of the second experiment
is to test the calculation of the sensor value in simulated use-
cases. Finally, the third test experiments with three real-life
markers using actual functional ink.

Past research has shown that the size of the marker should
be larger than 10x10mm and have at least 4 pixels (px) per
cell [40, 53]. Based on this information, for the first two
experiments, three different markers in size 20 mm X 20
mm were printed with an office laser-jet (Canon ImageRun-
ner C55351). Printing was done in 300dpi to standard office
Ad-paper (Canon Black Label Plus 80 g/m?).
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Markers had different data to represent different item-
level tracing options:

(a) EAN/UPC-13 data [47], 13 digits, illustrated as 25x25
sized QR-Code

(b) EPC data, 26 digits [55], illustrated as 29%x29 sized QR-
Code

(c) UUID data [57], 36 digits, illustrated as 37x37 sized
QR-Code.

Using different sizes is to experiment with how the proposed
approach performs when there is a different amount of pixels
per cell.

The third experiment uses real-life markers generated
with the proposed approach. These markers were printed
with the following functional inks:

(1) LCR Hallcrest cold activated thermochromic ink, clear
to green CMYK (22,7,17,0) at 7 °C, 38 cm’/m?, 1
printed layer [25]. Printed using flexographic printing.

2) Datamatrix with SICPA heat activated thermochromic

ink, clear to magenta CMYK(0,100,0,0) at 26 °C, 38
cm’/m?, 1 printed layer [48]. Printed using screen print-
ing and flexographic printing.

3) Datamatrix with Sunlase TDS sulfuric acid reactive ink,

clear to black CMYK(0,0,0,100), 38 cm*/m?, 1 printed
layer Printed using screen printing.

The third experiment has also the difference that it uses
Datamatrix codes where functional ink is embedded in the
same way as in QR-Code used previously.

QR-Code Integrity Experiment

The first test experimented with two versions of each marker
(a) version where sensor area was transparent (sensor off),
in Fig. 7 top row. And (b) version where sensor was totally
black (sensor on), in Fig. 7 bottom row.

Latter markers simulate a situation where the sensor
destroys all white cells within the specified data region, and
error correction recovers these data. This experiment looks
to validate that adding a sensor does not prevent the decod-
ing of the marker.

=]
=

=

Fig. 7 Markers for the first experiment

In this experiment, iPhone 7 and iPhone 11 Pro were
used, with a standard camera application, to decode QR-
Code markers from different distances. Controlled environ-
ment, 25 cm X 20 cm X 40 cm sized white box, was used
for the test. The test environment had a moving sledge for
distance control and adjustable LED lights for ambient light-
ing control. Decoding distance was measured by moving the
sledge to the furthest distance where decoding of the marker
happens continuously. In this experiment, decoding distance
was tested in two ambient light levels, 4001x (office lighting)
(Table 1) & 15Ix (dark environment) (Table 2).

Sensor Value Calculation Experiment

The second experiment focuses on testing if the algo-
rithm defined in the previous section can identify sen-
sor states when different sensor colors are used. Sec-
ond experiment uses same marker sizes and contents
as the first experiment. However, this time with dif-
ferent sensor colors and their intensities. Four pure
colors magenta (C=0.0,M=1.0,Y=0.0,K=0.0),
cyan (C=10,M=00,Y=00,K=0.0), yel-
low (C=0.0,M=00,Y=10,K=0.0) and black
(C=00,M=0.0,Y=0.0,K=1.0). And three mixed
colors red (C=10,M=1.0,Y=0.0,K=0.0), green
(C=10,M=00,Y=10,K=00) and purple
(C=10,M=1.0,Y =0.0,K = 0.0) were used.

For each color, three marker sizes were printed with dif-
ferent intensity (100%, 80%, 60%, 40%, and 20%) levels.
Markers were captured, with iPhone 7, Nokia TA-1032, and
iPhone 11 Pro to images from two distances 10 cm and 20
cm, in the same ambient light levels as in experiment one.
Aside from capturing markers in a controlled environment,
images were captured in random contexts, including daily
environments like fridges, office tables, and store shelves.

Table 1 Experiment results of the 4001x experiment

Size No sensor (cm) Sensor (cm) Differ-
ence
(%)

25% 25 26.3 24.7 6

29 % 29 24.7 23.7 4

3737 24.0 24.0 0

Table 2 Experiment results of the 151x experiment

Size No sensor (cm) Sensor(cm) Difference (%)

25%25 25.5 23.8 7%

29 % 29 24.0 23.0 4%

37x37 235 22.6 4%
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Fig. 8 Examples of photos used for the second experiment

This totalled 1260 images for the second experiment, and
examples of photos used in this experiment are shown in
Fig. 8.

In the second experiment, QR-Codes were decoded with
a custom Python application [19]. This application used

algorithm shown in Fig. 5 to recognize sensor state. In the
experiment, three CIEDE formulas with different para-
metric values for KL, KC, and KH were used to calculate
color difference. These formulas were CIEDE2000(1,1,1),
CIEDE2000(2.76,1.58,1), and CIEDE2000(2,1,1).

Tables 3, 4, and 5 show the results of the second experi-
ment. Results are separated into three tables depending on
parametric values. The first column shows sensor color, and
the following columns show the lowest and highest value of
the sensor. These results can be used to estimate the usability
and accuracy of the algorithm and its parameters.

The third and final test experimented with smart tags
printed with real functional inks. These smart tags were
based on Datamatrix and photographed in a real-life envi-
ronment with iPhone 7, Nokia TA-1032, and iPhone 11 Pro.

Table 3 Results from the

X CMYK color 20% 40% 60% 80% 100%

second experiment, CIEDE2000

(L,L,1) algorithm No sensor [0,00 ... 0,05]
(0,0,0,1) [0,16 ... 0,27] [0,31 ... 0,60] [0,58 ... 0,87] [0,82 ... 0,95] [0,60 ... 1,00]
(1,0,0,0) [0,07 ... 0,17] [0,17 ... 0,36] [0,28 ... 0,36] [0,37 ... 0,49] [0,47 ...0,61]
(0,1,0,0) [0,06 ... 0,24] [0,16 ... 0,31] [0,29 ... 0,46] [0,29 ... 0,61] [0,43 ... 0,80]
(0,0,1,0) [0,04 ... 0,12] [0,08 ... 0,17] [0,08 ... 0,16] [0,12 ... 0,14] [0,14 ... 0,23]
(1,1,0,0) [0,15 ... 0,28] [0,41 ... 0,51] [0,64 ... 0,69] [0,81 ... 0,88] [0,75 ... 0,95]
(0,1,1,0) [0,08 ... 0,18] [0,17 ...0,31] [0,22 ... 0,47] [0,35 ... 0,61] [0,44 ... 0,61]
(1,0,1,0) [0,10 ... 0,25] [0,22 ... 0,31] [0,31 ... 0,55] [0,39 ... 0,42] [0,53 ... 0,75]

Table 4 Results from the CMYK color  20% 40% 60% 80% 100%

second experiment, CIEDE2000

(2.76,1.58,1) algorithm No sensor [0,00 ... 0,05]
(0,0,0,1) [0,16 ... 0,27] [0,31 ... 0,60] [0,58 ... 0,87] [0,82 ... 0,95] [0,60 ... 1,00]
(1,0,0,0) [0,08 ... 0,16] [0,19 ... 0,36] [0,30 ... 0,37] [0,41 ... 0,50] [0,50 ... 0,63]
(0,1,0,0) [0,10 ... 0,24] [0,23 ... 0,34] [0,36 ... 0,49] [0,36 ... 0,63] [0,48 ... 0,81]
(0,0,1,0) [0,11 ... 0,15] [0,16 ... 0,21] [0,21 ... 0,39] [0,30 ... 0,33] [0,27 ... 0,32]
(1,1,0,0) [0,19 ... 0,29] [0,28 ... 0,38] [0,65 ... 0,72] [0,82 ... 0,90] [0,75 ... 0,97]
(0,1,1,0) [0,09 ... 0,18] [0,17 ...0,31] [0,23 ... 0,47] [0,36 ... 0,61] [0,46 ... 0,63]
(1,0,1,0) [0,14 ... 0,29] [0,28 ... 0,38] [0,36 ... 0,66] [0,45 ... 0,53] [0,56 ... 0,76]

Table 5 Results from the CMYK color  20% 40% 60% 90% 100%

second experiment, CIEDE2000

(2,1,1) algorithm No sensor [0,00 ... 0,05]
(0,0,0,1) [0,16 ... 0,27] [0,31 ... 0,60] [0,58 ... 0,87] [0,82 ... 0,95] [0,60 ... 1,00]
(1,0,0,0) [0,07 ... 0,16] [0,18 ... 0,36] [0,30 ... 0,37] [0,39 ... 0,49] [0,48 ... 0,62]
(0,1,0,0) [0,08 ... 0,24] [0,20 ... 0,32] [0,33 ... 0,48] [0,33 ... 0,62] [0,45 ... 0,80]
(0,0,1,0) [0,08 ... 0,13] [0,13 ...0,19] [0,15 ... 0,29] [0,23 ... 0,25] [0,22 ... 0,26]
(1,1,0,0) [0,17 ... 0,29] [0,43 ... 0,52] [0,64 ... 0,70] [0,81 ... 0,89] [0,75 ... 0,95]
(0,1,1,0) [0,09 ... 0,18] [0,18 ... 0,31] [0,23 ... 0,48] [0,36 ... 0,61] [0,46 ... 0,63]
(1,0,1,0) [0,12 ... 0,27] [0,25 ... 0,34] [0,34 ... 0,60] [0,42 ... 0,47] [0,54 ... 0,75]
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Fig. 9 Examples of photos used for the third experiment

Table 6 Results from the third experiment

Marker (1,1,1) (2.76,1.58,1) 2,1,1)

Sensor off [0,01 ... 0,03] [0,01 ...0,03] [0,01 ... 0,03]
100% black [0,65 ... 0,72] [0,65 ... 0,72] [0,65 ... 0,72]
100% magenta [0,36 ... 0,39] [0,52...0,54] [0,45 ... 0,46]
40% green [0,12 ...0,31] [0,15...0,31] [0,13 ... 0,31]

First before exposing them to a reactive environment. After
exposure, markers were photographed again. Fifty images
were captured for each marker and sensor state, totalling 300
images. Examples of photos are seen in Fig. 9.

The same Python application as in experiment 2 was used
to decode markers. Table 6 shows the results of the third
experiment. Columns show different CIEDE200 parameters,
and values range from decoding. On the rows are different
marker states

Results and Discussion

Based on the results from the first experiment, adding a sen-
sor inside the marker reduces the decoding distance only
slightly. Distance is decreased more in a dark environment,
but the absolute change in the decoding distance is small. In
everyday use, this does not have a significant impact. Mark-
ers with more data are affected less as the sensor occupies a
relatively smaller area from the data area.

In the second experiment, simulated sensors with dif-
ferent intensities [0%, 20%, 40%, 60%, 80%, and 100%]
were decoded with the proposed approach. The second
experiment included sensor value calculations with the
CIEDE2000 algorithm. Three different parametric (KL,
KC, and KH) values were tested, (1,1,1),(2.76,1.58,1) and
(2,1,1). Results show that when sensor intensity is 40% or
more, all parametric combinations can recognize the state
of the sensor. When intensity is lower (20%), calculations
are not working accurately, and incorrect states are some-
times recognized. Especially, algorithm has challenges
with the yellow ink. With higher intensities, the algorithm
gives values over 0.1. This can be considered as a thresh-
old value. When the sensor has a value over 0.1, color
exists, and the sensor is ON. Values vary highly, especially
with higher intensities. Therefore, the algorithm cannot be
used for accurate color value identification.

The third experiment showed that the proposed
approach works well with actual functional inks. How-
ever, the algorithm provides sometimes lower values for
the sensor as in experiment two. This might be from the
label background color differences or calibration of the ink
intensity. In the third experiment, all CIEDE2000 parame-
ter combinations provided values that ranged quite widely.
In practice, this means that the approach is suitable for
sensor state recognition. However, it fails when used to
recognize the absolute value of the sensor.

Past research has shown that it is possible to detect colors
with smartphone cameras [6]. However, due to restrictions
like camera accuracy, ambient light, print, and the paper
quality, limited amount of color shades can be recognized
[2, 22]. In the past, multiple approaches for color identi-
fication in barcodes have been proposed, for example, by
John and Raahemifar [20], Bagherinia and Manduchi [2].
In these approaches, different colors represent different data.
The same restrictions apply when functional ink operates as
a sensor, and a limited amount of shades can be recognized.
The most reliable way to use functional ink is to use high
enough color intensity. It is challenging to recognize the
actual shade of the functional ink. However, recognition of
functional inks states, ON or OFF, is quite straightforward.
The proposed approach cannot recognize shades accurately,
as there is variation in results. One possible approach to
overcome this problem might be calibration. In traditional
calibration, color charts are used for camera calibration [2].
However, in the case of smart tags, calibration has a small
amount of data in its use. These data include only labels
background color (paper color), black cells of the marker,
and possible color reference points. Together with calibra-
tion, reference points can be used. With reference points, it
is possible to compare the state of functional ink into speci-
fied reference values [6]. However, if reference points are
used, they must be printed with color as close as possible to
functional ink’s value in a specific state.

Actual color shade recognition with functional ink is a
challenging topic as the shade is depending on multiple fac-
tors. Ink intensity is the most important factor. However, the
direction of state change that occurred last has its impact. In
other words, color is slightly different if it has been reached
during a negative or positive change. Also, change between
states has different speeds in different environments and
colors. In some cases, when changing from color to trans-
parent, some color can remain [24].

Conclusions
To support the data-driven applications in the FMCG sector,

more data need to be collected. Without this data collec-
tion, it is not possible to implement optimal decision-making
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processes. Currently, the obstacle is not on cloud services or
data processing. But on how we collect data from low-cost
items and track & trace them during their life-cycle. One
approach is to integrate low-cost smart tags with functional
ink into items. Functional ink would be able to react to envi-
ronmental changes and work as a sensor.

Implementation of such markers can be done in various
ways, and this paper presented a low-cost way to embed
functional ink inside a standard marker. With this approach,
the marker has two features: a unique identifier and sensor.
Unique identifiers are used to track the item, and the sensor
can react to environmental changes. Different color and ink
combinations can react to different environmental variables
like temperature, time, and humidity. Information from the
sensor can be decoded by observing the color changes. One
approach to recognize the color and state of the sensor is to
use a simple color comparison. CIEDE2000 algorithm with
(2.76,1.58,1) parametric values fits for this purpose, and it
works reliably when the sensor’s color intensity is 40% or
higher. On lower intensities, proposed approach sometimes
provides incorrect results.

Yet, more work is needed in the field of color recognition.
If color can be recognized accurately, it would allow more
use-cases around functional inks and make functional inks
usable for use in challenging environments.

Future Work

More research is needed on the computer vision side, espe-
cially on how to decode sensor color and its value better
accuracy. Also wrapping and challenging conditions might
impact proposed approach. Some options, which might
achieve better results, could be advanced mathematical
calculations, usage of reference colors, or using calibration
methods. Usage of machine learning (ML) or artificial (AI)
intelligence could also be one option. However, this might
make the solution more complex, unless ML/AI solution
can be run in a decoding device, rather than in the cloud.
When ML/ALI is considered, it could be possible to build
a rich database containing information about data to color
conversion or artificial intelligence models can be trained
and used [33].
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Abstract

Colour differentiation is crucial in machine learning and computer vision. It is often used when identifying items and objects
based on distinct colours. While common colours like blue, red, green, and yellow are easily distinguishable, some applications
require recognising subtle colour variations. Such demands arise in sectors like agriculture, printing, healthcare, and packaging.
This research employs prevalent unsupervised learning techniques to detect printed colours on paper, focusing on CMYK
ink (saturation) levels necessary for recognition against a white background. The aim is to assess whether unsupervised
clustering can identify colours within QR-Codes. One use-case for this research is usage of functional inks, ones that change
colour based on environmental factors. Within QR-Codes they serve as low-cost [oT sensors. Results of this research indicate
that K-means, C-means, Gaussian Mixture Model (GMM), Hierarchical clustering, and Spectral clustering perform well in
recognising colour differences when CMYK saturation is 20% or higher in at least one channel. K-means stands out when
saturation drops below 10%, although its accuracy diminishes significantly, especially for yellow or magenta channels. A
saturation of at least 10% in one CMYK channel is needed for reliable colour detection using unsupervised learning. To

handle ink densities below 5%, further research or alternative unsupervised methods may be necessary.

Keyword Machine vision, Colour difference, Printed colours, Unsupervised learning

1 Introduction

The human visual system (HVS) can separate colours, even
under challenging ambient light conditions. A healthy human
eye can recognise approximately 100 colour shades in each
of its three different types of cone cells. In total HSV can
roughly recognise around one million different colours Hurl-
bert and Ling (2012).

Computer vision (CV) research develops solutions that
are as accurate as or more accurate than HSV. Colour imag-
ing research, as part of computer vision research, focuses
on colour inspection, sorting, detection, and matching. This
research addresses colour inspection/matching, particularly
in colour differentiation.

All colours we see are combinations of hue, saturation, and
brightness values. In digital imaging, light reflected from an
object is captured as a digital representation using a digital

Jari Isohanni
x2603813@student.uwasa.fi ; jari.isohanni@gmail.com

I Digital Economy, University of Vaasa, Wolffintie 34, 65200
Vaasa, Finland

camera. The entire process is complex and involves electron-
ics, signal processing, and algorithms. This process is unique
to each device and depends on the imaging conditions. There-
fore, the resulting digital images always vary slightly, more in
non-controlled environments and less in controlled environ-
ments. The same colour can appear as many different digital
representations, or the same digital presentation can appear
as two separate colours.

Computer vision research has identified many solutions
for colour differentiation. These approaches are based on
mathematical algorithms or artificial intelligence (AI). Math-
ematical algorithms work well in conditions where colours
are clearly different, their location is known, and the data is
high quality (Isohanni 2022). Artificial intelligence (super-
vised and unsupervised) is primarily used to recognise
objects of different colours and patterns.

However, the current solutions face challenges when deal-
ing with small colour differences in unknown locations.
Previous studies have used unsupervised learning to seg-
ment/cluster colours. Although the reported performance of
algorithms has improved, past research has found out that
unsupervised colour segmentation doesn’t work in all use-
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cases (Xu et al. 2018). Improving the quality of the clustering
process or finding the best clustering method can have an
impact for example on healthcare (Vishnuvarthanan et al.
2016), smart city (Mao and Li2019) and agriculture (Abdalla
et al. 2019) applications. Challenges unsupervised methods
face are a) some algorithms require the setting of clusters
before running the algorithm, and b) some algorithms are
sensitive to the initial cluster centre guess and might stick in
the local optima during the process (Abdalla et al. 2019).

In this study, the recognition of small colour differences
with unsupervised learning was investigated by using printed
inks. One direct use-case of this research is the colour
recognition of functional inks. The development of novel
printing methods and inks has enabled the labelling and
packaging industry to create innovative labelling methods.
Some of these innovations use functional inks. Functional
inks change their colour depending on environmental values
and it is important to detect this change reliably (Isohanni
2022). This research focuses on recognising colour differ-
ences using unsupervised clustering methods and compares
different methods, their accuracy, and running time. Contri-
butions of the research are:

e Comparison of unsupervised learning methods in colour
difference recognition

e Approach to detect small colour changes in printed
colours with unsupervised learning

This research is structured as follows: Sect. 2. contains rel-
evant previous research done in the past. Section 3. defines
the methods and materials used in this study. The results of
this study are presented in Sect. 4. Finally, Sect. 5. discusses
conclusions and future research needs.

2 Related work

Colour recognition has its role in object detection, object
recognition, image segmentation and many other applica-
tions. Most research done around colour recognition focuses
on high-level use cases, for example, colour recognition is
used in animal/plant recognition (Koubaroulis et al. 2002;
Jhawar 2016), in dental applications (Bretzner et al. 2002;
Bar-Haim et al. 2009; Riri et al. 2016; Kang and Ji 2010), in
face / skin recognition (Yang et al. 2010), in robotics (Rabie
2017; Bazeille et al. 2012) and in intelligent traffic (Gao et al.
2006; Gong et al. 2010; De la Escalera et al. 2003; Zhu and
Liu 2006). However there many other use-cases where colour
recognition is useful.

Colour recognition can be done by mathematical algo-
rithms, which is the most dominant approach, but during the
last decade, artificial intelligence has been applied success-
fully in many use-cases. In the artificial intelligence context,
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both supervised and unsupervised learning have been proved
as possible approaches. Unsupervised learning is usually
used when the clustering of colours is done, or when domi-
nant colours are looked at from the source image (Du et al.
2004; Kuo et al. 2005; Bo et al. 2013; Basar et al. 2020).
Supervised learning has been found more suitable in higher
level use-cases like object colour recognition (Zhang et al.
2019; Aarathi and Abraham 2017; Feng et al. 2019).

As seen from Table 1, most relevant past research around
unsupervised learning has focused on agriculture and health-
care use-case.

Banic et al. used unsupervised colour clustering for
image colour calibration, they researched a custom cluster-
ing approach and finally achieved results where the median
angular error was almost always below 2° (Banic and Lon-
caric 2018).

Gerke and Xiao studied the usage of two classification
strategies a supervised method (Random Trees) and unsu-
pervised approach. They also used graph-cuts for energy
optimization. Their results achieved 97.74% accuracy in the
context of recognition of urban objects. however, methods
had challenges with shadows (Gerke and Xiao 2014).

Dresp-Langley and Wandeto used in their research quanti-
zation error from Self-Organising Map (SOM). With using of
the quantization error their purpose was to recognise increase
of amounts of red or green pixels (Dresp and Wandeto 2020).
Results of their research were good but only colour amounts
where used, not intensity.

Yavuz and Koése achieved good results in colour clus-
tering in the blood vessel extraction use-case. Even with
small colour differences. Authors used combination of K-
means and Fuzzy C-means. They also used postprocessing to
remove falsely segmented isolated regions (Yavuz and Kose
2017).

Abdallaa et al. used subsequent combination of various
unsupervised learning methods (GMM, SOM, FCM and K-
Means). They proposed methods to overcome illumination
and weather condition challenges in segmentation of infield
oilseed rape images. They achieved segmentation accuracy
of 96% even in challenging conditions (Abdalla et al. 2019).

Basar et al. developed a novel approach to overcome chal-
lenges in the initialisation of the clustering algorithm. Their
research focuses on the challenge of defining number of clus-
ters and the initial central points of clusters. Their results
improved segmentation quality and reduced the classifica-
tion error (Basar et al. 2020).

Wang et al. achieved good results, even with small colour
contrast changes, when they used first-order colour moments,
second-order colour moments, and colour histogram peaks.
Their objective was to extract feature vectors from the image.
And to realise data dimension reduction. Use-case was to
classify solid wood panels with K-means Wang et al. (2021).
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Table 1 Related past research

Study title

Unsupervised learning for colour constancy (Banic
and Loncaric 2018)

Fusion of airborne laser scanning point clouds and
images for supervised and unsupervised scene classi-
fication (Gerke and Xiao 2014)

Unsupervised classification of cell imaging data using
the quantization error in a self-organising map (Dresp
and Wandeto 2020)

Blood vessel extraction in colour retinal fundus
images with enhancement filtering and unsupervised
classification (Yavuz and Kose 2017)

Infield oilseed rape images segmentation via
improved unsupervised learning models combined
with supreme colour features (Abdalla et al. 2019)

Unsupervised colour image segmentation: a case of
RGB histogram based K-means clustering initialisa-
tion (Basar et al. 2020)

Colour classification and texture recognition system
of solid wood panels (Wang et al. 2021)

Authors Colour spaces Method
Banic,Koscevic, RGB colour Tiger
Loncaric
Gerke, Xiao RGB Markov random field
formulation
Dresp-Langley, RGB Self-organising map
Wandeto
Yavuz, Kose RGB K-means, Fuzzy C-means
Abdalla, Cen, Multiple Gaussian mixture model
El-manawy, He (GMM), self-organising map
(SOM), fuzzy c-mean(FCM),
and k-means algorithms
Basar, Ali, RGB K-Means
Ochoa-Ruiz,
Zareei,
Waheed, Adnan
Wang, Zhuang, RGB, HSV, LAB K-means

Liu, Ding, Tang

Related work shows that unsupervised learning can be
used to classify colours. However there aren’t many studies
which have focused on recognition of small colour dif-
ferences, especially in the printed colours. Some studies
have also clearly pointed out that unsupervised learning
approaches have challenges when foreground and back-
ground objects have only slight colour difference.

3 Materials and methods

The dataset analysed in this research is available in the Zen-
odo repository (Isohanni 2023). This study used 25 different
modified QR-Codes as the original dataset. QR-Codes had
three colour zones in them: black, white, colour. (Fig. 1).
The black zone (1.) was printed with pure black (100K /
CMYK(1.0,1.0,1.0,1.0)), the white zone (2.) had no colour
(paper white, OK / CMYK(0.0,0.0,0.0,0.0)) and the third
(3.) zone was printed with some colour. All zones had
equal size. In the example Fig. 1. colour area with (20M /
CMYXK(0.0,0.2,0.0,0.0)) is presented, this means that colour
has 20% saturation in magenta channel. Dataset was cre-
ated by printing colour areas with different ink saturation
20%, 40%, 60%, 80% and 100% and with different colours.
Example of a QR-codes with colour saturation 20—-100% in
magenta (M) channel are illustrated in the following Fig.2.
Other colours or colour combinations used were, C (cyan),
Y (yellow), K (black) and combination CY (green). Fur-
ther experiments were also made with ink saturation’s 10%

2

; v
1. 2. 3.

Fig.1 QR-code sample

and 5% with unsupervised learning methods that performed
best in the first experiments. QR-Codes were printed in
size 20mm x 20mm. Printed used in this research was an
standard office laser-jet (Canon ImageRunner C55351). And
paper that was used was a standard office A4-paper (Canon
Black Label Plus 80 g/m2). Printing was done in 300dpi.
All QR-Codes were captured into a image dataset which
contained 25-30 images per QR-Code. Different environ-
ments were used to capture QR-codes to images, some of the
images were captured in normal office ambient light level
around 500 lux and colour temperature of around 5000k.
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[=] [=];
E =
20%

Fig.2 Different intensity samples

40%

a) b)

Fig.3 Samples from different environments

This higher ambient light environment results more separable
colours, but results to more small details (noise) in images.
Some of the images were captured in home environment with
around 250 lux and 3000 K colour temperature. In darker
environment digital cameras might not be able to capture
colour information properly (Zamir et al. 2021). Example
of differences in these two environments are shown in the
following Fig. 3.

Image a) is captured in higher ambient light. This results
in more details and clear transforms between colours. Image
b) is from lower and warmer ambient light, in these images
it can also be seen that camera focus makes image blurry
and colours not as clearly separable, however, image has less
noise.

All images were taken with iPhone 11 Pro by using stan-
dard camera application from around 30cm distance and
stored as JPG’s in RGB format with 8 bits/ channel. Captured
images were resized to 1200x 1600 resolution in Photoshop
before processing them, no other processing was done. Even-
tually after resize QR-code occupied around 400x400 px
area from the image, and each of the zone was roughly 50 x 50

pX.

3.1 Process as whole
The process that was used in this research is shown in the fol-

lowing Fig. 4. Process starts from the RGB JPEG-image, and
results into CIELAB values of three (white, black, colour)

@ Springer

60%

E [EAE  EpAE
[=] 3 =]

80% 100%

Calculate Delta-E between
white and colour cluster

Read input image into a
3-channel RGB matrix

A

Calculate center of each
cluster
(colour of the cluster)

A

Auto-level colours to
0...255range

y

Run unsupervised learning
method to form three
clusters

A

Convert colours to CIELAB
colour space

Extract analysis areas
(white, black, colour) >
from the image

Group analysis areas into
one dataframe

Fig.4 Flowchart of the process used

cluster centres (Fig. 5) and Delta-E between white and colour
cluster. Delta-E is a measurement which ranges between 0
and 100, it quantifies the difference between two colours,
and can be used to determine if two colours are different
(Luo et al. 2001). Formula to calculate Delta-E is

AEy
AL \? ACT \? AH \? AC AH'
= + + +R- . .
kr - St ke - Sc ku - Su keS¢ ku-Su

where

AE : Delta-E 2000 colour difference
AL’ : Difference in lightness
AC’ : Difference in chroma
: Difference in hue
kp.kc, ku
St, Sc, SH

: Weighting factors
: Adjustment factors based on standard
deviations

R : Rotation function
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Fig.5 Extraction of analysis area

The CIELAB colour system represents quantitative rela-
tionship of colours on three axes, lightness (L), and chro-
maticity coordinates (a,b).

After reading the input image, auto-levelling of colours
was performed. Auto-levelling uses following equation:

1/ _ I — Imin

I max

x 255,

— Imin

where Inax is the most bright white value in the image and
Inin 1s the darkest black value in the image. Auto-level does
a histogram equalisation to achieve more uniform distribu-
tion of values in range [0, 255] in all (R,G,B) channels (Kao
et al. 2006). For the value 0 the mean value of black area
(Fig. 1 area 1.) of the image was used and for the value 255
mean value of the white area (Fig. 1 area 2.) was used. Other
values of image are then stretched, and as seen in Fig. 5 this
makes difference between colours in the image clearer. His-
togram equalisation improves the contrast of an image, but
might lead into over enhancement of the image. Some other
image enhancement methods could be also used, but this
is out of scope of this research and discussed in the con-
clusions. Result of auto-levelling is shown in Fig.5. were
leftmost image is original image, then one on the right is
image after auto-levelling. Three squares that are seen at the
right-bottom of the image are extracted colour areas after
auto-levelling. Data from these areas is grouped into one
dataframe. In the dataframe CIELAB colour format is used,
so each row of the frame contained one pixels L, A and B
values.

Dataframe was then processed by the unsupervised learn-
ing methods. One visual example of the dataframe is pre-
sented in the Fig. 6, dataframe LAB colour values are in this
figure plotted as density chart. Density of points is shown in
different colours, dark blue being less dense and red having
highest dense. Circles in the figure are added for illustrative
purposes, they show different colour areas (red =black, green
= white, yellow = CMYK(0.0, 0.6, 0.0, 0.0)). This is also the
result unsupervised learning is expected to achieve. Clusters

red and green should stay in quite same location in different
images, but yellow cluster moves to different locations in 3D
plane. Also, from this figure it can be seen that there is lot
of noise present. Noise comes from the digital image and
imagining environment.

Clustering of colours was done with different approaches:

e Centroid-based algorithms organise the data in non-
hierarchical clusters. These algorithms use distance mea-
suring, like Euclidean, between points to determine if
points belong to the same cluster. Usually, centroid-based
algorithms run iterations and update cluster centres in
each iteration. Centroid-based algorithms are efficient
and fast. However, they are sensitive to initial cluster cen-
tres and outliers Gonzalez (1985); Hartigan and Wong
(1979).

e Connectivity-driven clustering, often referred to as hier-
archical clustering, operates under the assumption that
points tend to have stronger connections with nearby
points compared to those that are farther apart. Algo-
rithms based on connectivity use the distances between
points to create clusters. The goal is to minimise the
maximum distance required to link these points together
Reddy (2021).

e Density-based clustering defines clusters as dense regions
of space. Between dense regions, there are regions where
data density is lower. Low-density region can also be
empty. Density-based clustering algorithms are good at
finding arbitrarily shaped clusters, but they have diffi-
culty when it comes to varying densities and if data has
high dimensions (Kriegel et al. 2011).

e Distribution-based clustering assumes that the data has
a specified number of distributions. Each of these distri-
butions has it’s own mean and variance (or covariance).
Distribution can be based on Gaussian distribution for
example. Points probability to belong to the distribu-
tion decreases when it’s distance from distribution centre
increases Xu et al. (1998).

In this research K-Mean, Fuzzy C-Mean, DBSCAN,
MeanShift, Hierarchical clustering, Spectral clustering, Gaus-
sian Mixture Model (GMM), BIRCH and OPTICS from
scikit-learn (Pedregosa et al. 2011) were used as unsuper-
vised learning methods. All of these methods were used
to cluster dataframe’s 3D points (L, A, B) into clusters, if
method had option to cluster datapoints into specified amount
of clusters it was set to three. Methods used are explained in
the following sub-chapters in more detail. The objective of
each method was to find the cluster centre or average value
of points which had the same cluster.

After clustering clusters were labelled, the cluster closest
to CIELAB(1.0, 0.0, 0.0) was labelled as “white”, cluster
closest to CIELAB(0.0, 0.0, 0.0) got label “black”. Finally
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Fig.6 Illustration of LAB
colour data points intensities

there were left one cluster that was labelled “colour”. If only
two cluster or more than three major clusters were found,
result of the clustering process was considered as failed.

Finally CIEDE2000 Delta-E between “white” and “colour”
was calculated. This value was then compared to ground-
truth Delta-E calculated from mean values of white and
colour areas. Result of the comparison was stored in.CSV
file with other image information for later analysis discussed
in results section.

3.2 K-means

The K-Means clustering algorithm belongs to the partition-
based clustering algorithms category. K-means uses a iter-
ative process to partition n observations into k clusters.
K-means minimises the sum of the squared Euclidean dis-
tance of each point to its cluster centroid. The K-Means works
by first choosing k points as initial cluster centres, this can
be done in multiple ways. Then algorithm calculates the dis-
tance between each cluster centre and each point. Individual
points are assigned to the closest cluster centre. After this, the
mean of all the data points in each cluster is calculated and
used as the new centroid for that cluster. Then again assign-
ing all points to the nearest centroid. This process is repeated
until the centroids do not change or until a predetermined
number of iterations has been reached. K-Means is so-called
hard clustering where a point can belong to one cluster only
Lloyd (1982); MacQueen et al. (1967).

This research uses a standard implementation of K-means
where the algorithm is given a fixed number of clusters before
running the clustering algorithm. “lloyd/full” Lloyd (1982)
and “elkan” Elkan (2003) algorithms are experimented. The
difference between these two algorithms is that “full” is an

@ Springer

expectation-maximisation (EM) algorithm and “elkan” uses
the triangular inequality.

K-means looks into minimising total intra-cluster vari-
ance, for this squared error function is used:

n k
J = Zzwij Al — Cj||2,

i=1 j=I

where J is the distortion measure. n is the number of data
points. £ is the number of clusters. x; represents a data point.
c; represents a cluster centroid. w;j is a binary indicator
variable indicating whether data point x; is assigned to cluster

3.3 Fuzzy C-mean

The Fuzzy C-Means (FCM) is a so-called soft clustering
method. In FCM points can belong to two or more clusters.
Each point belongs to every cluster to a certain degree. Points
that are located near the centroid of the cluster have a high
degree of belonging to this cluster, and point that is located
far from the centre has a low degree Bezdek et al. (1984).

Fuzzy C-means starts with an initial guess for the clus-
ter centres for a predefined number of clusters. Then FCM
assigns every data point a membership grade for each clus-
ter. In the same way that K-means C-means works iteratively
and moves the cluster centres to the right locations. FCM’s
iteration is based on minimising an objective function that
represents the distance from any given data point to a clus-
ter centre weighted by that data point’s membership grade
Bezdek et al. (1984).
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With C-mean, different fuzziness parameters are 2.0-5.0
experimented. The FCM algorithms fuzziness parameter is a
key parameter. Larger fuzziness parameters blur the clusters,
and all points will finally belong to all clusters Zhou et al.
(2014).

In C-means following membership degree function is
used.

n k

2
J= > ul - lx =l

i=1 j=1

where J is the objective function. n is the number of data
points. k is the number of clusters. x; represents a data point.
c; represents a cluster centroid. u; j is the fuzzy membership
value of data point x; in cluster j. And m is the fuzziness
parameter (a positive constant).

3.4 DBSCAN

Density-Based Spatial Clustering of Applications with Noise
(DBSCAN), an algorithm designed for clustering data points
where noise exists. When provided with a collection of
points, DBSCAN organises them into clusters by assessing
the density of their arrangements. Essentially, points that are
closely packed together form dense regions and are grouped
accordingly. However, if a point is situated significantly apart
from its neighbouring points, DBSCAN identifies it as noise
or an outlier Ester et al. (1996).
DBSCAN works based on two parameters:

e c(eps), two points are considered neighbours if the dis-
tance between them is smaller than epsilon.

e minPts the minimum number of points required to form
a dense region Ester et al. (1996).

DBSCAN is very sensitive when it comes to these parame-
ters. minPts is easier to decide, as it can be determined from
the total pixel amount and cluster count. However €(eps)
is more complex, and some past research has looked into
ways to determine optimal € value (Giri and Biswas 2020).
DBSCAN doesn’t have similar single objective function as
K-means or C-mean, but can be described with the following
algorithm.

1. Identify core points based on the density criterion.

2. Connect core points to form clusters using density-
reachability.

3. Assign border points to clusters if they are density-
reachable from a core point.

4. Identify noise points that are neither core points nor
density-reachable from core points.

In this research e(eps) = 3.0, 5.0, 1.0 is used and
minPts = (T /n)* 0.8, where T = total pixels and n is
cluster count. As result each cluster must have at least 80% of
pixels, if total pixel count is divided into n clusters. After run-
ning the DBSCAN algorithm density group’s average colour
value is considered to represent the whole density group.

3.5 MeanShift

MeanShift is an unsupervised learning algorithm, MeanShift
works in iterations. On each iteration algorithm shifts points
to the direction where region have the highest density of
data points. On each iteration MeanShift algorithm updates
candidates for centroids to be the mean of the points within a
given region. This region is also called bandwidth, which is
the only parameter given to the MeanShift algorithm. After
the update MeanShift filters out near-duplicates so that finally
a final set of centroids are left Wu and Yang (2007).

MeanShift’s iterative optimization algorithm, which results
into a vector that represents the direction in which the density
increases the most at the location of the data point, can be
expressed as follows:

Y K(x—xi) - x;
Ax = Zn K —x0) - X,
i=1 1

where K (x) is a kernel function, often a Gaussian kernel, and
Ax is the MeanShift vector for a data point x. x; are the other
data points in the dataset. In this researched uses bandwidth
which is the median of all pairwise distances. Calculation of
bandwidth is slow, as it takes time at least quadratic to point
count.

3.6 Hierarchical clustering

Hierarchical clustering algorithms build a nested cluster by
merging or splitting them successively. The final hierarchy
of a dataset is represented as a tree. The root of the hierar-
chy tree gathers all the samples together, and finally, leaves
are clusters with only one sample. Hierarchical clustering
depends on the so-called linkage function which defines the
distance between any two subsets. Linkage functions devel-
oped in the past are single linkage, average linkage, complete
linkage, Ward linkage, etc. Nielsen (2016).

This research uses AgglomerativeClustering, which is
a version of hierarchical clustering that uses a bottom-up
approach (Zhao and Qi 2010). The clustering algorithm starts
from the situation where each point is in its cluster (leaf).
The algorithm starts to merge clusters using Ward’s linkage
criteria. Ward linkage analyses the variance of clusters and
minimises the sum of squared differences within all clus-
ters (Miyamoto et al. 2015). The variance, also known as the
sum of squares, is calculated based on the squared Euclidean
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distance between data points and the centroid of the cluster.

Nx Ny

X ey - Cy )P
Nx Ny ICx rll

D(X,Y) =

where D(X,Y) is the distance between clusters X and Y.
Ny and Ny are the numbers of elements in clusters X and Y
respectively. [Cx — Cy |? is the Euclidean distance between
the centroids of clusters X and Y.

3.7 Spectral clustering

Spectral clustering is very useful when the shape of the cluster
is non-convex. This is because spectral clustering focuses on
connectivity rather than the compactness of the cluster. This
can be the case for example when the cluster has a shape of
an arch, or if clusters are nested circles. Spectral clustering
performs measurements for given data points by calculating
their pairwise similarities with chosen similarity function.
The similarity function is symmetric and non-negative. This
research uses Euclidean distance. This results in a similarity
matrix which is used in an unnormalized or a normalised
spectral clustering Ng et al. (2001).
Euclidean distance as a similarity function is expressed

1

Similarity (x;, xj) = ————
U I — g

where x; and x; are data points.

3.8 OPTICS

Optics Clustering (Ordering Points To Identify Cluster Struc-
ture) was developed to address DBSCAN’s weakness when
data has varying density. OPTICS does this by linearly order-
ing dataset points, and points which are spatially closest
become neighbours in a density-based representation called
the reachability plot. In this plot, every point has a reacha-
bility distance. This reachability distance defines how easily
a point can be reached from other points. Clusters are then
formed based on reachability distances Ankerst et al. (1999).

Reachability distance is calculated with the following
function

rdist(p, q) = max(dist(p, q), core-distance(q))

where p and ¢ are data points. dist(p, g) is the Euclidean
distance between points p and g. core-distance is the radius
within which a certain density threshold € or MinPts is
satisfied. OPTICS in this research uses the same parameters
as DBSCAN.
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Table 2 Results of K-means algorithm

Method (parameters) Success rate (%) Runtime (s.)
K-means (algorithm = elkan) 98.1 0.052
K-means (algorithm = full) 98.1 0.051

3.9 GMM

The GMM (Gaussian mixture model) is a finite mixture prob-
ability distribution model. GMM assumes that all data points
are generated from a mixture of a finite number of Gaus-
sian distributions. The parameters of these distributions are
however unknown. Each Gaussian distribution has mean and
covariance which defines its parameters, the whole GMM is
built of mean vectors (1) and covariance matrices (o). GMM
uses an iterative expectation-maximisation method to esti-
mate these parameters for distributions Rasmussen (2000).
A Gaussian Mixture Model is represented by the following
probability density function:

K
PO =Y m - Nx| e, Zi).

k=1
3.10 Birch

BIRCH (Balanced Iterative Reducing and Clustering using
Hierarchies) is a hierarchical clustering algorithm. BIRCH
incrementally builds a tree-like data structure (Clustering
Feature tree). Tree summarises the information about the
dataset and is built top-down. Algorithm recursively splits
the data into subclusters. Algorithm does not use traditional
distance-based split criteria like other clustering algorithms.
The split conditions are based on factors like the number of
points in a subcluster or the sum of squared feature values.
The actual split logic is more intricate due to the CF tree struc-
ture and the desire to maintain balance in the tree. BIRCH
algorithm has two main parameters: the maximum number
of subclusters that can be generated from a single cluster and
the threshold distance. These parameters determine the size
and depth of the Clustering Feature tree Zhang et al. (1997).

4 Results

The results of this research were obtained by running the
process mentioned in the previous chapter. Clustering was
performed with a 2,3 GHz Quad-Core Intel Core i5 proces-
sor. Clustering process was considered successful, if it was
able to recognise three different clusters, and clusters were
formed correctly. Correct formulation of clusters was defined
as follows, if Delta-E value between white and colour was
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Table 3 Results of C-means algorithm

Table 5 Results of GMM algorithm

Method (parameters) Success rate (%) Runtime (s.) Method (parameters) Success rate (%) Runtime (s.)
C-means (m = 1.0) 96.1 0.034 GMM (covariance_type = full) 99.0 0.085
C-means (m = 2.0) 96.6 0.027 GMM (covariance_type = tied) 97.6 0.071
C-means (m = 3.0) 97.1 0.039 GMM (covariance_type = diag) 99.0 0.071
C-means (m = 4.0) 97.6 0.051

C-means (m = 5.0) 97.6 0.050

C-means (m = 6.0) 97.6 0.068

Table 4 Results of DBSCAN algorithm

Method (parameters) Success Runtime (s.)

rate

(%)
DBSCAN (eps = 2.5, min_samples = 25%) 19.5 0.172
DBSCAN (eps = 5.0, min_samples = 25%) 70.1 0.176
DBSCAN (eps = 10.0, min_samples =25%)  78.1 0.191
DBSCAN (eps = 10.0, min_samples = 16.7%) 81.6 0.177
DBSCAN (eps = 10.0, min_samples = 33.3%) 25.2 0.167
DBSCAN (eps = 15.0, min_samples =25%)  70.1 0.181

equal or smaller than 2.0 when compared to ground-truth
white - colour Delta-E (calculated in the process step 4 Fig.
4). Value 2.0 for Delta-E was selected as past research has
identified it as the smallest colour difference an inexperi-
enced human observer can notice (Han et al. 2022). This can
be expressed as the following equation:

if AEg) <= 2.0

otherwise

SucCcess,

AEg =
00 {failed,

Success rate for each method was calculated using the
standard formula:

(correctly clustered images )
success rate = .

total images

Results of running all unsupervised clustering methods
for the whole 620 images dataset are presented in the follow-
ing tables. In these tables success rate describes how large
share of the images were successfully clustered into three
cluster were white and colour had Delta-E equal or smaller
than 2.0, when compared to ground-truth. In the method col-
umn, method and its possible parameters are described, some
methods were tested with multiple parameters so that best
parameters and their combination was found. Runtime is the
average runtime per image.

K-Means (Table 2) achieved very high success rate. Chal-
lenges it had were when density of ink colour was low (20%),
specially in M & C CMYK-components. As being a hard
clustering method has it advantages when it comes to recog-

nition of colour cluster, this is because each data point must
belong to only one cluster. Problems arise from datapoints
which are outliers and pull centres away from their ground-
truth. Two different algorithms were experimented, “full”
and “elkan”, there seems to be no difference between these
two algorithms.

C-Means (Table 3) seems to fail when colour tried to be
identified had only K CMYK-component, or if density of
ink is low (20%). Otherwise, it works well. Close cluster
seem to make it harder for C-mean algorithm to differen-
tiate cluster, this comes from C-mean nature of being soft
clustering method. In close cluster datapoints have some
grade of belonging to other than its main cluster. Outliers
also impact negatively when C-mean is used. For the best
results fuzziness parameters must be 4.0 or larger. Execution
time although increases if fuzziness parameters is large.

DBSCAN (Table 4) usually recognises three clusters, but
sometimes only two, which makes the whole clustering pro-
cess to fail. In these cases DBSCAN mistakenly identifies
large amount of datapoints as noise, even though they belong
to a cluster. As seen from the table, DBSCAN was experi-
mented with different esp values. DBSCAN fails throughout
the dataset, but especially when intensity of colour is between
40 and 80%.

GMM (Table 5) has very good performance, failures hap-
pen in same images as with the K-means, but not in so many
test cases. Challenge with GMM is that it does not explicitly
model outliers, and noisy data points can influence the cluster
parameters. Different covariance matrixes, which define the
gaussian distributions, were tested. Best options were diago-
nal and full. Full covariance gives components a possibility
to adopt any position and shape individually. When diagonal
is used the In the diagonal covariance, the contour axes align
with the coordinate axes. However, for other orientations, the
eccentricities of components may differ.

BIRCH (Table 6) algorithm manages to solve clustering
better than expect, as dataset is not generally considered hier-
archical. As with other clustering algorithms BIRCH is also
vulnerable when it comes to outliers. Also BIRCH is depend
on data ordering of datapoints, this was not considered in this
research. With the BIRCH methods two different parame-
ters and their values were tested. Threshold value defines the
radius of the which is used to merge samples to subclusters,
and branching factor defines the maximum number of sub-
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Table 6 Results of BIRCH

algorithm Method (parameters) Success rate (%) Runtime (s.)
BIRCH (threshold = 1.0, branching_factor = 50) 78.5 0.285
BIRCH (threshold = 0.5, branching_factor = 50) 81.9 0.344
BIRCH (threshold = 0.25, branching_factor = 50) 85.3 0.351
BIRCH (threshold = 0.25, branching_factor = 100) 84.0 0.354
BIRCH (threshold = 0.25, branching_factor = 25) 83.5 0.41
BIRCH (threshold = 0.1, branching_factor = 50) 85.0 0.38
Table 7 Result§ of hierarchical Method (parameters) Success rate (%) Runtime (s.)
clustering algorithm
Hierarchical (affinity = euclidean, linkage = ward) 97.7 0.537
Hierarchical (affinity = euclidean, linkage = complete) 82.9 0.414
Hierarchical (affinity = euclidean, linkage = average) 92.7 0.468
Hierarchical (affinity = euclidean, linkage = single) 84.2 0.417
Table8 Results of spectral Method (parameters) Success rate (%) Runtime (s.)

clustering algorithm

Spectral (affinity = rbf)

98.1 2.87

Spectral (affinity = nearest_neighbour) - -

Table 9 Results of Meanshift algorithm

Method (parameters) Success rate (%) Runtime (s.)

Meashift (quantile = 0.5) 52 18.3
Meashift (quantile = 0.75) 0 17.5
MeanShift (quantile = 0.4) 5.0 15.6

clusters in each node. Even with the best parameters BIRCH
fails throughout the dataset, especially when colour is green,
or its intensity is 20%

Hierarchical clustering (Table 7) algorithms are sensitive
to noise and outliers, as they can impact the linkage and
structure of clusters, still hierarchical clustering works well.
Distances between datapoints in LAB colour space can easily
be calculated using euclidean distance. Usage of euclidean
distance is used to allocate points into clusters, depend on
their distance. In this research the hierarchical clustering
affinity matrix was constructed using euclidean distance, and
four different options for linkage were used. Ward linkage,
which minimises the variance of the clusters when merged,
performed best. With the hierarchical clustering most prob-
lematic cases are 20% M and 20% C images, and it also fail
sometimes with the green colour.

Nature of the problem does not especially require spectral
cluster (Table 8), sill spectral clustering achieves quite high
success rate. Spectral clustering does not explicitly handle
noisy data points or outliers. Outliers can affect the affinity
matrix and potentially lead to the formation of unwanted
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clusters. When affinity matrix is computed using nearest
neighbours algorithm fails to run. However, when affinity
matrix is constructed using a radial basis function (RBF)
kernel algorithm.

Meanshift (Table 9) algorithm is very slow on given prob-
lem. Larger problem was that Meanshift was not able to
cluster data points correctly. Problems of the Meanshift might
come from incorrect bandwidth value or noisy data, but even
if Meanshift would work correctly it would be very slow in
the problem given. Different quantile sizes were also tested,
but Meanshift still was not able to recognise clusters.

As OPTICS (Table 10) is based on same base core idea
as DBSCAN, it was expected to work in quite similar way.
However, OPTICS was able to achieve only 70% success
rate with best parameters, being also slower than DBSCAN.
OPTICS hierarchical approach still seems to work better than
DBSCAN.

Also, one other algorithm was experimented, Affinity
Propagation, but it failed to perform in the given dataset, all
runs ended to results that no clusters were detected because
affinity propagation did not converge.

The following Fig.7. shows some of the images where
clustering failed in all best algorithms. In the image a) colour
intensity is CMYK(0,0,0,0.6) gray,b) & ¢) (1.0,1.0,0,0) green
and d) (0,0,0.2,0) magenta. In the image colour is dark in
clustering results two main clusters instead of three. In b)
& c¢) ambient lighting is challenging and its too hard for
clustering algorithms to recognise green colour. Finally in
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Table 10 Results of OPTICS

algorithm Method (parameters) Success rate (%) Runtime (s.)
OPTICS (eps = 2.5, min_samples = 25%) 17.7 5.12
OPTICS (eps = 5.0, min_samples = 25%) 70.0 24.12
OPTICS (eps = 10.0, min_samples = 25%) 17.7 5.12

Fig.7 Failed images in
experiment one

o)

Table 11 Results of the second

. Method (parameters)
experiment

10% intensity 5% intensity

C-means (m = 3.0)
K-means
GMM (covariance = full)

hierarchical clustering (affinity=euclidean, linkage=ward)

Spectral clustering (affinity = rbf)

94.8% 83.3%
96.3% 89.3%
92.5% 84.5%
93.4% 84.5%
97.8% 76.2%

the d) image there is lot of noise and print quality is low
which results to incorrect results.

Finally second experiment was done with algorithms
that had best performance, K-means, C-means (m = 3.0),
GMM (covariance = full), hierarchical clustering (affin-
ity=euclidean, linkage=ward), spectral clustering (affinity =
rbf) with a smaller dataset. This dataset contained colours
with ink densities 0%, 5% and 10%, these images were
captured in the same environments as images used in the
first experiment. In total this dataset contained 230 images.
Results of this experiment are shown in the Table 11.

In the second experiment success rate of all algorithms
dropped, but still all of them performed well with over 90%
success rate when colour intensity was 10%. But when inten-
sity dropped to 5% only K-means achieved almost 90%
success rate. Mostly challenges were with magenta and yel-
low colours, some of the images that failed are show in Fig. 8.

Fig.8 Failed images in
experiment two

In this figure images a) and b) have intensity of 10%, c) and
d) have intensity of 5%

5 Conclusion and discussion

Results show that unsupervised clustering methods, K-
means, C-means, GMM, Hierarchical clustering, Spectral
clustering can be used to recognise colour differences in
printed CMYK colours. Especially when difference in ink
density on at least one CMYK channel is 20% or more. In
these cases GMM achieves 99,0 % success rate followed by
Spectral clustering and K-means. These results show that if
high success rate is wanted using ink densities in 20% inter-
vals is good way to go. Best parameter options for methods
are K-means with K-means++ initialisation, C-means with
fuzziness parameter 3.0, GMM with covariance type full,

b) ) d)
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hierarchical clustering with affinity=euclidean and Ward’s
linkage and Spectral clustering with RBF affinity. When ink
levels drop to 10% all algorithms still have success rate over
90%. But when ink levels drop down to only 5% none of the
algorithms achieves over 90% success rate.

The best algorithm based on the results of the both
experiments is K-means which achieves better results than
quite similar C-mean, especially in the second low ink den-
sity experiment. This is because fuzziness of the C-mean
algorithm clusters some datapoints incorrectly when clus-
ter centres are close to each other. Hard clustering which
K-means uses seems to work well in lower ink densi-
ties. Used K-means algorithm uses K-means++ initialisation
method. K-means++ assigns the first centroid randomly,
then selects the rest of the centroids based on the maxi-
mum squared distance. K-means++ initialisation seems to
work well. Incorrect clustering happens also with hierarchi-
cal and spectral clustering, some datapoints are linked into
wrong cluster as they are close outliers or noise datapoints of
other clusters. In this use-case datapoints form dense regions,
which have spherical or elliptical shape, this plays K-means
and GMM’s advantage, but K-means seems to manage out-
liers better than GMM. While spectral clustering also works
well it has challenges when ink density is low, and tries to
form two clusters instead of three.

To get better results from unsupervised clustering some
methods like filtering out datapoints which are outliers could
be used. This would need to be done in a way which
doesn’t destroy datapoints which belong to some clusters, as
there is limited amount of datapoints in images. Also using
some pre-processing techniques, like noise filtering, colour
enchantment and so might improve results. Problem might
be that in this use-case there is very limited amount of data
available for colour enchantment. In this problem it might
be also possible to assign one or two initial locations of cen-
troids (black & white) manually, this might lead into better
results but is left for future research.
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Abstract

Convolutional neural networks (CNNs) have proven to have high accu-
racy in image classification tasks. In recent years, their image classifi-
cation performance has significantly improved. This research compares
several of the most popular CNNs for color classification tasks. The
problem presented is similar but different than the image classification
task. Image classification involves a large amount of high-level feature
information, while color classification involves only low-level information.
This research applies standard versions of each architecture, trains the
model and evaluates its accuracy. The purpose of the CNN is to iden-
tify which color has been printed on the paper. Mobile phone-captured
images are first preprocessed by applying autoleveling, and then the dif-
ference between the color and paper white images is calculated. These
different images are stored as a dataset. The colors used in this research
are CMYK colors, and their intensity differs in the first dataset in 20 %
of the steps. The second dataset uses smaller differences of 10 % and 5
%. Most architectures achieved high accuracy when the colour difference
was 10 % or greater, and DenseNet was able to correctly classify 100 %
of the images. When the colour difference decreased to less than 10 %,
the accuracy of most models decreased significantly. ResNet, as the best
architecture, achieved 95 % accuracy. ResNet only had problems with
very low-intensity magenta and yellow colours. The achieved accuracy is
very high, as differences in images are very subtle. The residual connec-
tions of ResNet, which help the model learn in an incremental way, and
skip connections, which facilitate the reuse of features, allow ResNet to
outperform other architectures. However, ResNet, like many other archi-
tectures, is prone to overfitting. This research provides a baseline for
using CNN colour classification, but more research is needed, especially
regarding the performance of CNNs, for example, via ablation studies.
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Different fine-tuning and optimization methods, as well as more advanced
preprocessing methods, should also be considered in future research.

Keywords: machine vision, colour difference, printed colours, convolutional
neural networks

1 Introduction

Human eyes are sensitive to subtle color differences; for instance, we can dis-
tinguish whether a wall is painted in berry or navy hues. It is commonly
acknowledged that women perceive colors differently than men. This phe-
nomenon has been widely studied; for example, Bimler et al. Bimler et al (2004)
reported that colour differences can carry significant information. IIn indus-
tries such as food and cosmetics, slight color variations can indicate quality,
freshness, or differences in colors, which might raise serious safety concerns.
Color recognition is also a common topic in computer vision research and
development. Typically, color recognition is a part of a larger solution. In these
solutions, computer vision is employed to classify, identify or recognize items.
In addition, colour is a feature that can be used in the process of separa-
tion. The applications of computer vision and color recognition span various
fields, including agriculture (Jhawar (2016),Lamb and Chuah (2018)), object
recognition (Albani et al (2017),Nalinipriya et al (2018)), environmental pro-
tection Zhao et al (2020) medical imagining Zhu et al (2017) and predictive
maintenance Ahmed and Nandi (2021).

Color recognition is also an integral part of the printing industry Luo and
Zhang (2003). With the development of functional inks, colour recognition
has played a role in printing nonelectronic sensors Hakola et al (2021). These
sensors can be applied to fast-moving consumer goods or other product labels,
where sensors react to environmental changes through color alteration Isohanni
(2022). The detection of this color change via computer vision enables these
sensors to function as cost-efficient IoT sensors.

This research focuses on experimenting with some of the most popular con-
volutional neural network (CNN) models in color classification. The results
provide knowledge to researchers and developers interested in employing color
classification in their projects. Such a comparative analysis has not been con-
ducted previously, as color classification is typically studied as part of a larger
recognition task. Notably, there has been very little research on using CNNs
to recognize colors in printed sources. However, CNNs have proven to be pow-
erful tools for various different recognition tasks, leading to improved product
quality and efficiency in various applications.

In this research, popular convolutional neural networks (CNNs) are used
to recognize color differences in printed sources. The research question this
research aims to answer is "How can CNNs be used to recognize small color
differences in printed sources, especially when a low-cost smartphone is used
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as a camera?" The key contributions of this work can be summarized as an
approach to recognizing small color changes in printed sources. This helps when
creating approaches that can be applied across various industries for quality
control, safety, and precision.

This research is structured as follows: Chapter 2 starts with relevant past
research. Chapter 3 contains an overview of the system. Chapter 4 provides an
overview of the convolutional neural networks used and their comparison based
on past research. Section 5 describes the experiments used, and in Section
6, the results of the experiments are shown. Finally, Section 7 discusses the
conclusions of the research.

2 Past research

Color recognition, especially in regard to the recognition of slight color
differences, is not a commonly studied topic. Past research like (Lai and
Westland (2020),Senthilkumar (2010),Wu et al (2019),Vidal-Calleja et al
(2014),Arsenovic et al (2019), Anandhakrishnan and Jaisakthi (2022)) relate
loosely to approach presented in this research. However, they examined
using colors in artificial neural networks in different contexts or as part of
wider object recognition. The development of convolutional neural networks
(CNNs) and their ability to be used in closely related research (Apriyanti
et al (2021),Biiyiikarikan and Ulker (2022), Engilberge et al (2017),Atha
and Jahanshahi (2018a), Boulent et al (2019), Tiwari (2018), Muhammad
et al (2018),Zhang et al (2018), Kagaya et al (2014),Przybylo and Jablonski
(2019)). This research focuses on using CCNs to identify slight color differences.
This research takes input from past research when designing an architecture
proposed for slight color difference recognition.

Closely related past research has developed CNN architectures, which per-
form well in problems related to this research. Past research shows that CNNs
are well suited for color recognition tasks. This is due to the CNN’s ability
to automatically learn hierarchical features from images. CNNs can capture
intricate patterns and variations in color, making them effective at discerning
subtle differences. The capability of a CNN depends on its architecture. One
of the main architectural design-related questions is how wide and/or deep
architecture should be. A wide neural network is characterized by having a sub-
stantial number of neurons within each of its layers. A network is considered
"wider" when there is a greater number of neurons in a given layer. Wider net-
works are employed for tasks demanding extensive feature engineering, such as
image classification and natural language processing. A deep neural network
is characterized by having numerous layers. The greater the number of layers
in a network is, the deeper the network becomes. Deep networks have appli-
cations in tasks that necessitate a high degree of abstraction, such as speech
recognition and predictive analytics.

Some of the closely related research has focused on the inspection of items
or structures via computer vision and the use of CNNs to identify defects.
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These use cases have come from agriculture and civil engineering. Detection
of defects is crucial, for example, in the prediction of structural failures or the
correct time for pest control.

Soukup and Huber-Mork proposed a CNN architecture that had two con-
volutional and pooling layers and a final fully connected layer. They were able
to recognize defects in steel rails, but future research should use deeper CNN .
The findings of Soukup’s and Huber-Mork’s research are similar, as defects
in rails are small, and differences in nondefect and defect images are small.
However, their research used a special setup for image capture. Soukup and
Huber-Mork (2014)

Fuentes et al. researched the use of various CNNs to identify defects in
tomato plants. They used the Faster Region-based Convolutional Neural Net-
work (Faster R-CNN), Region-based Fully Convolutional Network (R-FCN),
and Single Shot Multibox Detector (SSD) together with deep feature extrac-
tors such as VGG net and Residual Network (ResNet). Authors state that in
their case plain networks perform better than deeper networks. Their research
has quite closely the same setup as in this research. Changes in the tomatoes
were slight, and they did not use any special image capture setup. Fuentes
et al (2017)

Zhang et al. proposed the automatic detection of road cracks and did not
use any special image capture setups, such as normal smartphones. Their prob-
lems are quite close to one in this research, as cracks have low contrast with
the surrounding pavement. Their approach used four convolutional layers, five
max-pooling layers, and two fully connected layers. With this approach, they
achieved almost 90% precision. Zhang et al (2019a)

Mohanty et al. used the common CNN architectures AlexNet and
GoogLeNet to identify plant diseases. Their research dataset was collected
by using normal smartphones, and GoogLeNet consistently outperformed
AlexNet. Additionally, their results show that using color images instead of
grayscale images yields better results. Mohanty et al (2016)

Chen and Jahanshahi proposed a deep learning framework based on a con-
volutional neural network (CNN) and a naive Bayes data fusion scheme, called
NB-CNN, to analyse individual video frames for crack detection. Their use
also involves very small and difficult-to-detect changes in metallic surfaces.
Their approach had four convolutional and pooling layers with two fully con-
nected layers. The result of their approach was that 99% of the defects were
recognized successfully. Chen and Jahanshahi (2017)

Kumar et al. used CNNs to identify defects in sewer pipes. The defects
they looked for did not significantly differ from those of pipes under decent
conditions. Their approach had two convolutional layers and two connected
layers. Their approach achieved 86% accuracy. Kumar et al (2018)

Past research has shown that various CNN architectures can be used to
identify slight differences in images. Some of them are very deep. Some of
them are standard architectures, and some of them are specially developed for
certain use cases. As shown in Table 1, past research has used both existing
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Article

CNN architecture

Evaluation of deep learning approaches based on con-
volutional neural networks for corrosion detection Atha
and Jahanshahi (2018b)

VGG, GooglLeNet, ResNet,
AlexNet, ZFNet

Solving Current Limitations of Deep Learning Based
Approaches for Plant Disease Detection Arsenovic et al

AlexNet,

VGG,

Incep-

tion version 3, DenseNet,

(2019) ResNet152

Using convolutional neural network models illumination VGG

estimation according to light colors Biiyiikarikan and

Ulker (2022)

Automated color detection in orchids using color labels VGG16, Inception,

and deep learning Apriyanti et al (2021) Resnet50, Xception, Nas-
net
Deep Learning-Based Crack Damage Detection Using Custom

Convolutional Neural Networks Cha et al (2017)

Convolutional Neural Networks for the Automatic Iden-
tification of Plant Diseases Boulent et al (2019)

ResNet-101,DenseNet-

121,VGG-16,Inception-V3,

SqueezeNet

Color representation in deep neural networks
Engilberge et al (2017)

VGG-19, AlexNet

Rock images classification by using deep convolution  Custom
neural network Cheng and Guo (2017)

Deep Convolutional Neural Networks for image based  Custom
tomato leaf disease detection Anandhakrishnan and

Jaisakthi (2022)

Three-channel convolutional neural networks for veg-  Custom

etable leaf disease recognition Zhang et al (2019a)

Early fire detection using convolutional neural networks
during surveillance for effective disaster management
Muhammad et al (2018)

Custom AlexNet

Using Deep Convolutional Neural Network for oak  CNN-F-16, CNN-F-13,
acorn viability recognition based on color images of CNN-F-9

their sections Przybyto and Jabtonski (2019)

Vehicle color recognition using Multiple-Layer Feature = Custom

Representations of lightweight convolutional neural net-

work Zhang et al (2018)

Color for object recognition: Hue and chroma sensitiv-  AlexNet, VGG-16 and
ity in the deep features of convolutional neural networks VGG-19

Flachot and Gegenfurtner (2021)

Color for object recognition: Hue and chroma sensitiv-  AlexNet, VGG-16 and
ity in the deep features of convolutional neural networks  VGG-19

Flachot and Gegenfurtner (2021)

)

CNNs and custom CNNs. However, there has been very little research on the
use of CNNs to recognize colors in printed sources.
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3 System overview

The process as a whole is described in this section and its subsections. Figure
1 shows the process of creating the final dataset used in the research. Before
splitting the dataset into training and validation datasets, image autoleveling,
extraction of color areas, and calculation of difference images are performed.
The difference image is used in this research because the objective of the
research is to determine whether CNNs can correctly identify colour differences
from paperwhites. The difference image is also feasible for use because the two
areas that are compared can be made equal in size. Another option would be
to merge two color images together. Then, the merged image could be used
as a multichannel input to the convolutional neural network. However, this
could lead to decision-making where individual pixel differences might play an
important role. The use of multichannel images is left for future research.

Original data source Preprocessing Data preparation
| || | I | |
Colour areas Difference
extracted Paper white image
PR Auto-levelled
Original image »
Colour
% {0..n}
80% 20%
Train set Validation set

Fig. 1 Dataset creation process

3.1 Colour dataset

This research uses two datasets. The first dataset is an open dataset that
contains QR codes with different color areas (Figure Isohanni (2023).). The
second dataset is a custom dataset created for this research with the same
approach as the first dataset. Different color areas in QR codes are a) paper-
white, b) 100K black, and c) color. From these are paper-white and black are
used for auto-leveling and paper-white and colour to form the final dataset.
The second dataset is a custom dataset created for this research with the
same approach as the first dataset. The different coloured areas in the QR
codes are a) paper-white, b) 100K black, and c¢) coloured. Paper-white and
black are used for autoleveling, and paper-white and color are used to form the
final dataset. In the first dataset, colors vary in all CMYK colors, combinations,
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and saturations. The ink saturation in these images varies between 20% and
100% in steps of 20%. The second dataset, which was captured only for this
research, extends the first dataset by colors with lower ink saturations of 0%,
5%, and 10%. Examples of the colors in the first dataset are shown in Figure 2.

40Y

20CY 1 20M 1 80Y

— —
Z ’}’ e
. . 7
| )

20CY

Fig. 2 Colour examples, dataset 1.

Images in both datasets were captured with two standard mobile devices
(different versions of the iPhone) in normal living/office ambient light envi-
ronments. In practice, this means that in the dataset, images with different
colour temperatures, ambient light and images have been captured from dif-
ferent distances and with different camera settings. The purpose of the dataset
is to reflect various situations that might arise every day. The different colours
are grouped into folders, where the folder names define the colour combination
and saturation of the coloured areas.

As can be seen from the dataset one (Figure 2), all colours are quite clear.
However, it can be seen that the samples were printed with a laserjet, as stripes
typical of laser printing appear when camera autofocus is used in a specific
setting.

In the Figure 3, colour differences are no longer clear. Camera settings,
such as autobalancing and adapting to capture the environment, easily destroy
some of the small colour difference information while improving the overall
image. Yellow colour information (5Y and 10Y) is sometimes almost destroyed.
This can be expected to make classification of images very challenging.
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Fig. 3 Colour examples, dataset 2.

3.2 Preprocessing

Preprocessing of the images in the dataset is performed by identifying the
darkest and whitest areas, marked with red and green rectangles in the image
(Figure 4. red rectangle), and the color area (Figure 4. yellow rectangle).
These areas work as input for autocontrast. Auto-contrast is a mapping func-
tion that stretches the pixel intensities in the image to cover the entire range.
In the case of RGB images, this range is [0 ... 255] on each channel. The dark-
est areas will be mapped to the minimum intensity value (e.g. 0). The whitest
areas will be mapped to the maximum intensity value (e.g. 255). Taylor (2003)
Output image b) in Figure 4, is expected to have improved contrast and color
balance. Auto contrast adjustment is calculated with the following equation:

I'= =ton 255,

where I, is the brightness value in the image and I, is the darkest
value in the image.

Preprocessing of the whole image is concluded with Gaussian blurring of the
image to eliminate noise. Gaussian blurring is performed by applying a Gaus-
sian filter to the image; this is a convolution operation involving a Gaussian
kernel. In this research, the kernel used is 5x5 pixels in size. This makes edges
and fine details less pronounced. These edges especially appear in laser-printed
images. Chauhan (2018)

After blurring two areas are extracted from the image, the white area
(Figure 4. red rectangle) and the color area (Figure 4. green rectangle). These
color areas are resized to 256 x 256 px so that their size is close to the size used
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a)

Fig. 4 Different colour areas of the QR-Code and results of the auto-levelling.

by CNNs as input. Then, as the last step, the difference image between white
and colour is calculated. The difference image is calculated pixel by pixel. The
formula for calculating the difference image is:
D(a,y) = [1(z,y) — 12(x.y)|

where D(x,y) represents the difference value for the pixel at position (x, y)
in the difference image. I1(x,y) is the color value of the pixel at position (x,
y) in the first RGB image. I2(x,y) is the color value of the pixel at position
(%, y) in the second RGB image. The absolute value is used to ensure that
the difference is a positive value, as the actual difference could be negative if
I1(z,y) is smaller than I2(x,y). Taking the absolute value ensures that the
final image reflects the magnitude of the difference, not its direction.

This difference image is stored as an RGB image in a folder, where the
folder name represents the label of the image.

3.3 Transfer learning

As this research has two different datasets, which are both quite similar but
the classes represent different colors, the CNN is first trained with the larger
dataset. Then, the knowledge is transferred to a smaller model and trained
with a smaller dataset.

Transfer learning (Figure 5) is a pivotal technique that leverages preexist-
ing knowledge to enhance the performance of deep learning models. Transfer
learning involves reusing neural network architectures and their learned rep-
resentations from one task and adapting them for a new, related task. This
process significantly reduces the need for extensive labelled data and extensive
training resources. Pan and Yang (2009)

Computer vision tasks, such as image classification and object detection,
often demand large datasets and significant computational power for training
deep neural networks from scratch. Transfer learning mitigates these chal-
lenges by allowing training to start from pretrained models. These models
learn features from larger, usually closely related datasets. Some past studies
that have successfully used transfer learning in computer vision-related tasks
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include those by Ravishankar et al (2016), Wu et al (2018), Varde et al (2023)
and Kentsch et al (2020).

The keys to successful transfer learning lies in choosing the appropriate
pretrained model and understanding how to adapt it effectively. Challenges
regarding the use of transfer learning are related to negative transfers Brodzicki
et al (2020). Negative transfer can occur, for example, if the source and target
domains are too dissimilar, if the source data are biased or unrepresentative
of the target data, or if the representation learned in the source task may not
be suitable for the target task. Li et al (2022)

% e Learning task 1

Dataset 1

Knowledge

A 4
Iﬁ — p | Learningtask2 [ ————p Final knowledge

Dataset 2

Fig. 5 Example of transfer learning, adopted from Pan and Yang (2009)

4 Used CNN architectures

Convolutional neural networks (CNNs) are a class of deep learning models
designed for processing structured grid data. All CNNs are built from the
same elements, convolutional layers, activation functions, pooling operations,
flattening.

The core building block of a CNN is the convolutional layer. Convolutional
operations involve sliding a set of filters (kernels) over the input data, extract-
ing local features, and creating feature maps. These layers capture hierarchical
features through the network. Alzubaidi et al (2021)

Different activation functions have been developed as part of CNN research.
Currently, nonlinear activations, such as rectified linear units (ReLUs), are the
most efficient. They are applied after convolutional operations to introduce
nonlinearity and enable the model to learn complex patterns. Alzubaidi et al
(2021)

Pooling layers (e.g., max pooling) downsample the spatial dimensions
of the feature maps, reducing computational complexity and providing a
form of translation invariance. Pooling layers help retain the most important
information while discarding less relevant details. Alzubaidi et al (2021)
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After the convolutional and pooling layers, the spatial information is flat-
tened into a vector, and fully connected layers are employed. These layers
connect every neuron to every neuron in the subsequent layer, enabling the
model to learn high-level abstractions. Alzubaidi et al (2021)

The different CNNs that have been developed in the following subsections
provide an overview of the most important ones in relation to this research.

4.1 AlexNet and ZFNet

AlexNet (Figure 6) is a large, deep convolutional neural network. It has 60
million parameters and 500,000 neurons. The architecture of AlexNet consists
of five convolutional layers. Some of the convolutional layers are followed by
maxpooling layers, and finally, the architecture ends with a 1000-way softmax
layer. AlexNet uses a regularization method to reduce overfitting. ZFNet is an
improved version of AlexNet. ZFNet adjusts the filter sizes using smaller filters
(7x7 for the first layer and 3x3 for the subsequent layers). This modification
alms to capture finer details in the images. The larger stride of ZFNet in the
first layer helps reduce the spatial dimensions more quickly. Krizhevsky et al
(2017); Zeiler and Fergus (2014)

Input data Convl Conv2 Conv3 Conv4 Convs FC6 FC7 FC8

/1
-ﬁ _I 1
13x 13 x 384 13>< 13 x 384 13% 13 X 256
27x 27 X 256

55% 55 X 96
L] L 2000
227% 227 X3 4096 4096

Fig. 6 AlexNet architecture Han et al (2017).

4.2 VGG

VGG (Visual Geometry Group), presented in Figure 7 has 16-19 layers. VGG
is a convolutional neural network (CNN) architecture designed for image clas-
sification tasks. It was developed by researchers at the University of Oxford’s
Visual Geometry Group. VGGs come in different versions with varying depths.
For example, VGG16 has 16 layers, and VGG19 has 19 layers. The number
represents how deep the network is. More layers can capture more complex
features but require more computations. Simonyan and Zisserman (2014) One
of the key features of VGG is its simplicity and depth. Unlike some other CNN
architectures, VGG uses a straightforward structure.
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Fig. 7 VGG architecture Paul et al (2020).

4.3 ResNet

ResNet (Residual Network (Figure 8)) iis a 152-layer architecture that has
been developed to maximize network depth while limiting complexity. ResNet
introduces "residual blocks," which allow information to bypass one or more
layers, creating shortcut connections. These connections help gradient flow
more effectively during training, enabling the training of extremely deep net-
works. He et al (2016). Being a very deep network, ResNet outperforms many
networks, but it might be complex to train and use considerable amounts of
memory.

(x3) (x4) (x6) (x3)

INPUT
FRAMES

PREDICTED
SUBJECT

7x7 conv, 64 stride 2
ma»ipool
1x1 conv, 64
3x3 conv, 64
1x1 conv, 256
1x1 conv, 128
3x3 conv, 128
1x1 conv, 512
Y
1x1 conv, 256
3x3 conv, 256
1x1conv, 1024
1x1 conv, 512
3x3 conv, 512
1x1 conv, 2048
avgioo\

77 fe, softmax

Fig. 8 ResNet architecture He et al (2016)

4.4 GoogLeNet

GoogLeNet (Figure 9) is a deep convolutional neural network (CNN) archi-
tecture with 22 layers. It is known for its efficiency and performance in image
recognition tasks. The key innovation in GoogleNet is the use of "Incep-
tion modules," which are blocks of layers that perform multiple types of
convolutions simultaneously, allowing the network to capture diverse features
at different scales. This architecture helps reduce computational complex-
ity while maintaining high accuracy. Szegedy et al (2015) The strength of
the GoogLeNet is that it has increased depth and width without sacrificing
computational efficiency.

4.5 DenseNet

DenseNet (Figure 10), or Densely Connected Convolutional Network, is a deep
learning architecture that maximizes information flow between layers. Unlike
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Fig. 9 Simplified GoogLeNet Kishore and Singh (2015)

traditional networks, DenseNet connects each layer to every other layer in a
dense manner. This dense connectivity enables efficient feature reuse and gra-
dient propagation, resulting in highly efficient and accurate models with fewer
parameters. used in a comparison experiment to evaluate different training
strategies. Zhu and Newsam (2017)

Input
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Dense Layer
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Fig. 10 DenseNet architecture Kim and Jang (2023)

4.6 EfficientNet

The EfficientNet (Figure 11) models are designed to achieve state-of-the-art
performance in terms of accuracy while being computationally efficient, making
them suitable for a wide range of applications, including devices with limited
resources. EfficientNetB1, which is used in this research, specifically represents
the baseline model in the EfficientNet series, with a balance between model size
and performance. The "B1" indicates its relative scale within the EfficientNet
family; larger variants, denoted by B2, B3, etc.,etc., have more parameters
and are computationally more demanding but may offer improved accuracy.
EfficientNet architectures are characterized by a compound scaling approach,
where the model’s depth, width, and resolution are scaled together to find an
optimal balance. This scaling strategy allows EfficientNet models to achieve
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better performance than traditional architectures with similar computational
costs. Tan and Le (2019)
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Fig. 11 EfficientNet architecture Ahmed and Sabab (2022)

4.7 Comparison of the algorithms

Summary of used architectures, their layers, and amount of trainable param-
eters is show in the Table 2.

Table 2 Summary of used CCN architectures

Architecture Year Depth Layers Trainable Param.
AlexNet 2012 Deep 8 ~60 million
VGG-16 2014  Very Deep 16-19 ~138 million

GoogLeNet 2014 Deep 22 ~6.7 million
ResNet 2015  Very Deep 50-152 ~25.6 million
ZFNet 2013 Deep 8 ~62 million

DenseNet 2017  Very Deep  121-169 ~28.9 million
EfficientNetB1 2019  Very Deep ~66 ~7 million

Based on past research, several popular CNN architectures have been com-
pared to each other. These results offer some indications and guidelines for
this research.

Naseer et al. demonstrated that AlexNet outperforms LeNet, AlexNet,
VGG16, ResNet-50, and Inception-V1 in the detection of lung cancer (LUNA16
dataset). The lung cancer dataset contains CT scan images with different
shapes and colors that show whether the patient has lung cancer. Addition-
ally, Naseer et al. showed that in their dataset, AlexNet works best when the
SGD optimizer is used. Naseer et al (2022)

Neris et al. compared the ResNet50, AlexNet, VGG19, MobileNet, and
DenseNet architectures on three different datasets, namely, the MASATI
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dataset and the airplances dataset. The MobileNet and AlexNet architectures
achieved the best performances on the MASATI dataset. On the airplane
dataset, ResNet was the best architecture. Neris et al (2021)

Saikiaa et al. tested the performance of VGG16, VGG19, ResNet-50, and
GoogLeNet-V3 on FNAC cell sample images. Their approach used only one
channel, red, and thresholding methods to eliminate noise in images. In their
research, fine-tuned GoogLeNet performed best. Saikia et al (2019)

In their research, Ahad et al. compared different CNNs for rice disease
classification. Their use case is quite close to one that relates to this research.
Rice leaves are colored mostly green, but diseases are shown as different colors
in leaves, for example, brown or yellow areas. Ahad et al. used DenseNet121,
Inceptionv3, MobileNetV2, ResNet101, ResNet152V, ResNet101, and Xception
CNNs. Most of the models had over 95% accuracy. Ahad et al (2023)

The methods used by Maeda-Gutiérrez et al. were quite similar to those
used by Ahad et al., as they focused on tomato leaves. They used AlexNet,
GoogleNet, InceptionV3, ResNet18, and ResNet50. All the CNNs used had an
accuracy of more than 98%, and GoogleNet was the best. Maeda-Gutiérrez
et al (2020)

The performances of 21 different CNN architectures for detecting COVID-
19 were evaluated byt Breve. In his research, he used a dataset that contained
chest X-ray images. In some of the classification cases, the difference between
positive and negative classifications was small. He showed that DenseNet169
outperformed other CNNs. Breve (2022)

Bressem et al. also used chest radiographs as their dataset. They used five
different architectures, ResNet, DenseNet, VGG, SqueezeNet, Inception v4,
and AlexNet, to classify images. Interestingly, shallow networks can compete
with deeper and more complex CNNs. Specifically, they showed that eight-
layer AlexNet can achieve the same results as 121-layer DenseNet. Bressem
et al (2020)

Based on the results of past research, it can be expected that CNN architec-
tures will perform quite equally in this use case. The deep architecture might
not have better performance than the shallow architecture, but training the
deep architecture requires more time and memory. Past research has shown
that AlexNet, GoogLeNet, and DenseNet perform well in classification tasks
that are closely related to the datasets used in this research.

5 Experiments

The experiments were run first with all the architectures mentioned in the
previous chapters. For training, 30 epochs were used, and the total training
time was measured when the training process was run with an Apple M2
processor, which had 8 cores and a total RAM of 16 Gt.

Only standard versions of each archicture were used, and optimizations
regarding hyperparameters, such as momentum, learning rate, and batch size,
were not used. The purpose of the experiments was to determine which of
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the architectures provides the best baseline for further development. Only the
needed top layers were changed to match the number of labels.

Data augmentation was used to extend the training set, and the parameters
for the augmentation were as follows:

- Rotation of each image by 90 degrees
- Width shift = 0.2, the image is shifted by 0.2 fraction in horizontal directions
- Height shift = 0.2, the image is shifted by 0.2 fraction in vertical direction
- Shear range = 0.2, shears is a transformation where the image is skewed,
the left edge of the image is moved up, and the right edge down.
- Zoom range = 0.2, the image is zoomed out so the image is only 20% as
large as the input
- Horizontal flip, the image is flipped by its horizontal axis
- Vertical flip, the image is flipped by its vertical axis

Each CNN was trained in the first experiment with 80% of the images
in the dataset, and 20% of the images were used for the validation. In total,
5051 images were used for training, and 1249 were used for validation. In the
second experiment, the split between the training and validation sets was kept
the same, totaling 1488 images belonging to the training set and 372 to the
validation set.

All CNN models were compiled with the cross-entropy loss function and
Adam optimizer. Research on other compiling options was excluded from the
scope of this research. Cross-entropy is commonly used as a loss function in
classification tasks. Its goal is to minimize the cross-entropy between the pre-
dicted probabilities and the true labels. In practice, this means that during
the experiments, cross-entropy yields different values depending on how many
of the images are correctly classified into the correct class Shore and Johnson
(1981). In total, dataset one had 25 classes, and dataset two had 11 classes.

Experiments were run for both datasets: a) larger color differences and b)
datasets with smaller differences. For the latter dataset, transfer learning was
used. For transfer learning, the first training process was used as a pretrained
model; this model contains the weights and biases from the first dataset. The
model was customized by setting the trainable property of the model to false,
which prevents the weights in nontrainable layers from being updated. Then,
the top layers and fully connected layers were changed to matched classes in
a later dataset.

Performance of the each model was evaluated with the following metrics.

- Accuracy, ratio of correctly predicted instances to the total instances:

NumberofCorrectPredictions
Total Numberof Predictions
Accuracy was calculated for the whole architecture and used as the main
metric when architures were compared. Additionally, a confusion matrix was
created for a detailed breakdown of correct and incorrect predictions for each
class in a classification problem. From the confusion matrix, further metrics
were derived:

Accuracy =
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- Precision (Positive Predictive Value): The ratio of correctly predicted
positive observations to the total predicted positives.

TP

TP+ FP
- Recall (Sensitivity or True Positive Rate): The ratio of correctly predicted
positive observations to all actual positives.

Precision =

TP

Recall = m—m

- Definition, the weighted average of precision and recall, providing a
balance between the two metrics.

Fl— 2 x Precision * Recall B 2xTP
~ Precision + Recall ~ 2+xTP + FP+ FN

Where TP is True Positives, FP is False Positives, FN is False Negatives
and TN is True Negatives.

Recall, definition and F1-score were mostly used to analyze performance in
more detail and to find out where each architecture makes mistakes or work
well.

6 Results

This section shows the results of experiments performed for both datasets.

6.1 First dataset

Experiment 1 was conducted on a dataset with large colour differences. For this
experiment, all architectures were used. The following table shows the total
accuracy of each architecture. The accuracy is the final validation accuracy of
the models achieved after 30 epochs of training.

Table 3 Results of first experiment

|| Architecture avg. train time / epoch (s.)  Accuracy ||

DenseNet 690s. 1.00
ResNet 626s. 0.98
VGG-16 570s. 0.97
AlexNet 110s. 0.93
EfficientNetB1 359s. 0.90
ZFNet 340s. 0.88
GoogLeNet 1639s. 0.87
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All the architectures achieve high accuracy. This means that all of them are
suitable for color difference recognition in the first dataset, where color differ-
ences are larger. The results show that very deep networks perform better than
deep networks. Most of these networks have a large number of layers, except
for AlexNet, which has only eight layers. This is also the case for the number
of epochs, for which AlexNet is the fastest to train. Based on the DenseNet
experiment, RseNet, VGG-16 and AlexNet seem to be able to classify colours
well, as they reach accuracies greater than 95%. All of these architectures have
their own approach to creating the CNN architecture, but as seen from the
following images, they can reach 100% or close accuracy during the training
process. The best four architectures respond quite well to the training process,
as shown in Figure 12, where their training and validation process evolution
is shown.
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Fig. 12 Training and validation results of best architectures

From the confusion matrixes, several conclusions can be drawn. The best
architecture, DenseNet, classifies all the images correctly. Figure 13 shows the
confusion caused by other architectures that achieved high accuracy. ResNet
confuses shades of magenta and cyan in some cases. VGG-16 sometimes has
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problems when classifying yellow shades. AlexNet mostly recognizes all classes
well; some dark shades of gray are mixed, and magenta is sometimes recognized
as black. Some examples of confusion are shown in the following Figure 13.

AlexNet confusions VGG-16 confusions ResNet confusions
| |
<+——>r <+“—> <+—>
60% K 80% K 20% C 40% Y 60% M 80% M
|
<4+—> <+—>r
60% M 80% M 20%Y 40%Y 20% C

Fig. 13 Some confusion made by best models

The first experiment yielded promising results in which selected CNNs
could be used in the given use case to recognize colour differences. These differ-
ences are quite significant in dataset one; further experiments were performed
with dataset two, where the differences are smaller. In the first dataset, there
seems to be no indication of overfitting of the model.

6.2 Second dataset

For the second experiment, the four best CNN architectures were used; these
CNNs obtained their weights and biases from the first dataset through transfer
learning. In the second experiment, the same training and validation process
was used. The Table 4 summarizes the time used per epoch and the final
accuracy of the models.

Table 4 Results of the second experiment

|| CNN avg train time / epoch (s.)  Accuracy ||
VGG-16 690s. 0.34
ALEXNET 13s. 0.47
DENSENET 201s. 0.77
RESNET 725s. 0.95

The result of the evolution of the model training process is shown in the
following Figure 14

AlexNet benefits from the use of more epochs; its training accuracy
improves over time, and the training loss decreases, although it seems to settle
in the final epoch. Overall, the performance of AlexNet decreases significantly
on the second dataset. The training and validation accuracies follow each other,
so the model learns throughout the process, which also supports the use of
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Training and Validation Accuracy Training and Validation Loss Training and Validation Accuracy Training and Validation Loss

— Talning Loss
to

W1 \

AlexNet EfficientNet
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Fig. 14 Training and validation results of second experiment

more epochs. The training accuracy of VGG-16 improves throughout the train-
ing process but not substantially (0.2... 0.3), while its training loss decreases
when the model does not learn well enough. Even with more epochs, VGG-16
will not reach as high accuracy as better models. Additionally, validation loss
seems not to follow training loss. DenseNet is the most accurate of all archi-
tectures in the second experiment. The model learns from the data throughout
the process, and its training accuracy improves. However, although the vali-
dation accuracy increases, it behaves unpredictably. Additionally, the model
validation loss does not decrease after the first epochs. As the best model,
DenseNet might be the best model for use in the presented use case. ResNet
achieves high accuracy in the first epochs, which shows that transfer learning
works well. The accuracy of the model does not improve much after ten epochs,
and the training loss seems to stabilize before ten epochs. This indicates that
ResNet is prone to overfitting, the solution for this could be to implement early
stopping.

According to the confusion matrix and further investigation of the per class
performance of the models (Tables 5 and 6), most of the models can classify
items correctly if there is no color presented (class = 0) or when there is at
least 10% intensity of some color. However, when there is only 5% intensity
different classes are confused.
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Table 5 AlexNet and VGG-16 results from second experiment

AlexNet VGG-16
Class precision  recall fl-score precision recall fl-score ||
0 0.00 0.00 0.00 0.48 0.90 0.63
10C 1.00 1.00 1.00 0.19 0.75 0.30
10CY 1.00 0.81 0.89 0.04 0.02 0.02
10K 1.00 1.00 1.00 0.71 0.05 0.10
10M 1.00 0.50 0.67 0.00 0.00 0.00
10Y 0.00 0.00 0.00 0.30 0.42 0.35
5C 0.20 1.00 0.33 0.00 0.00 0.00
5CY 0.00 0.00 0.00 1.00 0.60 0.75
5K 0.60 0.67 0.63 1.00 1.00 1.00
5M 0.00 0.00 0.00 1.00 0.04 0.08
5Y 0.00 0.00 0.00 0.00 0.00 0.00

Table 6 DenseNet and ResNet results from second experiment

DenseNet ResNet
Class  precision recall fl-score precision recall fl-score ||
0 0.33 0.50 0.40 1.00 0.89 0.94
10C 1.00 0.44 0.62 1.00 1.00 1.00
10CY  1.00 1.00 1.00 1.00 1.00 1.00
10K 1.00 1.00 1.00 1.00 1.00 1.00
10M 1.00 1.00 1.00 0.71 1.00 0.83
10Y 1.00 1.00 1.00 1.00 1.00 1.00
5C 1.00 0.67 0.80 1.00 1.00 1.00
5CY 0.69 1.00 0.82 1.00 1.00 1.00
5K 1.00 0.89 0.94 1.00 1.00 1.00
5M 0.38 0.33 0.35 0.97 0.46 0.62
5Y 0.50 0.67 0.57 0.86 1.00 0.92

Based on the results presented, the best accuracy can be achieved with
the ResNet architecture, which had the best performance in both experiments.
ResNet can accurately classify all colors other than very low-intensity yellow
and magenta. The mistakes that ResNet makes are that 5% of the images are
classified as magenta, while 10% are classified as magenta, and vice versa. Addi-
tionally, 5% yellow, which is quite challenging for the human eye to recognize,
is classified as paper white.

7 Discussion

All the selected CNNs proved that they can be used for the recognition of color
differences, especially those with large intensity differences (>10%). When
the color difference decreases to only 5% or 10% (Figure 15) in some CMYK
channels, most architectures struggle to classify images correctly.

The results show that different CNN architectures can be used for color
difference recognition. Even worse, GoogLeNet achieved an accuracy of 88% in
the first experiment. Deeper CNNs can usually identify more complex features,
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5% M 5%Y 5% CY 5% C 0%

Fig. 15 Examples of small colour differences

but they are more difficult to train. Wider networks can capture more fine-
grained features, but they have difficulties with high-level features. Tan and
Le (2019)

In this use case, it is interesting that the depth of the network and the
number of parameters are directly correlated with the accuracy of the net-
work when the colour difference is large. All the very deep networks manage
experiment one well, except for EfficientNetB1.

When the color differences decrease, the background noise from the paper
and printer also becomes more significant. Another issue is that when images go
through autoleveling, which should improve the colors of the image and make
the model more generalized for different ambient light conditions, different
colors close to paper-white might lose some important color information. In
this experiment, only one of the models achieved an accuracy greater than
90% when the color difference was less than 5%. The best of the architectures
was ResNet, with 95% accuracy. Most of the architectures were able to classify
images correctly if the difference was 10%, but when the difference decreased
to 5%, all architectures had problems. This research did not use K-fold cross-
validation for validating the performance of the model, and the use of K-fold
cross-validation should help to increase the reliability of the results obtained
by Wong and Yeh (2019).

The best two architectures, ResNet and DenseNet, use an approach that
connects layers not only to the previous and following layers. However, they
have either a dense connection (DenseNet) where the architecture connects
each layer to other layers separately in a feed-forward manner Zhu and Qiu
(2021).For example, in ResNet, the architecture allows data to flow from other
layers directly to the subsequent layers Zhang et al (2019b). These connectivity
types seem to make a large difference in performance when the model is trying
to classify items based on small differences.

Similar research performed in the past showed improved results when CNNs
were used. In agriculture, Kumar et al. used the KNN algorithm to identify
three colours (yellow, blue and green) in their research. They stated that KNN
was the best method for machine learning colour classification Kumar et al
(2022). In addition to artificial neural network (ANN) classifiers and support
vector machine (SVM) classifiers, KNN was also used in research by Kurtulmus
et al., who reported problems with fruit colors that were close to each other
and could not reach an accuracy greater than 90%. Kurtulmus et al (2014)
Aznan et al. also used ANNs to classify rice seeds; however, with 40 hidden
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neuron models, they reached an accuracy of only approximately 70% Aznan
et al (2017). The results presented in Kumar et al., Kurtulmus et al. and Aznan
et al. not only show that various approaches can reach high accuracy in colour
classification but also that none of them use convolutional neural networks.
Based on the results presented in this research, convolutional neural networks
might be used to achieve better results in agriculture and food production
when items are classified based on their colors. In the context of clothes sorting,
Furferi and Governi presented a method using a self-organizing feature map
(SOFM) and a feed-forward backpropagation artificial neural network (FFBP
ANN)-based approach to classify clothes into 85 classes. Their research was
quite old but already showed only 5% mean error; they had problems mainly
with beige and brown colours, which the ResNet approach presented in this
research might overcome. Furferi and Governi (2008)

8 Conclusion

This research focuses on solving the following question: can convolutional neu-
ral networks be used to recognize small color differences in printed sources?
Source data for the project contained various images, which stored different
information between paper white and source color. The colors used varied
among the different CMYK colors and intensities. The smallest intensity dif-
ference used was 5%. The nature of the problem is prone to overfitting, and
the images that were used contain only the difference between color and paper-
white, not actual high-level features; noise and small changes in images make
the used models easily nongeneric. This makes it challenging for CNN models
to learn from the data. When CNNs are compared in this research, mak-
ing CNNs deeper or wider does not guarantee automatically better results.
The results of the research show that the ResNet architecture can be used to
identify small color differences. The difference between ResNet and other archi-
tectures is that ResNet implements residual connections. These connections
enable the network to learn residual functions rather than directly learning the
desired underlying mapping. In practice, this means that each layer can focus
on learning the incremental changes needed to transform the input. The skip
connections in ResNets facilitate the reuse of features from earlier layers in
the network. This is advantageous for recognizing small differences because it
allows the network to preserve and leverage low-level features that may be rele-
vant for distinguishing between similar classes or categories in the data. As the
best architecture, ResNet achieved 95% accuracy in the small difference exper-
iment, but when the colour difference was larger (over 10%), ResNet’s accuracy
was 100%. Further research should be conducted with different ResNet mod-
ifications and versions, as well as with different training parameters (such as
different optimizers). However, more research on improving the source data is
needed. This can be seen especially in low-intensity images, where the color
information is destroyed by noise, preprocessing, or camera settings. This
research would also make the solution more generic. Future research could
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address this problem through ablation study and look into more detailed
explanation of why different architectures work Sheikholeslami (2019).
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Customised ResNet architecture for subtle color classification
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ABSTRACT

This study addresses the challenge of recognizing subtle color differences, a problem critical to applications
in fields such as healthcare, food production, and civil engineering. Specially research focusses on printed
colors. The research evaluates multiple ResNet architectures, including ResNet-18, ResNet-34, and ResNet-50,
to identify the most effective model for this task. Modifications to the ResNet-34 architecture are proposed,
such as replacing average pooling with global max pooling and introducing max pooling layers within residual
blocks, to enhance feature extraction and classification accuracy. The models were validated using a K-fold
cross-validation, which confirms the effectiveness of the proposed approaches. The findings demonstrate the
potential of these modifications to achieve high classification accuracy, showcasing their adaptability to real
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world scenarios. However, limitations such as the use of a specific dataset and the type of printer highlight the
need for further research to generalize the approach across diverse datasets and conditions.

1. Introduction

ResNet (Residual neural network) by He et al. is a deep learn-
ing architecture for image classification and computer vision tasks.
Unlike traditional convolutional neural networks (CNNs), ResNet
uses skip connections. These connections allow the neural net-
work to learn efficiently through residual mappings. Before ResNet
was published, deep networks had mechanisms which attempted to
directly approximate the underlying mapping. ResNet architecture
presented learning by residuals, the difference between the input and
output of a given layer [1-3].

ResNet architecture emerged as an advance in deep learning,
addressing critical challenges associated with training very deep neu-
ral networks. By introducing skip connections, ResNet mitigates the
vanishing gradient problem, enabling effective training of networks
with hundreds or even thousands of layers. This not only improves
the flow of gradients during backpropagation but also enhances the
reuse of features across layers, leading to better representation learn-
ing [4, 5]. ResNet’s ability to capture fine-grained details and subtle
variations in data makes it a good choice for numerous computer
vision applications, including image classification, object detection,
and feature extraction. During the year 2024 over 41 000 articles
mentioning ResNet were published, according to Google Scholar
search.

ResNet architecture adds shortcuts (skip connections) every two
layers. This enables the layers of residual networks to learn from
residual mappings, this learning helps in representing identity map-
pings, and finally prevents networks from degradation as depth
increases. The novelty of adding shortcuts every two layers is cru-
cial, as previous research has shown that using skip connections on
every or every third layer does not achieve the same performance [6].

The innovation of ResNet has sparked research around its
approach, and there have been interest in modifying, extending, and
adapting the ResNet architecture. Targ et al. presented an approach
that adds convolutional layers and data paths to each layer [7]. Wide
Residual Networks is a version of ResNet invented by Zagoruyko and

Komodakis in their research where they showed the importance of
residual blocks. Wide residual networks can outperform deep net-
works in some use cases, and their computational cost is lower [8].
Li and He explained how identity shortcut connections solve gradi-
ent fading problems and proposed adjustable shortcut connections.
The authors stated that identity mappings are not reasonable to be
adopted for all layer parameters [9]. HS-ResNet, an approach pro-
posed by Yuam et al., implements a plug-and-play block that can be
added to existing networks. HS-ResNet implements hierarchical split
and concatenate connections within one single residual block [10].
Targ et al. came up in their research with ResNet in ResNet (RiR),
RiR has a deep dual-stream architecture that generalizes ResNet and
optimizes ResNet performance [10]. Stable ResNet by Hayou et al.
addressed the problem of an exploding gradient which can occur
if ResNet becomes very deep. Their approach looks to stabilize the
gradient [11]. Another version, CO-ResNet was proposed by Bharati
et al. Their model was optimized to detect COVID-19 in X-ray
images. The authors mostly focused on hyperparameter tuning [12].

The popularity and good performance of the ResNet architec-
ture have resulted in not only modified approaches, but also different
depth variations of the ResNet. These variations are named based on
how deep they are; for example, ResNet-18 has 18 neural network lay-
ers. Different versions of ResNet are, for example, ResNet-18, ResNet-
34, ResNet-50, ResNet-101, ResNet-110, ResNet-152, ResNet-164,
and ResNet-1202. These variations and their performance are evalu-
ated in the first experiments of this research.

ResNet and its different versions have proven that the ResNet
capabilities are useful in image classification tasks in many different
use cases [13-19]. In one recent research, ResNet was used to clas-
sify different printed colors, in this use case ResNet achieved a high
accuracy of 95% even when the CMYK color intensity was only 5%
in some of the color channels.

The recognition of small color differences is not a commonly
studied topic, but it is closely related to the development of func-
tional inks. These inks are used in the packaging industry and can
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be used as sensors for environmental values such as temperature or
humidity. This is possible as functional inks change color according
to their exposure to the variables [20].

In this research, ResNet variations are explored to see which
of them can best classify subtle color differences. The best ResNet
variation is selected for further fine-tuning to find out if it can be
modified for optimized accuracy. Fine-tuning includes changing the
architecture based on findings of the past research.

This article makes contributions to the optimization of ResNet
architectures for addressing the challenge of detecting subtle color
differences in printed sources, a task with significant implications
in various applications. The study examines multiple ResNet mod-
els, including ResNet-18, ResNet-34, and ResNet-50, to identify a
baseline architecture suitable for fine-grained color classification.
Based on this foundation, modifications are proposed to the ResNet-
34 architecture, focusing on adjustments to pooling strategies and
feature extraction within residual blocks. The approach presented
highlights the adaptability of ResNet architectures to subtle color
classification tasks and underscores the potential of targeted archi-
tectural modifications to improve their performance. The findings
can be used in various applications in sectors such as civil engi-
neering, food production, and healthcare care, where precise color
differentiation is needed.

This research is structured as follows. Section 2. contains an
overview of the past research. Section 3. describes the methods and
materials used, including the dataset, ResNet architecture, and other
methods related to this research Section 4. describes the experi-
ments used and their results. Section 5. discusses the results and
provides information for future research. Section 6. goes trough the
conclusions of the research.

2. Related past research

ResNet has been used to solve various problems in the past; some
of the previous research uses different ResNet depth variations and
applies them to specific use cases. Some past research adapts and
modifies ResNet in various ways. This section summarizes some of
the most relevant work done around ResNet in the past.

Sarwinda et al. used ResNet in the detection of colorectal cancer,
experimenting with ResNet-50 and ResNet-18. All of their images
were pre-processed with the contrast enhancement CLAHE method
before making the dataset. In this research ResNet-18 reached an
accuracy of 85% and ResNet-50 88% [14].

Subrataio et al. tuned the ResNet-101 hyperparameters to create a
CO-ResNet model. This model was used to classify COVID-19 and
pneumonia X-ray images. Their detection rate was 98.74% in cases of
COVID-19, 92.08% and 91.32% in cases of normal and pneumonia.
They also tested ResNet-152 which did not reach 90% accuracy [12].

Almoosawi and Khudeyer based their approach on ResNet-34
when they researched the identification of diabetic retinopathy. In
their image dataset, the differences are quite small as in the research
presented in this research. The F1-score of their solution was 93.2%.
The F1-score is a combination of precision and recall, providing a
balance between the two [21].

Yu et al. research recognition of early-stage breast cancer using the
ResNet-50 architecture. In this research, SCDA (Scaling and Contrast
Limited Adaptive Histogram Equalisation Data Augmentation) was
used as a data augmentation tool. The model and approach used in
this research reached 95.74% [16].

Gao et al. used ResNet-34 architecture and transfer learning
as they had only a small amount of samples. ResNet-34 classified
some classes with accuracy 100%, and even in the most challenging

class, the leaf knot, the accuracy was 97%. The Leaf knot classifica-
tion is closely related to the small difference classification problem
presented in this research [17].

Hu et al. combined two ResNet-50 and one ResNet-34 architec-
tures into a multidimensional feature compensation residual neural
network. Each dimension was responsible for certain classifications
related to crop diseases. As the last layer, authors had a compensa-
tion layer which used a compensation algorithm to determine final
recognition result. Their approach achieved 85 % accuracy, which
was better than other approaches with their dataset [22].

Al-Haija and Adebanjo worked on their research with the breast
cancer dataset. With the ResNet-50 architecture and transfer learn-
ing, they achieved very high 99% accuracy [23].

ResNet-50 has shown its accuracy in disease identification in the
past. Potato plant leaf disease identification was done by Shaheed
et al. In this research ResNet reached 99.12% accuracy in only under
30 epochs. Zhang et al. performed another study that used ResNet-
50 in disease identification. The researchers also used the coordinate
attention module (CA) and the weight-adaptive multiscale feature
fusion (WAMFF) and were able to achieve accuracy of 98.32 %.
In addition, Li and Rai researched the identification of diseases in
apples; however, they proved that shallow ResNet-18 outperformed

ResNet-34 [24-26].
The summary of the previous research is shown in the following

table.

Research title

Authors

Findings

Sarwinda et al.

Subrataio et al.

Almoosawi and

Khudeyer

Yuetal.

Gaoetal.

Hu etal.

Al-Haija and

Adebanjo

Zhang et al.

Shaheed et al

Liand Rai

Deep learning in image
classification using residual
network (ResNet) variants for
detection of colorectal
cancer

CO-ResNet: Optimized ResNet
model for COVID-19
diagnosis from X-ray images

ResNet-34/DR: a residual
convolutional neural
network for the diagnosis of
diabetic retinopathy

ResNet-SCDA-50 for breast
abnormality classification

A Transfer Residual Neural
Network Based on ResNet-34
for Detection of Wood Knot
Defects

MDFC-ResNet: An Agricultural
loT System to Accurately
Recognize Crop Diseases

Breast Cancer Diagnosis in
Histopathological Images
Using ResNet-50
Convolutional Neural
Network

Classification and Identification
of Apple Leaf Diseases and
Insect Pests Based on
Improved ResNet-50 Model

EfficientRMT-Net - An Efficient
ResNet-50 and Vision
Transformers Approach for
Classifying Potato Plant Leaf
Diseases

Apple leaf disease
identification and
classification using resnet
models

Comparison of the
ResNet-18 and ResNet-50

Hyperparameter tuning to
increase performance of
the ResNet-101

Using of preprocessing to
increase performance of
the ResNet

Using contrast
enhancement to improve
ResNet performance in
abnormality classification

ResNet was used to identify
differences in wood, some
of the changes were quite
subtle

Using of ResNet to identify
small differences in
images

Identifying features from
images

Improving ResNet-50 with
coordinate attention (CA)
module and
weight-adaptive
multi-scale feature fusion

Integration of Vision
Transformer (ViT) and
ResNet-50 architectures

Comparison of ResNet-18
and ResNet-34 in lead
disease identification




Previously ResNet has been used in various use cases, and the
mentioned research are closely related to the use case presented in
this research. The similarity comes from the problem of recognizing
subtle differences in images. Previously, ResNet and related archi-
tectures have been shown to perform well when small differences in
images are observed or located. Most research in the past has used the
standard version of the ResNet, the most popular being 50-layer and
34-layer versions. These previous researches have mainly focused on
improving the performance of ResNet via pre-processing or other
methods that do not directly modify the architecture of ResNet. But
there are also examples of modifications that make the architecture
work better in specific use cases. In addition, there is some research
showing that increasing the depth of the ResNet architecture does not
correlate with accuracy. As ResNet achieves high accuracy in multiple
of the presented cases, choosing the best optimizer or hyperparam-
eter tuning has not been a very popular topic in relation to ResNet.
Another lesson that can be learnt from the previous research is that
using enough correct data augmentation helps when the generic and
more accurate model is the objective.

The main gap in previous research is that ResNet (or any other
CNN architecture) has not been used to classify subtle color differ-
ences. This research explores how ResNet can be used in this use-case
and if better architecture can be developed with small changes. This
article proposes two modified ResNet-34 architectures tailored to
the subtle color difference classification in printed sources. The first
modification replaces the average pooling layer with global maxi-
mum pooling before the fully connected layer, enhancing feature
extraction by focusing on the most significant features across the
input space. The second modification adds a maximum pooling layer
after each convolutional operation within residual blocks, improv-
ing the network’s ability to capture subtle differences by emphasiz-
ing local maxima. These adjustments are supported by additional
techniques such as gradient centralization and the use of K-fold
cross-validation for robust performance evaluation. These proposed
approaches overcome identified gaps by improving model accu-
racy, reducing overfitting, and tailoring ResNet-34 for subtle color
classification.

3. Methods and materials
3.1. The dataset

The dataset [27] used in this research contains images that have
been acquired using normal smartphones in various real-life envi-
ronments. The images contain a special QR-Code as a carrier of
color information (Figure 1). Before any operation, the source images
are run through an auto-leveling process. This process is a tech-
nique commonly used in image processing to automatically adjust
the contrast of the image. Auto-leveling aims to spread out the bright-
ness levels across the entire dynamic range available. The purpose of
image auto-levelling is to enhance presentation of colors by automati-
cally adjusting the brightness, contrast, and color balance of an image
to achieve a more natural and evenly distributed tonal range. The
auto-levelling process starts with the identification of the minimum
and maximum intensity values within the image. After determining
the minimum and maximum intensity values, each pixel’s intensity
in the image is mapped to a new value based on a linear transforma-
tion. Pixels with intensities below the minimum value are assigned
0 (black), while pixels with intensities above the maximum value are
assigned 255 (white). The intensities between are linearly scaled to
cover the entire dynamic range. The mapping process is done for
all RGB-channels [28]. An example of auto-levelling can be seen in
Figure 1. where image 1 is before and image 2 after auto-levelling.
After the auto-levelling the image goes through a Gaussian blurring.
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Blurring reduces noise in an image by averaging the intensity val-
ues of neighboring pixels, thereby smoothing out abrupt variations
caused by random noise or, as in the use case presented, printer
patterns. Noise typically appears as sharp, high-frequency intensity
fluctuations that stand out from the underlying signal or pattern in
the image. Blurring applies a low-pass filter, which suppresses these
high-frequency components while retaining the overall structure of
the image.

The actual color information used is placed at two specific loca-
tions on the QR-Code. These locations and their cornerpoints are
calculated as part of the QR-Code decoding process. The locations
and their cornerpoints are used to correct area skew and orien-
tation, resulting in square color areas. These color areas are then
extracted into separate images for pre-processing and forming of the
final dataset. The extraction process extracts 80% from the color area
to ensure that only the needed area is left. In this way, the possible
distortion and skew that is left will not impact the process.

Each of the source images originally contains two different areas
(Figure 1). The first area is a rectangle with paper-white (green rect-
angle), e.g. no color printed, and the second one has some color
printed on it (yellow rectangle). Printed color is the one CNN model
is expected to classify. In the process, first an average RGB value for
the paper-white area is calculated, this is done with the following
formula:

W H
Clo) = ﬁ > D Irgb) M

x=1 y=1

where I is the source image and R, G, and B represent individual inte-
ger values in each RGB channel at pixel location (x, ). W and H are
the width and height of the image and M is the total number of pixels
in the image.

To form the final image, used as the dataset image, the average
color of the white area is subtracted from the color area. This creates a
difference image which contains information about how much color
area differs from no color area. The difference image is calculated
with the following formula:

Idiﬂerence(r’g) h) = |Ioriginal(r’ga b) - C(raga b)l (2)

where Igifference i the final image and Ioriginal is the color area image
(Figure 1(b)). Constant C is the average RGB color value in the white
area Figure 1(a).

In Figure 2 process of forming the difference image is shown with
afew examples. In Figure 2 row (a) contains sample images of average
paper-white color, row (b) contains the actual color area, and row (c)
is the final dataset image. The columns in the figure represent differ-
ent colors printed on paper 10% yellow, 10% cyan, 10% magenta, 5%
yellow, 5% cyan, 5% magenta. In the final difference images (Figure 2
row (c)), it can be seen that the differences between the samples
are very small. This makes it difficult for the convolutional neural
network (CNN) to classify images correctly.

The whole process of making the dataset is illustrated in Figure 3.

The dataset is augmented with the following options, data aug-
mentation is one option to enlarge the dataset and can provide better
accuracy [29]. Images are rotated in angles, 90, 180, and 270, then
images are flipped vertically and horizontally, and the same rotations
are done for flipped version of images. Also, the 0.2 zoom option is
used to make more images using data augmentation.

In total, the dataset contains 7855 RGB images. Each image is
stored with 24-bit depth, which means 8 bits per each channel. The
images are split into train (80%) and validation (20%) sets so that
the train set contains 6284 images belonging to 11 classes and the
validation set contains 1571 images belonging to 11 classes (Table 1).
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Figure 1. The process of color correction and area extraction.

1 2 3

Figure 2. Samples of images used (best viewed online).

Table 1. Images per each class.

Color Images Colour Images
10% K 769 5%K 542
10% M 770 5% M 638
10% Y 770 5%Y 650
10% CY 818 5% CY 506
10% C 830 5% C 626
0%K 926

3.2. Convolutional neural networks

A Convolutional Neural Network (CNN) is a specialized type of
artificial neural network specifically designed for processing and
analyzing grid-structured data, such as images. Its architecture is
optimized to reduce the number of parameters and computational
overhead of the neural network, making it particularly well suited
for the efficient handling of high-dimensional datasets [30].

The convolutional layer is the fundamental building block of a
CNN (Figure 4). It applies convolutional filters (kernels) to localized
regions of the input data, generating feature maps that capture essen-
tial patterns such as edges, color information, textures, and shapes.
Each filter is specialized to detect a specific type of feature, and dur-
ing training, the network optimizes these filters to best suit the task
at hand [30].

The pooling layers in CNNs are used to down-sample feature
maps, reducing their spatial dimensions and the number of param-
eters in the network. This reduction decreases the computational
complexity and helps prevent overfitting, thereby enhancing the net-
work’s ability to generalize to new data. Common pooling methods
include max pooling, which selects the maximum value within a
specified window, and average pooling, which computes the average
value, both contributing to feature extraction while simplifying the
model [31, 32].



Read input image into a
3-channel RGB matrix

A 4

Auto-level colours to 0 ... 255
range

Save difference image toa
folder corresponding its label

A

A 4
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Calculate difference image,
(colour - average white)

A

A 4

Calculate average white area
value

Extract analysis areas (white,
colour)

A 4

Figure 3. The process of color correction and area extraction.

A key feature of CNNs is the use of non-linear activation func-
tions, such as the Rectified Linear Unit (ReLU). ReLU introduces
non-linearity into the model, enabling it to capture complex patterns
and relationships within grid-structured data. Furthermore, ReLU
helps accelerate training convergence by alleviating the vanishing
gradient problem, which is commonly encountered with activation
functions such as sigmoid or tanh [30, 33].

In the final stages of a CNN, fully connected (dense) layers are
used to consolidate the high-level features extracted by the convolu-
tional layers. These layers are responsible for performing tasks such
as classification or regression, using the learnt representations to
generate the final output [30].

3.3. ResNet architecture

ResNet, short for Residual Network, was introduced by Kaiming
He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun from Microsoft
Research in their paper titled ‘Deep Residual Learning for Image
Recognition’, which was presented at the IEEE Conference on Com-
puter Vision and Pattern Recognition (CVPR) in 2016 [1].

The ResNet architecture was the first convolutional neural
network architecture to use residual learning. Residual learning
addresses the vanishing gradient problem, which usually occurs
when neural networks become deep. The vanishing gradient issues
are closely tied to backpropagation (backward propagation of errors).
In neural networks, backpropagation is a crucial element of the train-
ing process. In the backpropagation, the network learns to adjust its
weights and biases to minimize the difference between its predicted
output and the actual target output [34].

In backpropagation, the input data is moved through the network
to produce predictions (forward pass). In this process, the difference
between the predictions and the actual output (loss) is computed.
During the backward pass, gradients of the loss concerning network
parameters are calculated using the chain rule. These gradients are
then used to guide the adjustment of weights and biases, the purpose
is to minimize the loss through iterative updates. As the process is
repeated for multiple epochs, it allows the neural network to learn
and improve its predictive capabilities [35].
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The vanishing gradient problem occurs in deep neural networks
during backpropagation, as gradients are exponentially diminished
in the process of backward passing through layers. In particular, the
vanishing gradient problems occur in networks with many layers.
Another context where vanishing gradient easily occurs are activa-
tion functions with saturating gradients, such as sigmoid or hyper-
bolic tangent functions. In the vanishing gradient problem gradients
are approaching zero when moving closer to early layers, so these
layers receive only minimal updates. As this happens, the learning
process decreases, which eventually leads to slow convergence and
poor performance in the training of deep networks [36, 37].

The vanishing gradient problem can easily occur in low-level
features, where the difference on pixel level is small. DenseNet archi-
tecture or its modifications have been successfully used in the past to
overcome problems with the low-level features [38-40].

The innovation presented in ResNet was skip connections
(Figure 5), also known as shortcut connections, which skip one or
more layers by adding the input of a layer to its output. This allows the
network to learn residual functions instead of directly learning the
underlying mapping functions. Instead of purely learning a mapping
from input to output, each layer of a residual network is tasked with
learning the residual function, the difference between the desired
output and the input to that layer. With this approach ResNet enables
the training of much deeper networks (hundreds of layers) while
maintaining or improving performance [1].

Mathematically, this can be represented as follows:

Output = Input + Residual (3)

When residuals are used, the network can focus on learning small
incremental adjustments to the input rather than learning to gener-
ate the entire output from scratch. Residual connections enable the
gradient to flow more easily during training, mitigating the problem
of vanishing gradient. In practice (Figure 5), a residual block typi-
cally consists of two or more convolutional layers followed by a skip
connection that adds the input to the output of the convolutional
layers.

Recently ResNet has been used successfully, for example, in
solving different problems. For example, Hossain et al. pro-
posed a weighted ensemble deep transfer learning framework with
ResNet152 to identify Alzheimer disease from MRI images. Hassan
etal. used ResNet-50 to classify images in the Medical MNIST dataset
[41]. Senapati et al. also used ResNet-50 to classify food images,
Wu et al. for chicken gender identification and Lin & Wu for dia-
betic retinopathy detection. Madhukar et al. incorporated ResNet
in cancer image segmentation [42-46]. ResNet has also been used
in many other recent researches. Usually, it achieves high classifi-
cation accuracy in cases where small differences play an important
role.

The development of the ResNet architecture has also led to differ-
ent variations, the most popular way being to change the amount of
layers. For example, ResNet-18, ResNet-34, ResNet-50, ResNet-101,
and ResNet-152 have been used in previous research. One of the most
popular architecture of these is ResNet-50.

But also some variations have been researched, Wide ResNet
increases the width of ResNet by increasing the number of chan-
nels in each convolutional layer. This can improve performance, but
requires more computational resources [47].

ResNeXt introduced a new block structure that increased model
capacity by aggregating multiple paths of information flow within
each block [48].ResNetv2 introduced improvements to the original
ResNet architecture, such as using preactivation residual units and
employing a bottleneck structure in all layers [2].
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Figure 4. Simplified illustration of convolutional neural network.
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Figure 5. Skip connection [1].

3.4. Cross-validation

In this research, the dataset used is quite small, with only 7855
images. For this reason, K-Fold cross-validation is used. In the K-
Fold Cross-Validation, the training dataset is divided into k subsets
of approximately equal size. These subsets are often called ‘folds’, so
cross-validation is K-fold. With the used dataset size, the size of each
subset is around 1560 images, when five folds are used. The advan-
tage of using K-fold Cross-Validation is that model will be evaluated
multiple times during the process. The final model when the K-fold
cross-value process is used is generally less biased than if only one
training / validation dataset is used [49, 50].

The process of the K-fold Cross-Validation (Figure 6) is follow-
ing, before starting the process images are placed into corresponding
folders, where folder represent image labels.

(1) Dataset is shuffled randomly

(2) Number of folds (k) is chosen and dataset is split into k groups

(3) For the each group:Group is taken either as hold out or test data
set Rest of the groups are used as training data set Model is fitted
with training data set and evaluated on the test set Evaluation
score is kept and model discarded

(4) After each group is processed, model is summarized by using
the sample of model evaluation scores [51]

During the process, it is important that the images remain in the same
group, just because the whole group changes. During the process, this
means that each image is used to train the model k—1 times

The advantage of K-Fold cross-validation is that by training
the model k times using different combinations of training and
validation sets, it is possible to obtain more reliable performance
metrics than with a single train-test split. Also, when optimizing the

Classification

validation % training

st 1|2|3|...|k-1|k
s [0 ] 2[5 [ o]« |
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« [ |

Figure 6. lllustration of K-fold cross-validation.

hyperparameters, K-Fold cross-validation helps to choose the best
hyperparameter values, without making model overfitted [52].

However, choosing the value k is important, typically k values like
2,5,10 are used [49]. The larger k uses more computational resources
and could lead to overfitting, so the value of k should be kept as low as
possible. In their research Yadav and Shukla have proposed that for
small dataset k value 5-6 would provide the best results, and Wong
et al. showed that cross-validation should be repeated twice for such
dataset [49, 51].

3.5. Gradient centralization

Gradient Centralisation (GC), a method proposed by Yong et al., can
be used instead of batch normalization (BN) and weight standard-
ization (WS). As BN and WS make use of activations or weights,
GC uses gradients directly and centralizes gradient vectors to have
zero mean. Typically, using gradient centralization can lead to better
generalization performance [53].

Batch normalization, being the most used of these, for internal
normalization has the disadvantage of being an independent layer
which processes data even after training. BN is usually also applied
to a relatively large batch [54]. GC works directly on top of the gra-
dient and centralizes the gradient vector so that it have zero means.
The calculation of GC is done by getting the mean of each column
of the gradient matrix/tensor, and then the center of each column is
transferred to the zero means [55].

In the research conducted by Agarwal et al. GC was able to achieve
higher accuracy of Denset models, which is a close relative of ResNet,
than without GC. In this research, it was also shown that Adam’s
optimizer was the best option to train a neural network [56].



(a) Standard Neural Net

(b) After applying dropout.

Figure 7. lllustration of dropout [60].

3.6. Dropout

Dropout can be used in convolutional neural networks to prevent the
model from overfitting, also it has been shown that the use of dropout
in the early phase of training can be used to avoid underfitting [57].
In the dropout, some hidden unit nodes are set stochastically to zero,
which means that the nodes are removed and all forward and back-
ward connections are also removed (Figure 7). This makes more
gradient information flow through non-linear activation functions
[58].

Dropout works show that during the training process, the nodes
are dropped with a dropout probability of p [59, 60]. The probability
p can vary, depending on the location of the dropout in the architec-
ture. The probability is different if the dropout layer is placed close to
the input or closer to the output. Especially dropout has been proven
to work in connection with fully connected layers [61]. During the
training process, probability can be seen as one hyper-parameter
which can be adjusted to find the optimal model. The dropout rate
is usually smaller (p <0.2) in input layer and larger (0.5 <p < 0.8)
when used internally or close to a fully connected layer [62]. Some
research has also proposed a more controlled way to use dropout
[63].

Dropout layers can be easily added to any architecture; this has
some consequences. When dropout is added, it removes some units,
which reduces the capacity of the network; this can be compen-
sated by adjusting the number of units used by multiplying them
by 1/(dropoutrate). As dropout introduces noise to the gradient, it
has been shown that increasing the learning rate and momentum
is needed; however, this depends on the optimizer used. If such a
modification is made, max norm regularization might be needed
[62].

When a dropout layer is added to an architecture it also makes it
possible to fine-tune hyperparameters that relate. Depending on the
used optimizer learning rate, weight decay and momentum parame-
ters can be tuned, and this is usually even required to get the model to
work in a optimized way. Hyperparameters are important especially
if the standard stochastic descent gradient (SGD) optimizer is used
instead of adaptive optimizers [62].

Regarding the development of different dropout methods, past
research has considered many of those, for example [64-68]. In this
research, standard version, where nodes area randomly dropped, is
used.

3.7. Max and average pooling

The pooling layers are used in convolutional neural networks for
downsampling. Currently, the most common pooling layers are max
and average pooling. In addition, other pooling methods have been
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invented. The purpose of downsampling is to reduce the spatial
resolution of feature maps to extract semantic information [69].

Pooling layers have two main objectives: (1) they reduce the
number of parameters, which makes training of the networks less
expensive, and (2) they help in avoiding possible overfitting of the
network [70].

Pooling can either be done based on local regions, like 3 x 3,5 x
50r 7 x 7 areas. Another option is to use global pooling, where each
feature maps across all spatial locations, resulting in a global repre-
sentation of the features that summarizes the entire input volume
[70].

When the values are calculated in the pooling layer (Figure 8),
the maximum or average pooling is used. Maximum pooling uses the
greatest value within a given region (k x k) and pools it into the cor-
responding region in the downsampled feature map. Average pooling
calculates the average value within a given region (k x k) and uses
this value in the downsampled feature map [70].

Using maximum or average pooling depends on the problem.
In most cases, convolutional neural networks (CNNs) are looking
to recognize significant values in images. This would make maxi-
mum pooling a preferable option, but average pooling is better at
preserving localization [71].

4. Experiments and results

The experiments were run in a Python environment, with a laptop
with an Apple M2 processor, which had 8 cores and a total RAM of 16
Gt. The environment used Python version 3.9.6 with Tensorflow and
Keras 2.15.0. The architectures used were built manually on the basis
of the ResNet architecture documentation and examples available.

The training process of the models was done with Adam opti-
mizer, with default settings as the purpose of this research was not to
focus optimizing individual models via hyper-parameters. For each
of the training processes, 30 epochs were used.

4.1. Evaluation metrics

The purpose of the experiments was to find out which approach
achieves the best accuracy. Accuracy is an effective performance
metric when applied to datasets with balanced class distributions.
A balanced dataset ensures that each class is equally represented,
minimizing the risk that performance metrics are disproportionately
influenced by the prevalence of a particular class. In these scenarios,
accuracy offers a clear and straightforward measure of the propor-
tion of correctly classified instances in the total number of instances,
capturing the overall predictive capacity of the model. Accuracy
serves as an appropriate metric when the application context assigns
equal importance to all classes in the dataset. In classification prob-
lems where the costs or implications of misclassifications are uni-
form across all classes, accuracy provides a meaningful and holistic
evaluation of the model’s performance.
Accuracy can be calculated with the following equation:

Number Of Correct Predictions
Total Number Of Predictions

4)

Accuracy =

In the experiments, the accuracy was calculated for the entire dataset.

In addition, a confusion matrix was created for a detailed break-
down of correct and incorrect predictions for each class in a classifi-
cation problem. A confusion matrix is an effective tool for evaluating
the performance of classification models. Confusion matrix pro-
vides a detailed comparison of predicted versus actual outcomes,
enabling the assessment of overall accuracy and the identification
of specific error patterns. This analysis can be used to improve the
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Figure 8. (a) Max pooling and (b) average pooling.

model architecture, optimize preprocessing methods, and improve
data acquisition strategies [72, 73]

A confusion matrix is typically presented as a structured square
table with rows and columns representing different classes in the
classification task. For a binary classification problem (labelled as
Positive and Negative), the matrix isa 2 x 2 table:

Predicted Positive | Predicted Negative

Actual Positive | True Positive(TP) ‘ False Negative (FN)

Actual Negative | False Positive (FP) \ True Negative (TN)

True Positive (TP) refers to instances correctly identified as positive,
while True Negative (TN) corresponds to instances accurately clas-
sified as negative. False Positive (FP) represents instances incorrectly
predicted as positive, and False Negative (FN) denotes instances
incorrectly predicted as negative.

In multiclass classification problems, the confusion matrix
extends the binary version into a square matrix, with rows and
columns representing the various classes. This structure provides a
detailed view of the performance of the model, showcasing accurate
classifications and misclassifications in all categories.

For a classification problem with # classes, the confusion matrix
will be an # x »n matrix. Each element in the matrix at position (i, j)
represents the number of instances where the true class is 7, and
the predicted class is j. The diagonal elements represent the number
of correct predictions for each class, and the off-diagonal elements
represent misclassifications.

In Figure 9, 13 images of label 1 were classified as label 1, and
no images were classified as other labels. Then, in label 2, some
images have been labeled as label 3. Furthermore, all images of
label 3 are correctly labeled. Therefore, the model may require some
improvement.

A confusion matrix offers a more nuanced understanding of a
classification model’s performance compared to scalar metrics such
as accuracy. The confusion matrix identifies the specific classes that
the model tends to confuse and highlights strengths and weaknesses
in its predictions. This detailed analysis provides critical informa-
tion for the refinement of model design, the optimization of training
processes, and the addressing of specific areas for improvement.

4.2. Standard ResNet architectures

As the purpose of the experiment was to find the best model for
the use case, the fine-tuning of the hyperparameters and choosing
the best optimizer were left for another research. All models were
compiled with categorical cross-entropy loss and Adam optimizer
(Table 2).

Confusion matrix, no normalisation

label 1

label 2

label 34

T
label 2

label 1 label 3

Figure 9. Example of confusion matrix for multi-classification.

Table 2. Results of first cycle.

Architecture  Centralised gradientused  avg. train time/epoch (s.) ~ Accuracy
ResNet-18 Y 323s. 0.934
ResNet-18 N 316s. 0.952
ResNet-34 Y 2365s. 0.969
ResNet-34 N 233s. 0.966
ResNet-50 Y 785s. 0.958
ResNet-50 N 781s. 0.901
ResNet-101 Y 1414s. 0.941
ResNet-101 N 1350s. 0.948
ResNet-153 Y 2079s. 0.682
ResNet-153 N 1094 s. 0.935

From the experiments (Table 3) carried out with the standard
implementations of ResNet, it can be seen that all implementa-
tions perform well. Using gradient centralization improves results
in ResNet-50 and ResNet-34. But when architecture is deep, central-
ization of gradients decreases accuracy. When using the ResNet-153
architecture, the centralization of the gradients significantly reduces
the accuracy than without it. This might be an indication that when
the differences are small in the data, the vanishing gradient problem
becomes a problem with gradient centralization.

Most of the ResNet architectures were prone to overfitting in
the given problem, especially architectures deeper than ResNet-34.
Overfitting of the model signals that training goes well, but the model
fails to generalize to the validation set. In practice, this means that
the model learns the training data too well, capturing noise and
specifics of the training set that do not generalize to new, unseen
data [74].



Table 3. K-fold accuracy.

Fold Architecture (a) ResNet-34 Architecture (b)
0 97.66% 95.31% 97.85%
1 99,51% 98.93% 99.22%
2 96.58% 97.66% 97.17%
3 96.29% 98.73% 98.54%
4 100.00% 96.58% 98.63%
Final 98.00% 97.44% 98.28%

The small dataset can also be an issue, as the dataset contains
only 7855 images. For extending the dataset, more images could be
collected or different augmentation options could be used [75].

Of all architectures tested, ResNet-34 with gradient centralization
had the best accuracy, as the model reached 96.9% accuracy. And it
was selected for fine-tuning the architecture.

In Figure 10, it can be seen that the training accuracy of ResNet-34
improves throughout the epochs. In addition, training loss decreases
during the training process. After 10 epochs, validation accuracy
starts to behave unexpectedly and drops, while training accuracy
seems to settle. At the end of the training process, the training loss
seems to increase. Some of the reasons behind this could be overfit-
ting, a small dataset, inappropriate learning, or simply that the model
has already reached its optimal performance. To overcome these and
build better models, ResNet-34 was modified.

If the model reaches its peak performance, it might be wise to
implement early stopping for the training process; this prevents over-
fitting and saves computation time when further training does not
yield significant improvements [76].

4.3. Proposed architecture

The base model of ResNet-34 was able to reach the accuracy of
96.90%, this is already very high, but with some modifications it
might be possible to reach even higher accuracy. Some approaches
were first experimented individually and finally, all of them were
combined.

One of the approaches used in past research to improve CNN
is adding a dropout layer to fully connected layers. With the usage
of dropout, it is possible to reduce overfitting and regulate neu-
ral networks [60]. Proper usage of dropout layers can increase the
accuracy of neural networks [77]. The traditional approach to using
dropout is to add dropout after the convolutional layer; however,
there are different variations of using dropout [78]. In this research,
two variations of the use of dropout in the ResNet-34 architecture
were used. In the first dropout, it was added after the first convolu-
tional layer. This convolutional layer pools feature maps down. Then,
the dropout was added after each residual group. The performance of
these architectures was 98.90% and 94.34% accordingly. This shows
that dropping out at the correct location in the architecture can make
the model perform more accurately.

Adding batch normalization can also make the network more
resistant towards degradation of the between-class distance to the
within-class distance ratio. With batch normalization, it is possible
to perceive the between-class angle [79]. When batch normalization
was added at the end of the residual block accuracy of the model
dropped 1.0% from standard ResNet-34 implementation.

Another option to improve the accuracy of the CNN is to use dif-
ferent grouping layers. Pooling layers play a crucial role in reducing
the spatial dimensions of the feature maps, controlling the overfit-
ting, providing translation invariance, and facilitating feature learn-
ing and abstraction in convolutional neural networks [80]. Local
pooling, which is used to pool data from smaller regions, or global
pooling, which works on the feature map, can be used to improve the

Acta Wasaensia 175

INTERNATIONAL JOURNAL OF COMPUTERS AND APPLICATIONS @ 349

accuracy and sensitivity of feature translation [70]. With the usage of
different pooling methods, it might be possible to increase the accu-
racy of CNN architecture, as, for example, in the research by Momeny
etal. [81].

In the residual block of ResNet after each convolutional opera-
tion, a maximum pooling layer was added, which led to a accuracy
of 95.10%. When max-pooling was added only after both convolu-
tional operations were performed, residual block accuracy reached
as high as 99.70%. As a last modification to the standard ResNet-
34 architecture just before the fully connected layer average pool-
ing was changed to global max pooling instead of average pooling
99.60%

When finally all the best options from the above experiments were
combined, using dropout after input layers, the global maximum
pooling at the end of the residual block and changing the average
pooling to the global maximum pooling accuracy was dropped to
40.52%. This shows that even if optimisations work independently
they don’t work together. In addition, some combinations were also
tested to see if they can reach a higher accuracy than individual mod-
ifications. Using global maximum pooling instead of average pooling
with dropout performed with 99.20% accuracy. Using global maxi-
mum pooling instead of average pooling with a maximum pooling
layer at the end of the residual block reached 99.50% accuracy.

For the initial experimentation, without cross-validation, training
and validation accuracy and loss, together with confusion matrixes,
are shown in Figure 11. For both of the architectures it can be seen
that models are learning quite well throughout the epochs, and if 30
epochs are used, early stopping does not stop the training process.
Architectures reach maximum accuracy at the end of the process
(architecture a 99.70% and b 99.60%). In both cases, the training loss
seems to stabilize at the end of the training process.

Some mistakes that version a) makes are that low-level green (10%
CY) and yellow (10% Y) images are confused with very low yellow-
color (5% Y) images. With this approach, it was possible to reach an
accuracy of 99.7%. Version b) of the architecture almost reaches the
same accuracy (99.6%). In this architecture, there was more confu-
sion between classes. Different green colors are confused (5% CY and
10% CY), as well as different yellow classes. Also, very light yellow is
sometimes confused with paper white.

Based on the experiments, two best options to improve the
ResNet-34 architecture were:

e (a) changing the average pooling to the max pooling before fully
connected layer.

o (b) using the maximum pooling at the end of the residual block.
These architectures are presented in Figure 12.

4.4. K-fold cross-validation

The accuracy of both proposed architectures was finally verified with
K-Fold cross-validation using five folds. For each fold 30 epochs of
training were run. The same process was performed for the standard
ResNet-34 architecture in order to obtain the accuracy for compari-
son. The following table summarizes these results. The final accuracy
in K-Fold cross-validation is calculated by averaging the accuracy
scores obtained from each fold.

The results show that architecture (b), where no other changes
were made than changing the average pooling to the maximum pool-
ing, is the most accurate of all versions tested. In Figure 13 the
training and validation loss through epochs for each fold can be
seen. The figures show that model reaches its peak accuracy typically
between 20 and 30 epochs, after that model starts to show signs over
overfitting.
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Figure 10. Results of the train and validation process of ResNet-34.

Finally, Figure 14 show the combined confusion matrix of K-
Fold cross-validation. In this figure, values are normalized so that
it can easily be observed how well the model perform. The con-
fusion matrix for K-Fold cross-validation shows similar results to
those without K-Fold cross-validation. The most challenging class
to identify is 5% Y, this is confused with white paper in 8% of cases,
also sometimes 10% and 5% Y are confused. Other classes are rarely
confused.

5. Discussion

This article presented two optimized versions of ResNet, with the
modified version, where a maximum pooling layer was added after
convolutional operations, the residual block accuracy was 98.00% in
the cross-validation of the K-Fold. The second modification was to
change the last average pooling layer to the maximum pooling layer,
this version of the ResNet reached 98.28% accuracy being the most
accurate version. The results show that ResNet can be used to rec-
ognize subtle color differences. The mentioned modifications make
it even better for the use case, as both versions outperformed the
standard ResNet-34 architecture.

With the proposed approach, it is possible to implement a more
accurate color-based classification system that can help, for example,
in civil engineering [82-84], food production [85-87] and health-
care [88, 89]. In these and some other use cases, color and color
differences play an important role.

The findings of this research support previous research like that by
Sukhetha et al. and Goudha et al., showing that the ResNet architec-
ture works well when color is a criterion in the classification task [90,
91]. Singh et al. [92] have also shown in their research that convo-
lutional networks are highly color dependent. This dependency can
be seen in the presented research; CNNs can learn to classify color
even with shallow networks. Modifications to the standard ResNet
architecture are a good way to make ResNet suitable for various
color recognition tasks; this is in line with previous research such as
Mathew et al. [93], Zhang et al. [94] and Reddy et al. [95].

One limitation of this research is that it uses a relatively small
dataset of images which are printed with a specific color printer. This
might have an impact on the results presented; however, the pre-
sented approach can be adjusted to different image sources with more
training and possibly by adjusting preprocessing methods for images.

The proposed solution was run with a standard laptop environ-
ment; more research would be needed about how to make the system
run on mobile devices, if color recognition is wanted to be done in
real-time, for example, in the consumer context. The use of extended
datasets and different preprocessing algorithms might also make the
proposed approach more generalizable. Deploying the system in a
server-client infrastructure involves a client-side application, such as
a Web or mobile app, for user interaction and image uploads, paired
with a server-side back-end hosting the trained ResNet-34 model
for pre-processing and image classification. The trained model can
be deployed for web with frameworks such as TensorFlow together
with the help of Flask. In such an application, continuous training of
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Figure 11. Results of the process.

the model might also be a feasible feature and might lead to a more
accurate solution.

Future research could also focus on tailoring the model for spe-
cific industrial applications, such as automating quality assurance in
manufacturing or improving diagnostic capabilities in telemedicine.
This involves optimizing the system to meet operational constraints,
such as processing speed, scalability, and integration with exist-
ing workflows. In preprocessing, exploring alternative preprocessing
techniques, such as adaptive histogram equalization or domain-
specific adjustments, could further enhance the robustness and relia-
bility of the model under varying lighting and environmental condi-
tions, making it more adaptable to real-world scenarios. In addition,
creating diverse datasets with variations in imaging conditions, color
ranges, and patterns would help generalize the system to a wider
variety of use cases and ensure its effectiveness in different domains.
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6. Conclusions

The research highlights the effectiveness of different ResNet architec-
tures for subtle color classification and demonstrates how targeted
modifications can enhance model performance. By systematically
evaluating different ResNet variants, the research identified ResNet-
34 as the most suitable baseline model, with gradient centralization
further enhancing its accuracy. Two custom versions of ResNet-34
were proposed, achieving a classification accuracy of up to 99.28%
through the use of global max pooling instead of global average pool-
ing. The results of the experiment were verified with a 5-fold K-Fold
cross-validation. These results underscore the flexibility of ResNet
architectures and the importance of fine-tuning their components for
specific applications. The proposed architectures demonstrate poten-
tial for real-world applications in fields like civil engineering, food
production, and healthcare, where precise color differentiation plays
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Layer name output size custom Resnet - version a Layer name output size custom Resnet - version b
convl 112x112 7%7, 64 stride 2 convl 112x112 7x7, 64 stride 2
3x3 max pool, stride 2 3x3 max pool, stride 2
3x3,64
3x3,64 X3 3x3,64 3
conv2 56 x 56 3x3 max pool, stride 2 conv2 56 x 56 3x3,64
3x3,64 %1 3x3,64 %1
3x3,64 3x3,64
3x3,128
3x3,128 x3 3x3,128 3
3x3 max pool, stride 2 3x3,128
conv3 28x28 = - conv3 28x28 = -
3x3,128 1 3x3,128 <1
3x3,128 3x3,128
3x3,256 3x3,256
3x3,256 x5 X3 x5
3x3 max pool, stride 2 3x3,256
conv4 14x14 - - conv4 14x14 - —
3x3,256 1 3x3,256 %1
3x 3,256 3x3,256
3x3,256 3x3,256
conv5 Ix7 3x3,256 X3 convs x7 3x3,256 x3
3x3 max pool, stride 2 3x3 max pool, stride 2
1x1 average pool, fc, softmax 1x1 maximum pool, fc, softmax

Figure 12. Final architectures used.
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Figure 13. Training process of each fold.
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0 0,03 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,02
10C| 0,01 0,00 0,01 0,01 0,00 0,00 0,00 0,00 0,00
10CY| 0,00 0,00 0,00 0,00 0,01 0,00 0,00 0,00 0,00
10K| 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00
10M( 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,01 0,01
10y 0,00 0,03 0,00 0,00 0,00 0,00 0,00 0,01 0,00 0,08
5C| 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00
5Cy| 0,00 0,00 0,04 0,00 0,00 0,00 0,00 0,00 0,00 0,00
5K| 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00
5M| 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00
5Y( 0,08 0,01 0,00 0,00 0,00 0,06 0,00 0,00 0,00
0 10C 10CY 10K 10M 10Y 5C 5CY 5K 5M 5Y
Figure 14. Combined confusion matrix of K-fold cross-validation.
acrucial role. Some restrictions of the experiment were small dataset, ORCID

that was augmented and usage of one printer type to print QR-code
that worked as color information carries. Future work around the
topic could explore broader datasets, alternative preprocessing meth-
ods, and real-time implementation on mobile platforms to extend the
applicability of the proposed approaches.
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